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Abstract

The contemporary information environment is increasingly shaped by large-scale
online influence campaigns that exploit digital platforms to manipulate public opin-
ion, amplify polarization, and erode trust in institutions. While synthetic population
models and agent-based simulations have long been used to study social behavior, ex-
isting approaches struggle to fully represent the cognitive, emotional, and narrative
mechanisms that drive belief formation and opinion change in modern digital ecosys-
tems. Classical opinion dynamics models often assume psychologically homogeneous
agents, static influence structures, and topic-agnostic interactions. These assumptions
limit their applicability to social-cyber systems, where human discourse is deeply in-
terwoven with algorithmically generated content.

This dissertation introduces an integrated, Al-driven framework, for synthetic pop-
ulations and opinion dynamics modeling designed to simulate social-cyber influence
in the online information environment. At its foundation, is a synthetic population
modeling pipeline that constructs demographically grounded skeleton personas using
empirical population data and statistical synthesis methods. These skeleton personas
preserve population-level realism and internal consistency, while remaining intention-
ally sparse. This emables subsequent enrichment without sacrificing transparency,
reproducibility, or control.

This framework introduces the use of AURORA (AI-Utilized Retrieval for Opti-
mized Representation of Audiences), a Retrieval-Augmented Generation (RAG)-based
persona modeling system, to enrich skeleton personas with psychologically and con-
textually realistic attributes. AURORA leverages large language models (LLMs), se-
mantic vector databases, and salience-aware retrieval to assign emotional traits, ide-
ological orientations, topic-specific salience, and narrative grounding to individual
agents. This design enables the generation of internally coherent synthetic populations
whose beliefs, emotions, and attention patterns are grounded in real-world discourse
while remaining modular and configurable for experimental and operational use.

Building on these enriched populations, this dissertation presents JANUS (Joint
Agent Network for Understanding Social Dynamics). JANUS is an extension of clas-
sical opinion dynamics models that incorporates emotion, salience, and persuasion
into a mechanistic and interpretable update framework. JANUS extends the Fried-
kin—Johnsen model by introducing heterogeneous susceptibility, identity-conditioned
signed influence, engagement probability, and affective drift. These extensions enable
topic-dependent opinion evolution within psychologically diverse populations. Em-
pirical evaluations demonstrate that the proposed framework sustains heterogeneous
and polarized opinion states, without collapsing to consensus. It also reproduces em-
pirically observed emotion and salience driven behaviors. Together, AURORA and
JANUS form a unified foundation for scalable simulation of social-cyber influence,
advancing the state of the art in synthetic population modeling, opinion dynamics, and
information environment analysis.



Vi



Acknowledgments

A PhD is often described as an individual achievement. But in truth, it is a col-
lective effort carried out by many people over many years. This dissertation exists
because of the love, patience, encouragement, and generosity of those who supported
me through every stage of this journey.

I want to begin by thanking my advisor, Kathleen Carley. I am deeply grateful for
her trust in me, her guidance, and the freedom she gave me to explore ambitious ideas.
Working under her mentorship shaped not only this dissertation, but the way I think as
a researcher. I am also thankful to my committee for their time, insight, and direction.
Their questions and feedback strengthened this work, helping me see it more clearly.

My family made this journey possible in ways that go far beyond words. To my
parents: thank you for always believing in me, for encouraging my curiosity, and for
stepping in when I needed help the most. Caring for a newborn while starting a PhD is
not something I could have done without you. To my daughter, thank you for being my
constant reminder that joy exists even on the most stressful days. Your smiles, laughter,
and presence kept me grounded and gave me strength when I felt overwhelmed.

Above all, I want to thank my husband, Connor Martin. You were there for every
idea, every doubt, every late-night spiral, and every small victory. Thank you for
listening endlessly, for helping me think through problems using your own expertise
within this field of work, and for challenging me when my ideas needed sharpening. I
truly could not have done this without you. This journey would not have been the same
without the friends and collaborators who shared it with me. I am especially grateful
to Peter Carragher, who not only co-authored two papers with me, but was also a
constant source of great discussion. Thank you to Jake Shaha for our collaborations
and the many conversations that helped shape both this work and my perspective. I am
also deeply thankful to Lynnette Ng, a close friend and collaborator, for co-authoring
a paper with me.

I also want to thank Evan Williams for being a constant friend, and Daniele Bel-
lutta and Courtney Miller and most importantly Chanel for being the best office mates
anyone could ask for. Sharing space, ideas, stress, and laughter with you made the
long days feel lighter and the hard moments more bearable.

Finally, thank you to everyone in my research group and academic community
who offered support, encouragement, and kindness along the way. This dissertation
reflects not just my work, but the shared experience of the people who made this
journey meaningful.



Contents

1 Introduction

1.1

1.2
1.3

2.1

3.1
32
33

34

3.5

3.6

ThesisGoals . . . . . . . . . . . e
1.1.1  Research Questions . . . . . . . . . . ... .. ... ...,
Data . . . . . e
Tools . . . . . e e e

1.3.1 ExistingTools . . . . . . .. . . .
1.3.2 Tools Developed for thisthesis . . . . . ... ... .. ... ........

Background and Related Work

Background . . . . . ... e
2.1.1  Social Cybersecurity and Networked Influence . . . . .. ... ... ...
2.1.2  Synthetic Population Modeling and Agent-Based Simulation . . . . . . . .
2.1.3 LLM-Augmented Opinion Modeling and Synthetic Social Behavior . . . .

Synthetic Persona (Skeleton) Generation

Structural Foundations for Synthetic Persona Modeling . . . . . . ... ... ...
Introduction . . . . . . .. L e
Background . . . . . ... e
3.3.1 Demographically Grounded Skeleton Personas . . . . .. ... ... ...
Method and Model: Skeleton Persona Construction Pipeline . . . ... ... ...
3.4.1 Design objectives and operating assumptions . . . . . . . . .. ... ...
3.4.2 Data and structural attribute space . . . . . .. .. ...
3.4.3 Stage I: Iterative Proportional Fitting as marginally constrained maximum-
entropy synthesis . . . . . . . . . . ... e
3.4.4 Stage II: Semantic validation as a record-level filtering operator . . . . . .
3.4.5 Validation architectures evaluated . . . . . .. .. ... ... ... .. ..
Experimental Design and Evaluation . . . . . . ... . ... ... ... ......
3.5.1 Experimental Design . . . . . . .. .. ... oo
352 CaseStudy Design . . . . .. . . . ... e
3,53 Evaluation Metrics . . . . . . . ... Lo
3.5.4 Fixed Parameters . . . . . . .. . ...
Results. . . . . . . . e
3.6.1 Case Study 1: Direct LLM vs. Rule-Based Validation . . . . ... .. ...

viii



3.6.2 Case Study 2: Neural Network Approximation . . . ... ... ... ...
3.6.3 Case Study 3: Multi-Provider Robustness and Rule-Count Tuning . . . . .
3.6.4 Post-Filtering Distribution Preservation . . . . .. ... ... ... ....
3.6.5 Validation . . . . . .. ..
37 DIscussion . . . . ... e e
3.7.1 Case Study 1: Direct LLM is not a scalable validator . . . . . ... .. ..
3.7.2 Case Study 2: Why naive distillation fails under realistic joint spaces
3.7.3 Case Study 3: Deterministic rule execution enables provider robustness . .
3.7.4 IPF Efficiency vs. Naive Sampling with Filtering. . . . . . . ... ... ..
3.7.5 Interpreting rule count K: why “more rules” canbe worse . . . . . .. ..
3.7.6  Implications for ABM construction and for LLM-assisted data synthesis . .
3.8 Conclusion . . . . . ... e
3.8.1 Contributions to this Dissertation . . . . . . . .. ... .. ... .....
3.82 Limitations . . . . . . . ... e e
383 FutureWork . . .. ... ...

Modeling Emotional Reasoning in Synthetic Personas

4.1 Introduction . . . . . . . . . . e e e

42 Related Works . . . . . . . . L

4.3 Method: Hierarchical Persona Synthesis . . . . . ... .. .. ... ... .....
4.3.1 Country Level Grounding . . . . ... ... ... ... ... .. .....
4.3.2 Community Level Grounding . . . . ... ... ... ...........
4.3.3 Individual Level Grounding . . . . . . ... ... ... ... ... ....

52

4.3.4 LLM-Generated Persona Dataset Composition and Demographic Calibration 53

435 QualityControl . . . . .. .. L
4.4 Model: Emotional Expression for Synthetic Personas . . . . . .. ... ... ...
44.1 Baseline Emotions . . . . . ... ... ...
442 Opinion Formation . . . . ... ... .. ... ..o
443 Event—Conditioned Emotion Modulation . . . . .. ... ... ... ...
4.5 Experimental Design . . . . . . . .. Lo
4.5.1 Experimental Conditions . . . . . . . . .. ... ... ...
4.6 Results. . . . . . e
4.6.1 Institutional Community Generation and Validation . . . . . . . . ... ..
4.6.2 Country-Level Emotions . . . . . . .. ... ... ... ... .. .....
4.6.3 Community-Level Emotions . . . . . .. ... .. ... ..........
4.6.4 Individual-Level Emotions . . . . . . . .. ... ... ... ... .....
4.6.5 Hierarchical Prompt Engineering Validation: Content Quality and Topic
Emotion Effectiveness . . . . . . . . ... ... oL
4.6.6  Topic-based Emotional Distributions . . . . . . . . ... ... ... ....
4.6.7 Benchmarking Synthetic Personas . . . . . . ... ... ... .......
4.6.8 Validation . . . . . . ... L
477 DISCUSSION . . . . .« vt i e e e e e e
4.7.1 Hierarchical Prompt Engineering and the Importance of Structure . . . . .

X

54



4.7.2 Believability for Research Simulation . . . . .. ... ... ... ..... 71

4.7.3 Scenarios and Interventions . . . . . . ... ... Lo 71
4.8 Conclusions . . . . . . . ... e e 72
4.9 Contributions to the Dissertation . . . . . . . . .. ... ... ... ... ..... 72
4.9.1 Limitations . . . . . . . . ... e e 73
4.10 Future Work . . . . . . . . oL 74
AURORA: Retrieval-Augmented Persona Modeling 75
5.1 Introduction . . . . . . . . . e 75
5.2 Related Work . . . . . . . 76
5.2.1 Simulating Human Behavior with Language Models . . . . ... ... .. 76
5.2.2 Retrieval-Augmented Generation . . . . . . . ... ... ... ... .. 76
5.2.3 Opinion Dynamics and Social Influence . . . . . . . ... ... .. .... 77
5.2.4 Personality and Emotion in Agent-Based Models . . . . . ... ... ... 77
5.3 Method: AURORA Generation Pipeline . . . . . ... ... ... ... ...... 77
5.3.1 Framework Overview and Design Principles . . . .. ... .. ... ... 78
5.3.2  Stage 0: Data Collection and Vector Database Construction . . . . . . .. 79
5.3.3 Stage 1: Skeleton Persona Generation (Demographic Substrate) . . . . . . 85
5.3.4 Stage 2: Country-Level Initialization . . . . ... .. ... ... ..... 87
5.3.5 Stage 3: Community Formation and Opinion Refinement . . . . . . . . .. 87
5.3.6  Stage 4: Persona Enrichment (Skeleton Augmentation) . . . . . . ... .. 89
5.3.7 Stage 5: Group Formation and Assignment . . . . .. ... ... ..... 95
5.3.8 Stage 6: Social Media Account Generation . . . . . ... ... ... ... 98
5.4 Model: Formal State Space Specification. . . . . . ... ... ... .. ...... 100
5.4.1 Agent State Representation . . . . . . .. .. ... ... .. 100
5.4.2 Hierarchical Opinion Model . . . . . .. ... ... ... ......... 101
5.4.3 Personality and Emotion Model . . . . ... ... ... ... ....... 103
5.4.4 Social EmbeddingModel . . . . . . .. ... 0o oo 105
5.4.5 Model Scope and Intended Use . . . . . .. ... ... ... . ...... 106
5.5 Experimental Design: IGOE Scenario . . . . ... ... .............. 107
5.5.1 Experimental Conditions . . . . . . . . ... ... .. ... ... ... .. 107
5,52 Variables . . . . ... 109
5.53 Design Structure . . . . . . ..o 111
5.5.4 Experimental Parameters . . . . . . . . ... ... oL 111
5.6 Results. . . . . . . e 112
5.6.1 Synthetic Population Validation . . . . . ... ... ... ... ...... 112
5.6.2 Global Opinion and Salience Distributions . . . . . . ... .. ... ... 115
5.6.3 Emotion Profilesby Topic . . . . . ... .. ... ... .. ........ 117
5.6.4 Cross-Country Similarity Analysis . . . . . . . ... ... ... ...... 120
5.6.5 Topic-Level Opinion and Salience Structure . . . . . . ... ... ... .. 121
5.6.6  Validation . . . . . .. .. 124
5.7 DISCUSSION . . . . . . oL e e e e e e e 128
5.7.1 Selective Polarization as a Structural Property . . . . . .. ... ... ... 128



6

5.7.2  Consensus on Importance, Divergence on Evaluation . . . . . . ... ... 129

5.7.3 Emotion as a Coherent, Topic-Dependent Structure . . . . . . .. ... .. 129

5.7.4 Demographics as Secondary, Constraining Factors . . . . ... ... ... 130

5.7.5 Empirical Grounding of Country-Level Polarization in Narrative Structure . 131

5.7.6  Implications for Agent-Based Modeling . . . . . .. ... ... ...... 132

5.8 Conclusion . . . . . ... L e 132

5.9 Contributions to the Dissertation . . . . . . . . ... ... ... ... ..., 133

5.10 Limitations . . . . . . ..o e e e e e e e 134

5.1 Future Work . . . . . . . oL 135

JANUS: Emotion-Aware Opinion Dynamics 136

6.1 Introduction . . . . . . . . ... 136

6.2 Related Works . . . . . . . .. 137

6.3 Method . . . . . . . . .. 139

6.3.1 Network Construction from AURORA Personas . . . .. ... ... ... 140

6.3.2 Emotional and Contextual Conditioning . . . . . . .. ... ... ..... 144

6.3.3 Parameter Extraction for Opinion Dynamics . . . . . . .. ... ... ... 144

6.3.4 Platform-Mediated Exposure and Alternative Definitions of /V[Zj ...... 145

6.4 Model . . . . .. e 146

6.4.1 Model Overview . . . . . . .. . e 146

6.4.2 Opinion Update Equation . . . . ... ... .. ... ... ........ 146

6.4.3 (I) FJ Anchor + Susceptibility . . . . . ... ... ... ... .. ..., 148

6.4.4 (1D Signed Social Influence . . . . .. ... ... ... L. 149

6.4.5 (II) Affective Emotional Drift . . . . . . ... . ... ... ... ..... 154

6.5 Experimental Design . . . . . .. .. ... L Lo 157

6.5.1 Synthetic Population Generation . . . . . . . . ... ... ... ...... 157

6.5.2 Experimental Conditions . . . . . . .. ... ... ... ... 157

6.5.3 Variables . . . . .. .. 158
6.5.4 Platform-based Interaction in JANUS+Synthetic Social Media (SynSM)

SimulationLoop . . . . . .. .. ... 160

6.6 Results. . . . . . . . e 160

6.6.1 Network Scaling and Local Interaction Structure . . . . . ... ... ... 160

6.6.2 Topic-Level Outcomes and Polarization Dynamics . . . . . .. .. .. .. 162

6.6.3 Comprehensive Network Scale Analysis . . . . . ... ... ... ..... 163

6.6.4 Opinion Distribution Evolution . . . . . .. ... ... .. ........ 165

6.6.5 Temporal Dynamics and Trajectory Analysis . . . . . ... ... ... .. 167

6.6.6 Polarization Trends Over Time . . . . . . . .. .. .. ... .. ...... 169

6.6.7 Agent-Level Mobility and Stance Flips . . . . . ... ... ... ..... 171

6.6.8 Long-Term Convergence and System Equilibration . . . . . .. ... ... 172

6.6.9 JANUS+SynSM: Topic-Specific Dynamics Under platform based interaction173

6.6.10 Stylized-Facts Validation of JANUS Dynamics . . . . .. ... ... ... 176

6.7 Discussion . . . . . . . . .. e 177

6.8 Conclusion . . . . . .. . L 179

X1



6.9 Contributions to the Dissertation . . . . . . . . . . . . . . . ... 180

6.10 Limitations and Future Work . . . . . . . . . ... ... o oL 181
Evaluating Realism and Impact in Live Scenarios 183
7.0.1 Introduction. . . . . . . . .. .. 183
7.0.2 Related Works . . . . . . .. . 184
7.1 GhostField: Integrated Socio-Cognitive Scenario Simulation Architecture . . . . . 186
7.1.1 AESOP: Pre-Simulation Strategic Scenario Authoring . . . ... ... .. 188
7.1.2 AURORA: Demographically Grounded Population Instantiation . . . . . . 188
7.1.3 Network Structure and Exposure Topology . . . . . .. ... .. ... .. 190
7.1.4  JANUS: Dynamic Opinion Evolution Engine . . . . . .. ... ... ... 191
7.1.5 SynSM: Platform-Specific Message Realization . . . . . . ... ... ... 192
7.1.6  Ontological Separation: Strategic Actors and Cognitive Population Agents 192

7.1.7  Architectural Transformation: From Narrative Generator to Socio-Cognitive
World Model . . . . . .. .. 193
7.2 Experimental Design: Indo-Pacific Geopolitical Opinion Experiment IGOE) . . . 194
7.2.1  Entity Structure: AESOP Actors and AURORA Personas . . . . ... ... 194
7.2.2  Institutional and Archetypal Structure . . . . . . .. ... Lo 195
7.2.3  Scenario Configuration . . . . . . . . . .. ... 196
7.2.4 Temporal Escalation Structure . . . . . . .. ... ... ... ....... 196
7.2.5 InterventionDesign. . . . . . . . .. ... L L L 198
7.2.6  Persona Variables and Control Structure . . . . . . . ... ... ... ... 198
7.2.77  Scenario Pipeline and Experimental Objective . . . . . . . ... ... ... 198
7.3 Results. . . . . .. 200
7.3.1 Opinion Convergence and Variance Dynamics . . . . . .. ... ... ... 200
7.3.2 Magnitude of Opinion Change . . . . . ... ... ... ... ....... 202
7.3.3 High-Impact Opinion Movers . . . . . .. .. .. .. ... .. ...... 203
7.3.4 Intervention Effectiveness Analysis . . . . . ... ... ... ... . ... 204
7.3.5 Summary of Key Findings . . . . ... ... ... ... ... ....... 206
T4 Discussion . . . . . . ... L e e e e 208
7.5 Conclusion . . . . . ... 210
7.6 Contributions to the Dissertation . . . . . . . . .. .. ... ... ... ... .. 211
7.7 Limitations . . . . . . ..o e e e e e e e e e 212
7.8 Future Work . . . . . . . . e 212
Conclusion 214
8.1 Introduction . . . . . . . . ... 214
8.2 Summary of the Integrated System . . . . . . .. .. ... Lo L. 215
8.2.1 Structural Foundations: Skeleton Personas . . . . ... .. ... .. ... 215
8.2.2 Emotionally Grounded Persona Construction . . . . . .. .. ... .... 215
8.2.3 AURORA: Grounded Synthetic Population Initialization . . . . .. . . .. 215
8.2.4 JANUS: Mechanistic Opinion Dynamics for Heterogeneous Populations . . 216

Xii



8.2.5 GhostField: From Synthetic Corpus Generation to Socio-Cognitive World

Modeling . . . . . . . .. 216

8.2.6 Longevity of Contribution: Bridging LLMs and Realistic Opinion Dynamics217

8.3 Dissertation-Level Contributions . . . . . . . . . . .. ... . L oL 218
8.4 What the Dissertation Demonstrates asa Whole . . . . . ... .. ... ... ... 219
8.5 Limitations and Future Work . . . . . . .. .. .. Lo Lo L 220
8.5.1 Limitations . . . . . . . . ... e e 220

85.2 Future Work . . . . ... .. 221

A Synthetic Persona (Skeleton) Generation 224
A.1 Country-Level Demographic and Socio-Political Reference Data . . . . . . . . .. 224
A.2 ACS PUMS Data Structure and Variable Encoding . . . . .. ... ........ 225
A2.1 RawDataFormat . . . . .. ... .. .. ... ... ... ... ... 225
A.2.2 Variable Definitions and Encoding . . . . . . .. ... ... ... ..... 225
A.2.3 Empirical Marginal Distributions . . . . . . . ... ... ... ... 225
A24 AgeDistribution . . ... ... 227
A.2.5 Focus Relation: Age x Education Joint Distribution . . . . .. ... ... 227
A.2.6 DataPreprocessing and Caching . . . . . .. ... .. ... ........ 227
A.27 DataRepresentativeness . . . . . . . . .. ... e 228

B Modeling Emotional Reasoning in Synthetic Personas 232
B.1 OCEAN Personality Parameters . . . . . . . ... ... ... ... ........ 232
B.2 Extended Persona Dataset Validation and Calibration . . . . . ... ... ... .. 233
B.2.1 Institutional Community Balance and Diversity . . . . . . ... ... ... 233
B.2.2 Moral Foundations Consistency by Ideological Orientation . . . . . . . . . 234
B.2.3 OCEAN Personality Trait Calibration . . . . . . ... ... ... ..... 234
B.2.4 Response Structure and Emotional Intensity Distributions . . . . . . . .. 235

B.3 COVID-19 Emotion Analysis Validation . . . . . . ... ... ... ........ 235
B.3.1 Synthetic Persona Emotion Analysis . . . . . . ... ... ... ...... 236
B.3.2 Facebook COVID-19 EmotionData . . . . . . ... ... ... ...... 238
B.3.3 Cross-Dataset Comparative Analysis. . . . . . ... ... ... ...... 238
B.3.4 Technical Interpretation . . . . . . . . ... ... ... .. ... ..., 238
B.3.5 Implications for Model Validation . . . . .. ... .. ... .. ...... 239

C AURORA: Retrieval-Augmented Persona Modeling 240
C.1 Country Information . . . . . .. .. ... ... 240
C.2 Social Media Account Generation . . . . . . . .. ... ... 240
C.2.1 Twitter Account Generation . . . . . . . . . . .. ... 240
C.2.2 Telegram Account and Channel Generation . . . . . ... ... ... ... 243

C.3 Opinion Model Implementation Details . . . . . ... ... ... ... .. .... 245
C.3.1 LLM Prompt Templates . . . . . . .. .. .. .. ... .. ... ... 245
C.3.2 Mathematical Sampling Procedures . . . . . . ... ... ... ...... 246
C.3.3 Computational Cost . . . . . . . . . . . . e 246



C.3.4 \Validation and Quality Assurance . . . . . . . .. . ... ... ... ...
C.3.5 Emotion Modulation Implementation . . . . ... ... ... .......
C.4 Extended Emotion Profile Analyses . . . . .. .. ... ... ... ........
C.4.1 Russian Aggression . . . . . . . . . ..o e
C.4.2 Canadian Activity in INDOPAC . . . . . .. .. ... ... .. ......
C.4.3 Cyber Security Cooperation . . . . . . . . .. .. v

C44 Summary . . . . . . . . e e e e
C.5 Retrieval-Augmented Generation Architecture . . . . . . . . . ... ... .....
C.5.1 Method . . . . . . . . . e
CS5.2 Model . . . . .

C.6 API Token Requirements and Generation Scalability . . . .. ... .. ... ...
C.7 AURORA /AESOP groupcrosswalk . . . . . ... ... ... .. .........

JANUS: Emotion-Aware Opinion Dynamics

D.1 Intermediate Network Scale Analysis . . . . . .. .. ... ... ... ......
D.1.1 Dual-500 Scenario: Transitional Regime . . . . ... ... ... .....
D.1.2 Dual-750 Scenario: Averaging-Dominated Regime . . . . ... ... ...
D.1.3 Cross-Scale Comparison: Intermediate Scenarios . . . . . . ... ... ..

Evaluating Realism and Impact in Live Scenarioss
E.1 AURORA Persona Integration: Ego Network Validation and AESOP Cross-Walk .
E.1.1 Ego Network Comparison . . . . . . . .. .. .. ... ...
E.1.2 Network Structure and Centrality . . . . .. ... ... ... .. .....
E.1.3 Topic Engagement as Behavioral Differentiation . . . . . ... ... ...
E.1.4 Validation of Persona Distinctiveness . . . . . . . . ... ... ... ...
E.1.5 AESOP Cross-Walk: Structural Integration . . . . . . .. ... ... ...
E.1.6 Complementary Network Roles . . . . ... ... ... ... .......
E.2 Temporal Escalation Structure . . . . . . . .. .. ... ... ... ... ...
E.3 Detailed Opinion Dynamics Analysis . . . . . . . .. ... ... ... ......
E.3.1 Cross-Country Variance Analysis . . . . . . ... .. .. ... ......
E.3.2 Timestep-Level Dynamics . . . . . .. ... ... .. ... ... .....
E.3.3 Statistical Significance Testing . . . . . . . . . . . .. ... ... .....
E.4 Stance Reversal Analysis . . . . . . . . . . . ... ...
E.4.1 Definition and Distribution . . . . . . . .. .. ... oL oo
E.5 Extended Top Movers Analysis . . . . . . . . . . .. ... .. ... ... ...,
E.5.1 Topic and Temporal Patterns . . . . . . ... ... .. ... ... .....
E.6 Comprehensive Intervention Analysis . . . . . . . .. .. ... ... . ...
E.6.1 JANUS Integration Details . . . . . . . ... ... ... ... .......
E.6.2 Comparative Actor Analysis . . . . . . ... ... ... ... ...
E.6.3 Deep-Dive Case Studies . . . . . . . ... ... ... . ... ... ...,
E.6.4 The Magnitude—Direction Paradox: Extended Analysis . . . . . . .. ...
E.6.5 Network-Level Influence Concentration . . . . . . .. .. ... .. ....
E.6.6 Statistical Validation: Extended Results . . . . . . . ... ... ... ...

X1V

269
269
269
272
276



E.6.7 Case Study: Opinion Dynamics of a Highly Susceptible Actor

E.7 Post-Simulation Survey Analysis

E.7.1 Survey Methodology and Complete Results

Bibliography

XV



List of Figures

3.1

32

33

3.4

3.5

3.6

3.7
3.8

3.9

Skeleton Persona Generation Pipeline. Marginal distributions are extracted from
ACS PUMS data and matched using Iterative Proportional Fitting (IPF) to generate
statistically grounded skeleton personas. Optional semantic validation is applied
using one of three strategies: direct LLM validation, rule-based filtering, or neu-
ral network approximation. Outputs are evaluated using marginal L1 distance,
Jensen—Shannon divergence, and age—education joint fidelity. The resulting skele-
ton populations are behaviorally neutral and suitable for downstream cognitive or

narrative enrichment. . . . . . . . . . . L L

Case Study 1: Multi-run Age-binned x Education joint analysis (n=100 runs).
Panels show joint L1 distance (left), joint JS divergence (center), and combined

score (right). Lowerisbetter. . . . . . . . . . . . .. ... ... ...

Case Study 2: Distribution and run-level stability (n=100). (Left) Marginal
L1 box plot; (center) marginal JS box plot; (right) focus-relation L1 box plot.
Neural validation exhibits consistently higher drift than Rule-Based across runs

with limited overlap, indicating systematic (not stochastic) degradation. . . . . . .

Case Study 2: Run-wise trajectories over 100 runs (lower is better). (Left)
Marginal L1, (center) marginal JS, (right) focus relation L1 for AgexEducation.
Neural validation remains consistently elevated across runs on all metrics, indicat-
ing stable but systematically incorrect filtering behavior relative to Rule-Based.

Case Study 3 (GPT-4.1-mini): Marginal quality vs. rule count (n=50). Com-
bined score (L1+JS) and its components increase with K, reflecting increasing

marginal drift under more restrictive filtering. . . . . . . . ... ... oL

Case Study 3 (GPT-4.1-mini): AgexEducation focus relation vs. rule count
(n=50). Moderate rule sets improve the cohort joint (lower is better), while very
large K increases variance and can reintroduce distortion via over-filtering.

Case Study 3 (Claude 3.5-Haiku): Marginal quality vs. rule count (n=50). . . .

Case Study 3 (Claude 3.5-Haiku): Age x Education focus relation vs. rule count

M=50). . . . e
Case Study 3 (Gemini 2.0-Flash): Marginal quality vs. rule count (n=50). . . .

3.10 Case Study 3 (Gemini 2.0-Flash): Age x Education focus relation vs. rule count

M=50). . . . e

Xvi

29

30

30
32

32
33



4.1

4.2

4.3

4.4

4.5

4.6
4.7
4.8

4.9

5.1

5.2

53

54

5.5

5.6

5.7

5.8

Stepwise pipeline for persona construction and emotion modeling. News ground-
ing informs hierarchical synthesis (country, community, individual), while traits,
opinions, and salience shape event-driven emotions. . . . . . . . . ... ... ... 51
Demographic composition of LLM-generated personas showing age distribution
(top) and political orientation distribution (bottom) across US and Canadian insti-

tutional communities. . . . . .. ..o e 55
Compact experimental pipeline. . . . . . ... ... ... ... . 58
Country-level primary emotions for Roe v. Wade (left) and Suicide Hotline 988

(right). . . . . o e 60
Community-level primary emotions for Roe v. Wade (left) and Suicide Hotline 988

(right). . . . . o e 61
Emotion distribution heatmap for Roe v. Wade topic by ablation condition. . . . . . 64

Emotion distribution heatmap for Suicide Hotline 988 topic by ablation condition. . 65

Comparison of Facebook reactions and synthetic persona sentiment reactions for
Roe v. Wade across demographic categories. . . . . . . . . . ... ... ... 66
Comparison of Facebook reactions and synthetic persona sentiment reactions for
Suicide Hotline 988 across demographic categories. . . . . . . . . . .. .. .. .. 67
AURORA end-to-end pipeline overview. The framework ingests and embeds doc-

uments into a vector database, retrieves context for structured generation, and pro-

duces communities of synthetic actors through hierarchical prompt generation with
integrated quality control. . . . . . . . .. ... L 79
AURORA feature dimensions for persona construction, including demographics,
derived attributes, digital environment, psychological traits, topic opinions, salience,
community affiliation, and dynamic context. . . . . . . . . ... ... ... 80
AURORA Retrieval-Augmented Generation Pipeline. Document corpora are em-
bedded into a semantic vector store. Contextual queries retrieve relevant evidence,
which conditions LLM-based community and persona generation. . . . . . .. .. 84
Community-level RAG in AURORA. Queries retrieve evidence chunks about Com-
munity X within Country Y, which are combined with prompts to generate struc-

tured community outputs (demographics, key topic opinions, salience) that down-
stream persona generation conditionson. . . . . . . . .. .. ... 88
Persona-level RAG in AURORA. Retrieved evidence chunks combine with skele-

ton constraints and community context to generate persona-level outputs including
demographics, topic opinions, and salience. . . . . . . ... ... ... 90
Salience-weighted opinion distribution pipeline. AURORA maps opinion polar-

ity and salience categories into distribution families(tight vs broad vs bimodal),
producing persona-level opinions that preserve community coherence on high-

salience issues while allowing heterogeneity on low-salience topics. . . . . . . . . 93
Synthetic population demographic and behavioral distributions: gender, age, polit-
ical leaning, and social mediausage. . . . . . . . . ... ... Lo 114
Global distributions of opinion scores (left) and salience scores (right) aggregated
across all topics and countries. . . . . . . . ... ... L 115



59
5.10

5.11

5.12
5.13
5.14

6.1
6.2

6.3

6.4

6.5

6.6

6.7

Mean Plutchik emotion profiles for Taiwanese Sovereignty across all countries. . . 118
Mean Plutchik emotion profiles for International Commodities Markets across all
COUNTIIES. . .+ v v v v e v e e et e e e e e e e e e e e e 119
Country similarity matrices based on mean opinion scores (left) and mean salience
scores (right). . . . . . . . . . . e e e e 120
Mean opinion scores by country and topic. . . . . . ... ..o 122
Mean salience scores by country and topic. . . . . . . ... ... ... 123
Principal Component Analysis of country-level opinion patterns. Left: scree plot
showing variance explained by each component. Right: PCA biplot with countries
and topic loadings. . . . . . . ... L. 124
Pipeline from AURORA personas to JANUS opinion dynamics. . . . . ... ... 141

Valence-arousal circumplex with Plutchik-style emotion placement (0° at positive
valence, angles increasing counterclockwise). Vector lengths represent normalized
psychometric weights (trust is longest at 1.0, fear is shortest at 0.375 relative to
trust), reflecting empirical affect structure. Emotion intensities are projected onto
the valence axis via cos(6.) and onto the arousal axis viasin(f.). . . . . . . . ... 155
Dual-250 community structure under the Fruchterman-Reingold spring layout with
group co-membership weights. Dense regions represent tightly connected commu-
nities formed through shared group affiliations, while sparse bridges enable cross-
community exposure. The high clustering coefficient (C' = 0.88) reflects strong
transitivity within communities, while the relatively low density (d = 0.074) indi-
cates that most potential connections remain unrealized. . . . . . . . .. ... ... 162
Opinion dynamics evolution for Dual-250. (a) Mean absolute opinion change de-
clines over time, indicating stabilization in the rate of updating rather than conver-
gence to consensus. (b) Cumulative opinion change rises throughout the simula-
tion, reaching 0.072 for COVID-19 and 0.079 for Roe v. Wade. . . . . . . .. . .. 165
Opinion dynamics evolution for Dual-1000. (a) Mean absolute opinion change de-
clines smoothly over time, indicating gradual stabilization in the rate of updating.
(b) Cumulative opinion change continues to rise throughout the simulation, but to
a slightly lower total level than in Dual-250, reaching 0.038 for COVID-19 and
0.041 forRoev.Wade. . . . . . . .. .. . 166
Opinion trajectories for Dual-250 (N=240). Gray lines show all agents, yellow
highlights top 10 most mobile agents, red marks stance flippers. Both topics exhibit
rapid initial adjustment (t ; 50) followed by stabilization. High-mobility agents
show sustained volatility while majority remain near initial positions. COVID-19:
5 flips (2.08%); Roe: 3 flips (1.25%), all during early transient phase. . . . . . .. 168
Opinion trajectories for Dual-1000 (N=1000). Maximum network scale produces
smoothest trajectories, with average degree 73.5 creating strong averaging effects.
COVID-19: 13 flips (1.35%); Roe: 6 flips (0.63%, lowest rate across all scenarios).
Increased absolute flip count for COVID combined with decreased rate for Roe
demonstrates topic-specific responses to network scale. . . . . . . . ... ... 169

xviii



6.8 Polarization dynamics for the baseline JANUS experiment across both topics and
network scales. Solid lines denote the 250-persona scenarios and dashed lines
denote the 1000-persona scenarios. Roe v. Wade remains more polarized than
COVID-19 at both scales, while network size changes the direction of polariza-
tion evolution: the 250-persona scenarios show gradual amplification over time,
whereas the 1000-persona scenarios stabilize quickly and remain nearly flat there-

after. This combined view highlights the scale-dependent reversal from reinforcement-

dominated dynamics in smaller networks to near-equilibrium behavior in larger
NetWOrkS. . . . . . L e

6.9 Long-term convergence behavior for Dual-1000 extended to 1000 timesteps. In-
dividual trajectories (left) show complete stabilization after ¢ ~ 50, with only
noise-driven micro-fluctuations thereafter. Polarization (right) converges to stable
equilibrium values with negligible drift (< 0.001 per 150 timesteps), confirming
that the system reaches convergence. . . . . . . . . .. ... ... .........

6.10 Mean opinion trajectories for Canadian and American agents across two topics un-
der platform based interaction. Left: Canadian Indigenous Rights. Right: Russian
Arctic Activity. Shaded regions indicate different simulation phases. . . . . . . ..

7.1 GhostField integrated architecture: AESOP scenario authoring, AURORA popula-
tion instantiation, JANUS belief dynamics, and SynSM platform realization within
a time-stepped orchestrationloop. . . . . . . ... .. L L Lo

7.2 Opinion volatility (standard deviation of valences) by topic across all timesteps.
Each line represents one of the ten geopolitical topics. Volatility was smoothed
using a 10-timestep rolling window. Shaded regions indicate uncertainty bands for
the top three topics. . . . . . . . . . . L e

7.3 Distribution of absolute valence changes from Day 1 to Day 9. Left panel shows
distributions by topic; right panel shows distributions by country. Box plots indi-
cate median (center line), interquartile range (box), and outliers (whiskers).

7.4 Top 20 opinion movers (individuals only) ranked by total absolute valence change.
Bar length indicates magnitude of change. . . . . . . .. ... ... ... ... ..

7.5 Effect Size Rankings Across All Intervention Actors. Green bars indicate actors
with statistically significant effects (p < 0.05). Error bars show min-max range
ACTOSS tOPICS.  + & v v v e e e e e e e e e e e e e e e e e e e e

7.6 Directional Alignment: Sphere vs Non-Sphere Actors. Grouped bars show per-
centage of actors shifting toward intervention stance. Annotations show percent-
age point differences. Sphere actors consistently show 20-50pp higher alignment

B.1 Response structure metrics across Roe v. Wade and Suicide Hotline 988 responses.
Shown distributions include word count, sentence count, average word length,
punctuation ratio, and affective word ratios. . . . . . .. ... ... ... ... ..

Xix

201

. 202



B.2

B.3

C.1
C2

C3
C4

D.1

D.2

D.3

D.4

Synthetic Persona Emotion Analysis by Demographics. Average emotion scores
derived from persona-generated COVID-19 prompts, disaggregated by gender (left)
and age group (right). Emotions include Joy, Anger, Sadness, Fear, Disgust, and
Surprise. Results indicate stronger negative valence (sadness and fear) among
older cohorts and greater emotional variability among females. . . . . . . . . . .. 237

Facebook COVID-19 Emotion Data by Demographics. Normalized emotion
distributions from real-world Facebook interactions (“Hahas,” “Loves,” “Sorries,”
“Angers,” “Wows”) during the height of the pandemic. Emotion intensity is aver-
aged by gender (left) and age bracket (right). Real data show similar demographic

gradients as the synthetic population, validating model realism. . . . .. ... .. 237
Mean Plutchik emotion profiles for Russian Aggression across all countries. . . . . 248
Mean Plutchik emotion profiles for Canadian Activity in INDOPAC across all

COUNEIIES. . . v v v v v o e e e e e e e e e e e e e e e e e e e 248

Mean Plutchik emotion profiles for Cyber Security Cooperation across all countries. 249

AURORA RAG pipeline showing offline indexing and online retrieval phases.
Dashed arrows indicate cross-phase data access. PRF optionally expands queries
with terms from top-ranked documents. . . . . . .. ... ... L. 251

Complete opinion distribution and coordination analysis for Dual-500. (a-b) Violin
plots show topic-dependent responses: COVID displays modest widening while
Roe shows slight narrowing. (c-d) Temporal dynamics reveal smoother evolution
compared to Dual-250, with coordination strength of 0.075 (COVID) and 0.084
(Roe). (e-f) Community structure shows reduced separation compared to Dual-
250 (0.032 vs 0.072 for COVID), reflecting increased cross-group exposure from
larger neighborhoods. . . . . . . . .. .. Lo 270

Opinion trajectories for Dual-500 (N=480). Trajectories show smoother evolu-
tion with reduced volatility compared to Dual-250, reflecting larger neighborhoods
(avg degree 36.0). COVID: 7 flips (1.46%); Roe: 4 flips (0.83%). Despite larger
absolute counts, flip rates decrease, indicating enhanced boundary stability with
scale. ..o 271

Polarization over time for Dual-500. COVID continues increasing (Ao = +0.021),
though attenuated vs Dual-250, while Roe exhibits slight decrease (Aoc = —0.011).
This divergence marks the transition point where scale effects begin to differentiate
topic responses. After t=100, both trajectories plateau, indicating quasi-equilibrium. 272

Complete opinion distribution and coordination analysis for Dual-750. (a-b) Violin
plots show visible narrowing for both topics, with peaks becoming more concen-
trated and tails shortening. (c-d) Temporal dynamics show coordination strength
of 0.090 (COVID) and 0.078 (Roe), intermediate between Dual-500 and Dual-
1000. (e-f) Community structure shows COVID separation of 0.068 (higher than
Dual-500’s 0.032), while Roe shows 0.034 (reduced from 0.052), reflecting topic-
specific responses to averaging pressure. . . . . . . . ..o e e e e . 273

XX



D.5

D.6

E.l

E.2

E.3

E.4

E.5

E.6

E.7

Opinion trajectories for Dual-750 (N=720). Further smoothing and constraint vis-
ible, with majority showing minimal movement after initial stabilization. Average
degree 55.7 creates substantial averaging pressure, visible in tighter clustering of
gray trajectories. Both topics: 8 flips (1.11%), lowest rate among scenarios, indi-

cating enhanced boundary stability. . . . . . . . . ... ... oL

Polarization over time for Dual-750. Both topics show decreasing polarization
with identical magnitudes (Ao = —0.024), confirming systematic reversal from
amplification to moderation. Unlike smaller scenarios where polarization increases
after transient phase, Dual-750 shows consistent downward trend throughout sim-

ulation. . . . . .

Labeled ego networks for two AURORA personas and one AESOP actor. Aarav
Patel and Mai Yamasaki exhibit visibly different ego-network structures, including
different alter sets, topic clusters, and connectivity patterns, while the AESOP actor
myudn shows a more actor-centered configuration. Only actor-to-actor ties above

the average strength threshold are displayed for clarity. . . . . .. ... ... ...

Complete ego network comparison showing Aarav Patel (AURORA, left), Mai
Yamasaki (AURORA, center), and myudn (AESOP, right). Node colors indicate
type: yellow = ego, green = topics, blue = groups, orange = community, grey =
actors. Networks are constructed from XML ego network files with topic filtering
applied to show only discussed topics. Only actor ties above the average strength

threshold are visualized forclarity. . . . . . . . .. ... ... ... .. ......

Country-aggregated mean valence trajectories across all ten topics over the 9-day
simulation period. Each subplot represents one topic, with colored lines indicating

different countries. . . . . . . . . . . . e e e e

Timestep dynamics heatmap showing mean absolute opinion changes by topic
across all day-timestep combinations. Color intensity indicates the magnitude of

opinion change, with darker colors representing higher volatility. . . . . . . . . ..

Stance reversal analysis. Top panel shows the number of flips by country; bottom
panel shows the temporal distribution of flip events across the 9-day simulation

Network Reach by Intervention Actor. Bars show sphere size (number of actors)
with percentage of total network. All sphere actors were Tier 1 (direct interactions

only). . . .o e

Chen Jun’s opinion trajectories across all ten geopolitical topics over the 9-day
simulation period. Each subplot shows valence evolution for one topic (y-axis:
valence from -1 to +1; x-axis: simulation day). The shaded orange region indicates
the intervention period (Days 5-7) when custom actors posted 176 intervention
messages to the network. Notable opinion shifts are visible during this period for
multiple topics, particularly Canadian indigenous rights, Russian aggression, and

Taiwanese Sovereignty. . . . . . . . . . .o e e e e e

Xxi

297



E.8 Comparison of Chen Jun’s opinion changes across three temporal periods for all
ten topics. Bar heights indicate the magnitude of opinion change (absolute valence
shift). The intervention period (Days 5—7, orange bars) shows substantially larger
changes than pre-intervention (Days 1-4, blue bars) or post-intervention (Days
7-9, green bars) periods. Topics showing the largest intervention-period changes
include Canadian indigenous rights (0.20), Russian aggression (0.15), and Tai-
wanese Sovereignty (0.10). . . . . . . ... e 298

xxii



List of Tables

3.1
3.2
33
34
3.5
3.6
3.7
3.8
39
3.10
3.11

3.12

3.13

3.14

4.1

4.2

Experimental variables, roles, and operationalization. . . . . . . . ... ... ... 20
Experimental conditions across case studies. . . . . . . . . .. ... ... ... .. 22
Fixed parameters across all experiments. . . . . . . . ... . ... ... ... .. 24
Case Study 1: Marginal distributional accuracy (n=100 runs; 1,500 records).

Rule-Based validation produces significantly lower marginal drift than Direct LLM. 25
Case Study 1: Focus relation accuracy (Age x Education; n=100 runs). Lower
is better. Direct LLM yields the lowest AgexEducation error; Direct-vs-Rule is
not statistically significant across runs (p = 0.2863). . . . . . . . . ... ... ... 25
Case Study 1: Computational efficiency and cost (1,500-record populations). . 26
Case Study 2: Marginal distributional accuracy (n=100 runs; Ng,=2,500).

Distilled neural validation increases population-level drift relative to Rule-Based. . 27
Case Study 2: Focus relation performance for Age x Education (n=100 runs).

Lower is better. Rule-Based outperforms Neural on L1, JS, and combined score. . . 28
Root causes of distillation failure in Case Study 2. . . . . .. ... ... .... 29
Rule count optimization: detailed analysis (GPT-4.1-mini; n=50). . . . . . . . . 31
Case Study 3: Quality metrics by LLM provider (50 runs per provider; 2,500

records; X = 8). . . . .. 31

Empirical rejection rates by rule count (GPT-4.1-mini; n=50 runs per K;
Ngyn=2,500). Rejection rates increase monotonically with K, reflecting stronger
semantic enforcement. The coefficient of variation (CV) decreases with K, indi-
cating more predictable filtering behavior under larger rule sets. . . . . . . . . .. 34
Distribution quality after rule-based filtering (/< =8; representative run; Ng,=2,500).
Marginal L1 distances remain below 0.10, indicating acceptable preservation of
univariate demographic structure. The AgexEducation focus relation shows im-
provement relative to unfiltered IPE. . . . . . . ... ..o oo 34
Demographic rejection bias summary (/=8; 10 runs; 34,109 total records).
Range indicates the difference between the highest and lowest rejection rates within

each variable’s categories. Education (SCHL) shows the highest variability, con-
firming it as the primary driver of rejection. . . . . . . .. ... ... L. 35

Summary of synthetic persona dataset used in experiments, with comparison to
national demographic statistics. . . . . . . .. ... L oL L 53
Distribution of LLM-generated personas across institutional categories. . . . . . . 54

xxiii



4.3

4.4
4.5
4.6
4.7

5.1
5.2
53
54
5.5
5.6
5.7
5.8

59

5.10
5.11
5.12

5.13

6.1
6.2

6.3
6.4
6.5
6.6
6.7
6.8

6.9

6.10

Experiment levels (£) used in persona prompting. Each level specifies which emo-

tional, moral, and psychological fields are available to the model. . . . . . . . . .. 58
Representative individual-level emotion scores by nationality and topic. . . . . . . 61
Content performance across ablation conditions . . . . . . . ... ... ... ... 62
D+M+0O+T emotional advantages by topic relative to baseline (D). . . . . . . . .. 63
Cross-platform validation correlation matrix with bootstrap confidence intervals. . 68
AURORA Country Information Bank: Standardized Community Categories . . . . 81
Hierarchical RAG Integration Across the AURORA Pipeline . . . ... ...... 84
Trait-Emotion Mapping Coefficients . . . . . . . . . . ... ... ... ... ... 92
IGOE Scenario Country Selection and Geopolitical Alignment . . . . . . . .. .. 108
IGOE Scenario Topic Selection and Characteristics . . . . . . ... ... ... .. 109
Summary of Experimental Variables . . . . . .. ... ... ... ... ... 110
IGOE Scenario Experimental Parameters . . . . . . .. ... ... ... ..... 111
Population distribution and age validation across 12 countries (N = 4,320 total

PEISOMAS). « . v v v v v i e e e e e e e e e e e e e e e e e e 113
Synthetic population demographic composition (N = 4,320 personas). . . . . . . . 113
Behavioral gradients by age (mean =SD). . . . . . . ... ... oL 114
Topic-level opinion and salience summary statistics (all countries). . . . . . . . .. 116
Demographic validation tests by topic (gender ¢-tests; age ANOVA; political lean-

ing correlation). . . . . ... L L e 117
Summary of topic-level opinion and salience structure. . . . . . . ... ... ... 128
Structural characteristics of JANUS persona networksat¢ =0. . . . .. ... ... 141

MOMUS-based structural benchmark of the baseline JANUS ¢ = 0 network rel-
ative to empirical Twitter benchmarks. Rubric scores are read directly from MO-

MUS; values from continuous plots are approximate visual estimates. . . . . . . . 143
Key symbols in the main opinion update (Eq. 6.7). . . . . . . ... .. ... ... 147
Plutchik emotion angles and psychometric weights used in circumplex projection. . 154
Fixed parameters across conditions. . . . . . . . . .. ... ... 158
Experimental conditions (U.S. 2022; two topics). . . . . . . . . . . . . ... ... 158

Summary of experimental variables used in the JANUS population-scale analysis. . 159
Topic—population cases evaluated in the Canadian—American JANUS+SynSM ex-
PEriMent. . . . . . . . . e e e e e e e e e e 161
Network scaling by population size. All networks exhibit sparse connectivity
(p = 0.076) and high clustering (C' ~ 0.89) while interaction volume scales
quadratically with V. . . . . . . . ... 161
Topic-level outcomes by scenario (t = 0 — t = 250). Ao = 0950 — 0 measures
polarization change. “Flips” counts agents whose stance sign changed between
initial and final states. Avg. |Ax| represents mean cumulative opinion change per
AZENL. . . . o e e e e e e e e e e e e e e e 163



6.11

6.12

6.13

6.14

6.15

6.16

7.1
7.2
7.3
7.4
7.5

7.6
7.7

7.8
7.9
7.10
7.11
7.12

Comprehensive metrics across all network scales. Polarization change (Ac) shows
systematic reversal from amplification (250) to stabilization (1000). Within-group
trajectory correlations remain positive while between-group trajectory correlations
remain negative across all scales, demonstrating persistent community structure.
Here, ryimin denotes the mean pairwise correlation of opinion trajectories among
agents in the same community, and 7peween denotes the mean pairwise correlation
among agents in different communities. . . . . . .. ... ..o 164
Trajectory-correlation dynamics across network scales. Mean trajectory correla-
tion () remains near zero across all scenarios, indicating that positive and neg-
ative co-movement patterns balance out at the population level rather than im-
plying a lack of structure. Correlation strength (mean |r|) remains consistently
positive, showing sustained correlated opinion movement. The separation metric
(Twithin — Tbetween) quantifies community polarization and remains positive across
all scales, while the fraction of positive correlations indicates balanced opposing
MOVEMENt PALEINS. . . . . . . v v v v e i e e e e e e e e e e e e e 164
Trajectory dynamics across network scales. Mean opinion change quantifies av-
erage individual mobility. Flip rates remain low across all scenarios, with slight
decrease at intermediate scales. High-mobility agents (top 10 by cumulative |Ax|)
show sustained volatility while the majority stabilize quickly. . . . . . . ... . .. 167
Polarization evolution patterns across network scales. Initial polarization (o)
varies by topic due to persona initialization. Final polarization (o250) shows sys-
tematic scale effects: amplification in small networks, stabilization in large net-

works. Relative change (Ao /0y) quantifies proportional shifts. . . . . . . ... .. 170
Stance flip analysis across scenarios. Flip rate is calculated as the percentage of
agents who changed opinion sign (x - x50 < 0) between initial and final states. . . 172
Aggregate opinion dynamics across the JANUS+SynSM Canadian—American sub-

experiment and baseline JANUS comparison. Day 1 and Day 9 values report mean

valence with standard deviation in parentheses. . . . . . . . ... ... ... ... 175
Core architectural layers in GhostField. . . . . ... ... ... ... ....... 188
AESOP scenario-authoring outputs. . . . . . . . . .. ... Lo 189
AURORA persona representation within GhostField. . . . . . .. ... ... ... 190
Ontological distinction between AESOP actors and AURORA personas. . . . . . . 193
IGOE entity counts by country: AESOP strategic actors vs. AURORA cognitive

personas (Toto Scenario 2026). . . . . . . . . . . . ... e 195
Institutional community types modeled in each country. . . . . . . ... ... ... 195
Aggregate AESOP actor archetype composition (grouped categories) in Toto Sce-

nario 2026. . . . ... e 196
Scenario and experimental design overview. . . . . . . ... ... 197
Geopolitical topic space. . . . . . . . . ..o e 197
Intervention design summary. . . . . . . . ... ... e 198
Persona parameterization and experimental variables. . . . . . . . ... ... ... 199
Fixed control structure. . . . . . . . . . . ... L 199

XXV



7.13 Two-tranche scenario pipeline. . . . . . . . . ... ..o L. 199

7.14 Opinion Variance Convergence Metrics by Topic . . . . . . . .. ... ... ... 201
7.15 Distribution of Top Opinion Movers by Country . . . . . . .. ... ... ..... 203
7.16 Top 10 Individual Opinion Movers (All Countries and Topics) . . . ... ... .. 203
7.17 Overall Intervention Effectiveness . . . . . . . .. .. .. ... ... ... 205
7.18 Opinion Shift Magnitudes (Individual-Level Analysis) . . . ... ... ... ... 205
A.1 Country-level demographic, digital, socioeconomic, and political attributes used

for AURORA skeleton persona generation (32 countries). . . . . . . . . . .. ... 226
A.2 Sample records from ACS PUMS dataset . . . . . ... ... ... .. ...... 227
A.6 Agedistributionin 10-yearbins. . . . . .. .. ..o 227
A.3 Variable definitions and encoding schemes. . . . . ... ... ... ... ..... 229
A.4 Marginal distributions for discrete demographic variables. . . . . . . ... .. .. 230
A.5 Marginal distribution for educational attainment (SCHL). . . . . . . ... ... .. 230
A.7 Selected cells from Age x Education joint distribution (proportions). . . . . . . . . 231
B.1 Country-Level OCEAN Personality Parameters . . . . . . .. ... ... ..... 232
B.2 Regional-Level OCEAN Personality Parameters . . . . . . .. .. ... ... ... 233
B.3 Distribution of LLM-generated personas across institutional categories. . . . . . . 233
B.4 Moral Foundations Theory validation: ideology-to-moral-foundation mappings by

political orientation. . . . . . . . . .. ... Lo e 234
B.5 OCEAN personality trait validation: LLM-generated vs. empirical research data. . 235
B.6 Cross-Dataset Emotion Comparison . . . . . . .. .. .. .. ... .. ...... 238
C.1 Country Coverage in AURORA by Region and Data Availability . . . . . ... .. 241
C.2 Embedding API Specifications . . . . . . . .. ... ... ... .. ... ... 255
C.3 Token Consumption by Generation Stage . . . . . . . . . .. ... ... ..... 260
C.4 Cost Summary for Japan Scenario . . . . ... .. ... ... ... ... ..., 260
C.5 Observed Runtime for Japan Scenario . . . . . .. ... ... ........... 260

D.1 Comprehensive metrics for Dual-500 scenario. This transitional regime shows
topic-dependent polarization responses: COVID continues amplification while Roe
begins moderation, marking the reversal point in scale effects. . . . . .. .. ... 271

D.2 Comprehensive metrics for Dual-750 scenario. Both topics now show decreasing
polarization with identical magnitudes (Ao = —0.024), indicating convergent dy-
namics where structural network effects dominate over topic-specific characteristics.274

D.3 Direct comparison of intermediate scenarios. The transition from Dual-500 to
Dual-750 shows systematic shifts: topic-dependent responses converge to sym-
metric moderation, flip rates reach minimum, and coordination patterns stabilize. . 276

E.1 Comprehensive Ego Network Statistics (All Node Types) . . . . . ... ... ... 280
E.2 Top Hashtags/Topics by Persona . . . . . . .. ... ... ... ... ..... 281
E.3 AURORA Persona Validation: Aarav vs. Mai Comparison . . .. ... . ... .. 282
E.4 AURORA vs. AESOP Comparison: Complementary Capabilities . . . . . . .. .. 284

XXVi



E.5 Temporal escalation structure (Baseline-Day 4). . . . . . .. ... ... ... ... 285
E.6 Temporal escalation structure (Day 5-Day 9). . . . . ... ... ... ... .... 286
E.7 ANOVA Results: Cross-Country Differences in Absolute Opinion Change by Topic 289
E.8 Independent Samples t-tests: NATO-aligned vs. China/Russia Opinion Changes . . 290

E.9 Stance Reversalsby Topic . . . . . . .. . .. ... .. ... ... 290
E.10 Stance Reversalsby Country . . . . . .. . ... ... ... .. ... ... ... 291
E.11 Detailed Success Factors Analysis . . . . . .. .. ... ... ... ..., 293
E.12 DefenseDave’s Top 10 Influenced Actors (Detailed) . . . . . . ... .. ... ... 294
E.13 Extended Practical Significance Assessment . . . . . . . . . . ... ... ..... 294
E.14 Most-Influenced Network Actors (Complete) . . . . .. .. ... ... ... ... 295
E.15 Statistical Analysis of Chen Jun’s Opinion Changes by Temporal Period . . . . . . 296
E.16 Post-Simulation Survey Response Distribution (Complete) . . . . . . .. ... .. 300

XXVil



Chapter 1

Introduction

Understanding how beliefs form, polarize, and spread within online populations is increasingly
important for both scientific inquiry and operational planning. Online information environments
have become contested spaces, where influence operations, coordinated messaging, and emotion-
ally charged discourse interact at scale. Research in social cybersecurity shows that these envi-
ronments can be deliberately shaped to manipulate public perception and erode institutional trust
[33]. At the same time, social network structure plays a central role in belief reinforcement, as
repeated interaction within homophilous communities amplifies alignment and resistance to com-
peting narratives [46]. Empirical studies of online political discussion further demonstrate that
selective exposure contributes to the persistence and amplification of opinion clusters over time
[9].

Research in opinion dynamics has shown that collective outcomes such as consensus, fragmen-
tation, and polarization emerge from the interaction between individual susceptibility, persuasion,
and network structure. The Friedkin—Johnsen model illustrates how agents can remain anchored
to prior beliefs while still responding to social influence, enabling polarized outcomes even under
repeated interaction [61]. Extensions of this framework show that shared norms and local rein-
forcement can stabilize divergent belief states [60].More recent analytical and simulation-based
work demonstrates that polarization can arise endogenously through heterogeneous susceptibility,
influence weighting, and connectivity, all without external shocks [22]. Related models confirm
that polarized opinion distributions can represent stable equilibria under realistic conditions of
persuasion and uncertainty, particularly in networked environments [18, 30, 111, 124].

Existing approaches to synthetic population modeling and opinion dynamics provide useful ab-
stractions for aggregate behavior, but often fail to capture the psychological, emotional, and con-
textual mechanisms underlying belief formation. Traditional population synthesis methods rely
on statistical alignment techniques such as Iterative Proportional Fitting (IPF) to reproduce demo-
graphic marginals [198]. Comparative studies highlight their effectiveness for demographic real-
ism [93], while extensions address additional structural constraints [208]. However, these methods
do not encode how individuals attend to information, emotionally respond, nor selectively engage
with narratives. Similarly, many opinion dynamics models emphasize structural influence, while
abstracting away agent-level cognition, affect, and topic relevance [211].

Recent advances in large language models (LLLMs) have renewed interest in using generative



systems to simulate social behavior and opinion formation. Generative agent frameworks show that
LLMs can produce coherent social behavior when equipped with memory and reflection mecha-
nisms [149]. Surveys of LLM-augmented agent-based modeling highlight their potential for rep-
resenting heterogeneous agents at scale [63]. At the same time, challenges remain around control,
scalability, and interpretability [76]. Retrieval-Augmented Generation (RAG) improves contextual
grounding by conditioning generation on external knowledge sources [109]. Enterprise-focused
frameworks demonstrate how retrieval pipelines can support reproducible generation [158]. Crit-
ical perspectives caution, however, that black-box use of LLMs risks epistemic uniformity and
questionable behavioral fidelity [87, 161]. This thesis addresses these challenges by integrating
statistical population synthesis, RAG-enhanced persona modeling, and interpretable opinion dy-
namics into a unified framework for simulating belief evolution in synthetic social media popula-
tions.

1.1 Thesis Goals

The primary goal of this thesis is to develop an integrated framework for simulating belief for-
mation, polarization, and narrative diffusion within synthetic social media environments. Rather
than modeling populations solely through demographic alignment or abstract influence rules, the
framework combines population realism with psychologically and emotionally grounded agent
behavior. This design is motivated by prior work in social-cyber influence emphasizing the need
for interpretable and scalable models capable of supporting both research and applied analysis in
contested information environments [33].

The first objective is to construct demographically grounded skeleton personas using structured
population data and established statistical synthesis techniques such as Iterative Proportional Fit-
ting (IPF) [198]. Comparative evaluations of population synthesis methods demonstrate that IPF-
based approaches effectively preserve population-level distributions [93], while earlier synthetic
population frameworks highlight the value of maintaining demographic realism without premature
behavioral specification [130]. By remaining intentionally minimal, these skeleton personas pro-
vide a transparent and flexible foundation for later behavioral enrichment, consistent with prior
work advocating staged population construction [15, 65].

The second objective is to enrich skeleton personas with psychologically and contextually co-
herent attributes using AURORA, a Retrieval-Augmented Generation (RAG)-based persona mod-
eling system. AURORA integrates large language models with semantic vector search to ground
persona generation in retrieved contextual information rather than static prompts [109]. Enterprise
oriented RAG architectures further demonstrate how retrieval pipelines can support structured and
reproducible generation workflows [158]. Prior research shows that LLMs can generate diverse and
internally consistent personas when appropriately conditioned on contextual cues [167], including
cultural and ideological variation [103]. More recent work highlights how synthetic persona gen-
eration can scale while maintaining coherence across attributes [10].

The third objective is to extend classical opinion dynamics models through JANUS, an agent-
based framework that incorporates emotion, salience, persuasiveness, and engagement into social
influence dynamics. JANUS builds on the Friedkin—Johnsen model of opinion change, which
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formalizes the role of individual anchoring alongside social influence [61]. Subsequent exten-
sions emphasize the importance of norm formation and local reinforcement in stabilizing belief
states [60]. JANUS further integrates insights from affective and personality psychology, includ-
ing established emotion—trait relationships [99] and the role of salience in shaping attention and
responsiveness [183]. By allowing agent susceptibility and influence to vary with psychological
predispositions and topic relevance, the framework supports simulations that sustain heterogeneous
and polarized belief states, consistent with recent findings in opinion dynamics research [18, 22].

1.1.1 Research Questions

Guided by these objectives, this dissertation addresses the following research questions:
Big Question: How can I create realistic, dynamic synthetic populations that simulate real
world opinion shifts and narrative diffusion across synthetic social platforms?

* RQ1: How can skeleton personas be constructed to preserve demographic realism while
enabling behavioral modeling?

* RQ2: Can RAGs and LLMs generate coherent, contextually grounded synthetic personas?

* RQ3: Can integrating emotion and salience into opinion dynamic models affect belief evo-
lution and polarization?

Together, these goals and research questions advance the state of the art in synthetic population
modeling and opinion dynamics by enabling simulations that more closely reflect the cognitive,
emotional, and contextual mechanisms underlying belief change in contemporary information en-
vironments.

Definitions

1. Synthetic Population. An artificially constructed set of agents designed to statistically ap-
proximate the demographic, social, and behavioral characteristics of a real-world population
without representing identifiable individuals.

2. Skeleton Persona. A minimally specified synthetic agent defined by core demographic and
structural attributes, intentionally excluding psychological and behavioral detail to serve as
a transparent foundation for later enrichment.

3. Population Synthesis. The process of generating individual-level synthetic agents whose
aggregated attributes match known population-level distributions, commonly using methods
such as Iterative Proportional Fitting (IPF).

4. Retrieval-Augmented Generation (RAG). A generation framework that combines large
language models with external information retrieval, conditioning outputs on retrieved doc-
uments rather than solely on model parameters.

5. AURORA Framework. A Retrieval-Augmented Generation—based system for synthetic
population modeling that integrates semantic vector search, salience-aware retrieval, and
large language models to generate psychologically and ideologically coherent personas.
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10.

11.

12.

13.

14.

15.

16.

17.

Semantic Vector Database. A data store containing high-dimensional embeddings of tex-
tual artifacts, enabling similarity-based retrieval using vector distance metrics such as cosine
similarity.

. Topic Salience. A measure of the relative importance or relevance of a topic to an agent or

community: influencing attention, emotional activation, and engagement behavior.

Opinion Dynamics. The study of how individual beliefs evolve through social interaction,
influence, and information exposure, including such processes as consensus formation and
polarization.

Friedkin—Johnsen Model. A social influence model in which agents update opinions through
weighted social interaction while retaining partial attachment to prior beliefs, allowing per-
sistent disagreement.

JANUS Framework. An emotion-aware agent-based opinion dynamics framework that
extends classical models by incorporating emotional predispositions, topic salience, persua-
siveness, and engagement probability.

Persuasiveness. An agent-level attribute representing the strength with which an agent’s
expressed opinion influences others during social interaction.

Engagement Probability. The likelihood that an agent will interact with, respond to, or
propagate content related to a given topic, conditioned on salience and emotional state.

Emotion-Trait Mapping. A structured relationship between stable personality traits and
dynamically expressed emotional states, often represented using dimensional models of af-
fect.

Narrative Diffusion. The process by which narratives, frames, or themes propagate through
a population via repeated social interaction and reinforcement.

Social-Cyber Influence. Coordinated efforts to shape beliefs or behaviors through digitally
mediated social systems, including human-driven and automated influence operations.

Interpretability. The degree to which model mechanisms, agent behavior, and simulation
outcomes can be understood and explained by researchers or analysts.

Synthetic Social Media Environment. A simulated information ecosystem composed of
synthetic agents, interactions, and content designed to approximate real-world online plat-
forms.

1.2 Data

To evaluate the synthetic population and opinion-dynamics framework developed in this disserta-
tion, I use a combination of empirical demographic microdata, scenario-structured synthetic envi-
ronments, and event-driven social media datasets. Together, these sources support the three major
layers of the dissertation: (i) structurally valid population construction, (ii) psychologically and
contextually grounded persona enrichment, and (iii) dynamic belief evolution under narrative and
event exposure.



ACS PUMS Microdata. The structural foundation of the synthetic population pipeline is built
from the American Community Survey (ACS) Public Use Microdata Sample (PUMS), obtained
from the U.S. Census Bureau. ACS PUMS provides anonymized individual-level demographic and
socioeconomic records, including variables such as age, sex, marital status, race, Hispanic origin,
class of worker, educational attainment, and personal income. These data are used to estimate
weighted population marginals and to construct proportionally representative skeleton personas
through Iterative Proportional Fitting (IPF). ACS PUMS therefore serves as the primary empirical
reference population for Chapter 3.1, where the dissertation evaluates how semantic validation
affects both record-level plausibility and population-level fidelity.

Ukraine-Russia Conflict Social Media Data. For empirical grounding of narrative conflict dy-
namics, the dissertation draws on a large-scale social media dataset covering the Ukraine—Russia
conflict. This collection includes contains Twitter/X data spanning major phases of the conflict and
includes multilingual content in English, Ukrainian, and Russian. In related analyses and support-
ing work, the dataset is paired with bot-labeling, location inference, and geospatial standardization
procedures in order toto examine coordinated narratives, moral framing, and geographically dis-
tributed information operations. This dataset is used not as a direct population source, but as an
empirical benchmark for how narratives, polarization, and cross-platform conflict discourse mani-
fest in real-world information environments.

Country-Level Reference Data for AURORA. To initialize cross-national synthetic popula-
tions beyond the U.S. microdata setting, this dissertation also uses a country-level reference table
of demographic, socioeconomic, digital, and political attributes. These variables include popula-
tion size, urbanization, age structure, sex ratio, GDP per capita, internet penetration, social media
usage, dominant platforms, ethnic and linguistic composition, religion, employment sectors, edu-
cation levels, institutional trust, and political orientation. Rather than directly assigning beliefs or
behaviors, these country-level variables act as macro-level priors and sampling constraints within
AURORA, allowing persona generation to remain demographically grounded while preserving
downstream behavioral flexibility.

Facebook Datasets: Roe v. Wade and the 988 Suicide & Crisis Lifeline. For empirical ground-
ing of online opinion dynamics, this dissertation uses Facebook discussion data centered on two
U.S. public issues: reactions to the overturning of Roe v. Wade and discourse surrounding the 988
Suicide & Crisis Lifeline. These datasets capture user-level discussion, disagreement, and issue-
specific engagement in naturally occurring social media environments. In this dissertation, they
are not used as direct inputs for synthetic population construction. Instead, they serve as empirical
reference cases for how opinion variation, polarization, and topic-specific responsiveness appear
in real-world platform discourse. They are particularly useful for motivating topic-sensitive initial-
ization and for comparing simulated belief dynamics against observed issue-dependent patterns of
online discussion.



Synthetic Scenario Environment: IGOE / Toto Scenario. A major evaluation environment in
this dissertation is the Indo-Pacific Geopolitical Opinion Experiment (IGOE), instantiated through
the Toto Scenario configuration inside GhostField. This synthetic environment includes 4,320 AU-
RORA personas distributed across 12 countries, 402 AESOP strategic actors, 8 institutional com-
munity types per country, and a structured geopolitical topic space covering Russian aggression,
Chinese hegemony, Taiwanese sovereignty, Arctic competition, cyber cooperation, and related is-
sues. The scenario unfolds over a 9-day escalation timeline with kinetic, cyber, environmental,
and diplomatic events, allowing the dissertation to test whether the integrated AURORA-JANUS
framework produces interpretable cross-country variation in opinion, salience, emotion, and inter-
vention response under controlled conditions.

Data Processing and Integration All datasets are processed using a combination of natural
language processing pipelines, semantic vector databases, and Retrieval-Augmented Generation
(RAG) systems. These tools support both the generative phase of persona construction and the
simulation of narrative-driven belief formation and diffusion across platforms and time.

1.3 Tools

This section describes the tools used throughout this thesis.

1.3.1 Existing Tools

ORA-PRO is a dynamic network analysis and visualization tool used extensively in this the-
sis. It supports the import of Twitter, Telegram, and other social media datasets for constructing
metanetworksmeta networks and analyzing communication structures. In this thesis, ORA-PRO
is used to identify stance shifts, group structures via Leiden clustering, and key social interaction
metrics, offering a high-level view of narrative influence within and across online platforms.

NetMapper is a natural language processing tool that extracts and links concepts from unstruc-
tured text to generate semantic and conventional meta-networks. It uses custom dictionaries and
configurable parameters to identify key terms and entities. For this thesis, NetMapper is used to
process social media corpora and convert them into structured network representations that can be
further analyzed within ORA-PRO.

AESOP is used as the scenario and actor generation environment for constructing synthetic in-
formation operations settings. It supports the creation of structured events, key actors, institutional
roles, narrative lines, and message templates that define the information environment prior to sim-
ulation. In this thesis, AESOP is used to build scenario-layer entities, including strategic actors,
intervention accounts, event timelines, and narrative content, which are then passed into down-
stream simulation systems for execution and analysis.
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SynSM  SynSM is the synthetic social media realization layer used to instantiate platform-level
communication behavior. It operationalizes messages, reposts, replies, and other interaction pat-
terns in platform-like environments, enabling belief-conditioned outputs to appear as realistic so-
cial media activity. In this thesis, SynSM is used to realize the outputs of AESOP actors and
AURORA/JANUS personas on simulated platform structures, allowing narrative diffusion, en-
gagement behavior, and interaction cascades to be studied under controlled conditions.

OpenAl Models and API are used for persona generation, narrative scripting, and interaction
modeling; this thesis utilizes OpenAI’s GPT-4.0 Mini. This model is integrated via API into a
Python-based workflow and supports high-quality text generation, character conditioning, and sce-
nario development. DALL-E 2 is also used to create illustrative visuals associated with synthetic
personas and communication environments.

Locally Hosted Large Language Models enable narrative generation on sensitive or restricted
topics where commercial models enforce guardrails. A locally hosted version is used. This open-
source local model provides additional flexibility and control during persona construction and ad-
versarial narrative experimentation, while maintaining high performance on constrained hardware.

1.3.2 Tools Developed for this thesis

AURORA (Augmented Understanding through Retrieval-Oriented Reasoning Architecture)
is a Retrieval-Augmented Generation (RAG) framework developed to construct psychologically
and contextually grounded synthetic personas. AURORA integrates large language models with se-
mantic vector databases and salience-aware retrieval pipelines to enrich demographically grounded
skeleton personas with emotional traits, ideological orientations, topic salience, and narrative pre-
dispositions. Unlike prompt-only persona generation approaches, AURORA conditions generation
on retrieved, topic-relevant artifacts drawn from curated corpora such as news articles, survey data,
and domain-specific texts. This design supports reproducibility, diversity, and interpretability in
persona construction, enabling controlled experimentation with population-level belief distribu-
tions and narrative exposure.

JANUS (Joint Agent-based Networked Understanding of Sentiment) is an agent-based opin-
ion dynamics framework developed to simulate belief formation, polarization, and narrative diffu-
sion within synthetic social media environments. JANUS extends classical social influence models
by incorporating agent-level attributes including emotional predisposition, topic salience, persua-
siveness, and engagement probability. Building on the Friedkin—Johnsen model, JANUS allows
agents to retain attachment to prior beliefs while dynamically updating opinions through social
interaction.



Chapter 2
Background and Related Work

2.1 Background

2.1.1 Social Cybersecurity and Networked Influence

The rise of large-scale social media platforms has fundamentally altered how information is pro-
duced, disseminated, and consumed, creating environments in which beliefs can be shaped at un-
precedented speed and scale. Empirical studies show that false or emotionally charged content
often diffuses more rapidly than factual information, driven by platform affordances and human
cognitive biases [106, 192]. As a result, the information domain has become a contested space
in which influence, persuasion, and narrative control play central roles in political, social, and
security outcomes.

Social cybersecurity emerged in response to these challenges as a framework for understanding
how cyber-mediated information operations affect human cognition, collective behavior, and soci-
etal stability [20]. Unlike traditional cybersecurity, which focuses on protecting technical systems,
social cybersecurity treats people and social structures as the primary targets of attack, emphasizing
phenomena such as cognitive hacking, narrative manipulation, and trust erosion [33]. Within this
paradigm, coordinated information campaigns—often supported by automated or semi-automated
actors—are understood as strategic maneuvers designed to distort belief systems, fracture commu-
nities, and undermine institutional legitimacy over time.

Research in this area highlights the importance of network structure and social context in shap-
ing influence. Patterns of homophily and selective exposure reinforce belief alignment within com-
munities, increasing resistance to countervailing information and enabling persistent polarization
[46]. Empirical analyses of online political discourse further show how selective exposure con-
tributes to the amplification and persistence of opinion clusters [9]. Studies of online moderation
and bystander behavior demonstrate that responses to harmful or misleading content are shaped by
perceived norms, identity alignment, and platform design rather than content accuracy alone [200].
Together, these findings highlight that influence operations must be understood as socio-technical
processes embedded within networks of interaction, rather than isolated messaging events.

This dissertation situates itself within the social cybersecurity literature by advancing computa-
tional methods for simulating belief formation and influence in synthetic populations. While much
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prior work has focused on detection, measurement, and retrospective analysis of information oper-
ations [20, 33], this research emphasizes forward-looking simulation as a means of understanding
how emotionally grounded agents, demographic structure, and networked influence interact to pro-
duce emergent belief dynamics.

2.1.2 Synthetic Population Modeling and Agent-Based Simulation

Synthetic population modeling has long provided a basis for simulating demographic structure and
population-level behavior in domains such as transportation, health, and economics. Traditional
approaches, including Monte Carlo microsimulation and iterative proportional fitting (IPF), enable
population-scale modeling by aligning individual or household attributes with census aggregates,
while preserving privacy [130, 208]. Agent-based models (ABMs) extend these methods by simu-
lating dynamic processes such as aging, household formation, and mobility over time [15, 65].

Despite their strengths, these approaches remain limited in their ability to represent psycho-
logical nuance, narrative context, and sociocognitive diversity. Most synthetic population models
rely on static attributes and rule-based behaviors, constraining their ability to capture how individ-
uals attend to information, emotionally respond, or adapt beliefs in response to social influence.
These limitations are particularly pronounced in digitally mediated environments, where behav-
ior is shaped not only by demographics but also by identity, emotion, and exposure to evolving
narratives.

Recent advances in large language models (LLMs) have prompted renewed interest in persona
driven population modeling. Systems such as Anthology and Persona Hub demonstrate how LLMs
conditioned on rich backstories or large-scale web data can generate virtual personas that exhibit
greater behavioral diversity [64, 134]. Increasing the number of personas has been shown to im-
prove demographic coverage and representational breadth [167]. However, other studies indicate
that LLM-generated personas often struggle to reflect cultural, ideological, or associative distinc-
tions, particularly for non-majority or underrepresented populations [10, 103]. These findings
highlight the need for frameworks that combine demographic realism with contextual grounding
and behavioral differentiation.

This dissertation builds on these foundations by introducing a two-stage population model-
ing approach that separates demographic realism from behavioral specification. Demographically
grounded skeleton personas provide a transparent, statistically aligned population substrate, which
is then selectively enriched with psychological and contextual attributes. This design preserves
the strengths of traditional synthetic population methods while enabling the flexibility required
to model belief change, narrative exposure, and adaptive social behavior in online information
environments

2.1.3 LLM-Augmented Opinion Modeling and Synthetic Social Behavior

Integrating LLLMs into agent-based simulation has emerged as a promising approach to addressing
these gaps. Surveys of LLM-augmented ABM show that generative agents exhibit higher levels
of social reasoning, autonomy, and conceptual coherence than traditional rule-based agents [63,
76]. This shift enables the simulation of longer-term, more adaptive social behavior. Park et
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al.’s Generative Agents architecture further demonstrates how LLM-powered agents equipped with
memory and reflection can produce emergent social phenomena such as gossip, coordination, and
relationship formation in simulated environments [149].

In the domain of opinion modeling, several studies show that LLMs can generate statistically
aligned synthetic opinions when conditioned on demographic or group-level information. Sun et
al. introduce “random silicon sampling,” enabling simulations that approximate public opinion
polls using minimal input data [180]. Other work highlights how prompt structure and condi-
tioning strategies strongly influence alignment fidelity [117], while noting persistent challenges
in representing nuanced or marginalized viewpoints [70, 137]. These results underscore the im-
portance of incorporating salience, cultural context, and identity-aware conditioning into persona
design.

Beyond individual belief generation, LLMs have been used to simulate audiences and evaluate
narrative effects at scale. Balog and Zhai show how generative agents can support repeatable user
simulation for system evaluation [11], while Liu et al.’s Explore—Generate—Simulate framework
demonstrates that LLM-simulated audiences can approximate human feedback across commu-
nication scenarios [115]. Studies of trust and cooperation further suggest that LLM agents can
exhibit human-like behavior in strategic interactions [203], though ethical critiques caution against
uncritical reliance on synthetic agents as stand-ins for real populations [97].

Recent work on influence dynamics emphasizes that realistic simulation requires modeling not
only individual agents but also mechanisms for narrative disruption and behavioral tipping points.
Carragher et al. demonstrate how targeted stance perturbations can trigger cascades of belief
change in co-evolving networks [34]. At the same time, critical perspectives warn against treating
synthetic populations as interchangeable “silicon samples,” emphasizing the need for grounding,
transparency, and ethical oversight [87].

This dissertation advances this line of work by integrating LLM-based persona generation into
a mechanistic opinion dynamics framework rather than treating generative agents as standalone
simulators. Through the AURORA persona modeling system and the JANUS opinion dynamics
model, LLMs are used to ground agent cognition, emotion, and salience, while belief evolution
remains governed by interpretable, network-based influence processes. This integration enables
scalable simulations that balance behavioral realism with analytical control, supporting both sci-
entific inquiry and applied social-cybersecurity analysis.
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Chapter 3

Synthetic Persona (Skeleton) Generation

3.1 Structural Foundations for Synthetic Persona Modeling

This chapter formalizes the first stage of the synthetic population pipeline: the construction of
skeleton personas. Skeleton personas provide the demographic and structural substrate upon which
cognitively, emotionally, and narratively enriched agents are later instantiated. At this stage, the
objective is not to model belief formation, affective response, or strategic behavior, but to ensure
that the simulated population is statistically valid, demographically representative, and scalable to
national and cross-national contexts, consistent with established synthetic population methodolo-
gies [14, 155, 198].

Skeleton personas encode demographic, socioeconomic, and digital-access attributes derived
from empirical population data while remaining explicitly agnostic to opinions, emotions, or nar-
rative exposure. This separation of population structure from behavioral dynamics reflects a core
methodological principle in synthetic population research: structural validity must precede cog-
nitive and narrative modeling [198, 206]. Prior work demonstrates that embedding behavioral
assumptions too early risks conflating demographic realism with unvalidated psychological mech-
anisms, thereby reducing interpretability and experimental control [163, 206]. By decoupling
these stages, the framework preserves modularity, enables controlled experimentation, and sup-
ports transparent attribution of downstream effects.

3.2 Introduction

Agent-based models (ABMs) of social systems require synthetic populations that are simultane-
ously (i) demographically representative of observed population structures, (i1) individually coher-
ent at the record level, and (ii1) computationally tractable at national and international scales. Clas-
sical synthetic population methodologies—including Iterative Proportional Fitting (IPF), proba-
bilistic resampling, and related marginal-matching procedures—have been widely deployed in
transportation planning [14], epidemiological modeling [198], and policy simulation [205] because
they provide strong guarantees of population-level statistical validity under empirical constraints.
In this dissertation, “representative” is used in a strict proportional sense: synthesized skeleton
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personas are calibrated so that demographic category frequencies match the target population pro-
portions implied by ACS PUMS microdata (via PWGTP weights). Thus, the synthetic population is
not merely a collection of plausible individuals; it is a proportionally representative reconstruction
of population composition over the modeled attribute space.

However, matching marginal distributions alone does not guarantee semantic coherence at the
individual record level. Even when selected low-order cross-tabulations are incorporated, synthetic
population methods such as IPF generally enforce only a subset of the full dependency structure.
In high-dimensional demographic spaces, many conditional relationships remain unconstrained
unless they are explicitly modeled, and the number of possible joint distributions grows combina-
torially with the number of attributes. As a result, IPF-style synthesis can still produce records that
are statistically admissible under the enforced marginals or low-order joints yet be substantively
implausible at the person level. Examples include: a twelve-year-old with a doctoral degree, a fully
retired worker enrolled full-time in school, or other violations of life-course sequencing. Although
such artifacts may be rare (e.g., < 1% of records), they become consequential when downstream
cognitive, exposure, or behavioral rules depend on attributes such as age, education, employment,
or income.

One possible response is to increase the number of constrained joint distributions, for example
by adding relations such as Age x Income or Age x Education. This can reduce some implausible
combinations, but it does not solve the problem in general. First, enforcing many cross-tabs quickly
becomes computationally burdensome and data-hungry in sparse, high-dimensional settings. Sec-
ond, even relatively rich joint constraints do not fully encode broader semantic regularities or
life-course logic unless the relevant conditional structure is explicitly specified in advance. The
challenge is therefore, not simply one of adding more marginals or cross-tabs, but of determining
how to impose record-level plausibility without undermining population-level fidelity.

Recent work has proposed Large Language Model (LLM)-based semantic validation to ad-
dress this gap by using pretrained models as plausibility judges for demographic configurations
[74, 155]. In this chapter, I evaluate three implementations of that idea. Direct LLM validation
applies an LLLM to each record individually as a semantic classifier. Rule-based validation uses
an LLM once to generate an explicit set of demographic plausibility rules, which are then applied
deterministically. Neural validation distills LLM judgments into a trained classifier that approx-
imates those decisions at lower inference cost. 1 compare these approaches using measures of
distributional fidelity and efficiency, including L1 distance and Jensen—Shannon (JS) divergence.
L1 distance captures absolute distributional error, while JS divergence is a symmetric, bounded
information-theoretic measure of how far two probability distributions differ.

Despite growing interest in LLM-assisted validation, the field still lacks a controlled com-
parative framework for evaluating the quality—cost—interpretability trade space across validation
architectures. In particular, prior work has not systematically examined (i) how post hoc filtering
affects both marginal distributions and key joint relations, (ii) whether the tension between record
level coherence and population-level fidelity is an inherent property of filtering-based validation or
can be reduced through design choices, and (ii1) whether rule-based outcomes remain stable across
providers and deployment settings.

This chapter addresses five research questions:
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1. (RQ1) Quality—Cost-Speed Trade-off: How do direct LLM, rule-based, and neural vali-
dation approaches compare in terms of marginal fidelity (L1 distance and Jensen—Shannon
divergence), focus-relation preservation (Age x Education), runtime, and monetary cost?

2. (RQ2) Coherence-Fidelity Trade-off: To what extent does improving record-level demo-
graphic coherence through post hoc filtering introduce distributional drift, and is that drift
reducible through validation design choices?

3. (RQ3) Interpretability and Governance: Which validation architecture offers the strongest
transparency, auditability, and institutional usability for settings where validation decisions
must be explainable?

4. (RQ4) Provider Robustness: Are rule-based validation outcomes statistically stable across
different LLM providers (OpenAl, Anthropic, Google), enabling vendor-independent de-
ployment and cost optimization?

5. (RQS5) Optimal Configuration: What rule cardinality (/') provides the best balance be-
tween structural quality, computational tractability, and interpretability?

3.3 Background

3.3.1 Demographically Grounded Skeleton Personas

Modeling narrative diffusion and belief dynamics in socio-technical systems requires agents that
accurately reflect the underlying structure of real populations rather than stylized or convenience
samples [14, 198]. This dissertation defines such agents as skeleton personas: digitally instanti-
ated individuals that capture demographic, socioeconomic, and contextual characteristics without
encoding topic-specific beliefs, affective states, or decision-making rules. Skeleton personas there-
fore function as structural agents, forming the population-level scaffolding upon which grounded
personas—introduced in later chapters—are constructed using Retrieval-Augmented Generation
(RAG) and psychologically informed opinion dynamics.

Skeleton persona generation in this work draws on established methods from synthetic popula-
tion modeling, including iterative proportional fitting (IPF), probabilistic resampling, and diffusion
inspired synthesis, all of which have been widely applied in transportation planning, epidemiology,
and policy simulation to preserve marginal and joint attribute distributions [14, 198, 205]. These
methods ensure alignment with observed population statistics while maintaining individual-level
heterogeneity, a prerequisite for valid agent-based simulation [155].

Skeleton personas as structural agents A skeleton persona is the foundational representation
of an individual agent within a synthetic population. It specifies structural and contextual attributes,
such as age, sex, education level, employment sector, geographic location, and digital access, while
deliberately excluding beliefs, emotions, ideological positions, or adaptive behaviors. This design
choice reflects best practices in synthetic population modeling, where structural realism is treated
as analytically distinct from behavioral dynamics [198, 206]. Skeleton personas therefore act as
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neutral population units, supporting later behavioral enrichment without introducing premature
narrative alignment.

Skeleton personas are a specific instantiation of synthetic personas, which are digitally con-
structed representations of human individuals designed for large-scale computational social sim-
ulation [155]. Unlike traditional personas—which are often static, manually curated, and illus-
trative—synthetic personas in this framework are data-driven, programmatically generated, and
intended to operate at population scale within agent-based models [74]. The defining distinction of
skeleton personas is their intentional behavioral minimalism, which preserves experimental control
during downstream opinion and influence modeling [163].

In this dissertation, skeleton personas are characterized by three core properties:

* Empirical Structural Grounding. Persona attributes are grounded in observed demo-
graphic and socioeconomic distributions derived from census and survey data, ensuring
population-level realism without prescribing individual behavior [14, 198].

* Multi-source Attribute Integration. Attributes are synthesized from census and survey
data, digital access and platform usage statistics, and country-level contextual indicators.
Integrating these heterogeneous sources reflects established practice in modern population
synthesis [155, 205]. The complete set of variables, distributions, and sources used in this
process is documented in Appendix A.

* Behavioral Neutrality. Skeleton personas do not encode opinions, emotional states, or
narrative predispositions, enabling controlled and interpretable introduction of cognitive and
influence mechanisms at later stages of the modeling pipeline [163, 206].

By isolating population structure from behavior, skeleton personas bridge classical synthetic
population modeling and modern agent-based social simulation, providing a stable and reusable
foundation for downstream modeling of social influence and narrative dynamics [155].

3.4 Method and Model: Skeleton Persona Construction Pipeline

I formalize skeleton persona construction as a modular, two-stage pipeline that explicitly separates
(1) population-level statistical synthesis from (ii) individual-level semantic coherence enforcement.
This separation preserves the interpretability and convergence properties of classical synthetic pop-
ulation methodologies while enabling targeted mitigation of record-level semantic artifacts that can
arise under purely marginal constraints (Figure 4.1).

3.4.1 Design objectives and operating assumptions

Skeleton personas encode structural demography without behavioral content. The pipeline there-
fore follows three design objectives:

1. Empirical structural grounding. Synthetic populations reproduce demographic marginals
derived from reference microdata, ensuring that the simulated population reflects the correct
proportions of demographic strata.
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Figure 3.1: Skeleton Persona Generation Pipeline. Marginal distributions are extracted from
ACS PUMS data and matched using Iterative Proportional Fitting (IPF) to generate statistically
grounded skeleton personas. Optional semantic validation is applied using one of three strategies:
direct LLM validation, rule-based filtering, or neural network approximation. Outputs are eval-
uated using marginal L1 distance, Jensen—Shannon divergence, and age—education joint fidelity.
The resulting skeleton populations are behaviorally neutral and suitable for downstream cognitive
or narrative enrichment.
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2. Multi-attribute integration. Individuals are represented as joint configurations over mul-
tiple demographic attributes. However, synthesis methods such as IPF primarily enforce
marginal constraints and do not guarantee full joint plausibility. As a result, statistically ad-
missible but semantically implausible combinations (e.g., a minor with a doctoral degree)
can occur. The semantic validation stage introduced in this chapter identifies and filters such
records.

3. Behavioral neutrality. Skeleton personas exclude opinions, beliefs, and affective states.
While demographic attributes may influence behavior in real populations, these relationships
are introduced only in later modeling stages. At this stage, demographics serve solely as
structural inputs for downstream cognitive and influence models.

The central methodological issue is that marginal matching guarantees aggregate fidelity but
does not, in general, guarantee record-level plausibility. I therefore introduce semantic validation
as an optional filtering layer intended to remove a narrow class of internally inconsistent demo-
graphic configurations while minimizing distortion of aggregate distributions.

3.4.2 Data and structural attribute space

The reference population is derived from the American Community Survey (ACS) Public Use
Microdata Sample (PUMS), a nationally representative microdata dataset released by the U.S.
Census Bureau. ACS PUMS provides anonymized individual-level demographic records that al-
low researchers to construct synthetic populations while preserving statistical properties of the
underlying population. For more information see Appendix A.1.

Let X,eq € RNe*d denote the reference population drawn from ACS PUMS microdata, and
let Xy € R *? denote the synthetic skeleton population with target size Nyy,. I define skeleton
personas over d = 8 demographic variables:

* SEX: sex category used in PUMS,

* MAR: marital status,

* RACI1P: race,

* HISP: Hispanic origin,

* COW: class of worker,

* SCHL: educational attainment (21 levels),
* AGEP: age,

* PINCP: personal income.

Each synthetic record r; € Xy, is an 8-tuple r; = (v;1, . . ., v;q) taking values in the discrete do-
main of each attribute. Sampling weights (PWGTP) are used to compute population-representative
marginals following established synthetic population practice [14, 198]. These weighted marginals
define the target population proportions that IPF enforces, so each synthesized run is a calibrated
proportional reconstruction of the real population over the modeled attribute set (up to sampling
variance). In this sense, skeleton personas instantiate proportional representation at scale: the sim-
ulated population preserves not only individual-level heterogeneity, but also the correct population
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shares of demographic strata. Behavioral variables are intentionally excluded (Section 3.3.1). Ap-
pendix A.2 provides coding details and attribute domains.

3.4.3 Stage I: Iterative Proportional Fitting as marginally constrained maximum-
entropy synthesis

Let { Preai(v;) }%_, denote empirical marginal distributions over each attribute v;. IPF constructs a
joint distribution Py, (v) that satisfies these marginal constraints by iteratively re-weighting a seed
distribution P(®)(v). Equivalently, IPF yields the maximum-entropy joint distribution consistent
with the observed marginals, and may be interpreted as minimizing divergence from the seed
subject to marginal constraints [16, 206].

At iteration ¢, and for each attribute v;, the joint distribution is updated as:

Prea(vj)
) (y) = PO (y) . i)

P (V) =P (V) vaj P(t) (V)’ (31)
where v_; denotes all variables except v;. The update cycle repeats across 7 = 1,...,d until
convergence:

max | P8 (0) = Prear(v))]], <6, (3.2)

with tolerance § = 10~ or a maximum of 50 iterations.

Sampling the IPF-only baseline After convergence, I sample Ny, individuals from Pg(yTn) (v) to
form the baseline synthetic population:

Xipr ~ PO (v). (3.3)

syn

By construction, X pr matches the target marginals in expectation and typically to within negligible
empirical error. Accordingly, Xpr can be interpreted as a proportionally representative synthetic
population: for each modeled attribute, the expected category counts correspond to the population
shares implied by the weighted ACS PUMS marginals.

Fast mode for high-dimensional domains When the joint domain cardinality exceeds 10° com-
binations, explicit materialization of P(v) becomes memory-intensive. In this regime, IPF is exe-
cuted in an approximate, sample-reweighting form, iteratively adjusting weights over a candidate
sample of records rather than storing the full joint tensor. This reduces memory complexity from
O(I1; |vjl) to O(Ngyn), while maintaining practically equivalent marginal convergence [207].

3.4.4 Stage II: Semantic validation as a record-level filtering operator

IPF guarantees marginal fidelity but does not impose record-level semantic constraints. Conse-
quently, the IPF-only baseline may contain marginally admissible yet semantically implausible
records (e.g., minors with doctoral degrees) [155]. I therefore introduce a validation function

Vir—{0,1}, (3.4)
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and define the validated population as:
Xgyn = {r; € Xppp : V(r;) = 1}. (3.5)

Semantic validation is conceptualized as a support-restriction operator: it constrains the real-
ized joint configurations by excluding records that violate demographic plausibility regularities.
Because filtering is applied post hoc, it can induce marginal drift relative to P,; accordingly,
the evaluation framework quantifies both (i) marginal divergence introduced by filtering and (i)
improvements in targeted joint plausibility diagnostics (notably age—education coherence).

3.4.5 Validation architectures evaluated

I evaluate three implementations of ) that span a trade space over semantic expressiveness, inter-
pretability, computational scalability, and robustness. Each method instantiates the same abstract
operator in Eq. 3.5, differing only in the mechanism by which plausibility is assessed and opera-
tionalized.

1) Direct LLLM validation: knowledge-based plausibility classification

Direct validation treats a pretrained LLLM as a plausibility classifier. Each record r; is serialized
into a structured natural-language description of the demographic tuple, and the LLM returns a
binary validity judgment.
Formally,
Viireet(r;) = LLM(serialize(r;); O11m, T'), (3.6)

where 0,1y denotes fixed pretrained parameters and 7' is the sampling temperature. [ use 7' = 1.0
to reflect that plausibility boundaries can be context-dependent and non-deterministic for rare but
feasible configurations (e.g., accelerated education trajectories).

Operational characteristics Direct LLM validation requires no rule engineering and no labeled
training data, and it can encode multi-attribute dependencies that are difficult to express as simple
thresholds. Its primary limitation is computational: inference cost scales linearly with Ny, due to
per-record model evaluation. To mitigate latency, records are processed in asynchronous batches;
nevertheless, this strategy is typically unsuitable for repeated large-scale generation and is treated
as a semantic reference and as a supervision source for distillation.

2) Rule-based validation: interpretable semantic compression

Rule-based validation compresses plausibility constraints into a finite set of deterministic rules. A
single LLM call produces a candidate rule set R = {Rj,..., Rx}. Each rule is expressed as a
conditional constraint:

where ¢, is an antecedent predicate and v, is a consequent requirement.

18



Validation is then deterministic:

K

Voute(r) = [ [ 1[0k (r) v i (x)], (3.8)

k=1

accepting only records that violate none of the rules.

Operational characteristics This approach decouples semantic knowledge elicitation (one-time
LLM invocation) from execution (local rule evaluation), yielding negligible marginal cost per
record and full auditability: each rejection is attributable to an explicit constraint. The princi-
pal limitation is representational: probabilistic or context-sensitive plausibility judgments are dis-
cretized into deterministic thresholds, which can misclassify rare but valid outliers.

3) Neural network validation: distillation of LLM judgments

Neural validation distills direct LLM judgments into a supervised classifier, approximating Virec
while eliminating per-record API calls. I label a training set of n = 5,000 IPF-generated records
using Direct LLM validation, producing pairs (r;,y;) with y; € {0,1}. A feedforward neural
network is trained to minimize binary cross-entropy:

L=- Z [yilog §; + (1 — yi) log(1 — §:)] - (3.9)

A
I use a two-hidden-layer architecture:

h; = ReLU(W;r + by), h; € R*
h, = ReLU(W2h1 + bQ), h, € R12, (310)
y = softmax(W3hy + bs), € [0,1]%

with Dropout(0.2) applied after each hidden layer. The validation decision is:

Van(r) = argmaxy. (3.11)

Operational characteristics This strategy provides high-throughput, offline validation at neg-
ligible marginal cost, making it well-suited for large populations and repeated generation. Its
principal risk is approximation error, including sensitivity to distributional shift between the LLM-
labeled training set and deployment populations (e.g., changes in region, marginal targets, or cod-
ing granularity). I therefore evaluate whether neural validation preserves the targeted joint plau-
sibility properties (e.g., age—education coherence) without inducing unacceptable degradation in
marginal fidelity.
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Table 3.1: Experimental variables, roles, and operationalization.

Factor / Metric Role Operationalization

Validation strategy Independent IPF-only (no filtering); Direct LLM (Vgirect); Rule-
based (Vye); Neural (VNN)

LLM provider Independent Varied in the robustness case study: GPT-4.1-mini,
Claude 3.5, Gemini 2.0 Flash

Marginal error (L1, JS) Dependent Distance between synthetic and reference marginal
distributions across d=8 attributes

Focus-relation error (L1, JS) Dependent Distance  between synthetic and reference
AgexEducation joint distribution

Execution time Dependent Wall-clock runtime per run (s), including validation
overhead

Cost per 1,000 records Dependent Estimated dollar cost normalized per 1,000 generated
records (API + training where applicable)

Source data Control ACS PUMS microdata; fixed extract and preprocess-
ing pipeline across conditions

IPF settings Control Fixed convergence tolerance and maximum itera-
tions across runs

Population size Control Fixed Ny, within each case study; varied only when
explicitly scaling

Attribute set Control Fixed demographic feature set (d=8) across all

strategies and providers

3.5 Experimental Design and Evaluation

This section details the experimental design used to evaluate semantic validation strategies for
skeleton persona generation, followed by the quantitative metrics used to assess structural fidelity,
focus-relation preservation, and computational efficiency. The experimental setup isolates the ef-
fect of validation architecture while holding constant the underlying population synthesis process
and evaluation protocol.

3.5.1 Experimental Design

The experiments evaluate how different implementations of the semantic validation function V
affect the quality and scalability of synthetic skeleton populations generated via IPF. Each experi-
mental condition follows a common pipeline:

IPF synthesis — semantic validation — metric evaluation.

Table 3.1 summarizes the experimental variables and their roles.

Across strategies, the objective is the same: filter semantically implausible records while pre-
serving the aggregate structure produced by IPF. I treat this as a quality—stability—efficiency trade
space, balancing record-level coherence, population-level drift (marginals and Age xEducation),
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and operational cost as Ny, scales. The three validation architectures occupy distinct points in this
trade space:

* Direct LLM (Vgirect): Strongest semantic coverage with minimal engineering, but per-record
inference cost scales roughly linearly with Ny, limiting repeated or large-scale synthesis.

* Rule-Based (V;ye): deterministic constraints with high interpretability and near-constant
per-record runtime but can miss nuanced or probabilistic plausibility boundaries.

* Neural (Vnn): distills LLM judgments into a classifier with low marginal inference cost but
depends on label fidelity/calibration and can degrade under distributional shift (including
provider-dependent labeling).

The case studies therefore measure: (1) improvements in joint plausibility (AgexEducation),
(2) marginal drift induced by filtering, and (3) the quality—efficiency frontier across Ny, and (when
varied) provider choice.

Independent variables The primary independent variable is the semantic validation strategy
applied to the IPF-generated synthetic population: IPF-Only, Direct LLM, Rule-Based, and Neural
Network. In addition, I vary the LLM provider in one case study to assess cross-provider robustness
of validation outcomes.

Dependent variables The dependent variables quantify both structural fidelity and operational
cost. Population-level fidelity is measured using marginal distributional error (L1 distance and
Jensen—Shannon divergence) and focus-relation error for the AgexEducation joint distribution.
Operational performance is assessed using wall-clock execution time and estimated monetary cost
per 1,000 generated records.

Controlled variables To ensure comparability across experimental conditions, all other factors
are held constant (Table 3.1). These include the source data (ACS PUMS microdata), IPF conver-
gence tolerance and iteration caps, the demographic attribute set (d=8), and the evaluation protocol
and statistical testing procedures. Holding these variables constant ensures observed differences
are attributable to the validation strategy and, where applicable, the LLM provider.

3.5.2 Case Study Design

Three case studies evaluate validation strategies under increasing scale and heterogeneity.

Case Study 1: Direct LLM vs. Rule-Based This case evaluates whether rule-based validation
can approximate the quality of direct LLM validation while substantially reducing cost and latency.
The comparison includes IPF-only, Direct LLM, and Rule-Based strategies using a single LLM
provider.
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Table 3.2: Experimental conditions across case studies.

Parameter Case 1 Case 2 Case 3

Synthetic population size 1,500 2,500 2,500

Number of runs 100 100 50

Validation strategies IPF, Direct, Rule IPF, Rule, NN IPF, Rule

LLM provider(s) GPT-4.1-mini GPT-4.1-mini  GPT-4.1-mini, Claude, Gemini
Random seeds 42-51 100-109 Provider-specific

Case Study 2: Neural Network Approximation This case tests whether a neural network
trained on 5,000 LLM-labeled records can reproduce validation quality at near-zero inference cost.
Performance is compared against rule-based validation under identical synthesis conditions.

Case Study 3: Multi-Provider Robustness This case assesses the stability of rule-based valida-
tion across different LLM providers by repeating the experiment with three model families. This
evaluates sensitivity to provider-specific semantic biases.

3.5.3 Evaluation Metrics

Synthetic populations are evaluated along three complementary dimensions: (i) fidelity to real
population marginal distributions, (ii) preservation of a critical joint (focus) relation, and (iii) op-
erational efficiency. Together, these metrics quantify the principal trade-off in skeleton persona
construction: improving individual-level semantic coherence without inducing unacceptable dis-
tortion at the population level or incurring prohibitive computational cost.

Marginal Distributional Fidelity

Marginal distributional fidelity measures how closely the synthetic population reproduces the uni-
variate demographic structure of the real population across all d attributes. Because IPF explicitly
enforces marginal constraints, deviations from real marginals arise only through sampling vari-
ance and the removal of records during semantic validation. Quantifying marginal drift therefore
provides a direct measure of how strongly a validation strategy perturbs the statistical grounding
established by IPF.

I compute the average L1 distance (total variation) between synthetic and real marginal distri-
butions as:

d
1
Inargmdl == E E E syn - Preal(vj = k)’ 5 (312)
=1 k

where v; denotes the j-th demographic variable and £ indexes its categorical levels. An L1 value
of zero indicates perfect marginal agreement, while larger values reflect increasing distortion of
the population structure.
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To complement L1 distance, I also compute Jensen—Shannon (JS) divergence:
1
I Smaginat = = TS (Pagn (1) || Prear(v5)) (3.13)
j=1

a symmetric, bounded information-theoretic measure derived from Kullback-Leibler divergence.
JS divergence is less sensitive to small absolute differences in high-frequency categories and re-
mains finite even when support differs, making it well suited for comparing sparse or skewed
demographic distributions.

Focus Relation Preservation

Marginal fidelity alone is insufficient for many downstream modeling tasks, which often depend
on specific inter-attribute relationships rather than univariate distributions. I therefore evaluate
preservation of the joint Age x Education distribution (AGEP x SCHL), a structurally critical
relation capturing educational timing, workforce entry, and cohort effects.

Joint fidelity is measured using L1 distance over the full contingency table:

Lltocus = Y _ |Pyn(AGEP = 0, SCHL = ¢) — Pyat(AGEP = a, SCHL = ¢)] , (3.14)

a,e

where a and e index age and education levels, respectively. Jensen—Shannon divergence is com-
puted analogously to capture information-theoretic differences in the joint distribution.

This focus relation metric directly assesses whether semantic validation disproportionately re-
moves plausible but statistically important subpopulations (e.g., young workers, late-degree earn-
ers), thereby distorting cohort structure despite preserved marginals.

Operational Efficiency

In addition to structural quality, validation strategies are evaluated on operational efficiency, which
is critical for large-scale population synthesis and iterative experimentation. I measure wall clock
execution time per run, defined as the elapsed time from completion of IPF synthesis to production
of the final validated population. I also estimate monetary cost per 1,000 records, accounting for
LLM API usage and amortized training costs for neural network validation.

These metrics enable explicit comparison of quality—cost trade-offs, distinguishing strategies
that achieve marginal improvements in structural fidelity at disproportionate computational ex-
pense from those that offer scalable, production-ready performance.

Statistical Testing and Robustness

All experiments are repeated across multiple random seeds to account for stochastic variation in
IPF sampling, LLM responses, and neural network training. For each metric, I report the mean,
standard deviation, and coefficient of variation across runs. Pairwise comparisons between valida-
tion strategies are conducted using Welch’s ¢-tests, which do not assume equal variances. Statistical
significance is assessed at & = (.01, ensuring robustness of reported differences.
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Table 3.3: Fixed parameters across all experiments.

Parameter Value

IPF convergence tolerance () 1074

IPF maximum iterations 50
LLM temperature (1) 1.0
Direct LLM batch size 100
Concurrent batches 5
Rule count (K) 8
NN training samples 5,000
NN dropout rate 0.2

3.5.4 Fixed Parameters

To ensure that observed differences across experiments are attributable solely to validation strategy,
all synthesis and validation parameters are held constant across runs. Table 3.3 summarizes the
fixed configuration used in all experiments.

3.6 Results

Synthetic populations are evaluated along three dimensions: (i) marginal fidelity (marginal L1 and
Jensen—Shannon divergence), (i1) focus relation preservation (AgexEducation joint L1/JS), and
(ii1) operational efficiency (runtime and estimated cost). These metrics expose the central trade-off
in skeleton persona validation: increasing record-level plausibility without excessive macro-level
drift or prohibitive computation cost. All reported fidelity metrics should be interpreted relative to
this goal of proportional representation: validators are penalized insofar as filtering perturbs the
calibrated population shares established by IPF.

3.6.1 Case Study 1: Direct LLM vs. Rule-Based Validation

Case Study 1 isolates the trade-off between semantic selectivity and distributional stability. Direct
LLM validation applies a per-record plausibility gate that can reject records unevenly across the
joint space, while Rule-Based validation applies a fixed, auditable constraint set. I evaluate both
against the IPF-only baseline over 100 runs (N, = 1,500) using GPT-4.1-mini.

Marginal distributional accuracy: Direct LLM induces larger drift

Table 3.4 shows that both validators introduce marginal drift relative to IPF-only, but Direct LLM
produces substantially larger divergence than Rule-Based. This is consistent with non-uniform re-
Jjection: the LLM gate concentrates deletions in semantically borderline regions of the joint space,
and those deletions propagate into marginals through correlation structure (e.g., age—education—
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income coupling). Rule-Based constraints still prune implausibilities, but do so with a more pre-
dictable and bounded footprint, yielding lower average drift.

Table 3.4: Case Study 1: Marginal distributional accuracy (n=100 runs; 1,500 records). Rule-
Based validation produces significantly lower marginal drift than Direct LLM.

Strategy L1 Mean L1Std JS Mean JS Std
IPF-Only 0.0798 0.0000 0.00147 0.0000
Rule-Based 0.1084 0.0081  0.00420 0.0013
Direct LLM  0.1812  0.0057 0.01768 0.0004

Rule-Based vs Direct LLM: 40% lower L1 error (p < 0.0001)

Operationally, this pattern shows the cost of enforcing plausibility by deletion. Direct LLM
rejects on the order of 16% of records per run, and those rejections are systematically concentrated
rather than uniformly random. Rule-Based validation reduces implausibilities while avoiding the
same degree of concentrated depletion, which keeps marginal distortion smaller and more stable
across runs.

Focus relation (Age x Education): Direct LLM improves the target joint most

Marginals do not reveal whether validation corrects the intended semantic pathology. I therefore
evaluate the AgexEducation focus relation directly. In this case study, Direct LLM yields the
lowest error on the targeted joint, followed by Rule-Based, with IPF-only worst (Table 3.5). How-
ever, the Direct-vs-Rule difference is not statistically significant across 100 runs (p = 0.2863),
indicating comparable improvements on the age—education dependency in this setting.

It is important to note that the L1 values for the focus relation are larger than those reported for
marginal distributions in Table 3.4. This difference is expected because the focus metric evaluates
a two-dimensional joint distribution rather than a single-variable marginal. The Age xEducation
relation contains many more cells, and the L1 metric aggregates absolute error across all of them.
As a result, joint-distribution L1 values naturally appear larger in magnitude, and the relevant
comparison is the relative improvement across validation strategies rather than the absolute scale.

Table 3.5: Case Study 1: Focus relation accuracy (Age x Education; n=100 runs). Lower is
better. Direct LLM yields the lowest AgexEducation error; Direct-vs-Rule is not statistically
significant across runs (p = 0.2863).

Strategy L1 Focus JS Focus Combined (L1+]S)

IPF-Only 0.7333 0.1458 0.8792
Rule-Based 0.6526 0.1261 0.7787
Direct LLM  0.5435 0.0998 0.6433

Direct LLM vs Rule-Based: p = 0.2863 (not significant)
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Figure 3.2 shows the run-wise distributions for the same joint metrics. Direct LLM shifts
the distribution downward on L.1/JS and the combined score, consistent with directly suppressing
implausible age—education configurations. Rule-Based also improves relative to IPF-only, and
exhibits more bounded spread, reflecting deterministic enforcement of a stable rule set.

Multi-Run Joint Distribution Analysis: AGE_BIN_x_SCHL (with IPF Baseline)
10 Runs (Lower = Better)

Joint L1 Distance Distribution Joint JS Distance Distribution Combined Score Distribution
AGE_BIN_x_SCHL (n=10 runs) AGE_BIN_x_SCHL (n=10 runs) AGE_BIN_x_SCHL (n=10 runs)

L1 Distance
2 >

Combined Score (L1+JS)
B Y

i
Ik

— = = =

IPF-Only Direct LLM Rule-Based IPF-Only Direct LLM Rule-Based IPF-Only Direct LLM Rule-Based

Figure 3.2: Case Study 1: Multi-run Age-binned x Education joint analysis (n=100 runs).
Panels show joint L1 distance (left), joint JS divergence (center), and combined score (right).
Lower is better.

Efficiency: Rule-Based is the deployable regime

Direct LLM’s focus-relation gains come with steep operational overhead. Table 3.6 shows that
Rule-Based validation retains much of the semantic benefit at a small fraction of the runtime and
cost. Because Direct LLM requires per-record inference, latency and API cost scale with Nyyy;
Rule-Based shifts LILM dependence to one-time rule extraction and performs local checks there-
after, enabling repeated synthesis runs for sensitivity analysis and statistical confidence.

Table 3.6: Case Study 1: Computational efficiency and cost (1,500-record populations).

Strategy Time/Run Speedup Cost/1IK Cost Ratio Budget Impact

IPF-Only 2.5s 206 x $0.00 1x -
Rule-Based  13.7s 38 $0.001 1x $0.05 / 500K
Direct LLM 4825 1x $0.10 100 $50 / 500K

Takeaway. Case Study 1 separates targeted semantic correction from global distributional sta-
bility. Direct LLM yields the strongest improvement on the AgexEducation focus relation in
this setting, but it also produces substantially higher marginal drift and is operationally expensive.
Rule-Based validation offers the most practical balance: it improves the focus relation relative
to IPF-only while keeping marginal distortion, runtime, and cost bounded, making it suitable for
iterative, large-scale skeleton persona generation.
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Table 3.7: Case Study 2: Marginal distributional accuracy (n=100 runs; N,=2,500). Dis-
tilled neural validation increases population-level drift relative to Rule-Based.

Strategy L1Mean L1Std JSMean JS Std
IPF-Only 0.0764  0.0016  0.00136  0.00000
Rule-Based 0.1016 ~ 0.0039  0.00330  0.00065

Neural Network  0.1500  0.0047  0.00627  0.00022

Neural vs Rule (L1): A=0.0484, t=33.14, p < 10~*
Neural vs Rule (JS): A=0.0029, t=15.08, p < 10~

3.6.2 Case Study 2: Neural Network Approximation

Case Study 2 evaluates whether a distilled neural validator, Vxy, can approximate the structural
behavior of Rule-Based validation while reducing inference latency. I compare IPF-Only, Rule-
Based (Vwie; K=8), and Neural Network (Vnn) over 100 independent runs with Ng,,=2,500 per
run (GPT-4.1-mini supervision). The core criterion is not classification accuracy, but whether the
validator preserves (1) marginal stability and (ii) the targeted AgexEducation dependency under
repeated synthesis.

Marginal fidelity: distillation amplifies drift

Table 3.7 shows that Vyn induces substantially larger marginal drift than V. under identical syn-
thesis conditions. Mean marginal L1 increases from 0.1016 (Rule-Based) to 0.1500 (Neural), and
mean marginal JS increases from 0.00330 to 0.00627, with large and statistically significant dif-
ferences (p < 107*). The distributional perspective is shown in Figure 3.3: neural validation
yields a consistently higher error band with limited overlap with Rule-Based, indicating this is not
a seed-specific artifact.

Mechanistically, the neural gate does not preserve IPF’s population-level constraints because
its errors are correlated with the joint structure: boundary mistakes concentrate in coupled regions
(age—education—income), so small decision-boundary shifts translate into systematic marginal mass
movement. This is visible in run-wise behavior (Figure 3.4): the neural trajectory remains consis-
tently elevated across all 100 runs for both marginal L1 and JS, rather than occasionally spiking.

Focus relation (Age x Education): neural distillation worsens the target joint

The distillation objective is only meaningful if the learned gate preserves the targeted dependency
(AGEPxSCHL) without destabilizing cohort structure. The focus results indicate the opposite.
Table 3.8 shows Rule-Based achieves the lowest error on the AgexEducation joint, while the
neural validator is worse than both Rule-Based and IPF-only on the combined score. Figure 3.4
reinforces that this is consistent across seeds: the neural focus L1 remains well above the other two
strategies in every run, with no evidence of convergence toward the rule baseline.
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Figure 3.3: Case Study 2: Distribution and run-level stability (n=100). (Left) Marginal L1 box
plot; (center) marginal JS box plot; (right) focus-relation L.1 box plot. Neural validation exhibits
consistently higher drift than Rule-Based across runs with limited overlap, indicating systematic
(not stochastic) degradation.

Table 3.8: Case Study 2: Focus relation performance for Age x Education (n=100 runs). Lower
is better. Rule-Based outperforms Neural on L.1, JS, and combined score.

Strategy L1 Focus JS Focus Combined (L1+]JS)
IPF-Only 0.7225 0.1403 0.8628
Rule-Based 0.5157 0.0860 0.6018
Neural Network 0.7734 0.1562 0.9296

Neural vs Rule: p < 1074 (significant); winner = Rule-Based

Why distillation fails here (fast #- safe)

The empirical signature is bidirectional distortion: VN both rejects plausible-but-structurally-
necessary records (driving drift) and admits implausible records (failing to fix the focus pathology).
This is consistent with four interacting contributors in this configuration:

Efficiency: Neural is faster, but dominated on quality

Although neural inference is low-latency in isolation, it is not a Pareto improvement. It is dom-
inated by Rule-Based on marginal fidelity and on the targeted AgexEducation dependency (Ta-
bles 3.7-3.8, Figures 3.3-3.4). In operational terms, the neural validator becomes a high-throughput
mechanism for introducing structural error.

Takeaway. Case Study 2 shows that naive distillation of LLM plausibility judgments into a small
feedforward classifier is not structurally safe in this setting. It increases marginal drift and worsens
the targeted AgexEducation joint. Rule-Based validation remains the deployable regime because
it preserves determinism and auditability while achieving substantially better structural outcomes
under repeated synthesis.
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Figure 3.4: Case Study 2: Run-wise trajectories over 100 runs (lower is better). (Left)
Marginal L1, (center) marginal JS, (right) focus relation L1 for AgexEducation. Neural vali-
dation remains consistently elevated across runs on all metrics, indicating stable but systematically
incorrect filtering behavior relative to Rule-Based.

Table 3.9: Root causes of distillation failure in Case Study 2.

Failure mode

Consequence for population structure

Insufficient coverage of rare
joint cells

Ordinal structure loss (SCHL
treated as categorical)

Label noise near plausibility
boundaries

Boundary cases are underrepresented, so errors concentrate where
cohort structure is fragile.

Education adjacency is destroyed, weakening monotone age—
education constraints.

Inconsistent supervision yields unstable thresholds on borderline-but-
valid configurations.

Accept/reject rates shift across runs and synthesis regimes, amplify-
ing drift.

Deployment shift / calibration
drift

3.6.3 Case Study 3: Multi-Provider Robustness and Rule-Count Tuning

Case Study 3 addresses two deployment questions for Rule-Based validation: (i) whether rule elic-
itation is sensitive to the LLM provider, and (ii) how the number of rules K trades off population-
level stability against Age x Education correction. For each provider (GPT-4.1-mini, Claude 3.5-
Haiku, Gemini 2.0-Flash), I evaluate ' € {0,2,...,20} over 50 independent runs (N, = 2,500
per run). Rule application is deterministic once rules are fixed; therefore, any observed differ-
ences arise from the rule set and the induced filtering footprint rather than stochastic inference at
execution time.

Rule count K defines the stability—plausibility frontier

Rule count acts as a direct control knob on how aggressively post-1PF filtering restricts the real-
ized joint support. Figure 3.5 (GPT-4.1-mini) shows the marginal view: combined marginal error
(L1+JS) increases as K grows, indicating that stronger filtering increasingly perturbs the IPF-
imposed demographic structure. In contrast, Figure 3.6 shows the focus-relation view: Age x Education
joint quality improves markedly under moderate K (removal of high-confidence implausibilities),
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then flattens and becomes more variable as additional rules begin to prune rare-but-plausible cohort
configurations.
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Figure 3.5: Case Study 3 (GPT-4.1-mini): Marginal quality vs. rule count (n=50). Combined
score (L1+JS) and its components increase with K, reflecting increasing marginal drift under more
restrictive filtering.
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Figure 3.6: Case Study 3 (GPT-4.1-mini): Age x Education focus relation vs. rule count (n=50).
Moderate rule sets improve the cohort joint (lower is better), while very large K increases variance
and can reintroduce distortion via over-filtering.

Table 3.10 summarizes the marginal trajectory numerically for the representative GPT run
set, highlighting the practical implication: increasing K is not “free”—it systematically increases
population-level drift even when it can improve specific semantic pathologies.

Provider robustness: equivalent qualitative trajectories
Figures 3.7-3.10 show that Claude and Gemini exhibit the same qualitative behavior as GPT: (i)

marginal drift grows with K, and (ii) the AgexEducation joint improves under moderate con-
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Table 3.10: Rule count optimization: detailed analysis (GPT-4.1-mini; n=50).

K Combined Score Std CV (%) L1 Component JS Component Interpretation

0 0.0795 0.0022 2.8% 0.0764 0.00136 Pure IPF (baseline)
2 0.0910 0.0068  7.5% 0.0882 0.00285 Minimal filtering
4 0.1002 0.0084 8.4% 0.0967 0.00349 Light filtering

6 0.1050 0.0091 8.7% 0.1015 0.00347 Moderate filtering
8 0.1088 0.0083 7.6% 0.1050 0.00381 Strong filtering
10 0.1122 0.0091 8.1% 0.1081 0.00407 Strong filtering
12 0.1192 0.0124 10.4% 0.1144 0.00478 Over-filtering begins
14 0.1291 0.0147 11.4% 0.1237 0.00540 Over-filtering
20 0.1468 0.0178 12.1% 0.1398 0.00701 Severe over-filtering

Table 3.11: Case Study 3: Quality metrics by LLM provider (50 runs per provider; 2,500
records; K = 8).

Provider L1 Marginal JS Marginal L1 Focus CV (%) n

GPT-4.1-mini (OpenAl) 0.1100 £ 0.0082  0.00407 £ 0.00105 0.5547 £ 0.0398  7.5% 50
Claude 3.5-Haiku (Anthropic) 0.1132 £ 0.0093 0.00444 £+ 0.00103  0.5419 + 0.0431 82% 50
Gemini 2.0-Flash (Google) 0.1100 £ 0.0097 0.00437 £ 0.00133  0.6039 + 0.0397 88% 50

One-way ANOVA: F' = 2.06, p = 0.131 (no significant difference)

straints with increasing variance under aggressive rule accumulation. This indicates that once
semantic constraints are expressed as deterministic rules, the dominant source of behavior is the
filtering architecture and rule count rather than provider-specific idiosyncrasies.

Provider comparison at a fixed operating point (X = 8)

To test robustness at a practical operating point, Table 3.11 reports metrics at X = 8. While there
are minor numerical differences between providers, these differences are statistically insignificant
under one-way ANOVA (F' = 2.06, p = 0.131), supporting provider-agnostic deployment once K
and the rule template are fixed.

Rule Cardinality and the Emergence of the X' = 8 Operating Point. The observed “sweet
spot” at K = 8 is not incidental, but arises from the interaction between rule expressiveness and
the structure of the underlying joint distribution. For small K, the rule set under-approximates
dominant life-course constraints (e.g., AGEPxSCHL), yielding limited correction of implausible
regions. As K increases, constraint coverage improves, and high-confidence implausible con-
figurations are selectively removed, reducing focus-relation error. However, beyond a moderate
threshold, additional rules induce over-specification: constraints become increasingly granular and
correlated, disproportionately removing low-density but valid configurations. Because filtering op-
erates as a support-restriction operator on Ppr(Vv), these concentrated deletions propagate through
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attribute dependencies and amplify marginal drift.

Thus, the optimal regime shows a balance between constraint coverage and support preser-
vation. The stability observed at /' = 8 indicates that this cardinality is sufficient to encode the
dominant demographic regularities without fragmenting the joint support. More generally, perfor-
mance is governed not by K alone, but by the effective capacity of the rule set—a function of both
rule count and rule complexity relative to the sparsity and dimensionality of the attribute space.

Takeaway. Case Study 3 shows that K is the primary design lever. Increasing rule count pre-
dictably increases marginal drift, while focus-relation correction benefits from moderate constraint
sets but can degrade as rules become overly restrictive. Provider choice has minimal impact once
validation is reduced to deterministic rules. This enables vendor-flexible deployments (choose
providers by cost/availability), while tuning K to the desired point on the stability—plausibility

frontier.
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Figure 3.7: Case Study 3 (Claude 3.5-Haiku): Marginal quality vs. rule count (n=50).
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Figure 3.9: Case Study 3 (Gemini 2.0-Flash): Marginal quality vs. rule count (n=50).

Figure 3.10: Case Study 3 (Gemini 2.0-Flash): AgexEducation focus relation vs. rule count
(n=50).

3.6.4 Post-Filtering Distribution Preservation

A central question for rule-based validation is whether the filtered synthetic population still pre-
serves the demographic structure of the real population. Because validation is applied after IPF
convergence, removing records will necessarily perturb the marginals that IPF was designed to
match. This subsection therefore examines (i) empirical rejection rates under rule-based filter-
ing, (ii) post-filtering distributional fidelity, and (iii) whether rejection disproportionately affects
particular demographic groups.

Corrected Rejection Rates

Table 3.12 reports empirical rejection rates for GPT-4.1-mini rule-based validation across 50 inde-
pendent runs per rule count. The observed rejection rates are substantially higher than initially es-
timated. At K'=8, the recommended operating point, the filter rejects about 20% of IPF-generated
records.

These results imply that production deployments must overgenerate to reach a desired final
population size. They also show a trade-off: larger rule sets produce more consistent rejection
behavior, but they remove a larger share of records.

Distributional Fidelity After Filtering

Despite rejecting a substantial number of records, the filtered populations retain good marginal fi-
delity. Table 3.13 compares post-filtering distributional quality at K'=8 with the I[PF-only baseline
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Table 3.12: Empirical rejection rates by rule count (GPT-4.1-mini; n=>50 runs per K;
Ngn=2,500). Rejection rates increase monotonically with K, reflecting stronger semantic en-
forcement. The coefficient of variation (CV) decreases with K, indicating more predictable filter-
ing behavior under larger rule sets.

K Rejection (%) Retention (%) Range (%) CV (%) n
2 9.9+ 3.1 90.1 £3.1 4.4-20.0 30.9 50
6 18.0 £4.7 82.0+4.7 9.2-26.8 26.2 50
8 19.7 £ 4.7 80.3 +4.7 9.9-31.2 23.8 50
10 21.1 £5.8 789 £5.8 8.6-37.1 27.2 50
12 219+ 44 78.1 =44 14.1-29.9 20.2 50
16 242 + 4.8 75.8 £4.8 13.9-36.4 19.9 50
20 257+ 4.6 743+ 4.6 16.3-37.3 18.0 50

Table 3.13: Distribution quality after rule-based filtering (/'=8; representative run;
Ngyn=2,500). Marginal L1 distances remain below 0.10, indicating acceptable preservation of
univariate demographic structure. The Age xEducation focus relation shows improvement relative
to unfiltered IPF.

Metric IPF-Only Rule-Based (K=8) Interpretation
Marginal L1 (avg) 0.0764 0.0881 Minimal drift
Marginal JS (avg) 0.00136 0.00556 Bounded divergence
Focus L1 (AgexEdu) 0.7225 0.5676 21% improvement
Focus JS (AgexEdu) 0.1403 0.1100 22% improvement

using a representative run.

The key result is that filtering improves the AgexEducation joint distribution while causing
only modest marginal drift. Marginal L1 rises from 0.0764 to 0.0881, a small absolute increase
relative to the 21-22% improvement in the focus relation. This suggests that rule-based validation
can improve record-level plausibility without materially undermining population-level representa-
tiveness.

Demographic Rejection Bias

To test whether filtering disproportionately removes particular demographic groups, 1 examined
rejection patterns across age, education, and related variables for A'=8 over 10 runs. Table 3.14
summarizes the observed variability.

Education-related rejection varies the most, which is expected because the rules primarily target
age—education coherence. Importantly, the 100% rejection cases correspond to clearly implausible
combinations, such as young children with advanced degrees or very young children recorded
as employed. This indicates that the filter is removing semantic violations rather than arbitrarily
penalizing demographic groups.
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Table 3.14: Demographic rejection bias summary (K=8; 10 runs; 34,109 total records).
Range indicates the difference between the highest and lowest rejection rates within each vari-
able’s categories. Education (SCHL) shows the highest variability, confirming it as the primary
driver of rejection.

Variable Min (%) Max (%) Mean (%) Std (%) Range (%)

AGE_BIN 54 83.5 224 25.8 78.1
SCHL 0.0 100.0 50.0 50.5 100.0
SEX 0.0 100.0 50.0 57.7 100.0
RACIP 0.0 100.0 52.9 514 100.0
MAR 0.0 100.0 50.0 52.7 100.0
CoOw 0.0 100.0 44.4 51.1 100.0

High-rejection combinations follow consistent life-course plausibility patterns:

* AgexEducation: 0-9 years old with college credentials (100% rejection; 622 records), 50-59
years old coded as “less than 3 years old” (100% rejection; 162 records).

* Education x Employment: Kindergarten-level education with formal employment (100% rejec-
tion; 21 records), High-school students working full-time in professional roles (100% rejection;
390 records).

* AgexMarital Status: 0-9 years old coded as divorced (100% rejection; 392 records).

Protected characteristics such as sex and race do not show evidence of systematic univariate
bias. Rejection is instead driven by implausible multivariate combinations. This is important
because it suggests that rule-based validation improves semantic coherence without introducing
systematic distortion against protected groups.

3.6.5 Validation

Validation of the skeleton persona pipeline is conducted using a validation-in-parts approach, as-
sessing the model across complementary dimensions rather than asserting global validity. Specifi-
cally, validation focuses on three components: (i) population-level marginal fidelity, (ii) preserva-
tion of critical joint demographic structure (Age x Education), and (iii) the behavioral properties of
the validation operator under repeated sampling and scaling. This approach is consistent with best
practices in agent-based modeling and synthetic population research, where complex systems are
evaluated through component-wise validation aligned with theoretical expectations [31, 169].

Population-level validity (marginal fidelity). At the aggregate level, the synthetic population
is expected to reproduce empirical demographic proportions due to the use of Iterative Propor-
tional Fitting (IPF), which constructs a maximum-entropy joint distribution subject to marginal
constraints [14, 198]. This expectation is confirmed in the IPF-only baseline, where marginal L1
and Jensen—Shannon (JS) divergence remain minimal and stable across runs, reflecting accurate
proportional reconstruction of the target population.
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The introduction of semantic validation produces measurable marginal drift; however, this be-
havior is theoretically expected. Because validation operates as a post hoc filtering operator that
removes records from the realized joint distribution, deletions propagate through correlated at-
tributes (e.g., age, education, and income), perturbing marginals even when constraints are lo-
cally applied. This phenomenon aligns with established findings in synthetic population research
that enforcing additional constraints or removing infeasible records introduces trade-offs between
marginal fidelity and joint realism [59, 206]. The observed increase in marginal error under Di-
rect LLM and Neural validation is therefore consistent with non-uniform rejection across the joint
space, while the comparatively bounded drift under Rule-Based validation reflects its more stable
and deterministic constraint structure.

Joint-structure validity (Age x Education coherence). Marginal agreement alone is insufficient
for validating demographic realism, as many downstream processes depend on inter-attribute re-
lationships. The AgexEducation joint distribution is used as a focus relation because it encodes
life-course constraints such as educational progression, workforce entry, and cohort structure. Im-
provements in this joint distribution therefore serve as a direct indicator of increased record-level
plausibility.

Empirically, both Direct LLM and Rule-Based validation improve Age x Education fidelity rel-
ative to IPF-only, with Direct LLM achieving the lowest error but at the cost of significantly higher
marginal drift. Rule-Based validation achieves comparable improvements without statistically sig-
nificant degradation relative to Direct LLM in this focus relation, indicating that a small set of
interpretable constraints is sufficient to capture dominant life-course regularities. This result is
consistent with demographic modeling literature, where low-order joint constraints capture a sub-
stantial portion of structural dependence in population synthesis [14, 205].

The failure of neural validation to preserve this joint structure further supports this interpreta-
tion. Distillation introduces approximation error that disproportionately affects low-density joint
regions, leading to both the rejection of valid cohort configurations and the retention of implausi-
ble ones. This behavior is consistent with known limitations of supervised classifiers under joint
sparsity, label noise, and distributional shift [74, 209].

Behavioral validity of the validation operator. Beyond static distributional properties, the val-
idation operator itself exhibits behavior consistent with theoretical expectations. Increasing rule
cardinality (K) produces a predictable trade-off: stronger constraint coverage improves the focus
relation but increases marginal drift. This reflects the role of validation as a support-restriction
operator on the IPF-derived joint distribution, where additional constraints progressively reduce
the feasible region of the demographic space.

The emergence of an optimal operating point at X' = 8 reflects a balance between constraint
coverage and support preservation. At low K, the rule set under-specifies demographic regulari-
ties, leaving implausible configurations uncorrected. At high K, over-specification removes rare
but valid configurations, fragmenting the joint support and increasing variance. This behavior
aligns with findings in constraint-based modeling and statistical regularization, where moderate
constraint complexity yields the best generalization performance [78].
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Additionally, the observed stability of rule-based validation across LLM providers demon-
strates that once semantic constraints are externalized into deterministic rules, system behavior is
governed by the filtering architecture rather than model-specific idiosyncrasies. This supports the
robustness and deployability of the approach in multi-provider environments.

The empirical results exhibit strong face validity: the model behaves in ways that are consistent
with real-world demographic processes and established properties of synthetic population methods.
Specifically:

* Marginal distributions are preserved under IPF and degrade predictably under filtering, con-

sistent with constraint-based population synthesis.

* Life-course structure (Age x Education) improves under targeted validation, reflecting real-
istic demographic dependencies.

* Increasing constraint strength produces a stability—plausibility trade-off, consistent with sup-
port restriction in high-dimensional distributions.

* Approximation-based validation (neural distillation) fails under joint sparsity and boundary

ambiguity, aligning with known machine learning limitations.

These behaviors collectively indicate that the pipeline is not only statistically grounded, but also
structurally and behaviorally consistent with theoretical expectations. While not a complete vali-
dation of all downstream dynamics, this component-wise validation demonstrates that the skeleton
persona layer provides a reliable and interpretable foundation for subsequent cognitive and social
modeling stages.

3.7 Discussion

This work evaluates a central tension in modern population synthesis for agent-based modeling:
demographic validity is typically enforced at the population level (via marginal constraints), while
downstream ABMs often require individual records to be semantically coherent. Our results show
that bridging this gap through post hoc semantic validation is feasible, but only certain validation
architectures preserve the statistical guarantees that motivate IPF in the first place. Across all three
case studies, the empirical patterns support four core claims: (i) filtering-based validation induces
an unavoidable drift mechanism; (ii) Direct LLM validation is best interpreted as a semantic or-
acle rather than a deployable validator; (iii) naive neural distillation is not structurally safe under
realistic joint spaces; and (iv) rule-based semantic compression is the most stable and governable
operating point for large-scale deployment.

The key technical observation is that semantic validation is not merely a quality enhancement
layer; it is a support-restriction operator applied after a maximum-entropy marginal fit. Once
IPF has converged, the synthetic population implicitly represents a joint distribution Ppg(v) that
satisfies marginal constraints but does not encode higher-order semantic regularities. Any validator
V defines a new distribution,

Py(v) < Bpg(v) - I[V(v) = 1], (3.15)

which generally cannot preserve the original marginals unless V is independent of each attribute
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and uncorrelated with the joint structure (an unrealistic condition). Thus, marginal drift is not an
implementation artifact, Rather, it is a mathematical consequence of imposing record-level con-
straints by filtering. Crucially, this drift must be interpreted relative to the chapter’s definition of
representation: IPF produces a proportional representation of the target population over the mod-
eled attribute space, meaning expected category counts reproduce population shares implied by
weighted microdata. Post hoc filtering therefore does not merely “clean” records. It reallocates
population mass across demographic strata by selectively removing individuals from specific re-
gions of the joint support. From an ABM perspective, this is a change in who exists in the simu-
lated society, not only a change in record-level plausibility. The practical question is therefore not
whether drift occurs, but whether a validator induces controlled drift while improving the targeted
semantic pathologies.

This framing clarifies why the metrics separate cleanly into (i) marginal stability measures
(L1/JS on marginals), which quantify how strongly P, deviates from F,, and (i1) focus relation
measures (AgexEducation L1/JS), which quantify whether VV meaningfully corrects the dominant
life-course inconsistency. The empirical frontier observed across strategies can be understood as
different approximations to the same constrained distributional projection.

3.7.1 Case Study 1: Direct LLM is not a scalable validator

Case Study 1 shows that Direct LLM validation exerts the strongest pressure on the Age x Education
dependency, but at the cost of substantially higher marginal drift and orders-of-magnitude higher
runtime/cost. This outcome is expected because per-record LLM judgments are high-capacity and
context-sensitive: they can detect implausibilities that are difficult to encode as static thresholds.
However, the same expressiveness yields an aggressive, non-uniform rejection pattern that concen-
trates removals in specific joint cells. Because demographic variables are correlated, depletion of a
single joint region necessarily propagates into multiple marginals (e.g., education filtering impacts
age and income marginals). The consequence is a validator that improves the targeted joint while
eroding the structural guarantees that motivate IPF.

The “so what” is methodological: Direct LLM validation should be interpreted as a semantic
reference model and a label generator, not as the validation layer used for repeated synthesis at
scale. Its comparative value is highest where its costs are amortized: creating training labels,
auditing rule sets, and probing edge cases. In other words, Direct LLM is best positioned upstream
as supervision and governance input, rather than downstream as a per-record production gate.

3.7.2 Case Study 2: Why naive distillation fails under realistic joint spaces

Case Study 2 demonstrates that a simple feedforward neural distillation of LLM judgments is not
structurally safe in this setting. Despite high training metrics, the neural validator produces larger
marginal drift and worsens the key Age x Education joint relative to the deterministic rule baseline.
The core failure is not speed; it is generalization under joint sparsity and ordinal semantics. Four
interacting factors explain the observed behavior:

1. Joint-space sparsity and boundary concentration. The implausibility boundary occupies a
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small and heterogeneous region of the joint space. With limited labeled coverage, a classifier
learns unstable decision surfaces precisely where cohort structure is most sensitive (rare age—
education combinations).

2. Ordinal geometry destruction. Encoding SCHL as one-hot implicitly treats adjacent educa-
tion levels as orthogonal. This destroys the monotone structure that plausibility depends on
(e.g., education attainment should be weakly increasing with age at cohort scale).

3. Label noise near boundaries. LLM judgments are least consistent at borderline-but-valid
cases. Distillation converts that inconsistency into contradictory gradients, yielding overconfi-
dent or miscalibrated gating.

4. Distributional shift between training and deployment. Even when Ny, is fixed, the realized
sample composition shifts across runs and can shift across synthesis regimes. A learned gate is
sensitive to these shifts; a rule set is not.

The implication is not that neural validators are impossible, but that they must respect the struc-
ture of the domain. Viable distillation likely requires ordinal / monotone architectures, calibration
aware training, stratified coverage of rare joint cells, and explicit shift-robust evaluation. Without
these, a neural validator becomes a high-throughput mechanism for introducing bidirectional error:
admitting implausibilities while also rejecting plausible-but-structurally-necessary records.

3.7.3 Case Study 3: Deterministic rule execution enables provider robust-
ness

Case Study 3 establishes a key operational property: once semantic knowledge is compressed
into deterministic rules, provider differences largely disappear. The qualitative trajectories with
respect to rule count K match across OpenAl, Anthropic, and Google: increasing K predictably
increases marginal drift, while the AgexEducation joint improves under moderate constraints and
can degrade under aggressive rule accumulation. This provider invariance follows from determin-
ism: rule application removes per-record stochastic inference and therefore removes the primary
channel through which provider idiosyncrasies typically manifest.

The practical implication is vendor flexibility. Institutions can select providers based on cost,
latency, or availability for the one-time task of rule elicitation, then execute validation offline un-
der full auditability. This is especially important for ABM workflows that require repeated Monte
Carlo runs for sensitivity analysis: deterministic validation reduces a major source of irrepro-
ducible variance.

3.7.4 [IPF Efficiency vs. Naive Sampling with Filtering.

A methodological question arises: if AURORA oversamples skeletons by 2x and then filters, does
IPF offer advantages over simply sampling from independent marginal distributions and applying
the same filtering? The answer is yes, for three reasons. First, IPF constructs a joint distribution
P(v) that captures implicit cross-variable correlations (e.g., age-education dependencies) through
the intersection of marginal constraints, even without explicit joint distributions [179, 182]. For
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example, if P(Age < 22) = 0.10 and P(Education = Doctorate) = 0.05, independent sampling
would produce 0.5% under-22 doctorates (0.10 x 0.05), whereas IPF assigns near-zero proba-
bility to this combination because satisfying both marginals simultaneously requires this correla-
tion. Second, IPF produces substantially lower rejection rates under validation filtering (8-20%
vs. 25-40% for independent sampling in preliminary tests), requiring less oversampling (1.25Xx
vs. 1.67x) to obtain N valid personas. Third, IPF + filtering preserves marginal fidelity better
than independent sampling + filtering because IPF’s base distribution is already concentrated in
the plausible region of the joint space, yielding marginal L1 drift of only 0.0286 (Case Study 1)
compared to 0.045-0.062 under independent sampling. Thus, IPF is not “sampling with extra
steps” but a statistically principled method that produces more realistic joint distributions with less
computational waste and better marginal preservation under filtering—essential for ensuring that
AURORA’s downstream enrichment operates over a proportionally representative population.

3.7.5 Interpreting rule count X': why ‘“more rules” can be worse

The rule-count experiments also clarify why “more constraints must be better” is incorrect. In-
creasing K does not monotonically improve realism. It increases the probability of pruning rare-
but-valid configurations. In distributional terms, additional rules shrink the support of P, and dis-
proportionately remove low-probability cells that nonetheless carry necessary mass for marginal
and joint fidelity. This produces an over-filtering regime in which apparent semantic strictness
comes at the cost of statistical representativeness. The broader lesson is that plausibility enforce-
ment must be treated as a regularization problem: overly strong constraints can overfit to folk
theories of life-course sequencing and eliminate legitimate heterogeneity (late-degree earners, non-
traditional career paths, etc.).

Implications for Proportional Representation

Overall, the post-filtering analysis shows that rule-based validation at K'=8 preserves the core
goal of proportional representation. Marginal distributions remain close to the weighted ACS
PUMS targets, while the AgexEducation joint distribution improves substantially. This supports
the two-stage pipeline: IPF establishes statistical representativeness, and rule-based filtering im-
proves record-level plausibility without causing major distributional collapse.

For deployment, the corrected rejection rates imply that the pipeline should overgenerate records
to reach a desired retained population. At K=8, this means generating approximately 1.25N
records to obtain a final population of size /N, allowing for rejection and a small safety margin.
Because rule-based validation is deterministic, this overgeneration factor is stable and predictable
across runs.

More broadly, the demographic bias analysis clarifies the mechanism of rejection. The fil-
ter removes records that violate life-course sequencing constraints, such as impossible education,
employment, or marital status combinations, rather than removing records because of their demo-
graphic category alone. For ABM applications, this is a desirable outcome: downstream behav-
ioral models operate over more plausible agents while retaining the broader demographic structure
needed for valid population-level analysis.
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Another thing to consider is that a methodological question naturally arises: if AURORA over-
samples skeletons by a factor of (1 + p) (typically p = 1.0, yielding 2x the target population) and
then filters to select valid personas, does this approach offer meaningful advantages over simply
sampling from independent marginal distributions and applying the same filtering? This question
is important because it challenges whether IPF provides value beyond naive independent sampling
when post-hoc validation is applied regardless. The answer is affirmative, for three reasons re-
lated to joint distribution preservation, sampling efficiency, and marginal stability under filtering.
IPF provides a principled foundation for synthetic population generation because it simultaneously
preserves joint structure, improves sampling efficiency, and stabilizes marginals under downstream
filtering. First, by constructing a maximum-entropy joint distribution consistent with observed
marginals, IPF implicitly captures cross-variable dependencies (e.g., AgexEducation), ensuring
that implausible combinations receive near-zero probability and that the sampled population lies
close to the feasible support of real demographic configurations. Second, this structural align-
ment directly improves sampling efficiency: because IPF already concentrates probability mass
in plausible regions, post hoc semantic validation rejects far fewer records (e.g., 8-20% at K=8)
compared to naive independent sampling, which produces implausible combinations at rates de-
termined by marginal products and therefore requires substantially higher oversampling to recover
N valid personas. Third, IPF enables marginal stability under filtering: because rejected records
are drawn from a distribution already aligned with realistic joint structure, their removal induces
only bounded and predictable marginal drift, whereas independent sampling combined with filter-
ing produces correlated deletions that distort population proportions. Together, these properties
demonstrate that IPF is not simply “sampling with extra steps,” but a necessary mechanism for en-
suring that semantic validation operates over a structurally coherent population without sacrificing
proportional representativeness.

3.7.6 Implications for ABM construction and for LL.M-assisted data synthe-
sis

These findings have two immediate implications for synthetic-population-driven ABMs.

ABM validity requires preserving structural guarantees. Downstream cognitive or influence
models often condition on age, education, and income. If validation systematically distorts these
marginals or their correlations, any observed behavioral effect may be an artifact of the validator
rather than the modeled mechanism. Therefore, a validator must be evaluated not only on whether
it removes implausibilities, but on whether it preserves the structural substrate required for causal
interpretation in ABMs. Rule-based validation is the only strategy in this study that simultane-
ously supports semantic enforcement, auditability, and feasible repeated experimentation. This
is especially consequential in cross-national settings, where the synthetic population is intended
to be a proportional representation of a specific country’s demographic composition. Validator-
induced drift can otherwise be misread as country-level behavioral difference when it is in fact a
population-construction artifact.
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LLMs are best used as knowledge elicitation tools, not runtime gates. The results support a
broader pattern in LLM-enabled systems: LLMs are powerful for extracting implicit knowledge
(e.g., plausible demographic regularities), but using them as per-instance runtime decision-makers
often introduces cost, variance, and unpredictable distributional side-effects. In this pipeline, the
strongest role for LLMs is to generate rule hypotheses, label borderline records, and serve as a se-
mantic audit mechanism. Once codified, deterministic rule execution becomes the stable interface
between statistical synthesis and downstream behavioral modeling.

3.8 Conclusion

This chapter established the structural foundation of the dissertation by formalizing and empiri-
cally validating a two-stage skeleton persona pipeline: (i) population-level synthesis via IPF and
(i1) optional record-level semantic validation. The central result is that semantic validation is not
a cosmetic post-processing step but a mathematically meaningful support-restriction operator that
alters the realized joint distribution and therefore must be evaluated as part of the population model
itself. Across three case studies, I show that record-level coherence can be improved, but only un-
der validation architectures that preserve the statistical grounding properties that motivate IPF.

A key output of this pipeline is therefore not only plausible individuals, but a proportionally
representative synthetic population: the expected demographic shares of the simulated society
match the weighted reference population over the modeled attribute set. The evaluation metrics in
this chapter should be read through that lens—validation strategies are acceptable only insofar as
they improve record-level coherence while preserving (or tightly bounding deviation from) these
population proportions.

3.8.1 Contributions to this Dissertation

(C1) A modular structural substrate for AURORA. AURORA’s downstream persona enrich-
ment (RAG-based narrative grounding, trait assignment, and context-conditioned prompting) as-
sumes that demographic inputs are both (i) representative and (ii) semantically plausible. This
chapter provides the first of those guarantees by defining skeleton personas as a behaviorally neu-
tral, empirically grounded substrate, and by quantifying the consequences of plausibility filtering
on both marginals and focus relations. This separation reduces confounding: any downstream be-
havioral effects in AURORA can be attributed to retrieval and generation components rather than
demographic artifacts introduced during synthesis. In particular, it ensures that AURORA’s en-
riched personas are generated from a population that is proportionally representative at baseline,
so downstream narrative realism is not purchased by silently changing the demographic composi-
tion of the simulated society.

(C2) A validity-preserving interface for JANUS. JANUS depends on demographic structure
for network formation, homophily/identity similarity, topic exposure constraints, and (in many
operationalizations) heterogeneity in susceptibility and interaction frequency. The results here
identify which validation strategies preserve the structural conditions under which JANUS-style
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opinion dynamics remain interpretable. In particular, rule-based validation emerges as the only
strategy in this study that is simultaneously scalable and distributionally controlled, making it the
appropriate preconditioner for repeated JANUS experiments (sensitivity analysis, Monte Carlo
runs, and counterfactual scenario sweeps). This matters because JANUS outcomes are sensitive
to the relative sizes of demographic subgroups; proportional representation ensures that measured
opinion dynamics reflect modeled influence mechanisms rather than unintended shifts in subgroup
prevalence introduced during validation.

(C3) An empirical characterization of the coherence-fidelity frontier. By evaluating marginal
drift (L1/JS), a targeted focus relation (Age x Education), and operational cost, the chapter exposes
a measurable frontier: stronger semantic enforcement generally increases drift unless the enforce-
ment footprint is bounded and auditable. Case Study 3 further operationalizes this with a tunable
control variable (K'), showing that rule count behaves like a regularization knob: too few rules
under-correct plausibility issues; too many rules induce over-filtering and degrade representative-
ness.

(C4) Provider-agnostic governance through deterministic semantic compression. For prac-
tical deployments of AURORA-like pipelines, reproducibility and governance matter as much as
raw quality. The multi-provider results demonstrate that once semantic knowledge is compressed
into deterministic constraints, validation becomes largely provider-agnostic at execution time. This
enables vendor-flexible deployment (choose providers by cost/latency/availability) while preserv-
ing auditability and repeatability—properties that are essential for thesis claims about scalable,
controlled population modeling.

3.8.2 Limitations

This chapter demonstrates that post-IPF semantic validation can improve record-level plausibility
while preserving population-level structure. However, several limitations remain.

First, because validation is implemented as a post-IPF filtering operator, marginal drift is un-
avoidable in the general case. While this chapter quantifies and bounds that drift, it does not elimi-
nate it. Filtering removes records from specific regions of the joint distribution, and these removals
propagate through correlated attributes, perturbing marginal frequencies. Although the empirical
results show that this drift is small and controlled at /=8, it remains an inherent property of any
rejection-based validation framework.

Second, the evaluation focuses on a single high-value plausibility axis: AgexEducation. While
this relation captures core life-course constraints and demonstrates the effectiveness of semantic
validation, it is not exhaustive. Other dependencies—such as Age x Income, Education x Class-of-
Worker, and Marital Status x Age—may exhibit different sensitivity to filtering and may introduce
competing objectives. Extending validation to multiple focus relations will likely require multi-
objective tuning of rule sets and validation parameters.

Third, the neural validation results (Case Study 2) highlight limitations of naive distillation ap-
proaches. Feedforward classifiers trained on LLM-labeled data failed to preserve both marginal
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fidelity and joint plausibility under sparsity, ordinal structure, and label noise. This does not
preclude neural validators in general, but indicates that effective learned validation will require
stronger inductive bias (e.g., ordinal encodings, monotonicity constraints), improved calibration,
and explicit coverage of rare joint configurations. These extensions are not explored in this chapter.

Fourth, the experiments are grounded in ACS PUMS data with a fixed d=8 attribute schema.
While the methodological framework is general, cross-national deployments will introduce differ-
ent attribute codings, distributions, and life-course norms. As a result, both rule sets and evaluation
relations must be re-derived and re-validated under local conditions.

3.8.3 Future Work

The results of this chapter suggest several directions for extending semantic validation beyond post
hoc filtering toward fully integrated, distribution-aware synthesis.

Constraint-integrated population synthesis. The most direct extension is to move beyond post-
IPF filtering and incorporate plausibility constraints into the synthesis process itself. Approaches
such as constrained IPF, feasibility-aware reweighting, or rejection-resampling with marginal cor-
rection could enforce joint plausibility during generation rather than after sampling. Such methods
would aim to preserve both marginal fidelity and joint coherence simultaneously, reducing the need
for support-restriction and mitigating marginal drift.

Multi-relation and multi-objective validation. This chapter focuses on AgexEducation as a
representative focus relation. Future work should extend validation to multiple joint dependen-
cies, including AgexIncome, Educationx Occupation, and other life-course relations. This in-
troduces a multi-objective optimization problem, where improving one joint distribution may de-
grade another or increase marginal drift. Developing principled methods for balancing these objec-
tives—potentially through weighted constraint systems or Pareto-efficient validation regimes—remains
an open challenge.

Learned validators with structural inductive bias. The failure of naive neural distillation high-
lights the need for structurally informed learning approaches. Future neural validators should in-
corporate domain structure directly, including ordinal embeddings for variables such as education,
monotonic constraints reflecting life-course progression, and calibrated uncertainty estimates for
boundary cases. Hybrid approaches combining rule-based constraints with learned components
may offer a promising direction, preserving interpretability while improving flexibility.

Cross-national and domain transfer. Extending AURORA to international contexts requires
adapting both the attribute space and plausibility constraints to local demographic structures. Life-
course norms, education systems, labor markets, and household structures vary significantly across
countries, and rules derived from U.S. data may not generalize. Future work should investigate
automated or semi-automated rule induction pipelines that adapt to new datasets, along with eval-
uation frameworks that identify culturally specific plausibility violations.
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End-to-end impact on downstream models. Finally, while this chapter evaluates structural va-
lidity at the population level, the ultimate objective is to support downstream agent-based models
of opinion dynamics and influence. Future work should assess how improvements in record-level
plausibility propagate into behavioral simulations, including effects on network structure, opin-
ion evolution, and intervention sensitivity. This would close the loop between structural validity
and system-level outcomes, validating the role of semantic filtering within the broader AURORA-
JANUS pipeline.
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Chapter 4

Modeling Emotional Reasoning in Synthetic
Personas

4.1 Introduction

Emotional reasoning is a central driver of behavioral response. In March 2020, as COVID-19
became an immediate lived reality, calls to the federal Disaster Distress Helpline surged by 891%
compared to the previous year [193]. The helpline failed to anticipate both the magnitude of
distress and how it scaled through social systems, as fear, isolation, grief, and anger amplified
across networks. Over 40% of Americans reported adverse mental health conditions [44], leaving
support systems were overwhelmed. Had they factored in emotional amplification and diffusion,
the helpline may have been better prepared with targeted support for the most vulnerable groups.

The same dynamics are visible in online misinformation and persuasion. Interventions often
aim to promote credible sources or suppress low-credibility ones, and emotional appeals can be
used to build trust in public institutions. Both of these were apparent in public health messaging
around COVID-19 measures. Conversely, dampening affective reactions can reduce engagement
with misinformation that exploits fast, affect-laden System I processing over deliberative System 2
reasoning [56, 96, 175].

Modeling emotional response therefore matters for policy and intervention design. Research
shows that emotional reasoning biases risk perception and choice [96], and emotional contagion
drives collective panic and polarization. Prosocial behaviors such as trust, empathy, and coopera-
tion depend on emotional reciprocity [168], underscoring that emotion and reason are intertwined.
As emotion shapes behavior at least as strongly as deliberative reasoning [174], emotion-blind
opinion dynamics models omit key reasoning mechanisms [116].

Despite this, traditional behavioral and opinion dynamics models emphasize deliberation and
belief updating instead of emotion. To address this gap, I model and validate emotional reasoning
in LLLM agents. I introduce a hierarchical pipeline that synthesizes personas across country, com-
munity, and individual levels, using demographic distributions, moral foundations, and OCEAN
personality traits; Openness, Conscientiousness, Extraversion, Agreeableness, and Neuroticism.
Personas are conditioned via structured, multi-stage prompts templated with emotional and ideo-
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logical context. This design enforces cross-scale coherence, meaning that personas stays consistent
at every level of the pipeline, grounds outputs in real-world narratives, and enables systematic ab-
lation of prompt complexity.

Our hierarchically constructed personas are validated against established empirical results.
They reproduce both polarized and consensus-driven emotional patterns with high fidelity. They
capture expected demographic gradients, including an inverse relationship between age and anger
for polarizing topics (51 = —0.847,p < 0.001), consistent with evidence that anger expression
tends to decline with age, and a positive association between age and sadness for mental health
stimuli (B, = +0.12, p < 0.05), consistent with findings of increased sadness reactivity and age-
related shifts in empathic responding in older adulthood [202]. Cross-platform validation against
Facebook reaction data yielded strong overall correlations (7 = 0.652), with political anger corre-
lations reaching r» = 0.934 for Roe v. Wade and sadness correlations above r = (.889 for Suicide
Hotline 988. Ablation experiments further show that incorporating moral values, personality traits,
and topic-specific cues increases emotional intensity by 237% and improves overall quality by
68%, with changes aligning to what is contextually appropriate for each topic. Since the synthetic
LLM populations I constructed align with broad empirical behavioral patterns, I claim that they
are valid populations for further study under opinion dynamics models in social simulations.

There are several important implications of this work. Experiment-ready synthetic populations
can be used to test counterfactual scenarios and interventions that are infeasible, costly, or unethi-
cal to test with human subjects. Because the hierarchical prompting approach used in this work is
scalable, composable, and empirically grounded, the model as described can be further improved
and extended over time. Finally, the comparison of certain behavioral patters between the LLM
personas and empirical data inform an ongoing debate [48]. On the one hand, alignment between
age, anger, and sadness is supportive of the use of LLMs as pragmatic behavioral substitutes (“Sil-
icon Sampling”) [21, 40, 115, 148]. On the other hand, critics who argue LL.Ms cannot faithfully
represent human behavior [171, 189] will point towards findings such as the underrepresentation
of anger amongst our synthetic populations. As such, our results both support the promise of LLM
personas, and reinforce the need for continued calibration against empirical data to address bias,
underrepresented emotions, and validation limits. I hope that this work can provide a foundation
for future work in integrating emotionally expressive LLM personas into large-scale ABMs.

This work addresses the following research questions:

1. (RQ1) Hierarchical Coherence: Can a country — community — individual persona con-
struction pipeline enforce cross-scale consistency in emotional expression while preserving
within-group variation?

2. (RQ2) Emotional Grounding: Does conditioning LLM personas on psychological theory
(OCEAN traits and Moral Foundations) produce emotion distributions that align with em-
pirically observed demographic and ideological gradients?

3. (RQ3) Prompt Structure and Behavioral Realism: How does progressively enriching per-
sona prompts with emotional, moral, and personality information affect emotional intensity,
topical relevance, and perceived authenticity?

4. (RQ4) Topic Sensitivity: Do hierarchically constructed personas exhibit topic-dependent
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emotional responses—distinguishing between polarized political issues and consensus-oriented
public health interventions—rather than producing a single generic affective style?

5. (RQS5) External Validity: To what extent do synthetic persona emotion distributions corre-
spond to real-world behavioral data across demographic strata, as measured through cross
platform comparison with Facebook reaction patterns?

I make the following contributions:

1. A hierarchical framework for emotionally grounded persona synthesis. I introduce a
structured persona construction pipeline that integrates country context, community ideol-
ogy, and individual psychological traits, enabling emotionally expressive agents that remain
coherent across demographic and social scales.

2. A mechanistic model of event-conditioned emotional expression. I formalize how base-
line affect, moral foundations, ideological stance, and topic salience interact to produce dy-
namic emotion vectors, making emotional response a controllable and interpretable compo-
nent of agent behavior.

3. Systematic ablation of prompt complexity. Through controlled experiments across five
prompting levels, I show that progressively incorporating psychological and moral context
increases emotional intensity (+237%) and overall response quality (+68%), while selec-
tively steering emotion toward topic-appropriate affect rather than uniformly amplifying
sentiment.

4. Empirical validation against real-world emotional behavior. I validate synthetic persona
emotion distributions against Facebook reaction data across 252 demographic strata, demon-
strating strong correspondence for both polarized (Roe v. Wade; » = 0.934 for political
anger) and consensus-oriented (988 Suicide Hotline; r = 0.889 for sadness) events.

5. Demonstration of demographic and ideological emotional gradients. The personas re-
produce well-established behavioral patterns, including age-dependent anger regulation and
age-related increases in sadness for mental health stimuli, supporting their use as emotion-
ally realistic populations in downstream opinion dynamics models.

6. Establishing emotional realism as a prerequisite for opinion dynamics simulation. By
showing that LLM personas can express demographically structured, topic-sensitive emo-
tions, this chapter justifies their use as inputs to later chapters’ social influence and opinion
evolution models, rather than relying on emotion-blind agents.

4.2 Related Works

Emotional expression in political contexts is motivated by persistent findings that emotional con-
tent spreads rapidly on social media [8], with anger showing particularly strong viral characteristics
[27], and emotional contagion being especially pronounced in digital settings [101]. Computa-
tional approaches have evolved from early emotion theories and sentiment polarity detection to
richer emotional profiling systems grounded in psychological theory and supported by lexicons
and modern language models.
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Cross-Cultural Modeling Plutchik’s theory of primary emotions [153] underpins widely used
computational resources such as the NRC Emotion Lexicon [132]. While work has shown uni-
versality in some emotion signals (e.g., facial expressions) [55], cultural variation in recognition
and expression norms remains well documented [91], motivating calibration of emotion resources
trained primarily on Western data [131]. To this end, cross-cultural research efforts have ex-
tended traditional western-oriented emotion lexicons by calibrating them for broader applicability
[110, 185].

Moral Foundation Theory and Political Expression Moral Foundations Theory provides a
structured account of cross-cultural and ideological variation in moral reasoning [77]. Cultural
dimensions and expression norms have been linked to systematic differences in emotional expres-
sion across societies [86, 125], including distinctions between American and Canadian discourse
patterns [3, 114]. Within the United States, ideological groups differ in moral-emphasis profiles
[72], and perceived moral violations are associated with distinct emotional responses (e.g., sadness,
anger, contempt) [41, 188].

Personality Modeling Cross-cultural differences also appear in personality distributions [170].
Big Five traits are associated with systematic variation in affective expression: extraversion corre-
lates with positive emotion expression and neuroticism predicts negative emotion intensity [126,
195]. Individual differences in regulation further shape expression patterns, with neuroticism
linked to maladaptive regulation and conscientiousness to more controlled expression [73].

LLM Personas Recent work suggests LLM-based agents can sustain coherent personas over
extended interactions [149] and can approximate human response distributions when conditioned
on persona specifications [6]. Prompting methods also provide finer control over model behav-
ior by explicitly eliciting intermediate reasoning and structured outputs through staged, multi-step
prompts [196, 210]. These advances motivate structured persona conditioning as a practical path-
way for integrating richer psychological and contextual constraints into synthetic agent behavior.

Conflict Narrative Emotion and Moral Framing Prior work on Russia—Ukraine conflict pro-
paganda further supports modeling emotion and moral reasoning together. In that study, I analyzed
a large Twitter dataset from January—November 2022, refining 4.5 million tweets to approximately
1.6 million bot-centered tweets across three war phases: the initial invasion, mid-point escala-
tion, and Kherson counteroffensive [121]. Using BotHunter, TweetBERT, and Moral Foundations
Theory, the analysis showed that bot-driven discourse varied not only in stance, but also in affec-
tive tone and moral emphasis. Pro-Ukraine narratives were more often associated with positive
supportive sentiment and moral language centered on care, solidarity, authority, and resistance to
subversion, while pro-Russian narratives more often used protective or justificatory moral framing
alongside attacks on Ukraine and NATO [121].

This finding matters here for two reasons. First, it shows that real-world conflict discourse cou-
ples emotional tone with moral framing, particularly in high-salience geopolitical settings. Second,
it suggests that synthetic personas for downstream opinion simulation should be conditioned not
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only on demographics or ideology, but also on psychologically meaningful variables that produce
morally and emotionally differentiated responses. The present chapter extends that earlier work
by moving from observed bot discourse to the controlled construction of emotionally expressive
personas for simulation [121].

Limitations Emotion expression varies by communication modality, with differences observed
between text-based and vocal contexts [13]. More broadly, LLM-generated personas may reflect
biases in training data [17, 197], and many systems do not explicitly model interpersonal influence,
contagion, or longitudinal adaptation [35]. In addition, some emotions may be systematically un-
derrepresented in LLM outputs (e.g., attenuated anger), raising concerns about ecological validity
for polarized scenarios. Finally, validation is often limited by topic coverage, constraining gen-
eralizability. These limitations reinforce the need for continued calibration and cross-platform
validation before deploying LLM personas in high-stakes behavioral modeling.

4.3 Method: Hierarchical Persona Synthesis

Persona generation proceeds hierarchically: countries — communities — individuals. At each
stage, structured prompts are passed to an LLM to produce records in a predefined schema. A
validation layer checks completeness and demographic consistency; invalid generations are re-
tried until valid outputs are obtained. This design enforces cross-scale coherence and reflects how
individuals are embedded in sociocultural contexts.

A persona is represented as

P = fpersona(oa Dcomma \ij Q>7 (41)

where C' denotes country descriptors, D onm community features, U psychological attributes (as-
signed OCEAN traits and moral foundation scores), and 2 topic-specific opinions and emotions
(Figure 4.1).

4.3.1 Country Level Grounding

Country grounding defines broad descriptors around demographics, political climate, and cultural
context. National statistics provide baselines (age, gender, education, ethnicity), while contextual
documents (news, reports) embed contemporary conditions. Scenario configuration files specify
event-dependent sampling rules.

News Retrieval for Event Sampling To ground persona generation in the specific event context,
I retrieve contemporaneous domestic news and use the retrieved snippets as conditioning evidence
during country-, community-, and individual-level synthesis. Each document d € D is embedded
for dense similarity. For a query ¢ describing the event (e.g., Roe v. Wade overturn, 988 Suicide
Hotline launch), 1 select top—k documents using combined dense and lexical rankings:
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Figure 4.1: Stepwise pipeline for persona construction and emotion modeling. News grounding in-
forms hierarchical synthesis (country, community, individual), while traits, opinions, and salience
shape event-driven emotions.

51



and fused using Reciprocal Rank Fusion:

1
RRF(d) = — . 4.3
(4) Z K + rank,(d) (4-3)
se{vec,bm25}

Retrieved snippets are interject into prompts as short evidence blocks that specify the facts and
framing of the event, surface salient arguments, stakeholders, and moral language, and provide
locally relevant details (e.g., institutions mentioned, regional impacts). If the retrieved set Dy
changes (e.g., different outlets or frames), I expect corresponding shifts in the persona’s topic-
specific outputs: the expressed rationale, referenced concerns, and moral framing may change,
which can in turn shift the elicited emotions. In contrast, static demographic and personality
parameters remain unchanged, serving as constraints that limit how far narrative variation can
move the persona away from its underlying predispositions.

4.3.2 Community Level Grounding

Communities inherit country descriptors and introduce meso-level variation (demographics, edu-
cation, political leaning). Communities are created by combining national priors with issues of
local importance retrieved through the news retrieval system.

Ideological Anchoring via Moral Foundations Political leaning L is sampled from community
distributions and mapped to a Moral Foundations vector m with individual variation:

m = fyer(L) + €, e~ N(0,0%), (4.4)

I set (02) so that within-community variation is limited (approximately 95% of values fall within
+10% of the Moral Foundations scale range), preserving coherent community ideology.

4.3.3 Individual Level Grounding

Individuals are sampled within communities and enriched with psychological traits (personality,
moral foundations, baseline emotions) to capture within-community variability.

Personality Trait Sampling Each persona is assigned Big—Five (OCEAN) traits from country
specific Gaussian priors estimated from cross-cultural studies [170]:

Ty ~ N(pieny, 0rey)s T €10,1], i€{0,C,E,A N}. (4.5)
See Appendix B.1 for detailed breakdown of 56 country OCEAN traits.
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Table 4.1: Summary of synthetic persona dataset used in experiments, with comparison to national
demographic statistics.

Attribute Canada United States Total
Personas Census% Personas Census% Personas %
Total Personas 270 - 267 - 537 100
Age Distribution®
18-24 41 6.4 43 6.0 84 17.6
25-34 85 13.3 90 14.9 175 36.7
35-44 61 12.8 65 12.5 126 26.4
45-54 32 15.2 34 13.2 66 13.8
55-64 10 14.9 11 13.9 21 44
65+ 2 374 3 39.5 5 1.0
Gender®
Female 118 50.4 125 50.8 243 50.9
Male 113 49.6 121 49.2 234 49.1
Education®
Bachelor’s+ 137 26.4 147 42.0 284 59.5
Technical/College 61 26.4 62 30.0 123 25.8
High School 33 47.2 37 28.0 70 14.7
Political Orientation®
Far Left / Left 79 84 163 34.2
Center Left 67 71 138 28.9
Center 43 - 46 - 89 18.7
Center Right / Right 35 37 72 15.1
Far Right 7 8 15 3.1

Experiment Coverage Each persona tested across 5 experiment levels (advanced, basic, enriched, intermediate, no_emotion)
and 2 topics (Roe v. Wade, Suicide Hotline 988), producing 4,770 responses in total.

Age distribution weighted toward digitally active demographics (25-44: 63.1% vs. census ~26%).

Gender approximates national ratios within 1%.

Education oversamples higher education (59.5% vs. census 26-42%) to reflect online discourse patterns.

Political orientation derived from engagement-weighted sampling of digital political participation, not census data.

4.3.4 LLM-Generated Persona Dataset Composition and Demographic Cal-
ibration

The hierarchical persona generation methodology produced 537 synthetic personas across two
countries (267 U.S., 270 Canadian), instantiated through the country—community—individual pipeline
in Section 4.3. Table 4.1 provides an overview of the dataset composition compared against na-
tional statistics, showing areas of representational balance and divergence.

Institutional Community Generation and Validation

The hierarchical pipeline generated 537 personas distributed across six institutional categories with
near-perfect cross-national balance (267 U.S., 270 Canadian). Each category contributed roughly
one-sixth of the population (16.4—-16.8%), with tightly matched counts by country (typically 45 per
country per category; minima of 43 U.S. education and 44 U.S. conservative government). Within
each category, the LLLM produced realistic organizational diversity (e.g., Chambers of Commerce,
student unions, professional societies), and communities were consistently sized at 8-9 personas.
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This balance and community sizing were desired design properties imposed by the scenario config-
uration (fixed targets for categories and community sizes), rather than an artifact of the generative
model.

Table 4.2: Distribution of LLM-generated personas across institutional categories.

Institutional Category U.S. Canada Total %0
Industry Institutions 45 45 90 16.8
University Institutions 45 45 90 16.8
Medical Institutions 45 45 90 16.8
Liberal Government Institutions 45 45 90 16.8
Conservative Government Institu- 44 45 89 16.6
tions

Education Institutions 43 45 88 16.4
Total 267 270 537 100.0

Demographic Composition Analysis

The personas reflect institution-driven sampling. Within-community variation of demographic at-
tributes shows that age skews younger (18-34: 53.9% U.S., 58.6% Canada), with limited 65+
representation (4.1% U.S., 1.5% Canada) compared to the national census data. Gender ratios
approximate census with slight female overrepresentation (U.S.: 57.7%, Canada: 55.2%), likely
driven by healthcare and education institutions. Political orientation differs by country: U.S. per-
sonas lean left-of-center (48.8% vs. 40.7% right-of-center), while Canadian personas cluster nearer
the center/center-right, consistent with survey patterns [29].

4.3.5 Quality Control

Each LLM output is parsed and schema-validated; invalid records trigger retries. Batches proceed
to analysis only if > 70% of outputs are valid, improving reproducibility and reducing spurious
generations. Overall, the hierarchy constrains personas to produce contextually grounded, psycho-
logically consistent responses by combining document retrieval with demographic, ideological,
and personality-based sampling.
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Demographic composition of LLM-generated personas across US and Canadian institutional communities
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Figure 4.2: Demographic composition of LL.M-generated personas showing age distribution (top)
and political orientation distribution (bottom) across US and Canadian institutional communities.

4.4 Model: Emotional Expression for Synthetic Personas

Using the synthesized personas, I now condition each persona’s response to a particular news event
by the following model of emotional expression.

Emotional Response to Events The final affective state of a persona is the outcome of three
interacting layers: personality traits o, moral foundations m, and event—conditioned stance Spers(?).
Personality defines stable predispositions, ideology shapes how contextual information is weighted,
and stance translates exposure to salient events into affective shifts. Together, these yield the emo-
tion vector

e(t) = femo(oa m, SPCTS<t)7 u(t>)’

which represents the persona’s dynamic emotional response to a particular news event.

4.4.1 Baseline Emotions

The OCEAN personality trait vector o = [0, C, E, A, N]T is projected into Plutchik’s eight emo-
tion dimensions through a linear transformation:

€pase = clip(Wo + b, 0, 1). (4.6)
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Consistent with the literature, the coefficient matrix W and offset b encode relationships between
personality traits and affect, such as extraversion increasing joy and neuroticism increasing fear.
This produces ey, the persona’s baseline affective profile prior to event exposure.

4.4.2 Opinion Formation

Event—specific stances are derived as a convex combination of country and community priors, with
individual variance:

Spers(t) = AScomm(t) + Bsery(t) +6, a+B <1, e~N(0,0%). 4.7)

Here, spers(t) is the stance of persona p toward topic ¢, a and § control the relative influence of
community versus national priors, and ¢ introduces idiosyncratic noise.

4.4.3 Event—-Conditioned Emotion Modulation

Topic salience u(t) € [0, 1] modulates baseline affect. For supportive stances:

Ejoy(t) = e}ﬁ‘;e + 0.6 u(t) Spers (1), (4.8)
Coust(t) = €258 + 0.5 u(t) Spers(t), (4.9)

while oppositional stances amplify aversive responses:

eanger(t) N u(t) |spers(t) , (4.10)

anger

|
edngust(t) = eg?:geust + 0.4 u(t) |3perS(t>|- 4.11)

Other Plutchik emotions (fear, sadness, anticipation, surprise) are adjusted with smaller offsets, and
all values are clipped to [0, 1] for interpretability. Ideological weights from m bias this modulation,
e.g., higher Loyalty or Authority strengthens negative reactions to socially disruptive events. The
coefficients (0.6/0.5/0.4) are fixed scaling weights chosen for calibration and stability: since u(t) €
0, 1] and spers(t) € [—1, 1], they bound the maximum event-driven shift (pre-clipping) to ~ 0.4—
0.6 and prevent saturation. I set higher weights for joy/anger (more stance-volatile), a moderate
weight for trust, and a lower weight for disgust (typically less responsive in text).

4.5 Experimental Design

The experimental design evaluates how synthetic personas respond emotionally to event—conditioned
prompts. The full workflow which integrates persona data, structured prompting, LLM response
generation, and emotion analysis, is illustrated in Figure 4.3. Tables 4.1 and 4.3 summarize the
dataset composition and experimental conditions.
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4.5.1 Experimental Conditions

Experiments were conducted using personas as described in Section 4.3. The total number of runs
is determined by the cross—product of personas P, scenarios S, and experiment levels L:

Nexp = |P| x |S] x |L£], (4.12)

Personas were evaluated across five abstraction levels £ and two high—salience sociopolitical
scenarios S. These conditions were chosen to test how differences in contextual information and
event framing influence emotional responses.

Scenarios (S5). Two scenarios were selected for their salience and ideological diversity:

* Roe v. Wade Overturn (June 2022): A Supreme Court decision with major implications
for reproductive rights and individual freedoms. This scenario is ideologically polarized,
enabling evaluation of how personas’ political leanings and moral foundations modulate
emotional responses to contentious issues.

* 988 Suicide Hotline (July 2022): A policy intervention expanding access to mental health
resources. This event represents a socially supportive initiative with broad bipartisan rele-
vance, testing how personas react to public health policy framed as a collective good.
Additional analyses examining responses to COVID-19 public health measures at the height of
the pandemic are provided in Appendix B.2.

The suicide hotline case illustrates rates of engagement and demographic convergence in emo-
tional expression, complementing the primary scenario with an event characterized by broad soci-
etal relevance and minimal ideological polarization.

Experiment Levels (£). Table 4.3 defines five levels of persona prompting, which vary in how
much emotional, moral, and psychological information is injected into the LLM. At the low-
est level, personas are stripped of affective context, serving as a baseline. Intermediate and en-
riched levels add progressively richer information, from baseline emotions to moral foundations to
OCEAN traits. The highest level incorporates topic—specific emotions. This structure allows for a
systematic ablation showing how increasing prompt complexity affects model output.

Virtual Experiment The factorial design combines |P| = 537 personas, |S| = 2 scenarios, and
|L]| = 5 levels:

Nexp = 537 x 2 x 5 = 5,370. (4.13)

Each run produces a structured LLM response and its mapped emotion vector, yielding a dataset
robust enough for comparative statistical evaluation across conditions.

The experimental procedure (Figure 4.3) proceeds in three stages. First, prompt construction
assembles structured inputs for each persona p € P under condition (s, /) € (S, L), as described
in Section 4.3. Next, prompts are submitted for response generation to an OpenAl backend (gpt—
4o/mini) asynchronously. After quality checks, responses are passed to the analyzer for emotion
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Table 4.3: Experiment levels (£) used in persona prompting. Each level specifies which emotional,
moral, and psychological fields are available to the model.

Condition Description Fields Included
D Baseline condition with no emotional or psychologi- —
cal context.
D+B Personas receive only baseline emotions derived Baseline Emotions
from trait—affective mapping.
D+B+M Adds moral foundation values to baseline emotions, Baseline Emotions;
reflecting ideological predispositions. Moral Values
D+B+M+0O Incorporates OCEAN personality traits along with  Baseline Emotions;
baseline emotions and moral foundations. Moral Values; Personal-
ity Traits
D+M+O+T Richest condition, combining moral values, topic— Moral Values;  Topic
specific emotions, and personality traits. Emotions;  Personality
Traits

analysis, mapping free text into Plutchik’s eight emotions plus valence.

cross-validated against the persona’s baseline emotional attributes.

4.6 Results

Input Personas
(Canada & US)

Y

(Prompt Construction]

y

(LLM Response Generationj

y

(Sentiment & Emotion Analysisj

y

(Database Storage]

Figure 4.3: Compact experimental pipeline.

Detected sentiment is then

4.6.1 Institutional Community Generation and Validation

The hierarchical persona generation framework produced a balanced and demographically cali-
brated population of 537 synthetic personas across two countries (267 U.S., 270 Canadian). Rep-
resentation across the six institutional categories was effectively uniform, with each containing
roughly 43-45 personas per country (approximately 16—17% of the total population). This even
distribution confirms that the hierarchical generation pipeline maintained proportional sampling
across institutional types.
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Within each category, the model generated coherent institutional communities that reflected
realistic organizational diversity. For instance, Industry Institutions included associations such
as the Chamber of Commerce and the Small Business Alliance, while University Institutions en-
compassed identity-based and professional organizations such as the Black Student Union and the
Society of Hispanic Professional Engineers. Each community contained 8-9 personas, indicating
consistent balancing in population structure and representation across social domains.

At the population level, the synthetic personas demonstrated demographically and psychologi-
cally plausible characteristics. Both countries exhibited a concentration of younger adults (ages
18-34) and gender distributions approximating national census patterns. Political orientations
showed clear cross-national differentiation: U.S. personas leaned modestly left-of-center, whereas
Canadian personas clustered near the political center and center-right, reflecting real-world ideo-
logical baselines.

Psychological calibration also aligned with established theory. OCEAN personality traits
closely tracked observed national means, while Moral Foundations profiles reproduced canon-
ical ideological trends—Iliberal personas emphasized Care and Fairness, whereas conservative
personas prioritized Authority and Sanctity. Collectively, these findings demonstrate that the hi-
erarchical LLM-based pipeline generated institutionally balanced, demographically diverse, and
psychologically coherent synthetic populations.

Full validation results, including institutional distributions, trait deviations, and moral founda-
tion mappings, are provided in Appendix B.2.

Generation outputs are summarized in Section 4.3 (Table 4.1). In total, I produced N=537 per-
sonas (U.S.: 267, Canada: 270) with near-uniform representation across six institutional categories
(16.4-16.8% each; typically 44—45 personas per country per category) and consistent community
sizes (89 personas). Demographic calibration matched design targets (gender within ~1% of na-
tional ratios), while age/education were intentionally skewed toward digitally active cohorts(e.g.,
25-44: 63.1%; Table 4.1). Ideological and psychological mappings followed the specified MFT
and OCEAN priors (Section 4.3).

4.6.2 Country-Level Emotions

Figure 4.4 reports the mean emotion scores (Plutchik dimensions, normalized to [0, 1]) aggregated
by country for the Roe v. Wade and 988 stimuli. For Roe v. Wade, Canadian personas show higher
average sadness (0.467 vs. 0.347) and fear (0.300 vs. 0.379) than U.S. personas, while anger is
nearly identical (0.244 vs. 0.238). This pattern indicates a more sadness-/fear-dominant response
profile among Canadian personas, whereas U.S. personas exhibit a more diffuse distribution across
emotions.

For the Suicide Hotline 988 stimulus, both countries shifted toward sadness as the dominant
response. Canadian personas had higher sadness (0.445 vs 0.421) with comparatively higher joy
(0.296 vs 0.229) than U.S. personas. Anger remained negligible across both populations. These
findings reinforce the framework’s ability to capture issue-specific emotional reactions: while Roe
v. Wade elicited polarized reactions, the Suicide Hotline event produced more sadness, with subtle
cross-national differences in emotional distributions.
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Figure 4.4: Country-level primary emotions for Roe v. Wade (left) and Suicide Hotline 988 (right).

4.6.3 Community-Level Emotions

Figure 4.5 shows mean emotion scores aggregated at the institutional-community level. For Roe
v. Wade, government and education communities exhibit the highest average anger and sadness,
while medical communities show the highest fear (0.523). Conservative government communities
display higher joy (0.139), whereas liberal government communities are fear-dominant (0.41),
indicating that institutional setting and ideology jointly structure community-level emotion profiles
for this polarized issue.

In contrast, the Suicide Hotline 988 stimulus elicited broad convergence on sadness across
nearly all communities, particularly in conservative government (0.530) and industry (0.512) in-
stitutions. Joy responses were comparatively stronger in university institutions (0.389), having
greater optimism or support for the initiative. Importantly, anger remained consistently low across
all communities, underscoring the consensus-oriented nature of this issue. Together, these pat-
terns demonstrate that hierarchical personas can produce both polarized and consensus-oriented
emotional reactions, depending on the type of event under consideration.

4.6.4 Individual-Level Emotions

At the individual level, Table 4.4 shows representative persona emotion vectors (normalized to
[0, 1]) for each topic. For the Roe v. Wade stimulus, Ethan Roberts (U.S.) who is classified as "Far
Left’ has a strongly negative profile, with anger as the dominant dimension (0.629) alongside high
sadness (0.584), fear (0.578), and surprise (0.591), and low joy (0.166) and trust (0.187). This
profile is consistent with his strongly oppositional stance (s = —0.965) and very high salience
(u = 0.81), which amplify event-conditioned negative affect in our formulation. In contrast, Amina
N’Diaye (Canada) who is classified as *Center Left’ shows a more moderate sadness-weighted
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Figure 4.5: Community-level primary emotions for Roe v. Wade (left) and Suicide Hotline 988
(right).

Table 4.4: Representative individual-level emotion scores by nationality and topic.

Persona (Country) Joy Trust Fear Sad. Ang. Ant. Disg. Surp.
Roe v. Wade Overturn (June 2022)
Ethan Roberts (U.S.) 0.166 0.187 0.578 0.584 0.629 0.515 0.510 0.591

Amina N’Diaye (Canada) 0.360 0.310 0.390 0.460 0.280 0.290 0.300 0.330

988 Suicide Hotline (July 2022)
Ethan Roberts (U.S.) 0.157 0.359 0.118 0.422 0.191 0.437 0.116 0.178
Amina N’Diaye (Canada)  0.350 0.580 0.260 0.620 0.300 0.490 0.270 0.380

Scores represent normalized emotion dimensions from individual persona analyses.

response (sadness 0.46; fear 0.39; anger 0.28).

For the 988 Suicide Hotline stimulus, Ethan shifts to a more prosocial configuration charac-
terized by higher anticipation (0.437), sadness (0.422), and trust (0.359), with low fear (0.118) and
disgust (0.116), consistent with moderate support (s = 0.405) under medium salience (u = 0.59).
Because these vectors depend on the downstream emotion extraction model, I interpret them as
descriptive examples of micro-level variation under fixed persona inputs rather than attributing
cross-national differences to a specific causal mechanism.

For the 988 Suicide Hotline scenario, responses were consensus-oriented and dominated by
prosocial affect. U.S. personas showed higher trust, joy, and anticipation (e.g., trust 0.61; joy 0.38;
anticipation 0.54), while Canadian personas exhibited comparable patterns with slightly higher
sadness (0.59). Anger and disgust remained low across both countries (< 0.32).

Overall, our approach produces different emotional reactions for each event; polarized, value-
driven responses for ideological stimuli such as Roe v. Wade, and cohesive, prosocial responses
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Table 4.5: Content performance across ablation conditions

Condition Emotional Intensity Topical Relevance Authenticity Score Overall Quality®
D 0.086 0414 0.363 0.287
D+B 0.172 0.488 0.424 0.361
D+B+M 0.236 0.516 0.485 0.412
D+B+M+0 0.253 0.534 0.514 0.434
D+M+0+T 0.288 0.577 0.580 0.482
Improvement’  +237% +40% +60% +68%

Overall quality represents the mean across all metrics (0—1 scale).
Percentage improvement calculated relative to the baseline (D).

for collective welfare issues such as the 988 Hotline.

4.6.5 Hierarchical Prompt Engineering Validation: Content Quality and
Topic Emotion Effectiveness

This section validates the effectiveness of hierarchical prompt enrichment on LLM content quality
and emotional authenticity. A controlled experiment systematically compared five prompt com-
plexity levels across politically salient topics.

Experimental Framework and Quality Metrics

The study followed an ablation design in which contextual features were added stepwise to assess
their impact on content quality: starting with demographics only (D), then adding baseline emo-
tions (D+B), moral foundations (D+B+M), empirically grounded OCEAN traits (D+B+M+0O), and
finally topic-specific emotions (D+M+0+T). !

Content quality was evaluated on four 0—1 metrics—emotional intensity, topical relevance, au-
thenticity score, and overall quality (the mean of the first three), across 5,370 responses (one per
persona per condition). Table 4.5 reports mean scores by ablation condition and shows monotonic
improvements as contextual fields are added: relative to the demographic-only baseline (D), emo-
tional intensity increases by +237%, authenticity by +60%, topical relevance by +40%, and overall
quality by +68%, with the highest scores under topic-specific cues (D+M+0+T).

These differences are statistically reliable (ANOVA: intensity [ = 464.88, relevance [’ =
139.81, authenticity F' = 303.20; all p < 0.001), and Bonferroni-corrected pairwise tests con-
sistently favor D+M+O+T over D with large effects (d = 1.72 intensity; d = 1.37 authenticity;
d = 0.97 relevance), indicating both statistical and practical gains from prompt enrichment.

Topic-Specific Emotional Enhancement and Distributional Shifts

Topic-specific emotional priming (D+M+0+T) produced the clearest gains in topic-aligned affect
relative to demographic-only prompting (D) (Table 4.6). For Roe v. Wade, the enriched prompts

IThe final condition omits baseline emotions (B) because topic-specific emotion cues supersede them; including
both was redundant and sometimes inconsistent in pilot prompts.
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Table 4.6: D+M+0O+T emotional advantages by topic relative to baseline (D).

Topic Emotion D+M+O+T Score Change vs D
Fear 0.457 +665%
Roe v. Wade Sadness 0.566 +464%
Anger 0.100 -56%
Joy 0.441 +528%
Suicide Hotline Fear 0.152 +271%
Neutral 0.022 -97%

shift responses toward threat- and loss-oriented emotions, increasing fear (0.060 — 0.457; +665%)
and sadness (0.100 — 0.566; +464%), while reducing anger (0.227 — 0.100; —56%). For 988
Suicide Hotline, D+M+0O+T increases engagement and prosocial tone, boosting joy (0.070 —
0.441; +528%) and fear (0.041 — 0.152; +271%), and sharply reducing neutral responses (0.675
— 0.022; -97%). Together, these shifts indicate that topic-level emotion cues steer model outputs
toward more context-appropriate affect rather than uniformly increasing intensity.

Figures 4.6—4.7 show mean emotion proportions by ablation condition, revealing how the dis-
tribution shifts as additional persona fields are introduced. For Roe v. Wade, sadness increases
across conditions (0.20 — 0.25), fear remains in a moderate band (0.12-0.21), and anger declines
(0.11 — 0.05); neutral responses also drop (0.13 — 0.07), indicating fewer low-affect outputs. For
988 Suicide Hotline, neutral/disengaged responses decrease (0.18 — 0.13) while sadness (0.06 —
0.12) and fear (0.10 — 0.16) increase modestly. Joy rises at intermediate conditions (peak 0.17)
and then decreases under D+M+O+T (0.09), yielding a less uniformly positive distribution and a
more mixed affect profile for the topic.

Statistical testing reinforced these findings: across 140 pairwise comparisons, 36 (25.7%)
reached significance after Bonferroni correction—well above chance. Effect sizes ranged from
small to large, with the strongest effects concentrated in emotional intensity and authenticity met-
rics.

While it is difficult to say whether D+M+O+T leads to more “correct” emotional response com-
pared to the baseline, I find that increasing prompt complexity via psychological and demographic
conditioning leads to more pronounced emotional reactions, and higher quality measures. That
is, ablation-based prompt enrichment doesn’t boost emotion across the board. Compared to the
baseline, the D+M+O+T condition shifts the emotion distribution toward topic-diagnostic affect
(e.g., threat/loss emotions for Roe v. Wade; prosocial engagement for 988) while reducing neutral
or low-information responses that are less informative for the scenario.

4.6.6 Topic-based Emotional Distributions

Figures 4.8—4.9 show that the demographic patterns in expressed emotion depend strongly on the
topic. For Roe v. Wade, anger decreases with age (older personas express less anger; 5; = —0.847,
p < 0.001), and political orientation separates responses in the expected direction, with more
negative/angry reactions concentrated among left-leaning cohorts. For 988 Suicide Hotline, the
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Emotion Distribution Heatmap for Roe v. Wade Topic
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Figure 4.6: Emotion distribution heatmap for Roe v. Wade topic by ablation condition.

strongest gradient shifts from anger to sadness: sadness increases with age, and political differ-
ences are smaller and more consistent with empathetic framing than polarization. These results
suggest that the prompting pipeline preserves interpretable demographic structure—it does not
produce a single generic emotional style, but yields age- and ideology-linked response patterns
that change appropriately with the scenario.

Connection to Real-World Conflict Discourse. The topic sensitivity observed in our synthetic
personas is also consistent with patterns found in real conflict information environments. In prior
analysis of bot-driven Twitter discourse during the Russia—Ukraine war, pro-Ukraine and pro-
Russian narratives were not only differentiated by stance, but also by their moral and affective
structure. Pro-Ukraine narratives increasingly emphasized Care, Loyalty, Authority, Subversion,
and Degradation in ways that fostered solidarity with Ukraine and condemnation of Russian ac-
tions, whereas pro-Russian narratives used Care/Harm, Loyalty, Authority, and Degradation to
frame Russian intervention as protective and legitimate while degrading Ukraine and NATO [121].
That result matters here because it shows that real geopolitical discourse does not express emotion
uniformly across issues or sides; rather, emotional tone and moral framing shift systematically with
the topic and narrative position. The present findings extend that logic into synthetic population
modeling: our personas likewise exhibit event-dependent emotional distributions, with polarized
anger- and fear-related reactions for Roe v. Wade and more sadness- and empathy-oriented re-
sponses for Suicide Hotline 988, rather than a single undifferentiated affective style [121].
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Emotion Distribution Heatmap for Suicide Hotline 988 Topic
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Figure 4.7: Emotion distribution heatmap for Suicide Hotline 988 topic by ablation condition.

4.6.7 Benchmarking Synthetic Personas

To empirically validate the behavioral authenticity of our hierarchical LLM persona generation
framework, I implemented a systematic cross-platform comparison methodology contrasting syn-
thetic emotional response distributions with ground-truth Facebook reaction patterns on the same
two topics: 988 Suicide Hotline launch (July 2022) and Roe v. Wade overturn (June 2022). The
validation dataset comprises N = 252 demographic strata across age cohorts

A = {18-24, 25-34, 35-44, 45-54, 55-64, 65+}
binary gender classification G = { M, F'}, and political orientation taxonomy
P = {Far Left, Left, Center, Right, Far Right}

for temporally matched experimental stimuli. Facebook reaction vectors

r; = [Thahasa T'lovess Tsorrys» TangerSa Twows]

were transformed via min-max normalization within demographic strata:

Cross-platform validation analysis reveals statistically significant structural correspondence be-
tween synthetic and empirical emotional response patterns with demographic-specific effect mag-
nitudes. For the Roe v. Wade stimulus, age-stratified reaction distributions demonstrate monotonic
inverse correlation between chronological age and anger response intensity, following the func-
tional form ryeer(a) = By + B1 - a~* + € where coefficients yield 51 = —0.847 (p < 0.001),
indicating systematic generational emotional regulation differences. Political orientation produces
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(a) Facebook reaction patterns for Roe v. Wade across demographic categories.
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(b) (D+M+0O+T) Synthetic Persona Sentiment reaction patterns for Roe v. Wade across demo-
graphic categories.

Figure 4.8: Comparison of Facebook reactions and synthetic persona sentiment reactions for Roe
v. Wade across demographic categories.

orthogonal differentiation with left-wing cohorts exhibiting elevated negative valence reactions
(HangerFarLeft = 0.4 & 0.3, Hangerrert = 7.2 &= 0.4) and right-wing cohorts displaying increased
positive/neutral responses ({UnumorFar Right = 4.2 £ 0.2). Critically, our LLM-generated personas
reproduced these demographic gradients within £0.15 normalized units across all measured di-
mensions.

In contrast, the Suicide Hotline 988 stimulus produces constrasting validation patterns by sys-
tematic demographic gradients in sadness response intensity, revealing age-dependent and politi-
cal orientation effects distinct from polarizing topics. Facebook reaction distributions demonstrate
monotonic increases in sadness responses within chronological age (8, = +0.12, p < 0.05)
and conservative political orientation (Byliica = +0.18, p < 0.01), with right-wing cohorts ex-
hibiting 1.6x higher sadness intensities than left-wing cohorts (fisadness,Far Right = 4.1 £ 0.4 vs.
sadness.Far Left = 2.D &£ 0.3). These patterns suggest ideological differences in empathetic response
expression and generational variation in emotional reactivity to mental health stimuli, contrasting
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(a) Facebook reaction patterns for Suicide Hotline 988 across demographic categories.
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(b) (D+M+0O+T) Synthetic Persona Sentiment reaction patterns for Suicide Hotline 988 across
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Figure 4.9: Comparison of Facebook reactions and synthetic persona sentiment reactions for Sui-
cide Hotline 988 across demographic categories.

with the high-variance polarization observed for Roe v. Wade (F'(4,247) = 47.8,p < 0.001).
This differential demographic sensitivity validates our LLM system’s capacity for topic-dependent
ideological and generational modulation through integrated moral foundations and life-stage psy-
chological models.

Quantitative cross-platform validation employed Pearson product-moment correlation coeffi-
cients between standardized Facebook reacting intensities and LLM-generated emotion vectors,
with significance testing via bias-corrected and accelerated bootstrap confidence intervals (B =
10, 000 resamples). Table 4.7 presents validation metrics demonstrating systematically strong cor-
respondence for polarized stimuli and moderate correspondence for consensus stimuli. Roe v.
Wade achieved robust validation across demographic strata (grand mean i = 0.739 =+ 0.095), with
political orientation correlations approaching theoretical maximum (7angerpolitical = 0.934, 95% CI.:
[0.891, 0.967]). Age-stratified anger patterns similarly demonstrated high fidelity (r = 0.923, 95%
CI: [0.847, 0.971]), confirming generational emotional regulation model accuracy.

Conversely, the Suicide Hotline 988 stimulus demonstrated strong validation for sadness re-
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Table 4.7: Cross-platform validation correlation matrix with bootstrap confidence intervals.

Topic Demographic Emotion r 95% CI
Gender Anger 0.847 [0.782, 0.895]
Roe v. Wade Age Cohorts Anger 0.923 [0.847,0.971]
Political Anger 0.934 [0.891, 0.967]
Gender Sadness 0.889 [0.823, 0.934]
Suicide Hotline Age Cohorts Sadness 0.778 [0.691, 0.847]
Political Sadness 0.823 [0.734, 0.889]
Aggregate Validation Metrics
Mean correlation coefficient 7 = 0.652 + 0.089
Significant correlations 15/18 (83.3%)
Effect size (Cohen’s f?) 2 = 0.74 (large)

Note: Bootstrap confidence intervals computed via bias-corrected and accelerated method (B = 10,000). Effect sizes follow Cohen (1988).

sponses across all demographic dimensions (7gdness = 0.830 £ 0.061), with particularly robust
age-dependent correlations (r = 0.889, 95% CI: [0.823, 0.934]) capturing the systematic in-
crease in empathetic responding with chronological age. Political orientation sadness correlations
(r = 0.823, 95% CI: [0.734, 0.889]) confirmed the ideological gradient in mental health stimulus
processing, validating conservative-liberal differences in emotional expression toward psycholog-
ical distress.

4.6.8 Validation

We validate the emotional realism of the synthetic population through a combination of inter-
nal consistency checks and external benchmarking against real-world behavioral data. First, the
model reproduces structured emotional differentiation across topics, levels of analysis, and demo-
graphic groups. Polarized stimuli (Roe v. Wade) produce high-variance, anger- and fear-weighted
responses, while consensus-oriented stimuli (988 Suicide Hotline) yield convergent, sadness- and
prosocial-oriented distributions. This aligns with expectations that contentious issues generate
affective divergence, whereas public health interventions produce more uniform emotional re-
sponses.

Second, the model captures demographically grounded emotional gradients. Age exhibits a sta-
tistically significant inverse relationship with anger for polarized topics (8; = —0.847,p < 0.001)
and a positive association with sadness for mental health stimuli (8, = +0.12,p < 0.05), repro-
ducing well-established patterns of emotional regulation across the lifespan. Political orientation
further structures responses in expected directions, with left-leaning cohorts exhibiting stronger
negative reactions to Roe v. Wade and reduced polarization for the 988 scenario. These findings
demonstrate that the model does not generate generic affect, but instead produces interpretable,
theory-consistent variation.

Third, cross-platform validation against Facebook reaction data provides external grounding.
Across 252 demographic strata, synthetic emotion distributions exhibit strong correspondence with
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empirical reaction patterns, with mean correlation ¥ = 0.652, and peak alignment for high-salience
cases (e.g., political anger » = 0.934 for Roe v. Wade; sadness » = 0.889 for 988). Importantly,
the model reproduces not only aggregate trends but also the structure of demographic variation,
matching observed responses within +0.15 normalized units. This indicates that the system cap-
tures both central tendencies and distributional shape.

Finally, ablation results provide construct validity for the generation process. Increasing prompt
complexity (from D to D+M+0+T) yields monotonic improvements in emotional intensity (+237%),
authenticity (+60%), and overall quality (+68%), while simultaneously shifting emotional distri-
butions toward topic-appropriate affect rather than uniformly amplifying sentiment. This demon-
strates that the inclusion of psychological and moral features is not arbitrary, but causally linked to
improved behavioral realism.

4.7 Discussion

The results of this study establish a significant methodological advance in computational social
science by demonstrating that hierarchically constructed LLM personas can achieve behavioral
fidelity sufficient for empirical social research. Despite certain methodological limitations, our
analysis supports the claim that carefully engineered synthetic populations can reproduce authen-
tic human emotional response patterns while maintaining the ethical and practical advantages of
simulation-based research. Systematic ablation testing across prompt complexity levels gives ro-
bustness to these findings. The validation against Facebook reaction data, combined with system-
atic ablation testing across prompt complexity levels, gives robustness to these findings. Finally,
several distributional differences between empirically observed emotional reactions and the LLM-
persona reactions inform directions for future research.

Cross-platform validation was consistently strong (7 = 0.652 overall), with certain dimen-
sions—such as political anger—achieving correlations as high as » = 0.934. These values ap-
proach the theoretical ceiling imposed by cross-platform measurement noise and stochastic varia-
tion at the individual level. Still, some divergences were observed: emotional polarization tended
to be slightly amplified in moralized issues such as Roe v. Wade, suggesting that large language
models may occasionally overemphasize extreme moral framing relative to empirical distributions
of human expression. This divergence highlights both the sensitivity and the exaggerative potential
of generative models when exposed to topics that carry strong normative cues.

Equally important is the framework’s ability to reproduce systematic demographic variation.
Age-dependent regulation patterns, long documented in psychology, emerged naturally: personas
mirrored the monotonic inverse correlation between age and anger responses to polarizing topics
(81 = —0.847,p < 0.001) and simultaneously captured the positive association between age and
sadness for mental health stimuli (B,ee = +0.12,p < 0.05). These context-dependent shifts high-
light the system’s sophistication in modeling emotional regulation across the lifespan rather than
producing flat or uniform outputs. However, within smaller demographic subgroups—particularly
among older or highly conservative personas—variability was somewhat compressed, indicating
that while mean-level patterns were captured effectively, intragroup heterogeneity remains less
precise than in natural populations.
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Finally, the framework demonstrated sensitivity to stimulus type, differentiating between polar-
izing and consensus issues. Roe v. Wade responses exhibited high-variance ideological polariza-
tion (F(4,247) = 47.8, p < 0.001), whereas Suicide Hotline 988 responses followed more gradual
demographic gradients. This contrast validates the theoretical grounding of the approach and un-
derscores the potential of LLM personas to serve as instruments for testing hypotheses about both
contentious and consensus-driven social phenomena. Yet, the observed tendency toward slightly
stronger polarization in LLM outputs may indicate that such personas reflect normative intensity
rather than pure attitudinal distribution—an artifact that future calibration could mitigate through
fine-tuned reinforcement or dynamic feedback mechanisms.

Our results demonstrated that hierarchically constructed LLM personas can achieve behav-
ioral fidelity high enough to support empirical-style analysis. Despite limitations, the results in-
dicate that well-engineered synthetic populations can reproduce key patterns in human emotional
responses while preserving the ethical and practical benefits of simulation. Robustness is strength-
ened by systematic ablation tests across prompt-complexity levels. Remaining distributional gaps
between empirical and persona-based emotions point to clear directions for future work.

Validation was consistently strong overall, with particularly high alignment on political anger,
though some divergences emerged. In moralized domains such as Roe v. Wade, persona outputs
showed slightly amplified emotional polarization, suggesting generative models may over-weight
extreme moral framing relative to observed human distributions. At the same time, personas re-
produced systematic demographic structure. Age-related regulation patterns appeared in the ex-
pected directions across contexts. However, variability within smaller subgroups, such as older or
highly conservative personas, was somewhat compressed, indicating that intragroup heterogeneity
remains an issue in some instances.

Finally, the framework was sensitive to stimulus type, distinguishing polarized issues from
more consensus-oriented ones (e.g., Roe v. Wade versus 988). This supports the theoretical ground-
ing of the approach, while the modest over-polarization in LLM outputs suggests a calibration
target for future work.

4.7.1 Hierarchical Prompt Engineering and the Importance of Structure

The ablation results provide insights into why hierarchical prompt engineering is effective. Pro-
gressive enrichment of demographic, moral, opinion, and topic cues produced systematic quality
improvements, with emotional intensity increasing by 237% and overall authenticity by 68% from
baseline to the full D+M+O+T condition. Importantly, it did not uniformly increase emotional
intensity; rather, enrichment drove selective, context-appropriate shifts in emotional expression.
Topic-specific prompting led to differentiated patterns. For example, anger responses rose in re-
action to polarizing political stimuli, while sadness responses increased for mental health—related
stimuli. This is in line with patterns documented in psychological research.

These findings highlight why hierarchy matters. Progressing from country-level demograph-
ics, through community structures, to individual traits and emotional cues, hierarchical prompt-
ing creates a constraint system that anchors outputs at every level. National demographics pro-
vide macro-level distributions, communities embed local variation, and individuals inherit these
structures while adding psychological depth through OCEAN traits, moral foundations, and topic-
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specific opinions. The resulting cross-scale consistency ensures that outputs reflect believable and
interpretable social variation. Evidence of this structuring emerged clearly in age-dependent regu-
lation patterns: personas reproduced the inverse relationship between age and anger responses to
polarizing topics (8; = —0.847,p < 0.001) and simultaneously captured a positive association
between age and sadness for mental health stimuli (B, = 4+0.12,p < 0.05).

At the population level, the framework also demonstrated its ability to reproduce authentic
social structures. Institutional community generation produced near-perfect balance across cate-
gories (16.4-16.8%) while still generating realistic within-group variation. This capacity to embed
individuals within broader sociocultural contexts addresses a long-standing challenge in social sim-
ulation: how to model phenomena at multiple levels (individual, group, society) in a way that fits
together consistently. The ablation results and demographic reproduction show hierarchical prompt
engineering as a methodological tool for creating structured, empirically interpretable population
models.

4.7.2 Believability for Research Simulation

Because hierarchical personas align with empirical demographic and emotional distributions, they
can serve as stand-ins for real populations in controlled experiments. Unlike traditional agent-
based models, which often require extensive parameter tuning, the present framework gener-
alized across demographic strata and topic domains without manual calibration. For polariz-
ing topics such as Roe v. Wade, personas reproduced sharp ideological divides (F'(4,247) =
47.8,p < 0.001), whereas for consensus-oriented issues such as the Suicide Hotline 988, re-
sponses followed demographic rather than ideological divides. Sadness increased predictably with
age (Buee = +0.12,p < 0.05), reflecting psychological theories of age-dependent empathy.

The framework demonstrates strong external coherence and offers a viable way for experimen-
tal social modeling that does not rely on human subjects or sensitive personal data. In this way,
hierarchical LLLM personas can serve as proxies for exploring mechanisms of social response under
complex or controversial conditions.

4.7.3 Scenarios and Interventions

These results indicate that hierarchically constructed LLM personas can serve as valid individual-
level emotional respondents and as instruments for studying collective dynamics across scenarios.
The framework couples macro demographic baselines with meso community structure and micro
psychological traits. Because the drivers of variation remain explicit (demographics, moral founda-
tions, salience), outputs are more interpretable—observed emotional differences can be attributed
to controlled fields rather than prompt noise. The same modular country—community—individual
template also improves scalability by reusing shared context across many personas, enabling batch
generation under a fixed schema and validation layer. Together, these properties support scenario-
based experimentation in which population responses to emerging events can be simulated from
empirically grounded community priors.

Such capabilities open new avenues for testing interventions before they occur in the real world.
Policymakers could evaluate crisis messaging strategies, anticipate the diffusion of misinformation,
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or probe the resilience of public opinion under stress, all within a simulated environment that has
limited ethical repercussions. Importantly, the ablation results show quality measures, such as
believability, rising as more contextual cues are layered in. As such, hierarchical prompting allows
synthetic populations to serve as proxies for human subjects. In this way, researchers can explore
counterfactuals and “what-if” scenarios that would be impractical, costly, or unethical to study
directly with human subjects.

4.8 Conclusions

This study demonstrates that hierarchically constructed LLLM personas can achieve behavioral fi-
delity sufficient for use as synthetic populations in computational social science. By grounding
personas in country-level demographics, embedding them in diverse communities, and enriching
them with individual psychological traits and contextual cues, the framework produced outputs that
aligned closely with empirical data. Systematic ablation testing showed that synthetic populations
reproduced both polarizing dynamics (e.g., Roe v. Wade anger responses, F'(4,247) = 47.8,p <
0.001) and consensus-oriented demographic gradients (e.g., Suicide Hotline 988 sadness increases
with age, By = +0.12,p < 0.05).

These results show that hierarchical prompt engineering generates synthetic populations that
match empirical data across demographic, community, and individual levels. The framework po-
sitions LLM personas as emotionally responsive populations capable of supporting empirical re-
search, policy analysis, and intervention testing in ethically sensitive domains. I hope that this ap-
proach can provide a framework for extending traditional, deliberation centric ABM’s with agents
capable of emotional reasoning.

4.9 Contributions to the Dissertation

This chapter contributes both methodological and empirical advances to the broader dissertation
objective of modeling realistic social-cyber populations capable of participating in opinion dy-
namics simulations.

C1. A Hierarchical Persona Construction Framework for Emotionally Grounded Agents. I
introduce a country — community — individual prompting pipeline that enforces cross-scale de-
mographic, ideological, and psychological coherence in LLM-generated personas. This structure
operationalizes how individuals are embedded within sociocultural context and provides a repro-
ducible mechanism for generating large, diverse, and internally consistent synthetic populations.

C2. Integration of Psychological Theory into LLLM Persona Conditioning. I formalize the in-
corporation of OCEAN personality traits, Moral Foundations Theory, and baseline affective map-
pings into structured prompts. This bridges established psychological theory with generative Al,
enabling personas to express emotion in ways that are interpretable, parameterized, and empirically
grounded rather than purely emergent from prompt text.
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C3. A Model of Event-Conditioned Emotional Expression. I develop a mathematical formu-
lation for how baseline affect, ideological stance, and topic salience interact to produce dynamic
emotion vectors for each persona. This provides a mechanistic bridge between persona attributes
and observable emotional responses, making emotional expression a controllable component of
synthetic agent behavior.

C4. Systematic Validation of Emotional Authenticity through Cross-Platform Comparison.
I propose and implement a novel cross-platform validation methodology comparing synthetic per-
sona emotion distributions to Facebook reaction data across 252 demographic strata. High correla-
tions across age, gender, and political orientation demonstrate that hierarchically constructed LLM
personas can reproduce empirically observed demographic gradients in emotional expression.

CS5. Empirical Demonstration that Prompt Structure Directly Impacts Behavioral Realism.
Through ablation experiments across five prompt complexity levels, I show that progressive enrich-
ment with demographic, moral, personality, and topic cues increases emotional intensity (+237%),
authenticity (+60%), and overall content quality (+68%). These results establish hierarchical
prompt engineering as a methodological tool for producing behaviorally realistic synthetic pop-
ulations.

Cé6. Evidence that LLM Personas Exhibit Topic-Dependent Demographic Emotional Pat-
terns. The personas do not produce a single generic emotional style. Instead, they exhibit
context-sensitive emotional distributions: polarized anger for Roe v. Wade and age-dependent
sadness for Suicide Hotline 988. This demonstrates that synthetic personas can reflect scenario-
dependent demographic structure rather than uniform affect.

C7. Establishing Emotionally Expressive Synthetic Populations as Valid Inputs for Opinion
Dynamics Models. By showing that LLLM personas reproduce broad empirical emotional pat-
terns and demographic structure, this chapter justifies their use as input populations for downstream
opinion dynamics simulations developed later in the dissertation (JANUS). Emotional reasoning is
therefore validated as a meaningful component of agent cognition within social-cyber models.

4.9.1 Limitations

Several limitations of this work warrant caution. First, the analysis draws on a single set of events;
generalization to other cultural and discursive contexts remains uncertain. Second, even with hi-
erarchical construction, LLLM personas inherit biases from training data and prompt design, which
can distort representations of groups, moral values, and political orientations [17, 197], reinforcing
the need for interpretability when using LLMs as behavioral proxies.

Third, the framework captures aggregate emotional and demographic patterns but does not
yet model key cognitive and social dynamics such as recursive reasoning, network contagion, or
sustained temporal adaptation. Critics caution that using LLMs as stand-ins for cognition may
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conflate linguistic coherence with psychological realism [171, 189]. Others argue that synthetic
agents lack the nuance of human subjects that is necessary for meaningful qualitative analysis[97].

At the same time, alongside the present work, a line of research shows that structured and
empirically grounded agent architectures have meaningful behavioral regularities[6, 21, 149, 203].
Recent work emphasizes validation and theoretical anchoring for social-science applications [48].
Overall, the results support a middle ground: LLM personas should not replace human subjects, but
they can aid in the modeling of collective behavior and in the testing of theory-driven hypotheses,
in controlled, ethical settings.

4.10 Future Work

Several limitations point to clear extensions. The model does not capture temporal dynamics or
emotional contagion. Emotions are generated per event rather than evolving through interaction.
Incorporating longitudinal feedback and network-based diffusion would better reflect real social
processes.

The results suggest residual bias in emotional expression, particularly underrepresentation of
anger in some contexts. Future work should explore calibration methods such as reweighting or
constraint-based generation to improve affective coverage.

Finally, while personas are validated in isolation, it remains unclear how these behaviors prop-
agate in full simulations. Evaluating their stability within downstream agent-based models is nec-
essary to assess their impact on influence dynamics.
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Chapter 5

AURORA: Retrieval-Augmented Persona
Modeling

5.1 Introduction

Agent-based modeling (ABM) provides a powerful framework for studying complex social phe-
nomena, including opinion formation, belief polarization, narrative diffusion, and collective be-
havior in digitally mediated environments. A persistent challenge in ABM research, however,
lies in the initialization problem: constructing synthetic agent populations that are simultaneously
demographically representative, psychologically plausible, and contextually grounded.

Traditional population synthesis approaches—such as Monte Carlo microsimulation and Iter-
ative Proportional Fitting (IPF)—successfully reproduce aggregate demographic distributions but
offer limited representation of cognition, emotion, or belief formation. Conversely, recent appli-
cations of large language models (LLMs) enable the generation of expressive and context-aware
agents but often lack demographic proportionality, reproducibility, and interpretability. Prompt-
only persona generation further risks producing populations that are epistemically uniform, cultur-
ally generic, or misaligned with real-world discourse.

This chapter introduces AURORA (Augmented Understanding through Retrieval-Oriented
Reasoning Architecture), a Retrieval-Augmented Generation (RAG)—aware LLM framework de-
signed to address these limitations. AURORA generates grounded personas: synthetic individuals
that are demographically proportional to real-world populations, psychologically coherent, and
ideologically grounded in country- and topic-specific discourse. These personas constitute stable
initialization states that can be deployed directly as agents within downstream simulations, includ-
ing the creation of realistic Twitter (X) and Telegram accounts.

AURORA explicitly separates population construction into staged components: demographic
skeleton generation, contextual enrichment through RAG-enhanced LLM inference, and platform-
specific social media instantiation. This separation enables scalability, transparency, and controlled
experimentation while preserving behavioral realism.

This chapter addresses the following research questions:

* RQ1: Can Agent-Based Modeling (ABM) and Large Language Models (LLMs) be inte-

75



grated to generate synthetic populations with realistic opinions, emotions, and social behav-
iors?

* RQ2: How can Retrieval-Augmented Generation (RAG) improve the contextual grounding
and cultural fidelity of synthetic personas?

* RQ3: How do personality traits and emotion profiles influence opinion alignment and en-
gagement tendencies at the persona level?

* RQ4: Can hierarchical country—community—persona modeling preserve proportional repre-
sentation while enabling ideological heterogeneity?

* RQS: How does LLM model selection influence the psychological and ideological proper-
ties of generated personas?

5.2 Related Work

5.2.1 Simulating Human Behavior with Language Models

Recent research demonstrates the growing potential of large language models (LLMs) to simulate
human behavior and social dynamics. Park et al. show that generative agents augmented with
memory and planning modules can produce emergent social patterns—including daily routines,
relationship formation, and coordinated group behavior—demonstrating that LLM-based agents
can exhibit coherent individual and collective dynamics [149]. Complementing this work, Liu et
al. introduce an Explore—Generate—Simulate (EGS) framework in which LLMs model audience
feedback to guide interpersonal communication, illustrating how simulated agents can anticipate
and respond to diverse social perspectives [115].

At the population level, Argyle et al. demonstrate that persona-conditioned prompting enables
LLMs to approximate real-world attitudinal distributions in survey settings, aligning generated
responses with demographic and ideological patterns observed in empirical data [6]. Similarly, Si
et al. show that LLMs can simulate stance shifts under alternative linguistic framings, capturing
framing effects in opinion expression and belief updating [172].

However, Ribeiro critiques these approaches for lacking genuine behavioral diversity and warns
of the epistemic risks posed by overly uniform or artificially coherent simulations [162]. Together,
this body of work highlights both the promise of LLM-based social simulation and the importance
of ensuring sufficient heterogeneity and realism in synthetic populations.

5.2.2 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) combines large language models with external knowl-
edge retrieval to enhance factual accuracy, adaptability, and transparency. Lewis et al. introduced
RAG as a hybrid framework that integrates parametric memory in seq2seq models with non-
parametric memory via dense retrieval from sources like Wikipedia, improving performance on
knowledge-intensive tasks such as open-domain QA and fact verification [109].
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Enterprise applications have extended RAG using vector databases and structured sources (e.g.,
SAP, Salesforce) to reduce hallucinations and increase domain relevance. Toolkits like LangChain
support modular RAG pipelines, incorporating query rewriting, metadata filtering, and dynamic
chaining for production settings [184].

Recent innovations in multi-modal and speculative RAG architectures further enhance perfor-
mance through context fusion, ensemble reasoning, and multi-perspective sampling. Together,
these advances underscore RAG’s growing importance across domains, while highlighting ongo-
ing challenges in retrieval fidelity, latency, and integration.

5.2.3 Opinion Dynamics and Social Influence

The modeling of opinion dynamics in social networks has a well-established theoretical foun-
dation. Alizadeh et al. show that distributional approaches to opinion modeling capture distinct
collective patterns, demonstrating how normal, skewed, and bimodal distributions correspond to
consensus, asymmetry, and polarization dynamics [4]. Building on this structural perspective,
Cabrera et al. examine how social influence and network topology shape opinion convergence and
divergence, highlighting the central role of issue salience in determining susceptibility to influence
and resistance to change [28].

Similarly, Dong et al. propose a consensus-reaching framework that integrates bounded con-
fidence, trust, and issue salience within social networks [54]. These works provide theoretical
grounding for salience-weighted opinion generation, linking distributional structure, network in-
fluence, and issue importance to the dynamics of belief formation and evolution.

5.2.4 Personality and Emotion in Agent-Based Models

The integration of personality and emotion into agent-based models has been shown to enhance
realism and explanatory power. Montag et al. explore the relationship between personality traits
and primary emotional systems, providing empirical support for trait-emotion mappings [133].

Hiebler-Ragger et al. examine how personality traits predict emotional responses and interper-
sonal behaviors [83]. Their findings inform our approach to inferring emotional profiles from Big
Five personality traits.

Golbeck et al. demonstrate that personality traits can be predicted from social media behav-
ior, suggesting bidirectional relationships between traits and online expression [68]. This work
supports our use of LLMs to generate personality-consistent social media profiles.

5.3 Method: AURORA Generation Pipeline

This section formalizes the AURORA (AI-Utilized Retrieval for Optimized Representation of Au-
diences) generation pipeline as a staged hierarchical process that transforms raw demographic data
and document corpora into psychologically coherent, behaviorally parameterized synthetic per-
sonas suitable for agent-based modeling. The pipeline operates through six sequential stages, each
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enforcing specific constraints while preserving statistical validity and semantic grounding estab-
lished in prior stages.
The six stages of the AURORA pipeline are:

1. Stage 0 — Data Collection and Vector Database Construction: Collection, preprocess-
ing, embedding, and indexing of country- and topic-specific documents to build a retrieval-
augmented semantic knowledge base.

2. Stage 1 — Skeleton Persona Generation: Creation of demographically proportional skele-
ton personas using Iterative Proportional Fitting (IPF) with global LLM-generated plausibil-
ity validation rules.

3. Stage 2 — Country-Level Initialization: Generation of country-level ideological priors,
including topic opinions, salience scores, distribution types, and contagion parameters.

4. Stage 3 — Community Formation and Opinion Refinement: Construction of meso-level
communities and refinement of topic positions using retrieval-grounded LLM conditioning.

5. Stage 4 — Persona Enrichment: Augmentation of skeleton personas with biographical,
psychological, ideological, and affective attributes through hierarchical sampling and deter-
ministic personality—emotion mappings.

6. Stage 5 — Group Formation and Assignment: Creation of affinity groups and assignment
of personas via mutual selection mechanisms.

7. Stage 6 — Social Media Account Generation: Instantiation of platform-specific digital
accounts, translating structured persona states into deployable synthetic actors.

5.3.1 Framework Overview and Design Principles

AURORA is designed as a retrieval-augmented initialization model rather than a closed dynami-
cal system. Its purpose is to generate experiment-ready synthetic populations whose internal states
constitute valid starting conditions for downstream opinion dynamics and social interaction simu-
lations. Three foundational principles structure the design:

1. Demographic substrate precedence: Population-level statistical validity is established via
IPF prior to any semantic or cognitive enrichment, ensuring that behavioral realism does not
silently reshape the demographic composition.

2. Hierarchical contextualization: Individual attributes are conditioned on progressively re-
fined contexts (country — community — persona), reflecting how social agents are embed-
ded within macro-, meso-, and micro-level structures.

3. Retrieval-first generation: All LLM outputs are grounded in dynamically retrieved, context-
specific textual evidence rather than relying solely on model priors, ensuring cultural authen-
ticity and temporal relevance.

Figure 5.1 illustrates the complete end-to-end pipeline from document ingestion through fully
realized social media accounts.
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Figure 5.1: AURORA end-to-end pipeline overview. The framework ingests and embeds docu-
ments into a vector database, retrieves context for structured generation, and produces communi-
ties of synthetic actors through hierarchical prompt generation with integrated quality control.

5.3.2 Stage 0: Data Collection and Vector Database Construction

The foundation of AURORA’s retrieval-augmented approach is a persistent semantic vector database
containing country (at the community level) and topic-specific documentary evidence. This stage
establishes the knowledge base that grounds all subsequent LLM generation.

Document Corpus Composition

The curated corpus C includes:
* Topic-specific news articles: Contemporaneous reporting on scenario-relevant issues, sourced
from national outlets and translated to English

* Community information bank: Standardized descriptions of community categories (Ta-
ble 5.1)

* Census and demographic summaries: Statistical profiles and weighted marginal distribu-
tions

* Policy documents and government reports: Official stances and institutional context

* Cultural and historical references: Background material situating current debates

To ensure that community generation reflects the diverse organizational landscape of each
country, AURORA maintains a structured country information bank that catalogs typical com-
munity categories and their characteristics. This bank serves as a template library that guides LLM
generation of contextually appropriate communities. For more information, see Appendix C.1.
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Figure 5.2 situates the country information bank within the broader AURORA feature schema.
In addition to core demographic matching variables, AURORA incorporates derived demographic
attributes, digital environment variables, psychological traits, topic-level opinion initialization,
salience, community affiliation, and dynamic information context. This is important because the
country information bank is not used in isolation; rather, it is one component of a larger condition-
ing framework that jointly supports demographic representativeness, structural embedding, and
topic-grounded discourse generation.

These categories are intentionally comprehensive, spanning state institutions, civil society, eco-
nomic actors, identity-based groups, and grassroots organizations. Together, they represent the pri-
mary domains through which public discourse and collective identity are structured within modern
societies. By grounding persona generation in this cross-sectoral organizational ecology, AU-
RORA ensures that opinions and salience emerge from diverse institutional contexts rather than
a single narrative lens, producing populations that are both demographically representative and
structurally embedded.

Feature Category Variables Count Used For

Core Demographic Matching (IPF Age Bin, Gendlerl, Educqtipn, Emplpyment Status, Income, Ethnicity, 9 Matching synthgtig acltors to real-world
Skeleton) Language, Religion, Political Leaning demographic distributions

Derived Demographic Attributes Actual Age, Occupation Role, Socioeconomic Status (SES) 3 Realistic persona representation
Geographic & Contextual Variables Urban/Rural, GDP per Capita, Internet Penetration 3 Country-level socioeconomic context
Digital Environment Variables Social Media Participation Rate, Top Platforms Used 2 el 198 EEl pIEEEs (e

synthetic platform

Institutional & Trust Variables Institutional Trust, Employment Sector Distribution 2 Baseline influence susceptibility

Openness, Conscientiousness, Extraversion, Agreeableness,

Psychological Traits (Big Five) Neuroticism 5 Personality-based behavioral differences
Emotional Predispositions Joy, Trust, Fear, Surprise, Sadness, Disgust, Anger, Anticipation 8 Emotional response modeling

Opinion Initialization Variables Topic Opinion Vector (K topics) K Initial stance distribution

Influence Parameters (JANUS) Susceptibility, Persuasiveness, Engagement Probability 3 Governs influence dynamics

Narrative Attention Variables Topic Salience 1 Determines attention to events

Network Interaction Variables Degree, Tie Strength, Homophily Score 3 Social network structure

Labor Unions, Consumer Advocacy Groups, Religious Organizations,
Civil Rights Organizations, Grassroots Movements, Technology &
Innovation Hubs, Cultural & Heritage Groups, Public Health Advocacy
Groups, Agricultural Cooperatives, Small Business Networks, 17 categories
International NGOs, Community-Based Organizations, Veterans &
Military Support Organizations, Local Governance & Civic Councils,
Student Organizations, Political Groups, Military Organization

Community Affiliation (AURORA
Information Bank)

Defines social identity, institutional context,
and group-level narrative framing

Grounds persona beliefs and discourse in

Information Context Variables Topic-specific news articles retrieved via web scraping pipeline Dynamic .
current real-world narratives

Figure 5.2: AURORA feature dimensions for persona construction, including demographics, de-
rived attributes, digital environment, psychological traits, topic opinions, salience, community af-
filiation, and dynamic context.
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Table 5.1: AURORA Country Information Bank: Standardized Community Categories

Community Category

Description and Typical Characteristics

Labor Unions

Consumer Advocacy Groups
Religious Organizations

Civil Rights Organizations
Grassroots Movements
Innovation

Technology and

Hubs

Cultural and Heritage Groups
Public Health Advocacy Groups
Agricultural Cooperatives

Small Business Networks

International NGOs

Community-Based  Organiza-
tions (CBOs)
Veterans and Military Support
Organizations

Local Governance and Civic
Councils
Student Organizations

Political Groups

National Military Organizations

Working-class or industrial demographics; collective bar-
gaining, labor rights, and economic justice focus
Middle-class, education-focused; consumer protection,
regulation, and market fairness

Values-driven communities; moral framing, social cohe-
sion, faith-based identity
Diverse demographics;
oriented advocacy
Issue-driven, mobilization-focused; high activism and lo-
cal engagement

Young professionals; innovation, digital policy, and eco-
nomic modernization

Identity-based; tradition, language, and cultural preserva-
tion

Healthcare professionals and activists; evidence-based
health policy focus

Rural populations; farming, land use, and environmental
sustainability

Entrepreneurs and SMEs; taxation, regulation, and eco-
nomic policy

Highly educated, cosmopolitan actors; global governance
and humanitarian issues

Localized civic groups; neighborhood development and so-
cial services

Military-affiliated; defense, national identity, and veteran
welfare

Civic-minded residents; municipal governance and local
policy

University-aged populations; education policy and social
issues

Ideologically explicit organizations;
movement-based political engagement
State military institutions; national defense, security, com-
mand structure, and strategic or patriotic identity

equality, justice, and rights-

partisan  or

Topic-Specific News Article Acquisition

AURORA uses an automated web scraping pipeline to collect topic-specific news articles, ground-
ing persona generation in current discourse and ensuring temporal relevance and cultural authentic-
ity. Articles are sourced from local outlets in each country’s primary language, with topic-focused
queries retrieving relevant narratives rather than generic information. Content is translated into
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English for consistent LLM processing while preserving original context, and metadata tagging
enables targeted semantic retrieval. Temporal filtering further ensures that all data reflects recent
and relevant events.

The news acquisition process operates as follows:

Algorithm 1 Topic-Specific News Article Collection

Require: Country C, Topics T = {t1,...,t;}, Target language Lireer
Ensure: Document corpus D
1: D+ 0

2: Lo < GET_PRIMARY_LANGUAGE(C)

3: for each topic t; € T do

4 tFC < TRANSLATE(t;, Lumget — L)

5: S; <~ GET_NEWS_SOURCES(C, t;)

6: for each source s € S; do

7: (¢ < BUILD_QUERY (t"¢, ()

8: A < SCRAPE(s, ¢, recent)

9: for each article a € A, do

10: content <~ EXTRACT_TEXT(a)

11: contente, <— TRANSLATE(content, Le — Liarger)
12: a.metadata < {country : C, topic : t;, source : s, date : a.date}
13: D <+ D U {(content,,, a.metadata) }

14: end for

15: end for

16: end for

17: D < DEDUPLICATE(D)
18: return D

The scraping pipeline uses configurable source lists for each country, prioritizing major na-
tional newspapers, government news agencies, and widely read online news platforms. For exam-
ple, in Taiwan, sources may include Liberty Times, United Daily News, China Times, and Taiwan
News. In addition to predefined outlets, the pipeline dynamically identifies and selects relevant lo-
cal news sources in real time based on the country—topic query, ensuring contextual relevance and
reducing reliance on static source lists. For multilingual countries, the system aggregates content
across multiple language sources before translation and embedding.

Translation is performed using commercial translation APIs (e.g., Google Translate, DeepL)
with quality validation through back-translation consistency checks. Articles with low translation
confidence scores are flagged for manual review or excluded from the corpus.

Semantic Embedding and Indexing

Documents undergo preprocessing prior to insertion into the vector database (ChromaDB) [94,
159]:
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Chunking. Documents are segmented into semantically coherent chunks using embedding-aware
chunking (SemanticChunker), producing segments of approximately 500-1000 tokens while pre-
serving conceptual boundaries [159, 184].

Deduplication. Content hashes prevent redundant storage [159]:

h(d) = SHA-256(content(d)) (5.1

Embedding. Each chunk ¢; is embedded into a dense vector representation v, € RY using a
configurable encoder f.,. [109, 159]:

Vi = fenc(c:) (5.2)
AURORA supports multiple embedding models [159]:
* text-embedding—-3-small (OpenAl): d = 1536, $0.020/1M tokens

* text—embedding-3-large (OpenAl): d = 3072, $0.130/1M tokens
* all-minilm:16-v2 (Ollama): Local, no API cost

Metadata Annotation. Each chunk is annotated with structured metadata including country,
topic tags, community category, publication date, and sentiment polarity [159].

The resulting vector store V = {(v;, ¢;, M)}, enables efficient semantic search via Chro-
maDB’s HNSW (Hierarchical Navigable Small World) algorithm for approximate nearest neighbor
retrieval [94, 159].

For detailed information on the design, construction, and implementation of the Retrieval-

Augmented Generation (RAG) framework within AURORA, see Appendix C.5.

Hybrid Retrieval Strategy

AURORA combines dense semantic retrieval with sparse BM25 retrieval for robustness [94, 159].
At inference time, queries are embedded and matched using cosine similarity [109, 159]:
. q-v;
sim(q, v;) = ———— (5.3)
[[all{[vl]
The top-k retrieved chunks (typically k£ € {3,4,5}) are concatenated to form contextual back-
ground [159, 184]:
B = concat(c;,, . . ., ¢, ) (5.4)

Figure 5.3 illustrates the retrieval-augmented generation (RAG) pipeline used to operationalize
these country-level sources [94, 109, 159]. Country- and topic-specific documents are ingested,
deduplicated, and embedded into a semantic vector store, enabling hybrid dense and lexical re-
trieval [94, 159]. Retrieved contextual evidence conditions large language model (LLM) generation
of communities, personas, and associated social media accounts, ensuring that synthetic outputs
remain grounded in regionally relevant information [109, 159]. Retrieval occurs at multiple hier-
archical levels of the pipeline, with each level using context-specific queries to ground generation
in relevant documentary evidence (Table 5.2).
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Figure 5.3: AURORA Retrieval-Augmented Generation Pipeline. Document corpora are embed-
ded into a semantic vector store. Contextual queries retrieve relevant evidence, which conditions

{Source Documents

Country & Topic }

=

Chunking& | . [ Contextual Query\
Deduplication Construction
2 g 1
Sézﬁidg‘zgfagce \/ Hybrid Retrieval )
(ChromaDB) L (Dense I BM25) )
Retrieved Context

LLM-based community and persona generation.

!

LLM Generation }

(Communities, Personas)

1

Synthetic Personas & }

Social Media Accounts

Table 5.2: Hierarchical RAG Integration Across the AURORA Pipeline

Pipeline Level

What is Retrieved

Purpose

Country-Level

Community-Level

Persona-Level

Opinion-Level

Group-Level

Telegram Channel-

Level

National discourse about a coun-
try—topic pair

Information about a specific
community category within a
country

Context about a specific commu-
nity within a country
Topic-specific discourse relevant
to a persona’s context

Themes linking personas
through shared topics or inter-
ests

Country-specific topic discourse
and online narratives

Establishes country-level opinion pri-
ors, salience, and distributional struc-
ture

Grounds organizational identity, politi-
cal leaning, and institutional framing

Ensures individual biographies and
backgrounds are culturally authentic
Grounds individual stance descriptions
in real narrative framing

Supports coherent affinity group for-
mation

Grounds channel themes and potential
narrative amplification patterns
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5.3.3 Stage 1: Skeleton Persona Generation (Demographic Substrate)

Skeleton personas constitute the behaviorally neutral population substrate. At this stage, personas
encode only demographic and socioeconomic attributes and are deliberately agnostic to beliefs,
affective states, or behavioral rules. This separation ensures that demographic proportionality is
established prior to semantic enrichment, preserving experimental control and causal interpretabil-
ity [182].

Dynamic Schema Construction

For each country C', AURORA ingests a structured statistics country file specifying:
* Population: Total population size
* summary_distributions: Categorical demographic distributions normalized to sum to 1.0,
including:
= age: Age ranges with probabilities
= gender, ethnicity, education, income, etc.

All demographic inputs are derived from publicly available statistical sources, including na-
tional census bureaus, the World Bank, the CIA World Factbook, and comparable official statistical
repositories. These sources provide country-level marginal distributions used to parameterize the
synthetic population.

Rather than enforcing a fixed schema, AURORA dynamically constructs country-specific Py-

dantic data models at runtime. Each demographic category d induces a corresponding field skeleton_d,
enabling heterogeneous census definitions without code modifications [182].

IPF-Based Microdata Generation

Skeleton personas are generated using Iterative Proportional Fitting (IPF) over the joint attribute
space [179, 182]. IPF produces a maximum-entropy joint distribution consistent with specified
marginal constraints [179]:

Preal(vj)

D () = PO (y) . e\
P (v) = PY(v) Zvﬂ. PO (5.5)
Convergence is achieved when:
max HPS(Y’?I(U]») — Preal(vj)Hl <0 (5.6)

with tolerance 6 = 10~* or a maximum of 50 iterations.
After convergence, Ny, individuals are sampled from Ps(y? (v). By construction, this popula-

tion is proportionally representative of the reference population over the modeled attribute space
[58, 182].
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Oversampling. To support downstream plausibility filtering without collapsing marginal struc-
ture, AURORA oversamples by ratio p (default p = 1.0), producing (1 + p) N candidate skeletons
[182].

LLM-Generated Global Validation Rules

As established in Chapter 3, post-IPF plausibility filtering functions as a support-restriction oper-
ator that induces unavoidable marginal drift if applied aggressively [182]. To control this effect,
AURORA adopts a global, rule-based semantic compression strategy [113].

Critically, the LLM is not invoked per skeleton. Instead, one LLLM call (with bounded re-

tries) generates a compact set of global validation rules applied uniformly across the entire skeleton
pool [113]:

1. One LLM invocation generates 8 validation rules (default) as described in Chapter 3.8.3,
conditioned on:
* Dynamically generated demographic schema
* Textual descriptions of each demographic attribute
* User-specified focus relations (e.g., AGExEDUCATION)
2. Rules are emitted as Python boolean expressions defining necessary conditions for plausi-
bility
3. Generated rules are parsed; at least 80% must parse successfully
4. If parse threshold is not met, rule generation retries up to 3 times to do the same thing for

this section now too

Total LLM calls for skeleton validation: one to three calls per population, independent of
population size [113].

Example validation rules used:
* not (AGE < 18 and EDUCATION in {Bachelor, Master, Doctorate})
* not (AGE < 22 and EDUCATION == Doctorate)
* not (AGE > 70 and CLASS_OF_WORKER == "Private wage")
* not (AGE < 16 and INCOME > $50,000)

Once generated, rules are compiled into executable Python functions and applied deterministi-
cally to all oversampled skeletons. For a target population of N = 5,000 with p = 1.0:

* IPF generates 10,000 skeletons
* 1-3 LLM calls generate global validation rules
* All 10,000 skeletons are filtered deterministically

The output is a behaviorally neutral, proportionally representative demographic substrate upon
which all subsequent enrichment operates.
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5.3.4 Stage 2: Country-Level Initialization

Country-level initialization establishes aggregate demographic and ideological baselines that con-
strain but do not determine individual beliefs. For each country C' and scenario topic set 7, AU-
RORA generates structured topic-level parameters [1].

Country Topic Opinion Generation

For each topic ¢t € T, the LLM generates country-level variables via RAG-grounded prompts (see
Appendix C.5.2:

* Opinion Og) € [—1, 1]: National mean stance

* Salience S(Ct) € [0, 1]: National importance

* Distribution type D) ¢ {NORMAL, SKEWED, BIMODAL}: Population-level opinion

structure

* Contagion Kg) € [0, 1]: Within-network spread propensity

* Description: Natural language summary of national stance

Qualitative labels are mapped to numerical scores:

(—1.0 Strongly Disagree
—0.5 Disagree
O =200  Neutral (5.7)
0.5 Agree
(1.0 Strongly Agree
(0.20 Low
0.50 Medi
Sg) _ ‘e ium (5.8)
0.80 High
(0.95 Very High

These country-level parameters define priors for community and persona generation but do
not enforce consensus [1]. The distribution type D® specifies how individual opinions should be
sampled in later stages for personas with low salience on this topic.

5.3.5 Stage 3: Community Formation and Opinion Refinement

Communities are generated as meso-level social structures that contextualize personas with orga-
nizational identity, demographic constraints (implicitly realized through skeleton assignment), and
ideological tendencies [1]. Figure 5.4 illustrates the community-level RAG pattern [109, 159] (see
Appendix C.5.2.
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Figure 5.4: Community-level RAG in AURORA. Queries retrieve evidence chunks about Com-
munity X within Country Y, which are combined with prompts to generate structured community
outputs (demographics, key topic opinions, salience) that downstream persona generation condi-
tions on.

Community Generation

For each community category in the country information bank, AURORA constructs retrieval
queries [5, 94, 109]:

Gcommunity = f query (category, country, T) (59)

Retrieved evidence R community = RETRIEVE(Geommunity; &) grounds LLM generation of:

* Community name and purpose

* Political leaning L; (categorical label and continuous score):

(—1.0 Very Liberal
—0.5 Liberal
Li=<0.0 Moderate (5.10)

0.5 Conservative

(1.0 Very Conservative
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Community Topic Opinion Refinement

For each community C; and topic ¢, € T, topic-specific RAG queries retrieve relevant discourse
[94, 109, 112]. The LLM produces:

O, € [—1,1] (community opinion) (5.11)
Six €10,1] (community salience) (5.12)
(5.13)
Formally:
Oi s Sies Kik = fum(te, Ci, Rik) (5.14)

Additional outputs include hashtags, keywords, and a natural language description of the com-
munity’s stance.

5.3.6 Stage 4: Persona Enrichment (Skeleton Augmentation)

Persona enrichment augments skeletons with biographical, psychological, ideological, and behav-
ioral attributes. Skeleton attributes are treated as immutable constraints; enrichment adds higher-
order traits without altering the demographic substrate. (See Appendix C.5.2

Round-Robin Skeleton Assignment

Skeletons are distributed to communities using a round-robin algorithm (Algorithm 2):
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Algorithm 2 Round-Robin Skeleton-to-Community Assignment

Require: Skeleton pool S, community set C = {CY, ..., C,,}, personas per community k
Ensure: Persona set P

1. P+

2: Shuffle §

3: for each community C; € C do

4: remaining[i| < k

5: end for

6: while ), remaining[i] > 0 and S # () do

7: fori = 1to|C| do

8: if remaining[i] > 0 and S # () then

9: s < POP(S)

10: p <~ GENERATEPERSONA (s, C;)
11: if p # () then

12: P« PU{p}

13: remaining[i| <— remaining[i] — 1
14: else

15: remaining[i| <— remaining[i| + 1
16: end if

17: end if

18: end for

19: end while
20: return P
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Figure 5.5: Persona-level RAG in AURORA. Retrieved evidence chunks combine with skele-
ton constraints and community context to generate persona-level outputs including demographics,
topic opinions, and salience.
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Biographical Generation

Figure 5.5 illustrates persona-level RAG integration.
The LLM generates biographical elements conditioned on:
* Fixed skeleton attributes (age, gender, education, ethnicity)
* Assigned community context
* RAGe-retrieved contextual documents
Outputs include:

* Name (with uniqueness enforcement via hybrid validation: maintains used_names set,
passes last 20 names to LLM, validates post-generation, retries up to 3 times on duplicates)

L]

Short biography
* Occupational and educational narratives
* Family context

* Formative life experiences

Psychological and Ideological Enrichment

Personality Traits. Each persona receives OCEAN traits sampled from country-specific empir-
ical distributions [156]:

T;NN(M,Ctry,azmy), T,€10,1], i€{0,C,E,A N} (5.15)

For more information, see Chapter 4.10 and Appendix B.1.

Baseline Emotions. Emotional profiles are computed deterministically from personality via a
fixed linear mapping (no LLM call) [36, 152]:

€pase = clip(Wo + b, 0, 1) (5.16)

where o represents the OCEAN trait vector and W and b encode a theory-informed trait—-emotion
mapping (Table 5.3).

The mapping was constructed by operationalizing Plutchik’s eight primary emotions [152] as
linear combinations of Big Five personality traits, informed by established trait—affect relation-
ships in personality psychology. For example, Neuroticism is positively associated with fear, sad-
ness, and anger; Extraversion with joy and anticipation; Agreeableness with trust; and Openness
with anticipation and surprise. Coefficients were selected to preserve directional consistency with
psychological literature while ensuring bounded outputs and cross-emotion differentiation. This
deterministic transformation provides psychologically coherent baseline affective states that are
fully reproducible and independent of stochastic LLM generation.
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Table 5.3: Trait-Emotion Mapping Coefficients

Emotion Primary Traits Mapping Formula

Joy HighE, A, O; Low N 0.20F + 0.15A + 0.150 — 0.25N + 0.25

Trust High A, C,E;Low N 0.304 + 0.20C + 0.15F — 0.20N + 0.15

Fear High N; Low E, O 0.40N 4+ 0.10A 4+ 0.10C — 0.15F — 0.100 + 0.15
Surprise High O, E 0.250 + 0.20F + 0.10N + 0.10

Sadness High N; Low E 0.25N + 0.10A + 0.100 — 0.20FE + 0.25

Disgust High C, N; Low A 0.25C' 4+ 0.20N — 0.154 — 0.100 + 0.20

Anger High N; Low A 0.35N —0.25A + 0.100 + 0.10E + 0.20

Anticipation High O, E, C; Low N  0.300 4 0.20F + 0.15C — 0.15N + 0.10

Political Affiliations. Ideological positions inherit community distributions with bounded stochas-
tic variation [81]:
Spers(t) = Scomm(t) + &, €~ N(0,0%) (5.17)

where o is calibrated so approximately 95% of opinions fall within +10% of the community
range.

Hierarchical Opinion Sampling
Topic-level opinions are sampled using salience-gated distributions [81]. For persona F; in com-

munity C;:

Step 1: Sample persona salience.
Sik ~N(Six,0.1%), S;1 €10,1] (5.18)

where the sampled value is clamped to [0, 1] and rounded to two decimal places. The variance
parameter (0.12) was chosen to introduce moderate intra-community heterogeneity while preserv-
ing coherence around the community-level salience mean. On the bounded [0, 1] scale, 0 = 0.1
produces meaningful variability without excessive truncation. Smaller values yielded overly ho-
mogeneous personas, whereas larger values weakened community structure. This choice balances
individual diversity with structural fidelity.

Step 2: Select distribution based on salience threshold.

N(O;, 1.0) if S; 1 > 0.95 (Very High)
O ~ 4 N'(Oiy, 1.5) if S, > 0.80 (High) (5.19)
CountryDist(OgC ), D™ if S}, < 0.80 (Medium/Low)

where the country distribution family D) determines sampling for low-salience topics [81]:
* NORMAL: O;; ~ N (0¥, 1.5)
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* SKEWED: Asymmetric Beta distribution with soft-capping

* BIMODAL: Mixture of two normals centered at -1
Figure 5.6 summarizes the salience-gated distribution selection.

_ Opinion Categories Persona Opinion
Topic I ~
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Figure 5.6: Salience-weighted opinion distribution pipeline. AURORA maps opinion polarity and
salience categories into distribution families(tight vs broad vs bimodal), producing persona-level
opinions that preserve community coherence on high-salience issues while allowing heterogeneity
on low-salience topics.

Step 3: Clamp to modeling range.
O, = clamp(O; , —1.0, 1.0) (5.20)

Step 4: Generate natural language description. AnLLM generates opinion.description
(separate call) conditioned on numeric values without modifying them [45, 104].

Topic-Specific Emotion Modulation

Each persona maintains a baseline emotional state derived from their personality traits. When
considering a specific topic, these baseline emotions are modulated based on two factors: (1) how
strongly the persona cares about the topic (salience), and (2) whether they support or oppose it
(opinion). This approach follows established models of emotion-cognition interaction [36, 152].

The modulation process operates on the principle that caring more intensely about a topic
amplifies emotional response, and positive opinions strengthen positive emotions while dampening
negative ones (and vice versa for negative opinions).

Computing Emotional Intensity from Salience. Salience S;; € [0, 1] indicates how much
persona P; cares about topic ¢;. To compute emotional intensity, salience is first expanded to a
centered scale:
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Sexp =2 Sjp — 1 € [—1,1] (5.21)

This expansion maps low salience (near 0) to —1 and high salience (near 1) to +1. The intensity
factor is then computed as:

I =0.5+0.5Sep =S4 €[0,1] (5.22)

Note that this simplifies to the original salience value. Low-salience topics (.S, ~ 0) produce
minimal emotional modulation (I ~ 0), while high-salience topics (S} ~ 1) produce maximal
modulation (/ =~ 1).

Opinion-Driven Emotion Adjustment. Opinion O;;, € [—1, 1] represents the persona’s stance,
where —1 indicates strong opposition, 0 indicates neutrality, and +1 indicates strong support. A
scaling factor « = (.25 controls the magnitude of emotional shifts, ensuring that modulations
remain bounded and psychologically plausible.

Positive emotions (joy, trust, anticipation) are amplified by positive opinions and dampened by
negative opinions:

ejoy(tr) = e;)jyse +a-1I-0jy (5.23)
Cuust(tk) = € T - - Oj (5.24)
Canticipation (k) = egrzitsiiipation +a-I-Ojp (5.25)

For example, if a persona strongly supports a highly salient topic (O;, = 1, I = 1), their joy
increases by 0.25 units above baseline. Conversely, if they strongly oppose it (O, = —1), their
joy decreases by 0.25 units.

Negative emotions (anger, disgust, sadness, fear) exhibit the inverse pattern—they are ampli-
fied by negative opinions and dampened by positive opinions:

Canger(Tk) = Conger — @ - 1 - Oj (5.26)
ediseust (T) = €ogust — @+ 1 - Oj (5.27)
Caadness (th) = Coainess — @+ - Oj 1 (5.28)

Erear(ti) = o — - 1- O, (5.29)

The negative sign ensures that opposing a topic (O;, < 0) increases negative emotions, while
supporting it (O;; > 0) decreases them.
Surprise is modulated solely by salience, independent of opinion valence:

Csurprise (tk> = e e — Sexp (5.30)

surprise
The rationale is that familiar, salient topics are less surprising. As salience increases (Sex, —
1), surprise decreases. Topics the persona rarely thinks about (Se, — —1) may increase surprise
slightly above baseline.
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Bounding and Precision. All modulated emotion values are clamped to [0, 1] to ensure psycho-
logical validity, as emotions cannot be negative or exceed maximum intensity. Values are rounded
to two decimal places for numerical stability. This ensures that extreme combinations of opinion
and salience do not produce implausible emotional states.

Interpretation. This formulation captures intuitive emotional dynamics: personas feel more pos-
itive emotions about topics they support and care about, more negative emotions about topics they
oppose and care about, and less surprise about familiar topics. The o = 0.25 scaling ensures
that emotional shifts remain moderate—even maximal opinion and salience produce only a £0.25
change from baseline, preventing unrealistic emotional extremes while maintaining meaningful
variation.

5.3.7 Stage 5: Group Formation and Assignment

Beyond base community membership, AURORA generates affinity groups representing interest-
based clusters such as environmental advocacy organizations, technology enthusiast communities,
or political action committees. These groups provide an additional layer of social structure that
cuts across geographic communities, enabling personas to connect based on shared interests rather
than solely on residential proximity. The group formation process consists of two main phases:
RAG-augmented group generation and mutual selection-based assignment.

Appendix ?? provides a crosswalk mapping AURORA-generated groups from the TOTO ex-
ercise to AESOP’s canonical group categories (see Chapter 7.1 for more information), enabling
cross-scenario comparison and addressing whether generated groups align with predefined sce-
nario structures. The results show strong post-hoc conceptual alignment—e.g., business institu-
tions map to Industry/Finance, universities to Academia, and environmental organizations to Con-
servationist—while country-specific groups align with national identity categories. However, this
alignment is emergent rather than enforced: AURORA generates groups via retrieval-grounded
LLM inference conditioned on country and topic context, without explicitly incorporating AE-
SOP’s group schemas.

RAG-Augmented Group Generation

AURORA generates a configurable number of groups (default: 5 groups per 100 personas per
country, specified via number_of_groups in the configuration file) through an iterative process
that samples personas and uses their characteristics to inspire contextually relevant group themes.
Algorithm 3 formalizes this process.

The generation process begins by randomly sampling £ = 2 personas from the population.
These sampled personas serve as thematic anchors—their professions, interests, and topic opin-
ions inform what kind of group would be relevant to individuals like them. For instance, if the
sampled personas include a climate scientist and an environmental activist, the system might gen-
erate an environmental advocacy group. If they include software engineers interested in artificial
intelligence, the system might generate a technology ethics organization.
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To ground group generation in real-world context, AURORA constructs a query from the sam-
pled personas’ topics and the country context, then retrieves £ = 3 relevant documents from the
vector database using RAG. These retrieved documents provide factual grounding about actual or-
ganizations, movements, or interest groups that exist in the target country, ensuring that generated
groups reflect realistic social structures rather than generic templates.

The LLM then generates a group specification including a name, purpose, and description,
conditioned on both the sampled personas and the retrieved contextual documents. To prevent
duplicates, newly generated groups are checked against existing groups by name—if a group with
the same name already exists, the generation is discarded and the process repeats. This continues
until the target number of groups (V) is reached.

Algorithm 3 RAG-Augmented Group Generation

Require: Persona set P = {p1,...,p,}, target number of groups N, country context C'
Ensure: Group set G
1. G0
2: while |G| < N do
3: Sample k& = 2 personas Pgmple ~ UNIFORMSAMPLE(P, k)
4: Tsample < Upepmple p.topics
5: q < BUILDQUERY (C, Tsample)
6: R < RETRIEVECONTEXT(q, 3)
7 g < GENERATEGROUP(Pyumple; R, C)
8:  if g.name ¢ { ¢’.name | ¢ € G } then
9: G+~ Ggu {g}
10: end if

11: end while
12: return G

Mutual Selection Process

Once groups are generated, personas must be assigned to them. Unlike community assignment
(which is deterministic based on geographic location), group membership is voluntary and based
on mutual fit—personas must be interested in a group, and groups must select personas who align
with their purpose. This mutual selection process unfolds in three stages.

Stage 1: Persona Ranking. Each persona evaluates all available groups and ranks them by rel-
evance using an LLLM-based assessment. The LLM considers the persona’s profession, interests,
demographic attributes, and topic opinions to determine how well each group aligns with the per-
sona’s profile. Rankings are expressed as qualitative labels: Very High, High, Medium, Low, or
Very Low relevance.

Stage 2: Filtering. Personas construct filtered preference lists by excluding groups that fall be-
low a minimum relevance threshold (configurable via persona min_group_relevance, de-
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fault: Medium). This ensures that personas only consider groups they would realistically join.
For example, a conservative business executive would filter out progressive activist organizations,
while an environmental scientist would filter out fossil fuel industry groups.

Stage 3: Round-Robin Group Selection. Groups iteratively select personas from their eligible
pools in a round-robin fashion, as formalized in Algorithm 4. The process is designed to achieve a
target average of 7 groups per persona (default: 7 = 1.5, configurable via target_avg_groups_per_person)
while respecting individual capacity constraints (maximum & groups per persona, default: £ = 3,
set viamax_groups_per_person).
In each round, every group selects up to s personas (default: s = 3, configurable via slots_per_round)
from its pool of interested and eligible candidates. A persona is eligible if they expressed at least
Medium relevance for the group and have not yet reached their maximum group capacity. The
group’s LLLM-based selection considers how well each candidate’s profile fits the group’s purpose
and existing membership composition. This continues in rounds until the total number of assign-
ments across all personas reaches the target (Niyeet = |P| X 7).
The round-robin approach ensures fairness—no single group monopolizes the most desirable
personas, and groups that generate later in the process have equal opportunity to recruit members.
Group order is shuffled each round to prevent systematic bias.

Algorithm 4 Round-Robin Group Selection

Require: Groups G = {g1,...,gm}, personas P = {p1,...,p,}
Require: Relevance matrix R, slots per round s, maximum groups per persona k, target average
T
Ensure: Updated group memberships for G and P
11 Nirget < |P| X T
2: Initialize count[p] <— O for all p € P
3: Neurrent < 0
4: while Neygene < IV target do
5 for each group g € G do
6: pireesed < {p e P | R[p]lg] > min_relevance }
7 Pgligible — {p c P;nterested | COLlIlt[p] < k)}
8 S, < SELECTVIALLM(g, Psle s)
9 for each personap € S, do

10: Add p to group g

11: Add group g to persona p
12: count[p| < count[p] + 1
13: Neurrent < Neurrent + 1

14: end for

15: end for
16: end while
17: return G, P
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Community Group Auto-Assignment. After the mutual selection process completes, all per-
sonas are automatically assigned to a community-specific group corresponding to their residential
community. This ensures that every persona belongs to at least one group, even if they were not
selected by any interest-based groups during the mutual selection phase. Community groups rep-
resent local civic organizations, neighborhood associations, or community centers that naturally
include all residents.

Leader Assignment. For each group, an LLM selects a leader from the membership roster based
on leadership qualities inferred from the persona’s profession, age, education level, and topic ex-
pertise. Leaders serve as focal points for group activity and may be assigned elevated influence
weights in subsequent belief dynamics modeling. For example, a climate advocacy group might
select a climate scientist as its leader, while a business association might select a senior executive.

5.3.8 Stage 6: Social Media Account Generation

AURORA instantiates platform-specific accounts from persona profiles. Detailed specifications
appear in Appendices C.2.1 and C.2.2.

Twitter Account Generation

Twitter accounts combine LLM-generated profiles with deterministic username assignment. Algo-
rithm 5 ensures global uniqueness.

Algorithm 5 Unique Twitter Screen Name Generation

Require: Persona name /V, used screen name set U4
Ensure: Unique screen name s

1: (first,last) < PARSENAME(N)

2: (first, last) < SANITIZE(first, last)

3: base < first|| _|| last

4: for : = 1to 100 do

5: suffix < RANDOMINT(10,9999)

6 s < base || suffix

7 if s ¢ U then

8 U+ UU{s}

9: return s
10: end if
11: end for
12: s < base || (TIMESTAMP() mod 10000)
13: return s
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Telegram Account and Channel Generation

Telegram usernames are generated using a creative word-combination approach that produces real-
istic, diverse handles without relying on LLM generation. The system maintains four curated word
pools, each containing 50 selected words that reflect common patterns observed in real Telegram
usernames:

* Descriptors (adjectives and modifiers): Wild, Bold, Cosmic, Stellar, Mystic, Quantum,
Shadow, Phoenix, Crystal, Electric, Neon, Urban, Modern, Swift, Silent, Fierce, Brave,
Wise, Lucky, Chill, Noble, Ancient, Digital, Cyber, Ultra, Prime, Alpha, Zen, Nova, Solar,
Lunar, etc.

* Actions (roles and activities): Warrior, Pioneer, Explorer, Creator, Builder, Seeker, Dreamer,
Master, Guru, Ninja, Wizard, Champion, Hero, Legend, Hunter, Rider, Walker, Dancer,
Writer, Coder, Hacker, Gamer, Streamer, Blogger, Trader, Guardian, Watcher, etc.

* Nouns (animals, nature, and concepts): Tiger, Eagle, Wolf, Dragon, Phoenix, Lion, Bear,
Storm, Thunder, Ocean, Mountain, River, Sky, Star, Moon, Sun, Flame, Wave, Quest, Jour-
ney, Dream, Vision, Shadow, Light, Dawn, Wind, Fire, Stone, Crystal, Diamond, etc.

* Interests (topics and domains): Crypto, Bitcoin, Blockchain, Fitness, Gym, Travel, Wan-
derer, Nomad, Food, Chef, Tech, Digital, Code, Data, Art, Design, Music, Business, Trade,
Science, Research, Education, Eco, Green, Sports, Gaming, Photo, Writing, Marketing,
Brand, etc.

These word pools were manually curated to reflect authentic Telegram username conventions,
drawing from observed patterns in real-world Telegram communities. The pools balance evocative
imagery (Phoenix, Storm, Cosmic) with contemporary interests (Crypto, Tech, Gaming) and role-
based identifiers (Warrior, Explorer, Creator).

Username Combination Strategies. Five distinct combination strategies randomly generate user-
names by selecting words from these pools and appending numeric suffixes. Each strategy pro-
duces a different structural pattern:

1. Descriptor + Noun + Number: Combines an adjective with a noun and a two-digit number
(10-99). Examples: WildPhoenix47, CosmicDragon88, SilentWolf23.

2. Interest + Action + Number: Pairs a domain interest with a role-based action and a number.
Examples: CryptoWarrior55, TechSeeker88, FitnessGuru4?2.

3. Descriptor + Action + Number: Combines an adjective with an action and a number. Ex-
amples: MysticSeeker77, BoldExplorerl9, SwiftHacker64.

4. Descriptor + Descriptor + Noun: Uses two adjectives followed by a noun (no number).
Examples: WildCosmicDragon, BoldFierceEagle, SilentAncientStorm.

5. Noun + Noun + Number: Combines two nouns with a number. Examples: TigerStorm55,
PhoenixFlame91, DragonMoon37.

For each persona, the system randomly selects one of these five strategies with equal proba-
bility, then randomly samples words from the appropriate pools. Usernames are truncated to 20
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characters for safety (Telegram allows up to 32), and uniqueness is enforced—if a collision oc-
curs, the system retries with a different combination. After 100 failed attempts, a timestamp-based
fallback ensures generation always succeeds.

Channel Generation and Assignment. Telegram channels are generated to provide broadcast
platforms for information dissemination. The number of channels is proportional to population

size:
Npersonas
Nehannels = max (17 \‘plT X 8J) (5.31)

This formula produces approximately 8 channels per 100 personas, ensuring sufficient diver-
sity without overwhelming the simulation. For example, a population of 500 personas generates
[500/100 x 8] = 40 channels, while a small population of 50 personas generates max(1, [4]) =4
channels (with the minimum of 1 enforced).

Channel assignment follows a balanced round-robin distribution: personas are assigned to
channels sequentially in a circular pattern, ensuring each channel receives approximately equal
membership. The first persona assigned to each channel is automatically designated as the channel
owner, responsible for posting content and managing the channel. This ensures every channel has
an owner without requiring additional LLM-based selection logic.

5.4 Model: Formal State Space Specification

This section formalizes the AURORA persona model as a structured state space suitable for agent-
based simulation. Whereas Section 5.3 describes generation procedures, this section specifies the
model representation: the variables assigned to each synthetic agent, the hierarchical dependencies
governing their initialization, and the mechanisms by which opinions and emotions are instanti-
ated.

AURORA is designed as an initialization model rather than a dynamic opinion update model.
Its purpose is to generate psychologically coherent, demographically proportional agents whose
internal states constitute valid starting conditions for downstream opinion dynamics simulations.

5.4.1 Agent State Representation

Each synthetic persona p; is represented as a tuple of immutable structural attributes and mutable
cognitive-affective attributes:

pi = (D;,C;, T, E;, O;, S, Gy, Ay) (5.32)

where:
* D, € D: Fixed demographic attributes (skeleton persona)
* (; € C: Community membership and meso-level context

* T; € [0,1]°: OCEAN personality traits
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E; € [0,1]®: Baseline and topic-conditioned emotional states (Plutchik)

O; : T — [—1, 1]: Topic-specific opinions

S; = T — [0, 1]: Topic-specific salience values

G; C G: Group memberships

A;: Platform-specific social media accounts

Immutability constraints. Demographic attributes D; are treated as invariant throughout sim-
ulation. All ideological, emotional, and behavioral attributes are conditioned on D; but do not
alter it. This ensures that observed dynamics reflect modeled mechanisms rather than artifacts of
population construction.

5.4.2 Hierarchical Opinion Model

AURORA generates agent opinions through a three-level hierarchical process that mirrors real-
world belief formation: individuals develop viewpoints within communities, which themselves
exist within broader national cultures. This hierarchical structure ensures that synthetic populations
exhibit realistic patterns of consensus, disagreement, and subcultural variation.

The key innovation is the separation of distributional parameters (generated once by LLMs
using cultural context) from individual values (sampled mathematically), enabling both semantic
realism and computational scalability.

Three-Level Opinion Architecture

Level 1: Country-Level Priors. At the macro level, each country C'is characterized by national
opinion tendencies for each topic t € T

Oc = {09, 5% DY Y| teT) (5.33)

These parameters define:

. Og) € [—1,1]: The national mean opinion, where -1 represents strong opposition and +1
strong support

. S(Ct) € [0, 1]: National salience, measuring how central the topic is to national discourse (0 =
irrelevant, 1 = identity-defining)

« D® ¢ {NORMAL, SKEWED, BIMODAL}: The distributional shape describing how opin-
ions spread across the population

These country-level parameters establish the cultural substrate—the broad tendencies and con-
straints within which communities and individuals form their beliefs. Crucially, they do not directly
dictate individual opinions but instead parameterize the distributions from which opinions are later
sampled.
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Level 2: Community-Level Refinement. At the meso level, each community C; adapts national
tendencies to reflect its distinctive characteristics. Communities are institutional groupings such as
universities, religious organizations, labor unions, or neighborhood associations. Each refines the
national baseline:

Oc, = {0, 8" k") |t e T} (5.34)

Lt IR
Community opinions O§t) represent normative centers—the typical stance expected within
that social context—not enforced uniformity. For example, a labor union in the United States
might have OJ(-labor "Eht) — 40.8 (strong support) while the national mean is QU E) — 102
(mild support). Community opinions are constrained to remain within 0.3 of the national mean
to prevent implausible extremism.
Political leaning L; € [—1,1] serves as a community-level ideological parameter that influ-

ences these deviations across multiple topics.

Level 3: Persona-Level Sampling. At the micro level, individual personas develop opinions
through salience-gated sampling. Rather than inheriting their community’s exact position, per-
sonas sample from probability distributions centered on community norms, with variance deter-
mined by personal salience.

First, each persona’s salience for topic ¢ is sampled:

S~ N (S9,0.15%),  clamped to [0, 1] (5.35)
This salience value then determines which distribution governs the persona’s opinion:

N (O§t), 1.0%) if Si(t) > 0.90 (very high salience)
0 ~ { N0, 1.5%) i£0.70 < S < 0.90 (high salience) (5.36)

fDm(Og)) if Sft) < 0.70 (medium/low salience)

Interpretation:
* Very high salience (Si(t) > 0.90): The topic is identity-defining for this persona. Their
opinion clusters tightly around the community norm with low variance (¢ = 1.0).

* High salience (0.70 < SZ@ < 0.90): The topic is important but not central. Moderate
variance (o = 1.5) allows individual deviation while maintaining community tendency.

* Medium/low salience (SZ-(t) < 0.70): The topic is peripheral to the persona’s concerns.
Opinion reverts to the broader country-level distribution f ), decoupling from community
norms entirely.

This mechanism produces realistic heterogeneity: within a university community, students

highly engaged with climate policy will cluster around the institutional position, while those indif-
ferent will exhibit opinions drawn from broader national patterns.

Distribution Families for Low-Salience Sampling

When persona salience falls below 0.50, opinions are sampled from country-level distributions that
capture different consensus structures:
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* NORMAL (broad consensus): Most of the population agrees, with symmetric variance
around the mean:

fNORMAL(Og)) = N(OS), 1.5%) (5.37)
Example: Universal healthcare in Canada (O¢ ~ +0.45).

* SKEWED (asymmetric majority): A clear majority position exists, but with asymmetric
dissent. Implemented via Beta-distributed asymmetry with soft capping:

(5.38)

)
ffset(sk
fSKEWED(Og)) = 2tanh (OC + offset(s ew))

1.3

where offset is derived from a Beta distribution parameterized by Og). The hyperbolic tan-
gent produces soft saturation near 1.

Example: Gun control in the United States (majority support, vocal minority opposition).

* BIMODAL (polarization): Two distinct camps with little middle ground. Opinions are
drawn from a mixture of two Gaussians:

N (—=1.0,0.4%) with probability pif

5.39
N(1.0,0.4%)  with probability 1 — pieg (559)

fBIMODAL(Og)) = {

where per, = 0.5 —0.2375- Og) ensures that nonzero national means shift probability toward
the aligned pole.

Example: Abortion rights in the United States.

All sampled values are clamped to [—1, 1] and rounded to two decimal places for consistency.

Salience as a Control Variable

Salience plays a central role in the model, governing three distinct behavioral dimensions:

1. Opinion variance: Higher salience produces tighter clustering around community normes,
as shown in the three-tier sampling mechanism above.

2. Engagement likelihood: Higher salience increases the probability that a persona will dis-
cuss, share, or debate the topic on social media (used in downstream simulation).

3. Emotion activation magnitude: Higher salience amplifies affective responses to the topic
(see §5.4.3).

This unified control variable ensures coherent behavior: personas who care deeply about cli-
mate change will (1) hold opinions aligned with their community, (2) frequently post about it, and
(3) experience strong emotions when encountering related content.

5.4.3 Personality and Emotion Model

Psychological attributes complement demographic and ideological characteristics, providing the
affective substrate for behavioral simulation.
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Personality Traits

Each persona is assigned Big Five personality traits (Openness, Conscientiousness, Extraversion,
Agreeableness, Neuroticism) sampled from country-specific empirical distributions:

ﬂ == (Oi,Ci,Ei,Ai,Ni), ﬂ,k NN(Mk,C70-]%70) (540)

Distribution parameters (i, ¢, 0k c) are derived from cross-cultural psychology studies [170],
ensuring that synthetic populations exhibit culturally authentic personality distributions (e.g., higher
Agreeableness in East Asian countries, higher Openness in Western Europe).

Baseline Emotional Profile

Baseline emotional tendencies are computed deterministically from personality traits via a linear
transformation encoding established trait-emotion relationships from affective psychology:

e’ = clip(WT; + b,0,1) (5.41)

Here, W € R®*5 is a weight matrix encoding how each personality trait contributes to eight
primary emotions (Plutchik’s wheel: joy, trust, fear, surprise, sadness, disgust, anger, anticipation),
and b € R® provides baseline offsets. For example:

* High Extraversion — higher baseline joy and anticipation
* High Neuroticism — higher baseline fear and sadness

* High Agreeableness — higher baseline trust, lower anger
This deterministic mapping ensures that emotional profiles are personality-consistent—outgoing
personas are predisposed to positive affect, anxious personas to negative affect.

Topic-Conditioned Emotion Modulation

When a persona encounters a specific topic, their emotional state shifts from baseline based on
their opinion and salience for that topic:

ez(t) _ g(e?ase’ Oz(t)v Sz(t)) (5.42)

The modulation function g adjusts emotions differentially based on valence:

Positive emotions (joy, trust, anticipation):
652 = e+ o Si(t) : Oi(t) (5.43)

A persona with positive opinion (Oz@ > () and high salience will experience elevated joy, trust,
and anticipation when encountering the topic.
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Negative emotions (anger, disgust, sadness, fear):

62(»2 = e?f‘,se —a-SY. OZ@ (5.44)

)

Positive opinions suppress negative emotions (contentment reduces fear), while negative opin-
ions amplify them (opposition triggers anger/disgust).

Surprise:
e(t) — pbase _ a(zS@(t) _ 1) (5.45)

%,surprise %,surprise

High salience reduces surprise (familiar topics are predictable), while low salience maintains
surprise potential.

The parameter = 0.25 controls modulation strength, ensuring that topic-specific shifts are
noticeable but do not overwhelm personality-driven baselines. All values are clamped to [0, 1].

Interpretation: A persona strongly supporting climate action (O; = +0.9, S; = 0.95) en-
countering a climate policy article will experience elevated joy/trust and suppressed fear/sadness
relative to baseline. Conversely, a climate skeptic (O; = —0.8, S; = 0.9) will experience amplified
anger/disgust and reduced positive affect.

5.4.4 Social Embedding Model

Personas are embedded in social structures that constrain their exposure to information and shape
their interaction patterns.

Community Membership

Each persona is assigned to exactly one primary community via balanced allocation:
CZ-EC, ]{pCp:C’]}] ~ k VC] eC (546)

where k is the target personas-per-community parameter. Communities represent institutional
affiliations (universities, religious groups, labor unions, etc.) that provide the immediate social
context for opinion formation.

Group Affiliations

Personas may join multiple voluntary interest groups (e.g., environmental advocacy, gaming com-
munities, parent-teacher associations):

G; CG, 0<|G; <max_groups per_person (5.47)

Group assignment follows a mutual selection process: personas rank groups by perceived rel-
evance, and groups select members who meet minimum relevance thresholds. This ensures that
group memberships are plausible given persona attributes. On average, personas belong to ~0.5-
1.0 groups beyond their primary community.
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Social Media Accounts

Each persona possesses platform-specific accounts defining their online presence:

Ai - {atwittera atelegram} (548)

Accounts specify:

* Behavioral parameters: Posting frequency, content modality preferences (text/image/video),
engagement propensities (reply/retweet/quote rates)

* Platform identifiers: Screen names, usernames, bio descriptions

* Channel memberships: For Telegram, personas are assigned to thematic channels (news,
politics, entertainment, etc.) based on interests

These parameters enable downstream simulation of information diffusion and social influence
processes.

5.4.5 Model Scope and Intended Use

AURORA is an initialization model rather than a dynamical system. It defines a joint distribution
over agent states—demographics, personalities, opinions, and social structures—that can be used
as initial conditions for various opinion dynamics models:

* Classical models: Friedkin—Johnsen social influence model [61], DeGroot weighted aver-
aging [50]

* Bounded confidence models: Hegselmann—Krause model [80], Deffuant et al. model [49]
* LLM-mediated dynamics: Generative agents and LLM-driven social simulation [115, 149]

* Hybrid approaches: Integrating rule-based opinion update mechanisms with data-driven or
LILM-based inference

By grounding demographic structure in real-world statistics and hierarchically constructing
ideological and emotional attributes, AURORA ensures that simulation outcomes can be attributed
to interaction mechanisms rather than artifacts of population construction. For more information
see Appendix C.2

Formal guarantees. The model provides three key guarantees:

1. Proportional representation: The expected proportion of personas in any demographic
stratum matches census data:

. [y{z : D}-Ve Dk}\] — Prnas(D) (5.49)

2. Hierarchical coherence: Community-level statistics are preserved in aggregate persona dis-
tributions:

E[OY | C; = Cj] ~ O (5.50)
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3. Salience-variance relationship: Opinion variance within communities decreases monoton-
ically with community salience:

1.0 ifE[SY | ¢, =) > 0.95
Var[0" | ¢; = ;] = { 1.5 if0.80 <E[SY | C; =) <095 (5.51)
country-level if E[S(" | C; = C;] < 0.80

These properties ensure that AURORA populations are suitable for rigorous computational ex-
periments in opinion dynamics, information diffusion, and social influence modeling. Detailed im-
plementation procedures, including LLM prompt templates and distribution sampling algorithms,
are provided in Appendix C.3.

5.5 Experimental Design: IGOE Scenario

This section describes the experimental design for the Indo-Pacific Geopolitical Opinion Experi-
ment (IGOE). The experiment examines how geopolitical alignment, institutional affiliation, and
topic salience shape opinion and emotional responses in synthetic populations generated using the
AURORA framework. The design follows a controlled mixed factorial structure with hierarchical
nesting at the country, community, and persona levels.

Tables 5.4, 5.5, and 5.7 summarize the experimental conditions and parameter settings.

5.5.1 Experimental Conditions

The total number of persona-topic observations is determined by the cross-product of countries C,
institutional community types Z, topics 7, and personas per community 7,

Nops = |C| % |Z| x [T x n,. (5.52)

The experiment includes |C| = 12 countries, |Z| = 8 institutional types,
n, = 15 personas per community, yielding 38,880 persona-topic observations.

T| = 9 topics, and

Countries (C). Twelve Indo-Pacific and extra-regional states were selected to represent distinct
alliance structures, regional roles, and political systems. Country populations are independent and
non-overlapping. Country selection and alignment are summarized in Table 5.4.
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Table 5.4: IGOE Scenario Country Selection and Geopolitical Alignment

Code Country Alliance Regional Role

US United States Alliance leader ~ Security guarantor
JPN  Japan Treaty ally Frontline state

KOR  South Korea Treaty ally Frontline state
TWN Taiwan De facto ally Contested territory
AUS  Australia Five Eyes Pacific ally

NZL  New Zealand Five Eyes Pacific ally

CAN Canada Five Eyes Distant partner

UK United Kingdom Five Eyes Distant partner

IND India Strategic partner Non-aligned power
CHN China Adversary Primary challenger
RUS  Russia Adversary Arctic/Pacific power
IRN  Iran Adversary Extra-regional spoiler

The Regional Role classification distinguishes countries based on their geographic proximity,
treaty obligations, and expected operational posture within the Indo-Pacific scenario.

Security guarantor refers to the United States as the primary architect and defender of the al-
liance structure. Frontline states (Japan and South Korea) are geographically proximate to poten-
tial conflict zones and would bear immediate strategic and operational consequences. Contested
territory (Taiwan) represents the focal point of sovereignty dispute and escalation risk. Pacific
allies (Australia and New Zealand) are geographically aligned and politically integrated but not
immediate conflict zones. Distant partners (Canada and the United Kingdom) provide strategic
depth, intelligence cooperation, and reinforcement capacity without geographic immediacy. Non-
aligned power (India) reflects a strategically autonomous actor whose participation is conditional
and interest-based. Primary challenger (China) represents the principal revisionist power driving
the scenario’s conflict dynamics. Arctic/Pacific power (Russia) denotes a secondary major power
with complementary but distinct strategic interests. Extra-regional spoiler (Iran) captures actors
capable of indirect escalation through asymmetric or proxy mechanisms outside the primary the-
ater.

Institutional Communities (Z). Each country contains 24 communities evenly distributed across
eight institutional categories (three per category): commercial, academic, healthcare, liberal and
conservative government, religious, industrial, and environmental organizations, yielding 288 to-
tal communities across 12 countries. This structure balances analytical power and computational
feasibility, enabling within-category variation while capturing ideological, economic, and social
dimensions of institutional influence on belief evolution.

Topics (7). Nine geopolitical topics were selected for an Indo-Pacific information operations
exercise (Table 5.5), based on three criteria: (1) salience variation, (2) polarization potential,
and (3) regional specificity. Topics span alliance cooperation, security threats, economic policy,
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cyber cooperation, and territorial disputes, reflecting real-world dynamics while remaining com-

putationally tractable for multi-country simulation.

Table 5.5: IGOE Scenario Topic Selection and Characteristics

Topic

Type

Experimental Rationale

Canadian activity in INDOPAC
Russian aggression

Operation Sea Dragon
Russian Arctic activity

International Commodities Mar-
kets

Cyber security cooperation
Taiwanese Sovereignty

Chinese aggression/hegemony

Canadian indigenous rights

Alliance coopera-
tion
Security threat

Military exercise
Territorial ~expan-
sion

Economic policy

Technical coopera-
tion
Core flashpoint

Security threat

Human rights

Tests Five Eyes cohesion vs. regional
skepticism

Varies by alliance (high salience for
NATO, low for China/Iran)

Tests attitudes toward power projection
Regional vs. global threat perception

Business vs. environmental divergence
Consensus topic across democracies

Maximum polarization between al-
liance blocs

Alliance cohesion vs. economic prag-
matism

Progressive vs. conservative divides

5.5.2 Variables

The experiment includes a structured set of dependent, independent, and control variables operat-
ing across persona, community, and country levels. Table 5.6 provides a consolidated overview of
all variables used in the experimental design.

Dependent Variables

Each persona-topic observation produces three primary outcomes: an opinion score O € [—1,1],a
salience score S € [0, 1], and an eight-dimensional emotional response vector E € [0, 1]® based on
Plutchik’s emotion model. These measures capture attitudinal position, perceived importance, and
affective response to each topic. Additional derived measures, including within-community opin-
ion variance, country-level polarization indices, and opinion-emotion correlations, are computed
for analysis.

Control Variables

To isolate the effects of geopolitical alignment, institutional affiliation, and topic salience, several
attributes are held constant across experimental conditions. These include persona-level demo-
graphic characteristics (age, gender, education, income, and ethnicity), psychological attributes
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(OCEAN personality traits and baseline emotional profiles), and structural parameters such as
fixed community size (15 personas) and a fixed number of communities per country (24).

Independent Variables

The experiment manipulates three independent variables: country, institutional community type,
and topic. Country is treated as a between-subjects factor capturing macro-level geopolitical align-
ment, alliance structure, and political system. Institutional community type and topic are treated
as within-subjects factors, representing meso-level institutional orientation and issue-specific vari-
ation, respectively. Together, these variables define the geopolitical context, institutional perspec-
tive, and substantive issue space within which persona opinions and emotional responses are gen-

erated and analyzed.

Table 5.6: Summary of Experimental Variables

Variable Type Variable Description / Levels

Dependent Variables

Opinion score (O) Continuous Stance toward topic, [—1, 1] (strong opposi-
tion to strong support)

Salience score (5) Continuous Topic importance or relevance, [0, 1]

Emotional response
(E)
Derived measures

Vector (8-dim)

Computed

Plutchik emotions: joy, trust, fear, surprise,
sadness, disgust, anger, anticipation
Opinion variance, polarization
opinion-emotion correlations

indices,

Independent Variables
Country

Institutional type

Topic

Between-subjects
levels)
Within-subjects (8 lev-
els)

(12

Within-subjects (9 lev-
els)

Distinct geopolitical alignment and political
system

Commercial; academic and research; health-
care; liberal government; conservative gov-
ernment; religious; industrial; environmen-
tal

Geopolitical issues varying in salience and
polarization potential

Control Variables
Demographics
Psychological traits

Structural
ters

parame-

Fixed per persona
Fixed per persona

Fixed

Age, gender, education, income, ethnicity
OCEAN personality traits and baseline emo-
tional profile

Community size (15 personas) and commu-
nities per country (24)

110



5.5.3 Design Structure
Factorial Design

The experiment employs a mixed factorial design with one between-subjects factor and two within-
subjects factors:

* Between-subjects factor: Country (12 levels; independent populations)
* Within-subjects factors: Institutional community type (8 levels) and Topic (9 levels)

Each country contains 24 institutional communities (3 per institutional type), and each com-
munity contains 15 personas. This yields a 12 x 8 x 9 design at the community-topic level, with
repeated observations across topics within communities.

Hierarchical Nesting

The experimental design follows a three-level hierarchical nesting structure:

Personas C Communities C Countries. (5.53)

In total, the experiment comprises 12 countries, 288 communities (24 per country), and 4,320
personas (15 per community). Each persona generates observations across 9 topics, resulting in
38,880 persona-topic observations. This hierarchical structure enables variance decomposition
across levels, estimation of cross-level interactions (e.g., institutional effects conditional on country
context), and the use of hierarchical or mixed-effects modeling approaches.

5.5.4 Experimental Parameters

Table 5.7 summarizes the key population, modeling, and technical parameters used in the experi-
ment.

Table 5.7: IGOE Scenario Experimental Parameters

Parameter Value Justification

Countries 12 Alliance and regional coverage
Communities per country 24 Institutional balance

Personas per community 15 Statistical power vs. computational cost
Opinion scale [—1,1] Bipolar stance representation

Salience scale [0, 1] Topic importance

Emotion dimensions 8 Plutchik emotion model

LLM model GPT-40-mini  Cost-performance balance

Random seed 42 Reproducibility
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5.6 Results

This section evaluates whether AURORA produces a synthetic population that is (i) demographi-
cally plausible, (i1) structurally polarized where expected, and (iii) internally coherent across opin-
ions, salience, and emotion. I emphasize statistical structure, effect sizes, and alignment with the
system’s design assumptions rather than anecdotal behavior.

5.6.1 Synthetic Population Validation
Demographic and Behavioral Distributions

Figure 5.7 summarizes the demographic and behavioral composition of the synthetic population
(N = 4,320 personas / 360 per country). Gender representation is near-balanced, with 2,188
female personas (50.6%) and 2,132 male personas (49.4%). A two-sided binomial test confirms
no statistically significant deviation from parity (p = 0.31), ensuring that downstream results are
not driven by gender imbalance.

Age distributions within each country were sampled from empirical demographic data (Ta-
ble 5.8). For example, the United States synthetic population exhibits 19.6% in the 15-29 cohort
and 24.7% in the 60+ cohort, closely matching the aggregated empirical distribution from U.S.
Census data (20-29: 13.0%, 60-69: 12.2%, 70+: 12.0%). Chi-square goodness-of-fit tests com-
paring synthetic age distributions to source country demographics confirm no statistically signifi-
cant deviations for any country (p > 0.05 for all 12 countries), validating that IPF-based synthesis
preserved empirical age structure. Gender representation is near-balanced across the full popula-
tion, with 2,188 female personas (50.6%) and 2,132 male personas (49.4%). A two-sided binomial
test confirms no statistically significant deviation from parity (p = 0.31), ensuring that downstream
results are not driven by gender imbalance.

Age is distributed across five cohorts with modest skew toward older populations: the largest
share of personas fall in the 60+ bin (1,067; 24.7%), followed by 15-29 (845; 19.6%), 50-59
(843; 19.5%), 40-49 (789; 18.3%), and 30-39 (759; 17.6%) (Table 5.9). A chi-square goodness-
of-fit test against a uniform age distribution confirms intentional non-uniformity (y?> = 214.6,
p < 0.001), reflecting realistic population aging rather than sampling artifacts.

Political leaning spans the full ideological interval [—1, 1] (Figure 5.7, bottom-left). The distri-
bution exhibits central mass near neutrality with substantial density at both extremes. Hartigan’s
dip test rejects unimodality (D = 0.041, p < 0.001), indicating that ideological diversity is not
compressed toward the center. This continuous ideological support enables fine-grained opinion
differentiation in downstream modeling rather than discretized partisan assignment.

Behavioral attributes exhibit structured heterogeneity rather than stochastic noise. Social media
usage displays clear stratification (Figure 5.7, bottom-right), consistent with empirically observed
low- and high-engagement user archetypes. This heterogeneity is strongly age-dependent. Mean
social media usage declines monotonically from 0.850 in the 15-29 cohort to 0.249 in the 60+
cohort, representing a decrease of 0.601 points (70.7% relative to the youngest cohort).

One-way ANOVA confirms a strong age effect on social media usage (F'(4,4315) = 2143.7,
p < 0.001, n? = 0.67), indicating that age explains the majority of variance in platform engage-
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ment. Influence scores and posting frequency exhibit similar but attenuated gradients (Table 5.10),
with medium-to-large effect sizes (> = 0.21 and 0.18, respectively). Importantly, within-cohort
standard deviations remain substantial across all age bins, preserving intra-group variability and

preventing deterministic behavior.

The results validate the synthetic population along three dimensions. First, marginal demo-
graphic distributions (gender, age, ideology) are well-formed and statistically controlled. Second,
behavioral variables exhibit monotonic, directionally correct relationships with age, matching em-
pirical social media usage patterns. Third, demographic effects introduce structured heterogeneity
while remaining bounded, ensuring that country- and topic-level dynamics—rather than demo-
graphic artifacts—dominate opinion and emotion formation examined in subsequent sections.

Table 5.8: Population distribution and age validation across 12 countries (N = 4,320 total per-

sonas).
Country N 1529 30-39 40-49 50-59 60+ \? test
United States 360 19.4% 17.8% 18.1% 19.7% 25.0% p=0.42
China 360 189% 183% 18.6% 192% 25.0% p=0.38
Russia 360 19.7% 172% 183% 194% 253% p=0.51
Japan 360 18.6% 17.5% 18.1% 20.0% 25.8% p=0.29
India 360 20.8% 18.1% 17.8% 189% 24.4% p=0.47
South Korea 360 192% 17.8% 183% 19.7% 25.0% p = 0.55
Canada 360 20.0% 17.5% 183% 19.4% 24.7% p=0.61
Australia 360 19.7% 17.8% 18.1% 194% 25.0% p=0.44
United Kingdom 360 194% 17.5% 183% 19.7% 25.0% p=0.52
Taiwan 360 189% 18.1% 183% 19.4% 253% p=0.36
Iran 360 203% 17.8% 17.8% 192% 25.0% p=10.49
New Zealand 360 19.7% 17.5% 183% 19.7% 24.7% p = 0.58
Total 4320 19.6% 17.6% 183% 19.5% 24.7% -

Note: Chi-square tests compare synthetic age distributions to empirical country demographics. All p > 0.05,
indicating no significant deviations from source data.

Table 5.9: Synthetic population demographic composition (N = 4,320 personas).

Dimension Category Count Percent
Gender Female 2,188 50.6%
Gender Male 2,132 49.4%
Age bin 15-29 845 19.6%
Age bin 30-39 759 17.6%
Age bin 40-49 789 18.3%
Age bin 50-59 843 19.5%
Age bin 60+ 1,067  24.7%
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Table 5.10: Behavioral gradients by age (mean + SD).

Agebin Social media usage Influence score Tweets/day

15-29 0.850 £ 0.057 0.664 +0.084  10.753 + 2.858
30-39 0.747 £ 0.057 0.633 £0.083  9.760 £ 2.835
40-49 0.655 £ 0.059 0.614 £0.081  9.129 £2.765
50-59 0.398 £ 0.058 0.574 £0.082  7.817 £ 2.685
60+ 0.249 £+ 0.058 0.546 £0.082  7.312 + 2.634

Political Leaning Distribution

Social Media Usage Distribution

Count.
Count

VTS

ey o6 o ol
Social Media Usage Score

Figure 5.7: Synthetic population demographic and behavioral distributions: gender, age, political
leaning, and social media usage.
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5.6.2 Global Opinion and Salience Distributions

Figure 5.8 summarizes the aggregate distributions of opinion and salience values across all topics,
countries, and personas. These distributions provide a global validation of whether AURORA
produces the expected separation between evaluative polarization (opinion) and shared attention
(salience).

Opinion Score Distribution (All Topics) Salience Score Distribution (All Topics)
T

== Neutral

1400 -

1200 -

1000 -

800

Count

Count

-1.00 -0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00 0.2 0.4 0.6 0.8 1.0
Opinion Score Salience Score

Figure 5.8: Global distributions of opinion scores (left) and salience scores (right) aggregated
across all topics and countries.

Opinion score distribution

Looking at five specific focal topics out of the nine total topics (N = 21,600 persona-topic obser-
vations), the overall mean opinion is O = 0.208. Despite this slightly positive mean, dispersion is
substantial, with an average within-topic standard deviation of approximately 0.59. As shown in
Figure 5.8 (left), the resulting distribution is distinctly multimodal, with pronounced density near
both positive and negative extremes and comparatively little mass near neutrality.

This structure departs sharply from what would be expected under demographic noise or ran-
dom opinion assignment, which would produce a unimodal distribution centered near zero.Instead,
opinion values cluster into opposing evaluative regimes. Topic-level means span both positive and
negative sentiment (Table 5.11): Russian aggression is net-negative (O = —0.295), while Cy-
ber security cooperation (O = 0.467) and International Commodities Markets (O = 0.483) are
net-positive.

Together, these results indicate that polarization in AURORA is structurally induced by topic
framing and country alignment rather than emerging from unstructured individual variation. Opin-
ion values are not small perturbations around neutrality but instead reflect coherent, topic-dependent
evaluative stances.
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Salience score distribution

In contrast, salience values exhibit a markedly different statistical structure. The overall mean
salience across topics is S = 0.610, with substantially lower dispersion (average within-topic SD
~ 0.16). As shown in Figure 5.8 (right), the distribution is unimodal and tightly concentrated, with
most values falling between 0.4 and 0.8.

Topic-level salience differences are present but modest. Russian aggression is the most salient
topic (S = 0.782), followed by Taiwanese Sovereignty (S = 0.670), while economic and cooperation-
focused topics exhibit slightly lower mean salience (Table 5.11). Importantly, these differences
affect the relative weighting of emotional modulation and opinion sampling but do not induce
polarization by themselves.

This contrast between polarized opinion distributions and comparatively stable salience distri-
butions demonstrates that AURORA separates evaluation from attention. Agents tend to engage
with a shared set of salient geopolitical issues while diverging sharply in how those issues are
judged.

Table 5.11: Topic-level opinion and salience summary statistics (all countries).

Topic O SD(0) S SD(S) Between-country var.
Cyber security cooperation 0467 0494 0563 0.163 0.240
Taiwanese Sovereignty 0.284  0.663 0.670 0.193 0.469
Russian aggression -0.295  0.655 0.782  0.133 0.452
Canadian activity in INDOPAC 0.102  0.569 0506 0.162 0.342
International Commodities Markets  0.483  0.545 0.529  0.149 0.313

Demographic effects on opinions

To verify that demographic attributes introduce plausible variability without overwhelming country
and topic-level structure, I evaluated demographic effects at the persona level (N = 4,320) for
each topic. Specifically, I tested gender differences using two-sample ¢-tests, age differences using
one-way ANOVA across five age bins, and linear association with political leaning using Pearson
correlation.

Gender effects are statistically significant for three of five topics; however, effect sizes are
uniformly small (mean |d| = 0.095), indicating minimal substantive impact. Age effects are sig-
nificant for three topics as well, but explain very little variance (mean 7> = 0.008). Political
leaning exhibits statistically significant correlations for two topics, yet these associations remain
weak overall (mean |r| = 0.041).

These results demonstrate that demographic attributes contribute secondary variation without
driving polarization. Opinion structure is therefore dominated by country alignment and topic
framing rather than by individual-level demographics. This behavior aligns with AURORA’s de-
sign intent: demographics shape heterogeneity at the margins while preserving institutional and
geopolitical structure as the primary source of opinion divergence.
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Table 5.12: Demographic validation tests by topic (gender ¢-tests; age ANOVA; political leaning
correlation).

Topic t P d F n?  r (political)
Cyber security cooperation -3.781 0.0002 -0.115 34.014 0.031 -0.102
Taiwanese Sovereignty 0.988 0.3232  0.030 3.700 0.003 0.008
Russian aggression 3.393 0.0007 0.103 0.816 0.001 0.070
Canadian activity in INDOPAC 1.036 0.3004 0.032 1.153 0.001 0.007
International Commodities Markets  6.429 < 0.0001 0.196  6.203 0.006 0.019

5.6.3 Emotion Profiles by Topic

This section evaluates whether AURORA generates emotional responses that are (i) structured,
(i1) topic-sensitive, and (iii) aligned with evaluative judgments rather than arbitrarily injected. For
each topic, I compute country-level mean scores across the eight Plutchik emotion dimensions
and assess the extent to which emotional variance is attributable to country membership. I then
compare emotionally neutral and geopolitically contested topics to determine whether affective
polarization emerges selectively, as intended by the model design. Detailed emotion distributions
for all topics are provided in Appendix C.4.

Taiwanese Sovereignty

In contrast, emotional responses to Taiwanese Sovereignty exhibit pronounced between-country
divergence (Figure 5.9). Countries differ substantially in levels of fear, anger, and disgust, and
these differences are statistically much larger than those observed for International Commodities
Markets (Levene tests, p < 0.001 for all three emotions).

Country-level ANOVA reveals large effect sizes for negative emotions, with country member-
ship accounting for approximately 25-30% of the total variance in fear, anger, and disgust. Mod-
erate but statistically significant effects are also observed for trust and joy, indicating that affective
divergence extends beyond negative affect alone and reflects broader evaluative disagreement.

Post-hoc comparisons reveal three stable affective regimes that recur across multiple emotion
dimensions. A first group exhibits high trust and anticipation, corresponding to supportive or
aligned positions (e.g., the United States, Taiwan, and Five Eyes partners). A second group dis-
plays moderate or mixed emotional profiles (e.g., Japan and South Korea). A third group shows
elevated fear, anger, and disgust, consistent with oppositional stances (e.g., Russia, China, and
Iran). The persistence of these groupings across emotions indicates that affective polarization is
systematic rather than noise-driven.
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Emotion Profiles: Taiwanese Sovereignty
(Countries ordered by strategic alliance)
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Figure 5.9: Mean Plutchik emotion profiles for Taiwanese Sovereignty across all countries.

International Commodities Markets

Figure 5.10 displays country-level mean emotion profiles for the International Commodities Mar-
kets topic. Across all countries, emotional responses are dominated by trust and anticipation, with
consistently low levels of fear, anger, and disgust. This pattern reflects an affectively neutral or
cooperative framing rather than conflict or threat.

Formal variance analysis confirms this interpretation. One-way ANOVA conducted separately
for each emotion shows that country membership explains less than 1% of the total variance in
any emotion dimension (> < 0.01 across all eight emotions). Post-hoc comparisons reveal no
stable country groupings, indicating that emotional responses are effectively homogeneous at the
national level.

Substantively, this result demonstrates that AURORA does not impose emotional differentia-
tion where none is warranted. The absence of between-country affective divergence mirrors the
narrow distributions observed for both opinion and salience scores (Figure 5.8), confirming that
International Commodities Markets functions as a low-polarization, low-volatility baseline. This
topic therefore serves as a negative control: emotional variation remains minimal when geopoliti-
cal stakes are low.
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Emotion Profiles: International Commodities Markets
(Countries ordered by strategic alliance)
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Figure 5.10: Mean Plutchik emotion profiles for International Commodities Markets across all
countries.

Cross-Topic Comparison of Affective Structure

Comparing these two topics demonstrates that emotional polarization is not a global property of the
synthetic population. Instead, it emerges selectively in response to geopolitically sensitive issues.
Between-country variance for Taiwanese Sovereignty exceeds that of International Commodities
Markets by more than an order of magnitude, particularly for threat-related emotions such as fear
and anger (p < 0.001).

This contrast provides a critical validation of AURORA’s affective modeling. The system does
not assign strong emotions uniformly across topics. Rather, emotional divergence is activated only
when topic framing implies sovereignty, security, or strategic conflict. Technical and economic
topics remain affectively stable, closely matching expectations from real-world public opinion and
elite discourse.

Coupling Between Emotion and Opinion Polarization

Finally, 1 examine whether emotional divergence aligns with opinion polarization rather than
emerging independently. For Taiwanese Sovereignty, country-level mean emotion vectors closely
correspond to the opinion polarity clusters identified in Figure 5.12. Countries exhibiting elevated
fear and anger consistently hold negative opinion scores, while countries characterized by high
trust and anticipation exhibit strongly positive opinions.
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No such coupling is observed for International Commodities Markets, where both emotional
profiles and opinion scores remain narrowly distributed across countries. This decoupling for neu-
tral topics and alignment for contested topics indicates that affect in AURORA is not independently
injected but emerges as part of an integrated cognitive-evaluative process.

The above results demonstrate that emotional structure in AURORA is topic-dependent, country-
structured, and coherent with evaluative judgment. Emotional polarization arises where geopolit-
ical context demands it and remains absent where consensus or neutrality is expected, providing
strong evidence that AURORA’s affective mechanisms operate as intended.

5.6.4 Cross-Country Similarity Analysis

To quantify alignment between countries, I computed pairwise Pearson correlations using country-
level mean opinion vectors and mean salience vectors across all topics.

Opinion-Based Country Similarity Salience-Based Country Similarity
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Figure 5.11: Country similarity matrices based on mean opinion scores (left) and mean salience
scores (right).

Opinion-Based Similarity

Opinion-based similarity matrices (Figure 5.11, left) were constructed by computing pairwise
Pearson correlations between country-level mean opinion vectors across all topics. High posi-
tive correlations therefore indicate countries that consistently evaluate geopolitical issues in the
same direction, while strong negative correlations indicate systematic opposition.

The resulting structure is sharply bimodal. Western-aligned countries (e.g., United States,
United Kingdom, Canada, Australia, Japan, South Korea, and New Zealand) exhibit extremely
high mutual correlations, often exceeding r > 0.9. In contrast, these same countries show consis-
tently strong negative correlations with Russia and Iran (often » < —0.9), indicating not merely
disagreement on individual topics, but coherent opposition across the topic set as a whole.
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This pattern implies that country clustering is driven primarily by opinion polarity rather than
by topic-specific effects or demographic composition. Countries do not simply differ in degree of
support or opposition; instead, they occupy opposing positions within a shared evaluative space.
Importantly, this structure persists even when demographic effects are statistically controlled, in-
dicating that country-level alignment dominates over individual-level attributes in shaping opinion
similarity.

Salience-Based Similarity

Salience-based similarity matrices (Figure 5.11, right) were constructed using the same procedure,
but applied to country-level mean salience vectors. These correlations measure whether countries
tend to assign importance to the same topics, independent of how they evaluate them.

In contrast to opinion similarity, salience-based correlations are weaker and more heteroge-
neous. While some country pairs exhibit moderate alignment (e.g., shared attention among Western
partners), salience does not produce the same clear partitioning into opposing blocs. Correlations
are generally positive but vary widely in magnitude, and strong negative relationships are rare.

This difference indicates that countries may broadly agree on which geopolitical issues are
important, even when they strongly disagree on how those issues should be evaluated. In other
words, salience captures shared attention, whereas opinion captures ideological alignment.

The matrices demonstrate a clear decoupling between attention and evaluation in the synthetic
population. Countries exhibit sharp polarization in opinion space, forming coherent alliances and
oppositional blocs, while remaining comparatively diffuse in salience space.

This distinction is important for two reasons. First, it reflects real-world dynamics in which
adversarial states often focus on the same strategic issues while interpreting them in fundamen-
tally different ways. Second, it validates AURORA’s design choice to model salience and opinion
as related but distinct processes. The system does not force polarization by assigning different
topic importance to different countries; instead, polarization emerges through divergent evaluative
judgments applied to a largely shared agenda.

As a result, the observed country-level clustering in opinion similarity cannot be attributed
to trivial differences in topic exposure or attention, but reflects meaningful ideological structure
within the synthetic population.

5.6.5 Topic-Level Opinion and Salience Structure

This section evaluates how opinion polarity and salience are structured across countries and topics,
and whether these dimensions behave in a theoretically consistent and statistically distinguishable
manner. The central question is whether AURORA produces (i) selective polarization in evaluative
stance while maintaining (ii) broadly shared attention to geopolitical issues. I assess this using
country-level means, variance decomposition, and dimensionality reduction.
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Country-Level Opinion Patterns

Figure 5.12 presents mean opinion scores by country and topic. Several topics exhibit strong
between-country polarization, most notably Russian Aggression and Taiwanese Sovereignty. For
these topics, country-level mean opinions span both positive and negative extremes, with cross-
country differences exceeding one standard deviation in multiple cases.

Formal one-way ANOVA confirms that country membership explains a substantial proportion
of variance for these topics (p < 0.001, n* > 0.25), indicating that opinion orientation is strongly
structured at the national level. In contrast, topics such as International Commodities Markets
exhibit markedly smaller between-country effects (> < 0.05), consistent with their framing as
technical or economically oriented issues rather than sovereignty disputes.

Importantly, this pattern demonstrates that AURORA does not impose uniform polarization
across the topic space. Instead, opinion divergence emerges selectively for topics with clear geopo-
litical, military, or sovereignty implications, while remaining muted for low-conflict domains. This
selective structure aligns with empirical expectations from real-world international opinion pat-
terns.

Opinion Scores by Country and Topic
(AIll Countries)

Mean QOpinion Score

Topic

Figure 5.12: Mean opinion scores by country and topic.

Country-Level Salience Patterns

Salience patterns, shown in Figure 5.13, exhibit substantially greater cross-country consistency.
While Russian Aggression and Taiwanese Sovereignty again register higher overall salience, between-
country effect sizes remain modest for most topics (n? < 0.05).

This indicates that countries broadly agree on which issues are important, even when they
diverge sharply in how those issues are evaluated. Salience therefore functions as a shared agenda-
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setting mechanism rather than a driver of polarization. The coexistence of salience alignment and
opinion divergence provides strong evidence that AURORA decouples attention from evaluation
by design, rather than conflating disagreement with topic exclusion.

Salience Scores by Country and Topic
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Figure 5.13: Mean salience scores by country and topic.

Low-Dimensional Structure of Country-Level Opinions

To assess whether country-level opinion differences reflect coherent latent structure rather than
topic-specific noise, I performed Principal Component Analysis (PCA) on country-level mean
opinion vectors aggregated across all topics. PCA provides a complementary validation lens by
testing whether opinion variation collapses onto a small number of interpretable dimensions.

Figure 5.14 presents the scree plot and biplot for the first two principal components. The first
principal component (PC1) explains 84.4% of total variance and represents a dominant evaluative
axis corresponding to geopolitical alignment. Western-aligned countries cluster tightly at one end
of this dimension, while Russia and Iran occupy the opposite extreme. Countries such as India and
China appear in intermediate positions, reflecting mixed or conditional alignment patterns.

The dominance of PC1 indicates that the majority of opinion variance across countries is driven
by a single latent alignment factor rather than independent, topic-specific effects. This finding is
consistent with the high between-country effect sizes observed in ANOVA tests for geopolitically
contentious topics and confirms that polarization in AURORA is globally structured rather than
fragmented.

The second principal component (PC2) explains an additional 11.3% of variance and captures
secondary differentiation related to topic emphasis. In particular, PC2 separates sovereignty and
security-oriented topics from economic or cooperative topics, suggesting a weaker but interpretable
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axis of variation related to issue framing. Together, PC1 and PC2 explain over 95% of total vari-
ance, demonstrating that country-level opinion structure in AURORA is highly low-dimensional.
Topic loadings in the biplot further reinforce this interpretation. Vectors corresponding to Rus-
sian Aggression and Taiwanese Sovereignty align strongly with PC1, indicating their central role
in driving polarization. In contrast, International Commodities Markets and Cyber Security Coop-
eration exhibit weaker loadings, consistent with their comparatively neutral evaluative profiles.
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Figure 5.14: Principal Component Analysis of country-level opinion patterns. Left: scree plot

showing variance explained by each component. Right: PCA biplot with countries and topic

loadings.

5.6.6 Validation

AURORA is designed as an initialization model for downstream opinion-dynamics simulations. Its
purpose is to generate demographically proportional, psychologically coherent, and contextually
grounded personas whose initial opinions, salience values, emotional states, group memberships,
and platform-specific accounts can serve as valid starting conditions. Validation in this chapter
therefore focuses on whether AURORA produces internally coherent, theoretically plausible, and
empirically grounded initial conditions, rather than whether it reproduces longitudinal opinion
change.

This validation follows a validation-in-parts strategy. AURORA is not validated through a
single aggregate measure, but through a sequence of checks corresponding to the major stages
of the generation pipeline: demographic proportionality, hierarchical contextualization, retrieval-
grounded narrative alignment, salience-weighted opinion formation, psychological coherence, group-
based social embedding, controlled LLM enrichment, and temporal scope. These checks assess
whether the generated population behaves like a plausible initialization layer for downstream sim-
ulation.
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Demographic substrate and staged enrichment. AURORA first establishes demographic pro-
portionality before semantic enrichment, consistent with population synthesis and microsimulation
methods that generate disaggregate agents matching known aggregate constraints before assigning
behavioral attributes [14, 136]. This ordering ensures that later LLM-based enrichment does not
silently reshape the demographic substrate. Demographics therefore provide the population foun-
dation, while ideological, psychological, emotional, and platform-specific attributes are layered on
top.

Hierarchical social context. The hierarchical country—community—persona structure is face-
valid because attitudes are shaped by both individual traits and social context. Political psy-
chology shows that the relationship between personality and political attitudes varies across issue
domains and political contexts [66]. AURORA therefore avoids assigning opinions from demo-
graphics alone: country-level discourse establishes broad priors, community context refines them,
and persona-level generation introduces individual heterogeneity. This structure reflects the as-
sumption that people form attitudes as socially embedded individuals whose beliefs are shaped by
national narratives, institutional context, community affiliation, and personal traits simultaneously.

Group membership and social embedding. Group membership provides a face-valid mech-
anism for social embedding. Homophily research shows that social ties are more likely to form
among similar individuals [128], while social identity theory argues that group membership shapes
self-concept, intergroup evaluation, and issue interpretation [181]. AURORA’s community and
affinity-group assignments therefore help explain why some opinions are strongly community-
anchored while others remain more weakly structured.

Salience and attitude strength. Topic salience provides face validity for how AURORA distin-
guishes central from peripheral attitudes. In AURORA, high-salience topics are sampled closer
to community-level opinion distributions, while medium- and low-salience topics are drawn from
broader country-level distributions. Low salience therefore does not mean that a persona fre-
quently responds on that topic; rather, it means the topic is less identity-defining, less emotionally
activated, and less tightly anchored to community context. This assumption is consistent with
research showing that important attitudes are more stable, durable, resistant to persuasion, and
behaviorally consequential [88, 102]. It is also consistent with persuasion research showing that
high-involvement issues receive more careful cognitive processing, while low-involvement issues
are more susceptible to lower-effort or peripheral cues [95, 151]. The important implication is
that salience is not simply an intensity score; it controls whether an opinion is treated as identity-
relevant and community-anchored or as more peripheral and variable.

Personality, emotion, and expressive plausibility. Personality and emotion are included as
structured attributes because both shape judgment and expression. Big Five traits are associated
with political attitudes across issue domains [66], and affective appraisal research shows that emo-
tions such as fear and anger influence judgment and risk perception in different ways [108]. AU-
RORA’s deterministic personality—emotion mapping and salience-weighted emotion modulation
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therefore make affective attributes reproducible and theoretically grounded, rather than arbitrary
LILM-generated text.

Controlled LLLM enrichment. Persona-conditioned LLM generation is face-valid when treated
as controlled enrichment rather than as a replacement for human data. Prior work shows that
LLMs conditioned on demographic and ideological backstories can approximate subgroup-level
response patterns [6], and generative-agent research shows that LLM-based agents can produce
believable individual and collective behavior when structured around persistent agent states and
contextual information [149]. AURORA adopts this logic while constraining generation through
demographic skeletons, retrieved evidence, hierarchical prompts, and validation rules. The so what
of this design is that LLLMs are not allowed to freely invent the population; they enrich an already
structured, demographically grounded, and evidence-conditioned synthetic population.

Selective polarization across topics. The results provide additional support for these design
choices. AURORA does not generate polarization uniformly across all topics. Instead, polarization
emerges selectively where the source discourse is contested. Topics such as Taiwanese Sovereignty
and Russian Aggression show strong between-country opinion variance, coherent bloc formation,
and low-dimensional alignment, while topics such as International Commodities Markets and Cy-
ber Security Cooperation remain comparatively narrow and less polarized. This pattern suggests
that AURORA is not simply injecting disagreement into every issue; it generates divergence when
retrieval-grounded country and community contexts contain substantive evaluative conflict.

Narrative-opinion alignment. To assess whether country-level opinion and salience patterns
for Taiwanese Sovereignty reflect meaningful population structure rather than modeling artifacts,
I validate AURORA’s outputs against the narrative content and framing present in the underlying
country-specific document corpora. A review of about 1800 policy documents (17 topic-aligned
documents per country for all 12 countries; 204 documents in total per topic) confirmed distinct
narrative patterns. The U.S.-based documents consistently frame Taiwanese sovereignty as unre-
solved and contested, emphasizing legal ambiguity, democratic self-determination, and resistance
to the PRC’s interpretation of U.N. General Assembly Resolution 2758. Legislative actions such as
the Taiwan International Solidarity Act and the Taiwan Assurance Implementation Act explicitly
reject Beijing’s sovereignty claims and stress Taiwan’s distinct political status, while U.S. strategic
discourse highlights regional stability, alliance credibility, and deterrence concerns.

By contrast, PRC-based documents exhibit a uniformly categorical stance: Taiwan is framed
as an inseparable part of China, sovereignty is presented as legally settled through post—World War
IT instruments and Resolution 2758, and dissenting interpretations are labeled distortions or hostile
interference. The narrative tone is absolutist, moralized, and frequently coupled with deterrent or
coercive language.

AURORA’s country-level opinion scores for Taiwanese Sovereignty reproduce this stark nar-
rative bifurcation. One-way ANOVA confirms that country membership explains a substantial
proportion of opinion variance for this topic (p < 0.001, n*> > 0.25), with U.S.-aligned countries
clustering on the pro-sovereignty end of the evaluative spectrum and China aligned at the opposing
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extreme. This correspondence between textual stance and modeled opinion orientation provides
construct validity for the synthetic population.

Discriminant validity between opinion and salience. The separation between opinion and
salience provides a second layer of validation. While U.S. and PRC documents diverge sharply
in evaluative framing, they converge in treating Taiwan as a high-priority issue. Both corpora
repeatedly characterize Taiwan as a core national concern, invoking international order, regional
stability, and regime legitimacy. This shared prioritization is reflected in AURORA’s salience out-
puts: Taiwanese Sovereignty registers high mean salience across countries, but between-country
salience effects remain modest (n? < 0.05).

This pattern demonstrates discriminant validity between opinion and salience. Country mem-
bership explains substantially more variance in opinion than in salience, while topic choice ex-
plains salience more strongly than country identity. This indicates that AURORA distinguishes
between what actors care about and how they evaluate it. That distinction matters because real
geopolitical conflicts often involve shared attention to the same issue but divergent interpretations
of legitimacy, meaning, and consequence. AURORA captures this structure by allowing salience
to remain broadly shared while opinion diverges across national or institutional contexts.

Structured grouping and low-dimensional alignment. Post-hoc Tukey HSD tests indicate that
country-level opinion differences for Taiwanese Sovereignty form coherent groupings rather than
diffuse pairwise contrasts. Countries separate into statistically distinct blocs that mirror the nar-
rative coalitions evident in the document sets: democratic states (CAN, TWN, AUS, NZL, US,
UK, JPN, KOR) cluster on the pro-sovereignty end (mean = +0.76) with no significant within-bloc
differences (e.g., US vs. UK: p = 0.21; JPN vs. KOR: p = 0.44), while adversarial states (CHN,
IRN, RUS) align at the opposing extreme (mean = —0.68), yielding a bloc difference of 1.44 stan-
dard deviations. Key pairwise contrasts confirm this bifurcation: CHN vs. CAN shows a mean
difference of —0.490 (p < 0.001, Cohen’s d = 0.81, large effect), while CHN vs. TWN yields
—0.438 (p < 0.001, d = 0.65, medium effect). This structure aligns with the PCA results reported
earlier, where Taiwanese Sovereignty loads strongly (—0.54) onto PC2, the secondary geopoliti-
cal alignment axis explaining 11.3% of variance. The combination of within-bloc homogeneity,
between-bloc polarization (overall o = 0.663), and coherent low-dimensional structure provides
convergent evidence that AURORA’s opinion distributions reproduce the narrative coalitions ob-
served in the policy document corpus.

Robustness to demographic composition. Robustness checks controlling for age, gender, and
political leaning indicate that country-level effects persist after accounting for individual-level vari-
ation. This is consistent with the document corpora, where Taiwan narratives are articulated as
national positions rather than demographic- or subgroup-specific views. The persistence of coun-
try effects confirms that opinion alignment emerges from hierarchical country conditioning rather
than demographic imbalance. This is important because AURORA should preserve demographic
heterogeneity without reducing opinion formation to demographic determinism. Demographics
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provide a plausible substrate for variation, but country-level discourse, institutional framing, and
community context drive the major geopolitical differences.

Summary of opinion and salience structure. Table 5.13 summarizes key structural properties
of opinion and salience across topics. Opinion variance is dominated by between-country effects
for geopolitically contentious topics, while salience variance remains low and stable across coun-
tries.

Table 5.13: Summary of topic-level opinion and salience structure.

Topic Opinion 7 (country) Salience 1> (country) Polarization regime
Russian Aggression > 0.25 < 0.05 High polarization
Taiwanese Sovereignty > 0.25 < 0.05 High polarization
Cyber Security Cooperation < 0.10 < 0.05 Low polarization
Canadian activity in INDOPAC < 0.15 < 0.05 Moderate polarization
International Commodities Markets < 0.05 < 0.05 Neutral baseline

AURORA produces a coherent and interpretable structure in both opinion and salience space.
Countries cluster strongly along a small number of latent evaluative dimensions driven primarily
by geopolitical alignment rather than demographic noise or arbitrary topic effects. At the same
time, salience remains broadly shared across countries, ensuring that polarization arises through
divergent judgment applied to a common set of focal issues. This behavior closely matches theoret-
ical expectations for real-world international opinion dynamics and directly validates AURORA’s
core modeling assumptions.

Overall, the validation argument is that AURORA is credible as a population initialization
framework because it is supported by demographic proportionality, retrieval-grounded narrative
alignment, selective polarization, opinion—salience separation, psychological coherence, group-
based social embedding, controlled LLM enrichment, robustness against demographic determin-
ism, and explicit temporal scope boundaries.

5.7 Discussion

Across all analyses, results consistently support the central design claim of AURORA: polarization
is not injected uniformly or arbitrarily, but emerges selectively from topic framing, country align-
ment, and institutional context, while attention (salience) remains broadly shared across countries.

5.7.1 Selective Polarization as a Structural Property

One of the most salient findings is the sharp contrast between polarized and non-polarized top-
ics. Issues such as Taiwanese Sovereignty and Russian Aggression exhibit strong between-country
opinion variance (n? > 0.25), coherent bloc formation in similarity matrices, and a dominant
low-dimensional alignment structure captured by PCA. In contrast, topics such as International
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Commodities Markets and Cyber Security Cooperation show weak country effects, narrow opin-
ion distributions, and affective stability.

This selective emergence of polarization is critical. Many prior LLM-based agent systems
implicitly assume that disagreement is ubiquitous or evenly distributed across issues. AURORA
instead produces a differentiated opinion landscape: some topics function as ideological fault lines,
while others serve as neutral baselines. This mirrors real-world geopolitical discourse, where
states often disagree intensely on sovereignty and security issues while maintaining consensus on
technical or economic coordination.

The PCA results reinforce this interpretation. Over 95% of variance in country-level opinion
vectors is captured by two principal components, with the first alone explaining more than 80%.
This indicates that most evaluative disagreement can be understood along a small number of latent
alignment dimensions, rather than requiring topic-specific explanations for each divergence. In
effect, AURORA recovers a recognizable geopolitical alignment space without explicitly encoding
alliances as variables.

5.7.2 Consensus on Importance, Divergence on Evaluation

A second key contribution of the results is the differential magnitude of geographic variance be-
tween opinion and salience. While country membership explains substantial variance in opinion
scores (> = 0.194, large effect), it accounts for less variance in salience (n? = 0.073, medium
effect). This 2.7-fold difference suggests that countries exhibit greater consensus on what matters
than on what should be done, though both dimensions show meaningful geographic structure.

Notably, topic choice drives salience more strongly than country membership does (ntzopic =
0.289 vs. nfoumry = 0.073), indicating that issue characteristics—rather than national ideology—primarily
determine attention allocation. The large interaction effect (7> = 0.304) reveals that countries
prioritize topics differently, but this variation is structured around shared recognition of issue im-
portance rather than wholesale attention divergence.

From a modeling perspective, this result validates AURORA’s architectural decision to treat
salience as partially shared across geographic contexts while allowing topic-specific and country-
specific modulation. Polarization arises primarily through divergent evaluation applied to a com-
monly recognized (though differentially weighted) set of focal issues, not through selective at-
tention or topic avoidance. This distinction is crucial for downstream simulations of information
operations, where actors often contest narratives around the same events rather than operating in
disjoint informational spaces.

5.7.3 Emotion as a Coherent, Topic-Dependent Structure

Emotional responses in AURORA exhibit the same selective structure observed for opinions. For
neutral topics, emotional profiles are homogeneous across countries, with negligible between-
country variance. For contested topics, affective polarization emerges systematically, with large
effect sizes for threat-related emotions such as fear, anger, and disgust.

Crucially, emotional divergence aligns closely with opinion polarity. Countries with negative
evaluations of Taiwanese Sovereignty exhibit elevated negative affect, while supportive countries
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show higher trust and anticipation. This coupling does not occur for neutral topics, where both
opinions and emotions remain narrowly distributed.

These findings suggest that affect in AURORA is not independently injected or randomly as-
signed. Instead, emotion functions as a coherent extension of evaluative judgment, modulated by
salience and grounded in personality baselines. This behavior aligns with theoretical expectations
from political psychology, where affect is tightly linked to perceived threat, identity relevance, and
evaluative stance rather than uniformly expressed across issues.

An additional consideration is whether agent behavior and action are consistent with the fea-
tures assigned during persona generation. In AURORA, these relationships are explicitly encoded
through the model design and are reflected in the resulting agent states. For example, the salience-
gated opinion sampling process ensures that agents who assign high importance to a topic exhibit
tighter opinion clustering around community norms, while low-salience topics produce greater
variance, reflecting weaker commitment. Similarly, the emotion modulation framework directly
links opinion polarity and salience to affective responses: agents who strongly support a high-
salience topic experience amplified positive emotions (e.g., joy, trust), whereas those who oppose
it exhibit heightened negative emotions (e.g., anger, disgust). At the same time, baseline emotional
profiles derived from personality traits provide stable individual differences that persist across top-
ics, ensuring that agents respond in ways that are consistent with their psychological makeup.
Finally, group formation and assignment introduce structured social contexts that align with per-
sona attributes, such that agents are embedded in communities and affinity groups that reflect their
interests, professions, and ideological tendencies. These mechanisms demonstrate that agent-level
behavior—expressed through opinions, emotions, and social affiliations—is internally consistent
with the features used to construct each persona, providing a coherent foundation for downstream
interaction and opinion dynamics modeling.

5.7.4 Demographics as Secondary, Constraining Factors

Demographic attributes—gender, age, and political leaning—exert statistically detectable but sub-
stantively modest effects on opinions. Across the five focus topics, gender differences yield small
effect sizes (Cohen’s d ranging from —0.12 to 0.20), with only three topics showing significant
differences and the largest effect observed for International Commodities Markets (d = 0.20,
p < 0.001). Critically, Taiwanese Sovereignty shows no significant gender effect (d = 0.03,
p = 0.32), indicating that evaluative stance on this contested issue transcends gender demograph-
ics. Age effects are similarly modest: ANOVA reveals minimal variance explained by age group
for Taiwanese Sovereignty (n*> = 0.003, p = 0.005), Russian aggression (> = 0.0008, p = 0.51,
non-significant), and Canadian activity in INDOPAC (n* = 0.001, p = 0.33, non-significant). Po-
litical leaning shows weak correlations with opinion scores, with Taiwanese Sovereignty exhibiting
near-zero correlation (r = 0.008, p = 0.61, non-significant) and other topics reaching statistical
significance only through large sample size rather than substantive association (e.g., Cyber security
cooperation: r = —0.10, p < 0.001; Russian aggression: r = 0.07, p < 0.001).

This outcome is desirable rather than problematic. If demographic variables dominated opin-
ion variance, the model would risk reproducing simplistic demographic determinism. Instead,
AURORA treats demographics as constraining priors that shape plausible variation while pre-
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serving institutional and geopolitical context as the primary drivers of divergence. The resulting
population is neither demographically flat nor demographically deterministic—demographic het-
erogeneity exists but operates within the stronger

5.7.5 Empirical Grounding of Country-Level Polarization in Narrative Struc-
ture

The validation results for Taiwanese Sovereignty provide particularly strong evidence that AU-
RORA’s country-level opinion and salience patterns are grounded in real-world narrative structure
rather than emergent artifacts of the modeling process. By anchoring validation directly to U.S.-
based and PRC-based document corpora, I demonstrate that polarization in the synthetic popula-
tion reflects substantive divergence in how states frame sovereignty, legality, and legitimacy.

The U.S. document corpus consistently emphasizes ambiguity, democratic self-determination,
and resistance to unilateral sovereignty claims, while PRC documents present Taiwan as an un-
questioned component of national territory, supported by absolutist legal and historical arguments.
AURORA reproduces this bifurcation at the population level: country-level opinion scores for
Taiwanese Sovereignty separate cleanly along this narrative fault line, with large and significant
country effects (n? > 0.25) and coherent bloc formation confirmed by post-hoc tests and PCA.

This alignment is not imposed through explicit geopolitical labels or alliance variables. In-
stead, it emerges from retrieval-grounded conditioning and hierarchical population construction.
This demonstrates that AURORA can internalize high-level narrative logic—such as sovereignty
being framed as negotiable versus non-negotiable—and translate it into structured population-level
opinion differences. In this sense, AURORA exhibits construct validity not only statistically, but
narratively.

At the same time, the Taiwan case illustrates the model’s ability to decouple evaluative dis-
agreement from agenda salience. Despite sharp polarization in opinion, salience remains high and
relatively uniform across countries, mirroring the source documents in which both U.S. and PRC
actors treat Taiwan as a core national concern. This reinforces the claim that AURORA captures
disagreement over meaning and legitimacy, not disagreement over relevance. Such decoupling is
characteristic of real-world geopolitical contention, where adversaries contest the same focal issues
rather than ignoring them.

The robustness of these patterns to demographic controls further strengthens this interpretation.
Taiwan-related narratives in the document corpora are articulated as national positions rather than
subgroup-specific views, and AURORA mirrors this by preserving strong country effects after
accounting for age, gender, and political leaning. National alignment thus emerges as a higher-
order organizing principle, consistent with institutional and state-level discourse.

The Taiwan sovereignty results serve as a concrete empirical anchor for the broader discus-
sion claims. They demonstrate that AURORA’s selective polarization, low-dimensional alignment
structure, and decoupling of attention from evaluation are not abstract modeling properties, but
reflections of real narrative asymmetries embedded in the information environment. This case
therefore substantiates the central design claim of AURORA: that realistic population polarization
can be generated by grounding synthetic agents in structured, retrieval-based representations of
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how states frame contested issues.

5.7.6 Implications for Agent-Based Modeling

These results position AURORA as a viable solution to the ABM initialization problem. The
framework produces populations that are statistically structured, hierarchically coherent, and in-
terpretable across multiple levels of analysis. Importantly, these properties emerge without hard-
coding alliances, affective stances, or opinion clusters at the individual level. Instead, they arise
from the interaction of demographic substrates, retrieval-grounded context, and salience-gated
sampling mechanisms.

AURORA’s hierarchical coherence directly addresses critical validity concerns in downstream
opinion dynamics simulations. When agent populations exhibit realistic correlations between
identity attributes (demographics, psychometrics) and baseline opinions, such as the observed
r = 0.68 correlation between conservative political leaning and anti-abortion stances, the result-
ing dynamics can meaningfully distinguish between influence mechanisms and initial conditions.
For instance, if a simulation using AURORA-initialized agents produces polarization on abortion
rights, researchers can confidently attribute this to the opinion dynamics model’s mechanisms (e.g.,
homophily-driven echo chambers, backfire effects under antagonistic exposure) rather than to ar-
tificial clustering baked into the initialization. This separation of concerns is particularly valuable
for testing competing theories of polarization: models like JANUS (discussed in Chapter 6.10)
that incorporate signed influence and identity-based homophily can be compared against simpler
averaging-based models (e.g., DeGroot) using identical initial populations, isolating the causal role
of specific social influence mechanisms without confounding from population structure artifacts.

Moreover, AURORA’s emergent group-level structure, where agents sharing advocacy group
memberships form modular networks with realistic homophily patterns, provides a naturalistic
substrate for studying narrative diffusion, information cascades, and collective action. Unlike
hand-crafted networks where researchers must explicitly specify which agents are “liberal” or
“conservative” and how strongly they influence each other, AURORA-generated networks allow
these properties to emerge from the interaction of demographic sampling, moral foundations, and
topic-specific salience. This is critical for simulations of misinformation spread or social move-
ment mobilization, where the credibility of results depends on whether the initial network topol-
ogy, opinion distributions, and identity-opinion correlations reflect empirical social structures. By
grounding initialization in census data and validated psychometric scales while allowing LLM-
based stochasticity to introduce realistic individual variation, AURORA enables researchers to
explore counterfactual scenarios (e.g., “How would public opinion on climate change evolve if
baseline salience were 20% higher?”’) without the assumption leakage that plagues manually con-
structed agent populations.

5.8 Conclusion

This study demonstrated that AURORA successfully generates synthetic populations that are de-
mographically plausible, psychologically coherent, and structurally aligned with real-world geopo-
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litical opinion dynamics. Through a combination of retrieval-augmented generation, hierarchical
modeling, and salience-gated sampling, the framework produces selective polarization, shared at-
tention, and coherent affective responses without resorting to hard-coded ideological assumptions.

The results show that polarization in AURORA is neither ubiquitous nor arbitrary. Instead, it
emerges where geopolitical context demands it and remains absent where consensus or neutrality is
expected. Opinions, salience, and emotion interact in predictable and interpretable ways, forming a
low-dimensional alignment structure that mirrors real-world patterns of international disagreement.

By addressing the long-standing initialization problem in agent-based modeling, AURORA
provides a foundation for more credible simulations of opinion dynamics, narrative diffusion, and
social influence. More broadly, the framework illustrates how large language models, when con-
strained by retrieval, statistical structure, and explicit modeling assumptions, can serve as reliable
components of rigorous computational social science rather than opaque generators of narrative
content.

5.9 Contributions to the Dissertation

This chapter advances the dissertation’s objective of modeling realistic social-cyber populations
by introducing a principled framework for generating, conditioning, and validating emotionally
expressive LLM-based personas. The contributions span methodological design, psychological
grounding, and empirical validation.

C1. Hierarchical Persona Construction I introduce a hierarchical persona generation frame-
work that structures individuals within country- and community-level sociocultural context. This
design enforces demographic proportionality and ideological coherence across scales, enabling the
reproducible creation of large synthetic populations that reflect embedded social structure rather
than isolated prompt artifacts.

C2. Psychologically Grounded Persona Conditioning The chapter formalizes the incorpora-
tion of established psychological theory—OCEAN traits, Moral Foundations Theory, and baseline
affect—into LLM persona prompts. Encoding these constructs as explicit conditioning variables
bridges generative Al with interpretable psychological models and enables controlled, analyzable
emotional expression.

C3. Event-Conditioned Emotional Modeling A mechanistic formulation is developed to model
how baseline affect, ideological stance, and topic salience jointly determine persona-level emo-
tional responses. This formulation links static persona attributes to dynamic emotional outputs,
making emotion a parameterized component of agent cognition suitable for downstream simula-
tion.

C4. Prompt Structure as a Determinant of Behavioral Quality Through controlled ablation
experiments, I show that prompt structure directly impacts behavioral realism. Progressive en-
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richment with demographic, moral, and topic cues yields substantial gains in emotional intensity,
authenticity, and content quality, establishing hierarchical prompt design as a methodological lever
rather than an ad hoc practice.

CS. Topic-Dependent Demographic Emotional Structure Synthetic personas exhibit context-
sensitive emotional behavior rather than a single generic affective style. Emotional responses vary
systematically by topic and demographic group, indicating that population-level affect is structured
by scenario context rather than uniformly applied.

Cé6. Foundations for Emotion-Aware Opinion Dynamics By demonstrating demographic co-
herence, psychological grounding, and empirical validity, this chapter establishes emotionally ex-
pressive synthetic populations as credible inputs for subsequent opinion dynamics models. Emo-
tional reasoning is thus validated as a meaningful component of agent cognition within the JANUS
social-cyber framework.

5.10 Limitations

Despite its strengths, AURORA has several important limitations that should be acknowledged.

First, while demographic proportionality is enforced via IPF, higher-order joint dependencies
between demographics (e.g., age x education x ideology) are only partially captured. The global
validation rules mitigate implausible combinations, but do not guarantee perfect reproduction of
all real-world correlations.

Second, country-level opinion parameters are generated using retrieval-augmented LLM infer-
ence rather than direct survey calibration. While retrieval grounding improves cultural fidelity, it
does not replace empirical public opinion data. As a result, country-level means should be inter-
preted as plausible representations of discourse rather than precise estimates of public sentiment.

Third, emotional responses are derived from deterministic mappings between personality, opin-
ion, and salience. Although grounded in psychological literature, these mappings necessarily
simplify complex affective processes and do not account for situational variability beyond topic
exposure.

Fourth, the evaluation focuses on static structure rather than dynamic behavior. While the re-
sults demonstrate that initial agent states are coherent and interpretable, they do not guarantee that
all downstream opinion dynamics models will behave realistically when initialized with AURORA
populations.

Fifth, the experimental scenario emphasizes geopolitical topics within the Indo-Pacific con-
text. While the framework is generalizable, additional validation would be required to confirm
performance across other domains such as domestic politics, public health, or non-political social
dynamics.

Sixth, AURORA does not enforce alignment between generated personas and AESOP’s prede-
fined group—topic—stance specifications, creating a key gap. Personas are generated via hierarchical
sampling with retrieval-grounded, salience-driven opinions, which yields plausible population to
community-level patterns but does not add those personas to AESOP generated groups.
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Finally, AURORA does not currently leverage a fully comprehensive, globally standardized
event and narrative dataset for all countries. While the framework incorporates retrieval-augmented
generation grounded in curated and scraped sources. it does not yet integrate large-scale, system-
atically structured global datasets such as the GDELT Project in a complete and unified manner
across all stages of persona construction. As a result, certain dimensions of real-world informa-
tion environments, particularly those related to event-level dynamics, media coverage patterns,
and narrative propagation, are only partially represented. While, a clear current limitation, it is
also a clear avenue for future work. Integrating large-scale structured datasets into the AURORA
vector database would enable more robust grounding of agent beliefs, improve temporal and cross-
national fidelity to support richer modeling of information dynamics and emergent social behavior.

5.11 Future Work

While the current framework enforces consistency between agent attributes and behavioral ten-
dencies through its construction, this validation remains primarily structural. Future work should
more directly evaluate these relationships empirically by measuring correlations between salience
and opinion change, personality traits and susceptibility to influence, and network position and
interaction patterns. Additionally, comparing these attribute—behavior relationships against real-
world behavioral datasets would provide stronger evidence that the generated personas are not only
internally consistent but externally valid representations of human behavior.

Future work should extend AURORA into a constrained generative framework that directly
incorporates AESOP’s group-topic-stance specifications. Because AURORA now operates as a
modular component within AESOP, it should enforce three core constraints during generation: (a)
group membership quotas, so personas are distributed across groups according to empirical or
scenario-defined proportions; (b) eligibility constraints, so only demographically or institution-
ally plausible personas are assigned to each group; and (c) stance distribution constraints, so
persona opinions on key topics match scenario-defined group-level distributions.

135



Chapter 6

JANUS: Emotion-Aware Opinion Dynamics

6.1 Introduction

Not long after Mathematical Sociology emerged as a distinct field bridging social theory with for-
mal modeling, Isaac Asimov published his seminal work of science fiction, “Foundation”. At
the heart of Asimov’s vision for the future was a world model, dubbed ’Psychohistory’, with
predictive power over entire populations. Inspired by this vision, a generation of Mathematical
Sociologists developed theories of social influence. Their models are named after them; DeGroot,
Friedkin—Johnsen, Hegselmann—Krause, and so on.

While foundational, these models have key limitations. Most rely on topic-agnostic rules for
opinion formation. Even when multi-topic variants allow topic-specific parameters, calibrating
those parameters is often impractical. In principle, agents can hold opinions on many topics, but
distinct psychological drivers shape each topic. As a result, the usable topic set is effectively
limited to issues where those drivers are known well enough to specify or estimate.

Recent advances in LLM-based social and psychological modeling have renewed interest in us-
ing LLM-conditioned agents within social influence models. A central question is whether LLMs
can function as “world models” of opinion formation for the topics and demographics of inter-
est, 1.e., whether, under appropriate conditioning, they produce psychologically and sociologically
plausible responses across issues and population groups. This motivates (i) determining which
topic LLMs can model credibly and (ii) specifying the conditioning required for each topic and
demographic segment.

I propose a topic- and demographic-adaptive conditioning approach to make LLM outputs re-
flect opinion formation per topic across heterogeneous populations. Comprehensive validation
across many topics and strata is out of scope; instead, I provide a general method for deriving con-
ditioning, leaving per-topic/use-case validation to future work. By instantiating psychologically
diverse agents with LLMs, I reduce the need to handcraft separate opinion-formation mechanisms
for each topic and subgroup.

I introduce the Joint Agent Network for Understanding Social Dynamics (JANUS), an opinion
dynamics model in which belief change emerges from four coupled mechanisms: (i) signed neigh-
bor influence, which can produce either attraction or repulsion; (ii) identity-anchored restorative
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forces that pull agents toward baseline positions; (iii) affective drift driven by baseline emotional
state; and (iv) personality-based stubbornness that modulates responsiveness to social influence.
Signed ties depend on identity similarity and opinion distance, and an LLM-conditioned persona
layer supplies heterogeneous traits and topic-specific sensitivities in a synthetic social media set-
ting.

JANUS tests how psychologically diverse agents—varying in personality, moral foundations,
emotion, and identity—shape collective outcomes when influence depends on both similarity and
disagreement. I study when dynamics converge toward consensus versus split into polarized clus-
ters. Generative Al instantiates realistic trait and affect distributions, reducing hand-tuned param-
eterization while remaining compatible with established social influence models.

JANUS sustains polarization without collapsing to consensus as network size increases, pre-
serves stable topic-dependent separation (with Roe v. Wade consistently more polarized than COVID-
19 Response under identical topology and parameters), and exhibits rapid stabilization with rare
stance reversals concentrated in a small, high-mobility subset rather than population-wide conver-
sion.

These results suggest that social influence models can be extended to simulate the opinion
dynamics of heterogeneous LLM-conditioned populations. In the context of a synthetic social
media environment, our model produces scalable, qualitatively realistic dynamics, and supports
the use of models like JANUS as a controllable ”world-model” testbeds for studying polarization,
intervention design, and topic-specific opinion formation in large populations.

The main research questions for this chapter are:

* RQ1: Can LLM-conditioned, psychologically heterogeneous personas be integrated into
a mechanistic Friedkin—Johnsen-style opinion dynamics model to generate stable, inter-
pretable multi-topic opinion trajectories?

* RQ2: Does JANUS preserve substantial end-state heterogeneity and polarized clustering—
rather than collapsing to global consensus—as population size increases under fixed topol-
ogy and model parameters?

* RQ3: Do topic-conditioned mechanisms (salience-modulated stubbornness and arousal-
gated affective drift) produce consistent, stable differences in polarization across topics un-
der identical network structure (e.g., Roe v. Wade remains more polarized than COVID-19
Response)?

* RQ4: Is opinion change heavy-tailed, with most movement concentrated in a small high-
susceptibility subset of agents, and are stance reversals rare and localized rather than popu-
lation wide conversion?

6.2 Related Works

The Friedkin Model of Opinion Dynamics The Friedkin-Johnsen (FJ) model [61] formalizes
opinion change (Az) as a balance between agents’ initial opinions at ¢ = 0 (stance vector z°) and
socially weighted influence (influence matrix W) under a susceptibility term (diagonal matrix A):
2t = (I — A)2° + AWz'. While foundational, global interdependence (i.e., the weighted sum
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over all neighbors) means that opinions tend to converge towards a global consensus (consensus
collapse,), wherein all agents agree. In addition, FJ-style formulations assume relatively static
influence structure and do not directly represent multi-topic attention dynamics.

Extensions have broadened the framework’s scope. Friedkin [60] links opinion dynamics to
norm formation and shows how network topology shapes convergence versus divergence. Zhou
and Wu [211] introduce multi-topic opinions. For each topic £, there is a separate stance vector xy:
it = (I— A)a) + AWat. Rewriting the recurrence relation in matrix notation, and taking A* to
give diminishing susceptibility levels over time, I have: X (¢t + 1) = (I — A)* X (0) + (AW) X (¢).
Accordingly, in our model, I raise the susceptibility parameter « to the power of a scalar parameter
representing effective stubbornness, eff.

A core limitation is that influence is largely topic-agnostic: the same tie weights apply across
issues, despite real-world trust and expertise being topic dependent. Moreover, abstract neighbor
averaging leaves limited room for contextual interaction and variable persuasiveness (e.g., selective
engagement with a personalized feed where salience differs by topic and individual).

Salience and Persuasion in Opinion Dynamics Salience and persuasion shape both what agents
attend to and how strongly they update. Salience reflects topic priority driven by interest and con-
text [183]. Signed FJ variants imply salience can speed convergence or polarization [212], but
typically treat engagement as exogenous. Persuasion work highlights heterogeneity in suscepti-
bility and stubbornness [2], tipping dynamics under targeted perturbations [34], and the role of
cognitive and affective alignment in receptivity [178].

Large Language Models in Agent-Based Modeling LILMs can enrich ABMs by generating
agent profiles, behaviors, and interactions [67]. Studies show emergent dynamics in LLM agent
populations, including homophily-like clustering [79], while other work cautions against treating
synthetic behavior as a stand-in for human data [97, 161]. In persuasion contexts, LLM frame-
works can generate messages and simulate audience reactions to support strategy selection [115].
Building on scalable agent architectures [191], I use LLMs to instantiate heterogeneous personas
and content while retaining an interpretable FJ-style update that links peer engagement and argu-
ment quality to opinion change.

Calibrating Differentiable Opinion Dynamics Models An on-going line of research is con-
cerned with scaling classical network science models of spreading dynamics over ever increasing
LLM populations. [39], for example, proposes a population scale model on the order of 10 million
agents. By combining LLM populations with a traditional Susceptible-Infected-Recovered (SIR)
epidemiological model, they demonstrate how to calibrate a model to predict responses to public
health policy using demographic data from New York City.

Social influence (SI) models also face scaling challenges. Real-world social networks are
sparse, and many SI formulations exhibit global interdependence that becomes costly at population
scale. Scalable SI models therefore benefit from calibration approaches that leverage demographic
data and population-level trends. While [39] demonstrates this for epidemiological modeling via
full differentiability, related work has proposed differentiable variants of classic SI models that
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enable analogous parameter fitting [107, 146, 194]. This is not the main focus here, but our model
is differentiable with minor changes, making it compatible with gradient-based calibration for
population-scale SI settings.

HAI Platforms and Experimental Infrastructure. A second emerging line of work focuses
on experimental platforms for studying human—Al interaction at scale. Qu et al. introduce Epit-
ome, an open platform for controlled hybrid human, Al experimentation that embeds classical
experimental logic, control, comparison, and causal inference, within interactive environments
ranging from dyadic conversations to multi-agent scenarios [157]. Epitome is especially relevant
here not because JANUS depends on it, but because it clarifies how mechanistic social simulation
can interface with experimental platform design. In this framing, JANUS can be understood as a
hypothesis-generation engine for questions about how alternative exposure regimes, ranking sys-
tems, or recommender policies affect polarization, coordination, and cross-cutting exposure, while
platforms such as Synthetic Social Media (SynSM) Simulation Loop [12] or Epitome provide the
interaction protocols and logging infrastructure needed to test those hypotheses in controlled set-
tings [157]. This connection helps position JANUS not only as an opinion-dynamics model, but
also as part of a broader methodological stack for rigorous HAI research.

6.3 Method

In JANUS, agents are synthetic personas, structured bundles of demographic attributes, psycholog-
ical traits, topic-specific salience, and affective predispositions that together determine how social
exposure is interpreted and translated into opinion change. I instantiate these personas and define
their interaction with the opinion dynamics model using a three stage pipeline: (i) empirical sam-
pling to match target-population marginal distributions (AURORA), (ii) the conditioning of LLM
agents to produce coherent, human-like personas and topic-grounded behavioral cues, and (iii) the
mapping between the personas and the social influence model.

AURORA persona pipeline

I adopt the AURORA synthetic population framework [119] to generate heterogeneous agents
whose attributes are sampled from empirical U.S. distributions (2022 census and survey data)
while maintaining internal coherence at the individual level [90, 177, 186, 187]. Each agent 7 is
initialized with:

* Demographics: Age, gender, race/ethnicity, education level, political affiliation

* Psychometrics: Big Five personality traits (OCEAN: Openness, Conscientiousness, Ex-
traversion, Agreeableness, Neuroticism) and Moral Foundations Theory scores (Care, Fair-
ness, Loyalty, Authority, Sanctity, Liberty)

* Group memberships: Assignment to 1-3 advocacy or community organizations, with 10%
of agents flagged as group leaders
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* Topic-level attributes: For each topic , initial opinion 7, € [—1, 1], salience ;. € [0, 1],
and eight Plutchik emotion intensities e; (-) € [0, 1] (joy, trust, fear, surprise, sadness, dis-
gust, anger, anticipation)

All attributes are sampled once during initialization and remain fixed throughout the simula-
tion, with the exception of topic opinions xfk which evolve under the opinion dynamics model
(Eq. 6.7).

6.3.1 Network Construction from AURORA Personas

JANUS constructs its baseline social network directly from the organizational and community
structure generated during AURORA persona creation. Rather than treating network formation as
a separate stochastic process, JANUS uses this graph as the structural substrate linking empirically
grounded personas to later opinion dynamics. The resulting network represents persistent affil-
iation and exposure opportunities prior to platform-specific interaction effects. Ties are created
deterministically from shared group memberships: two personas are connected if and only if they
share at least one group, and ties strengthen with greater overlap. This operationalizes a core so-
ciological assumption that repeated co-membership creates recurring opportunities for influence,
coordination, and exposure, consistent with homophily-based theories of social organization [128].

Step-by-step network generation process. The construction process proceeds in five steps.

1. Load AURORA outputs. JANUS first loads the scenario outputs generated by AURORA,
including personas, groups, communities, and countries.

2. Create one node per persona. Each persona is added to a NetworkX graph as a node,
storing demographic, psychological, and topic-level attributes.

3. Create ties from shared group membership. For each group, JANUS connects all pairs of
member personas. If a pair shares multiple groups, the edge weight is incremented accord-

ingly:
overlap;; = |G; N G]. (6.1)
This produces an undirected weighted co-membership graph.

4. Annotate group leaders. Personas designated as group leaders are marked with a binary
attribute. This does not affect graph topology.

5. Construct the JANUS influence matrix. During simulation, the graph is converted into a
weighted influence matrix:

Wi = overlap,; (1 + AL;), (6.2)

followed by row normalization. Because the leader boost depends on the sender, the resulting
influence structure is asymmetric.

This procedure produces a network that is deterministic, interpretable, and explicitly tied to
the persona-generation process rather than to arbitrary graph-generation assumptions. The graph
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therefore serves as the structural bridge between AURORA personas and JANUS dynamics: AU-
RORA supplies the actors and their affiliations, while JANUS transforms those affiliations into
weighted exposure opportunities. In this sense, the network is not an incidental preprocessing
step; it is part of the model’s theoretical commitment to representing influence as emerging from
stable social structure. This makes the resulting graph especially suitable for downstream opin-
ion dynamics, because the same affiliations that create local cohesion also provide the basis for
repeated influence and cross-group spillover. Figure 6.1 summarizes this pipeline.

Co-
AURORA Group - Influence JANUS
. membership . .
Personas Memberships Matrix Dynamics
Graph
Figure 6.1: Pipeline from AURORA personas to JANUS opinion dynamics.

Ilustrative construction pipeline.

Network characteristics of the generated graphs. To evaluate the resulting graphs, I analyze
the baseline networks at ¢ = 0, prior to any opinion updates. Table 6.1 reports the structural prop-
erties of four scaling scenarios. These results show that the co-membership construction produces
networks that are highly stable across size, suggesting that the procedure preserves its structural
logic as the number of personas increases.

Table 6.1: Structural characteristics of JANUS persona networks at t = 0.

Scenario Nodes Edges Density Mean Deg. Med. Deg. Clustering Path Len. Diameter

US-250 250 2,136  0.0745 17.8 15 0.880 2.5 4
US-500 500 8,635 0.0751 36.0 32 0.892 2.65 4
US-750 750 20,056  0.0775 55.7 53 0.894 2.51 3
US-1000 1000 35,292  0.0767 73.5 72 0.890 2.50 3

Several patterns are important. First, all four networks form a single connected component
containing 100% of nodes, indicating that the group-based construction yields globally connected
graphs even as population size increases. Second, density remains in a narrow range (0.0745—
0.0775), showing that connectivity is not being driven by arbitrary densification as the network
scales. Instead, edge formation remains governed by shared group affiliations. Third, mean degree
increases from 17.8 to 73.5 as the number of personas increases, which is consistent with the fact
that larger populations contain more opportunities for overlapping memberships while preserving
the same basic construction logic.

The clustering and path-length results clarify the type of structure this process generates. Clus-
tering remains uniformly high across all scenarios (0.880-0.894), reflecting strong triadic closure:
if two agents share a group with a third, they are likely to be connected to one another as well.
At the same time, average shortest path length remains low (2.50-2.75), and the diameter never
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exceeds four. Taken together, these properties are characteristic of small-world organization, al-
though here that structure arises from affiliation overlap rather than random rewiring. The re-
sult is a graph that combines dense local cohesion with short global reach, which is desirable for
an opinion-dynamics substrate because it allows both localized reinforcement and network-wide
propagation.

The degree distribution further supports this interpretation. The JANUS graphs are right-
skewed but bounded: some agents occupy more central positions because they overlap across
multiple groups, but the graph does not produce the extreme hub dominance associated with pref-
erential attachment or scale-free growth. Most agents remain embedded in a dense community
core, while higher-degree nodes emerge from structured overlap across organizations rather than
from broadcast-style popularity. Accordingly, the baseline JANUS network is best understood as
an affiliation-based, community-structured graph. This is important for the chapter as a whole,
because it means that later opinion trajectories are not being driven by an unrealistic or arbitrary
topology; they unfold over a stable social substrate whose modularity, cohesion, and bounded
heterogeneity are a direct consequence of the persona-generation process itself.

MOMUS Structural Comparison and Implications for GhostField. Table 6.2 places the base-
line JANUS (US-1000) ¢ = 0 network in comparative context by benchmarking it against standard
empirical Twitter networks using MOMUS diagnostics.  use MOMUS here as a structural compar-
ison of the baseline co-membership graph [135], not as a validation of the JANUS opinion-update
rule itself. This distinction is important. JANUS, as an opinion-dynamics model, specifies how
opinions evolve over an existing network; MOMUS, by contrast, provides a way to assess what
kind of network that baseline graph most closely resembles. Read in that way, the table clarifies
both the strengths and the intended role of the JANUS-only network.

Under the MOMUS realism rubric, JANUS scores 1/4 on components, 3/4 on degree skew,
and 0/4 on reciprocity, whereas SNAP ego-Twitter and the Higgs interaction networks score more
highly on degree skew and reciprocity. This is exactly what one would expect from a deterministic
affiliation graph. The JANUS baseline is not a realized communication network, so it should
not be expected to reproduce reply reciprocity, broadcaster-driven hub formation, or the sparse
interaction traces observed in live social media systems. Instead, its degree support is bounded
to roughly k ~ 40-200, while the empirical comparison networks extend into the 10°~10* range.
Likewise, the largest JANUS Louvain community is only about 80—85 nodes, rather than the giant
communities observed in follower and retweet graphs. These differences do not indicate model
failure; rather, they show that JANUS is generating a different kind of structure.

The remaining diagnostics make that structure more precise. JANUS displays very high local
clustering, with C'(k) ~ 1.0 around £ ~ 50 and still about 0.54 near k£ ~ 100, which is above
the Higgs interaction baselines and above or comparable to SNAP over similar degree ranges.
The mixing matrix is strongly diagonal, with within-community edge fractions typically between
about 0.50 and 0.85, while most off-diagonal values remain below 0.05. Homophily is also strong
on the fields most directly tied to social organization in the synthetic population, including ideol-
ogy, community, category, and type (all approximately 0.83—0.84), with more moderate sorting on
political leaning (= 0.59) and little sorting on nationality or social-influence labels (= 0.01-0.02).
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Table 6.2: MOMUS-based structural benchmark of the baseline JANUS ¢ = 0 network relative
to empirical Twitter benchmarks. Rubric scores are read directly from MOMUS; values from

continuous plots are approximate visual estimates.

Metric JANUS ¢t =0 Empirical comparison

MOMUS components rubric  1/4 SNAP ego-Twitter: 1/4; Higgs networks:
~ 2/4

MOMUS degree-skew rubric  3/4 SNAP ego-Twitter: 4/4; Higgs networks:
4/4

MOMUS reciprocity rubric ~ 0/4 SNAP ego-Twitter: 1/4; Higgs networks:
~ 2/4-4/4

Observed degree support k ~ 40-200 Empirical benchmarks extend to roughly
k ~ 103-10*

Local clustering at k ~ 50 C(k) =~ 1.00 SNAP ~ 0.50; Higgs follower ~ 0.18;
retweet/mention/reply near 0-0.05

Local clustering at k ~ 100  C'(k) =~ 0.54 SNAP ~ 0.40; Higgs follower ~ 0.16;
retweet/mention/reply near 0—0.03

Largest Louvain community =~ 80-85 nodes Empirical largest communities begin
around 10%-10° nodes

Community mixing diagonal entries ~ 0.50— Indicates strong within-community

Homophily (assortativity)

Neighbor-degree trend

0.85; most off-diagonal
entries < 0.05

ideology ~ 0.84; com-
munity ~ 0.83; cate-
gory =~ 0.83; type =~
0.83; political leaning
~ 0.59; nationality/so-
cial influence ~ 0.01-
0.02

knn(k) =~ 55 — 100
over the observed degree
range

concentration rather than diffuse cross-
community mixing
Strong sorting on designed identity/com-
munity fields; weak sorting on nationality
and influence labels

Positive slope indicates assortative mix-
ing among mid-degree nodes rather than a
broadcaster-centered topology
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Finally, the positive k,, (k) trend indicates assortative meso-scale organization among mid-degree
nodes rather than a celebrity-follower pattern. These results show that the JANUS-only graph is
best interpreted as an offline affiliation and latent influence substrate: modular, cohesive, and in-
terpretable, but not designed to mimic the full behavioral signature of observed online interaction
networks.

This interpretation is also the one most consistent with the broader GhostField architecture.
Within GhostField, the baseline JANUS graph provides the stable social structure over which in-
fluence can propagate [135]. It captures persistent community boundaries, overlapping affiliations,
and interpretable exposure opportunities. Systems such as SynSM are then responsible for con-
verting that background structure into platform-mediated interaction, including burstiness, asym-
metry, sparse engagement, and other properties of observed online behavior. In other words, the
JANUS-only network should not be judged as though it were a direct Twitter clone. Its purpose
is different: it provides the structurally coherent, theoretically interpretable substrate needed for
the opinion-dynamics component of the chapter, while GhostField’s platform layer supplies the
interaction-level realism associated with empirical social media traces.

6.3.2 Emotional and Contextual Conditioning

To elicit psychologically plausible reactions from LLM-conditioned agents, I use hierarchical
prompts that condition on (1) stable persona traits (demographics and psychometrics), (2) situ-
ational context (event/topic framing), and (3) an explicit affect representation that can be validated
against empirical social media reactions [120]. This supports JANUS by (i) mapping persona af-
fect into initial valence—arousal parameters for affective drift and (ii) generating (when needed)
agent-authored text consistent with the same underlying affect state [120].

6.3.3 Parameter Extraction for Opinion Dynamics

Persona attributes are mapped to opinion dynamics parameters so that heterogeneous psychological
traits and topic-specific sensitivities drive the mechanistic update rule (Eq. 6.7). The LLM does
not “solve” the dynamics; rather, it instantiates diverse agents whose attributes parameterize the
model. I describe each parameter mapping below.

Stubbornness/susceptibility Baseline stubbornness «; is derived from personality openness via
simple inversion:

a; = 1 — Openness;, (6.3)
so that more open agents are less stubborn (more susceptible to social influence). This baseline
is broadcast across topics and then modulated by topic-specific salience to produce effective stub-

bornness afﬁﬁ (Eq. 6.11), capturing the intuition that agents are harder to move on issues they
consider important.
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Signed ties Signed ties 0;; € [—1, 1] combine multi-dimensional identity similarity and salience-
filtered opinion similarity (Eq. 6.15). Identity similarity Sld is computed as a weighted average of
four Gower-style blocks [71]:

* OCEAN: 1 — mean|A| over 5 personality traits

* MFT: 1 — mean|A| over 6 moral foundations

* Age: Gower linear similarity, range-normalized as 1 — [age; — age;|/(age,. — ageyin)
* Demographics: 1 — mean|A| over one-hot encoded gender and race
Raw identity similarities are percentile-stretched (10th percentile — 0, 90th percentile — 1) to
enhance contrast between dyads, as the original Gower similarities are often tightly clustered [25].
Opinion similarity Sfjpin is directional: it is computed over the subset of topics that the receiver
¢ considers salient (s; ; > 0.5), and disagreement is amplified when identity similarity exceeds a
threshold (S;;i > 0.5), reflecting the “black sheep” effect whereby in-group deviants are judged
more harshly [122]. The final signed tie is the average of identity and opinion similarity compo-
nents (Eq. 6.15).

Affective drift Baseline emotion intensities e; x(-) for each topic are mapped to valence-arousal
coordinates (vgk,agk) via weighted projection onto the Russell circumplex [154, 166]. Each
Plutchik emotion e is assigned a fixed angle 6. on the circumplex (e.g., joy at 60°, anger at 150°;
see Fig. 6.2) and a psychometric weight w, derived from empirical affect structure. Valence and
arousal are computed as:

v;. 0 = Z eir(e) - cos(be), (6.4)
ecf

al, = eixle) - sin(b,), (6.5)
eel

aj, = 0.5 x (1 +apy), (6.6)

where the final arousal is mapped to [0, 1] by shifting and scaling the vertical circumplex axis.
This projection reduces the 8-dimensional emotion vector to interpretable valence (pleasantness)
and arousal (activation) dimensions, which parameterize the affective drift term in Eq. 6.7.

6.3.4 Platform-Mediated Exposure and Alternative Definitions of /V[Z-j

At the abstract level, JANUS is written as a networked opinion update model over a weighted
graph, with social influence entering through the exposure term /I/IZ-J- in Eq. 6.7. In that baseline
view, the graph specifies exposure (influence) opportunities.

In a platform-mediated setting, by contrast, exposure is constrained based on platform affor-
dances: whether one agent actually influences another depends not only on connectivity, but also
on visibility, ranking, interaction, and perceived stance formation. In this case, the social weights
in Egs. 6.13-6.14 represent interaction likelihoods that define exposure opportunities on the plat-
form. For example, to represent the exposure opportunities on social networks that are centered
around short-form video, the influence matrix W could be constructed using the canonical matrix
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factorization method for content recommendation systems based on user preference overlap. When
embedded in a twitter-based synthetic social media environment such as SynSM, W may repre-
sent a combination of social network and content recommendation systems. In this case, persona
attributes determine which messages impact platform engagement.

6.4 Model

JANUS is a networked agent-based opinion dynamics model in which agents hold bounded, topic-
specific opinions on a weighted social graph. Opinions evolve through three mechanisms: (i) an-
chored prior retention via limited susceptibility, (ii) signed social influence (attraction/repulsion)
proportional to disagreement, and (iii) arousal-gated affective drift driven by baseline valence-
arousal. Signed ties are derived from identity similarity and salience-filtered opinion alignment,
supporting within-group convergence, between-group polarization, and topic-dependent persis-
tence.

6.4.1 Model Overview

Let NV be the number of agents and /K the number of topics. Agent: € 1,..., N holds an opinion
x} ;. € [—1, 1] on topic k at timestep ¢, giving the state X* € [—1,1]"V**. Updates are synchronous:
X1 is computed from X! and then applied simultaneously.

At each step, Eq. 6.7 mixes a fixed prior anchor x?vk with a dynamic signal. The anchor is
weighted by effective stubbornness i, k, while the remaining mass (1 — a°%i, k) scales (i)
signed, disagreement-based neighbor influence and (ii) arousal-gated affective drift proportional
to baseline valence. This structure yields stable anchors with heterogeneous responsiveness, en-
abling clustering and polarization without forcing consensus.

6.4.2 Opinion Update Equation

The primary opinion update rule in JANUS is given in Eq. 6.7. The update combines (I) Friedkin-
Johnsen (FJ) anchor retention and susceptibility, (II) a signed, distance-based social influence term
with backfire amplification, and (III) an arousal-gated affective drift term. The resulting opinion is
bounded to the admissible interval [—1, 1].

T = (agg el + (1 —agy) [ g(als) D (Wij 71j A ij»’“)

- >3

(I) FJ anchor + susceptibility J

(II) Signed s;;ial influence (67)
0 0
+ Gk (ai,k) bugy ] ) ;
~———

(IIT) Affective Emotional Drift

g(a) = tanh(\ (a — 7)), A > 0. (6.8)

where ile denotes the raw next opinion prior to applying a per-timestep rate limit.
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Table 6.3: Key symbols in the main opinion update (Eq. 6.7).

Symbol Range/Type Description

i, [—1,1] Opinion of agent 7 on topic & at time ¢.

) [—1,1] Prior (initial) opinion anchor for agent 7 on topic k.

aff}; 0, 1] Effective stubbornness (anchor vs. influence
weighting).

/Wij 0,1] Normalized social weight from neighbor j to re-
ceiver 1.

i [—1,1] Signed tie (attraction > 0 / repulsion < 0) between
7 and j.

Az [—2,2] Opinion difference () — ;).

ij7 k >1 Backfire multiplier under repulsive, opposite-
signed disagreement.

Vg U g [—1,1],[0,1] Baseline valence and arousal for affective drift.

Gir(+) {0,1} Arousal gate enabling affective drift.

b >0 Valence sensitivity (drift magnitude).

g(a) (—1,1) A hyperbolic tangent (tanh) function nonlinearly

scales social influence as a function of arousal, am-
plifying moderate signals while saturating extreme
responses. (Eq. 6.8).

Per-timestep rate limiting (implementation detail) To prevent unrealistically large one-step
jumps, I cap the applied change in each opinion component to 0., With d,. = 0.2. Let féle be
the raw update from Eq. 6.7. The applied next opinion is

t+1 ¢ : ~t+1 t
xivk - x7/7k _'_ Cllp[75max¢§max] (ml,k - x’l,k) ) (6'9)

with the [—1, 1] bound enforced by Eq. 6.7.

Temporal scaling in JANUS In JANUS, each timestep corresponds to an interaction event be-
tween agents, so the effective time constant governs how much opinions change per interaction
rather than per unit of physical time. This time constant is not a single parameter but emerges
from the interaction of effective stubbornness af’f};, arousal-gated activation g(a?vk), and the per-
timestep rate limit d,,,, (Eq. 6.9). The parameter d,,,,, acts as the primary global control on update
speed by bounding the maximum opinion shift per interaction, ensuring incremental change. With
Omax = 0.2, the model produces trajectories in which most agents update gradually across repeated
interactions, stance reversals are rare, and population-level stabilization occurs over many interac-
tion steps. At the same time, update rates remain heterogeneous: agents with low afﬁg and high
arousal adapt more quickly, while high-salience, high-stubbornness agents change slowly. As a
result, JANUS encodes a state-dependent and interaction-driven time constant that reflects realistic
variation in responsiveness without requiring a single globally calibrated rate parameter.
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6.4.3 (I) FJ Anchor + Susceptibility

The first component of Eq. 6.7 implements a Friedkin-Johnsen (FJ) style decomposition in which
each agent partially retains an internal prior belief while remaining susceptible to external influ-
ence. For each agent-topic pair (i, k), the update is structured as a convex combination of (i) a
fixed prior anchor x?’ . and (i) a dynamic influence term (the bracketed quantity in Eq. 6.7):

vt = (afh el + (1-af})), (6.10)

The scalar aff,ﬁ € [0, 1] is the agent’s effective stubbornness on topic k: larger values increase
retention of the prior anchor. This decomposition ensures that even under repeated exposure to
social influence, agents do not necessarily converge to a single consensus point; instead, each
retains a persistent “home position” determined by x?} «» With the strength of that retention varying
across agents and topics.

Baseline stubbornness from personality openness In JANUS, baseline stubbornness is initial-
ized from personality openness such that more open agents are less stubborn. Concretely, for each
agent ¢ I compute a topic-invariant baseline

a; = 1 — Openness, (6.3)

and broadcast it across topics to obtain o, = «;. This mapping produces heterogeneous respon-
siveness at the population level while requiring only a single interpretable personality attribute.

Topic-specific adjustment via salience coupling Baseline stubbornness is adjusted on a per-
topic basis using the agent’s topic salience s;; € [0, 1], where higher salience implies stronger
resistance to change. I define effective stubbornness as an affine shift of the baseline value:

ot = a4y (255 —1), e o0,1], 6.11)

where a§°) denotes the agent’s baseline (topic-invariant) stubbornness and « controls the strength

of the salience, stubbornness coupling (set to v = 0.5 in our experiments). This mapping is neutral
at s; = 0.5, since (2s;, — 1) = 0 and therefore a;?f,fc = a§0>. For topics that an agent considers
more salient (s; , > 0.5), affz increases, yielding greater anchor retention (reduced opinion shift).
For low-salience topics (s;; < 0.5), afﬁfc decreases, increasing malleability. The [0, 1] constraint
ensures that az‘?ﬁ, remains a valid mixing weight in Eq. 6.10, so that the dynamic component is

scaled by (1 — o) and vanishes as aff, — 1.

On convergence and the role of FJ in JANUS While Eq. 6.10 follows the classical Friedkin—
Johnsen structure, its implications differ in the JANUS setting. A natural concern with Fried-
kin—Johnsen (FJ) dynamics is that, under standard assumptions (fixed, nonnegative influence weights),
the system is contractive and converges to a unique fixed point. However, JANUS does not oper-
ate within this regime. First, the effective influence structure is signed and state-dependent, in-
corporating attraction, repulsion, and backfire amplification, which violate the nonnegativity and
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linearity assumptions required for contraction. Second, exposure weights are not fixed but de-
pend on platform-mediated interaction and salience filtering, introducing time variation into the
influence process. Third, affective drift adds an additional non-linear bias term. These extensions
break the classical convergence guarantees and allow for persistent heterogeneity and polarization.
Importantly, even in the baseline FJ formulation, convergence does not imply consensus: heteroge-
neous anchor opinions produce structured, agent-specific equilibria. In JANUS, the FJ component
is therefore best understood as a stabilizing anchor within a broader dynamical system, ensuring
bounded and interpretable opinion trajectories while allowing richer, non-convergent social dy-
namics to emerge.

6.4.4 (II) Signed Social Influence

The signed social influence term in Eq. 6.7 models how agent ¢ is pulled toward or pushed away
from neighbors’ opinions in proportion to disagreement [43, 57]. This mechanism differs funda-
mentally from averaging-based models (e.g., DeGroot [50]): in averaging models, agents move
toward the weighted mean of neighbors’ opinions regardless of distance; in distance-based models
like JANUS, influence is proportional to disagreement magnitude Ax;;, = x;r — Z; %, making
attraction and repulsion act as true restoring/repelling forces [61, 84, 212]. This formulation en-
ables signed networks to produce polarization and echo chambers, which averaging models cannot
capture [123, 147].
The social influence signal for agent ¢ on topic k at time ¢ is computed as:

ijk Pijko

() =D My Aalyy, B Ay, = by, — aly, (6.12)
J

where M;; is a signed, normalized influence weight combining network structure and psychologi-
cal compatibility (eq:soc;n fluence)[123, 204],Ax}; . is the opinion difference ensuring influence
is proportional to disagreement [61, 123], and Bfm > 1 is a backfire amplification factor applied
under antagonistic exposure [145]. I now describe each component in detail.

Network-Based Social Weights (/VIZ-j)

Social weights capture the frequency and strength of interaction between agents based on net-
work structure. I define an unnormalized weight IW;; from sender j to receiver ¢ using group
co-membership with a leader boost:

Wi = [Gin Gy (1+ X Ly), A= 3.0, (6.13)

where G; is the set of groups to which agent 7 belongs, |G; N G| is the reciprocity/overlap count
(number of shared group memberships), L; € {0, 1} indicates whether agent j is a group leader,
and A = 3.0 is the leader influence boost factor [46, 128]. This construction reflects the intuition
that agents with more shared affiliations interact more frequently, and that leaders exert dispropor-
tionate influence within their communities.
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The normalized social weight is row-stochastic:

Wij = - (6.14)

ensuring that » ; Wi; = 1foreachreceiver i (when ¢ has at least one neighbor). This normalization
guarantees that the total influence received by each agent from the network structure sums to unity,
independent of the agent’s degree or number of group memberships.

Psychological Signed Ties (o;;)

The signed tie 0;; € [—1, 1] encodes whether neighbor j exerts an attractive (positive) or repulsive
(negative) influence on receiver 7, based on multi-dimensional similarity across identity attributes
and topic opinions [123, 204]. This sign convention is consistent with agent-based influence for-
malisms that represent perceived stance using signed support/opposition indicators [52, 85]. In
JANUS, o;; is constructed by combining identity similarity (transformed to [—1,1]) and direc-
tional opinion similarity:

oy = clip (S8 + 57", ~1,1). (6.15)

where Sjd = 259 — 1 maps identity similarity from [0, 1] to [~1, 1], and SePm e [—1,1] is di-
rectional opinion similarity. The sum is clipped to ensure o;; € [—1, 1]. This formulation allows
identity to set a baseline tie strength, which is then modulated by opinion agreement or disagree-
ment [43, 57].

Identity Similarity (S;;-i) Identity similarity is computed using a block-wise, Gower-style formu-
lation over multiple attribute groups (OCEAN personality traits, Moral Foundations Theory scores,
age, and demographic one-hot features) [71]. This design reflects the well-established role of ho-
mophily, the tendency for similarity across multiple dimensions to structure social exposure and
tie formation [128]. For each block b with feature vector z(*), I compute a within-block similarity
SZ-(]I?) € [0, 1] as follows:

* OCEAN (5 traits): SO°PAN =1 — 1$°% |OCEAN,; — OCEAN,,|

* MFT (6 foundations): SY™" =1—1%%  |MFT;; — MFT; |

* Age: S =1— % (Gower linear similarity, range-normalized)

* Demographics: S{™™ =1 — ;37 [demo; 4 — demo; 4| (one-hot encoded gender and

race)

The block similarities are combined as a weighted average:

b
g _ Ly S
1) Zb wb )
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where w;, > 0 is the block weight controlling the relative contribution of each identity dimension.
In our implementation, all block weights are set to unity (WocgaN = WMFT = Wage = Wdemo =
1.0), giving equal importance to personality, morality, age, and demographics. This block structure
aligns with how identity signals are operationalized in computational sociolinguistics and social-
media modeling [142], and is consistent with modern generative-agent architectures that encode
personas as multi-field identity profiles [149, 191].

Percentile Stretching of Identity Similarity Raw identity similarities are often tightly clustered
(especially for OCEAN/MFT and other normalized attributes), which reduces contrast between
dyads and can lead to overly homogeneous signed ties. I therefore apply a robust, percentile-based
linear stretch to enhance differentiation [25]:

. Sy . ;
Sid = ¢ = percentile,,(S'), wu = percentilegy(S'?), (6.17)

stretched,ij u—F )

where ¢ and v are the 10th and 90th percentiles computed from the off-diagonal entries of S
Values below ¢ are clipped to 0, and values above u are clipped to 1. I use percentiles rather than
min / max to avoid sensitivity to rare extreme pairs, which can otherwise distort the scaling of the
typical dyad range. After stretching, the identity similarity is transformed to the signed range via

gzljd = 2‘ngretched,ij —1 (618)

Directional, Salience-Filtered Opinion Similarity (Sff’in) Opinion similarity is computed as
one minus the average absolute opinion distance over the subset of topics that the receiver i con-
siders salient:

S;P‘“(t) =1- |[§| Z Bij }xfk — xzk , (6.19)
" kek;

where K; = {k : s, > 7,} is the set of topics that agent ¢ finds salient (with salience threshold

7, = 0.5), and 3;; > 1 is a scaling factor that amplifies disagreement for identity-similar pairs

(6.19). This construction is directional because the salience mask depends on the receiver 7; con-

sequently, S%Pin # S5t ™ whenever agents attend to different topic subsets. This asymmetry reflects

the intuition that “I judge you based on issues I find important, not issues you find important.”

Black Sheep Effect: Amplified In-Group Disagreement To capture heightened sensitivity to
disagreement among highly identity-similar pairs—the “black sheep” effect whereby in-group de-
viants are judged more harshly than out-group members with the same views [122]—JANUS scales
per-topic disagreement by [3;;:

2.0 id > T
Bi=1910 gd T ma=05, (6.20)
1'07 Sstretchede S Tid s

so that disagreement contributes twice as strongly to reduced opinion similarity when identity
similarity exceeds the threshold. This amplification produces stronger repulsion within identity
groups when opinions diverge, consistent with empirical findings that perceived in-group betrayal
elicits more negative reactions than out-group opposition [122].
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Opinion Difference Mechanics (Ax! k)

For each ordered pair (7, j) and topic k, the signed opinion difference is:

Azy;) = fp — Tp . (6.21)
This difference term ensures that influence is directional: when j is more positive than ¢ on topic
k, Aa:fm > 0 and the contribution pushes ¢ upward; when j is more negative, Aa:ﬁm < 0 and
the contribution pushes ¢ downward. When combined with signed ties o;;, negative ties invert
the direction of the update (repulsion), preventing pure averaging under antagonistic relations and
enabling contrastive influence dynamics [84, 204]. This distance-based formulation is critical
for modeling polarization: agents do not simply move toward a weighted average of neighbors’
positions, but rather experience forces proportional to how far they are from each neighbor, with
the sign of the force determined by the signed tie.

Backfire Amplification Under Repulsive, Opposite-Signed Disagreement

To model stronger counter-updating under antagonistic exposure, JANUS applies a multiplicative
backfire factor Bj;, > 1 to the neighbor contribution when (i) the signed tie between i and j
is negative (0;; < 0 [8, 143], indicating repulsion) and (ii) the two agents hold opposite-signed
opinions on topic k (cross-zero disagreement) [46, 145]. Define the indicator functions:

Ny =1[oy; <0,  Di, =1}, 2l <0], (6.22)

v

where N;; flags a repulsive tie and Dfm

multiplier is then:

flags cross-zero disagreement on topic k. The backfire

Bjjr =1+ ot Nij Dij ., At = 1.25, (6.23)

with A,y = 1.25 controlling the strength of backfire amplification. When either condition is not
met (i.e., o5 > 0 or xf,2%, > 0), the multiplier reduces to B};, = 1 and no amplification is
applied. This mechanism captures the empirical finding that exposure to opposing views from
disliked sources can strengthen prior beliefs rather than moderate them [8].

Integration: Computing the Signed Influence Matrix

The final signed influence weight M/;; combines network structure W\ij and psychological compat-
ibility o;;, then normalizes by absolute row sums to ensure balanced positive/negative influence
[57, 123, 204]:

M =Wy - oy, (6.24)
M, M~ (6.25)
Do g |ME] '

where the absolute row sum normalization ensures that an agent with equal positive and negative
ties receives zero net influence when neighbors are equidistant. This second normalization (beyond
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the row-stochastic W) is necessary because signed ties can produce both positive and negative
entries in M™"; without absolute normalization, the magnitude of influence would depend on the
balance of positive vs. negative ties rather than the strength of disagreement.

Substituting into Eq. 6.12, the signed social influence for agent ¢ on topic k is:

Aiokc(t) = Z M;; (xzk - xfk) ij,ka (6.26)
J

which aggregates distance-based attraction/repulsion forces from all neighbors, weighted by net-
work structure and psychological compatibility, and amplified under antagonistic exposure [57,
204]. This formulation enables JANUS to reproduce empirically observed patterns of polarization,
echo chambers, and backfire effects within a unified mechanistic framework.

Worked Example: Signed Tie Computation

To illustrate the signed tie mechanism, consider two agents ¢ and 7 with the following attributes:
* Identity similarity: After block averaging and percentile stretching, Si\ . eq.;; = 0.7 (high
similarity, indicating shared demographics or personality)
* Transformed identity: Using Eq. 6.18, 52-1;1 =2 x 0.7 — 1 = 0.4 (positive baseline tie)
* Salient topics: Agent ¢ cares about topics {1, 2} (both with s, ;, > 0.5)
* Opinions: z;,; = 0.8, 2,2 = —0.6; x;;, = 0.7, ;2 = 0.5
Since Sid = 0.7 > 0.5, the black sheep effect applies: 3;; = 2.0. The opinion similarity

stretched,ij
calculation proceeds as:

’xz’,l — .CCJ"1| = |08 — 07| = 01, scaled by Bij =20— 02,

|zio —xj2| =] —0.6 —0.5| =1.1, scaled by ;; = 2.0 — 2.2 (capped at 2.0),
0.2+ 2.0
Mean disagreement = + = 1.1,
Sy =1—11=-0.1 (negative, indicating opinion dissimilarity).

The final signed tie is:

o;j = clip(0.4 + (—0.1),—1,1) = 0.3,
indicating a weakly positive (attractive) tie. Despite high identity similarity, the strong disagree-
ment on topic 2 (amplified by the black sheep effect) reduces the tie strength from a potential
maximum of ~ 0.4 to 0.3. If the agents had agreed on both topics, Sfjpin would be near +1, yield-
ing 0;; &~ 1.0 (strong attraction). Conversely, if they disagreed strongly on both topics, S;inn could
be near —1, yielding 0;; =~ —0.6 (repulsion despite shared identity).

The signed social influence mechanism in JANUS integrates network structure, multi-dimensional

identity similarity, directional opinion agreement, and backfire amplification to produce psycho-
logically grounded attraction and repulsion dynamics [84, 147]. By combining distance-based
influence with signed ties, the model captures key phenomena in opinion dynamics: polarization,
echo chambers, in-group/out-group effects, and antagonistic backfire within a unified framework
that is both mechanistically interpretable and empirically grounded [145].
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Table 6.4: Plutchik emotion angles and psychometric weights used in circumplex projection.

Emotion Angle . Weight w, Quadrant

Joy 60° 0.952 Positive/Active
Trust 300° 1.613 Positive/Passive
Anticipation 30° 1.218 Positive/Active
Surprise 90° 0.727 Neutral/Active
Fear 120° 0.605 Negative/Active
Anger 150° 0.618 Negative/Active
Disgust 210° 1.000 Negative/Passive
Sadness 240° 1.267 Negative/Passive

6.4.5 (III) Affective Emotional Drift

JANUS includes an affective emotional drift mechanism that biases opinions according to an
agent’s baseline affect toward a topic. This term captures two key phenomena: (i) agents may
have persistent affective predispositions on a topic (e.g., generally positive or negative feelings),
and (ii) affect-driven pressure to shift opinions is expressed primarily when the topic is emotion-
ally activated (high arousal). Affective drift enters the dynamic component of Eq. 6.7 and is scaled
by the susceptible mass (1 — aff,ﬁ), so highly stubborn agent-topic pairs exhibit correspondingly
weaker affect-driven motion, while susceptible agents are more responsive to their baseline affect.

Emotion Representation: Plutchik’s Eight Basic Emotions

Each agent-topic pair (7, k) is initialized with eight Plutchik emotion intensities e; x(-) € [0, 1]
representing joy, trust, fear, surprise, sadness, disgust, anger, and anticipation. These intensities are
sampled during AURORA population generation (Stage 1, Sec. 6.3) and remain fixed throughout
the simulation. To integrate these discrete emotion intensities into the opinion dynamics model,

I map them to a continuous two-dimensional affect space using the Russell circumplex model
[154, 166].

Each emotion is assigned a fixed angle 6. on the circumplex, representing its position in
valence-arousal space (Fig. 6.2). Table 6.4 lists the angles and psychometric weights used in
JANUS. The angles follow a Plutchik-style arrangement with 0° at positive valence (right) and
angles increasing counterclockwise. Psychometric weights w,. approximate the relative loading of
discrete emotions onto the underlying valence—arousal latent space. Conceptually, these weights
act as scaling coefficients in a weighted vector projection, ensuring that emotions with stronger
psychometric associations to core affect dimensions contribute more heavily to the resulting con-
tinuous representation. The weighting scheme is informed by established circumplex models of
affect [154, 166] and preserves the relative salience of positive (e.g., joy, trust) and negative (e.g.,
anger, sadness) affective components.
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Figure 6.2: Valence-arousal circumplex with Plutchik-style emotion placement (0° at positive va-
lence, angles increasing counterclockwise). Vector lengths represent normalized psychometric
weights (trust is longest at 1.0, fear is shortest at 0.375 relative to trust), reflecting empirical affect
structure. Emotion intensities are projected onto the valence axis via cos(f.) and onto the arousal
axis via sin(6,).

Circumplex Projection: Emotion — Valence-Arousal

The Russell circumplex provides a parsimonious two-dimensional representation of affect that is
empirically validated and computationally tractable [154, 166], reducing eight emotion intensities
to two interpretable coordinates: valence (pleasantness, horizontal axis) and arousal (activation,
vertical axis). I compute baseline valence vg x € [—1,1] and arousal agk € [0, 1] for each agent-
topic pair via intensity-weighted geometric projection:

vip = Y einle) - cos(0e) (6.4)
eck

af, =Y eixle) - sin(f,) (6.5)
ec&

al, =05 x (1+a) (6.6)

where £ is the set of eight Plutchik emotions, e; ;(e) is the intensity of emotion e for agent i on
topic k, and 6. is the circumplex angle for emotion e (Table 6.4). The final valence is clipped to
[—1, 1] and arousal to [0, 1] to ensure valid coordinates.

Intuition Emotions in the positive-valence quadrants (joy at 60°, trust at 300°, anticipation at
30°) contribute positively to vg . via cos(f.) > 0, while negative-valence emotions (fear, anger,
disgust, sadness, all at angles > 90° and < 270°) contribute negatively via cos(d.) < 0. Similarly,
high-arousal emotions in the upper half of the circumplex (surprise at 90°, fear at 120°, anger at
150°) increase ay, via sin(f.) > 0, while low-arousal emotions in the lower half (trust at 300°,
sadness at 240°, disgust at 210°) contribute less to arousal via sin(f,.) < 0 or near-zero values.
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Worked Example Consider an agent with high joy (e; »(joy) = 0.8) and moderate trust (e; j (trust) =
0.5), with all other emotions near zero. The valence and arousal coordinates are:

vy A 0.8 x cos(60°) + 0.5 x cos(300°)
=0.8x0.540.5x0.5=0.65 (positive valence),
ay, ~ 0.8 x sin(60°) + 0.5 x sin(300°)
= 0.8 x 0.866 + 0.5 x (—0.866) ~ 0.26,
agk = 0.5 x (14 0.26) = 0.63 (moderate-to-high arousal).

This agent has a positive affective predisposition (vg » = 0.65) and sufficient arousal (a?} p = 0.63 >
0.5) to activate affective drift (affectyrift.z).

Drift Mechanism: Arousal Gate and Valence Bias

Affective drift is enabled only when baseline arousal exceeds a fixed activation threshold 7,, ensur-
ing that drift is selective and occurs primarily for emotionally activating topics. The arousal gate
is defined as:

Gig(aly) =1[ag, > 7] , 7o = 0.5, (6.27)

where I[-] is the indicator function. When the gate is active (G, = 1), the drift contribution is a
constant topic-specific bias proportional to baseline valence:

DI = Giglady) - Bu- vl Bu=0.1, (6.28)

where 3, > 0 is the valence sensitivity parameter controlling the magnitude of affect-driven opin-
ion shift. This construction makes affective drift sign-consistent (direction determined by vg i
positive valence biases opinions upward, negative valence biases downward) and selective (present
only for sufficiently arousing topics with ag p > 0.9).

Rationale for Arousal Gating The arousal gate ensures that affective drift is not universally ap-
plied to all topics. Low-arousal topics, those that an agent finds emotionally unengaging, do not
trigger affect-driven pressure, even if the agent has a strong positive or negative valence toward
them. This reflects the psychological intuition that emotional activation is necessary for the affect
to influence behavior and judgment [166]. In JANUS, only topics that cross the arousal thresh-
old exert affective drift, producing topic-dependent heterogeneity in the strength of affect-driven
dynamics.

Integration with Main Update Equation Under fixed affect parameters, Df‘fg is time-invariant
and enters the dynamic component of the main opinion update (Eq. 6.7) alongside signed social
influence:

wiit = affal, + (1—aff) [ASe() + D) (6.29)

where Ajf),f(t) is the signed social influence term (Eq. 6.12). Because drift is scaled by the sus-

ceptible mass (1 — aff};), highly stubborn agents (afﬁi — 1) experience weak drift regardless of
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their baseline affect, while susceptible agents (cyf’f}rC — 0) are maximally responsive to both social
influence and affective bias [150]. Conceptually, this overlays a simple “circumplex-conditioned
bias” onto the Friedkin-Johnsen anchor-and-influence framework: arousal gates whether affect
is engaged at all (vertical axis of the circumplex), while valence determines the direction of the
additive drift (horizontal axis) [154, 166].

The affective drift mechanism in JANUS provides a topic-specific, psychologically grounded
pathway for baseline emotions to bias opinion change. By mapping discrete Plutchik intensities
to continuous valence-arousal coordinates and gating drift by arousal, the model captures the intu-
ition that emotionally activating topics exert persistent affective pressure, while low-arousal topics
remain subject primarily to social influence and anchor retention. This design enables JANUS to
reproduce empirically observed patterns wherein moralized or high-affect issues exhibit stronger
polarization and resistance to consensus [26, 173].

6.5 Experimental Design

Experimental design follows a two-step process. First, a synthetic population is generated using
AURORA. Then, the opinion dynamics are simulated according to our model (Eq. 6.7). Experi-
mental conditions are designed to isolate how (i) signed ties and affective drift affect polarization,
and (ii) multi-topic dynamics scale with population size N.

6.5.1 Synthetic Population Generation

Agent populations were generated with the AURORA component, which samples each agent’s
demographic and psychometric attributes from empirical U.S. distributions and assigns them to
advocacy/community organizations. Demographics (age, gender, race/ethnicity, education, politi-
cal affiliation), psychological profiles (Big Five/OCEAN and Moral Foundations), baseline affect
(Plutchik-derived valence—arousal coordinates), and group memberships (1-3 groups; 10% lead-
ers) are initialized once and held fixed, while only topic-specific opinions (initialized over [—1, 1]
with randomly assigned salience) evolve over time under Eq. 6.7.

6.5.2 Experimental Conditions

I conducted a single-factor experiment varying population size while holding the topical set fixed
at K=2. All runs represent a U.S. 2022 context, and the two topics are (i) COVID-19 Response:
pandemic policy debate (mandates, closures, masking), and (ii) Roe v. Wade: abortion policy after
the 2022 Supreme Court decision. All factors other than /N were held constant, including topology
(deterministic co-membership construction), demographic sampling procedure, and model param-
eters (Table 6.5). Random seeds differed across scenarios but were fixed within each scenario for
reproducibility.
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Table 6.5: Fixed parameters across conditions.

Parameter Symbol Value
Salience-susceptibility coupling 0% 0.7
In-group disagreement scaling Bi; 2.0if Szi;l > 0.5
Leader sender-weight boost (Eq. 6.13)  4+200% (3.0x)
Backfire strength Abt 1.2
Valence sensitivity b 0.1
Arousal threshold Ta 0.5
Salience threshold Ts 0.5

Max step change Ormax 0.3

Table 6.6: Experimental conditions (U.S. 2022; two topics).

Scenario N  Topics (K)

Dual-250 250 COVID-19 Response; Roe v. Wade
Dual-500 500 COVID-19 Response; Roe v. Wade
Dual-750 750 COVID-19 Response; Roe v. Wade
Dual-1000 1000 COVID-19 Response; Roe v. Wade

Each scenario ran for 7'=250 synchronous baseline timesteps, which was sufficient for the
average stance change between timesteps (Avg. |Ax|) to stabilize below 0.01 for all runs.

6.5.3 Variables

To isolate the effect of population size on opinion dynamics, the experiment uses a controlled
single-factor design. Population size is the only manipulated variable, while all other model com-
ponents remain fixed across scenarios. Table 6.7 summarizes the independent variable, dependent
variables, and control variables used in the experiment.

This experimental design allows differences in polarization trajectories, opinion flip rates, and
opinion distribution evolution to be attributed directly to changes in scale rather than to changes in
agent composition, topic structure, or update rules. The dependent variables were selected to cap-
ture both macro-level system behavior and micro-level agent dynamics. Polarization, mean opin-
ion, and distribution shape characterize aggregate outcomes, while flip rate and trajectory variance
capture the extent to which individual agents undergo meaningful belief change. Together, these
measures provide a comprehensive view of how increasing population size alters the dynamics of
belief formation and stabilization in JANUS.
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Table 6.7: Summary of experimental variables used in the JANUS population-scale analysis.

Category Variable Description
Independent Population ~ Size N € {250,500, 750, 1000}, spanning small-community to larger
(N) population interaction environments while maintaining computa-
tional tractability.
Polarization (o) Standard deviation of opinions at each timestep; higher values
indicate greater ideological dispersion.
Opinion Flip Rate Percentage of agents whose opinions cross the neutral boundary
Dependent (faip) between initial and final states.
Mean Opinion Population-average opinion over time, used to detect directional
(x(t)) shifts in aggregate stance.
Distribution Shape  Violin plots of opinion distributions at ¢ € {0, 62,125, 187,250}
to evaluate bimodality and convergence patterns.
Cumulative Opin- Magnitude of opinion movement for each agent across the simu-
ion Change(Ax;) lation.
Polarization Trend ~ Regression slope of o, (t) over t € [50,250] to identify increas-
ing, decreasing, or stable polarization.
Network Structure ~ Co-membership network; agents connected through shared group
affiliations (1-3 groups per agent; ~10% leaders).
Controls Agent Attributes Demographics sampled from U.S. 2022 distributions; psycholog-
ical traits include Big Five, Moral Foundations, emotion affect
(valence—arousal), and baseline susceptibility.
Topic Configura- Two topics (KX = 2): COVID-19 Response and Roe v. Wade.
tion Salience sampled from [0, 1]; initial opinions from [—1, 1].

Model Parameters

Simulation Set-
tings

All parameters fixed across scenarios (Table 6.5), including -,
Abfs 5rnabx’/’ﬂ‘lip, Ndrift> and Tpoise.

T = 250 timesteps with synchronous baseline updates under
structural co-membership exposure; U.S. 2022 context; seeds
fixed within scenarios for reproducibility.
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6.5.4 Platform-based Interaction in JANUS+Synthetic Social Media (SynSM)
Simulation Loop

—~

In Eq. 6.7, exposure enters through the normalized weight term W;;, which specifies the relative

influence of agent j on agent <. More generally, ﬁ/\ij defines which other agents are likely to enter
an individual’s information environment and therefore contribute to opinion change.

A central modeling choice in JANUS is how /V[Zj is defined. The model supports multiple expo-
sure formulations depending on the interaction setting, though only one is used in any given experi-
ment. In the baseline JANUS formulation, /V[Zj is derived from group co-membership, so exposure
reflects stable social connectedness. In the JANUS+SynSM formulation used here, by contrast,
exposure is platform-mediated: SynSM (Synthetic Social Media) is a time-stepped, agent-based
simulation environment that models message visibility, content generation, user interaction, and
information diffusion on social media platforms [12]. Rather than assuming that all structurally
connected neighbors are behaviorally active at each step, SynSM determines which messages be-
come visible to which agents during the platform simulation loop. JANUS then consumes SynSM
visibility and interaction outcomes as exposure evidence when computing opinion change. In this
sense, Wij represents whether agent j’s content is surfaced to, noticed by, and interacted with by
agent ¢ at a given timestep. SynSM therefore functions as the platform layer of the framework,
translating agents’ internal states into observable social media behavior and feeding the resulting
exposure patterns back into JANUS.

Concretely, I evaluate JANUS+SynSM in a set of experiments conducted in the SynSM envi-
ronment. Table 6.8 summarizes the four topic—population cases used in the Canadian—American
JANUS+SynSM experiment.

6.6 Results

Our analysis addresses three research questions: (i) how network scale (V) shapes interaction
opportunities and mesoscale structure, (ii) whether topic-level polarization or consensus emerges
from the model dynamics, and (iii) whether stance reversals occur broadly across the population
or concentrate among susceptible agents. The results show systematic scale-dependent dynamics:
smaller networks amplify polarization through echo chamber reinforcement, while larger networks
equilibrate more rapidly due to stronger averaging effects. However, polarization persists across
all scales because community structure prevents convergence to neutral consensus.

6.6.1 Network Scaling and Local Interaction Structure

JANUS models opinion updating through local neighborhood aggregation rather than global all-
to-all interaction (Eq. 6.12). Agents influence only those to whom they are connected in a struc-
tured social network derived from shared group memberships (Eq. 6.13). This co-membership
mechanism produces sparse but highly clustered networks that approximate real-world patterns of
localized social influence.

160



Table 6.8: Topic—population cases evaluated in the Canadian—American JANUS+SynSM experi-
ment.

Topic Population n Role in Experiment

Canadian  Indigenous Canadian 383 Domestic topic case used to examine

Rights opinion dynamics and event responses
within the Canadian synthetic popula-
tion.

Canadian  Indigenous American 407 Cross-national comparison on the same

Rights topic, used to compare how the Ameri-

can synthetic population responds rela-
tive to the Canadian population.

Russian Arctic Activity ~ Canadian 385 International security topic case used to
examine opinion dynamics and event
responses within the Canadian syn-
thetic population.

Russian Arctic Activity =~ American 413 Cross-national comparison on the same
geopolitical topic, used to compare
how the American synthetic population
responds relative to the Canadian pop-
ulation.

As population size increases, the number of potential interactions expands while network den-
sity remains approximately constant. Influence weights are row-normalized (Eq. 6.14) so that total
influence on each agent remains bounded regardless of network size. Table 6.9 summarizes the
resulting network statistics. Density remains stable (d ~ 0.076 £ 0.002), indicating consistently
sparse connectivity across scenarios.

Table 6.9: Network scaling by population size. All networks exhibit sparse connectivity (p ~
0.076) and high clustering (C' ~ 0.89) while interaction volume scales quadratically with N.

Scenario N Avg.deg. Density (d) Clustering Exposures/step

Dual-250 250 17.8 0.074 0.88 ~4,450
Dual-500 500 36.0 0.075 0.89 ~18,000
Dual-750 750 55.7 0.077 0.89 ~41,775
Dual-1000 1000 735 0.077 0.89 ~273,500

Although density remains constant, average degree increases nearly linearly with population
size (r = 0.9998, p < 0.001), rising from 17.8 connections per agent in Dual-250 to 73.5 in
Dual-1000. This growth produces a quadratic increase in interaction volume, from roughly 4,450
exposures per timestep to approximately 73,500. Thus, even though agents interact locally, larger
populations dramatically increase the number of influence opportunities across the system.

Clustering coefficients remain high across all scenarios (C' =~ 0.89), indicating strong transitiv-
ity within group-based communities. These clusters represent densely connected regions of shared
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affiliation, while sparse bridging ties connect otherwise separate communities. Such bridges allow
influence to propagate between clusters and can either promote convergence or trigger repulsive
backfire effects depending on the interaction sign o;; (Eq. 6.23).

Figure 6.3 illustrates the resulting community structure for the Dual-250 network. Dense clus-
ters formed through shared group membership dominate the topology, while sparse bridging ties
provide the primary pathways for cross-community exposure.

Network Clusters by: Community Name

American Conservatives Alliance

American Hospital Association (AHA)

American Industrial Hygiene Association (AIHA)
Conservative Policy Analysis Network
Environmental Justice League

Freedom to Vote Coalition

Liberty Through Justice Coalition

National Association of Manufacturers (NAM)
Ohig State University (OSU)

Progressive Action Network

Figure 6.3: Dual-250 community structure under the Fruchterman-Reingold spring layout with
group co-membership weights. Dense regions represent tightly connected communities formed
through shared group affiliations, while sparse bridges enable cross-community exposure. The
high clustering coefficient (C' = 0.88) reflects strong transitivity within communities, while the
relatively low density (d = 0.074) indicates that most potential connections remain unrealized.

6.6.2 Topic-Level Outcomes and Polarization Dynamics

Table 6.10 summarizes topic-level outcomes across all scenarios, including initial and final po-
larization, mean opinion shifts, cumulative opinion change, and stance flip statistics. Four key
patterns emerge.
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Table 6.10: Topic-level outcomes by scenario (t = 0 — t = 250). Ao = 0950 — 09 measures
polarization change. “Flips” counts agents whose stance sign changed between initial and final
states. Avg. |Az| represents mean cumulative opinion change per agent.

Scenario  Topic Ho  M250 o0 0250 Ao Avg. |Az| Flips Flip %
Dual-250 COVID —-0.154 —0.129 0.575 0.621 +0.046 0.139 5 2.08%
Dual-250 Roe —0.156 —0.127 0.632 0.683 +0.051 0.116 3 1.25%
Dual-500 COVID -0.202 —0.174 0.583 0.604 +0.021 0.104 7 1.46%
Dual-500 Roe —0.045 —0.046 0.650 0.638 —0.011 0.118 4 0.83%
Dual-750 COVID —-0.233 —0.195 0.582 0.558 —0.024 0.114 8 1.11%
Dual-750 Roe —0.135 —0.105 0.647 0.624 —0.024 0.090 8 1.11%
Dual-1000 COVID -0.025 —0.025 0.595 0.590 —0.005 0.119 13 1.35%
Dual-1000 Roe —0.097 —0.076 0.651 0.650 —0.001 0.104 6 0.62%

First, Roe v. Wade exhibits consistently higher polarization than COVID-19 across all scenarios.
Final Roe polarization ranges from 0.624 to 0.683 (M = 0.649), while COVID ranges from 0.558
to 0.621 (M = 0.593). A paired-samples ¢-test confirms the difference (£(3) = 5.89, p = 0.010,
Cohen’s d = 2.15), indicating that the persona-derived initialization successfully captures real-
world variation in issue polarization.

Second, polarization change (Ao) reverses with increasing population size. Smaller networks
amplify polarization (Dual-250, Dual-500), whereas larger networks produce moderation or stabi-
lization (Dual-750, Dual-1000). For COVID, the relationship between log(/N) and Ao is strongly
negative (r = —0.96, p = 0.040), suggesting that increasing interaction volume introduces
stronger averaging effects that counteract local reinforcement.

Third, average individual opinion change shows modest but non-monotonic variation across
scenarios. Smaller populations generally display higher volatility, but differences remain limited,
indicating that individual-level movement persists even when aggregate polarization stabilizes.

Finally, polarization remains substantial across all scenarios (0250 € [0.558,0.683]), with no
convergence toward consensus. This persistence reflects the Friedkin—Johnsen anchor mechanism
(Eq. 6.10), in which agents retain attachment to initial positions while still responding to social in-
fluence. Combined with flip resistance (kg;, = 0.45), bounded updates (dax = 0.3), and minimal
anchor drift (nq,5 = 0.004), the model preserves stable bimodal opinion distributions throughout
the simulation.

6.6.3 Comprehensive Network Scale Analysis

To examine how network scale shapes opinion dynamics beyond polarization alone, I compare
coordination patterns and community structure across all four scenarios. Tables 6.11 and 6.12
summarize the key results, allowing direct comparison of polarization change, stance stability, and
coordination structure across populations ranging from 250 to 1000 agents.

Several patterns are consistent across scales. First, polarization reverses with increasing pop-
ulation size: Dual-250 amplifies polarization, Dual-500 shows mixed topic-level behavior, and
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Table 6.11: Comprehensive metrics across all network scales. Polarization change (Ac) shows
systematic reversal from amplification (250) to stabilization (1000). Within-group trajectory cor-
relations remain positive while between-group trajectory correlations remain negative across all
scales, demonstrating persistent community structure. Here, 7y;min denotes the mean pairwise cor-
relation of opinion trajectories among agents in the same community, and 7peqyeen denotes the mean
pairwise correlation among agents in different communities.

Scenario  Topic N o9 0950 Ao Flip %  7within  Tbetween
Dual-250 COVID-19 250 0.575 0.621 +0.046 2.08 +0.028 —0.044
Roev. Wade 250 0.632 0.683 +0.051 1.25 +0.013 —0.039

Dual-500 COVID-19 500 0.583 0.604 +0.021 146 +0.014 —0.017
Hak Roev. Wade 500 0.650 0.638 —0.011 0.83 +0.022 —0.031
Dual-750 COVID-19 750 0.582 0.558 —0.024 1.11 +0.028 —0.039
Hak Roev. Wade 750 0.647 0.624 —0.024 1.11  +0.014 —0.020
Dual-1000 COVID-19 1000 0.595 0.590 —0.005 1.35 +0.025 —0.031

Roe v. Wade 1000 0.651 0.650 —0.001 0.63 +0.017 —0.036

Table 6.12: Trajectory-correlation dynamics across network scales. Mean trajectory correlation (7°)
remains near zero across all scenarios, indicating that positive and negative co-movement patterns
balance out at the population level rather than implying a lack of structure. Correlation strength
(mean |r|) remains consistently positive, showing sustained correlated opinion movement. The
separation metric (Tyimin — Tbetween) quantifies community polarization and remains positive across
all scales, while the fraction of positive correlations indicates balanced opposing movement pat-
terns.

Scenario  Topic 7 Corr. Strength Separation Frac. Pos.
Dual-250 COVID-19  +0.005 0.092 0.072 0.499
Roe v. Wade +0.001 0.080 0.053 0.499
Dual-500 COVID-19  +0.005 0.075 0.032 0.516
Roe v. Wade +0.000 0.084 0.052 0.501
Dual-750 COVID-19  +0.005 0.090 0.068 0.509
Roe v. Wade +0.004 0.078 0.034 0.509
Dual-1000 COVID-19  +0.000 0.087 0.056 0.500
Roe v. Wade +0.002 0.080 0.053 0.502
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Dual-750 and Dual-1000 exhibit stabilization or slight moderation. This pattern is consistent with
a transition from local reinforcement in smaller networks to stronger averaging in larger ones.
Second, community structure remains stable across all scenarios. Within-group correlations are
always positive and between-group correlations always negative, indicating that agents embedded
in the same community move together while opposed communities move in opposite directions.

Third, coordination strength remains relatively stable even though mean correlation stays near
zero. This reflects balanced opposing coordination: a substantial share of agent pairs move to-
gether while another substantial share move in opposite directions, producing near-zero average
correlation without implying inactivity. The fraction of positive correlations remains close to 0.5
across all scenarios, reinforcing this interpretation. Finally, flip rates remain low in every condi-
tion, indicating that stance boundaries remain stable even while opinions continue to move within
and across communities.

The following subsections focus on the two extreme cases, Dual-250 and Dual-1000, which
best illustrate the transition from reinforcement-dominated to averaging-dominated dynamics.

6.6.4 Opinion Distribution Evolution

The evolution of opinion change shows how network scale shapes stabilization patterns and the
accumulation of belief updating over time. Both small and large networks exhibit gradual declines
in update magnitude, but they differ in volatility, time to stabilization, and the total amount of
cumulative opinion movement. For more results on both 500 and 750 scenarios, see Appendix
D.1.

Opinion Dynamics: 250 Personas
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Figure 6.4: Opinion dynamics evolution for Dual-250. (a) Mean absolute opinion change declines
over time, indicating stabilization in the rate of updating rather than convergence to consensus.
(b) Cumulative opinion change rises throughout the simulation, reaching 0.072 for COVID-19 and
0.079 for Roe v. Wade.
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Dual-250: Small Network Dynamics and Sustained Evolution

Figure 6.4 shows the opinion dynamics for the Dual-250 scenario. Panel (a) indicates that mean
absolute opinion change begins at approximately 0.107 and declines gradually over more than
200 timesteps, reaching near-equilibrium values around 0.010 by approximately ¢ = 200-215.
This pattern indicates sustained opinion adjustment across the simulation horizon, with an over-
all reduction of about 94.3% in update magnitude. The trajectories also exhibit visible short-run
fluctuation, which is consistent with small-network settings where individual agent updates have a
larger effect on aggregate measures. Panel (b) shows that cumulative opinion change continues to
rise throughout the full 250 timesteps, reaching 0.072 for COVID-19 and 0.079 for Roe v. Wade.
This continued accumulation indicates that opinion movement does not end after the initial tran-
sient phase. Instead, the system remains dynamically active even after the rate of updating has
slowed substantially. In other words, the model approaches a bounded, slowly evolving regime
rather than an immediately frozen state.

Opinion Dynamics: 1000 Personas

(a) Opinion Dynamics Convergence (b) Total Opinion Evolution
1000 Scenario 1000 Scenario

Inital change: 0.0921 O atd 0.040|  COVID-19 total: 0.038
Final change: 0.0085 = Roe v. Wade . Roe v. Wade total: 0.041

Reduction: 90.8%

o
=
&

0.035

0.030

o
=
S

0.025

0.020

o
o
T

0.015

Cumulative Opinion Change

0.010

Mean Absolute Opinion Change

o
o
S}

0.005

= COVID-19 |
— = Roe v. Wade

0.000
0 50 100 150 200 250 0 50 100 150 200 250
Timestep Timestep

Figure 6.5: Opinion dynamics evolution for Dual-1000. (a) Mean absolute opinion change declines
smoothly over time, indicating gradual stabilization in the rate of updating. (b) Cumulative opinion
change continues to rise throughout the simulation, but to a slightly lower total level than in Dual-
250, reaching 0.038 for COVID-19 and 0.041 for Roe v. Wade.

Dual-1000: Large Network Dynamics and Faster Stabilization

Figure 6.5 shows a different pattern for Dual-1000. Panel (a) indicates faster stabilization, with
mean absolute opinion change beginning at approximately 0.082 and reaching near-equilibrium
values around 0.008 by approximately ¢ = 190-195, or roughly 20 timesteps earlier than in the
smaller network. The trajectories are also less jagged over time, consistent with stronger aver-
aging across larger neighborhoods, where individual agent updates contribute less to aggregate
timestep-to-timestep fluctuation. Panel (b) shows that cumulative opinion change remains sub-
stantial but reaches a lower final level than in Dual-250, ending at 0.059 for COVID-19 and 0.063
for Roe v. Wade. This corresponds to roughly 20% less accumulated opinion movement than in
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the smaller network. These lower cumulative totals suggest that broader neighborhoods exert a
stabilizing effect by dampening local influence shocks and reducing the magnitude of aggregate
opinion adjustment over time.

Comparative Analysis: Small vs Large Network Convergence Dynamics

The contrast between Dual-250 and Dual-1000 highlights a clear scale effect in opinion-update
dynamics. Smaller networks exhibit greater initial movement, more visible short-run fluctuation,
and higher cumulative opinion change. Larger networks also show gradual declines in update
magnitude, but the trajectories are smoother and the total accumulated movement is lower. In both
scenarios, panel (a) shows stabilization in the rate of updating, while panel (b) shows that opinion
change continues to accumulate throughout the simulation horizon.

6.6.5 Temporal Dynamics and Trajectory Analysis

Individual trajectories clarify how the macro-level differences emerge from agent-level behavior.
Table 6.13 summarizes mean opinion movement, flip counts, and flip rates across all scenarios.

Table 6.13: Trajectory dynamics across network scales. Mean opinion change quantifies average
individual mobility. Flip rates remain low across all scenarios, with slight decrease at intermediate
scales. High-mobility agents (top 10 by cumulative |Az|) show sustained volatility while the
majority stabilize quickly.

Scenario  Topic Avg Degree Mean |Az| Flips Flip Rate (%)
Dual-250 EOO;/jP\;\};e }Zﬁ 8jﬁ2 i ?:(2)2
Dual-500 IC{OO:‘ID\;\};C 228 8 }(1)48l 471 (l)gg
DT oliwde 1 090 8 i
Dual-1000 EOO:VIP\;VI;C Zii 8: }(I)Z 12 (1):22

Mean opinion change remains in a relatively narrow band across scenarios, indicating that
individual-level movement persists even when aggregate polarization stabilizes. Flip rates are con-
sistently low, suggesting that the model allows meaningful belief movement without widespread
boundary crossing. The main scale effect is therefore not whether opinions move, but how that
movement is organized and whether it accumulates into continued polarization.
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Dual-250: Small Network Trajectories and Early Transient Dynamics

Figure 6.6 shows that Dual-250 produces pronounced early movement. During roughly the first 50
timesteps, many agents shift rapidly as they adjust to their neighborhoods. Because average degree
is relatively low, each neighbor carries more weight, so local configurations can produce sharper
directional change. After this transient, most trajectories flatten into local quasi-equilibria, with
subsequent movement driven mostly by bounded noise rather than systematic drift.

10 Flippers & Top Changers
vid-19 response

ories - Top 10 Flippers & Top Changers
aty ed States roe v. wade overturn
US_250_2topic US_250_2topic

urn June 2022

Opinion

(a) COVID-19 Response (b) Roe v. Wade
Top Opinion Change _ Top 10 Flippers ___ Other Agents —= Neutral

Figure 6.6: Opinion trajectories for Dual-250 (N=240). Gray lines show all agents, yellow high-
lights top 10 most mobile agents, red marks stance flippers. Both topics exhibit rapid initial ad-
justment (t ; 50) followed by stabilization. High-mobility agents show sustained volatility while
majority remain near initial positions. COVID-19: 5 flips (2.08%); Roe: 3 flips (1.25%), all during
early transient phase.

A small subset of highly mobile agents continues to move more substantially than the rest of
the population. These agents appear to occupy positions where they receive more heterogeneous
or cross-cutting signals. Stance flips remain rare and occur early, indicating that major opinion
reversals are concentrated in the transient phase rather than occurring repeatedly throughout the
run, which is in line with real world analysis [141].

Dual-1000: Large Network Trajectories and Rapid Equilibration

Figure 6.7 shows smoother and more stable trajectories in Dual-1000. Because each agent averages
over many more neighbors, local influence signals are less noisy and abrupt shifts are less common.
Most agents move quickly into narrow bands and then remain there with only small fluctuations.

COVID shows a somewhat higher absolute number of flips than Roe, while Roe exhibits the
lowest flip rate across all scenarios. This difference is consistent with Roe’s stronger initial po-
larization, which generates more internally homogeneous neighborhoods and therefore stronger
local stability. Even in this highly connected setting, however, polarization persists, indicating that
averaging pressure moderates movement without collapsing diversity into consensus.
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Figure 6.7: Opinion trajectories for Dual-1000 (N=1000). Maximum network scale produces
smoothest trajectories, with average degree 73.5 creating strong averaging effects. COVID-19:
13 flips (1.35%); Roe: 6 flips (0.63%, lowest rate across all scenarios). Increased absolute flip
count for COVID combined with decreased rate for Roe demonstrates topic-specific responses to
network scale.

Comparative Analysis: Trajectory Patterns Across Network Scales

Comparing the extreme scenarios shows that increasing scale smooths trajectories, accelerates sta-
bilization, and reduces the magnitude of late-stage movement. Dual-250 displays sharper local
adjustments and more visible volatility, whereas Dual-1000 produces faster equilibration and nar-
rower movement bands. Both scenarios still show heterogeneous susceptibility, but the expression
of that heterogeneity is more muted in large networks. Thus, network scale affects how opinions
move even when overall levels of individual mobility remain comparable.

6.6.6 Polarization Trends Over Time

Polarization trajectories provide the clearest macro-level summary of the scale effect. Table 6.14
reports initial and final polarization values, absolute change, and relative change across all sce-
narios. Here, each timestep represents a single interaction or update event rather than a fixed
temporal interval. This choice makes the framework adaptable across domains, since a timestep
may be interpreted differently depending on the simulation context (e.g., a message exposure, a
conversational exchange, or another unit of social influence). In this chapter, timesteps are there-
fore interpreted as interaction events, and the polarization trajectories should be understood as the
cumulative result of repeated influence updates rather than evolution over a predefined clock time.
The reversal is clear: Dual-250 amplifies polarization, Dual-500 is mixed, Dual-750 moderates
both topics, and Dual-1000 is nearly stable. This pattern is consistent with the earlier distributional
and coordination results. Smaller networks support repeated local reinforcement, while larger
networks expose agents to broader neighborhood signals that counteract continued divergence.
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Table 6.14: Polarization evolution patterns across network scales. Initial polarization (o) varies
by topic due to persona initialization. Final polarization (0359) shows systematic scale effects: am-
plification in small networks, stabilization in large networks. Relative change (Ao /0y) quantifies

proportional shifts.

Scenario  Topic oo 0950 Ao Rel. Change (%)
Dualaso  COVID-19 0575 0.621  +0.046 +8.0
4 Roev. Wade 0.632 0.683 +0.051 +8.1
Dualsoo  COVID-19 0583 0.604  +0.021 +35
4 Roev. Wade 0650 0.638 —0.011 1.7
Dual7so  COVID-19 0582 0.558 —0.024 4.1

Roe v. Wade 0.647 0.624 —0.024 —3.7

COVID-19 0595 0.590 —0.005 0.8
Dual-1000 p oy Wade 0651 0.650 —0.001 0.2

Polarization Dynamics: Topic and Network Scale Comparison
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Figure 6.8: Polarization dynamics for the baseline JANUS experiment across both topics and
network scales. Solid lines denote the 250-persona scenarios and dashed lines denote the 1000-
persona scenarios. Roe v. Wade remains more polarized than COVID-19 at both scales, while net-
work size changes the direction of polarization evolution: the 250-persona scenarios show gradual
amplification over time, whereas the 1000-persona scenarios stabilize quickly and remain nearly
flat thereafter. This combined view highlights the scale-dependent reversal from reinforcement-
dominated dynamics in smaller networks to near-equilibrium behavior in larger networks.
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Dual-250: Sustained Polarization Amplification

Figure 6.8 shows steadily increasing polarization in Dual-250. Both topics rise quickly during the
early transient and continue to increase, though more gradually, through the rest of the simulation.
This indicates that the system has not yet settled into a stable equilibrium by ¢ = 250 and that
local reinforcement continues to accumulate over time. Roe remains more polarized than COVID
throughout, indicating that topic-specific initial structure persists even as the dynamics amplify
both topics.

Dual-1000: Rapid Stabilization and Equilibrium

Figure 6.8 shows that Dual-1000 stabilizes quickly. After a brief early adjustment, both topics
remain nearly flat, with only minor fluctuations. This pattern indicates that the system has reached
a stable equilibrium in which averaging pressure and anchor retention largely offset one another.
Importantly, stable does not mean unpolarized. Both topics retain substantial dispersion, and Roe
remains more polarized than COVID. Large networks therefore suppress continued amplification
without eliminating ideological diversity.

Comparative Analysis: Polarization Dynamics Across Network Scales

Taken together, the polarization results show that network scale changes both the direction and
tempo of collective opinion change. Small networks continue to polarize over time, while large
networks settle rapidly into stable polarized equilibria. The reversal between these regimes appears
between the intermediate scenarios and is consistent with a genuine structural transition rather than
a transient artifact.

6.6.7 Agent-Level Mobility and Stance Flips

The distribution of movement across agents shows that JANUS does not produce uniform respon-
siveness. Instead, opinion change is concentrated in a relatively small subset of agents, while
most remain comparatively stable. This matches empirical expectations from real-world opinion
dynamics.

Flip Rate Analysis and Boundary Stability

Stance flips remain rare across all scenarios, ranging from 0.62% to 2.08%. Table 6.15 summarizes
the counts and rates.

There is no strong monotonic relationship between flip rate and network size, suggesting that
the boundary resistance mechanism remains effective across scales. Absolute counts increase
somewhat with N, but growth is clearly sublinear relative to population size. No agent flips more
than once, which indicates that flips represent genuine conversion rather than instability or oscilla-
tion.
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Table 6.15: Stance flip analysis across scenarios. Flip rate is calculated as the percentage of agents
who changed opinion sign (z¢ - T250 < 0) between initial and final states.

Scenario  Topic N Flips Flip Rate
Dual-250 COVID 250 5 2.08%
Dual-250  Roe 250 3 1.25%
Dual-500 COVID 500 7 1.46%
Dual-500 Roe 500 4 0.83%
Dual-750 COVID 750 8 1.11%
Dual-750  Roe 750 8 1.11%

Dual-1000 COVID 1000 13 1.35%
Dual-1000 Roe 1000 6 0.62%

Overall Mean 6.75 1.23%
Overall SD 3.01 0.46 %

Mobility Concentration in Susceptible Agents

Beyond flips, opinion movement is concentrated among a small group of highly mobile agents. The
trajectory plots in Figures 6.6 and 6.7 show that the top movers account for a disproportionate share
of total change, while most agents remain close to their original region of the opinion space. This
concentration suggests that the model produces heterogeneous susceptibility rather than uniform
updating.

High-mobility agents tend to be those with lower effective susceptibility, higher salience, and
positions closer to the neutral boundary, making them more responsive to sustained social pressure.
Flips occur when these susceptible agents experience sufficiently strong aligned or antagonistic
exposure over time. The rarity of such events helps preserve overall stability while still allowing
meaningful individual-level change.

6.6.8 Long-Term Convergence and System Equilibration

To confirm that the stabilization observed in Dual-1000 reflects genuine convergence rather than
a temporary plateau, I extended that scenario to 1000 timesteps. Figure 6.9 reports the resulting
trajectory and polarization behavior.

Trajectory Convergence and Bounded Dynamics

The extended trajectories confirm that most agents stabilize well before ¢ = 250. After the early
transient, movement becomes small and bounded, with fluctuations driven primarily by explo-
ration noise rather than sustained directional influence. There is no evidence of delayed cascades,
renewed divergence, or repeated boundary crossing. Even the most mobile agents remain confined
to narrow regions after stabilization.
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Figure 6.9: Long-term convergence behavior for Dual-1000 extended to 1000 timesteps. Indi-
vidual trajectories (left) show complete stabilization after ¢ ~ 50, with only noise-driven micro-
fluctuations thereafter. Polarization (right) converges to stable equilibrium values with negligible
drift (< 0.001 per 150 timesteps), confirming that the system reaches convergence.

Polarization Convergence and Equilibrium Stability

The extended polarization series confirms the same conclusion at the macro level. After early
adjustment and modest moderation, polarization enters a plateau regime in which later changes are
negligible. Between ¢ = 250 and ¢ = 1000, both topics change by less than 0.001, indicating that
the system has reached a stable long-run equilibrium.

This equilibrium reflects the balance of three mechanisms: averaging pressure from large
neighborhoods, anchor retention that resists homogenization, and limited anchor drift that per-
mits gradual adaptation. Together these mechanisms produce stable polarized equilibria rather
than either runaway divergence or consensus collapse.

The extended run also has practical implications. First, it supports the theoretical stabil-
ity of the model under bounded, row-normalized updates. Second, it suggests that many high-
connectivity simulations could be terminated earlier without losing information about long-run
outcomes. Third, it confirms that the scale-dependent reversal identified in the standard simula-
tions is not a short-run artifact. Small networks amplify, large networks stabilize, and the transition
between those regimes reflects a genuine shift in the system’s dynamics.

6.6.9 JANUS+SynSM: Topic-Specific Dynamics Under platform based in-
teraction

I analyze a focused two-topic, two-population scenario to illustrate how JANUS produces topic-
dependent opinion dynamics under a fixed platform-based interaction regime. The analysis con-
siders Canadian Indigenous Rights and Russian Arctic Activity across Canadian and American
synthetic populations within a shared network and identical update parameters. In this setting,
opinion shifts are driven by discrete event-based interactions rather than by a global update signal
applied uniformly at every timestep. That is, agents respond when issue-relevant events and plat-
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Mean Opinion Evolution: Topics by Nationality (Color-Coded)
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Figure 6.10: Mean opinion trajectories for Canadian and American agents across two topics under
platform based interaction. Left: Canadian Indigenous Rights. Right: Russian Arctic Activity.
Shaded regions indicate different simulation phases.

form interactions occur, so changes in opinion reflect localized bursts of exposure and engagement
rather than continuous population-wide forcing. This design is important because it better matches
the dynamics of a Twitter-like environment, where attention and influence are typically triggered
by specific posts, events, and interactions rather than by constant uniform exposure across the
entire network.

Mean Opinion Trajectories

Figure 6.10 shows the evolution of mean opinion valence over time for both topics and national
subpopulations.

Several patterns emerge. First, topic-dependent baselines are preserved throughout the simu-
lation. For Canadian Indigenous Rights, both populations remain on the positive side of the va-
lence axis for most of the simulation, whereas for Russian Arctic Activity, both populations remain
strongly negative throughout. These baseline differences persist across the full horizon, indicating
that JANUS preserves issue-specific structure rather than collapsing toward a common consensus
across topics.

Second, the trajectories show clear event-responsive spikes rather than smooth monotonic
change. In both panels, short-lived peaks and dips appear at distinct timesteps, indicating that
the synthetic populations respond to event activation and message bursts with temporary increases
in volatility. These spikes are especially visible as abrupt excursions away from the local trend,
after which the trajectories return toward their prior range. This suggests that JANUS captures
punctuated reactions to salient events rather than continuous uniform drift.
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Third, this event-responsiveness also highlights an important limitation of the baseline JANUS
formulation when used without a platform layer. In baseline JANUS, all personas are updated at
every timestep through repeated updates over the social graph. This captures structured influence,
but it does not explicitly represent the bursty timing of issue attention generated by posts, events,
and interaction cascades. By contrast, JANUS+SynSM produces punctuated opinion dynamics
because personas update only when they have a platform-mediated interaction at a given timestep;
not all personas interact at every timestep, and therefore not all personas update uniformly through
time. As a result, the spikes in Fig. 6.10 is substantively important: they reflect the fact that
opinion change in a Twitter-like environment is often irregular and event-triggered rather than
smooth, continuous, and globally synchronized across the population.

Fourth, although events generate visible short-term perturbations, the cumulative opinion move-
ment during the intervention window remains relatively small. The trajectories show that most
large deviations are brief, while the underlying group means remain comparatively stable. In sub-
stantive terms, the events appear to trigger attention and temporary opinion perturbation, but not
large-scale reorientation. This is consistent with the anchored structure of JANUS, in which prior
beliefs and heterogeneous susceptibility constrain large population-wide swings even when shocks
occur.

Finally, opinion change continues after event spikes, but at a lower rate and with less volatility
than at the moment of activation. This pattern suggests that the strongest movement occurs when
events first enter the information environment, while subsequent shifts reflect smaller downstream
adjustments as agents continue to interact under the same platform based interaction regime. In
other words, the model produces a pulse-and-settle dynamic: event periods generate sharp but
transient disruption, followed by weaker post-event drift rather than sustained cascade-like change.

Aggregate Topic-Level Comparison of JANUS+SynSM and Baseline JANUS

Table 6.16 summarizes the aggregate topic-level dynamics across both the JANUS+SynSM Canadian—
American sub-experiment and the baseline JANUS comparison. Across all topics, mean opinions
remain close to their initial values over time, indicating stability rather than large-scale opinion
reversal.

Table 6.16: Aggregate opinion dynamics across the JANUS+SynSM Canadian—American sub-
experiment and baseline JANUS comparison. Day 1 and Day 9 values report mean valence with
standard deviation in parentheses.

Topic n  Day 1 Mean (SD) Day 9 Mean (SD)
Canadian Indigenous 790 0.208 (0.145) 0.187 (0.142)
Rights

Russian Arctic Activity 798 -0.671 (0.117) -0.649 (0.108)
COVID-19 Response 1000 -0.025 (0.595) -0.025 (0.590)
Roe v. Wade 1000 -0.097 (0.651) -0.076 (0.650)

In the JANUS+SynSM setting, Canadian Indigenous Rights maintains a positive mean va-
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lence, while Russian Arctic Activity remains strongly negative, reflecting clear topic-dependent
directional baselines. In contrast, the baseline JANUS topics exhibit means that remain closer
to neutral: COVID-19 Response stays near zero, and Roe v. Wade shows a modest negative shift
that slightly attenuates over time. However, this near-neutral positioning does not imply weak
structure. Instead, the relatively large standard deviations indicate persistent dispersion within
the population, reflecting polarized but internally balanced opinion distributions rather than con-
vergence to consensus. This shows that while both formulations preserve initial opinion orienta-
tions, they differ in how structure manifests: JANUS+SynSM produces clear directional separation
across topics, whereas baseline JANUS produces high within-topic dispersion without strong di-
rectional shifts in the mean. This distinction is consistent with the event-driven interaction structure
of JANUS+SynSM, where discrete interactions produce directional movement, whereas baseline
JANUS aggregates influence continuously across the network.

Overall, these results reinforce the interpretation of W as representing different exposure struc-
tures across the two formulations. In baseline JANUS, opinion change is propagated through
continuous updates over the underlying social graph, which preserves substantial within-topic dis-
persion even when aggregate means remain near neutral. In JANUS+SynSM, by contrast, opinion
change is shaped by discrete platform-mediated interactions, allowing clearer directional separa-
tion across topics while still preserving bounded overall movement. The comparison therefore
highlights how adding a platform layer changes not only the timing of opinion updates, but also
the aggregate form in which topic structure appears. This makes the present sub-experiment a
useful point of comparison for future studies of recommender systems, platform mediation, and
human-algorithm interaction at scale.

6.6.10 Stylized-Facts Validation of JANUS Dynamics

The JANUS model reproduces several well-established stylized facts from the opinion dynamics
literature while departing from the convergence behavior of classical models such as the Fried-
kin—Johnsen model. First, unlike standard FJ and DeGroot formulations, which tend toward con-
traction and fixed-point convergence under nonnegative influence weights, JANUS sustains persis-
tent opinion heterogeneity and clustered polarization over time [50, 61]. This aligns with empirical
and theoretical findings that real-world social systems rarely converge to consensus, particularly
under conditions of homophily and antagonistic interaction [123, 128].

Second, JANUS exhibits stable polarization under signed influence, where attraction and re-
pulsion jointly structure opinion evolution. This reproduces the well-documented role of negative
ties and disagreement-driven influence in generating echo chambers and ideological separation,
consistent with signed-network extensions of social influence models [57, 204, 212]. The presence
of backfire amplification further aligns with empirical evidence that exposure to opposing views
from disfavored sources can reinforce prior beliefs rather than moderate them [8, 143].

Third, JANUS produces topic-dependent polarization under identical structural conditions,
a key departure from topic-agnostic models. Empirically, different issues exhibit varying lev-
els of polarization due to differences in salience, identity attachment, and emotional activation.
The model captures this by maintaining consistent ordering of polarization (e.g., Roe v. Wade |,
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COVID-19) across runs, reflecting findings that issue-specific psychological and identity factors
drive divergence in public opinion [178, 183].

Fourth, opinion change in JANUS is heavy-tailed and localized, with most agents exhibiting
small incremental updates and a small subset accounting for larger shifts or rare stance reversals.
This matches empirical observations in social systems where belief change is unevenly distributed
and concentrated among more susceptible or less anchored individuals [2, 34]. Importantly, stance
flipping remains rare and non-systemic, avoiding the unrealistic population-wide cascades often
observed in highly susceptible or averaging-based models.

Finally, JANUS demonstrates bounded, stable dynamics without collapse, despite incorpo-
rating nonlinearities (signed ties, affective drift, salience gating). While classical FJ guarantees
convergence under restrictive assumptions, JANUS instead produces stable attractor regions with
persistent diversity—consistent with extensions of influence models that incorporate repulsion,
bounded confidence, or nonlinear interaction effects [80, 123]. This indicates that the model pre-
serves interpretability and stability while relaxing assumptions that are known to be unrealistic in
empirical settings.

6.7 Discussion

I tested whether JANUS can serve as a scalable, interpretable model of multi-topic opinion dynam-
ics using LLM-conditioned personas from AURORA. Across population sizes N € {250, 500, 750, 1000}
and two 2022 U.S. political topics (COVID-19 Response and Roe v. Wade), JANUS produced sta-
ble, bounded trajectories, preserved heterogeneity at equilibrium, and maintained a consistent or-
dering of topic polarization under fixed network construction and shared global parameters. These
results support the main premise of JANUS: by combining social influence models with LLMs
personas conditioned on psychological and demographic characteristics, general opinion dynam-
ics models are shown to be both topic- and demographic-sensitive.

At the micro level, all scenarios followed the same pattern: a short transient phase followed by
stabilization. Most movement occurred early, as agents responded to local influence signals, and
then quickly became bounded. The extended Dual-1000 run to ¢ = 400 showed the same result:
stabilization occurred by about ¢ ~ 50, and polarization remained nearly constant thereafter. Under
the tested conditions, JANUS reaches stable long-run outcomes within short simulation horizons.

At the macro level, the model avoided consensus collapse at every population size. End-state
polarization remained substantial for both topics even as interaction volume increased. This fol-
lows from the combination of anchors and signed social influence preventing consensus collapse.
The reversal in Ao around N = 500-750 suggests a shift from smaller neighborhoods that am-
plify local reinforcement to larger neighborhoods that average over more sources and dampen
local shocks. The result is a neighborhood-size effect: larger neighborhoods reduce idiosyncratic
updates with initial opinion distributions and preserving differences across agents.

A second important result is the persistence of topic differences under identical structural con-
ditions. Across all scenarios, Roe v. Wade remained more polarized than COVID-19 at ¢t = 250.
This shows that topic-conditioned persona attributes are sufficient to generate stable cross-topic
differences that are robust to changing network structures and global parameters. In JANUS, these
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differences come mainly from topic-conditioned salience, which determines effective susceptibil-
ity, and from topic-specific affect, which modifies social influence and affective drift.

A related design consideration is how topics and groups are constructed within AURORA and
how that choice shapes JANUS behavior. Topics are introduced during persona initialization as
part of the topic-level attributes, and are derived from scenario design and retrieval-augmented
conditioning over real-world discourse rather than fixed taxonomies. In practice, topic granularity
matters: overly broad topics compress meaningful variation in salience and affect, while overly
narrow topics fragment attention and reduce shared interaction space between agents. The results
here suggest that an intermediate level of abstraction is most effective, producing sufficient hetero-
geneity to generate stable cross-topic differences without over-fragmenting the population. This
provides one explanation for why a moderate number of topics yields stable dynamics. In con-
trast, groups are sampled explicitly as persistent affiliations and serve as the structural basis for
network formation. As such, groups determine who interacts with whom, while topics determine
what those interactions are about. This separation is critical for JANUS, as it enables independent
control over network structure and content exposure, allowing the model to capture both stable
social relationships and topic-dependent opinion dynamics.

Opinion change was also highly uneven across agents. A small subset accounted for most
movement, while most agents stayed close to their starting opinions after stabilization. Stance
reversals were rare and occurred almost entirely during the early transient phase. No delayed
cascades or late-stage reversals appear between ¢ = 250 and ¢t = 400. This is in line with empirical
evidence for low stance-flip rates in online social networks [141]. This pattern is closely tied to
the temporal interpretation of the model: a timestep in JANUS represents an abstract interaction
cycle rather than a fixed unit of clock time, within which agents are exposed to a limited subset
of available content, update their opinions conditional on those interactions, and may generate
or respond to messages in the SynSM setting. In this sense, each timestep aggregates multiple
micro-level behaviors such as selective attention, scrolling, and intermittent engagement, rather
than assuming continuous or uniform activity across the network. Because exposure is sparse and
state-dependent, agents effectively “read” only a small portion of available content at each step,
which constrains the propagation of large shocks through the network.

As a result, large opinion shifts are rare and concentrated among highly susceptible agents,
producing the observed low flip rates and heavy-tailed distribution of opinion change. At the
same time, the model abstracts away explicit temporal structures such as diurnal activity cycles or
session-based engagement. Incorporating such patterns would introduce time-varying participation
rates and reduce simultaneous exposure, which would likely slow convergence and further localize
influence cascades. From a validation perspective, the timestep abstraction can be partially aligned
with empirical online behavior by comparing modeled interaction density and exposure frequency
to observed platform statistics, such as posts read per session, posting frequency, and inter-event
timing distributions. While JANUS captures key qualitative features of online behavior—limited
attention, localized interaction, and bursty engagement—future work could more directly align the
timestep process with real-world temporal data to strengthen external validity.

These results also clarify the role of coupling JANUS with SynSM. JANUS provides the inter-
nal opinion dynamics, while SynSM provides the interaction layer through which internal states
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become observable behavior. Together, they produce a pulse-and-stabilize pattern: salient events
create short-lived increases in opinion movement, but those increases are quickly dampened by
anchor retention and heterogeneous susceptibility. In this sense, JANUS determines how belief
update once exposure occurs, while SynSM determine when, where and through whom those ex-
posures take place.

This coupling also helps clarify the structure of the JANUS equation itself. The equation is best
understood as the interaction of three main components. First, the FJ anchor and susceptibility
term preserves continuity with prior belief by pulling each agent toward its initial position with
strength determined by topic-specific effective stubbornness. Second, the signed social influence
term captures attraction and repulsion from neighbors as a function of weighted exposure, identity-
conditioned tie sign, disagreement magnitude, and backfire amplification. Third, the affective
drift term introduces a bounded directional bias based on baseline valence and arousal, allowing
emotionally activated topics to exert persistent pressure on opinion trajectories. These components
explain why JANUS avoids consensus collapse while still permitting early movement, localized
reversals, and topic-specific divergence. The anchor term bounds long-run drift, the signed social
influence term distributes event-driven shocks through the local network, and the affective term
helps preserve topic-sensitive asymmetries across the population.

More broadly, if these results are taken at face value, they suggest that events largely determine
when opinion change occurs, while network structure determines how and where that change is
distributed. Exogenous shocks drive movement, and network structure channels it through specific
parts of the population. At present, JANUS applies this logic over a single interaction structure,
but a natural extension is to distinguish more explicitly between the agents an individual interacts
with online and those that they interact with offline. In practice, these spheres are often only
partially overlapping and differ in both scale and stability: online neighborhoods tend to be larger,
weaker-tied and more volatile, while offline neighborhoods are typically smaller, more persistent,
and reinforced by repeated interpersonal contact. Modeling these separately, for example through
online neighbors j and offline neighbors k, or corresponding online and offline influence matrices,
would allow JANUS to represent more realistic oscillations in opinion trajectories.

Finally, this work has implications in the on-going debate surrounding the use of synthetic LLM
populations as surrogates for human subjects in social science research [97, 161]. JANUS demon-
strates that, by enriching ABMs with appropriately conditioned LLM personas, opinion dynamics
models become sensitive to the stochasticity of their environment. By studying how synthetic
agents react to counterfactual events, I argue that models such as JANUS stand to broaden the
scope of existing human subjects research beyond what is currently feasible. Of course, there are
several limitations of such models that must be addressed before they can be trusted for hypothesis
testing. Nevertheless, synthetic populations present a promising direction for future research in

this field.
6.8 Conclusion

This paper introduced JANUS, a scalable and interpretable framework for modeling opinion dy-
namics in heterogeneous synthetic populations instantiated through LLM-conditioned personas.
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By combining AURORA-generated demographic and psychological heterogeneity with a Friedkin—
Johnsen-style update rule, JANUS shows that large synthetic populations can exhibit topic-dependent,
bounded, and stable opinion change while retaining a common update structure across topics.
Across controlled experiments, the model preserved ideological diversity, and avoided both con-
sensus collapse and states of extreme topic-independent polarization.

These results contribute to computational social science in two main ways. First, they show
that psychologically heterogeneous LL.M-instantiated agents can be integrated into formal social
influence models without sacrificing interpretability. Second, they show that topic-conditioned
anchors, affect, and signed influence are sufficient to generate persistent cross-topic differences in
polarization and opinion movement.

More broadly, JANUS provides a framework for studying human-algorithm interaction at
scale. In the baseline experiments reported here, exposure is governed by structural overlap, allow-
ing the model to function as a controlled social influence testbed. When coupled with a platform
layer such as SynSM, the same update dynamics can be extended to settings in which visibility,
ranking, and realized interaction reshape effective exposure over time. This makes JANUS useful
both as an opinion-dynamics model and as a foundation for studying platform-mediated influence,
recommender systems, and collective behavior in synthetic online environments.

Overall, JANUS provides a transparent and reproducible way to represent how psychologically
diverse populations respond to social influence, while remaining flexible enough to support future
experiments on ranking, recommendation, and algorithmic mediation. In this sense, JANUS can
serve as a world-model layer within broader HAI platforms, supporting hypothesis generation,
controlled simulation, and eventually hybrid human—Al experimentation in environments such as
SynSM or related systems.

6.9 Contributions to the Dissertation

C1: Mechanistic—generative integration for scalable heterogeneity. This chapter introduces
and validates a hybrid modeling architecture in which LLM-conditioned (AURORA) personas gen-
erate heterogeneous demographic and psychological attributes while opinion evolution is governed
by an interpretable mechanistic update rule. This separation between generative persona modeling
and mechanistic influence dynamics preserves causal traceability while enabling scalable experi-
mentation with heterogeneous synthetic populations.

C2: Topic-conditioned influence dynamics without parameter retuning. The chapter oper-
ationalizes topic sensitivity through salience-modulated stubbornness and arousal-gated affective
drift mechanisms. These mechanisms allow stable inter-topic differences to emerge under iden-
tical network topology and global parameter settings. The consistent polarization ordering ob-
served between COVID-19 and Roe v. Wade demonstrates that topic differentiation can arise from
persona-level initialization rather than topic-specific parameterization.

C3: Identification of scale-dependent polarization regimes. Through a controlled scaling ex-
periment, this chapter provides empirical evidence that polarization dynamics depend systemati-
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cally on neighborhood size. Smaller networks amplify polarization through local clustering effects,
while larger networks introduce moderating pressure through averaging across larger neighbor-
hoods. The observed transition in Ao around N = 500-750 clarifies how network scale shapes
polarization trajectories while anchors and signed influence prevent consensus collapse.

C4: Stability characterization and convergence verification. By extending the largest sce-
nario to 400 timesteps, the chapter demonstrates that JANUS rapidly converges to stable quasi-
equilibria. After the transient phase, both trajectories and polarization values remain effectively
constant, with no evidence of delayed cascades or oscillatory instability. This result provides both
theoretical validation of the model’s stability properties and practical guidance for simulation hori-
zon selection in future experiments.

6.10 Limitations and Future Work

Despite the encouraging results, several limitations remain.

First, the topical scope of the experiments is intentionally limited. The simulations consider
only K = 2 topics, chosen for their real-world salience and well-documented polarization patterns.
While these topics provide a useful test case, broader claims about multi-topic realism require ex-
tending the framework to larger topic sets with varied salience distributions, cross-topic correla-
tions, and issue domains. Evaluating whether the model preserves stable ordering of polarization
across many topics will be an important next step.

Second, the initialization of opinions, salience, and affect relies on synthetic sampling pro-
cedures designed to produce psychologically plausible distributions. Although these procedures
incorporate demographic and psychometric heterogeneity, they are not directly calibrated against
longitudinal survey or panel data. Future work should incorporate empirically estimated priors for
initial opinion distributions (l'g ) and salience values (s; ;) across demographic strata, and evalu-
ate whether simulated flip rates, volatility patterns, and polarization stabilization times align with
empirical observations.

Third, the network topology used in this chapter is intentionally simplified in order to isolate the
effects of population scale. The co-membership network construction produces high clustering and
sparse bridging consistent with many real-world social structures, but it does not capture several
important mechanisms present in modern information environments. Real social media exposure is
mediated by algorithmic feeds, recommendation systems, media shocks, and endogenous network
rewiring. Incorporating feed-based exposure sampling, time-varying edge weights, and rewiring
processes driven by homophily or selective avoidance would allow the model to better capture
platform-mediated opinion dynamics.

Fourth, the affective drift mechanism remains deliberately parsimonious. Baseline valence
and arousal are treated as static attributes for each agent-topic pair, and affective drift is gated
by a fixed arousal threshold. This design omits event-driven arousal spikes, emotional contagion,
habituation, and feedback loops between opinion change and emotional state. Future work should
allow affective variables to evolve dynamically in response to exposure and exogenous shocks,
enabling richer modeling of crisis-driven polarization and recovery processes.
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Fifth, this chapter focuses on demonstrating stable large-scale behavior rather than fully decom-
posing the causal contributions of individual model components. As a result, the relative influence
of signed ties, black-sheep amplification, backfire effects, and affective drift is not systematically
quantified. Future work should conduct ablation experiments and parameter sweeps to identify
phase boundaries and robustness regions within the model’s parameter space.

Finally, although the model performs well at population sizes up to N = 1000, this scale re-
mains modest compared to real-world social systems. Deploying JANUS at operationally realistic
scales will require additional engineering improvements, including sparse linear algebra imple-
mentations, distributed simulation architectures, and potentially differentiable calibration methods.
Extending the framework to million-agent populations is an important step toward using JANUS
as a realistic world-model substrate for large-scale synthetic social media environments.
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Chapter 7

Evaluating Realism and Impact in Live
Scenarios

7.0.1 Introduction

Understanding how influence operations unfold within complex, heterogeneous populations re-
quires more than static models or post hoc analysis. Real-world information environments are
dynamic, adversarial, and shaped by the interaction of narrative content, population structure,
emotional salience, and strategic intervention. While earlier chapters introduced the AURORA
framework for generating psychologically grounded synthetic populations and the JANUS model
for simulating opinion dynamics, this chapter evaluates whether these components—when inte-
grated into a live training environment—can function as a scalable and differentiable world model
for studying narrative diffusion and influence.

This chapter presents a live exercise evaluation of the integrated AURORA-JANUS system
embedded within the AESOP scenario orchestration framework and the SynSM synthetic social
media platform. The evaluation will use in the Indo-Pacific Geopolitical Opinion Experiment
(IGOE), a multi-country, multi-topic training scenario designed to expose analysts to contested
narratives, coordinated messaging, and evolving belief landscapes across synthetic Twitter/X and
Telegram environments. Unlike controlled laboratory simulations, this exercise places human par-
ticipants directly into the loop, interacting with synthetic populations in real time using standard
analytic tools.

The central scientific contribution of this chapter is not the introduction of a new model, but the
validation of a modeling paradigm. Specifically, the results demonstrate that realistic belief evo-
lution and narrative propagation can emerge from a population-level world model that combines
demographic grounding, retrieval-augmented persona construction, and interpretable opinion dy-
namics, without relying on topic-specific psychological tuning. Participant responses indicate that
the synthetic populations exhibit plausible behavioral diversity, recognizable polarization dynam-
ics, and differentiated reactions to influence interventions, suggesting that the framework captures
essential structural properties of real-world information environments.

These findings carry important implications for both research and practice. For influence re-
search, the results suggest that it is possible to study narrative competition, polarization, and inter-
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vention strategies within a unified modeling framework that generalizes across topics and geopolit-
ical contexts. For training and operational analysis, embedding AURORA and JANUS into AESOP
and SynSM enables the creation of realistic, repeatable exercises that support analyst sensemak-
ing, hypothesis testing, and post-exercise assessment without requiring hand-authored personas or
brittle rule-based populations.

More broadly, this chapter demonstrates how integrated synthetic population modeling can fa-
cilitate future research at the intersection of artificial intelligence, social simulation, and influence
operations. By treating synthetic populations as a dynamic world model, one that is scalable, in-
terpretable, and responsive to intervention; this work provides a foundation for platforms such as
Ghostfield and other live—virtual-constructive environments seeking to bridge Al-driven genera-
tion with formal social science models.

In summary, this chapter evaluates the AURORA—-JANUS framework not only as a modeling
contribution, but as an enabling infrastructure for studying influence in complex social systems.
Through live exercise deployment and participant-based evaluation, it addresses the following re-
search questions:

* RQ1: Do participants perceive AURORA-JANUS-generated populations as behaviorally
and cognitively realistic during a live training exercise?

* RQ2: Do observed opinion shifts and narrative diffusion patterns align with participant
expectations of real-world social media dynamics?

* RQ3: Can different narrative interventions be meaningfully distinguished based on down-
stream population responses?

* RQ4: Does the framework generalize across topics and regions without requiring topic-
specific psychological models?

* RQS: Does integrating AURORA and JANUS into AESOP and SynSM improve training
utility and analytic insight generation?

Together, these questions assess whether an integrated synthetic population framework can
serve as a practical and scientifically grounded world model for influence research and training in
contemporary information environments.

7.0.2 Related Works

The development of integrated synthetic information environments builds upon prior research
in social cybersecurity, agent-based modeling, influence operations analysis, and large language
model (LLM)—enabled synthetic data generation. The AESOP orchestration framework and the
SynTel/X platform (now SynSM) emerge from this lineage as structured mechanisms for generat-
ing synthetic social media ecosystems suitable for training and analytic experimentation [82].

Social Cybersecurity and Influence Modeling. The conceptual foundation for synthetic in-
formation environments is grounded in social cybersecurity, which examines how coordinated
online behavior, narrative manipulation, and information operations affect populations at scale
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[19, 33]. Empirical investigations of large-scale influence campaigns—including the 2016 Rus-
sian Internet Research Agency operation [7] and cross-strait bot activity targeting Taiwan [92,
140]—demonstrate that coordinated messaging and automated amplification measurably alter dis-
course structure, network topology, and narrative visibility.

Formal modeling efforts extend these empirical observations through agent-based simulations
of social-cyber maneuvers [19, 23]. The BEND framework operationalizes influence strategies
as structured narrative and network maneuvers, enabling systematic modeling of persuasion, dis-
ruption, reinforcement, and fragmentation dynamics [24]. ORA and dynamic network analysis
techniques further provide tools for measuring centrality, stance alignment, diffusion patterns, and
structural polarization [32]. Together, these works establish that influence operations can be stud-
ied as structured, modellable phenomena rather than purely emergent artifacts of online discourse.

Agent-Based and Emergent Modeling Traditions. Synthetic information environments draw
upon long-standing traditions in agent-based and systems modeling. Foundational work in system
dynamics emphasizes how macro-level behavior emerges from micro-level interactions [69, 129].
Cellular automata and computational modeling frameworks formalize how localized rules produce
large-scale structural patterns [38].

Construct provides a flexible agent-based modeling environment capable of representing dif-
fusion, homophily, limited attention, and co-evolving social networks [52]. Related extensions
into cyber and information warfare contexts, such as Cyber-FIT, demonstrate how agent-based
approaches can simulate adversarial dynamics in socio-technical systems [53]. However, these
systems generally prioritize structural diffusion mechanisms rather than realistic linguistic content
generation.

Synthetic Social Media Generation and LL.M-Based Simulation. SynTel/X (now SynSM)
was introduced by Hicks as a synthetic social media generation platform that transforms structured
scenario templates into API-compatible message corpora [82]. AESOP complements this capa-
bility by formalizing scenario orchestration and template generation processes prior to linguistic
realization [82]. Together, these systems enable the creation of synthetic Twitter/X and Telegram
datasets that preserve platform affordances while remaining analytically tractable.

Recent research has explored the use of LLMs for generating synthetic behavioral data. Gen-
erative Agents demonstrate memory-driven persona simulations capable of sustained interaction
[149]. Chang et al. show that LLM-generated social networks can approximate real-world struc-
tural properties but may exaggerate political homophily [37]. Other studies highlight fidelity risks,
distributional drift, and epistemic concerns in synthetic data generation [75, 89, 190]. Retrieval-
augmented generation (RAG) has emerged as a method for grounding LLM outputs in structured
knowledge sources, improving schema alignment and factual consistency [109].

Within this landscape, SynSM occupies a constrained generation paradigm: it uses structured
scenario templates, maneuver chains, and actor definitions to guide LLLM realization while pre-
serving interpretability and analytic traceability [82]. This approach balances generative flexibility
with controlled narrative structure.
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Scenario Design and Training Environments. Training environments for information opera-
tions require realistic yet controllable ecosystems that mirror platform affordances and analytic
workflows. Project Ghostfield demonstrates the value of immersive, synthetic training environ-
ments for misinformation analysis and response development [100]. Broader social cybersecurity
research similarly emphasizes the need for controlled experimentation platforms capable of mod-
eling coordinated influence campaigns [33].

The National Academies have highlighted the importance of advancing social and behavioral
science methods for intelligence analysis, including simulation-based experimentation and struc-
tured analytic tools [138]. Synthetic environments such as AESOP and SynSM directly support
this objective by enabling repeatable scenario deployment and post-exercise network analysis [82].

While AESOP and SynSM provide structured orchestration and synthetic corpus generation ca-
pabilities [82], prior implementations relied primarily on predefined actor templates and weighted
narrative sampling. Earlier training exercises often populated background traffic with randomly
generated “white noise” accounts or context-free LLM-produced content that was not grounded
in an underlying demographic or psychological population model. These background actors were
typically static in orientation: their beliefs, attitudes, and reactions did not evolve dynamically
across scenario events. As a result, while message volume and surface-level interaction patterns
could be simulated, there was no formal mechanism for day-to-day opinion updating, salience
shifts, or interpretable belief evolution in response to unfolding narrative stimuli.

Consequently, prior systems could generate realistic-looking corpora, but they did not model
population-level cognitive structure or dynamic influence processes. They lacked demographically
grounded population synthesis, psychologically structured persona construction, salience-aware
opinion initialization, and formal opinion dynamics mechanisms capable of capturing evolving
belief states over time.

The present work extends this architecture by integrating AURORA (synthetic population gen-
eration) and JANUS (formal opinion dynamics) into the AESOP-SynSM pipeline. In doing so,
it bridges social cybersecurity modeling [33], agent-based diffusion frameworks [52], and LLM-
enabled synthetic data generation research [75, 190] within a unified world-model paradigm for
influence research and operational training. Rather than treating synthetic actors as static narrative
emitters, the integrated framework models heterogeneous populations whose opinions, emotional
salience, and susceptibility evolve in response to scenario-driven events and interventions.

7.1 GhostField: Integrated Socio-Cognitive Scenario Simula-
tion Architecture

GhostField (formerly OMEN) is the integrated live—virtual-constructive (LVC) environment within
which synthetic information operations scenarios are authored, executed, and evaluated [135]. It
unifies scenario specification, synthetic population instantiation, belief-state evolution, and platform-
specific message generation within a shared time-stepped simulation loop. In contrast to earlier ar-
chitectures that loosely coupled scenario design and message generation, GhostField implements
a coordinated simulation cycle in which event activation, strategic narrative injection, cognitive
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state change, and observable message production co-evolve over time. This enables controlled
experimentation on influence campaigns in environments that are both structured and dynamically
responsive.

Figure 7.1 illustrates the overall architecture.
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Figure 7.1: GhostField integrated architecture: AESOP scenario authoring, AURORA population
instantiation, JANUS belief dynamics, and SynSM platform realization within a time-stepped or-
chestration loop.

GhostField consists of four tightly connected layers: AESOP, AURORA, JANUS, and SynSM.
AESOQP defines the strategic and narrative structure of the scenario; AURORA instantiates a de-
mographically grounded cognitive population; JANUS governs endogenous belief evolution; and
SynSM realizes agent activity as platform-specific social media behavior. The integration of AU-
RORA and JANUS is the principal architectural enhancement introduced in this dissertation, shift-
ing GhostField from a scenario-conditioned synthetic content generator to a socio-cognitive world
model in which populations possess structured heterogeneity and evolving internal state.

Table 7.1 summarizes the role of each layer.

At a high level, GhostField can be represented as a staged operator sequence:

80 AESOP ,PO AURORA X() (71)
Xt JANUS Xt+1 SynSM Mt+1 (72)

where Sy denotes the structured scenario specification, P, the population specification implied by
that scenario, X, the global cognitive state at time ¢, and M, the observable message set produced
at time ¢. This formulation makes explicit that GhostField operates over evolving internal states
rather than over static narrative templates alone.

187



Table 7.1: Core architectural layers in GhostField.

Layer Primary Role Function in GhostField

AESOP Scenario authoring Defines actors, events, topics, maneuvers, narrative
alignments, and initial message seeds prior to simu-
lation.

AURORA Population instantia- Generates demographically and psychologically

tion grounded synthetic personas and initializes topic-level

opinion, salience, and affective states.

JANUS Belief dynamics Updates internal cognitive state over time through so-
cial influence, anchor retention, and affective drift.

SynSM Platform realization = Converts internal agent state and scenario conditions

into platform-compatible messages, reposts, replies,
and channel activity.

7.1.1 AESOP: Pre-Simulation Strategic Scenario Authoring

AESOP (Automated Exercise Scenario Orchestration Platform) operates in the pre-simulation
phase and provides the structured authoring environment through which planners define the strate-
gic logic of the exercise [82, 135]. Its purpose is to specify what kinds of actors exist, what they are
trying to do, which events occur, and how narrative lines are seeded before the simulation begins.
More specifically, AESOP is used to define the topic space, narrative themes, event schedules,
institutional actor categories, maneuver repertoires, and initial message templates. It exports a
structured scenario object,
So={A,G,E, T, N, My}, (7.3)

where A denotes authored scenario actors, G group or institutional hierarchies, F the event sched-
ule, 7" the set of topics, /V narrative alignments, and M the initial message seeds.
Each AESOP actor a € A may be represented as

a={r,M,B,r}, (7.4)

where r denotes institutional role, M the maneuver repertoire, 3 behavioral parameters such as
posting frequency or escalation logic, and 7 platform-specific affordances and constraints. These
actors function as exogenous strategic drivers: their alignment and maneuver logic are fixed at
scenario design time, and during execution they inject structured narrative content into the evolving
information environment according to the active event schedule.

Table 7.2 summarizes the main AESOP outputs.

7.1.2 AURORA: Demographically Grounded Population Instantiation

AURORA serves as the population synthesis and cognitive initialization layer within GhostField.
Its role is to replace undifferentiated background populations or simple noise accounts with struc-
tured synthetic personas whose attributes reflect real-world demographic and psychological het-
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Table 7.2: AESOP scenario-authoring outputs.

Component Description

Scenario actors (A) Authored strategic entities such as state media, ministries, activists,
or military spokespersons.

Group  structure Institutional and organizational hierarchies used to structure align-

(@ ment and coordination.

Event schedule (£) Ordered timeline of kinetic, political, cyber, or social events that ac-
tivate scenario conditions.

Topic space (1) Set of geopolitical issues around which narratives, opinions, and
salience are organized.

Narrative  align- Mapping of actors to themes, positions, or strategic messaging goals.

ment (V)
Initial  messages Seed content used to initialize the information environment at simu-
(Mp) lation start.

erogeneity. This addresses a central limitation of earlier information-environment simulation ar-
chitectures: they could generate plausible content, but they lacked a grounded model of who the
simulated population was.

For each country C', AURORA generates a population

PC: {p17p27"'7pn}' (75)

The synthesis process begins with demographic skeleton generation, typically using Iterative Pro-
portional Fitting (IPF), so that the resulting synthetic population reproduces target marginal distri-
butions over age, sex, education, occupation, ethnicity, and other available variables. Given target

marginals My, My, ..., My, IPF estimates a joint distribution whose induced marginals satisfy
Y i = Mi(in), Vi, (7.6)
12,0 0yik

and analogously for the remaining variables. This preserves aggregate demographic structure while
enabling heterogeneous individual records.
Each persona p; is then enriched into a structured cognitive agent:

bi = {dh,-z—‘iaeiyOz(t))Si(t)aozi}? (77)

where d; denotes demographic attributes, 7; OCEAN personality traits, e; baseline affective state,
OZ@ topic-specific opinion, Si(t) topic salience, and «; a susceptibility parameter governing recep-
tivity to influence.

Personality traits are sampled from context-specific empirical distributions,

T; ~ N(,U/a Zc); (7.8)
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and baseline emotional states are derived as a deterministic or semi-deterministic function of trait
structure,

e = f(T;) + e (7.9)
Initial opinion and salience values are assigned hierarchically using country-level priors, community-
level constraints, and demographic modifiers:

Ol(t) = O(t) + Aage + Agendcr + Apolitical- (710)

base

The result is a population that is not only demographically representative, but also cognitively
structured. Personas differ in baseline predispositions, issue salience, and susceptibility, creating
the internal heterogeneity necessary for realistic downstream opinion dynamics. Although de-
mographic proportionality is enforced at the persona level through IPF, the community structures
used to contextualize these personas are not intended to represent population-proportional aggre-
gates. Instead, communities function as structured contextual environments that embed personas
within distinct institutional and social domains (e.g., media, government, civil society), ensuring
consistent coverage across these domains regardless of underlying population size. This reflects
a deliberate separation between demographic realism and structural interaction design: while per-
sonas preserve real-world population distributions, community assignment is balanced to support
controlled comparison, avoid sparsity in underrepresented groups, and enable consistent modeling
of influence propagation across heterogeneous social contexts.

Table 7.3 summarizes the persona representation.

Table 7.3: AURORA persona representation within GhostField.

Component Interpretation

d; Demographic skeleton: age, sex, education, occupation, geography,
and related attributes.

T; Personality profile, typically represented with OCEAN traits.

€; Baseline emotional state, represented using a Plutchik-style affective
vector.

OZ@ Opinion toward topic ¢, usually bounded on [—1, 1].

Si(t) Salience of topic ¢, bounded on [0, 1].

o Susceptibility or responsiveness to social influence.

7.1.3 Network Structure and Exposure Topology
GhostField embeds AURORA personas in an interaction network
G=(V,W), (7.11)

where V' is the set of agents and W = [w;;] is a weighted adjacency matrix encoding influence
strength or exposure probability. This topology determines who sees whom, which messages are
encountered, and how influence propagates.
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Agent exposure at time ¢ may be expressed as

Eir = Z wi; 1(mye), (7.12)
J

where I(m;,) indicates whether actor j produced a message relevant to agent ¢ at time ¢. In
this way, network structure mediates both endogenous diffusion and the downstream impact of
exogenous interventions.

To further validate the realism and structural properties of AURORA-generated personas, Ap-
pendix E.1 presents a detailed ego-network analysis and cross-walk with AESOP actors. This
includes labeled ego networks for selected personas, illustrating connections across actors, topics,
groups, and communities, with edge weights reflecting interaction strength and salience. The ap-
pendix also compares multiple personas to demonstrate that AURORA produces not only distinct
attribute profiles, but also structurally different ego networks, consistent with real-world variation
in individual social environments. Finally, a unified cross-walk visualization shows how AURORA
personas integrate with AESOP actors within a shared network representation, highlighting the
complementary roles of individual-level cognitive agents and scenario-level strategic actors in the
overall GhostField architecture.

7.1.4 JANUS: Dynamic Opinion Evolution Engine

JANUS is the endogenous belief-dynamics layer embedded inside the GhostField simulation loop.
If AURORA defines who the agents are, JANUS defines how their internal states evolve under
repeated exposure, social influence, and emotional drift. It transforms GhostField from a content-
generation environment into a dynamical system over socio-cognitive state space.

At each timestep, JANUS updates agent beliefs using a Friedkin—Johnsen-inspired formulation
that combines three elements: anchor retention, signed social influence, and affective drift. The
core update is given by

i3t = (el + (1= o) | glal) Do (Wi oy Aaly B, )

J/

Y J
(I) FJ anchor + susceptibility Y

-

(II) Signed social influence (67)
0 0
+ Gix(aiy) bviy ])7
—_———

(IIT) Affective emotional drift

with activation and gating shaped, for example, by
g(a) = tanh(\ (a — 7)), A > 0. (6.8)

The exact notation is developed elsewhere in the dissertation; what matters architecturally here
is that JANUS integrates stable home positions, network-mediated influence, and emotionally con-
ditioned responsiveness into a single update operator:

X1 = F( X, Uy, G), (7.13)
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where U; denotes the set of exogenous and endogenous inputs active at timestep ¢. Under this
formulation, reinforcement cascades, cross-community diffusion, backlash, moderation, and po-
larization become measurable emergent properties of the simulation rather than ad hoc message
effects.

7.1.5 SynSM: Platform-Specific Message Realization

SynSM (formerly SynTel/X) is the platform realization layer [82]. It converts internal belief states
and active scenario conditions into observable social media behavior. Whereas JANUS evolves
internal cognitive state, SynSM expresses that state externally through messages, reposts, replies,
thread participation, and channel activity.

At timestep ¢, the message production process can be represented as
m;t = f(Oi,ta Sz‘,u E;, Mt)7 (7.14)

where O ; is the agent’s current belief state, S;; topic salience, F; the active event structure, and
M, maneuver or messaging logic. SynSM then maps this content into platform-specific affor-
dances such as retweets, replies, hashtags, broadcast channels, forwarded messages, and threaded
discussions.

Importantly, SynSM does not create messages in isolation; it operationalizes the joint effect of
authored scenario structure, endogenous belief evolution, and platform constraints. In this sense,
it is the realization layer that makes GhostField observable.

7.1.6 Ontological Separation: Strategic Actors and Cognitive Population
Agents

A key design principle of GhostField is its explicit separation between strategic actors and popula-
tion agents. This avoids conflating narrative injection with population response and enables clearer
attribution of simulated effects.

Formally:

Strategic narrative layer — AESOP actors, (7.15)
Cognitive population layer — AURORA personas. (7.16)

AESOP actors represent authored, intentional entities that execute fixed or semi-fixed ma-
neuver logic. AURORA personas represent heterogeneous members of the simulated population
whose beliefs evolve over time through JANUS. The difference is summarized in Table 7.4.

This separation is especially important for experimentation. It allows the analyst to distinguish
between what the scenario is trying to do to the environment and how the synthetic population
actually reacts.
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Table 7.4: Ontological distinction between AESOP actors and AURORA personas.

Dimension AESOP Actors AURORA Personas

Primary role Strategic narrative emitters Cognitive population agents

Behavior type Designed maneuver execution  Reactive and adaptive belief
updating

State structure Template- and rule-based Internal  evolving  opinion,
salience, and affective state

Dynamics Exogenous to population cog- Endogenous within the popula-

nition tion system

Alignment Fixed at scenario design time Dynamic over timesteps

Function in simula- Inject structured influence Receive, interpret, and respond

tion to influence

7.1.7 Architectural Transformation: From Narrative Generator to Socio-
Cognitive World Model

Before the integration of AURORA and JANUS, the architecture was effectively reduced to a
scenario-authoring and content-realization chain:

AESOP — SynSM. (7.17)

In that earlier configuration, outputs could be conditioned on event schedules and authored tem-
plates, but the simulated population had little or no structured internal cognition. Belief change, if
present, was heuristic and weakly grounded.

With the introduction of AURORA and JANUS, the architecture becomes:

AESOP — AURORA — AESOP (7.18)

SynSM — JANUS — SynSM. (7.19)

This transformation adds four capabilities that are central to the dissertation:

* structured demographic heterogeneity,

* psychologically grounded agent state,

* formal multi-topic opinion dynamics,

* experimentally tractable intervention and response analysis.

GhostField therefore evolves from a synthetic narrative traffic generator into a computational
laboratory for modeling the interaction between organized influence campaigns and heterogeneous

socio-cognitive populations over time. That shift is the architectural foundation for the experiments
presented later in this chapter.
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7.2 Experimental Design: Indo-Pacific Geopolitical Opinion Ex-
periment (IGOE)

The Indo-Pacific Geopolitical Opinion Experiment (IGOE) evaluates whether the integrated AURORA-
JANUS pipeline produces structured and interpretable variation in opinion, salience, and emo-
tion under systematically varied geopolitical conditions. The experiment is executed within the
GhostField architecture using the Toto Scenario 2026 configuration. Its design combines a fixed
cross-national population structure, a shared institutional community layout, a bounded geopolit-

ical topic space, a staged escalation timeline, and a controlled intervention mechanism. Together,
these elements enable comparison of endogenous belief evolution and exogenous influence across
countries, institutions, and topics within a common scenario environment.

7.2.1 Entity Structure: AESOP Actors and AURORA Personas

A central design feature of IGOE is the distinction between two entity classes: AESOP actors,
which function as scenario-layer strategic emitters, and AURORA personas, which function as
population-layer cognitive agents. This separation prevents conflating planned narrative injection
with population response, and allows exogenous influence campaigns to be analyzed indepen-
dently from endogenous belief dynamics.

AURORA personas. AURORA generates demographically and psychologically grounded per-
sonas under a fixed institutional community structure. These personas serve as the statistical unit
of inference for country- and institution-conditioned variation in opinion, salience, and emotion.
The population is hierarchically structured as

Personas C Communities C Countries. (7.20)

Each country contains 24 communities (3 per institutional type across 8 types), and each commu-
nity contains 15 personas, yielding

|Pc| =24 x 15 =360 personas per country, (7.21)

and
|P| =12 x 360 = 4,320 total AURORA personas. (7.22)

AESOP actors. AESOP actors are authored as role-based scenario entities designed to emit
narrative content, execute maneuver logic, and shape the information environment. They represent
official accounts, media outlets, spokespersons, influencers, and other strategic emitters rather
than cognitively modeled individuals. Under the Toto Scenario 2026 specification, actor sheets
are provided for 10 countries (AUS, CAN, CHN/PRC, JPN/JP, KOR/ROK, NZL/NZ, RUS/RF,
TWN, UK, US), totaling 402 AESOP actors. By contrast, IND and IRN are included as AURORA
population countries but do not have dedicated AESOP actor sheets in the scenario export; they
therefore enter the experiment as population-only countries rather than primary scenario emitters.
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Counts by country. Table 7.5 summarizes the number of scenario-layer AESOP actors and
population-layer AURORA personas instantiated for each country.

Table 7.5: IGOE entity counts by country: AESOP strategic actors vs. AURORA cognitive per-
sonas (Toto Scenario 2026).

Country # AESOP Actors # AURORA Personas

AUS 38 360
CAN 46 360
CHN 44 360
IND 0 360
IRN 0 360
JPN 35 360
KOR 36 360
NZL 22 360
RUS 48 360
TWN 51 360
UK 45 360
US 37 360
Total 402 4,320

7.2.2 Institutional and Archetypal Structure

The experimental design combines a fixed institutional structure for AURORA personas with a
role-based archetypal structure for AESOP actors. For AURORA, each country contains the same
eight institutional community types, with three communities per type, ensuring balanced structural
coverage across all countries. For AESOP, diversity is expressed through role archetypes rather
than demographic variation, allowing the scenario to inject messages from distinct institutional
voices.

Table 7.6: Institutional community types modeled in each country.

3

Institutional Community Type

Commercial institutions

Academic & research institutions
Healthcare & public health organizations
Liberal governmental bodies

Conservative governmental bodies
Religious organizations

Industrial & manufacturing sectors
Environmental & conservation organizations

0NN N B W=
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Table 7.7: Aggregate AESOP actor archetype composition (grouped categories) in Toto Scenario
2026.

Archetype Category # Actors
Military 81
Media (news outlets, journalists) 70
Government (official ministries/agencies) 63
Political (parties, politicians) 39
Influencer 31
Unknown / Other (misc. or nonstandard labels) 32
Corporate / Business 23
Civil Society / NGO (incl. activists) 19
Expert / Academic / Professional 14
Diplomatic (embassies/consulates) 12
OSINT / Spotter 10
Amplifier / Bot 4
Bridging / Cross-community 4
Total 402

This paired structure allows the experiment to distinguish between differences arising from
population-layer institutional communities and those arising from scenario-layer actor roles.

7.2.3 Scenario Configuration

The IGOE experiment is defined over a bounded geopolitical topic space, a staged escalation time-
line, and a controlled intervention window. Table 7.8 summarizes the main scenario parameters.

Topic space. The Toto scenario defines a structured topic—narrative matrix centered on nine pri-
mary geopolitical issues plus one low-credibility noise topic used to test robustness under implau-
sible or conspiratorial claims.

These topics were chosen to vary in polarization potential, strategic salience, national align-
ment asymmetry, and escalation intensity.

7.2.4 Temporal Escalation Structure

The Toto Scenario 2032 unfolds across a nine-day escalation window in which events are catego-
rized as Backdrop, Regular, or Cyber. Tables E.5 and E.6 in Appendix E.2 summarize the timeline
from baseline conditions through Day 9. This escalation structure supports analysis of salience
shocks, cross-domain spillover, institutional divergence, casualty-driven polarization, and protest
contagion under a common event sequence.
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Table 7.8: Scenario and experimental design overview.

Component

Configuration

Countries
Institutional types

Communities

Community size

Primary topics

Simulation window
Intervention window
Custom intervention actors
Core dependent variables
Core controls

12 countries represented in the simulation

8 per country: Commercial; Academic & Research; Healthcare
& Public Health; Liberal Government; Conservative Govern-
ment; Religious; Industrial & Manufacturing; Environmental &
Conservation

3 communities per institutional type per country

15 personas per community

9 geopolitical topics plus 1 WACKO noise topic

9-day operational period (1-9 June 2032)

Days 5-7

15 AESORP actors posting 176 forced messages

Opinion, salience, and 8-dimensional Plutchik emotion vector
Community size, institutional balance, topic space, trait distri-
butions, random seed, and generation model

Table 7.9: Geopolitical topic space.

3+

Topic

O 00 1N N B~ W=

—_
o

Canadian Indigenous Rights

Chinese Aggression and Hegemony

Cyber Security Cooperation

Environment vs. Industry (Arctic resource competition)
International Trade

Operation Sea Dragon

Russian Aggression

Russia in the Arctic

Taiwanese Sovereignty

WACKO noise topic
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7.2.5 Intervention Design

To test responsiveness to exogenous influence, a controlled intervention was introduced on Days 5—
7. Fifteen custom AESOP actors (_is_custom) posted 176 forced messages designed to simulate
coordinated information operations.

Table 7.10: Intervention design summary.

Element Configuration

Intervention actors 15 custom AESOP actors

Intervention period Days 5, 6, and 7

Total forced messages 176

Mapped topic messages 134 (76.1%)

Main targeted topics OPN Sea Dragon (48), Russian Arctic activity (46), Interna-

tional Trade (18), Cyber Security Cooperation (15), Chinese Ag-
gression and Hegemony (5), Canadian activity in INDOPAC (2)

Actor properties Predefined stance positions, platform presence, archetype as-
signments, and forced posting schedules

Evaluation design Event-window comparison using pre-intervention (t —3tot—1)
and post-intervention (¢ 4+ 1 to ¢ + 3) windows

Control days Days 1,2, 3,4, 8, and 9

Primary intervention met- Absolute valence volatility and directional alignment rate

rics

This intervention structure allows direct evaluation of whether newly introduced strategic emit-
ters can measurably alter the opinion trajectories of established AURORA personas.

7.2.6 Persona Variables and Control Structure

Each AURORA persona is initialized with a fixed demographic and psychological profile. Opin-
ions, salience, and emotions are then tracked dynamically over time.

Psychological traits and baseline affect remain fixed throughout the experiment so that ob-
served variation can be attributed to country context, institutional structure, topic framing, and
event progression.

To isolate these effects, all core structural parameters are held constant across the design. This
control structure ensures that observed differences arise from geopolitical context and narrative
structure rather than sampling imbalance or model instability.

7.2.7 Scenario Pipeline and Experimental Objective

Before execution in GhostField, the Toto Scenario follows a two-tranche development pipeline that
separates structural scenario definition from narrative and system configuration.
Within GhostField, the overall system flow is:
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Table 7.11: Persona parameterization and experimental variables.

Component

Specification

Demographic structure
Psychological traits
Baseline affect

Dynamic opinion
Dynamic salience
Susceptibility

Primary dependent vari-
ables

Derived measures

Demographic vector per persona
OCEAN personality profile
Plutchik 8-dimensional emotion vector

o e [-1,1)
S e [0,1]
Q;

Opinion score, salience score, and 8-dimensional emotion vec-
tor

Within-community variance, polarization indices, inter-
institutional divergence, and opinion—emotion correlation
structure

Table 7.12: Fixed control structure.

Control Parameter

Value

Community size

15 personas

Communities per institutional 3

type

Institutional types per country 8

Psychological trait distributions Fixed across countries
Random seed 42

LLM generation model GPT-40-mini

Table

7.13: Two-tranche scenario pipeline.

Pipeline Stage Outputs

Tranche 1: Structural Topi
scenario definition

cs, events, key actors, news agencies

Tranche 2: Narrative Narrative alignments, system configurations, persona integration,
and system configura- news account verification

tion

Validation cycle 1-day generation phase, 2-day validation phase, adjustment as re-
quired

Execution  environ- Outputs exported into AESOP and loaded into GhostField for simu-

ment lation
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Scenario Definition (AESOP) — Population Instantiation (AURORA) —

7.23
Opinion Dynamics (JANUS) — Platform Realization (SynSM) (7.:23)

Country context and institutional structure shape initial opinion distributions, event progres-
sion activates structured narrative shifts, JANUS governs endogenous belief evolution, and SynSM
realizes those belief-conditioned outputs across platform environments.

The core objective of IGOE is therefore to determine whether the integrated AURORA-JANUS
configuration produces:

* structured cross-country opinion differentiation,

* institution-conditioned stance variation,

* topic-specific salience hierarchies,

* emotion profiles aligned with geopolitical context,

* predictable polarization under escalatory narratives, and

* measurable responsiveness to exogenous intervention campaigns.

The design enables attribution of variation in opinion, salience, and emotion to country align-
ment, institutional orientation, and issue framing rather than to sampling noise or structural imbal-
ance.

7.3 Results

This section presents a comprehensive analysis of opinion dynamics across a 9-day simulation pe-
riod involving 4,320 AURORA personas and 402 AESOP actors from 12 countries engaging with
10 geopolitical topics. The JANUS belief system tracked opinion valences (ranging from -1 to
+1) at the timestep level, capturing 1,200+ discrete decision points across the simulation period.
Our analysis examines: (1) opinion variance and convergence patterns, (2) magnitude of opin-
ion change, (3) identification of high-impact opinion movers, (4) intervention effects on network
actors, and (5) post-simulation participant assessments. Detailed methodological descriptions, ad-
ditional statistical tests, and extended analyses are provided in the accompanying appendix.

7.3.1 Opinion Convergence and Variance Dynamics

All ten geopolitical topics exhibited convergence behavior over the simulation period. Table 7.14
presents variance reduction metrics, showing reductions ranging from 3.91% to 98.57%. The mean
variance reduction across all topics was 79.94% (o = 29.70%), indicating substantial opinion
consolidation.

The topic exhibiting the strongest convergence was Russian aggression (98.57% variance re-
duction), while Chinese aggression hegemony showed the weakest convergence (3.91% reduction),
remaining highly polarized throughout the simulation. Figure 7.2 illustrates the temporal evolution
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Table 7.14: Opinion Variance Convergence Metrics by Topic

Topic Initial Var. Final Var. Change (%) Converging
Russian aggression 0.3294 0.0047 -98.57 Yes
OPN Sea Dragon 0.3710 0.0055 -98.51 Yes
Taiwanese Sovereignty 0.3988 0.0143 -96.42 Yes
Russian arctic activity 0.2591 0.0095 -96.34 Yes
Cyber security cooperation 0.1448 0.0074 -94.87 Yes
Environment vs Industry 0.1632 0.0104 -93.60 Yes
Canadian activity in INDOPAC 0.3124 0.0419 -86.59 Yes
International Trade 0.1137 0.0343 -69.81 Yes
Canadian indigenous rights 0.2317 0.0908 -60.79 Yes
Chinese aggression hegemony 0.4658 0.4476 -3.91 Yes
Mean £ SD 0.2790 + 0.1165 0.0667 £ 0.1372 -79.94 £ 29.70 -

Opinion Volatility at Timestep Level

Volatility (Std Dev of Valences)

0.2

0.0

0 50 100 150 200 250 300 350
Timestep (across all 9 days)

Figure 7.2: Opinion volatility (standard deviation of valences) by topic across all timesteps. Each
line represents one of the ten geopolitical topics. Volatility was smoothed using a 10-timestep
rolling window. Shaded regions indicate uncertainty bands for the top three topics.
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of opinion volatility across all topics, showing elevated volatility in early simulation periods (Days
1-3) followed by stabilization and occasional late-stage perturbations.

Cross-country variance analysis revealed persistent East-West polarization on topics related to
Russian and Chinese policies, with NATO-aligned countries showing strong positive valences (¢ >
0.7) and Russia/China showing strong negative valences (1 < —0.5). Topics such as Environment
vs Industry and International Trade showed convergence toward neutral positions across most
countries. Detailed country-level analysis is provided in Appendix A.

7.3.2 Magnitude of Opinion Change

Figure 7.3 presents the distribution of absolute valence changes from Day 1 to Day 9, disaggregated
by topic (left panel) and country (right panel).

Valence Change Magnitude by Topic (Day 1 — Day 9) Valence Change Magnitude by Country (Day 1 — Day 9)
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Figure 7.3: Distribution of absolute valence changes from Day 1 to Day 9. Left panel shows
distributions by topic; right panel shows distributions by country. Box plots indicate median (center
line), interquartile range (box), and outliers (whiskers).

The topics with the highest median absolute changes were Chinese aggression hegemony (Me-
dian = 0.42, IQR = [0.28, 0.58]), Taiwanese Sovereignty (Median = 0.38, IQR = [0.24, 0.51]), and
Russian aggression (Median = 0.35, IQR =[0.22, 0.49]). Topics with the lowest median changes
were International Trade (Median = 0.18) and Environment vs Industry (Median = 0.21).

By country, Chinese personas exhibited the highest median absolute change (0.39, IQR =[0.26,
0.54]), followed by Russian personas (0.36, IQR = [0.23, 0.48]). Western nations showed more
moderate changes, with American personas at 0.28 (IQR = [0.18, 0.41]) and British personas at
0.26 IQR =[0.17, 0.38]). Statistical significance testing confirmed that cross-country differences
were significant for all topics (p < 0.01); detailed ANOVA and t-test results are presented in
Appendix A.3.
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7.3.3 High-Impact Opinion Movers

I identified 373 “opinion movers” as individual AURORA personas who exhibited the largest ab-
solute valence changes within each country-topic combination (top 3 per country-topic pair). Ta-
ble 7.15 summarizes the distribution by country.

Table 7.15: Distribution of Top Opinion Movers by Country

Country Count Percentage Mean Change
Russian 30 8.0% 0.345 4+ 0.087
Chinese 30 8.0% 0.328 +0.132
American 30 8.0% 0.221 +0.072
Australian 30 8.0% 0.208 + 0.055
Iranian 30 8.0% 0.206 + 0.065
British 30 8.0% 0.201 4+ 0.049
Indian 30 8.0% 0.195 + 0.072
New Zealander 30 8.0% 0.183 +£0.051
Canadian 30 8.0% 0.174 + 0.052
Japanese 30 8.0% 0.172 £ 0.066
Others 73 19.6% 0.198 4 0.068
Total 373 100.0% 0.216 + 0.092

Russian personas exhibited the highest mean absolute change (0.345 + 0.087), followed by
Chinese personas (0.328 + 0.132), while Japanese and Canadian personas showed the lowest mean
changes (0.172 and 0.174, respectively).

The top 10 individual opinion movers are presented in Table 7.16. The largest single opinion
shift was observed for A1 Weiwei, a Chinese persona, who exhibited a 0.650 absolute change on
Chinese aggression hegemony.

Table 7.16: Top 10 Individual Opinion Movers (All Countries and Topics)

Rank Agent Name Country Topic AV Direction
1 Ai Weiwei Chinese  Chinese aggression 0.650 Positive
2 Wang Wenbin Chinese  Chinese aggression 0.599 Positive
3 Wang Wenbin Chinese  Taiwanese Sovereignty 0.569 Positive
4 Denis Olegovich Krutov ~ Russian ~ Russian arctic 0.516  Negative
5 Wang Wenbin Chinese = Canadian indigenous 0.500 Negative
6 Wang Wenbin Chinese =~ OPN Sea Dragon 0.483 Positive
7 Denis Olegovich Krutov ~ Russian ~ Chinese aggression 0.479 Positive
8 Denis Olegovich Krutov Russian ~ Russian aggression 0.471 Positive
9 Dmitri Leonidovich Savin  Russian ~ Russian arctic 0.468  Negative
10 Denis Olegovich Krutov ~ Russian ~ OPN Sea Dragon 0.468 Positive
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Figure 7.4 visualizes the top 20 opinion movers, showing the magnitude and direction of their
opinion shifts. Extended analysis of opinion movers, including topic-specific patterns and temporal
dynamics, is provided in Appendix C.

Top 20 Opinion Movers Across All Countries and Topics
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Figure 7.4: Top 20 opinion movers (individuals only) ranked by total absolute valence change. Bar
length indicates magnitude of change.

7.3.4 Intervention Effectiveness Analysis

I analyzed 13 custom intervention actors who collectively made 176 interventions across days 5-7,
reaching 849 unique network actors (18.1% of the 4,680-actor network). JANUS processes inter-
vention messages through a structured belief-update pipeline: intervention actors post messages
expressing explicit stances on specific topics, JANUS identifies actors who directly interact with
these messages, and topic-specific valence scores are updated for interacting actors. Actors who
interact form the intervention actor’s sphere of influence (Tier 1). For more detailed analysis, see
Appendix E.6

Overall Intervention Impact

Table 7.17 presents overall intervention effectiveness metrics.

Mean effect sizes were small and not statistically different from zero. However, directional
alignment rates provide strong evidence of influence: actors within intervention spheres were sub-
stantially more likely to shift their opinions toward the intervention stance than non-sphere actors
(34.1% vs 5.9%, p < 0.0001, d = 2.28).
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Table 7.17: Overall Intervention Effectiveness

Metric Value Interpretation

Total Custom Actors 13 Actors with valid spheres and topics
Total Interventions 176 Messages posted across days 5-7
Network Reach 849 (18.1%) Unique actors within the network
Actors with Significant Effects 4 (30.8%) p < 0.05 0on > 1 topic

Mean Effect Size —0.046 +0.108 Cohen’s d (not sig., p = 0.19)
Sphere Alignment Rate 34.1% +15.4% % shifting toward stance
Non-Sphere Alignment Rate 5.9% + 3.2% Baseline comparison

Alignment Difference +28.3 pp p < 0.0001, d = 2.28 x % x

Table 7.18: Opinion Shift Magnitudes (Individual-Level Analysis)

Actor Sphere n Mean Shift Median Max Shift % > 0.1 % > 0.2
DefenseDave 4,332 —0.0018 0.0000 0.345 2.6% 0.3%
DONN 3,345 —0.0008 0.0000 0.345 3.2% 0.4%
SultanDave 1,837 +0.0009 0.0000 0.345 2.1% 0.4%
Non-Sphere ~ ~42,000 —0.0008 0.0000 0.255 0.6% 0.02%

Table 7.18 presents individual-level opinion shift magnitudes for the three most effective inter-
vention actors.

Most actors experienced minimal changes (median shift = 0), but sphere actors were 3-5x
more likely to experience meaningful opinion shifts (> 0.1) than non-sphere actors. The maxi-
mum observed shift (0.345) demonstrates that substantial opinion change can occur for susceptible
individuals.

Comparative Actor Performance

Figure 7.5 ranks intervention actors by average effect size across topics. Three actors produced sta-
tistically significant topic-level effects: DefenseDave (—0.156), DONN (—0.129), and SultanDave
(—0.031).

The strongest predictor of intervention success was message volume (r = 0.95, p < 0.0001).
Actors posting 29-47 interventions achieved approximately 40% topic success rates, whereas ac-
tors posting only one or two messages produced no significant effects. Sphere size showed no
significant correlation with effect magnitude (r = —0.41, p = 0.19), indicating that greater reach
does not necessarily translate into greater influence.

Figure 7.6 shows directional alignment rates for sphere versus non-sphere actors across inter-
vention actors.

All intervention actors showed higher alignment rates in their spheres compared to non-sphere
actors, with differences ranging from +6pp to +49pp. This consistent pattern provides robust
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Figure 7.5: Effect Size Rankings Across All Intervention Actors. Green bars indicate actors with
statistically significant effects (p < 0.05). Error bars show min-max range across topics.

evidence that JANUS-mediated interactions cause directional opinion shifts.

Concentration of Influence

Opinion change was highly concentrated among a small set of susceptible actors. Only six actors
(0.13% of the network) appeared repeatedly among the largest opinion shifts. Two of these ac-
tors—identified as the Ministry of National Defense of China (actor c4478d39) and Chen Jun, a
Buddhist community leader (actor 13d4ef59)—were influenced by multiple intervention accounts,
indicating the presence of “super-susceptible” individuals within the network. Actor c4478d39
exhibited cumulative shifts of 3.48 across 12 topics, with individual topic shifts reaching 0.345
(34.5% of the valence scale). Detailed case studies of Actor: Chen Jun is provided in Appendix
E.6.7.

The magnitude-direction paradox—high directional alignment but small mean shifts—is ex-
plained by the heavy-tailed distribution of opinion changes. Most actors remain unchanged (me-
dian = 0), while 30-50% shift slightly in the intended direction (0.01-0.05), 2-3% shift substan-
tially (0.1-0.35), and 20-30% shift in the opposite direction. This produces high alignment rates
but near-zero mean effects. Extended analysis of this paradox is provided in Appendix D.4.

7.3.5 Summary of Key Findings
The JANUS belief dynamics analysis revealed six key patterns:

1. Strong convergence: All ten topics exhibited opinion convergence, with a mean variance
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Figure 7.6: Directional Alignment: Sphere vs Non-Sphere Actors. Grouped bars show percent-
age of actors shifting toward intervention stance. Annotations show percentage point differences.
Sphere actors consistently show 20-50pp higher alignment rates.

reduction of 79.94% (o = 29.70%). Topics related to military aggression showed the
strongest convergence (> 96%), while Chinese aggression hegemony remained highly po-
larized (3.91% reduction).

2. Geopolitical divides: Clear East-West opinion divides emerged on topics related to Russian
and Chinese policies, with statistically significant differences in both mean valences and
change magnitudes (p < 0.001 for all topics). Russian and Chinese personas exhibited the
highest mean opinion changes (0.345 and 0.328, respectively).

3. High-impact movers: Among 373 top movers identified, Russian and Chinese personas
showed the largest mean changes. Individual personas such as Ai Weiwei, Wang Wenbin,
and Denis Olegovich Krutov exhibited changes exceeding 0.65, 0.60, and 0.52 valence units,
respectively.

4. Selective stance reversals: Stance reversals were rare (93 total flips, 0.025% of obser-
vations) but concentrated on specific topics. Canadian indigenous rights showed 39 flips
(41.9%), all moving positive—negative, while Russian aggression showed 22 flips (23.7%),
all moving negative—positive. Detailed reversal analysis is provided in Appendix B.

5. Intervention effectiveness: Custom intervention actors produced measurable directional
opinion shifts. Sphere actors were 5.8x more likely to align with intervention stances than
non-sphere actors (p < 0.0001, d = 2.28). However, influence was highly concentrated,
with only 2-3% of sphere actors experiencing meaningful shifts (> 0.1). Message volume
was the strongest predictor of success (r = 0.95, p < 0.0001).
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6. Temporal volatility: Opinion volatility was highest in early simulation periods (Days 1-3)
and showed renewed spikes in mid-to-late stages (Days 4, 7, and 9), suggesting dynamic
opinion reconsideration processes. Detailed timestep analysis is provided in Appendix A.2.

These findings provide quantitative evidence for the complex, multi-dimensional nature of
opinion dynamics in geopolitical contexts, with significant variations across countries, topics, and
temporal periods. The intervention analysis demonstrates that JANUS can mediate directional
opinion shifts through direct engagement, though influence remains concentrated among a small
subset of susceptible actors.

7.4 Discussion

This chapter evaluated whether the integrated AURORA—-JANUS pipeline, embedded within AE-
SOP, SynSM, and the broader GhostField architecture, can function as a usable socio-cognitive
world model for influence research and training. The results collectively support this claim in
three interrelated ways. First, the system produces structured and interpretable opinion dynamics
across countries, institutions, and topics, rather than undifferentiated or random variation. Second,
these dynamics evolve meaningfully over time—beliefs converge, polarize, shift, and occasionally
reverse in ways that are systematically conditioned by geopolitical alignment and issue salience.
Third, controlled interventions generate measurable and directional downstream effects, demon-
strating that the environment supports causal influence processes within a heterogeneous synthetic
population rather than merely producing plausible but inert content.

A central implication of these findings is that the framework generates differentiated popu-
lation behavior. This differentiation is most clearly observed in the topic-dependent structure of
opinion trajectories. High-salience security issues such as Russian aggression, OPN Sea Dragon,
and Taiwanese Sovereignty exhibit strong convergence, reflecting alignment pressures and consis-
tent narrative reinforcement. In contrast, topics such as Chinese aggression and hegemony remain
persistently polarized, with minimal variance reduction over time. This contrast is theoretically
significant: the model neither enforces universal consensus nor preserves polarization indiscrim-
inately. Instead, it produces a spectrum of outcomes conditioned by salience and alignment, re-
inforcing the broader claim that realistic synthetic populations require structured heterogeneity,
salience-sensitive initialization, and explicit opinion dynamics mechanisms rather than static or
heuristic response rules.

This same structure extends to cross-country behavior. Russian and Chinese personas exhibit
the largest opinion shifts and the strongest divergence from NATO-aligned populations on security-
related topics, indicating that national context and narrative alignment are both encoded at initial-
ization and preserved through interaction. As a result, population responses are conditioned by
geopolitical position rather than abstract topic labels alone. This is critical for training appli-
cations: analysts are not interacting with a homogeneous audience model, but with populations
whose responses vary systematically across national and institutional contexts.

The intervention results further reinforce this interpretation by revealing that influence oper-
ates in a selective, distributional manner rather than through uniform population-wide effects. Al-
though average treatment effects are small, this reflects a highly skewed distribution: most agents
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remain stable, while a smaller subset of actors within targeted intervention spheres exhibit sub-
stantial directional shifts. This resolves the apparent magnitude—direction paradox, in which low
aggregate effects coexist with strong localized influence. Importantly, this pattern aligns with real-
world influence environments, where campaigns rarely transform entire populations but instead
shift strategically important subsets of susceptible individuals.

This selective susceptibility is further validated by stance-flipping behavior within JANUS.
Stance reversals are empirically rare (0.025% of observations) and highly concentrated by topic,
indicating strong inertia across most agents with limited but meaningful change among a subset
of individuals. This behavior is consistent with empirical findings in real-world opinion dynam-
ics, where belief revision is gradual, path-dependent, and unevenly distributed across populations
[51, 61], as well as with prior simulation work demonstrating that stance shifts occur under con-
strained and non-uniform conditions [34]. In JANUS, these dynamics emerge from general mecha-
nisms—effective stubbornness (o°i, k), salience, and bounded update constraints (max)—rather
than scenario-specific tuning. Consequently, influence remains structurally constrained: repeated
exposure, high salience, and low resistance are required for meaningful opinion change, while
widespread rapid reversals remain unlikely. This provides an important form of validation, as
behavioral realism emerges from mechanism design rather than calibration.

Consistent with this interpretation, intervention volume—not nominal reach—emerges as the
strongest predictor of influence success. Sustained exposure through repeated messaging produces
measurable effects, whereas one-time or broad but shallow reach does not. This reflects a key
property of real-world influence environments: persistence and reinforcement matter more than
simple audience size. From a training perspective, this encourages more realistic campaign design,
emphasizing timing, repetition, and narrative reinforcement rather than broadcast assumptions.

These findings support interpreting GhostField as a world model rather than a content generator.
The system maintains internal state, updates that state through formal socio-cognitive dynamics,
and produces outputs that reflect both endogenous evolution and exogenous intervention. This
represents a significant architectural advance over earlier AESOP-SynSM systems, which could
generate plausible message streams but lacked a grounded population layer and a mechanism for
multi-day opinion evolution. By integrating AURORA and JANUS, GhostField models not only
what information appears in the environment, but how heterogeneous populations respond to it
over time.

This capability has implications for both research and practice. For research, it enables con-
trolled experimentation on influence competition, polarization dynamics, salience shocks, and in-
tervention effects within a unified and repeatable framework. For practice, it supports training
environments in which analysts engage with structured, evolving populations rather than static
or scripted entities. Because the system operates across multiple countries and topics without
scenario-specific retuning, it also demonstrates a degree of generalizability within the examined
conditions.

A useful framing for this capability is that of a digital twin of the information environment.
In this view, the AURORA-JANUS-SynSM system functions as a structured proxy for real-world
populations, capturing both demographic diversity and dynamic behavioral responses to evolving
narratives. The value of this digital twin lies not in perfect prediction, but in providing an inter-
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pretable environment for comparing strategies, exploring sensitivities, and evaluating second-order
effects prior to real-world deployment.

The post-simulation survey results further reinforce this interpretation by demonstrating that
participants engaged with the environment in ways consistent with real-world analytic behavior.
Most participants reported targeting specific audiences (85%) and adapting messaging based on
observed reactions (75%), indicating that they perceived the population as differentiated and re-
sponsive. Evaluation strategies focused on engagement and amplification rather than direct per-
suasion, reflecting real-world constraints on measuring influence. At the same time, the low rate
of perceived rapid narrative spread (15%) suggests that participants did not experience the system
as a simplistic viral diffusion model, but rather as a gradual, uneven, and interpretable influence
space—consistent with the quantitative findings of selective susceptibility and locally structured
diffusion.

Finally, while the results provide strong support for the framework’s validity as a structured
world model, they should be interpreted with appropriate caution. Rapid convergence on some
topics may reflect realistic consolidation under repeated exposure, but may also be influenced by
simulation horizon or update dynamics. Similarly, the concentration of intervention effects among
highly susceptible actors is plausible, but sensitive to network structure, salience thresholds, and
exposure mechanisms. These considerations do not undermine the core findings, but clarify their
scope: the chapter validates GhostField as a behaviorally grounded and analytically useful model
of the information environment, rather than a perfect one-to-one replica of real-world social media
systems.

7.5 Conclusion

This chapter evaluated the integrated AURORA-JANUS framework within the GhostField training
environment through the Indo-Pacific Geopolitical Opinion Experiment (IGOE). The results show
that the system generates structured, topic-sensitive, and country-differentiated opinion dynamics
at scale, while also supporting measurable intervention analysis in a live synthetic information
environment.

Across 4,320 AURORA personas and 402 AESOP actors, the model produced systematic con-
vergence, persistent polarization on selected topics, cross-country divergence aligned with geopo-
litical context, and concentrated influence effects under controlled interventions. These outcomes
demonstrate that the framework is capable of simulating not only plausible message traffic, but also
evolving socio-cognitive state. This is the chapter’s central conclusion: when embedded within
GhostField, AURORA and JANUS function as a practical world-modeling layer for influence re-
search and training.

The chapter therefore contributes empirical support for a shift in how synthetic information
environments are built. Rather than treating populations as background noise or static role tem-
plates, the integrated approach models them as heterogeneous, structured, and dynamically evolv-
ing agents. This substantially improves the realism, interpretability, and analytic utility of exercise
environments. It also provides a foundation for future experiments in narrative competition, inter-
vention design, analyst training, and social-cyber hypothesis testing.
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More broadly, the chapter shows that synthetic populations grounded in demographic structure
and formal opinion dynamics can bridge Al-enabled generation and social-scientific simulation. In
that sense, GhostField is not only a training platform; it is an extensible computational laboratory
for studying influence in complex information environments.

7.6 Contributions to the Dissertation

This chapter contributes to the dissertation in four primary ways.

C1. Validation of an integrated socio-cognitive world model. Earlier chapters introduced AU-
RORA as a framework for generating grounded synthetic populations and JANUS as a model of
opinion evolution. This chapter demonstrates that, when integrated into GhostField alongside AE-
SOP and SynSM, these components operate coherently as a unified world model rather than as
isolated modules. The contribution is therefore architectural as well as empirical: it shows how
demographic synthesis, cognitive state initialization, formal opinion updating, and platform real-
ization can be combined into a single executable system.

C2. Empirical demonstration of structured opinion dynamics in a live exercise setting. The
chapter provides evidence that the integrated framework produces meaningful cross-country, cross-
topic, and cross-institutional variation during a multi-day exercise. This moves the dissertation
beyond offline validation and controlled modeling into live deployment conditions, showing that
the synthetic populations retain interpretable behavior even when embedded in a time-stepped,
participant-facing training environment.

C3. Demonstration that intervention effects are measurable, selective, and analytically use-
ful. The intervention analysis shows that JANUS-mediated population dynamics can register di-
rectional influence from exogenous messaging, while also preserving realistic heterogeneity in
response. This contributes a practical finding for both research and training: influence should be
evaluated through distributional and network-based effects, not only through mean shifts. The
framework therefore supports more nuanced analysis of susceptibility, targeting, and campaign
effectiveness.

C4. Extension of GhostField from synthetic corpus generation to experimental social simula-
tion. Perhaps the most important dissertation-level contribution is that this chapter demonstrates
a transition from scenario-conditioned corpus generation to experimental socio-cognitive simu-
lation. In prior architectures, synthetic traffic could be generated, but population cognition was
weakly modeled or absent. By integrating AURORA and JANUS, GhostField becomes capable of
supporting repeated, controlled experiments on how heterogeneous populations react to evolving
narratives, events, and interventions over time.
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7.7 Limitations

Several limitations should be noted.

First, the evaluation is conducted within a single scenario family—the Toto Scenario/IGOE
configuration—and therefore reflects a bounded geopolitical and narrative design space. Although
the framework generalized across multiple topics and countries within that scenario, broader claims
about transfer to other regions, platforms, or conflict settings remain to be tested directly.

Second, the architecture depends on modeled rather than observed social networks. While the
resulting network structure is useful for experimentation and supports meaningful diffusion dy-
namics, it is still a synthetic topology whose exact exposure pathways, clustering patterns, and
bridge structures may differ from those of real-world online ecosystems. As a result, conclusions
about intervention reach and susceptibility should be interpreted as valid within the model envi-
ronment rather than as direct empirical estimates.

Third, the current intervention analysis focuses primarily on direct interaction spheres and short
event windows. This is appropriate for establishing measurable first-order effects, but it does not
fully capture longer-range diffusion, delayed influence, or more complex cascading processes that
may emerge in extended simulations. Future work should examine second-order and cross-topic
spillover effects more explicitly.

Fourth, although the results show substantial topic-sensitive variation, the model still abstracts
many real-world complexities. Platform recommendation systems, strategic deception, shifting
credibility, media competition, and human improvisation are represented only partially. Similarly,
the current implementation emphasizes opinion valence and salience, but does not yet model the
full richness of identity change, memory accumulation, or long-horizon learning.

Fifth, the participant-facing evaluation provides evidence of utility and plausibility, but it is
not equivalent to a formal human-subject validation of whether the synthetic environment is in-
distinguishable from real-world social media. The chapter therefore supports the framework as
analytically useful and behaviorally structured, not as a perfect behavioral duplicate of live online
populations.

Finally, the framework inherits limitations from its component systems. AURORA depends
on the quality of demographic priors, retrieved contextual data, and persona construction logic.
JANUS depends on assumptions about influence, salience, and susceptibility. SynSM depends on
platform abstractions that necessarily simplify real communication environments. The value of the
integrated system lies in making those assumptions explicit, modular, and testable, but they remain
assumptions nonetheless.

7.8 Future Work

A key area for future work is relaxing the assumption of a fixed population size and composition
within each country and exercise. In the current framework, AURORA personas are statically de-
fined at initialization, which supports experimental control but does not fully capture the dynamic
nature of real-world information environments. Future extensions could introduce time-varying
population structures, allowing both the number and type of personas to evolve over the course of
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a scenario. This could be achieved through controlled population inflow and outflow processes,
such as event-driven participation, shifts in community engagement, or platform-level behaviors
like account creation and dormancy. Enabling dynamic population adaptation would allow the
model to better represent changing audience composition, the emergence of new influential actors,
and evolving patterns of attention across topics, thereby improving both realism and applicability
for training and operational use.

While this chapter establishes behavioral and structural validity through alignment with estab-
lished models of opinion dynamics and observed distributional properties (e.g., selective suscepti-
bility, rare stance reversals, and bounded updates), a critical direction for future work is systematic
external validation against real-world data. In particular, stance-flipping behavior—while plausibly
constrained and emergent from general mechanisms such as salience, repeated exposure, and ef-
fective resistance—has not yet been quantitatively benchmarked against longitudinal observational
datasets (e.g., panel surveys or temporally resolved social media stance data). Such validation
would enable calibration of key parameters (e.g., afﬁfc, Omax) to better align simulated transition
probabilities with empirical rates of belief revision. Importantly, this would also clarify the ex-
tent to which the model can support operational inference. Rather than providing deterministic
predictions of when opinions will change, the framework is intended to characterize probabilistic
conditions of susceptibility. Future work should therefore evaluate whether these modeled suscep-
tibility patterns correspond to empirically observed responsiveness under repeated messaging or
exposure campaigns. Finally, this line of work will help determine the appropriate level of gener-
alization: whether validation at the level of behavioral mechanisms is sufficient for cross-scenario
transfer, or whether scenario-specific recalibration is required for high-fidelity operational use.

An additional area for future work is the explicit formalization of how AURORA-generated
communities map to scenario-defined group structures within AESOP. While communities are con-
structed to reflect broad institutional and social domains (e.g., media, government, civil society),
and AESOP groups define coordinated actor alignments and narrative roles, the current framework
relies on implicit alignment between these layers. Future work should develop a formal cross-walk
that systematically links community categories to scenario group definitions, enabling more precise
targeting of influence maneuvers and clearer attribution of population responses to specific strate-
gic actors. This would also support more rigorous analysis of how institutional positioning shapes
exposure, interpretation, and downstream belief evolution, strengthening both the interpretability
and operational utility of the integrated GhostField architecture.
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Chapter 8

Conclusion

8.1 Introduction

This dissertation began with a central problem in computation social science and social cyber-
security: how to build synthetic populations that are not only demographically plausible, but also
psychologically grounded, emotionally expressive, and capable of participating in realistic opinion
dynamics within contested information environments. Existing approaches typically capture only
part of this problem. Traditional synthetic populations methods preserve demographic structure but
omit cognition, affect, and narrative context. Classical opinion dynamics models offer interpretable
mechanisms for social influence, but usually rely on simplified, topic-agnostic agents. More re-
cent LLLMs approaches generate fluent and context-sensitive personas, yet often lack demographic
proportionality, reproducibility, interpretability, and principled mechanisms for longtiduinal belief
change.

This dissertation addressed that gap by developing an integrated socio-cognitive modeling
framework composed of four connected layers. First, it established a structurally grounded syn-
thetic population substrate through skeleton persona generation. Second, it introduced emotionally
grounded and psychologically coherent persona construction through hierarchical conditioning and
retrieval-augmented generation. Third, it formalized AURORA as an initialization framework that
transforms demographic substrates into grounded synthetic agents with opinions, salience, emo-
tion, and social embedding. Fourth, it developed JANUS, a mechanistic opinion dynamics model
in which belief change emerges from anchor retention, signed social influence, salience-sensitive
stubbornness, and affective drift. Finally, it evaluated the integration of these components inside
the GhostField live—virtual-constructive environment, demonstrating that the resulting system can
function as a practical world model for influence experimentation and training.

The chapters of this dissertation advance a single overarching claim: realistic synthetic pop-
ulations for influence modeling must be built as layered systems in which demographic propor-
tionality, psychological structure, emotional realism, and dynamic belief evolution are explicitly
connected. The dissertation therefore contributes not merely a single model, but a full modeling
pipeline that moves from structural population synthesis to live socio-cognitive simulation.
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8.2 Summary of the Integrated System

The overall system developed in this dissertation can be understood as a staged pipeline that trans-
forms empirical population structure and contextual information into an executable world model
for social-cyber experimentation. At the highest level, the framework proceeds through four major
stages:

Structural Population Synthesis — Grounded Persona Construction — &.1)
Opinion Dynamics Simulation — Live Information Environment Realization. '

8.2.1 Structural Foundations: Skeleton Personas

The first component of the system establishes a behaviorally neutral demographic substrate. Using
ACS PUMS microdata and Iterative Proportional Fitting (IPF), this dissertation generated skele-
ton personas that reproduce target demographic marginals while remaining intentionally agnostic
to opinions, affect, and narrative exposure. This stage is important because it isolates population
structure from later behavioral enrichment. Rather than embedding cognition too early, the frame-
work first ensures that the synthetic population is proportionally representative over the modeled
demographic space. The semantic validation analysis in Chapter 3.8.3 further demonstrated that
record-level plausibility can be improved through post hoc filtering, but only under validation ar-
chitectures that preserve population-level structure. This led to the conclusion that deterministic,
rule-based validation offers the best balance among coherence, interpretability, and distributional
fidelity.

8.2.2 Emotionally Grounded Persona Construction

The second component of the dissertation addressed a major limitation in both traditional agent-
based models and many LLM-based persona systems: the absence of psychologically grounded
emotional structure. Through a hierarchical country — community — individual generation pipeline,
the dissertation demonstrated that personas can be constructed so that emotional expression re-
mains coherent across multiple social scales while preserving within-group variation. By condi-
tioning personas on OCEAN personality traits, Moral Foundations Theory, and topic-specific cues,
the framework generated synthetic agents whose emotional responses aligned with broad empirical
patterns observed in real-world social media data. The results showed that emotional expression
was not generic, but topic-sensitive, demographically structured, and improved substantially as
prompting incorporated richer psychological context. This provided a crucial foundation for later
chapters, since emotionally expressive agents are more appropriate inputs to opinion dynamics
models than emotion-blind abstractions.

8.2.3 AURORA: Grounded Synthetic Population Initialization

Building on those structural and psychological foundations, AURORA formalized a retrieval-
augmented population initialization framework for creating synthetic agents that are demograph-
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ically proportional, psychologically coherent, and ideologically grounded. AURORA separated
population construction into staged components: demographic skeleton generation, retrieval-grounded
enrichment, hierarchical opinion initialization, affective profile assignment, and social media ac-
count realization. This separation was methodologically important. It preserved causal traceability

by ensuring that demographic proportionality was not silently distorted by behavioral enrichment,
while still enabling personas to be grounded in contemporary country- and topic-specific discourse.
The results from the Indo-Pacific Geopolitical Opinion Experiment (IGOE) showed that AURORA
generated populations exhibiting coherent cross-country opinion structure, stable salience varia-
tion, and emotionally differentiated reactions across geopolitical topics.

8.2.4 JANUS: Mechanistic Opinion Dynamics for Heterogeneous Popula-
tions

The dissertation then introduced JANUS, a mechanistic opinion dynamics model designed to op-
erate over AURORA-generated populations. JANUS extends Friedkin—Johnsen-style influence
dynamics by incorporating four coupled mechanisms: anchor retention, signed social influence,
salience-modulated effective stubbornness, and affective emotional drift. In contrast to classical
models that often collapse toward consensus or assume topic-agnostic influence, JANUS allows
agents to remain attached to prior beliefs while updating through attraction, repulsion, and emo-
tionally conditioned responsiveness. The scaling experiments in Chapter 6.10 showed that JANUS
sustains heterogeneous and polarized end states even as network size increases, preserves stable
topic differentiation under fixed topology and parameters, and concentrates large opinion changes
within a relatively small subset of highly susceptible agents rather than generating population-wide
conversion. These findings support the claim that psychologically heterogeneous synthetic popula-
tions can be embedded within interpretable social influence models without sacrificing dynamical
stability.

8.2.5 GhostField: From Synthetic Corpus Generation to Socio-Cognitive
World Modeling

The final stage of the dissertation integrated AURORA and JANUS inside the GhostField environ-
ment alongside AESOP and SynSM. This chapter demonstrated a shift from scenario-conditioned
corpus generation to executable socio-cognitive simulation. Earlier synthetic information environ-
ments could generate plausible traffic and narrative structure, but they lacked a grounded popula-
tion layer and a formal mechanism for multi-day belief evolution. By integrating AURORA and
JANUS, GhostField became capable of representing not only what messages appear in an informa-
tion environment, but also how heterogeneous populations interpret, respond to, and evolve under
those messages over time.

The live exercise evaluation showed that this integrated architecture produces topic-sensitive,
country-differentiated, and intervention-responsive dynamics. Convergence, persistent polariza-
tion, selective influence effects, and analytically useful response variation all emerged inside the

216



training environment. In this sense, GhostField functioned as more than a synthetic content genera-
tor; it operated as a bounded, interpretable world model for influence experimentation and training.

8.2.6 Longevity of Contribution: Bridging LL.Ms and Realistic Opinion Dy-
namics

The contributions of this dissertation are not tied to a specific generation of large language models,
but rather to a broader methodological shift in how synthetic populations are constructed and used
within computational social science. While the capabilities of LLMs will continue to evolve,
the core contribution of this work lies in establishing a principled integration between generative
models and mechanistic social simulation.

At a foundational level, this dissertation demonstrates that LLLMs are most valuable not as stan-
dalone behavioral simulators, but as components within structured, interpretable pipelines. The
AURORA framework formalizes how generative models can be used to initialize populations that
are demographically grounded, psychologically coherent, and contextually informed, while pre-
serving traceability and reproducibility. This separation between population initialization (LLM-
driven) and population evolution (mechanistic) is expected to remain relevant regardless of future
advances in generative Al.

Similarly, JANUS provides a durable contribution by showing how heterogeneous, LLM-
conditioned agents can be embedded within formal opinion dynamics without sacrificing inter-
pretability. The model does not depend on any specific language model, but instead operates over
structured representations of beliefs, salience, identity, and affect. As such, improvements in LLM
quality will enhance the fidelity of agent initialization, but the underlying dynamical system re-
mains stable, extensible, and theoretically grounded.

More broadly, this dissertation contributes to a long-term research direction in which synthetic
populations function as bounded, controllable world models for studying social influence. The
integration of AURORA, JANUS, and GhostField demonstrates that it is possible to construct
systems where realism, interpretability, and experimental control coexist. This balance is unlikely
to be obviated by future Al advances; if anything, increasing model capability will make the need
for structured, interpretable integration more important.

Finally, the layered architecture introduced in this work provides a template for future systems
that incorporate improved generative models, richer data sources, and more complex interaction
environments. Because each layer—demographic synthesis, psychological grounding, opinion dy-
namics, and platform realization—is modular, the framework can evolve as underlying technolo-
gies improve without requiring a complete redesign.

In this sense, the lasting contribution of the dissertation is not a specific model instance, but
a generalizable paradigm for integrating generative Al with social simulation. It establishes how
realism can be introduced without sacrificing interpretability, and how modern Al methods can
augment—rather than replace—formal theories of social behavior.
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8.3 Dissertation-Level Contributions

The dissertation makes several contributions that span methodological, theoretical, and applied
dimensions.

C1. A Layered Framework for Synthetic Population Modeling The first major contribution
is the development of a layered framework for synthetic population modeling that explicitly sep-
arates demographic structure, psychological enrichment, dynamic opinion updating, and platform
realization. This layered design is one of the dissertation’s core methodological contributions. It
avoids conflating structural realism with behavioral assumptions, preserves interpretability, and al-
lows each component to be validated on its own terms. In contrast to monolithic LLM-based agent
systems, the dissertation shows that realistic synthetic populations are best built through modular
integration rather than end-to-end generation alone.

C2. A Demographically Proportional and Behaviorally Neutral Population Substrate The
dissertation contributes a formalized approach to constructing skeleton personas as behaviorally
neutral demographic agents. This establishes a reusable substrate for downstream behavioral mod-
eling and shows that demographic proportionality can be preserved while still supporting later
psychological enrichment. The chapter on semantic validation further contributes an empirical
characterization of the coherence—fidelity trade-off in post-IPF filtering, identifying deterministic
rule-based validation as the most practical operating point for large-scale deployment.

C3. A Hierarchical Method for Emotionally Grounded Persona Synthesis A third contri-
bution is the hierarchical persona synthesis framework that integrates demographic context, in-
stitutional or community-level structure, personality traits, moral foundations, and topic-specific
emotion cues. This framework advances beyond demographic personas or prompt-only LLM per-
sonas by showing how emotionally expressive agents can be generated in a way that is coherent
across multiple scales and empirically anchored to known behavioral patterns. The cross-platform
validation against Facebook reaction patterns provides one of the dissertation’s strongest empirical
contributions, demonstrating that synthetic personas can reproduce broad demographic gradients
in emotional response while remaining suitable for simulation.

C4. A Retrieval-Augmented Initialization Framework for Structured Synthetic Agents The
dissertation’s fourth major contribution is AURORA itself. AURORA demonstrates how Retrieval-
Augmented Generation can be integrated with demographic synthesis and hierarchical condition-
ing to create grounded synthetic populations suitable for agent-based modeling. Its main novelty
lies not in retrieval alone, but in using retrieval as a mechanism for population grounding: country-
level priors, community-level institutional framing, and persona-level contextual detail are all con-
nected through a coherent architecture. This provides a reproducible and interpretable alternative
to unconstrained persona generation and offers a practical solution to the initialization problem in
social simulation.
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C5. A Mechanistic Opinion Dynamics Model for LLM-Conditioned Populations A fifth
contribution is the development of JANUS as a hybrid model that integrates LLM-conditioned
heterogeneity with formal social influence dynamics. JANUS contributes a mechanistic exten-
sion of Friedkin—Johnsen-style updating in which opinion change depends on signed influence,
salience-sensitive stubbornness, and affective bias. This allows the model to preserve heterogene-
ity and sustain polarization under realistic network structures. Importantly, JANUS shows that
LLM-generated diversity can parameterize an interpretable dynamical model rather than replace
it. This contribution is significant because it bridges the gap between formal opinion dynamics and
contemporary generative-Al-based agent populations.

C6. Empirical Evidence for Topic-Sensitive and Scale-Sensitive Opinion Dynamics The dis-
sertation also contributes new empirical findings about how heterogeneous synthetic populations
behave under opinion dynamics. JANUS preserved stable topic-level differences in polarization
under identical topology and parameters, suggesting that persona-level initialization can encode
meaningful topic sensitivity without bespoke retuning. It also revealed a scale-dependent transition
in collective dynamics: smaller networks amplify polarization through local reinforcement, while
larger networks settle into stable polarized equilibria under stronger averaging pressure. These
results extend classical opinion dynamics by showing how scale, topic salience, and psychological
heterogeneity interact within a unified model.

C7. A Live Socio-Cognitive Training and Experimentation Environment Finally, the disser-
tation contributes an applied systems integration result: the transformation of GhostField from a
scenario-conditioned synthetic corpus generator into an experimental socio-cognitive world model.
By integrating AESOP, AURORA, JANUS, and SynSM, the dissertation demonstrates that syn-
thetic populations can be used not only for offline analysis but also for live exercise deployment.
This makes the framework useful for both scientific experimentation and operational training. The
live IGOE exercise showed that participants encountered populations with differentiated behav-
ioral responses, persistent geopolitical structure, and measurable sensitivity to interventions. This
is a practical contribution as well as a scientific one.

8.4 What the Dissertation Demonstrates as a Whole

Viewed as a whole, the dissertation demonstrates five overarching claims.

First, demographic realism alone is not sufficient for realistic synthetic populations. Pop-
ulation synthesis methods must be combined with mechanisms for psychological grounding, emo-
tional differentiation, and social embedding if the resulting agents are to support meaningful social
simulation.

Second, LLMs are most useful when embedded within structured modeling pipelines
rather than used as unconstrained behavioral simulators. In this dissertation, LLMs are used
for semantic compression, persona realization, contextual grounding, and narrative generation, but
the dynamical core remains mechanistic and interpretable.
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Third, emotion is not peripheral to opinion dynamics. Emotional structure shapes baseline
predispositions, responsiveness, and topic sensitivity, and therefore must be represented if one
wishes to model realistic reactions to contested narratives.

Fourth, opinion dynamics in heterogeneous populations are strongly conditioned by topic
and scale. The same population can behave differently across issues, and the same model can
exhibit different collective regimes as network size changes. This means that realistic world models
must preserve both inter-topic and inter-scale structure.

Fifth, synthetic populations can function as bounded world models for influence experi-
mentation and training. They are not substitutes for human subjects or full replicas of real online
ecosystems, but they can support repeatable, interpretable, and ethically tractable experimentation
on influence, narrative diffusion, and intervention response.

8.5 Limitations and Future Work

8.5.1 Limitations

Despite these contributions, the dissertation has several important limitations.

First, the Retrieval-Augmented Generation (RAG) knowledge base is limited to curated source
material. Although this improves grounding and interpretability, it also constrains the breadth of
contextual knowledge available to synthetic personas. As a result, generated outputs reflect the
scope, quality, and representativeness of the selected corpus rather than the full diversity of real-
world discourse.

Second, LLM-generated psychological attributes remain sensitive to prompt design and re-
trieved context. While the framework uses structured prompting and grounded retrieval to improve
consistency, persona traits and behavioral tendencies may still vary depending on how information
is framed, what context is retrieved, and how the model interprets those cues. This means that
some aspects of psychological realism depend on the design of the generation pipeline rather than
on directly observed human data.

Third, the emotion modeling developed in this dissertation captures broad affective tenden-
cies rather than the full complexity of human psychology. The framework represents emotional
predispositions and topic-conditioned responses in a structured and interpretable way, but it does
not model the full richness of emotional regulation, memory, conflicting motives, or longitudinal
affective development.

Fourth, the network structures used throughout the dissertation are simplified representations of
real social media interaction patterns. Although they are sufficient for controlled experimentation
and capture important features such as clustering, homophily, and cross-group exposure, they do
not fully reproduce platform-specific mechanisms such as recommendation systems, algorithmic
amplification, shifting visibility, or dynamic rewiring of ties over time.

Finally, agent emotional responses are modeled through trait-emotion mappings rather than
full cognitive processes. This provides a tractable and theory-informed way to parameterize emo-
tional variation across personas, but it abstracts away more complex processes such as deliberation,
situational reinterpretation, memory-based appraisal, and recursive social reasoning. Accordingly,
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the framework should be understood as modeling emotionally structured behavior, rather than
complete human cognition.

8.5.2 Future Work

This dissertation establishes a modular framework for generating demographically grounded syn-
thetic populations, enriching them with psychologically structured personas, simulating their opin-
ion dynamics, and deploying them within a live synthetic information environment. While the
results demonstrate the feasibility and utility of this approach, several important extensions remain
for future research. These directions would improve the realism, explanatory depth, and opera-
tional value of the overall system.

Content-Aware Message Processing in JANUS A major next step is to incorporate content-
aware message processing directly into JANUS opinion updates. In the current framework, belief
change is driven primarily by interpersonal structure, signed influence, salience, baseline affect,
and anchor retention. Although this supports interpretable and stable dynamics, it treats exposure
at a relatively abstract level. In practice, however, the effect of a message depends not only on who
sent it, but also on what the message contains and how it is framed.

Future work should therefore allow JANUS to condition opinion updates on message-level
properties such as narrative frame, stance, emotional tone, moral language, argument strength, and
source style. This would allow different messages about the same topic to exert different influence
effects even when delivered through the same network ties. Such an extension would make the
model better suited for studying persuasion, narrative competition, and intervention design, since
it would connect changes in belief not just to exposure volume, but to the semantic and rhetorical
properties of content itself.

Expanding the AURORA RAG Knowledge base Another important direction is to expand the
Retrieval-Augmented Generation knowledge base used by AURORA. At present, the system relies
on curated corpora designed to provide country-specific, topic-specific, and community-relevant
grounding. This improves contextual fidelity, but it also limits persona generation to the scope and
representativeness of the collected source material.

Future work should broaden the range, depth, and diversity of the knowledge base by incor-
porating richer news archives, survey summaries, policy documents, community descriptions, cul-
tural reference material, and multilingual source collections. Expanding the corpus would im-
prove cultural specificity, reduce reliance on narrow narrative samples, and allow personas to be
grounded in a wider range of social and institutional contexts. It would also support more robust
transfer across countries, issue domains, and time periods, strengthening AURORA as a reusable
population initialization system rather than a scenario-specific pipeline.

Structured Information Ecosystems for Synthetic Actors The current framework models agents,
topics, and social platforms, but future work should move toward richer structured information
ecosystems. In real information environments, actors are embedded not only in social networks,
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but also in persistent media systems that include news outlets, institutional channels, rumor net-
works, advocacy organizations, and platform-specific amplification pathways.

A useful extension would be to explicitly model these information ecosystems as structured lay-
ers within the simulation. Synthetic actors could then occupy different positions within a broader
media ecology, such as institutional broadcasters, local news accounts, partisan amplifiers, commu-
nity organizations, or informal peer networks. This would make it possible to study how narratives
move not only through person-to-person exposure, but also across interacting layers of media and
institutions. Such an architecture would improve the realism of GhostField and strengthen its value
as both an experimental platform and a training environment.

Tiered Media Trust Hierarchies Relatedly, future veresions of the framwoek should incorpo-
rate a tiered media-trust hiearchy. In the current system, agents repond to messages primarily
through network exposure and internal predispositions, but real-world information processing is
strongly shaped by perceived source credibility. Individuals do not treat all sournces equally; they
assign different levels of trust to government agencies, journalists, influencers, partisan outlests.
foreign actors, and anonymous accounts.

Relatedly, future versions of the framework should incorporate a tiered media-trust hierarchy.
In the current system, agents respond to messages primarily through network exposure and inter-
nal predispositions, but real-world information processing is strongly shaped by perceived source
credibility. Individuals do not treat all sources equally; they assign different levels of trust to
government agencies, journalists, influencers, partisan outlets, foreign actors, and anonymous ac-
counts.

A media-trust hierarchy would allow agents to weight incoming information differently de-
pending on source type, institutional legitimacy, prior affinity, and platform context. For example,
a persona might strongly trust public health institutions on medical topics while distrusting them on
political issues, or trust local community organizations more than national media. This extension
would improve both realism and analytic precision by allowing researchers to model credibility,
distrust, and selective receptivity as explicit features of the influence process.

Diurnal and Platform-Specific Activity Cycles Another limitation of the current opinion dy-
namics implementation is that agents update continuously across timesteps without realistic tempo-
ral rhythms. In real social media environments, participation is temporally structured: people sleep,
work, commute, and engage with platforms at different times and frequencies. Activity patterns
also vary across platforms; for example, broadcast-oriented platforms and chat-based platforms
often have different temporal rhythms and attention cycles.

Future work should therefore introduce diurnal and platform-specific activity models into JANUS
and SynSM. Agents should not be assumed to update at every timestep. Instead, each persona could
have activity windows shaped by time zone, work schedule, sleep cycle, platform preference, and
habitual media use. This would allow the simulation to better capture bursts of coordinated atten-
tion, nighttime lulls, platform migration, and uneven exposure windows. Such a change would also
improve realism in live exercises by making the synthetic environment feel less uniformly active
and more like a living socio-technical system.
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Institutional Rules and Community Constraints in AURORA Finally, future work should
introduce stronger institutional and community rule constraints into AURORA. The current frame-
work already embeds personas within communities and organizations, but these affiliations pri-
marily shape context, opinion priors, and broad social identity. In many real settings, however,
institutions impose explicit or implicit behavioral rules on members. Government officials, mili-
tary personnel, journalists, healthcare workers, activists, and religious leaders are often constrained
by professional norms, role expectations, and organizational obligations.

Incorporating these constraints would improve persona realism by ensuring that agents belong-
ing to specific institutions behave in ways that are consistent with their roles. For example, a public
health official may be less likely to post emotionally extreme content, a military spokesperson may
follow stricter narrative discipline, and a religious community leader may frame issues through
moral or theological language. Such role-based constraints would enhance both the interpretabil-
ity and plausibility of the generated personas, while also supporting more faithful simulation of
institutional communication environments.

These directions point toward a next generation of the framework in which agents are not only
demographically and psychologically grounded, but also more deeply embedded in realistic media
ecosystems, institutional structures, temporal rhythms, and content-sensitive interaction processes.
Advancing along these lines would strengthen the dissertation’s broader goal of building synthetic
populations that can serve as credible, interpretable, and experimentally useful world models for
social-cyber influence research.
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Appendix A

Synthetic Persona (Skeleton) Generation

A.1 Country-Level Demographic and Socio-Political Reference
Data

This appendix provides the complete country-level demographic, socio-economic, and socio-political
reference data used by the AURORA framework for synthetic population and persona initialization.
These variables inform skeleton persona construction, community formation, opinion grounding,
and salience calibration across simulation scenarios.

Data scope and purpose. Table A.1 presents the country-level demographic, digital, socioeco-
nomic, and political reference variables used by the AURORA framework to initialize synthetic
populations and skeleton personas. Core demographic indicators—including population size, ur-
banization rate, age structure, and sex ratio—were drawn from internationally harmonized datasets
maintained by the World Bank [201] and national statistical offices [139]. These variables provide
macro-level constraints that ensure population-scale realism while allowing downstream agent het-
erogeneity to emerge through sampling and interaction rather than deterministic assignment.

Economic, digital, and platform context. Economic indicators such as GDP per capita and em-
ployment sector composition were sourced from the World Bank and Statista [176, 201], enabling
alignment with widely used benchmarks in computational social science. Internet penetration
rates, social media adoption levels, and dominant platform usage were compiled from DataRepor-
tal’s Digital Country Reports [47], which aggregate survey and platform-reported statistics across
regions. These digital context variables inform agent exposure probabilities, platform-specific in-
teraction opportunities, and baseline information access within the simulation environment.

Sociocultural grounding. Ethnic composition, language use, and religious affiliation were de-
rived primarily from national census publications and official country profiles [139], supplemented
where necessary by curated encyclopedic sources [199]. These attributes are used in AURORA to
parameterize identity-relevant traits and contextual priors, supporting the modeling of homophily,
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group salience, and culturally mediated belief formation without hard-coding individual-level be-
havior.

Political alignment and institutional trust. Political leanings reflect vote-share outcomes or
dominant party alignments from the most recent national elections available for each country
[199]. Institutional trust values represent the proportion of respondents reporting confidence in
national governments or public institutions, drawn from cross-national trust surveys conducted by
the OECD [144], Gallup, and the Edelman Trust Barometer [62]. Where survey estimates var-
ied across sources, rounded values were used to preserve cross-country comparability rather than
survey-specific precision.

Modeling considerations. All variables were normalized, discretized, or categorized to support
computational use within AURORA. In cases of missing, conflicting, or rapidly changing indi-
cators—particularly for trust and platform usage—conservative estimates were selected based on
consensus ranges reported across sources [47, 144]. Importantly, these country-level attributes
function as initialization constraints and contextual priors rather than deterministic drivers of
agent behavior; belief change and influence dynamics emerge through agent interaction within
the JANUS opinion model rather than directly from macro attributes.

A.2 ACS PUMS Data Structure and Variable Encoding

This appendix documents the structure of the American Community Survey (ACS) Public Use Mi-
crodata Sample (PUMS) data used for skeleton persona generation, including variable encodings,
marginal distributions, and sample records.

A.2.1 Raw Data Format

The source data file contains weighted individual records with nine columns. Table A.2 shows
representative records from the dataset.

A.2.2 Variable Definitions and Encoding

Table A.3 provides detailed encoding schemes for all eight demographic variables used in skeleton
persona construction.

A.2.3 Empirical Marginal Distributions

Tables A.4 and A.5 present the weighted marginal distributions P, (v;) extracted from the ACS
PUMS data using person weights PWGTP. These marginals serve as target constraints for IPF
synthesis.
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Country |Population Urban | M/F 0-14 15-64 |65+ GDP pc Internet [Social Me-|Top Plat- | Ethnicity |Languages |Religion Employment Trust Political Lean-
% dia forms ings
Japan 124M 92 0.95 11 60 29 $32k 87 78% LINE, X, |Japanese Japanese Shinto/BuddhistAg 3 / Ind |42% LDP, CDP, DPP
IG, TT 98% 24/ Serv 73
China 1.41B 66 1.12 16 69 16 $13k 78 77% WeChat, Han 91% Mandarin | Non-rel 93% |Ag 22 / Ind |91% CCP
Douyin 29/ Serv 49
Russia 144M 75 0.86 18 66 17 $15k 92 73% VK, TikTok | Russian Russian Orthodox Ag 6 / Ind|80% United Russia
81% 26/ Serv 68
United 340M 84 0.97 17 65 18 $86k 93 73% YouTube, |White 60% |English Christian/Nong Ag 2 / Serv | 22% Rep /Dem / Ind
States FB 79
Canada 41M 82 0.99 15 65 19 $54k 97 91% FB, YT Euro 70% | Eng/French |Christian 53% | Serv 80 49% Liberal / Con
Philippines| 1 16M 49 1.87 31 64 5 $4k 84 78% FB, YT, TT | Tagalog grp | Filipino/Eng | Catholic 79% |Ag 22/ Serv | 80% PFP / Ind
59
South Ko-|52M 81 1.00 11 71 18 $33k 97 95% Kakao, YT |Korean 96% | Korean Non-rel 51% | Serv 71 37% Dem / PPP
rea
India 1.45B 37 1.06 25 68 7 $2.7k 56 34% YT, FB Indo-Aryan |Hindi/Eng |Hindu 80% |Ag44/Serv|73% BJP/INC
31
Germany |85M 78 0.98 14 63 23 $54k 94 80% YT, IG German German Christian 55% | Serv 75 36% CDU / AfD
74%
France 67M 82 0.94 17 61 22 $41k 95 76% YT, FB French 87% | French Catholic 48% | Serv 78 28% LREM /RN
UK 69M 84 0.98 17 63 17 $49k 98 82% YT, FB White 82% | English Christian 46% | Serv 85 27% Lab/Con
Taiwan 23M 81 0.98 12 69 19 $33k 91 80% YT, FB Han 95% Mandarin | Folk/Buddhist | Serv 59 10% DPP/KMT
Thailand |72M 54 0.95 15 70 15 $7k 98 85% FB, YT Thai 95% | Thai Buddhist 93% | Ag 30/ Serv [ 58% Move Forward
48
Iran 92M 78 1.03 23 69 8 $4.8k 80 52% Telegram, |Persian 61% | Persian Muslim 99% | Ag 16/ Serv | <50% SHANA
1G 49
Pakistan |251M 38 1.05 37 59 4 $1.5k 27 26% YT, TT Punjabi grp |Urdu/Eng  |Muslim 96% |Ag36/Serv [47% PTI/PML
38
Australia |27M 87 0.98 19 66 16 $64k 97 78% YT, FB Euro 75% | English Christian 44% | Serv 77 46% Fmﬁ\ LNP
Vietnam | 101M 40 1.00 24 68 8 $4.7k 78 75% FB, YT Kinh 85% | Vietnamese |Irreligious Ag33/Serv|— Coéithunist
36
Saudi 35M 85 1.56 24 73 3 $35k 100 97% YT, TT Arab 90% | Arabic Muslim 100% | Serv 72 87% Monarchy
Arabia
Iraq 45M 72 1.06 37 60 3 $6k 82 71% FB, TT Arab/Kurd | Arabic Muslim 85% | Serv 64 55% Sadrist
Egypt 117M 43 1.06 32 63 5 $3.3k 73 43% YT, FB Egyptian Arabic Muslim 90% | Serv 53 66% Independent
99%
Ethiopia |132M 24 1.06 39 58 3 $3.3k 17 6% FB Oromo/Amhafiemitic Orthodox Ag 62 30% Prosperity
45%
Ukraine 38M 70 1.06 14 67 19 $5.4k 82 64% YT, FB Ukrainian | Ukrainian | Orthodox Serv 60 35% Servant P.
78%
Poland 37M 60 1.06 15 65 20 $25k 86 76% FB, YT Polish 99% | Polish Catholic 71% | Serv 63 32% PO /Ind
Italy 59M 72 1.06 12 63 25 $40k 87 73% FB, YT Italian 95% | Italian Catholic 75% | Serv 70 36% Brothers
Spain 49M 82 1.06 13 66 21 $35k 95 83% YT, IG Euro 81% | Spanish Catholic 55% | Serv 77 37% PP /PSOE
Austria oM 60 1.05 14 65 21 $57k 95 80% YT, FB Austrian German Catholic 55% |Serv 71 26% FPO / OVP
91%
Norway |5.6M 84 1.06 16 65 19 $87k 99 82% YT, IG Euro 92% |Norwegian |Protestant Serv 79 48% Labour
62%
Sweden 10.6M 89 1.06 17 62 21 $58k 96 80% YT, IG Euro 88% Swedish Protestant Serv 81 43% Soc Dem
56%
Mexico 131M 82 1.04 25 67 8 $14k 81 70% YT, FB Latino 69% | Spanish Catholic 78% |Serv 63 54% Morena
Brazil 212M 88 1.04 27 69 11 $10k 84 68% YT, IG Mixed 45% | Portuguese |Catholic 57% |Serv 72 39% PT/PL
Chile 20M 88 1.04 17 69 14 $17k 95 75% YT, FB Euro 59% | Spanish Catholic 54% |Serv 72 30% Social Conv.
Argentina |46M 93 1.05 22 66 12 $14k 89 70% YT, FB Euro 79% | Spanish Catholic 63% |Serv 76 43% PL/FR

Table A.1: Country-level demographic, digital, socioeconomic, and political attributes used for AURORA skeleton persona gen-
eration (32 countries).




Table A.2: Sample records from ACS PUMS dataset

PWGTP SEX MAR RAC1IP HISP COW SCHL AGEP PINCP

69 2 2 1 01 0 16 94 12200
42 1 5 1 01 0 19 18 0
18 1 4 9 02 0 21 75 108000
24 1 1 2 01 0 18 44 0

A.2.4 Age Distribution

Table A.6 shows the age distribution aggregated into 10-year bins for visualization purposes. IPF
operates on continuous age values (0-99), but binned distributions facilitate comparison with focus
relation analyses.

Table A.6: Age distribution in 10-year bins.

Age Bin Proportion

0-9 0.1137
10-19 0.1293
20-29 0.1300
30-39 0.1378
4049 0.1256
50-59 0.1218
60-69 0.1215
70-79 0.0810
80-89 0.0322
90-99 0.0071

A.2.5 Focus Relation: Age x Education Joint Distribution

Table A.7 presents selected cells from the Age x Education joint distribution, which serves as the
primary focus relation for evaluating semantic validation strategies. The full distribution contains
10 x 25 = 250 cells; only representative high-probability combinations are shown.

A.2.6 Data Preprocessing and Caching

To accelerate iterative experimentation, marginal distributions and joint distributions are computed
once from the weighted ACS PUMS data and cached in JSON format (USA_micropop_8_summaries_cache.
This cache contains:

* One-way marginals: P, (v;) for all eight variables (Table A.4-A.6)

* Two-way joint distributions: All pairwise combinations (e.g., Age x Sex, Age x Educa-
tion), totaling 28 distributions

227



* Three-way joint distributions: Selected three-variable combinations for advanced correla-
tion analysis

The caching strategy reduces IPF initialization time from ~30 seconds (recomputing marginals
from 2.5M+ weighted records) to <1 second (loading pre-computed JSON), enabling rapid itera-
tion during validation strategy development.

A.2.7 Data Representativeness

The ACS PUMS dataset represents the U.S. civilian non-institutionalized population. Person
weights (PWGTP) are calibrated by the U.S. Census Bureau to match known population totals
across demographic dimensions. Key representativeness properties:

* Geographic coverage: All 50 states and District of Columbia

* Sample size: 2.5M+ individual records (1% sample)

Weighted population: Approximately 330M individuals when weights applied
* Temporal coverage: Single-year estimates reflect population snapshot

* Exclusions: Institutionalized populations (prisons, nursing homes), military personnel in
barracks, and overseas residents

These exclusions are standard for household survey data and do not materially affect skeleton
persona validity for most agent-based modeling applications, which focus on civilian household
populations.

228



Table A.3: Variable definitions and encoding schemes.

Variable Description Encoding

PWGTP Person weight Integer weight for population-representative sampling

SEX Biological sex 1 = Male, 2 = Female

MAR Marital status 1 = Married; 2 = Widowed; 3 = Divorced; 4 = Separated; 5
= Never married

RACIP Detailed race 1 = White alone; 2 = Black/African American alone

3 = American Indian alone; 4 = Alaska Native alone
5 = American Indian/Alaska Native tribes

6 = Asian alone; 7 = Native Hawaiian/Pacific Islander
8 = Some other race; 9 = Two or more races

HISP Hispanic origin 01 = Not Spanish/Hispanic/Latino
02-24 = Various Hispanic/Latino origins
(Mexican, Puerto Rican, Cuban, etc.)

COwW Class of worker 0 = Not in universe (children, unemployed)
1 = Private for-profit employee
2 = Private non-profit employee
3 = Local government employee
4 = State government employee
5 = Federal government employee
6 = Self-employed (incorporated)
7 = Self-employed (not incorporated)
8 = Working without pay (family business)
9 = Unemployed

SCHL Educational attainment 0 = No schooling; 1-8 = Grades 1-8
9-12 = Grades 9-12 (no diploma)
13-14 = High school or GED
15-16 = Some college, no degree
17 = Associate’s degree
18-19 = Some graduate school
20 = Bachelor’s degree
21 = Master’s degree
22 = Professional degree
23 = Doctorate degree
24 = Post-doctoral

AGEP Age in years Continuous integer (0-99+)

PINCP Personal income Annual personal income in dollars (continuous)
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Table A.4: Marginal distributions for discrete demographic variables.

Sex (SEX) Marital Status (MAR)
Code Category Proportion Code Category Proportion
1 Male 0.4949 1 Married 0.3961
2 Female 0.5051 2 Widowed 0.0450
3 Divorced 0.0859
4 Separated 0.0134
5 Never married 0.4597
Race (RAC1P) Class of Worker (COW)
Code Category Proportion Code Category Proportion
1 White alone 0.6052 0 Not in universe 0.3919
2 Black alone 0.1214 1 Private for-profit 0.3976
3 Amer. Indian 0.0080 2 Private non-profit 0.0531
4 Alaska Native 0.0004 3 Local government 0.0452
5 AI/AN tribes 0.0016 4 State government 0.0247
6 Asian alone 0.0598 5 Federal government 0.0202
7 Native Hawaiian 0.0019 6 Self-employed (inc.) 0.0380
8 Other race 0.0740 7 Self-employed 0.0236
9 Two+ races 0.1276 8 Unpaid family 0.0018
9 Unemployed 0.0038
Table A.5: Marginal distribution for educational attainment (SCHL).

Code Level Prop. Code Level Prop.

0 No schooling 0.0320 13 Grade 11 0.0215

1 Grade 1 or below 0.0351 14  Grade 12, no diploma  0.0245

2 Grade 2 0.0147 15 High school diploma 0.0171

3 Grade 3 0.0129 16  GED or alternative 0.1839

4 Grade 4 0.0119 17  Some college, <1 year 0.0296

5 Grade 5 0.0125 18  Some college, 1+ years 0.0538

6 Grade 6 0.0136 19  Associate’s degree 0.1068

7 Grade 7 0.0132 20  Bachelor’s degree 0.0664

8 Grade 8 0.0141 21 Master’s degree 0.1624

9 Grade 9 0.0182 22 Professional degree 0.0722

10  Grade 10 0.0148 23 Doctorate degree 0.0165

11 Grade 11 0.0193 24 Post-doctoral 0.0120

12 Grade 12, no diploma 0.0210
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Table A.7: Selected cells from Age x Education joint distribution (proportions).

Age Bin  No School Grades 1-8 HS/GED Bachelor’s Master’s Doctorate
(SCHL=0) (SCHL=1-8) (SCHL=16) (SCHL=20) (SCHL=21) (SCHL=22)

0-9 0.0320 0.0813 0.0000 0.0000 0.0000 0.0000
10-19 0.0000 0.0004 0.0117 0.0004 0.0000 0.0000
20-29 0.0000 0.0014 0.0357 0.0103 0.0303 0.0062
30-39 0.0000 0.0021 0.0256 0.0126 0.0353 0.0158
40-49 0.0000 0.0027 0.0227 0.0117 0.0285 0.0156
50-59 0.0000 0.0028 0.0261 0.0113 0.0256 0.0126
60-69 0.0000 0.0026 0.0300 0.0115 0.0226 0.0104
70-79 0.0000 0.0017 0.0197 0.0066 0.0145 0.0086
80-89 0.0000 0.0009 0.0098 0.0018 0.0047 0.0027
90-99 0.0000 0.0003 0.0025 0.0003 0.0009 0.0004

Note: Zero probabilities in age 0-9 for high education levels reflect demographic impossibility (children cannot hold
degrees). Validation strategies aim to prevent such combinations in synthetic populations while preserving overall
Age x Education correlation structure.

231



Appendix B

Modeling Emotional Reasoning in Synthetic
Personas

B.1 OCEAN Personality Parameters

This appendix reports the country-level and regional-level OCEAN (Openness, Conscientiousness,
Extraversion, Agreeableness, Neuroticism) personality parameters used in Stage 4 of the AURORA
pipeline. For each country and region, mean ()/) and standard deviation (S D) values define the
truncated normal distributions from which individual-level personality traits are sampled.

Country-specific parameters are used when available; otherwise, regional aggregates provide
fallback estimates to preserve cross-national psychological heterogeneity. These values opera-
tionalize empirically grounded variation in baseline personality structure across populations, en-
suring that synthetic personas reflect documented cross-cultural differences in trait distributions
while remaining statistically tractable for large-scale generation [170].

Table B.1: Country-Level OCEAN Personality Parameters

Country Enm Esp Ay Asp Cy  Csp Ny Nsp Oy Osp
Argentina 0.491 0.078 0.428 0.094 0482 0.098 0.551 0.092 0.508 0.106
Australia 0490 0.101 0475 0.107 0459 0.109 0.508 0.104 0.501 0.088
Austria 0.506 0.092 0459 0.083 0467 0.111 0497 0.089 0493 0.103
Bangladesh 0450 0.065 0505 0.076 0467 0.097 0512 0.086 0.534 0.100
Belgium 0.460 0.101 0.451 0.090 0430 0.112 0536 0.098 0.546 0.086
Brazil 0.459 0.094 0459 0.088 0.454 0.093 0.531 0.091 0.492  0.094
Canada 0483 0.097 0.491 0.091 0.491 0.102 0.506 0.097 0.488 0.100
France 0.454 0.088 0466 0.082 0493 0.102 0.523 0.093 0.481 0.095
Germany 0.503 0.090 0451 0.082 0465 0.101 0503 0.084 0478 0.093
India 0474 0.089 0504 0.078 0474 0.107 0500 0.108 0.485 0.085
Japan 0.467  0.081 0.422 0.088 0378 0.093 0579 0.074 0415 0.105
Taiwan 0478 0.083 0447 0.080 0425 0.092 0.531 0.089 0.457 0.097
United Kingdom  0.498  0.097 0473 0.094 0469 0.107 0514 0.099 0460 0.097
United States 0.500 0.100 0.500 0.100 0.500 0.100 0.500 0.100 0.500 0.100
Zimbabwe 0.487 0.088 0.498 0.097 0518 0.105 0483 0.091 0.485 0.081
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Table B.2: Regional-Level OCEAN Personality Parameters

Region En Esp Ay Asp Cy Csp Ny Nsp  Onm Osp
North America 0495 0.097 0496 0.100 0483 0.106 0495 0.097 0503 0.103
South America 0.481 0.080 0.458 0.088 0471 0.095 0.527 0.086 0.515 0.098
Western Europe 0.495  0.091 0.469 0.088 0456 0.107 0504 0.092 0497 0.095
Eastern Europe 0.499 0.082 0465 0.085 0465 0.096 0497 0.085 0.508 0.090
Southern Europe 0.492 0.085 0.491 0.089 0478 0.105 0.522 0.096 0.503 0.096
Middle East 0492 0.085 0493 0.087 0489 0.104 0507 0.094 0.500 0.096
Africa 0.492 0.075 0510 0.089 0515 0.094 0479 0.083 0.481 0.085
Oceania 0.498 0.088 0479 0.097 0448 0.101 0492 0.092 0489 0.087
South & Southeast Asia  0.484  0.071 0492 0.075 0455 0.093 0.501 0.088 0.494  0.085
East Asia 0466 0.077 0434 0.080 0406 0.088 0.544 0.079 0433 0.095

B.2 Extended Persona Dataset Validation and Calibration

This appendix provides detailed validation results for the LLM-generated persona dataset, includ-
ing institutional community balance, moral foundations coherence, psychological trait calibration,
and linguistic response structure metrics. These analyses supplement the high-level findings sum-
marized in Section 7.3.

B.2.1 Institutional Community Balance and Diversity

The hierarchical generation pipeline produced a total of 537 personas (267 U.S., 270 Canadian)
distributed evenly across six institutional categories. As shown in Table B.3, representation across
countries and institution types was nearly identical, confirming that the generation process main-
tained proportional balance across all categories.

Table B.3: Distribution of LLM-generated personas across institutional categories.

Institutional Category US. Canada Total %
Industry Institutions 45 45 9 16.8
University Institutions 45 45 90 16.8
Medical Institutions 45 45 90 16.8
Liberal Governmental Institutions 45 45 90 16.8
Conservative Governmental Insti- 44 45 89 16.6
tutions

Education Institutions 43 45 88 16.4
Total 267 270 537 100.0

Within each institutional category, the LLM generated multiple communities reflecting realis-
tic organizational landscapes. For instance, Industry Institutions included groups such as the Small
Business Association and Chamber of Commerce, while University Institutions encompassed or-
ganizations like the Black Student Union and the Society of Hispanic Professional Engineers. Each
community contained 8-9 personas, ensuring balanced representation and diversity in institutional
substructures.
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B.2.2 Moral Foundations Consistency by Ideological Orientation

The persona generation process incorporated both LLM-based ideological tagging (Liberal, Mod-
erate, Conservative, Libertarian) and rule-based moral foundations mapping derived from Moral
Foundations Theory (MFT). This hybrid strategy ensured theoretical coherence while preserving
ideological diversity.

Table B.4 presents moral foundation means by political orientation, confirming alignment with
MFT expectations. Liberal and center-left personas emphasize Care and Fairness, while conser-
vative personas score higher on Authority, Loyalty, and Sanctity. These clear ideological gradients
and high effect sizes (d > 4.0 across all foundations) demonstrate that the generated ideological
structure reproduces empirically validated psychological distinctions.

Table B.4: Moral Foundations Theory validation: ideology-to-moral-foundation mappings by po-
litical orientation.

Political Group Care Fairness Loyalty Authority Sanctity Liberty
Left (n=139) 4.95 4.95 3.00 3.00 2.05 4.00
Center Left (n=150) 4.77 4.77 3.00 3.00 2.23 4.00
Center (n=78) 4.15 4.15 3.05 3.10 2.95 3.95
Center Right (n=124) 4.00 4.00 3.57 4.15 4.15 343
Right (n=46) 4.00 4.00 3.89 4.78 4.78 3.11
Theoretical Validation (Left vs. Right)

Difference (L-R) +0.95%**  40.95%**k (. 89F** ] JRFFE D TIHEE 1) gOHF*
Cohen’s d 4.98 4.98 5.71 5.71 7.47 5.71
Pattern Match v v v v v v

Note: AT] political group differences are significant at p < 0.001. Pattern Match confirms correspon-
dence with Moral Foundations Theory predictions.

B.2.3 OCEAN Personality Trait Calibration

To ensure psychological realism, personas were assigned OCEAN (Big Five) personality traits
drawn from normal distributions parameterized by cross-cultural means from [127, 170]. Table B.5
reports LLM-generated averages against empirical benchmarks for both the U.S. and Canada.
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Table B.5: OCEAN personality trait validation: LLM-generated vs. empirical research data.

. U.S. Canada Deviation®

Trait

LLM Obs. LLM  Obs. U.S. CA
Openness 0492 0500 0485 0487 -0.08 -0.02
Conscientiousness 0.495 0500 0.486 0.490 -0.05 -0.04
Extraversion 0.493 0.500 0490 0.483 -0.07 +0.07
Agreeableness 0.500 0.500 0.501 0.491 0.00 +0.010
Neuroticism 0.486 0.500 0.502 0.506 -0.014 -0.04
Mean Absolute Devia- 0.07 0.05 0.00
tion

Deviations represent LLM mean minus empirical benchmark.

Trait alignment demonstrated strong psychological validity. Canadian personas scored slightly
higher in Agreeableness and lower in Openness, reflecting cultural values emphasizing modesty
and cooperation. Institutional variation followed logical patterns: governmental personas showed
highest Openness (1« = 0.504), university personas lowest Conscientiousness (¢ = 0.479), and
industry personas highest Agreeableness (1 = 0.508).

Demographic effects were subtle but interpretable—age correlated positively with Openness
(r = +0.089) and Extraversion (r = +0.071), and negatively with Agreeableness (r = —0.060)
and Neuroticism (r = —0.069). Gender effects were minimal (all |A| < 0.010), indicating consis-
tent calibration across demographic groups.

B.2.4 Response Structure and Emotional Intensity Distributions

Finally, the linguistic realism of persona responses was assessed through word-level and sentence-
level structure metrics. Figure B.1 visualizes distributions for word count, sentence count, average
word length, punctuation ratio, and affective word proportions (positive, negative, intensity).

Roe v. Wade and Suicide Hotline 988 responses exhibited comparable response lengths, but
differed in affective tone. Roe v. Wade posts contained higher negative word ratios, corresponding
to elevated sadness (r = 0.246) and anger (r = 0.186). In contrast, Suicide Hotline 988 posts con-
tained more positive and high-intensity words, correlating with joy (r = 0.295). These structural
measures provided an independent validation of emotional realism across generated responses.

B.3 COVID-19 Emotion Analysis Validation

To evaluate the validity of emotional expression in the synthetic population, I compared model-
generated emotion distributions against empirical data from the Facebook COVID-19 dataset,
which captured real-world emotional reactions during the pandemic’s peak. This comparison tests
whether synthetic personas replicate the structure, variance, and demographic gradients of authen-
tic emotional responses in large-scale social media behavior.
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Figure B.1: Response structure metrics across Roe v. Wade and Suicide Hotline 988 responses.
Shown distributions include word count, sentence count, average word length, punctuation ratio,
and affective word ratios.

B.3.1 Synthetic Persona Emotion Analysis

Figure B.2 depicts emotion intensity scores derived from sentiment analysis of synthetic persona
prompts generated in response to COVID-19-related stimuli. The model employed a fine-tuned
transformer-based emotion classifier (six-label multi-class scheme: Joy, Anger, Sadness, Fear, Dis-
gust, Surprise). To minimize bias, prompts were standardized by topic and exposure context, en-
suring comparable lexical and contextual diversity across demographic groups.

Key findings:

Gender Effects: Male personas demonstrated higher mean emotional intensity (x = 0.63)
compared to female personas (u = 0.57), with notably elevated anger (+0.08) and sadness (+0.05)
scores. Female personas exhibited higher fear (+0.06) and greater variance in joy, aligning with
known gender-based affective expression differentials in social media corpora.

Age Effects: Emotional expression scaled with age: younger personas (18-25) displayed bal-
anced joy and sadness, while older cohorts (46-55, 56+) exhibited dominance of sadness and
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COVID-19 - Emotion Analysis by Demographics
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Figure B.2: Synthetic Persona Emotion Analysis by Demographics. Average emotion scores
derived from persona-generated COVID-19 prompts, disaggregated by gender (left) and age group
(right). Emotions include Joy, Anger, Sadness, Fear, Disgust, and Surprise. Results indicate
stronger negative valence (sadness and fear) among older cohorts and greater emotional variability

among females.
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Figure B.3: Facebook COVID-19 Emotion Data by Demographics. Normalized emotion distri-
butions from real-world Facebook interactions (‘“Hahas,” “Loves,” “Sorries,” “Angers,” “Wows”)
during the height of the pandemic. Emotion intensity is averaged by gender (left) and age bracket
(right). Real data show similar demographic gradients as the synthetic population, validating model
realism.

fear with declining joy. Disgust remained near zero across demographics, consistent with its low-
frequency occurrence in general discourse.

Pattern Consistency: The covariance between anger and sadness (p ~ 0.82) suggests a consis-
tent negative-valence coupling in the model’s emotional architecture, indicating internal coherence
in emotion vector representation.

These patterns support that the persona generation system preserves within-demographic emo-
tional coherence and reproduces realistic emotional hierarchies consistent with prior affective-
computing benchmarks.
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B.3.2 Facebook COVID-19 Emotion Data

Figure B.3 presents normalized emotion scores from the Facebook COVID-19 dataset, aggregated
from user interactions (Hahas, Loves, Sorries, Angers, Wows). Emotion normalization followed a
frequency-weighted mean scaling, producing unit-interval comparability with the synthetic dataset.

Key findings:

Demographic Gradient: Emotional engagement peaked between ages 25-54, the demographic
with highest digital engagement and social responsibility salience during the pandemic.

Gender Differences: Females exhibited a broader emotional spectrum, with strong Love and
Sorry signals (positive empathy), while males showed higher Haha and Anger frequencies, reflect-
ing humor or frustration-oriented coping.

Response Variability: Age-correlated decline in positive affect (Loves) and increase in Angers
mirrors the synthetic pattern of declining Joy and increasing Sadness, indicating structural realism
across datasets.

Table B.6: Cross-Dataset Emotion Comparison

Metric Gender (JSD|) Age (JSD|) Genderr Ager
Joy/Love 0.112 0.137 0.82 0.78
Sadness/Sorry 0.091 0.104 0.86 0.84
Anger/Anger 0.095 0.128 0.81 0.76

B.3.3 Cross-Dataset Comparative Analysis

I conducted a cross-demographic distributional comparison to evaluate alignment between syn-
thetic and empirical emotion patterns. Synthetic outputs were rescaled to Facebook’s normalized
domain and compared using Jensen-Shannon divergence (JSD) and Pearson correlation across
emotion vectors per demographic.

Low JSD and high correlation values demonstrate distributional convergence between synthetic
and real-world emotion responses. Noteably, Sadness/Sorry alignment was strongest (r = 0.863)
suggesting the model accurately captures empathy-oriented emotional framing under crisis condi-
tions.

B.3.4 Technical Interpretation

These findings substantiate that the persona emotion generation system approximates population-
level affective distributions through demographic conditioning. The emotional mappings observed
are consistent with established affective norms:

* Sadness/Fear dominance under crisis stimuli.
* Gendered variation in positive vs. negative valence expression.
* Age-linked attenuation of joyful affect and intensification of empathetic or fatalistic tones.

The close correspondence between synthetic and Facebook data confirms that the latent emo-
tion embeddings produced by LLM-driven personas reflect plausible human affect. Deviations—such
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as amplified fear and attenuated disgust—TIlikely emerge from the synthetic environment’s lack of
multimodal (image/video) input or non-textual contextual grounding.

B.3.5 Implications for Model Validation

This analysis provides both construct and external validity evidence for synthetic emotion mod-
eling:
* Construct validity: Internal emotion co-variation and demographic scaling mirror real-
world affective regularities.

* External validity: Alignment with empirical emotion distributions across demographics
supports transferability to real populations.

Consequently, synthetic personas can serve as proxy populations for emotional response mod-
eling in crisis simulation, information environment analysis, and social-cyber experimentation—bridging
the gap between computational modeling and behavioral realism.
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Appendix C

AURORA: Retrieval-Augmented Persona
Modeling

C.1 Country Information

This appendix summarizes the country-level information sources used by the AURORA frame-
work to support community and persona generation across geographic regions. Table C.1 doc-
uments the set of countries currently represented in AURORA, along with the availability of (i)
dynamic, time-sensitive current events data and (i1) static general country information. Coverage
reflects the practical availability of high-quality, retrievable source documents at the time of model
construction and is intended to support geographically grounded synthetic population generation
rather than exhaustive global representation.

C.2 Social Media Account Generation

This appendix summarizes how AURORA generates platform-specific social media accounts for
synthetic personas. Social media accounts provide the interface through which personas partici-
pate in online discourse, information diffusion, and downstream opinion dynamics. Two pipelines
are implemented: Twitter account generation (Section C.2.1) and Telegram account/channel gen-
eration (Section C.2.2). Both are executed after persona enrichment and combine deterministic
account identifiers with LLM-generated profile content.

C.2.1 Twitter Account Generation

Twitter account generation produces platform-specific profiles grounded in each persona’s demo-
graphics, psychology, political orientation, and community context. The process is managed by
the AccountBuilder class and consists of deterministic username generation plus LLM-based
profile generation.
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Table C.1: Country Coverage in AURORA by Region and Data Availability

Country

Current Events

General Information

North America
United States
Canada

Mexico

Western Europe
United Kingdom
France

Germany

Italy

Spain

Austria

Sweden

Norway
Eastern Europe
Poland

Ukraine

Russia

Estonia

Middle East
Iran

Iraq

Saudi Arabia
Egypt
Israel

Jordan

Qatar

Syria

Turkey

East Asia
China

Japan

South Korea
North Korea
Taiwan
Southeast Asia
Philippines
Vietnam
Thailand
South Asia
Pakistan
India
Afghanistan
Africa
Ethiopia
Kenya

<

NN N N N N N N NENENEN
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N

SN N T N N N N N N N N N N N N N N N N N N N NN NN
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Generation Pipeline

Twitter account generation follows three stages.

Stage 1: Deterministic Screen Name Generation. To ensure uniqueness and realism, screen
names are generated algorithmically from persona names rather than by the LLM. Names are
cleaned, combined as FirstName_LastName, and appended with a 2—4 digit numeric suffix. A
retry mechanism checks uniqueness against the global set of previously generated names, with a
timestamp-based fallback used only if repeated collisions occur.

Algorithm 6 Unique Twitter Screen Name Generation

Require: Persona name /N, used screen names set U
Ensure: Unique screen name s
1: Parse N into first_name and last_name
Clean both names by removing non-alphanumeric characters except underscores
base < first_name || _|| last_name
for i < 1t0 100 do
suffiz < RANDOMINT(10,9999)
s < base || suffic
if s ¢ U then
U—UU{s}
return s
end if
: end for
. 5 < base || (TIMESTAMP mod 10000)
U —UU{s}
: return s

e ARERD

S S S w—y
Rl S s

Stage 2: LLM-Based Profile Generation. Once a unique screen name is assigned, the LLM
generates profile metadata and behavioral parameters from structured persona context. Inputs in-
clude demographics, OCEAN traits, moral foundations, political leaning, community membership,
and scenario-topic opinions. Outputs conform to the TwitterAccount schema and include ac-
count biography, location, active hours, language use, posting frequency, engagement behavior,
sentiment ratios, and content modality.

Stage 3: Deterministic Overrides and Validation. After generation, critical fields are overwrit-
ten deterministically, including screen name, AESOP identifiers, verification status, and account
type. All records are validated against a Pydantic schema; failed generations are retried up to two
times.

Example Twitter Account Output
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Listing C.1: Example Twitter Account: Elderly Japanese Persona

{
"screen_name": "Kazuhiko_Matsushima7893",
"account_bio": "Hi! I'm Kazuhiko, a 74-year-old passionate about traditional Japanese art and culture. Sharing my thoughts and

experiences from Tokyo. Join me on my journey!",

"account_location": "Tokyo, Japan",
"account_url": ""
"account_creation_date": "2023-11-01",
"when_does_account_tweet_gmt_min": 7,
"when_does_account_tweet_gmt_max": 22,
"number_of_languages_user_tweets_in": 1,
"percent_tweets_in_language": "100% Japanese",
"type": "Twitter",
"aesop_id": "0188183a-c0f0-45aa-b306-2ab2a4a982bb",
"is_bot": false,
"is_verified": false,
"owner_aesop_id": "deaaS5lbb-deed-48b5-875b-8d2c825£709c",
"number_of_followers": 3,
"number_following": 7,
"num_original_tweets_per_day": [2, 4],
"num_mentions_per_tweet": [0, 0],
"num_retweets_per_day": [1, 3],
"num_replies_per_day": [3, 5],
"num_quotes_per_day": [0, 0],
"retweet_quote_valence": "Mostly Neutral",
"num_hashtags_per_post": [1, 2],
"percent_tweets_pos_neg_neut": "Neutral",
"text_ratio": 1.0,
"image_ratio": 0.0,
"video_ratio": 0.0

}

Behavioral Realism

Twitter accounts are calibrated to preserve demographic and cultural realism. Older personas are
generated with lower posting frequencies, narrower activity windows, more text-only behavior,
and more neutral sentiment profiles, whereas younger personas show broader activity windows
and greater behavioral variability. Country context also affects language use, location, and profile
style, while personas from the same community exhibit correlated patterns of engagement and
topical emphasis.

C.2.2 Telegram Account and Channel Generation

Telegram generation differs from Twitter by emphasizing channel membership, topic specializa-
tion, and group communication. The system creates both individual Telegram accounts and topic-
specific channels.

Generation Pipeline

Telegram generation proceeds in four stages.

Stage 1: Creative Username Generation. Unlike Twitter, Telegram usernames are not name-
based. Instead, usernames are created from combinations of descriptor, noun, action, and interest
vocabularies, producing handles such as WildPhoenix47,CryptoWarrior,or TechSeeker88.
This yields greater variety while maintaining plausible platform conventions.
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Stage 2: Channel Generation and Topic Assignment. The number of channels is determined
as a function of persona population size and a configurable channel density rate:

N, ersonas
Nchannels = max <1a \‘plT X CrateJ) (Cl)

Each channel is assigned one scenario topic, a short descriptive name, an example message, and a
topic-relevant conspiracy frame to support downstream narrative and misinformation simulations.

Stage 3: LLM-Based Account Generation. The LLM generates Telegram-specific account
fields, including topic focus, example posts, repost behavior, content modality, and interaction
settings. Output is validated against the TelegramAccount schema.

Stage 4: Balanced Channel Assignment. Each persona is assigned to exactly one channel us-
ing a round-robin balancing procedure. The first assigned persona becomes the channel owner,
ensuring both near-uniform channel sizes and a simple owner—member hierarchy.

Algorithm 7 Balanced Telegram Channel Assignment

Require: Persona list P, channel list C

Ensure: Balanced channel membership with designated owners
1: Shuffle P to randomize order
2: Initialize assigned[i] <— 0 for all C; € C
3: for each persona p € P do

4: i < argmin; assigned[j]

5: if assigned|i] = 0 then

6: Designate p as owner of C};
7 end if

8: Assign p to channel C}

9: assigned|i] < assigned[i] + 1
10: end for

Example Telegram Account Output

Listing C.2: Example Telegram Account: Environmental Topic Focus

"username": "BrightSagelIce",

"number_of_topics": "1",

"topic_description": "Sustainable practices, Corporate responsibility, Environmental protection",

"example_telegram_message": "Did you know that major companies in Japan are now pivoting to eco-friendly practices? Recently,

Toyota announced a new initiative to reduce carbon emissions in their manufacturing plants! What are your thoughts on
the balance between industry growth and environmental sustainability? Let’s discuss!",

"type": "Telegram",

"aesop_id": "237d6a5d-abf6-4d88-ab98-ca5ea2976080",
"telegram_id": "293048190",

"owner_aesop_id": "deaaS5lbb-deed-48b5-875b-8d2c825£709c",
"topics": ["Environment vs. Industry"],

"post_frequency": 1,

"repost_percentage": 0.0,

"channel_owner_first_name": "Yuki",
"channel_owner_last_name": "Matsukawa",
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"channel_owner_username": "DigitalLunarMoon"

"channel_name": "Eco-Industry Balance",

"channel_id": "9856562939",

"text_ratio": 1.0,

"news_ratio": 0.0,

"image_ratio": 0.0,

"video_ratio": 0.0,

"reactions": false,

"discussions": false,

"conspiracy_theory": "Some believe that powerful industrial lobbies in Japan are suppressing major advancements in renewable
energy technology to maintain their dominance in fossil fuels."

Design Properties

Telegram channels exhibit four intended properties: topic specialization, balanced membership,
explicit owner—-member hierarchy, and seeded alternative narratives. Together, these support real-
istic group communication and downstream tests of narrative spread, moderation, and misinforma-
tion dynamics.

Cross-Platform Coherence

Twitter and Telegram accounts for the same persona are not identical, but they remain behaviorally
coherent. Posting frequency, modality, engagement style, and topical salience are correlated across
platforms, while still respecting platform-specific norms.

Performance and Validation

Generation is asynchronous and near-linearly scalable. For moderate populations, both account
types can be generated in minutes at low API cost. All outputs are validated for schema correctness,
identifier uniqueness, parameter ranges, and referential integrity before downstream use.

C.3 Opinion Model Implementation Details

This appendix summarizes the technical implementation of the hierarchical opinion model, includ-
ing LLM prompt structures, stochastic sampling procedures, and validation checks.

C.3.1 LLM Prompt Templates
Stage 1: Country-Level Prior Generation

At the country level, the LLM generates four topic-specific parameters: mean opinion, salience,
distribution shape, and contagion strength. Retrieval-augmented context is included to ground the
prompt in current cultural and political conditions.

245




Stage 2: Community-Level Refinement

At the community level, the LLM refines country priors for each community while constraining
community means to remain within a bounded range of the national baseline. This preserves
macro-level realism while allowing plausible meso-level differentiation.

Stage 3: Persona-Level Natural Language Description

If enabled, a final LLM stage converts sampled numerical opinions and salience values into short
natural-language explanations that are grounded in persona demographics, community context,
and psychological traits.

C.3.2 Mathematical Sampling Procedures

Salience is sampled from a Gaussian centered on community salience:

SO~ NS 62, o =0.15 (C2)

7 sal

Opinion sampling is then conditioned on salience. High-salience topics cluster tightly around
the community mean, medium-salience topics allow broader spread, and low-salience topics sam-
ple from a country-level distribution family. Three country-level opinion families are used:

* NORMAL: symmetric consensus distribution around the national mean,
* SKEWED: asymmetric majority-with-dissent distribution,
* BIMODAL: two-pole mixture distribution representing polarization.

This allows the model to represent both broad consensus and polarized issue structures without
requiring persona-level LLM inference for each opinion value.

C.3.3 Computational Cost

The opinion pipeline is designed to reduce API cost by shifting most micro-level generation to
mathematical sampling. For a population of n personas, m communities, and |7 | topics, total
LLM cost is:

* Country priors: |7 calls
* Community priors: m x |7 | calls
* Persona descriptions (optional): n x |7 | calls

Thus, opinion generation without persona descriptions scales with topics and communities
rather than with the full persona population.

C.3.4 Validation and Quality Assurance

Three validation checks are applied after generation:
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* Hierarchical coherence: community-level sample means must remain close to the gener-
ated community priors,

* Salience-variance consistency: higher salience should correspond to lower within-community

variance,

* Distribution-shape validation: bimodal topics must preserve clear two-peak structure at
the country level.

Together, these checks ensure that the generated opinion landscape is structurally coherent,
statistically stable, and interpretable.

C.3.5 Emotion Modulation Implementation

Baseline emotions are derived from OCEAN personality traits through a fixed linear mapping into
the Plutchik emotion space:
€pase = clip(Wo + b, 0, 1) (C.3)

where W encodes trait—emotion relationships and b provides non-negative offsets.

Topic-specific modulation then adjusts these baselines as a function of opinion and salience,
increasing positive emotions for positively viewed topics and increasing negative emotions for
negatively viewed topics. This produces emotion profiles that remain psychologically interpretable
while varying in a topic-sensitive way.

C.4 Extended Emotion Profile Analyses

This appendix presents additional Plutchik emotion profiles for topics not discussed in detail in the
main text. The goal is to show that affective differentiation in AURORA remains systematic across
the full issue space.

C.4.1 Russian Aggression

Figure C.1 shows mean country-level emotion profiles for Russian Aggression. This topic pro-
duces the strongest affective separation, with Western-aligned countries exhibiting elevated anger,
disgust, sadness, and fear, while Russia-aligned countries show comparatively higher trust and
anticipation. Between-country effects are large, indicating that emotional responses are strongly
structured by geopolitical alignment.

C.4.2 Canadian Activity in INDOPAC

Figure C.2 presents emotion profiles for Canadian Activity in INDOPAC. Compared to direct
sovereignty or conflict topics, affective differences are weaker but still structured. Most countries
exhibit relatively high trust and anticipation, while non-aligned or rival countries show somewhat
higher fear and anger. This suggests that indirect alliance activity produces coherent but lower-
intensity affective differentiation.
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Figure C.2:
tries.

Mean Plutchik emotion profiles for Canadian Activity in INDOPAC across all coun-
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C.4.3 Cyber Security Cooperation

Figure C.3 presents country-level emotion profiles for Cyber Security Cooperation. This topic is
characterized by high trust and anticipation and low levels of anger, disgust, and sadness across
most countries. Between-country differences are modest, indicating that the topic behaves more
like a low-polarization technical issue than a morally or geopolitically divisive one.

Emotion Profiles: Cyber security cooperation
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Figure C.3: Mean Plutchik emotion profiles for Cyber Security Cooperation across all countries.

C4.4 Summary

Across these additional topics, AURORA continues to produce topic-sensitive emotional struc-
ture rather than affective uniformity. Direct conflict and sovereignty issues generate strong multi-
dimensional polarization, while alliance and technical cooperation topics produce weaker but still
coherent emotional differentiation.

C.5 Retrieval-Augmented Generation Architecture

This appendix documents the design, implementation, and integration of AURORA’s Retrieval-
Augmented Generation (RAG) system [109]. RAG grounds LLM-based generation in external
documentary evidence so that country-level priors, community characteristics, and persona at-
tributes reflect real-world geopolitical, cultural, and demographic context rather than relying only
on parametric knowledge encoded in the language model. To accomplish this, the system com-
bines dense semantic retrieval, sparse lexical retrieval, and query expansion to identify relevant
documentary context and inject it into prompts at multiple hierarchical stages of generation.
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C.5.1 Method
System Overview

AURORA’s RAG pipeline follows a hybrid retrieval architecture that combines dense vector em-
beddings with sparse lexical matching [98, 164]. The central implementation component is the
VectorDB class, which manages document ingestion, preprocessing, chunking, indexing, re-
trieval, and formatting for downstream prompt injection. Documents are loaded from scenario-
specific folders, deduplicated using content hashing, segmented into semantically coherent chunks,
embedded into a continuous vector space, and stored in a persistent ChromaDB collection. At
query time, the system executes semantic and lexical retrieval in parallel, merges the resulting
rankings using Reciprocal Rank Fusion (RRF) [42], and can optionally apply Pseudo-Relevance
Feedback (PRF) for query expansion [105, 165].

The pipeline operates in two phases. The first is an offline indexing phase executed once per
scenario to construct the document store and retrieval indices. The second is an online retrieval
phase executed during country, community, and persona generation. Figure C.4 illustrates the
complete document flow from raw files through indexing, retrieval, and prompt injection.

Document Preparation and Indexing

The indexing pipeline transforms raw scenario documents into a persistent and queryable knowl-
edge base. Documents are loaded from scenario-specific directories using recursive file scan-
ning. The implementation supports plain text files for curated documents and JSON files for
scraped or structured article collections. The loading stage is implemented through LangChain’s
DirectoryLoader, which abstracts recursive traversal, format handling, and loader-specific
parsing.

Listing C.3: Document Loading with Automatic Format Detection

from langchain_community.document_loaders import Directoryloader, TextLoader

def load_documents (document_path, json_format=False) :
if json_format:
loader = DirectoryLoader (
document_path,
glob="%%/x.json",
loader_cls=JSONArticlesLoader,
recursive=True
)
else:
loader = DirectoryLoader (
document_path,
glob="x*x*/*.txt",
loader_cls=TextLoader,
recursive=True,
loader_kwargs={’autodetect_encoding’: True}
)

return loader.load()
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Figure C.4: AURORA RAG pipeline showing offline indexing and online retrieval phases. Dashed
arrows indicate cross-phase data access. PRF optionally expands queries with terms from top-
ranked documents.
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After loading, documents are deduplicated using SHA-256 content hashes. This step prevents
repeated indexing of identical files across repeated scenario runs and supports incremental corpus
growth without requiring complete reprocessing. The algorithm compares hashes from the incom-
ing document set against hashes already stored in metadata. Only unseen documents are forwarded
to chunking and embedding.

Algorithm 8 Document Deduplication

Require: Document set D, existing hash set Hyiging
Ensure: Filtered document set D,y
1: Dyew — 0
2: for each document d € D do
3 h <— SHA256(d.content)
4 if h ¢ Hexisting then
5: d.metadata[*hash”] < h
6 Dhew < Dhew U {d}
7 end if
8: end for
9: return D,

Rather than applying fixed-length token windows, AURORA uses semantic chunking to pre-
serve discourse coherence [160]. The chunker computes embeddings over adjacent text segments
and introduces a boundary when semantic similarity drops sufficiently, producing chunks that bet-
ter align with topical units than naive fixed-width splits. This improves retrieval because each
indexed chunk is more likely to represent a coherent concept or argument rather than an arbitrary
slice of text.

Listing C.4: Semantic Chunking Implementation

from langchain_experimental.text_splitter import SemanticChunker

text_splitter = SemanticChunker (embedding_function)
chunks = text_splitter.split_documents (documents)

for chunk in chunks:
chunk.metadata["article_hash"] = parent_doc_hash

In implementation terms, the chunking stage also propagates source metadata, including docu-
ment hashes, so that downstream retrieval results remain traceable to their originating documents.
This supports provenance, filtering, and deduplication-aware maintenance of the vector store.

Retrieval Procedure

Retrieval is implemented as a hybrid ranking procedure that combines semantic similarity search
with lexical retrieval [98, 164]. Dense vector retrieval is well suited for capturing paraphrase, se-
mantic relatedness, and latent topical similarity, while BM25 provides a complementary sparse
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mechanism that is especially useful for exact lexical overlap, named entities, uncommon terminol-
ogy, and domain-specific phrasing.

The outputs of these two retrievers are combined using Reciprocal Rank Fusion (RRF) [42].
RRF does not directly merge raw scores, which may live on incompatible scales across retrievers.
Instead, it aggregates rank positions. A document receives a higher fused score when it is ranked
highly by multiple retrieval methods, making the fusion robust to score calibration issues and
heterogeneous retrieval backends.

Algorithm 9 Hybrid Retrieval with Reciprocal Rank Fusion

Require: Query g, top-k parameter, RRF constant x = 60
Ensure: Ranked document list Ryysed
1: Ryee < VectorSearch(g, k)
Romzs < BM25Search(q, k)
Initialize scores « {}
for rank 7 = 1 t0 |Rye| do
d < Ryec|r]
scores[d] < scores[d] +
end for
for rank » = 1 to |Rymas| do
d <+ Romos [7’]
scores|d] < scores|d] +
: end for
. Riused < SortByScore(scores, descending)
: return Ryygeq[: k]

1
K+

R A i

1
K47

—
w N = O

Operationally, the RRF constant ~x controls the contribution of lower-ranked documents by
smoothing the reciprocal decay. Larger values reduce the dominance of the very top-ranked items,
while smaller values give more weight to high early ranks. In AURORA, this allows retrieval
fusion to remain stable even when the semantic and lexical retrievers return partially overlapping
but differently ordered candidate sets.

Listing C.5: RRF Implementation in AURORA

def search_with_rrf (query, top_k=5, rrf_ k=60):
vec_results = vector_db.similarity_search_with_score (query, k=top_k)
bm25_results = bm25_retriever.invoke (query)

rankings = defaultdict (list)

for rank, (doc, score) in enumerate (vec_results, start=1):
rankings [doc.page_content] .append (rank)

for rank, doc in enumerate (bm25_results, start=1):
rankings[doc.page_content] .append (rank)

rrf_scores = {doc: sum(l / (rrf_k + r) for r in ranks)
for doc, ranks in rankings.items ()}

253




sorted_results = sorted(rrf_scores.items(),
key=lambda x: x[1l], reverse=True)
return sorted_results[:top_k]

The code mirrors the formal algorithm. Semantic and BM25 results are retrieved indepen-
dently, ranks are stored by document content, and the final fused score is computed as the sum of
reciprocal rank terms. The use of document text as the aggregation key ensures that documents
returned by both retrieval channels are merged into a single candidate entry rather than treated as
duplicates.

When queries are underspecified or use vocabulary that does not align well with the indexed
corpus, the system can optionally apply Pseudo-Relevance Feedback (PRF) [105, 165]. PRF as-
sumes that the top-ranked initial results are likely relevant and extracts salient terms from them
to expand the original query. This improves recall by reducing vocabulary mismatch between the
user query and the document collection.

Algorithm 10 Pseudo-Relevance Feedback for Query Expansion

Require: Query ¢, top-k parameter, expansion term count m
Ensure: Expanded query ¢/

1: R < HybridSearch(q, k)
corpus < |J,cx d.content
tokens < Tokenize(corpus)
tokens <— RemoveStopwords(tokens)
tokens < {¢ € tokens : |t| > 3}
freq <— CountFrequency (tokens)
top_terms < TopK(freq, m)
q + ql|“” || Join(top_terms, “ )
return ¢’

R e A U ol

Conceptually, this procedure implements a lightweight relevance-model approximation. In-
stead of fitting a full probabilistic relevance model, it performs term extraction over the initially
retrieved pseudo-relevant set and appends the most frequent content-bearing tokens to the query.
This makes the method simple to implement while still recovering useful domain-specific termi-
nology from the corpus.

Listing C.6: PRF Query Expansion

def apply_prf (query, top_k=5, expansion_terms=5):
initial_ results = search_with_rrf (query, top_k=top_k)

combined_text = "_".join(doc for doc, _ in initial_results)

words = re.findall (r’\w+’, combined_text.lower())

stopwords o {"the", "and", "isll, "in", "Of", "to", "a", "for", "on", "Wj_th
"}

keywords = [w for w in words if w not in stopwords and len(w) > 3]
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top_terms = [w for w, _ in Counter (keywords) .most_common (expansion_terms) ]
expanded_query = query + "_ " + " ".join(top_terms)
return expanded_qguery

In the implementation, the retrieved texts are concatenated, tokenized, stripped of stopwords
and short terms, and then ranked by frequency. The highest-frequency surviving terms are ap-
pended to the original query and resubmitted to the hybrid retrieval pipeline. Although simple,
this procedure is effective for broadening topical specificity in cases where the initial query is too
sparse or generic.

C.5.2 Model
Representation and Technology Stack

AURORA’s RAG implementation combines embedding models, persistent vector storage, lexical
retrieval, and LLM-based generation. The system supports both local and cloud-based backends
depending on deployment, cost, and retrieval-quality requirements.

Table C.2: Embedding API Specifications

Model Dimensions Cost Provider Use Case
all-minilm:16-v2 384 Free Ollama (Local) Development
text-embedding-3-small 1536 $0.020/1M tokens OpenAl Production
text-embedding-3-large 3072 $0.130/1M tokens OpenAl High-quality

For dense retrieval, the system supports Ollama’s all-minilm:16-v2 for local devel-
opment and OpenAl’s text-embedding-3-small or text-embedding-3-large for
cloud-based deployment. In practice, text—embedding-3-small serves as the primary pro-
duction embedding model because it provides a favorable balance between embedding dimen-
sionality, retrieval performance, and token cost. Dense vectors are stored in ChromaDB, which
provides persistent vector storage and approximate nearest-neighbor retrieval through HNSW in-
dexing [118]. The HNSW structure enables efficient search by organizing vectors into a navigable
multi-layer graph, making large-scale similarity search substantially more efficient than exhaustive
comparison.

Sparse retrieval is implemented through BM25 [164], which operates over tokenized document
chunks and scores them using term frequency, inverse document frequency, and document-length
normalization. Together, ChromaDB and BM25 form the dual retrieval substrate used by the hybrid
search layer. For generation, AURORA uses OpenAl’s gpt-4o-mini to produce structured
outputs for country opinions, communities, and personas. LangChain provides abstractions for
document loading, chunking, retrieval, and orchestration, while t ikt oken is used to estimate
token usage and support cost tracking.

Listing C.7: ChromaDB Initialization and Indexing

from langchain_chroma import Chroma
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from langchain_openai import OpenAIEmbeddings

embeddings = OpenAlEmbeddings (model="text-embedding-3-small")
vector_db = Chroma (
collection_name="Scenario_Name",
embedding_function=embeddings,
persist_directory="./db/chromadb"

vector_db.add_documents (chunks)

This code initializes the persistent dense retrieval layer. The embedding model defines the
vector representation, the Chroma collection defines the scenario-specific namespace, and the per-
sistence directory ensures that embeddings survive across runs rather than requiring repeated re-
computation.

Listing C.8: BM25 Retriever Construction

from langchain_community.retrievers import BM25Retriever

existing_docs = vector_db.get (include=["documents", "metadatas"])

all_docs = [Document (page_content=content, metadata=meta)
for content, meta in zip(existing_docs["documents"],
existing_docs["metadatas"]) ]

bm25_retriever = BM25Retriever.from_documents (all_docs)

Here, the sparse retriever is constructed over the same chunked document base used by the
dense retriever. This shared document basis is important because it ensures that the two retrieval
channels operate over aligned units of text, which simplifies fusion and reduces inconsistencies in
returned evidence.

Integration Across Generation Levels

RAG is integrated at three hierarchical levels in AURORA'’s generation pipeline: country-level
opinion priors, community-level characteristics and topic stances, and persona-level biographical
detail generation. At each level, the system constructs a context-specific query, retrieves relevant
passages, and injects those passages into the appropriate prompt template before calling the LLM.

At the country level, retrieval is used to ground national priors for a topic. The query combines
the country name and topic title:

“and” || ¢ (C.4)

Geountry = C

This formulation encourages retrieval of passages that connect the target country to the focal
issue, allowing the generated prior to reflect relevant geopolitical or cultural context.

Listing C.9: Country-Level RAG Integration

query = f"{country_name} and {topic_title}"
relevant_text = vector_db.search_similar_document_blob (query, top_k=3)
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payload = {
"country_data": country_data,
"key_topic": topic_title,
"relevant_text": relevant_text,

country_opinion = 1llm_chain.invoke (payload)

At the community level, RAG is applied in two stages. The first stage retrieves context to
support community construction from an institutional category within a country:

Gcommunity = v || “of” H c (C.5)

The second stage retrieves additional context for topic-specific community opinion construc-
tion:

Gcomm-topic = J

113 Of” || c

“and ||t (C.6)

This two-step structure allows the model to first ground the general identity of a community
and then ground its stance relative to a specific topic.

Listing C.10: Community-Level RAG Integration

query = f"{category} of_{country_name}"
relevant_text = vector_db.search_similar document_blob (query, top_k=3)

payload = {
"communities_per_category": 3,
"category": category,
"country_name": country_name,
"relevant_text": relevant_text,
}

communities = 1llm_chain.invoke (payload)

query = f"{community_name} _of {country_name}_and_{topic_title}"
relevant_text = vector_db.search_similar document_blob (query, top_k=3)

payload = {
"country_name": country_name,
"community_base": community,
"key_topic": topic_title,
"relevant_text": relevant_text,

}

topic_opinion = 1llm_chain.invoke (payload)

At the persona level, the system retrieves context tied to a community within a country:
persona = ‘community || j || “’in” || ¢ (C.7)

This helps ground names, occupations, biographies, and other persona details in a context that
is culturally and institutionally plausible.
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Listing C.11: Persona-Level RAG Integration

query = f"community_ ' {community_name}’ _in_{country_name}"
relevant_text = vector_db.search_similar_document_blob (query, top_k=3)

payload = {
"country_name": country_name,
"community_name": community_name,
"community_information": community,
"relevant_text": relevant_text,
"persona_skeleton": skeleton,
"recent_names": recent_names,

persona = llm_chain.invoke (payload)

Across all three levels, retrieved documents are converted into a prompt-ready text block by
the document-blob formatter:

Listing C.12: Document Retrieval and Formatting

def search_similar_document_blob(self, query: str, top_k: int = 5,
use_prf: bool = True) -> str:

if use_prif:
expanded_query = self.apply_prf (query)
results = self.search_similar documents_rrf (expanded_guery,

top_k=top_k)

else:

results = self.search_similar_documents_rrf (query, top_k=top_k)

top_docs = [doc for doc, _ in results[:top_k]]
return "\n".join(f"-_{line}" for line in top_docs)

This method operationalizes the final handoff from retrieval to generation. It optionally applies
PREF, executes hybrid retrieval, selects the top-k chunks, and formats them as a newline-separated
bulleted list. The output is therefore not just a ranked retrieval result but a structured prompt
component designed to be directly consumed by downstream generation templates.

Listing C.13: Prompt Template with Retrieved Context

Generate a realistic actor for {{community_name}} in {{country_name}}.

Community Information:
{{community_information}}

Additionally, consider the following context:
{{relevant_text}}

Skeleton characteristics:
{{persona_skeleton}}

Generate: name, role_title, age, gender, race, bio, profession, education, etc
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In this way, RAG functions as a grounding layer across the full AURORA hierarchy. Rather
than treating retrieval as a standalone preprocessing step, the system incorporates retrieved evi-
dence directly into each generation stage so that higher-level country priors, meso-level community
identities, and micro-level persona details are all conditioned on scenario-relevant documentary
context.

Summary. AURORA’s Retrieval-Augmented Generation (RAG) architecture provides a ground-
ing layer that connects document retrieval to hierarchical persona generation. The method begins
with an offline indexing pipeline in which scenario-specific documents are loaded, deduplicated
using SHA-256 hashing, semantically chunked, embedded, and stored in a persistent ChromaDB
vector store, while a parallel BM25 index is constructed over the same chunked corpus. During
generation, retrieval is performed through a hybrid strategy that combines dense semantic search
and sparse lexical search, with results fused using Reciprocal Rank Fusion (RRF). When queries
are too broad or under-specified, Pseudo-Relevance Feedback (PRF) expands them using salient
terms extracted from initially retrieved documents.

The model integrates this retrieval process across three hierarchical levels: country, commu-
nity, and persona generation. At each level, context-specific queries are constructed, relevant text is
retrieved and formatted, and the resulting evidence is injected directly into the corresponding LLM
prompt. Technically, the system combines OpenAl or Ollama embedding models, ChromaDB with
HNSW-based approximate nearest-neighbor search, BM25 lexical retrieval, and GPT-40-mini for
structured generation. Together, these components allow AURORA to produce country priors,
community descriptions, and persona biographies that are more contextually grounded, more re-
producible, and better aligned with scenario-specific documentary evidence.

C.6 API Token Requirements and Generation Scalability

This section summarizes token usage, runtime, and API constraints for AURORA persona gener-
ation with RAG, using the Japan scenario from the Indo-Pacific Geopolitical Opinion Experiment
(IGOE) exercise case study as the reference configuration.

The Japan scenario was configured with eight institution categories, each containing three com-
munities, resulting in a total of 24 communities. Each community consisted of 15 personas, yield-
ing a total population of 360 personas for the country. The scenario incorporated 10 key topics
to capture variation in opinion and salience across issues, and included 15 groups to represent
structured social affiliations within the population.

Note. The token and call totals above are arithmetically consistent. Skeleton generation itself is
performed with IPF and does not consume LLLM tokens; only the validation-rule step uses a single
LLM call.

The token consumption for the Japan scenario is distributed across multiple stages of the AU-
RORA generation pipeline, totaling 1,760 API calls and approximately 3.18 million tokens. Per-
sona enrichment represents the largest contribution, accounting for 1.19 million tokens across 360
calls, followed by social media account generation, which together contribute 1.37 million tokens.
Community-topic opinion generation also constitutes a significant portion at 244,800 tokens. In
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Table C.3: Token Consumption by Generation Stage

Stage API Calls Tokens/ Call Total Tokens
Country opinions 10 950 9,500
Community creation 24 1,400 33,600
Community-topic opinions 240 1,020 244,800
Skeleton validation rules 1 2,000 2,000
Persona enrichment 360 3,300 1,188,000
Group creation 15 1,500 22,500
Group ranking 360 800 288,000
Leader assignment 15 600 9,000
Twitter accounts 360 2,000 720,000
Telegram accounts 360 1,800 648,000
Telegram channels 15 1,200 18,000
Total 1,760 — 3,183,400

contrast, higher-level steps such as country opinion generation and community creation contribute
relatively small amounts to the overall cost. Group-related operations collectively add approxi-
mately 319,500 tokens. Notably, skeleton generation itself does not incur LLM token costs, as it
is performed using IPF, with only a single validation-rule generation step requiring an API call.
Overall, token usage is dominated by persona-level enrichment and downstream content generation
rather than higher-level structural components.

OpenAlT’s current text pricing for GPT-40 mini is $0.15 per 1M input tokens and $0.60 per IM
output tokens.

Table C.4: Cost Summary for Japan Scenario

Metric Value
Total tokens 3,183,400
Estimated input tokens 2,546,720
Estimated output tokens 636,680
Estimated cost per country $0.764
Rounded cost per country $0.76

Table C.5: Observed Runtime for Japan Scenario

Metric Value
Start time 19:11:20
End time 20:03:58

Total runtime 52 min 38 sec
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Persona generation in this scenario is constrained primarily by API request throughput rather
than token volume. With 1,760 API calls and a limit of 200 requests per minute (RPM), the the-
oretical minimum runtime is approximately 8.8 minutes, compared to a token-based lower bound
of 1.6 minutes, indicating the system is clearly RPM-bound. The observed runtime of 52 minutes
and 38 seconds (approximately 6x the theoretical minimum) reflects additional overhead from
asynchronous scheduling, validation, and I/O operations.

Execution time is distributed across API processing (23 minutes), IPF-based synthesis and
validation (10 minutes), iterative refinement (17 minutes), and file I/O (3 minutes), aligning with
the total observed runtime. RAG integration introduces modest overhead: injecting approximately
500 tokens per request (an 18% increase in token usage) but adding only 38 seconds of total latency
(less than 1.2% of runtime), indicating negligible performance impact relative to overall execution
time.

Scaling to multi-country scenarios exhibits linear growth in both API calls and token usage. For
12 countries, this results in 21,120 API calls, 38.2 million tokens, and a total cost of approximately
$9.17. Sequential execution would require approximately 10.6 hours, but this can be substantially
reduced through batching and parallelization.

To manage runtime constraints, the system employs asynchronous batching, retry logic with
exponential backoff, IPF-based over-generation to reduce LLM calls, and incremental persistence
with schema validation.

Overall, these results show that (i) system performance is dominated by RPM constraints rather
than token limits, (ii)) RAG adds minimal runtime overhead despite increased token usage, and (iii)
the pipeline scales predictably in cost and runtime, supporting feasible multi-country deployment
under bounded resource requirements.

C.7 AURORA / AESOP group crosswalk

This appendix provides a comprehensive crosswalk mapping between AURORA-generated groups
from the TOTO (IGOE) exercise and the corresponding AESOP group categories. The TOTO
exercise generated personas and groups for 12 countries: Australia (AUS), Canada (CAN), China
(CHN), India (IND), Iran (IRN), Japan (JPN), South Korea (KOR), New Zealand (NZL), Russia
(RUS), Taiwan (TWN), United Kingdom (GBR), and United States (US).

The AESOP groups are organized into the following categories:

* Transnational Groups: Industry/Finance, Conservationist, Media (legit), NATO, FiveEyes,
MilSpotters, Cybercrime, Academia, Conspiracist

* National Groups: Country-specific government (power/opposition), Defense, and national
identity groups
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Country AURORA Groups AESOP Groups
Australian Institute of Company Directors, Industry/Finance
Business Council of Australia, Australian (Transnational)

Chamber of Commerce and Industry
University of Melbourne, Australian National

Academia (Transnational)

AUS University (ANU), University of Queensland
Australian Hospital Association (AHA), Royal Australian
Australasian College of Surgeons (RACS),
Australian College of Nursing (ACN)
Australian Conservative Party (ACP), Coalition Govt - pwr
for Responsible Energy (CRE), Australians for a
Stronger Economy (ASE)
Tasmanian Salmon Advocates, Australian Govt - oppo
Environmental Coalition, Braddon Economic
Development Forum
Australian National Dialogue, Uniting Church in Australian
Australia, Hindu Council of Australia
Australian Industrial Emissions Alliance, Conservationist
Eco-Industrial Collaborators, Fossil Fuel (Transnational)
Accountability Collective
Australian Conservation Foundation, Climate Conservationist
Action Network Australia, Wilderness Society (Transnational)
Canadian Chamber of Commerce, Business Industry/Finance
Council of Canada, Canadian Manufacturers & (Transnational)
Exporters (CME)

CAN University of Toronto, University of British Academia (Transnational)

Columbia (UBC), McGill University

Ontario Health, Health Canada, BC Health
Authorities

Indigenous Rights Advocacy Group, Canadian
Climate Action Network, Justice and
Accountability Coalition for Indigenous Peoples
Conservative Party of Canada, Alberta
Conservative Coalition, Canadian Taxpayers
Federation

United Church of Canada, Canadian Council of
Churches, Islamic Society of North America -
Canada (ISNA Canada)

Canadian

Indigenous

Govt - pwr

Canadian
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Table C.6 — Continued from previous page

Country AURORA Groups AESOP Groups
Canadian Oil and Gas Industry Association Industry/Finance
(COGAIA), Canadian Construction Association (Transnational)
(CCA), Canadian Mining Association (CMA)

EcoNerds, Green Infrastructure Coalition, Conservationist
Sustainable Development Network (Transnational)
Guangzhou Internet Entrepreneurs Association, Industry/Finance
Guangzhou Chamber of Commerce, Guangzhou (Transnational)

Tech Innovators Network
Peking University, Tsinghua University, Zhejiang

Academia (Transnational)

CHN .o
University
Guangzhou Medical Institution, Shanghai Health ~ Chinese
Alliance, Beijing Hospital Network
Guangzhou Liberal Forum, Shanghai Democratic ~ Oppo
Society, Beijing Progressive Voices
Guangzhou Conservative Political Network, Govt
Beijing Conservative Think Tank, Shanghai
Patriotic Advisory Council
Three-Self Patriotic Movement, Chinese Buddhist Chinese
Association, Daoist Association of China
Beijing Green Manufacturing Community, Industry/Finance
Shanghai Ecological Industrial Park Network, (Transnational)
Guangzhou Energy-Efficient Industry Collective
China Environmental Protection Foundation, Conservationist
Friends of Nature, Green Watershed (Transnational)
National Association of Software and Service Industry/Finance
Companies (NASSCOM), Federation of Indian (Transnational)
Chambers of Commerce & Industry (FICCI), The

IND Confederation of Indian Industry (CII)

Jawaharlal Nehru University (JNU), Indian
Institute of Technology (II'T) Bombay, Sidho
Kanhu Murmu University

All India Institute of Medical Sciences (AIIMS),
Tata Memorial Hospital (TMH), Christian Medical
College (CMC) Vellore

Digital Rights India, Cybersecurity Awareness
Network, Institute for Digital Governance

Academia (Transnational)

Indian

Indian
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Country AURORA Groups AESOP Groups
National Cyber Security Coordination Committee ~ Govt - pwr
(NCSCC), Indian Computer Emergency Response
Team (CERT-In), Data Protection Authority of
India (DPAI)

Hinduism, Islam, Sikhism Indian

Textile Innovators Group, Technical Textiles Industry/Finance
Advocacy Network, Technical Textile (Transnational)
Entrepreneurs Network

Indian Centre for Environmental Legal Action Conservationist
(ICELA), Greenpeace India, Centre for Science (Transnational)
and Environment

Iranian Exporters Association, Tehran Chamber of  Industry/Finance
Commerce, Iran Technology Development Fund (Transnational)

University of Tehran, Sharif University of
Technology, Isfahan University of Technology

Academia (Transnational)

IRN Tehran University Medical Sciences, Shiraz Iranian
University of Medical Sciences, Isfahan
University of Medical Sciences
Iranian Liberal Democratic Movement, Iranian Oppo
Youth for Change, Network of Iranian Feminists
Conservative Front, Islamic Revolutionary Guard ~ Govt
Corps (IRGC), Principlist Coalition
Shia Islamic Community (Twelvers), Zoroastrian Iranian
Community, Baha’i Community
Iranian Industrial Association, Tehran Industry/Finance
Construction Coalition, Persian Oil & Gas (Transnational)
Coalition
Green Iran, Environmental Protection Conservationist
Organization, [ranian Wildlife Conservation (Transnational)
Society
Japan Business Federation (Keidanren), Japan Industry/Finance
External Trade Organization (JETRO), Tokyo (Transnational)
Chamber of Commerce and Industry (TCCI)

JPN Hokkaido University Arctic Research Initiative, Academia (Transnational)

Waseda University Arctic Studies Program,
National Institute of Polar Research (NIPR)
Tokyo Medical Association, Kansai Healthcare
Coalition, Hokkaido Nursing Alliance

Japanese
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Country AURORA Groups AESOP Groups
Japan Constitutional Democratic Party (CDP), Govt - oppo
Japan Socialist Party (JSP), Japanese Green Party
(JGP)

Japan Conservative Coalition, Defenders of Govt official
Japanese Sovereignty, Traditional Family Values

Society

Shinto Shrines, Buddhist Temples, Christian Japanese
Churches

Ibaraki Industrial Waste Management Association, Industry/Finance
Tochigi Prefectural Industrial Waste Supervisors (Transnational)
Network, Pirika Waste Collection Initiative

Hokkaido Environmental Protection Association, Conservationist
Ibaraki Prefecture Waste Management Coalition, (Transnational)
Keidanren Environmental Committee

Korea Institute of Business Management (KIBM), Industry/Finance
Korean Business Council (KBC), Korean Female  (Transnational)

KOR

Entrepreneurs Network (KFEN)

Seoul National University, Korea Advanced
Institute of Science and Technology (KAIST),
Yonsei University

Korean Healthcare Alliance, Seoul Medical
Professionals Network, Busan Hospital
Consortium

Korean Liberal Alliance, Progressive Scholars
Network, Youth for Liberal Change
Conservative Party of Korea (CPK), Korean
Federation of Conservative Civic Groups, Alliance
for National Unity

Buddhist Jogye Order, Cheondoism, Protestant
Christian Churches

Korea Industrial Technology Association (KITA),
Korea Manufacturing Industry Association
(KMIA), Korean Institute of Industrial Engineers
(KIIE)

Korea Green Foundation, Korean Environmental
Movement Association, Citizens’ Coalition for
Economic Justice

Academia (Transnational)

Korean

Govt - oppo

Govt - pwr

Korean
Industry/Finance

(Transnational)

Conservationist
(Transnational)
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Country AURORA Groups AESOP Groups
New Zealand Business Network, Kiwi Innovators  Industry/Finance
Collective, Women in Business NZ (Transnational)

University of Auckland, Victoria University of
Wellington, University of Otago

Academia (Transnational)

NZL Auckland City Hospital, Wellington Regional Kiwi
Hospital, Christchurch Hospital
Liberal Advocates for Treaty Equality, New Govt - oppo
Zealand Democratic Rights Network, Investigators
of Historical Truth
New Zealand National Party, ACT New Zealand, Govt - pwr
New Zealand First
Anglican Church in Aotearoa, New Zealand and Kiwi
Polynesia, The Catholic Church in New Zealand,
Dunedin Islamic Centre
New Zealand Manufacturing Association, New Industry/Finance
Zealand Institute of Architects, The Engineering (Transnational)
NZ
Forest & Bird, Greenpeace Aotearoa, Conservationist
Environmental Defence Society (Transnational)
Russian Cybersecurity Alliance, Rostec Business ~ Industry/Finance
Forum, IT Entrepreneurs Association (Transnational)
Moscow State University, Saint Petersburg State Academia (Transnational)
RUS University, Russian State University for the

Humanities (RGGU)

Federation of Russian Hospitals, National
Association of Hospital Administrators, Russian
Society of Medical Professionals

Liberal Democratic Forum, Youth Action
Network, Sustainable Governance Alliance
Russian Conservative Unity, Union of
Traditionalists, Russian Nationalist Front
Russian Orthodox Church, Muslim Spiritual
Administration of Russia, Jewish Community of
Russia

Rostec State Corporation, Rostelecom, Russian
Union of Industrialists and Entrepreneurs (RSPP)

Russian

Oppo
Govt

Russian

Industry/Finance
(Transnational)
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Russian Association of Indigenous Minorities of Conservationist
the North (RAIPON), WWF Russia, Greenpeace (Transnational)
Russia
Taiwan Securities Investment Association (TSIA), Industry/Finance
Taiwan Business Federation (TBF), Taiwan (Transnational)

Fintech Association (TFA)
National Taiwan University (NTU), National

Academia (Transnational)

TWN Chengchi University (NCCU), National Tsing Hua
University (NTHU)
Taiwan National Hospital Consortium, Taiwan Taiwanese
Nurses Association, Taiwan Hospital Quality
Improvement Association
Taiwan Investment Strategic Forum, National Govt - oppo
Development Fund Advocates, Taiwan
Semiconductor Investment Coalition
Taiwan Sovereign Fund Advocates, Taiwanese Govt - pwr
Economic Conservatism Network, Structured
Fiscal Engagers
Buddhist Tzu Chi Foundation, Catholic Church in  Taiwanese
Taiwan, Church of Jesus Christ of Latter-day
Saints (Mormons)
Circular Economy Startup Alliance, Taiwan Industry/Finance
Resource Recycling Alliance, Green Innovation (Transnational)
Forum
Taiwan Circular Economy Association, Resource ~ Conservationist
Circulation Startup Industry Alliance, Taiwan (Transnational)
Environmental Information Association
Trades Union Congress (TUC), UNISON, The Industry/Finance
Yorkshire Mafia (Transnational)
University College London (UCL) - Student Academia (Transnational)
GBR Union, The University of Manchester - Student

Union, Imperial College London — Student Union
NHS Trusts, Private Healthcare Providers,
Community Health Services

Liberal Democrats, Green Party of England and
Wales, Labour Party

British

Govt - oppo
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Conservative Councillors Association, The Local Govt - pwr
Government Association (LGA) - Conservative
Group, National Conservative Convention (NCC)

Church of England, Roman Catholic Church in British

England and Wales, Islamic Community (Muslims

in the UK)

UNISON, GMB Union, National Union of Rail, Industry/Finance
Maritime and Transport Workers (RMT) (Transnational)
Friends of the Earth, Greenpeace UK, The Conservationist
Wildlife Trusts (Transnational)
National Chamber of Commerce, American Small  Industry/Finance
Business Association (ASBA), The Business (Transnational)

US

Council

American Medical Student Association, National
Society of Black Engineers, College Democrats of
America

American Hospital Association (AHA), American
Nurses Association (ANA), Healthcare Cost and
Utilization Project (HCUP)

Progressive Local Governments Network,
National Association of Counties, League of
Women Voters

Republican National Committee (RNC), Heritage
Foundation, American Legislative Exchange
Council (ALEC)

The United Methodist Church, Roman Catholic
Church, Islamic Society of North America (ISNA)
United Auto Workers (UAW), American
Federation of State, County and Municipal
Employees (AFSCME), International Brotherhood
of Teamsters (IBT)

Sierra Club, Natural Resources Defense Council
(NRDC), Environmental Defense Fund

Academia (Transnational)

US Govt - left

US Govt - left

US Govt - right

US Govt - left

Industry/Finance

(Transnational)

Conservationist
(Transnational)
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Appendix D

JANUS: Emotion-Aware Opinion Dynamics

D.1 Intermediate Network Scale Analysis

This appendix provides comprehensive analysis of the intermediate network scenarios (Dual-500
and Dual-750), which exhibit transitional dynamics between the echo chamber effects of small
networks and the averaging dominance of large networks. These scenarios are particularly impor-
tant for understanding how network scale effects emerge and how topic-specific responses diverge
under intermediate connectivity.

D.1.1 Dual-500 Scenario: Transitional Regime

The Dual-500 scenario (N=480, average degree 36.0) represents a critical transition point where
network scale effects begin to differentiate topic-specific responses. Table D.1 provides compre-
hensive metrics for this scenario.

Opinion Distribution Evolution - Dual-500

Figure D.1 presents the complete opinion distribution analysis for Dual-500, combining distribu-
tional evolution with coordination dynamics.

The Dual-500 distributions exhibit topic-dependent divergence. COVID shows modest widen-
ing (Ao = +0.021), continuing the amplification pattern from Dual-250 but with reduced magni-
tude. Roe shows slight narrowing (Ao = —0.011), marking the first reversal toward moderation.
This divergence reflects the interaction between network structure and topic-specific initial condi-
tions.

The temporal coordination analysis reveals smoother dynamics compared to Dual-250. The
initial drop in mean correlation is less pronounced, and coordination strength is reduced (0.075
COVID, 0.084 Roe vs 0.092 and 0.080 in Dual-250). This reflects the law of large numbers: larger
neighborhoods (36 vs 18 neighbors) produce more stable, averaged influence signals.

Community structure persists but with reduced separation. COVID shows separation of 0.032
(vs 0.072 in Dual-250), while Roe maintains 0.052 (vs 0.053 in Dual-250). The reduced COVID
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Figure D.1: Complete opinion distribution and coordination analysis for Dual-500. (a-b) Violin
plots show topic-dependent responses: COVID displays modest widening while Roe shows slight
narrowing. (c-d) Temporal dynamics reveal smoother evolution compared to Dual-250, with co-
ordination strength of 0.075 (COVID) and 0.084 (Roe). (e-f) Community structure shows reduced
separation compared to Dual-250 (0.032 vs 0.072 for COVID), reflecting increased cross-group
exposure from larger neighborhoods.
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Table D.1: Comprehensive metrics for Dual-500 scenario. This transitional regime shows topic-
dependent polarization responses: COVID continues amplification while Roe begins moderation,
marking the reversal point in scale effects.

Metric COVID-19 Roe v. Wade

Initial Final Change Initial Final Change

Polarization (¢) 0583  0.604 +0.021 0650 0.638 —0.011
Mean Opinion (1) —0.202 —0.174  +0.028 —0.045 —0.046 —0.001
Flip Count 7 (1.46%) 4 (0.83%)

Mean |Az| 0.104 0.118

Coordination Metrics (Full Simulation)

Within-Group p +0.014 +0.022
Between-Group p —0.017 —0.031
Separation 0.032 0.052
Coord. Strength 0.075 0.084
Mean Correlation +0.005 +0.000
Frac. Positive 0.516 0.501
N Clusters 2 3

separation reflects increased cross-group exposure from doubled neighborhood size, while Roe’s
stronger initial polarization maintains clearer community boundaries.

Temporal Dynamics - Dual-500

Opinion Trajectories - Top 10 Flippers & Top Changers Opinion Trajectories - Top 10 Flippers & Top Changers
United States Covid-19 response United States roe v. wade overturn June 2022
US_500_2topic US_500_2topic

yyyyyyyyy

(a) COVID-19 Response (b) Roe v. Wade

Figure D.2: Opinion trajectories for Dual-500 (N=480). Trajectories show smoother evolution
with reduced volatility compared to Dual-250, reflecting larger neighborhoods (avg degree 36.0).
COVID: 7 flips (1.46%); Roe: 4 flips (0.83%). Despite larger absolute counts, flip rates decrease,
indicating enhanced boundary stability with scale.

Dual-500 trajectories show visible smoothing compared to Dual-250. Fewer abrupt directional
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changes and reduced short-term volatility arise from diluted individual neighbor influence. The
early transient period remains visible but with reduced magnitude.

Flip events show sublinear scaling: absolute counts increase (7 COVID, 4 Roe) but rates de-
crease (1.46% and 0.83% vs 2.08% and 1.25% in Dual-250). This indicates that larger neighbor-
hoods enhance boundary stability by reducing sustained unidirectional pressure.

Polarization Trends - Dual-500

Polarization Over Time Polarization Over Time
United States Covid-19 response United States roe v. wade overturn June 2022
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(a) COVID-19 Response (b) Roe v. Wade

Figure D.3: Polarization over time for Dual-500. COVID continues increasing (Ao = +0.021),
though attenuated vs Dual-250, while Roe exhibits slight decrease (Ao = —0.011). This diver-
gence marks the transition point where scale effects begin to differentiate topic responses. After
t=100, both trajectories plateau, indicating quasi-equilibrium.

Dual-500 polarization dynamics mark the transition point in scale effects. COVID contin-
ues amplification but with half the magnitude of Dual-250 (+0.021 vs +0.046). Roe shows the
first reversal toward moderation (—0.011). After approximately t=100, both trajectories plateau,
indicating quasi-equilibrium where competing forces balance.

The divergence illustrates that polarization dynamics emerge from network structure x topic-
specific distributions. Roe’s higher initial polarization creates more homogeneous neighborhoods
that maintain stable positions. COVID’s more diffuse distribution allows continued clustering.

D.1.2 Dual-750 Scenario: Averaging-Dominated Regime

The Dual-750 scenario (N=720, average degree 55.7) exhibits clear dominance of averaging effects
over echo chamber dynamics. Table D.2 provides comprehensive metrics.

Opinion Distribution Evolution - Dual-750

Dual-750 distributions show clear narrowing for both topics. Peaks become more concentrated
and tails shorten, producing identical polarization decreases (Ao = —0.024). This symmetry
indicates that structural network effects now dominate over topic-specific characteristics.
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Figure D.4: Complete opinion distribution and coordination analysis for Dual-750. (a-b) Violin
plots show visible narrowing for both topics, with peaks becoming more concentrated and tails
shortening. (c-d) Temporal dynamics show coordination strength of 0.090 (COVID) and 0.078
(Roe), intermediate between Dual-500 and Dual-1000. (e-f) Community structure shows COVID
separation of 0.068 (higher than Dual-500’s 0.032), while Roe shows 0.034 (reduced from 0.052),
reflecting topic-specific responses to averaging pressure.
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Table D.2: Comprehensive metrics for Dual-750 scenario. Both topics now show decreasing po-
larization with identical magnitudes (Ao = —0.024), indicating convergent dynamics where struc-
tural network effects dominate over topic-specific characteristics.

Metric COVID-19 Roe v. Wade

Initial Final Change Initial Final Change

Polarization (¢) 0582 0558 —0.024 0647 0.624 —0.024
Mean Opinion (1) —0.233  —0.195  +0.038 —0.135 —0.105  +0.030
Flip Count 8 (1.11%) 8 (1.11%)
Mean |Az| 0.114 0.090

Coordination Metrics (Full Simulation)

Within-Group p +0.028 +0.014
Between-Group p —-0.039 —0.020
Separation 0.068 0.034
Coord. Strength 0.090 0.078
Mean Correlation +0.005 +0.004
Frac. Positive 0.509 0.509
N Clusters 2 2

The averaging pressure from larger neighborhoods (55.7 neighbors) moderates extreme po-
sitions. Agents near opinion extremes increasingly encounter moderate viewpoints that pull po-
sitions toward population center. Although anchor mechanisms limit movement, permitted drift
allows gradual moderation.

Community structure persists with interesting topic-specific patterns. COVID shows increased
separation (0.068) compared to Dual-500 (0.032), while Roe shows decreased separation (0.034 vs
0.052). This suggests complex interactions between initial distributions and network scale effects.

Temporal Dynamics - Dual-750

Dual-750 trajectories show further smoothing and constraint. After early transient phase, most
agents exhibit minimal movement, remaining within narrow bands. Roe shows extremely limited
volatility due to high initial polarization and strongly clustered neighborhoods producing consistent
reinforcing signals.

Flip rates reach lowest levels: both topics record 8 flips (1.11%). The equality across topics
suggests structural network effects dominate over topic-specific differences in boundary dynamics.
Increasing stability reflects growing dominance of averaging effects.

Polarization Trends - Dual-750

Dual-750 polarization shows clear reversal to moderation. Both topics decrease by identical
amounts (Ao = —0.024), confirming that structural effects dominate at this scale. Unlike smaller

274



Opinion Trajectories - Top 10 Flippers & Top Changers Opinion Trajectories - Top 10 Flippers & Top Changers
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Figure D.5: Opinion trajectories for Dual-750 (N=720). Further smoothing and constraint visible,
with majority showing minimal movement after initial stabilization. Average degree 55.7 creates
substantial averaging pressure, visible in tighter clustering of gray trajectories. Both topics: 8 flips
(1.11%), lowest rate among scenarios, indicating enhanced boundary stability.

Polarization Over Time Polarization Over Time
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Figure D.6: Polarization over time for Dual-750. Both topics show decreasing polarization with
identical magnitudes (Ao = —0.024), confirming systematic reversal from amplification to moder-
ation. Unlike smaller scenarios where polarization increases after transient phase, Dual-750 shows
consistent downward trend throughout simulation.
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scenarios with continued post-transient growth, Dual-750 shows consistent downward trend through-
out.

The initial transient period still produces largest adjustments, but direction is now toward mod-
eration rather than amplification. After stabilization, polarization continues declining slowly but
steadily through remainder of simulation.

D.1.3 Cross-Scale Comparison: Intermediate Scenarios

Table D.3 provides direct comparison of Dual-500 and Dual-750 metrics.

Table D.3: Direct comparison of intermediate scenarios. The transition from Dual-500 to Dual-750
shows systematic shifts: topic-dependent responses converge to symmetric moderation, flip rates
reach minimum, and coordination patterns stabilize.

Metric Dual-500 Dual-750
COVID Roe COVID Roe
Ao +0.021 —-0.011 —0.024 —0.024
Flip Rate (%) 1.46 0.83 1.11 1.11
Separation 0.032 0.052 0.068 0.034
Coord. Strength 0.075 0.084 0.090 0.078
Mean |Az| 0.104 0.118 0.114 0.090

The intermediate scenarios reveal the transition mechanism from echo chamber to averaging
dominance:

* Polarization reversal: Dual-500 shows topic-dependent responses (COVID +0.021, Roe
—0.011); Dual-750 shows symmetric moderation (both —(0.024). The transition point lies
between these scales.

* Flip rate minimum: Both scenarios show rates below extremes, with Dual-750 reaching
absolute minimum (1.11%). Intermediate connectivity optimizes boundary stability.

* Coordination evolution: Strength increases from Dual-500 (0.075-0.084) to Dual-750 (0.078—
0.090) for COVID, suggesting non-monotonic relationship with scale.

* Community structure: Separation patterns show topic-specific responses to scale, with
COVID increasing and Roe decreasing from 500 to 750.

* Individual mobility: Mean change shows topic-dependent patterns, with Roe decreasing
substantially (0.118 — 0.090) while COVID increases slightly (0.104 — 0.114).

These intermediate scenarios demonstrate that network scale effects are not simply monotonic.
Instead, they involve complex interactions between connectivity, initial distributions, and coordi-
nation mechanisms that produce topic-dependent responses before converging to scale-dominated
dynamics at larger sizes.
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Appendix E

Evaluating Realism and Impact in Live
Scenarioss

E.1 AURORA Persona Integration: Ego Network Validation
and AESOP Cross-Walk

This appendix provides evidence for two core claims: (1) AURORA generates structurally dis-
tinct personas, and (2) these personas integrate with AESOP actors within a shared network
structure while contributing individual-level realism.

To address the committee’s feedback, 1 present labeled ego networks alongside quantitative
comparisons of network structure, centrality, and topic engagement. The results show that AU-
RORA personas differ from one another not only in demographic description, but also in how they
are embedded in the multi-modal network, and that they extend AESOP by adding individual-level
social heterogeneity.

E.1.1 Ego Network Comparison

Figure E.1 and E.2 both show ego networks for two AURORA personas (Aarav Patel and Mai Ya-
masaki) and one AESOP actor (myudn). Nodes are labeled by type, and edges represent weighted
interactions. To improve interpretability, only above-average actor-to-actor ties are displayed, so
that the visible alters reflect stronger relationships rather than complete connectivity.

Two observations follow directly from the figure. First, Aarav and Mai exhibit visibly differ-
ent ego network configurations, including different densities, topic clustering patterns, and alter
compositions. Second, the AURORA personas connect to multiple node types, including actors,
groups, communities, and topics, while the AESOP actor is more concentrated in actor-centered
connections. These visual differences provide initial evidence that the personas occupy distinct
positions within a shared multi-modal network.
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Figure E.1: Labeled ego networks for two AURORA personas and one AESOP actor. Aarav
Patel and Mai Yamasaki exhibit visibly different ego-network structures, including different alter
sets, topic clusters, and connectivity patterns, while the AESOP actor myudn shows a more actor-
centered configuration. Only actor-to-actor ties above the average strength threshold are displayed

for clarity.

278



Ego (Persona) A W Groups e Communi ty Topics

Aarav Patel Mai Yamasaki myudn

. e i aeiion

mmmmmm

P —

o s ;-

Figure E.2: Complete ego network comparison showing Aarav Patel (AURORA, left), Mai Ya-
masaki (AURORA, center), and myudn (AESOP, right). Node colors indicate type: yellow = ego,
green = topics, blue = groups, orange = community, grey = actors. Networks are constructed from
XML ego network files with topic filtering applied to show only discussed topics. Only actor ties
above the average strength threshold are visualized for clarity.

E.1.2 Network Structure and Centrality

Table E.1 quantifies the differences visible in Figure E.2. The two AURORA personas differ
substantially across several structural dimensions. Aarav’s ego network contains 217 total nodes
compared with Mai’s 164, a 32% difference. Mai has more topic nodes (20 vs. 14), while Aarav
has more total tweets and unique senders. These differences indicate that the two personas are not
merely alternate textual descriptions layered onto the same network template.

Centrality measures reinforce this distinction. Mai shows higher maximum in-degree, PageR-
ank, and hub score, indicating a more central and responsive position in her ego network. Aarav,
by contrast, shows broader but more distributed connectivity. These results indicate that AURORA
personas are not only demographically distinct, but also topologically distinct within their ego
networks.

E.1.3 Topic Engagement as Behavioral Differentiation

Table E.2 shows that the two AURORA personas also differ in semantic engagement. Aarav con-
centrates heavily on cybersecurity-related topics, most notably CyberSecurityCooperation, while
Mai engages across a broader mix of geopolitical and de-escalation themes. Although a small
number of topics overlap, most are persona-specific. This indicates that the structural differences
observed in the ego networks are consistent with differences in topic engagement and interac-
tion patterns.

279



Table E.1: Comprehensive Ego Network Statistics (All Node Types)

Metric Aarav. Mai myudn AURORA Avg
Network Size

Total Nodes 217 164 80 190.5
Agent Nodes 15 11 27 13.0
Hashtag/Topic Nodes 14 20 0 17.0
Tweet Nodes 188 133 53 160.5
Agent Degree Centrality

Avg In-Degree 0.0048 0.0386 0.0000 0.0217
Max In-Degree 0.0714 0.4250 0.0000 0.2482
Avg Out-Degree 0.0369 0.0386 0.0190 0.0378
Max Out-Degree 0.0714 0.1000 0.5128 0.0857
Avg Total Degree 0.0417 0.0386 0.0190 0.0402
Max Total Degree 0.2232  0.2125 0.2564 0.2179
Agent Centrality Measures

Avg Closeness 0.0667 0.0909 0.0370 0.0788
Max Closeness 0.0667 0.0909 0.0370 0.0788
Avg PageRank 0.0667 0.0909 0.0370 0.0788
Max PageRank 0.3815 0.5045 0.0384 0.4430
Avg Hub Score 0.2153 0.3182 0.0000 0.2668
Max Hub Score 0.4476 0.8235 0.0000 0.6356
Hashtag/Topic Engagement

Total Hashtag Usage 2614 1715 1 2164.5
Avg Hashtag Usage 186.7 85.8 1.0 136.2
Max Hashtag Usage 1142 478 1 810.0
Unique Hashtags 14 20 1 17.0
Tweet Activity

Total Tweets 188 133 53 160.5
Unique Senders 24 12 11 18.0

Note: Statistics extracted from ORA network analysis files showing complete ego net-
works including agents, hashtags/topics, and tweets. Aarav and Mai differ in network
size, topic connectivity, sender diversity, and centrality distributions. These results pro-
vide evidence that AURORA generates personas with distinct social network character-
istics rather than simple template reuse.
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Table E.2: Top Hashtags/Topics by Persona

Persona Top Hashtags (by usage count)

Aarav Patel CyberSecurityCooperation (1142), SouthKorea (478), Cyber-
SecAsia (464), OpnSeaDragon (160), JMSDF (95), OneTeam
(63), beltandroad (51), NoAccidentsAtSea (46), NoBetterFriend-
NoWorseEnemy (41), chinaattacks (34)

Mai Yamasaki SouthKorea (478), CyberSecAsia (464), JMSDF (95), arctic-
plunder (73), AvoidEscalation (57), MaritimeHarassment (57),
DeescalateNow (55), newworldrising (54), russianinsanity (51),
UnitedAsia (49)

myudn TaiwaneseSovereignty (1 use — organizational account focuses on
direct content)

Note: Hashtag usage counts reflect total mentions across all tweets in each persona’s
ego network. Aarav shows a concentrated emphasis on cybersecurity cooperation, while
Mai’s engagement is distributed across a wider set of regional and de-escalatory topics.
Shared topics exist, but the overall engagement patterns remain distinct.

E.1.4 Validation of Persona Distinctiveness

Table E.3 consolidates the differences between Aarav and Mai across demographics, network struc-
ture, centrality, personality, and behavior. The differences are substantial across all measured di-
mensions, including a 44-year age gap, different professions and locations, 32—-100% differences
in structural measures, and substantial differences in social media usage and posting frequency.
The results provide strong evidence that AURORA generates individually differentiated personas
whose ego networks reflect distinct attributes, engagement patterns, and interaction behaviors.

E.1.5 AESOP Cross-Walk: Structural Integration

I compare how AURORA and AESOP components occupy the same network space. Figure E.2
can be interpreted as a multi-layer network containing two different kinds of entities: AURORA-
derived nodes, including individual actors, communities, and topics; and AESOP-derived nodes,
including organizational actors and scenario-driven content.

When read in this way, two integration patterns emerge. First, AURORA personas connect
not only to AURORA-generated structures such as communities and topics, but also to AESOP
actors. Second, AESOP actors such as myudn include AURORA personas within their interaction
networks. This provides evidence of a functional cross-walk, where both systems contribute to a
shared network representation while preserving different roles.

E.1.6 Complementary Network Roles

Table E.4 highlights the differences between AURORA personas and AESOP actors. AURORA
personas are associated with greater topic diversity, larger ego networks, non-zero in-degree, and
higher PageRank and hub scores. AESOP actors, by contrast, show higher out-degree and more
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Table E.3: AURORA Persona Validation: Aarav vs. Mai Comparison

Dimension Aarav Mai Validation Result
Demographics

Age 22 66 44-year difference
Gender Male Female Different

Location Wellington, NZ Mito, Japan Different countries
Profession Medical Intern Retired Teacher  Different fields
Network Structure

Total Nodes 217 164 32% difference
Agent Nodes 15 11 36 % difference
Hashtag Nodes 14 20 43% difference
Tweet Nodes 188 133 41% difference
Unique Senders 24 12 100% difference
Topic Engagement

Total Hashtag Usage 2614 1715 52% difference
Top Hashtag CyberSecurityCooperation (1142) SouthKorea (478) Different focus
Unique Hashtags 14 20 43% difference
Shared Topics 3 (CyberSecAsia, SouthKorea, IMSDF) Most topics distinct

Centrality Measures

Max In-Degree 0.0714 0.4250 495% difference
Max PageRank 0.3815 0.5045 32% difference
Max Hub Score 0.4476 0.8235 84% difference
Personality Traits (Big Five)

Openness 0.685 0.070 0.615 difference
Agreeableness 0.083 1.000 0.917 difference
Social Behavior

Social Media Usage 0.820 (Very High) 0.332 (Low) 2.5x difference

Post Frequency

0.1 (Very Low)

0.9 (Very High)

9x difference
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direct actor-to-actor reach, consistent with organizational broadcast behavior. These differences
indicate that the two systems occupy complementary roles within the network: AURORA provides
individual-level heterogeneity and bidirectional interaction, while AESOP provides institutional or
organizational-scale communication behavior.
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Table E.4: AURORA vs. AESOP Comparison:

Complementary Capabilities

Metric AURORA Avg AESOP Difference Interpretation

Network Scale

Total Nodes 190.5 80 +110.5 (+138%) AURORA larger ego networks

Agent Nodes 13.0 27 -14.0 (-52%) AESOP broader direct actor reach
Tweet Nodes 160.5 53 +107.5 (+203%) AURORA higher activity volume
Unique Senders 18.0 11 +7.0 (+64%) AURORA greater interaction diversity
Topic Diversity

Hashtag Nodes 17.0 1 +16.0 (+1600%) AURORA more topic engagement
Total Hashtag Usage 2164.5 1 +2163.5 AURORA substantially broader topical participation
Avg Hashtag Usage 136.2 1.0 +135.2 AURORA higher average topic use
Max Hashtag Usage 810.0 1 +809.0 AURORA stronger topic concentration
Centrality Measures

Avg Closeness 0.0788 0.0370  +0.0418 (+113%) AURORA more embedded local positioning
Max PageRank 0.4430 0.0384 +0.4046 AURORA higher centrality in ego network
Max Hub Score 0.6356 0.0000 +0.6356 AURORA stronger hub-like connectivity
Max Out-Degree 0.0857 0.5128 -0.4271 (-83%) AESOQP stronger broadcast reach
Engagement Patterns

Avg In-Degree 0.0217 0.0000 +0.0217 AURORA receives interactions

Max In-Degree 0.2482 0.0000 +0.2482 AURORA shows bidirectional engagement
Avg Total Degree 0.0402 0.0190 +0.0212 (+112%) AURORA more overall engagement
Max Total Degree 0.2179 0.2564 -0.0385 (-15%)  AESOP has slightly higher peak broadcast connectivity

284



E.2

Temporal Escalation Structure

Table E.5: Temporal escalation structure (Baseline—Day 4).

Day Type Event Operational Summary
Base Backdrop RUS Shadow Fleet Sanction-evasion oil transport via
proxy tankers in Arctic waters.
Base Backdrop RUS LRidge Postur- Narrative claims over Lomonosov
ing Ridge resources.
Base Backdrop OPN Sea Dragon Prep Five Eyes naval interoperability exer-
cise preparation.
Base Backdrop CHN Airspace Viola- Repeated ADZ incursions near TWN,
tions JPN, KOR, and US.
Base Backdrop RUS Airspace Viola- Arctic airspace probes by Russian air-
tions craft.
Base Backdrop RUS Sub Sightings Unidentified submarine shadowing in
Arctic.
Base Backdrop Environmental Global protests against Arctic industri-
Protests alization.
Base Backdrop RUS Fleet near TWN  Russian naval group stations near Tai-
wan corridor.
6/1 Regular CHN Bomber Incur- Chinese bomber enters Taiwan ADZ;
sion intercept response.
6/2 Regular CHN Arctic Fleet Ar- Chinese flotilla arrives at Russian Arc-
rival tic base.
6/2 Regular CAN Ships Depart Canadian flotilla joins Sea Dragon.
6/2 Regular CAN-RUS Sub En- Canadian vessel encounters surfaced
counter Russian submarine.
6/3 Regular FVEY Fleet Arrival Five Eyes fleets assemble in Indo-
Pacific.
6/3 Regular CAN Boards RUS Sub  Cooperative submarine distress resolu-
tion.
6/3 Regular RUS-CHN  Maneu- Joint live-fire Arctic naval exercises.
vers
6/4 Regular UNIFIED HORIZON Conclusion of CHN-RUS joint exer-
Ends cise.
6/4 Regular RUS Claims LRidge Formal sovereign claim announce-
ment.
6/4 Cyber PACMAR Deface- US Pacific Marines website altered by
ment hacktivists.
6/4 Regular CHN Live Fire near Unannounced missile and naval drills.

TWN
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Table E.6: Temporal escalation structure (Day 5—Day 9).

Day Type Event Operational Summary
6/5 Regular SEA DRAGON Be- Five Eyes naval interoperability exer-
gins cise commences.
6/5 Regular RUS Fleet Lingers Russian  flotilla  remains  near
TWN/PHI corridor.
6/5 Regular ~ RUS Exits Lunar Ex- Science cooperation rupture with
periment Canada.
6/5 Cyber CAN Oil Platform At- Sustained cyber attack halts Arctic oil
tack production.
6/5 Regular Shadow Fleet Oil Spill Tanker grounding spills oil in Chukchi
Sea.
6/6 Regular KOR Cyber Summit International cyber defense summit
convenes.
6/6 Regular Continued Oil Cyber- Escalating financial losses and attribu-
attack tion concerns.
6/7 Regular SEA DRAGON Arctic  Exercise extends to Arctic flotillas.
Expansion
6/7 Cyber Summit Hotel Cyber- Disruption of cyber summit venue.
attack
6/7 Regular Shadow Fleet Colli- Vessel collision in Canadian waters.
sion
6/7 Regular RUS Miissile Test Nuclear-powered  cruise  missile
launched.
6/7 Regular NZL Sailor Death Fatality during Arctic dive exercise.
6/8 Regular RUS Drone Incursions Long-range drone violations in CAN
airspace.
6/8 Regular Arctic Fish Die-Off Ecological crisis linked to oil spill.
6/8 Cyber Seoul Airport Attack Cyber attack halts airport operations.
6/8 Regular Jeju Car Crash Diplomatic tension after injured
AUS/UK nationals.
6/8 Regular CAN Naval Redeploy-  Arctic cordon and defensive escalation.
ment
6/8 Regular CAN Adpvisor Killed Canadian defense advisor killed in
Jakarta.
6/9 Regular RUS Ship Turned Canadian enforcement of Arctic cor-
Away don.
6/9 Regular KOR Attribution Up- Investigation suggests India link; de-
date nial issued.
6/9 Regular Global Beluga Worldwide protests over Arctic envi-
Protests ronmental damage.
6/9 Regular Lunar Experiment Canada shutters multinational space
Closed experiment.
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E.3 Detailed Opinion Dynamics Analysis

This appendix reports supporting analyses of opinion dynamics during the 9-day simulation, in-
cluding country-level trajectories, timestep-level volatility, and formal statistical tests.

E.3.1 Cross-Country Variance Analysis

Figure E.3 shows the evolution of mean opinion valence by country across all ten topics.

Three broad patterns are evident. First, clear geopolitical polarization persists on issues tied
to Russian and Western policy, with Chinese and Russian personas maintaining more negative va-
lences and Western countries maintaining more positive ones. Second, the strongest East—West
separation appears on Russian aggression and Russian arctic activity, where NATO-aligned coun-
tries remain strongly positive while Russia and China remain strongly negative. Third, topics such
as Environment vs. Industry and International Trade show movement toward more neutral posi-
tions across most countries, suggesting lower ideological divisiveness.

E.3.2 Timestep-Level Dynamics

Figure E.4 presents a heatmap of mean absolute opinion changes by topic across day—timestep
combinations, with darker colors indicating greater volatility.

The heatmap highlights three phases: elevated volatility during Days 1-3, reduced movement
during Days 4-6, and renewed late-stage spikes on selected topics during Days 7-9, especially
Canadian indigenous rights and Russian aggression.

E.3.3 Statistical Significance Testing
Cross-Country Differences in Opinion Change

To test whether country-level differences in opinion change were statistically significant, one-way
ANOVA was conducted for each topic.

All topics showed statistically significant cross-country differences in opinion change magni-
tude, with the strongest effects observed for Chinese aggression hegemony and Taiwanese Sovereignty.

Pairwise Comparisons: East vs. West

To evaluate the East—West divide directly, independent-samples t-tests compared NATO-aligned
countries (American, British, Canadian) with China/Russia on geopolitically sensitive topics.

China/Russia personas exhibited significantly larger opinion changes than NATO-aligned per-
sonas on all five comparison topics, with the largest gap appearing for Chinese aggression hege-
mony.
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Figure E.3: Country-aggregated mean valence trajectories across all ten topics over the 9-day sim-
ulation period. Each subplot represents one topic, with colored lines indicating different countries.
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Timestep Dynamics: Opinion Change Intensity
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Figure E.4: Timestep dynamics heatmap showing mean absolute opinion changes by topic across
all day-timestep combinations. Color intensity indicates the magnitude of opinion change, with
darker colors representing higher volatility.

Table E.7: ANOVA Results: Cross-Country Differences in Absolute Opinion Change by Topic

Topic F-statistic df p-value Significant
Chinese aggression hegemony 12.45 (13,361) < 0.001 Yes***
Taiwanese Sovereignty 10.82 (13,361) < 0.001 Yes***
Russian aggression 9.67 (13,361) < 0.001 Yes***
Russian arctic activity 834 (13,361) < 0.001 Yes***
Canadian indigenous rights 791 (13,361) < 0.001 Yes***
Cyber security cooperation 6.23 (13,361) < 0.001 Yes***
OPN Sea Dragon 5.78 (13,361) < 0.001 Yes***
Canadian activity in INDOPAC 492 (13,361) < 0.001 Yes***
Environment vs Industry 345 (13,361) < 0.001 Yes***
International Trade 2.87 (13,361) 0.001 Yes**

#kp < 0.001, *p < 0.01, *p < 0.05
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Table E.8: Independent Samples t-tests: NATO-aligned vs. China/Russia Opinion Changes

Topic NATO i1 China/Russia ;@ t-stat  p-value Sig.
Russian aggression 0.312 0.389 -3.45 < 0.001 Yes***
Russian arctic activity 0.289 0.356 -2.98 0.003  Yes**
Chinese aggression 0.267 0421 -5.67 < 0.001 Yes***
Taiwanese Sovereignty 0.298 0445 -4.89 < 0.001 Yes***
Cyber security coop. 0.245 0.312 -2.34 0.020 Yes*

*#%kp < 0.001, **p < 0.01, *p < 0.05

E.4 Stance Reversal Analysis

E.4.1 Definition and Distribution

A stance reversal (or “flip”’) was defined as a valence change that crossed the neutral threshold with

magnitude at least 0.05:

sign(V;_1) # sign(V})

Across the 9-day simulation, 93 stance reversals were detected, representing approximately
0.025% of all persona-topic-timestep observations. Reversals were therefore rare relative to the

total number of opinion updates.

and

|V, = Viea| = 0.05

Table E.9: Stance Reversals by Topic

(E.1)

Topic Flips Pos—Neg Neg—Pos
Canadian indigenous rights 39 39 0
Russian aggression 22 0 22
Russian arctic activity 6 16 0
Cyber security cooperation 9 0 9
Chinese aggression hegemony 4 0 4
Taiwanese Sovereignty 2 0 2
Canadian activity in INDOPAC 1 0 1
Environment vs Industry 0 0 0
International Trade 0 0 0
OPN Sea Dragon 0 0 0
Total 93 55 38

Canadian indigenous rights generated the largest number of reversals, all positive—negative,
while Russian aggression produced the largest number of negative—positive reversals. At the

country level, Indian personas exhibited the greatest number of flips.
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Table E.10: Stance Reversals by Country

Country Total Flips Pos—Neg Neg—Pos
Indian 36 14 22
Russian 13 0 13
Japanese 12 12 0
American 11 11 0
New Zealander 10 10 0
Taiwanese 6 0
Chinese 4 1 3
Australian 1 1 0
Total 93 55 38

Stance Flips by Country
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Figure E.5: Stance reversal analysis. Top panel shows the number of flips by country; bottom
panel shows the temporal distribution of flip events across the 9-day simulation period.
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Figure E.5 shows that reversals were concentrated in the mid-to-late simulation period, es-
pecially Days 4, 7, and 9, suggesting that late-stage events or cumulative exposure were more
important than early random instability.

E.5 Extended Top Movers Analysis

This section provides supplementary analysis of the 373 top movers identified in the main chapter.

E.5.1 Topic and Temporal Patterns

Top movers were concentrated in the most geopolitically charged topics. Chinese aggression hege-
mony accounted for 18.2% of all top movers (68 individuals), followed by Taiwanese Sovereignty
(16.9%, 63 individuals) and Russian aggression (15.5%, 58 individuals). By contrast, International
Trade and Environment vs. Industry each accounted for less than 7% of top movers.

The largest shifts generally occurred between Days 3 and 5, corresponding to the period of
highest information flow and interaction density. Later movements were less common but re-
mained visible for topics such as Canadian indigenous rights and Russian aggression.

E.6 Comprehensive Intervention Analysis

This appendix provides additional detail on intervention effects, including JANUS processing
logic, actor-level comparisons, deep-dive case studies, and extended statistical validation.

E.6.1 JANUS Integration Details

JANUS processes intervention messages through four steps: (1) message reception, in which cus-
tom actors post stance-bearing content; (2) interaction detection, in which mentions, replies, and
reposts are recorded; (3) belief update, in which topic-specific valence scores are adjusted based on
content, credibility, and receptivity; and (4) sphere formation, in which interacting actors constitute
the intervention account’s Tier 1 sphere of influence. The analyses below compare the resulting
opinion changes against actors outside those spheres.

E.6.2 Comparative Actor Analysis
Network Reach Comparison

Figure E.6 shows the variation in network reach across intervention actors.

Network reach ranged from 43 actors (0.9% of the network) to 494 actors (10.6%) for Defense-
Dave. However, sphere size was not significantly correlated with effect magnitude (r = —0.41,
p = 0.19), reinforcing the conclusion that reach alone does not explain influence.
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Figure E.6: Network Reach by Intervention Actor. Bars show sphere size (number of actors) with
percentage of total network. All sphere actors were Tier 1 (direct interactions only).

Success Factors

Table E.11: Detailed Success Factors Analysis

Factor Successful Actors Unsuccessful Actors Statistical Test
Intervention Volume 29-47 messages 1-6 messages r = 0.95, p < 0.0001 % *x *
Sphere Size 207-494 actors 43-93 actors No correlation (p = 0.19)
Timing Days 5-6 Day 7 No difference (p > 0.48)
Actor Class Individual + Org  Individual only Insufficient data

Topics Addressed 5-6 topics 1-2 topics Weak correlation (p = 0.08)

Message volume was the strongest predictor of intervention success, while reach and timing
showed no significant relationship with effectiveness.
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E.6.3 Deep-Dive Case Studies
DefenseDave: Highest Impact Actor

DefenseDave produced the strongest measurable intervention effects, posting 47 intervention mes-
sages across five topics and generating the largest sphere of influence (494 actors).

Table E.12: DefenseDave’s Top 10 Influenced Actors (Detailed)

Actor ID Topics Shifted Max Shift Total Shift Pattern
c4478d39 4 topics +0.345 +1.16 Consistent positive shifts
13d4ef59 4 topics +0.200 -+0.80 Uniform 0.20 shifts
€9c8b28b 1 topic +0.277 +0.28 Single large shift
5b8d9461 2 topics +0.200 +0.40 Moderate shifts
2dd4elfa 2 topics +0.180 +0.34 Moderate shifts

A small subset of actors showed substantial multi-topic shifts, with the strongest case being
actor c4478d39, whose cumulative shift reached +1.16 across four topics.

Case Examples

Actor c4478d39 (Ministry of National Defense of China) was the most influenced actor in the
network, showing shifts on 12 topics and a cumulative absolute shift of 3.48. Actor 13d4ef59
(Chen Jun) was the second most influenced, showing highly regular 0.20 shifts across ten topics.
Together, these cases illustrate that intervention effects were concentrated among a very small
number of highly susceptible actors rather than distributed broadly across the network.

E.6.4 The Magnitude-Direction Paradox: Extended Analysis

The intervention results show that directional alignment can be high even when mean opinion
shifts remain close to zero. This occurs because most actors remain unchanged while a small
subset exhibits moderate or large movement.

Table E.13: Extended Practical Significance Assessment

Threshold Meaning Sphere % Non-Sphere % Ratio
0.01 Minimal movement 45.2% 18.7% 2.4x
0.05 Minimal detectable 12.9% 4.2% 3.1x
0.10 Small but meaningful 2.6% 0.6% 4.3x
0.20 Moderate change 0.3% 0.02% 15x
0.30 Large change 0.04% 0.001% 40x
0.50 Very large change 0.0% 0.0% N/A

294



The ratio of sphere to non-sphere actors increases sharply at higher thresholds, showing that
larger shifts are disproportionately concentrated within intervention spheres. At the same time, a
large majority of actors remain near zero shift, which pulls the mean toward zero. The paradox is
therefore distributional rather than contradictory.

E.6.5 Network-Level Influence Concentration

Table E.14: Most-Influenced Network Actors (Complete)

Rank Actor ID Topics Total Shift Max Shift Influenced By
1 c4478d39 12 3.48 0.345 DefenseDave, DONN, SultanDave
2 13d4ef59 10 2.00 0.200 DefenseDave, DONN, SultanDave
3 5b8d9461 3 0.60 0.200 DefenseDave, DONN
4 €9¢c8b28b 2 0.55 0.277 DefenseDave, DONN
5 2dd4elfa 2 0.34 0.180 SultanDave
6 d06¢1de2 1 0.20 0.200 DONN

Only six actors (0.13% of the network) appeared repeatedly among the largest opinion shifts,
confirming the strong concentration of influence in a very small set of susceptible nodes.

E.6.6 Statistical Validation: Extended Results

The extended statistical results further support the main intervention findings. Sphere actors were
significantly more likely than non-sphere actors to shift toward intervention stances (f = 7.55,
p < 0.0001, d = 2.28), and intervention volume strongly predicted success (r = 0.95, p < 0.0001).
These two results jointly support the conclusion that intervention effectiveness was real, highly
directional, and strongly dependent on repeated posting rather than broad reach alone.

E.6.7 Case Study: Opinion Dynamics of a Highly Susceptible Actor

To examine individual-level opinion change in greater depth, I conducted a case study of Chen Jun
(actor ID: 13d4ef59), a Buddhist community leader from Nanjing, China, identified as the second
most-influenced actor in the network based on aggregate opinion shift analysis. This case study
evaluates whether his observed opinion changes were temporally associated with the intervention
period (Days 5-7) and quantifies the magnitude of belief updates across all ten geopolitical topics.

Actor Profile and Selection Rationale

Chen Jun is a theoretically informative case because his baseline profile suggests limited engage-
ment with military, territorial, or international security issues. As a member of the Chinese Bud-
dhist Association focused on environmental concerns, spiritual teachings, and charity work, he
would not appear to be an obvious target for geopolitical influence. Yet aggregate results showed
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cumulative opinion shifts of 2.00 valence units across ten topics, with a recurring pattern of ap-
proximately 0.20-magnitude shifts. This makes him a useful case for examining how actors with
limited domain relevance can still undergo substantial opinion change.

Temporal Analysis of Opinion Changes

I extracted Chen Jun’s full belief trajectory from JANUS belief update logs across all nine simula-
tion days, yielding 90 day-level belief states (10 topics x 9 days). Figure E.7 shows the evolution
of his topic-level opinions, with the intervention period (Days 5-7) highlighted.

Three patterns are visible. First, opinions were largely stable before the intervention period
(Days 1-4), with a mean absolute change of 0.0150 valence units per topic. Second, volatility
increased markedly during the intervention window, with mean absolute change rising to 0.0748,
nearly five times the baseline level. Third, opinion movement largely ceased after Day 7, with
mean change returning to near zero, suggesting that the intervention window specifically drove the
observed shifts.

Statistical Validation

To test whether intervention-period changes differed significantly from baseline dynamics, I con-
ducted a paired-samples t-test comparing opinion change magnitudes across temporal periods.
Table E.15 reports the results.

Table E.15: Statistical Analysis of Chen Jun’s Opinion Changes by Temporal Period

Period Mean Change Median SD Range

Pre-intervention (Days 1-4) 0.0150 0.0000 0.0474 [0.000, 0.150]
During intervention (Days 5-7) 0.0748 0.0500 0.0732 [0.000, 0.200]
Post-intervention (Days 7-9) -0.0001 0.0000 0.0003 [-0.001, 0.000]

Statistical Tests:

Paired t-test (Intervention vs. Pre-intervention): ¢t = 2.89, p = 0.017
Cohen’s d (effect size): 1.022 (large effect)

95% Cl for difference: [0.012, 0.107]

*p < 0.05

Opinion changes during the intervention period were significantly larger than pre-intervention
changes (t = 2.89, p = 0.017), with a large effect size (d = 1.022). Figure E.8 shows that this
effect was concentrated in a subset of topics rather than evenly distributed.

Topic-Specific Patterns

The largest intervention-period shifts occurred for Canadian indigenous rights (0.20), Russian
aggression (0.15), and Taiwanese Sovereignty (0.10). Moderate changes appeared for Chinese ag-
gression/hegemony, Cyber security cooperation, and OPN Sea Dragon, while several other topics
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Figure E.7: Chen Jun’s opinion trajectories across all ten geopolitical topics over the 9-day sim-
ulation period. Each subplot shows valence evolution for one topic (y-axis: valence from -1 to
+1; x-axis: simulation day). The shaded orange region indicates the intervention period (Days
5-7) when custom actors posted 176 intervention messages to the network. Notable opinion shifts
are visible during this period for multiple topics, particularly Canadian indigenous rights, Russian
aggression, and Taiwanese Sovereignty.
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remained largely stable. This pattern suggests that intervention effects were selective and topic-
dependent rather than uniform across Chen Jun’s belief profile.

Absence of Direct Interaction Evidence

Analysis of Twitter interaction data found no direct mentions, replies, or reposts between Chen Jun
and any intervention actors, including DefenseDave. This suggests that his opinion shifts may have
resulted from passive exposure, network diffusion through intermediaries, ambient information
effects, or algorithmic amplification. More broadly, this finding indicates that measurable opinion
change can occur without observable engagement, implying that conventional interaction metrics
may underestimate actual influence.

Chen Jun: Opinion Changes by Period
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Figure E.8: Comparison of Chen Jun’s opinion changes across three temporal periods for all ten
topics. Bar heights indicate the magnitude of opinion change (absolute valence shift). The inter-
vention period (Days 5-7, orange bars) shows substantially larger changes than pre-intervention
(Days 1-4, blue bars) or post-intervention (Days 7-9, green bars) periods. Topics showing the
largest intervention-period changes include Canadian indigenous rights (0.20), Russian aggres-
sion (0.15), and Taiwanese Sovereignty (0.10).

Implications

This case study yields four key insights. First, it demonstrates cross-domain susceptibility: Chen
Jun’s limited apparent interest in geopolitical issues did not prevent substantial movement on those
topics. Second, it shows temporal concentration of influence: the five-fold increase in opinion
change during the intervention window strongly suggests that the intervention period, rather than
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general simulation dynamics, drove the observed effects. Third, it highlights influence without
engagement: meaningful belief shifts can occur even when no direct interactions are observed. Fi-
nally, it illustrates heterogeneous susceptibility: Chen Jun represents an extreme but analytically
important case in which a small number of highly receptive actors account for disproportionate
opinion movement.

Methodologically, this case also supports the realism of JANUS belief updating. The ob-
served sequence—baseline stability, intervention-period movement, and post-intervention stabi-
lization—is consistent with a plausible belief-update process rather than arbitrary simulation noise.

Chen Jun’s trajectory provides a clear example of how individual-level analysis can reveal
influence mechanisms that are obscured in aggregate results. His pattern of baseline stability,
intervention-period volatility, and post-intervention stabilization provides strong evidence that the
intervention campaign produced measurable opinion change. At the same time, the absence of
direct interactions underscores the importance of passive and network-mediated pathways of in-
fluence. Together, these findings show the value of combining aggregate network analysis with
targeted case studies to better understand both the prevalence and mechanisms of opinion change
in complex information environments.

E.7 Post-Simulation Survey Analysis

E.7.1 Survey Methodology and Complete Results

Following the simulation, participants (N = 20) completed a structured post-exercise survey de-
signed to assess how they approached messaging, how they evaluated influence effectiveness, and
how they interpreted platform-level diffusion dynamics. The survey captured both binary and
multiple-response items spanning four dimensions: strategic messaging practices, impact evalua-
tion metrics, message dynamics, and perceived platform mechanisms.

Overall, the survey results suggest that participants engaged with the synthetic environment as
a strategically meaningful communication space rather than as a purely artificial exercise setting. A
large majority reported targeting specific audiences or communities (85%), indicating that partic-
ipants perceived the simulated population as differentiated enough to support deliberate audience
segmentation. A smaller majority believed their messages achieved their intended objective (60%)
and that audiences responded as expected (55%), suggesting moderate confidence in their inter-
vention effectiveness while also indicating that the environment preserved a degree of uncertainty
and resistance typical of real information environments.

The responses also show that participants primarily evaluated success through indirect behav-
ioral signals rather than explicit audience confirmation. Engagement metrics and amplification
metrics were the most commonly used indicators (70% each), while direct feedback was used by
only 15% of respondents. This pattern is consistent with real-world information operations and
social media analysis, where practitioners often rely on observable interaction traces such as re-
posts, reach, and engagement volume as proxies for influence rather than direct evidence of belief
change.

Participants also reported adapting their strategies over time. Seventy-five percent indicated
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that early audience reactions influenced later decisions, suggesting that the exercise supported iter-
ative sensemaking and tactical adjustment rather than one-time message deployment. At the same
time, only 15% reported observing rapid narrative spread, indicating that participants generally did
not perceive influence as an immediate or uniformly viral process. Instead, the exercise appears to
have conveyed a more gradual and uneven model of diffusion.

Perceptions of platform mechanisms reinforce this interpretation. Reposts and shares were
identified most often as contributing to message spread (65%), followed by comments (45%),
broadcast features (35%), and algorithmic amplification (30%). These results suggest that partici-
pants understood diffusion as driven primarily by user-to-user propagation and visible interaction
affordances, with algorithmic mechanisms playing a secondary but still meaningful role.

The survey findings support the interpretation that the integrated AURORA-JANUS-SynSM
environment was experienced as both analytically useful and behaviorally plausible. Participants
appeared to engage in targeted messaging, iterative adaptation, and evidence-based evaluation, all
of which are consistent with the broader goal of using synthetic populations as a realistic training
and experimentation environment for studying influence in complex information systems.

Table E.16: Post-Simulation Survey Response Distribution (Complete)

Survey Question Yes No Multiple N
Strategic Messaging Practices

Messages achieved intended objective  60% (12)  40% (8) - 20
Adjusted tone/language by platform 55% (11)  45% (9) - 20
Targeted specific audiences/communi- 85% (17) 15% (3) - 20
ties

Audiences responded as expected 55% (11)  45% (9) - 20

Impact Evaluation Metrics (Multiple Response)
Primary indicators used:

Engagement metrics - - 70% (14) 20
Amplification metrics - - 70% (14) 20
Sentiment analysis - - 40% (8) 20
Direct feedback - - 15% (3) 20
Other indicators - - 25%(5) 20
Message Dynamics
Early reactions influenced later deci- 75% (15)  25% (5) - 20
sions
Observed rapid narrative spread 15% (3) 85% (17) - 20

Platform Mechanisms (Multiple Response)
Features contributing to spread:

Reposts/shares - - 65% (13) 20
Comments - - 45% (9) 20
Broadcast features - - 35%(7) 20
Algorithmic amplification - - 30% (6) 20
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