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Abstract
Building interpretable-by-design AI models that intuitively communicate model

uncertainty is vital to engendering physician and patient trust. We develop uncertainty-
guided deep learning systems for two pertinent healthcare settings. Ef�cient in-
travascular access in trauma and critical care is a high-stakes intervention affording
minimal tolerance for error. Autonomous needle insertion systems can be useful
in austere environments due to the lack of skilled medical personnel. However,
inaccuracies in vessel segmentation modeling can result in vessel damage and hem-
orrhage. The risk can be mitigated via predictive uncertainty estimation to assess
model reliability. Thus, we introduce MSU-Net, a novel multistage approach to se-
mantic vessel segmentation in ultrasound images that combines the predictive power
of Monte Carlo networks and deep ensembles. We demonstrate signi�cant improve-
ments,27:7% over the state-of-the-art, while enhancing model reliability through a
20:9% stronger discrimination in epistemic uncertainty between correct and incor-
rect predictions.

Next, we investigate the robustness of predictive modeling in quantifying the
severity of rash manifestations associated with Cutaneous Dermatomyositis (CDM),
a rare and currently incurable autoimmune disorder. Given the importance of tele-
medicine for remote disease monitoring and timely intervention, we address chal-
lenges of data scarcity and patient diversity by integrating a novel BERT-style self-
supervised learning framework to CNN-based models. Pretrained via masked image
modeling on demographically diverse images, our model achieves over a40% im-
provement in �ne-tuning performance on high-resolution in-clinic hand images from
a limited cohort of23CDM patients. We achieve83% accuracy on a held-out patient
set, surpassing the clinical benchmark of70{75% accuracy. To our knowledge, this
is the �rst work to integrate uncertainty estimation into such architectures, enabling
robustness under distributional shift in skin tone unseen during �ne-tuning.

Our contributions lay the groundwork for developing accurate, statistically rigor-
ous, clinically actionable deep learning models that can be aware of their limitations
and communicate this awareness to their users. Future work aims to improve the
interpretability of models for equitable clinical decision support.
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divergence estimator. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

A.2 Number of images in each dataset subset. . . . . . . . . . . . . . . . . . . . . . 57
A.3 Selected hyperparameters for each model architecture. . . . . . . . . . . . . . . 58

B.1 Evaluating ordinal regression strategies for predicting CDASI score for rash
severity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

xv



xvi



Chapter 1

Introduction

Clinical decision support systems (CDSSs) are a network of software systems used primarily at
the point-of-care to improve healthcare delivery by enhancing medical decisions with targeted
clinical knowledge and demographic patient data. While earlier CDSSs retrieved information
from knowledge-based systems, modern technologies leverage the powerful and ef�cient capa-
bilities of Arti�cial Intelligence (AI) algorithms. Recent Deep Learning (DL) systems rival the
performance of board-certi�ed specialists; they can perform rudimentary diagnostic tasks to de-
tect diabetic retinopathy or arrhythmia on electrocardiograms (Sutton et al., 2020), generate
precise vessel segmentations (Banerjee et al., 2025), or perform automated cancerous lesion de-
tection in a fraction of the time of a trained dermatologist (Yu et al., 2017). However, while DL
is an attractive solution for solving complex diagnostic tasks, adopting such algorithms in CDSS
is challenging for the following reasons;

Clinical data quality. Acquiring high quality, clean data is non-trivial. For visual recognition
tasks, noisy image data often arises from inconsistent lighting conditions, a lack of calibration
in technology settings, and operator bias. Acquisition artifacts can obscure the desired object in
an image, leading to data leakage (Berseth, 2017) or performance degradation in downstream
tasks (Wang et al., 2021). Furthermore, the scarcity of high-quality labeled training data is a
well-known issue in the medical community, as labeling is time-consuming and requires domain
expertise. The quality of labels is critical to model performance; improper labeling can propagate
misinformation and result in inaccurate predictions, endangering patient lives and clinical reputa-
tions. Consequently, most labeled clinical datasets contain only a few hundred to a few thousand
samples, insuf�cient for training modern, sophisticated architectures. The limited amount of
training data provides a weak representation of larger populations, which can diminish the utility
of DL in CDSSs. Distribution shifts between training and testing data can signi�cantly affect a
model's generalizability, as a model trained on data from one clinic may perform poorly when
applied to patients from a different clinic.

Model interpretability. DL architectures are often described as “opaque” or “black-box”, al-
luding to the lack of interpretability of their internal decision-making processes. In healthcare,
standalone models can diminish autonomy, requiring clinicians to use model predictions with-
out suf�ciently understanding how they are retrieved. Similarly, opacity makes it challenging
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to identify preexisting biases, which often go unnoticed and are unknowingly perpetuated. As
modern architectures grow in sophistication, the trade-off between interpretability and perfor-
mance becomes increasingly dif�cult to balance. In patient-centered care, the transparency and
open disclosure of predictive model uncertainty is an ethical and moral imperative (Simpkin and
Armstrong, 2019) to address the lack of interpretability in standalone DL models. Uncertainty
estimates enable physicians to subjectively abstain from using model predictions heuristically
(Kompa et al., 2021), sparsely leveraging a clinician's expertise without causing fatigue. With-
out a way to communicate its predictive uncertainty, clinicians are likely to exhibit a stronger
algorithmic aversion to the CDSS (Dietvorst et al., 2015). Buffering the tendency to abandon
an algorithm the �rst instance of an error through uncertainty estimates is vital for the continued
adoption of DL in CDSSs.

Engendering physician trust is two-fold. First, models must be equipped to quantify their un-
certainty. Second, and crucially, uncertainty estimates must be reliable. After all, a model that
claims high certainty in every prediction is not meaningful. To address these challenges, we
design accurate and ef�cient DL systems for two relevant healthcare settings. Our proposed sys-
tems seek to enhance human capabilities by surpassing the performance of novice, semi-trained,
and trained clinicians at several notable diagnostic tasks. Thus, our research aims to answer the
following questions:

v RQ1: What additional considerations do we need to make when designing DL systems for
healthcare applications?

v RQ2: What methods of uncertainty quanti�cation are most effective in communicating
predictive uncertainty?

v RQ3: How reliable are the uncertainty estimates of our models?

v RQ4: How can we ensure that our systems establish clinical relevance?

1.1 Notable Implications

1.1.1 Saving Lives at Ground Zero

Fluid resuscitation in trauma patients is an urgent high-stakes intervention that demands accu-
rate localization of femoral vessels and affords minimal tolerance for error, as imprecise needle
placement can result in complications as severe as catastrophic hemorrhage. In austere environ-
ments, autonomous robotic systems can be used to substantially automate vascular access with
minimal supervision, yet ensuring precise identi�cation of the optimal needle insertion site with-
out human oversight is an ongoing challenge. To address this, we propose MSU-Net, a novel
multistage deep learning framework focused on the �rst and foundational step of this proce-
dure: high-precision segmentation of femoral vessels. Despite the complexity of this task, our
approach achieves a92:5% Dice Score Coef�cient (DSC), along with a statistically signi�cant
reduction in false negative rates at the95% con�dence level—key metrics for minimizing the
risk of misidenti�ed vessels.
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Crucially, our framework advances model trustworthiness, demonstrating a20:9% improve-
ment in the discrimination of epistemic uncertainty estimates between correct and incorrect pre-
dictions. This enhanced calibration is critical for clinician trust in AI-assisted decision-making.
Our �ndings have direct and immediate relevance for the development of safe, autonomous
needle-insertion systems. By accurately delineating vascular structures and reducing prediction
ambiguity, our method contributes to safer procedural planning by minimizing the risk of punc-
ture in high-risk areas such as the femoral bifurcation. We lay the groundwork for dependable
AI-clinician collaboration in time-sensitive trauma care scenarios.

1.1.2 Democratizing Preventative Care via Telemedicine

Delivering timely, high-quality care through telemedicine has the potential to signi�cantly en-
hance patient outcomes and strengthen clinician-patient relationships. As telehealth continues to
rede�ne healthcare as fast, accessible, and increasingly remote, the integration of AI systems into
virtual clinical work�ows becomes critical—particularly for the early detection and treatment of
rare, debilitating conditions such as Cutaneous Dermatomyositis (CDM). In this work, we pro-
pose a novel image-based predictive modeling pipeline that leverages BERT-style self-supervised
pretraining to autonomously estimate rash severity in CDM patients. Our approach achieves a
40:6% improvement in accuracy over traditional transfer learning methods and demonstrates
strong generalization in out-of-distribution patients. These results exceed clinician standards,
suggesting the feasibility of deploying our system in the University of Pittsburgh Medical Center
(UPMC) telemedicine platforms to support personalized care.
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Chapter 2

Trauma Care in a Rucksack

2.1 Introduction

Trauma, the leading cause of death among young individuals in the U.S. (Wallace and Regu-
nath, 2025), often results in blood loss, which requires rapid �uid resuscitation for vital organ
oxygenation. In severe cases, hemorrhage is one of the leading causes of death within the �rst
hour (Verhoeff et al., 2018). Endovascular resuscitation is the most popular approach, with vas-
cular access being the critical �rst step. Femoral arterial and venous access is the most practical
approach (Manning et al., 2021), requiring methodical identi�cation of the femoral vessels to
assess the optimal location for needle insertion for cannulation. Compared to other points of ac-
cess, femoral vessels provide an easily accessible and relatively safe route for rapid intravenous
access. However, due to the loss of pulses that can make arterial localization challenging, this
procedure requires the expertise of a trained physician.

In austere settings, access to timely medical care and expertise is dif�cult due to limited ac-
cess, dangerous conditions, time constraints, and the lack of medical infrastructure. A U.S. De-
partment of Defense analysis of battle�eld mortality found that one in four pre-hospital combat
deaths and one in two in-hospital combat deaths were potentially preventable (Latif et al., 2023),
most of which were attributable to traumatic hemorrhage. During battle�eld triage, environments
can become hazardous for human intervention due to exposure to chemical or nuclear waste, poor
air quality, and the presence of �ammable or explosive materials. Autonomous robotic systems
can assist in intravenous �uid administration when medical experts are unavailable, providing
support in emergencies. These systems can also guide non-experts in accurately performing
phlebotomy tasks, empowering them to contribute effectively in dire medical situations.

Ultrasound (US) imaging is widely used for femoral vessel localization for several reasons.
First, its affordability, speed, safety and portability make it ideal for interventions, unlike cumber-
some CT or MRI imaging systems that use ionizing radiation. Second, US-guided catheterization
is commonly used to help distinguish artery from vein in order to prevent inadvertent punctures
(Manning et al., 2021). Third, US guidance can help locate the vessel bifurcation; asafeneedle
insertion location is at least2 cm away from this critical landmark. Despite advances in au-
tonomous needle insertion systems (Chen et al., 2022), a critical challenge persists: inaccurate
vessel predictions can have life-threatening consequences. For example, the incorrect prediction
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Figure 2.1: Ultrasound scanning apparatus for vessel localization.Our apparatus uses (a)
5 MHz linear transducer to scan a phantom model simulating femoral vessels, producing two-
dimensional transverse images and recording (b) the US probe trajectory simultaneously. (c)
Expert clinicians annotate each image using CVAT and (d) illustrates the ideal femoral arterial
puncture site (Chen et al., 2022).

of two adjacent vessels as a single vessel could lead to laceration of the vessel wall and cause
hemorrhage upon needle insertion. In severe cases, such hemorrhage can lead to death.

Accurate vessel segmentation is a crucial precursor to vessel localization. First, the US probe
scans the patient's femoral region to collect two-dimensional (2D) transverse US images along-
side their poses (see Figure 2.1a-c). Next, vessel segmentations are performed for each 2D slice
to discriminate vessels from the background. Finally, using both robot poses and our predicted
segmentation masks, we can apply interpolation heuristics to localize the bifurcation in order to
identify the optimal insertion position.

Uncertainty estimation is essential in vessel segmentation as it provides insight into the re-
liability of the model's predictions. In cases where the model predicts poor segmentations,
uncertainty estimation can help identify regions of the prediction that are less certain or more
error-prone. By quantifying uncertainty, the model can highlight areas where further attention
or caution is needed, guiding non-experts to avoid making decisions based on unreliable pre-
dictions. It follows that uncertainty estimation not only improves model performance, but also
ensures patient safety by reducing the risk of harmful, incorrect interventions.

Hence, we introduce MSU-Net, a novel MultiStage Monte Carlo U-Net, performing accurate
and ef�cient semantic vessel segmentations. We equip our models with the capacity to commu-
nicate model uncertainty, enabling transparent communication of the model's limitations. Our
contributions include(1) identifying the �rst known improvement in uncertainty estimation for
ultrasound images and(2) demonstrating signi�cant improvements in model performance with
MSU-Net. In addition to quantitative achievements, our method produces visual uncertainty
maps that are consistent with clinician evaluations of vessels. Notably, we achieve these results
with little additional resources required. Thus, our research addresses the following questions:
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