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1 Abstract

Bipolar disorder, a mental illness marked by drastic shifts in the patients’
energy levels, severely interferes with patients’ daily lives. While treatment
exists, they are non-specific due to the lack of understanding of bipolar disor-
der’s genetic regulatory pathways. This project aims to explore the epigenetic
cause of bipolar disorder, especially its connection with Ca?* ion level oscil-
lations in cells, to eventually aid the development of potential RNA therapies
specific to bipolar disorder. The project is carried out with two aims. The
first aim attempts to associate cellular Ca?* level regulation of specific cell
populations with bipolar disorder through analyzing mouse brain single-cell
RNA-sequencing (scRNA-seq) and human GWAS data using computational
tools. The second aim is training TACIT (Kaplow et al. [2023]]), a machine
learning pipeline, to predict the open chromatin regions of the genome across
multiple species. The pipeline would then be used to predict chromatin ac-
cessibility of the list of genes identified in the first phase and associate gene
regulatory patterns with bipolar disorder traits. Our initial results show that
there is a specific cell population in the hypothalamus that is enriched in
Ca’T related genes and statistically associated with bipolar disorder. And
through training on mouse hypothalamus single-nucleus ATAC-sequencing
(snATAC-seq) data, we produced cell-type-specific models that perform well
on predicting chromatin accessibility in hypothalamus cell types.
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3 Introduction

3.1 Epigenetics and Enhancers

All biological entities are composed of cells, each of which carries a copy of
DNA genome, serving as the blueprint for how each cell functions. Parts of the
genome encodes functional units called genes, but there are also other parts in
the genome that regulates the expression of these genes. It is hypothesized
that the difference in regulation and expression of genes gives rise to the
development of various different cell types. The study of genomic regulations
that alters the expressions of these genes is called epigenomics.

Gene expression in eukaryotes is orchestrated not only by genomic regions
called promoters directly adjacent to coding sequences, but also by distal cis-
regulatory elements known as enhancers. Enhancers are noncoding sequences
that are believed to contact the target promoters by chromatin looping during
transcriptional activation, regulating the expression of target genes transcribed
by RNA polymerase II (Panigrahi and O’Malley|[2021]]). Enhancers are found
primarily in intergenic and intronic regions, consisting of dense clusters of
the transcription factor binding sites and later bound by cell type-specific
transcription factors, coregulators, chromatin modifiers and other proteins
and enzymes (Panigrahi and O’Malley [2021]). Given that enhancers are key
effectors of gene expression regulation during differentiation, we aim to study
how activity of specific enhancers can influence complex traits, such as the
onset of psychiatric diseases like bipolar disorder.

3.2 Cell Type Heterogeneity of the Brain and Single-Cell Genomics
Technologies

The human brain is one of the most complex organs in the human body. It is
composed of various different types of cells that can be broadly categorized
into neurons and glial cells (Soorajkumar et al.| [2025]]). Neurons, widely
regarded as the primary functional units of the brain, are responsible for the
transmission of electrical signals that controls our thoughts and behaviors. But
glial cells, such as astrocytes, oligodendrocytes, and microglia, are equally
important in maintaining the homeostasis of the brain. Previous studies
have shown that abnormalities in glial cells like astrocyte and microglial is
associated with psychiatric disorders like major depressive disorder (Carrier,
et al.|[2022]). Thus, pinpointing the epigentic origin of diseases takes careful
examination the cell-type-level contribution of different cells composing the
brain.

To profile the gene regulations of cell populations at single-cell resolution,
we used single-cell genomics technologies. Traditional bulk-sequencing tech-
nologies involves breaking all cells in a tissue and profiling the aggregated
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regulatory signals of genes across multiple cell populations. However, many
genetic conditions and disease results from the mutations of gene regulatory
elements of a small population of cells. Bulk-sequencing technologies, in
this case, would diminish the mutation signal in the data, while single-cell
technologies, with their abilities measure gene regulation of each single cells,
allows genes and cell populations associated with diseases to be more clearly
identified (L1 and Wang [2021]]). The main single-cell genomics technologies
we are going to use are single-nucleus RNA-sequencing (snRNA-seq) and
the Assay for Transposase-Accessible chromatin with sequencing, at a single
nuclei or cell level (snATAC-seq).

snRNA-seq creates expression profiles of individual cells, and patterns of
subsequent gene expression can be identified computationally through clus-
tering analyses. This allows us to analyze the expression of RNA from large,
mixed cell populations, and identify critical differences between cell types
within a given microenvironment. Alternatively, snATAC-seq can be used to
identify cis-regulatory elements controlling cell-type specific gene expression
patterns. This allows us to understand cell types and states in samples with
large amounts of heterogeneity, as well as subsequent gene regulatory mech-
anisms. By completing an integrative analysis using both snRNA-seq and
snATAC-seq data, we are able to understand the cellular states at which gene
regulation and expression occurs in complex traits, such as bipolar disorder.

3.3 Bipolar Disorder and Project Motivation

Bipolar Disorder (BD) is a mental illness that is marked by dramatic shifts in
the patient’s energy levels, affecting mood, activity levels, and concentration
(Nierenberg et al. [2023]). Patients experience sudden changes from a
highly energetic and excited state to a depressed and low-energy state, which
significantly interferes with daily tasks. Current treatment for BD, though
present, mainly targets symptoms in BD that are also prevalent among many
psychiatric disorders. For example, mood stabilizers (Li") as a common
prescription mainly serves to alleviate extreme mood shifts, but only around
30% of the patients are considered “good responders” to the treatment
(Zafrilla-Lopez et al.|[2024]); and antidepressants are suspected to have the
risk of inducing mania episodes and triggering affective switches between
mood states more frequently (Oliva et al. [2025]]). The absence of clinically
approved treatments that targets BD-specific genetic pathways indicates
that the underlying epigenetic cause for BD has not been fully understood.
An exploration into the genetic origin of BD could provide insights for
development of more effective treatments against BD, such as gene therapies,
by targeting cell-type specific expression.



This project aims to find potential epigenetic regulators in the brain that
is associated with BD through analyzing single-cell genomics data using
bioinformatics and machine learning. The main motivation of the project
came from a potential connection between Ca’* ion level oscillation in cells
and symptoms of BD suggested by our collaborator (Dr. Sarah Ross from
University of Pittsburgh)’s preliminary data. Upon investigating the role of
our candidate gene, PIcZ1, in regulation of brain Ca2+ levels and finding no
significant connections, we searched for new candidates in two directions:
1) Find cell populations that are enriched in both Ca?* regulating gene sets
and are significantly associated with BD; 2) Train cell-type-specific machine
learning models to identify enhancer regulation differences between BD and
healthy samples through predicting enhancer chromatin-openness.

4 Results

4.1 PlcZ1 showed little association with BD and Ca?" regulaion

We first explored the association between PlcZ1 and Ca?* regulation of the
brain. PlcZ1 is selected as our first candidate gene, as it regulates Ca?*
oscillation in non-neuronal cells (Igarashi et al. [2007])-we would like to
investigate whether it carries the same regulatory function in the brain. A
list of genes associated with bipolar disorder is provided by a GWAS study
(O’Connell et al.|[2025]]), and two methods are applied to find genes associated
with Ca2+ regulation using single cell RNA sequencing (scRNA-seq) data
from human and mouse brains (which reflects the expression of genes in cells
of the brain).

First, mouse and human whole brain scRNA-seq data is analyzed to find genes
co-expressed with PlcZ1. By fitting a linear model to the gene expression
data using LimmaVoom, a list of genes significantly coexpressed with PlcZ1
is found (see Figure 1.c). However, none of them overlaps with the BD-
associated genes identified by the GWAS study. Next, we aimed to identify
specific brain regions or cell types that differentially express PlcZ1, and we
planned to perform differential expression (DE) analysis to identify genes that
have significantly different expression levels in these cell types or brain regions.
After analyzing mouse and human whole brain scRNA-seq datasets with
Seurat, although we found in some samples that PlcZ1 has higher expression
in the hypothalamus, the overall expression level of PlcZ1 in the brain is
low. Further analysis of the human and mouse hypothalamus scRNA-seq
datasets proved this by confirming that overall expression of PlcZ1 in the
hypothalamus is relatively low as well (See Figure 1.a and 1.b). And although
PlcZ1 expression is relatively higher in astrocytes and splatter neurons, they
cannot be seen as significant cell types due to the overall low expression of
PIcZ1 and the heterogeneous nature of the splatter neurons.
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4.2 Hypothalamus cell population enriched in Ca’* regulation and associated

with BD

As our preliminary results showed that PlcZ1 is not associated with BD or
Ca’T regulation in the brain, we searched for other potential cell populations
or genes connecting BD with brain Ca?* level regulation. And we focused
our search on the hypothalamus due to its strong association with BD shown
in previous studies: hypothalamus is a part of the HPA-axis, which has strong

association with BD (Belvederi Murri et al.|[2016]]).
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Figure 1 | PlcZ1 BD association and Calcium ion regulation results. a) UMAP of cell types in the mouse
whole brain from Allen Institute (each dot is a single cell, and differently colored clusters on the plot represent

different cell types in the mouse brain); b) Feature plot of PlcZ1 expression in the mouse whole brain (data

from Allen Institute)--the more purple the color of a dot, the higher the expression of PlcZ1 in that cell; ¢) Co-
expression analysis of PlcZ1 with other genes using Limma-Voom (each dot on the plot is a gene, and genes on

the top right are genes more highly co-expressed with PlcZ1).



4.2.1 Methods Overview

To search for cell population candidates that could connect BD with Ca?*
regulation in the hypothalamus, we used a snRNA-seq data of the mouse
hypothalamus (Ferris et al.| [2025]]) and applied two measures on to each cell:
statistical association with BD and enrichment of Ca?* regulatory gene sets.

To calculate the statistical disease association with BD, we applied Single-Cell
Disease Relevance Score (scDRS) (Zhang et al.| [2022]) on our dataset. scDRS
is a bioinformatics pipeline that quantifies the statistical association of genes
and cells to a disease trait in the context of each cell. It first converts Genome
Wide Association Studies (GWAS) summary data, which is a method that
associates specific gene variants to a disease trait, to gene-level z-score using
MAGMA (de Leeuw et al.|[2015]]). Then, the genes with top 1000 z-scores
are selected as putative disease genes. Next, the expression of putative disease
genes are quantified in the context of each cell using a score weighted by the
z-scores and inversely weighted by gene-specific technical noise values in the
snRNA-seq dataset. After computing these "disease scores", the algorithm
generates 1000 sets of cell-specific control scores by generating Monte Carlo
samples of control gene sets with matching gene set size, mean expression,
and the expression of putative disease genes to those of the original cells.
Finally, a cell-level p-score is computed for each cell by normalizing the
disease scores and control scores (Zhang et al. [2022]).

To measure the gene set enrichment of Ca®* regulatory gene sets in each cell,
AUCell is used. AUCell is a bioinformatics package that takes in a snRNA-seq
dataset and a set of genes and outputs a score that reflects the degree that the
gene set shows significant expression in each cell in the dataset. The algorithm
behind this package works by raking the genes by their expression levels in
each cell and define a set of top-ranked genes (which is where the enrichment
will be covered). It then builds a recovery curve with the ranked genes on the
x-axis and cumulative number of genes in the input gene set covered so far on
the y-axis. The area-under-curve of this recovery curve for each cell will be
its AUCell gene set enrichment score.

After calulating the scDRS and AUCell score for each cell in the mouse
hypothalamus dataset, PCA, clustering, and UMAP algorithms are applied
to group cells with similar gene expression profiles into distinct cell popula-
tions. And the scDRS score and AUCell scores are visualized on the UMAP
plot and compared to search for any cell population that are high in both scores.

The dataset we used is a snRNA-seq result of mouse hypothalamus (Ferris
et al.|[2025]]). After quality control and filtering, the gene expression profiles

10



of 89036 cells are preserved. For AUCell analysis, we used four gene sets
regulating Ca2+ levels: calcium-mediated signaling, positive regulation of
cytosolic calcium ion concentration, store-operated calcium channel activity,
and intracellular calcium ion homeostasis.

4.2.2 Results

Through this analysis pipeline, we found a specific cell population that
showed high scDRS score and AUCell score (see Figure 2a, 2b, 2¢). In the
UMAP corlored according to scDRS score, a small population of cells showed
significantly higher scores than others. And the same population of cells
showed high AUCell scores for gene sets responsible for calcium-mediated
signaling and positive regulation of cytosolic calcium ion concentration.
And for gene sets regulating store-operated calcium channel activity and
intracellular calcium ion homeostasis, we found that they are not differentially
expressed in this dataset (see Figure 3). In the histograms produced by
AUCell (with AUCell score on the x-axis and number of cells within that
range AUCell scores on the y-axis), a differentially expressed gene set would
produce a bi-modal distribution, reflecting that there exist a population of
cells that high express this gene set and other cells have low expression of
this gene set. We can see that the gene sets responsible for calcium-mediated
signaling and positive regulation of cytosolic calcium ion concentration
(Figure 3a, 3b) shows a bi-modal distribution in their histograms, while
the other two gene sets (Figure 3c, 3d) do not. This result suggests that
this cell population (we will refer to it as "cell population of interest") in
the hypothalamus is both correlated with BD and differentially expressing
some gene sets regulating neuron Ca2+ levels, which provides us with a
promising candidate for further investigation into the connection between
Ca2+ regulation in the hypothalamus and BD.

Interested in knowing the neuron subtype of that cell population, a label trans-
fer was performed using Seurat’s MapQuery function, mapping cell-subtype
labels from a finely annotated mouse hypothalamus dataset (Tadross et al.
[20235]]) to our current snRNA-seq dataset. The result of the label transfer
is presented in Figure 4a. By isolating individual clusters and grouping
others together, we found that our cell population of interest is of type
"C19.Sst.Epha3"-a group of Somatostatin-expressing (SST) neurons marked
by expression of Epha3 gene, and this label transfer result has high confidence
score (see Figure 4b). Since SST neurons are GABAergic neurons, this
contradicts with the original cell type annotation from Ferris et al.|[2025],
which suggests that this cell population are Glutamatergic neurons. To further
elucidate the identity of this cell population, we 1) clustered our current
snRNA-seq dataset into higher-level cell type clusters and perform marker
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Figure 2 | scDRS and AUCell analysis of mouse hypothalamus snRNA-seq data (Ferris et al. [2025]).
a) UMAP of scDRS analysis of the snRNA-seq data--the lighter the color of the dots, the greater the cells'
statistical disease relevance with BD; b) & c¢) UMAP of AUCell analysis on the snRNA-seq data on positive
regulation of cytosolic Calcium ion concentration gene sets and Calcium-mediated signaling gene sets,
respectively--the lighter the color of the dots, the greater the gene set enrichment of the cells; d) The reference
UMAP produced by Ferris et al. including the neuronal cell type labels, indicating the cell population that
menifests high scores in both scDRS and AUCell analysis are glutamatergic neurons.

gene analysis on the cell population of interest to identify potential marker
genes, and 2) used MapMyCell from Allen Institute to perform label transfer
onto our current sSnRNA-seq dataset and performed marker gene analysis for
the cell population of interest.

The clustering results are shown in Figure 5. We used Seurat to perform the
clustering, and we identified the clusters that reflects our cell population of
interest by transferring the scDRS and AUCell scores onto the same cells.
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From the resulting UMAP reflecting scDRS and AUCell scores, clusters 2
and 11 has high scores in both measures, which represents our cell population
of interest (see Figure 5a, Sb, Sc). Marker gene analysis was performed to
identify genes representative of these two clusters against all other clusters
using the Seurat FindMarkers function. Expression plots of these 5 marker
genes are then examined to identify which genes more uniquely represent
clusters 2 and/or 11. We found that wnt2 and sh3rf2 are more differentially
expressed in clusters 2 and/or 11 (see Figure 5d, Se).

To further validate our label transfer results, we used MapMyCell to perform
label transfer onto our current snRNA-seq data. MapMyCell is a web tool
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developed by the Allen Institute for Brain Science that uses the dataset it
curated to annotate cell types for human or mouse brain single cell data. The
label transfer results are shown in Figure 4c¢. Our cell population of interest
is of type "CNU-LGE GABA"-GABAergic neuron at Lateral Ganglionic
Eminence (LGE). This result supported the label transfer result from HypoMap
that our cell population of interest are GABAergic neurons. However, since
they are mapped to a cell identified from a brain region that does not belong
to the hypothalamus, this result needs to be further examined. Marker gene
analysis of the cell population of interest was then performed against all
GABAergic neuron clusters and all other clusters. Sh3rf2 showed up again
as a gene that is differentially expressed in our cell population of interest
when comparing to all other GABAergic neuron clusters, as well as against
all other clusters (see Figure 4f). Wnt2 also showed up as a gene that is
differentially expressed in our cell population of interest when comparing to
all other clusters (see Figure 4e). These two genes could be potential targets
for further analysis of their connection with Ca?>* and BD.

4.3 Hypothalamus TACIT Model Training

Chromatin openness at enhancer regions is strongly correlated with the up-
regulation of these enhancers. We aimed to train cell-type specific models
for predicting chromatin openness, so that a comprehensive scan of enhancer
region chromatin openness can be performed on BD and healthy samples to re-
veal the enhancer regulation differences at cell-type resolution. The enhancers
that are regulated differently would be candidates for further investigation,
as they could be the underlying cause for BD. For this project, a cell-type
specific classification model is trained for each hypothalamus cell type.

4.3.1 Data preparation

The dataset used is a snATAC-seq dataset of mouse hypothalamus (Ferris
et al. [2025]). We used positive sets from the reproducible Open Chromatin
Regions (OCR) set detected in hypothalamus cell types within this dataset,
where we removed OCRs overlapping exons and within 20,000 base pairs from
a Transcription Start Site (TSS) to thoroughly exclude promoter elements,
because promoters and enhancers within the same cell type have been shown
to be bound by only partially overlapping groups of transcription factors.
Then, we filtered this set of OCR again for enhancer regions only and scaled
them to 500 base pairs each based on peak location of every OCR. Next,
GC-matched negative targets to the positive set are generated by taking the
parts of the mouse genome that have similar GC-content as the positive targets
and are not detected by snATAC-seq. To do so, we used the biasaway tool
with the following parameters: biasaway c¢ -n 10. While 10 times GC-matched
negatives are generated, we further filter them to exclude exonic and promoter
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more purple the color of a dot, the greater the confidence of its label transferred cell type

labeling); c¢) Label transfer results from MapMyCell (the cell population of interest is

annotated as CNU-LGE GABA); d) MapMyCell label transfer result confidence score UMAP
(the lighter the color of a dot, the greater the confidence of its label transferred cell type
labeling); e) & f) Expression plots of Wnt2 and Sh3rf2 on the UMAP clustered by Ferris et

al.--these two genes are differentially expressed in the cell type of interest.

regions and regions overlapping any reproducible or non-reproducible OCR
of the target cell type, resulting in 4-5 times as many GC-matched negatives
as positives. This negative set aims to push models to learn to identify random
non-coding regions in the genome that are inactive, but have a similar GC-
content to our training set. We want to make sure the GC-content of the
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positive and negative targets are similar, so that the models are not learning
GC-content as a measure of enhancer openness.
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Figure 5 | Clustering and marker gene analysis results. a) Clustering result of the
Ferris et al. [2025] snRNA-seq data using Seurat (clusters 2 and 11 represents the cell
population of interest identified in scDRS and AUCell score mapping); b) AUCell score
(regulation of cytosolic Calcium ion concentration) mapping onto corresponding cells of
the clustering result; ¢) scDRS score mapping onto the corresponding cells of the
clustering result; d) & e) Expression plot of Wnt2 and Sh3rf2 genes on Seurat-
clustered UMAP--these two genes are differentially expressed in clusters 2 and 11.

4.3.2 Model architecture

The first set of models trained are TACIT (Tissue-Aware Conservation In-
ference Toolkit, [Kaplow et al| [2023]]) models. TACIT is a CNN pipeline
developed in the Pfenning Lab that takes in a fixed length of genomic se-
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quences and outputs the openness of that genomic region. The inputs were
one-hot encoded, 500 base pair DNA sequences, and the outputs varied based
on whether we trained a classification or regression model: classification
model outputs were a probability within [0,1] that the input OCR was accessi-
ble, and regression model outputs were a continuous-valued number greater
than or equal to zero, representing the predicted strength of the ATAC-seq
peak signal. TACIT uses a standard CNN architecture: The input DNA se-
quence is first converted to a one-hot encoding that is then passed to a number
of 1D convolutional layers for capturing local regulatory motifs; after that,
a max-pooling layer and a number of dense layers are applied for feature
selection and further transformations, and lastly an output layer is added (See
Figure 6a). The pipeline was originally developed for predicting chromatin
openness across species, and this project adapts the pipeline in predicting
chromatin openness across different cell types in the hypothalamus. In this
part of the project, we trained TACIT models on classification targets.

4.3.3 Results

The models are trained in default configuration (2 convolutional layers and
1 dense layer), and cyclic learning rate (LR) and momentum are used to
accelerate training time. We trained one model each for the eight major cell
types in our snATAC-seq dataset: Oligodendrocyte, OPC, GABAergic Neuron,
Glutamatergic Neuron, General Neuron, Microglia, Endothelial Cell, and
Astrocyte. These models are evaluated across folds for overall performance on
the validation set using the area under the receiver-operator curve (AUROC)
and area under the Precision-Recall curve (AUPRC). When evaluating the
models on the validation set, we observed that the models” AUROC ranged
from 0.81 to closer to 1.0 over the 8 cell types, and the validation AUPRC
ranged from 0.50-0.83. The Glutamatergic neuron model and GABAergic
neuron model performed exceptionally well, obtaining validation AUROC of
above 0.95 and validation AUPRC of above 0.8 (see Figure 6b). The overall
positive training result lays the foundation for our next step—training TACIT
models on finer cell types of the hypothalamus.

4.4 Contrastive-TACIT Model Training

Besides training the traditional TACIT model, we also designed a "contrastive-
TACIT" architecture—modifying the architecture of TACIT so that it can take
in two sequences and predict the relative openness between the two sequences.
The aim of the new design is to allow the model to more accurately reflect
the relative openness differences in comparative tasks—in the context of this
project, it could be used to compare the openness of the same enhancer regions
across BD and healthy samples.
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Figure 6 | Hypothalamus cell-type-specific TACIT model training. a) Architecture
of TACIT (Figure adapted from Kaplow et al. [2023]); b) Hypothalamus cell-type-specific
classification model training validation AUROC and AUPRC--models trained on GABAergic
neuron and Glutamatergic neuron data performed exceptionally well.

4.4.1 Model architecture

The architecture of the original TACIT model (Kaplow et al. [2023]]) was
modified by stacking the one-hot encodings of two input sequences on a new
dimension and applying a 2D convolutional layer right after that, leaving other
parts of the model architecture unchanged (Figure 7a). With this design, our
intention was to allow the model to capture local motif differences between
the two sequences and examine if that can help predict the relative openness
between two genomic regions.

4.4.2 Dataset Preparation

The modified architecture was trained as a regression model on mouse
hypothalamus GABAergic neuron snATAC-seq data—two sequences are
randomly selected from a pool of “open” sequences and “close” sequences,
and the regression target is the log-fold change of the snATAC-seq openness
measure between the first and second sequence (the openness measures for
the negative sequences are 0). The loss function for model training is Mean
Squared Error (MSE).
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Besides this dataset, we also prepared an ortholog-matching dataset, as our lab
member’s preliminary results showed that training TACIT models on ortholog
matching data significantly improved their performance. This dataset was
generated by a 2-step filtering process: 1) take Open Chromatin Regions
(OCR) in Human single-cell ATAC-sequencing (scATAC-seq) data and filter
for the OCR peaks that overlaps with Human orthologs; 2) for every Human
OCR peak, find Macaque OCR peaks from Macaque scATAC-seq data that
maps to the Human ortholog that overlaps with the human OCR peak. These
pairs of Macaque-Human peaks will be the input to the regression model, and
the output will be the log-fold change of the snATAC-seq openness measure
between the Human and Macaque sequence.

4.4.3 Results

Training results on the mouse hypothalamus GABAergic neuron dataset is
shown in Figure 7b. Although training loss gradually decreases, validation
losses over training epochs shows instability. To examine whether this insta-
bility was the result of inappropriate learning rate, a hyperparameter sweep
across initial learning rates was performed(see Figure 7c¢). Initial learning
rates are sampled uniformly between 6 x 107> and 5 x 10~ and the model was
trained on the GABAergic neuron data. Final validation loss was recorded.
From the result, higher learning rates seemed to give lower validation loss,
but the validation losses across epochs still changes unstably, suggesting that
this instability in validation loss change was not a result of inappropriate
learning rate selection. The immediate next step would be to train the model
on the ortholog matching dataset and observe if validation loss still exhibits
instability.
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Figure 7 | Contrastive-TACIT regression model training. a) The architecture of
contrastive-TACIT model--it was modified from the original Kaplow et al. [2023] design
by stacking two input sequence embeddings and replacing the first 1D convolutional
layer with a 2D convolutional layer; b) Training and validation loss of contrastive-TACIT
model training on GABAnergic neuron snATAC-seq data (initial learning rate = 0.0039),
training loss shows gradual decrease but validation loss shows instability; c)
Hyperparameter sweep result on initial learning rate--higher learning rate seems to
give lower validation loss.

S Discussion and Limitation Analysis

The preliminary investigation into PlcZ1 revealed that, despite its established
role in regulating Ca®* oscillations in non-neuronal cells, it does not appear
to carry out a parallel function in the brain. Its overall low expression across
both the whole-brain and hypothalamus-specific sScRNA-seq datasets, and
the absence of overlap between its co-expressed genes and BD-associated
GWAS genes, collectively suggest that PlcZ1 is unlikely to have a significant
correlation with BD or Ca?* regulation in the brain. These results justify the
pivot toward a broader, unbiased search for Ca?*-regulating cell populations
associated with BD.
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Through disease relevance calculation and gene set enrichment analysis, we
found a hypothalamic cell population simultaneously exhibiting elevated
scDRS scores for BD and enriched AUCell scores for Ca?*-regulating
gene sets—specifically calcium-mediated signaling and positive regulation
of cytosolic calcium ion concentration. This double enrichment provides
preliminary evidence that this cell population might reveal a cell-type
specific loci where Ca?* dysregulation intersects with BD risk. However,
the cell type identity of this population remains ambiguous. The label
transfer using Seurat against HypoMap yielded a GABAergic identity
(C19.Sst.Epha3), while the original [Ferris et al.|[2025] annotation classified
the region as Glutamatergic. The subsequent MapMyCell analysis supported
a GABAergic identity (CNU-LGE GABA), but mapped the population
to the LGE rather than the hypothalamus, which raises questions about
either the accuracy of the mapping or a genuine transcriptomic similarity
between this hypothalamic subpopulation and LGE GABAergic neurons.
Combined, the evidence across two independent label transfer methods do
lend some confidence to the GABAergic characterization, but the discor-
dance with the original annotation suggests further validation needs to be done.

Marker gene analysis offered additional insights. Wnt2 and Sh3rf2 are
consistently differentially expressed in this cell population of interest, both
in comparisons against all other clusters and all other GABAergic neuron
clusters. Wnt2 has established roles in dendritic development (Wayman et al.
[2006]), and Sh3rf2 has been linked to hippocampal dendrite development
and synaptogenesis (Wang et al.|[2018]). Whether either gene has a direct
functionality in Ca?* regulation or BD-associated pathways remains unclear,
but this result positions them as potential candidates for follow-up studies.

The cell-type-specific hypothalamus TACIT models trained on eight broad
hypothalamic cell types produced encouraging preliminary results, demon-
strating that the pipeline can generalize from its original cross-species design
to a cross-cell-type prediction task within the hypothalamus. This result sets
up the stage for training the models on finer cell types, taking us one step
closer to the longer-term goal of comparing enhancer openness between BD
and healthy samples at detailed cell-type resolution.

While conceptually motivating, the contrastive-TACIT architecture showed
instability in validation loss across training epochs that was not resolved by
hyperparameter sweeps over learning rate. This suggests the instability could
be architectural rather than an optimization artifact. A likely contributing
factor is that randomly pairing sequences to form training examples intro-
duces substantial noise into the regression targets: the model was tasked with
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predicting relative openness between pairs (most likely non-orthologous) that
may differ in ways unrelated to relative regulatory sequence content. Training
the model on orthologous sequence pairs could potentially help with model
learning. The 2D convolutional design for capturing local motif differences
between two sequences might also not be optimal for capturing the most
informative signal for relative openness prediction. Alternative formulations,
such as attention-based sequence comparison, may be more appropriate.

6 Future Directions

Following the identification of the cell population in hypothalamus that has
high significance in BD disease relevance and Ca?* regulatory gene set
enrichment, further label transfer and marker gene analysis from other more
finely annotated mouse hypothalamus datasets is going to be performed
to validate its identity. From there, pathway analysis and further gene set
analysis on this cell population would be performed to link specific cell
types with BD, allowing us to gain insight into the regulatory mechanisms
influencing BD.

On the machine learning side, TACIT models would be trained on finer cell
types to detect enhancer regulation differences at more detailed resolution.
And besides training the models on “negative" input sequences (genomic
regions where chromatin is closed) with matching GC-contents, additional
training on ‘“cell-type negatives”, which are orthologous regions that are
opened in another cell type but closed in the target cell type, would also be
conducted. This would push the model to capture finer regulatory differences
across cell types, achieving greater cell-type-specificity. Contrastive-TACIT
would also be further improved on several aspects. Designs that confer non-
local difference detection would be introduced into the convolution module.
We are also planning on training the models on pairs of sequences with more
significant openness differences, as preliminary results from lab members
suggest that small differences in openness are often not reflected on the
sequence level. And after successful TACIT and contrastive-TACIT model
training, a comprehensive scan of all enhancers in BD and healthy samples
would be performed to identify enhancer regulation differences at fine cell-
type resolution, revealing candidate epigenetic drivers for BD.
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