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Biologically interpretable latent representations in single-cell
multimodalities

Sayali Anil Alatkar

Abstract

High-dimensional, multimodal single-cell data are reshaping our understanding of cellular systems,
offering unprecedented insights into cellular diversity, molecular dynamics, and disease mechanisms.
Yet their full potential remains constrained by critical gaps: technical artifacts (e.g., missing modal-
ities), the static snapshot nature of sequencing obscuring dynamic trajectories, and the absence of
personalized frameworks for individual-level analysis. This thesis bridges these gaps by developing
biologically interpretable computational frameworks for multimodal single-cell genomics, enabling
robust integration, dynamic reconstruction, and personalized disease profiling.

First, we introduce Cross-Modality Optimal Transport (CMOT) to impute missing modalities
by integrating nonlinear manifold alignment, entropy-regularized optimal transport, and k-nearest
neighbors. Validated across neurodevelopment, cancer, and immunology contexts, CMOT outper-
forms state-of-the-art tools in preserving biological variation, retaining cell-type markers in brain
development, and recovering treatment-response genes in oncology. Its flexibility to incorporate
prior knowledge and scalability to small datasets broadens applicability.

Second, to resolve dynamic processes from static snapshots, we develop ARTEMIS, a generative
model coupling variational autoencoders with unbalanced Schrödinger Bridges. By embedding cells
into a latent space governed by stochastic differential equations, ARTEMIS reconstructs continuous
trajectories and population shifts across time-series data. In pancreatic development, zebrafish
embryogenesis, and the epithelial-mesenchymal transition, it achieves superior trajectory accuracy,
identifies driver genes, and scales optimally to high-dimensional genomics.

Finally, addressing personalized disease mechanisms, we develop iBrainMap, a knowledge-
guided graph attention network (GAT) framework. By analyzing millions of nuclei from Alzheimer’s
disease brains, it integrates individual-specific regulatory networks and cell-cell interactions, prior-
itizing genes linked to AD progression via diffusion kernels. This approach has uncovered disease
population subgroups, trajectories, and molecular drivers associated with neurodegenerative dis-
orders.
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Chapter 1

Introduction

The study of single-cell biology has transformed our understanding of cellular iden-
tity, development, and function. Traditional bulk profiling methods average over het-
erogeneous populations, obscuring the diversity of cell types and states. In contrast,
single-cell technologies enable high-resolution profiling of gene expression, chromatin
accessibility, and other molecular modalities at the level of individual cells. These
advances have opened new opportunities to dissect developmental processes, tissue
composition, and disease mechanisms at an unprecedented scale and resolution.

Recent large-scale single-cell studies have produced multimodal datasets profil-
ing hundreds of thousands to millions of cells across diverse tissues, timepoints, and
individuals. For example, single-nucleus RNA-seq (snRNA-seq) captures expression
of over 20,000 genes per nucleus, while assays such as scATAC-seq or CITE-seq ex-
tend profiling to chromatin accessibility and surface protein abundance, respectively.
These datasets have enabled the construction of comprehensive cellular atlases across
developmental and disease contexts. However, they also present significant compu-
tational challenges due to their high dimensionality, sparsity, and the destructive
nature of single-cell profiling, which limits joint measurements across modalities or
time.

Three core analytical challenges limit the full potential of these data. First, the
destructive nature of current protocols results in missing modalities, i.e., each cell is
typically measured for only one molecular layer, making integrated analysis difficult.
Second, most datasets provide snapshot measurements of dynamic processes, limit-
ing our ability to reconstruct the temporal evolution of cell states. Third, as studies
increasingly scale to human populations, modeling inter-individual heterogeneity be-
comes essential: capturing how molecular programs vary across individuals is critical
for understanding disease mechanisms and developing personalized approaches.

To address the first challenge, we developed CMOT (Cross-Modality Optimal
Transport), a computational framework for aligning and integrating single-cell datasets
across different molecular modalities [4]. CMOT leverages optimal transport to align
distributions of unpaired cells, learning a shared latent space that preserves biologi-
cal structure while enabling accurate imputation. It accommodates modality-specific
sparsity and partial overlap, offering a flexible and scalable solution for multimodal
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data integration across diverse experimental settings.
While CMOT helps bridge disconnected molecular views of the same system, it

still provides a static snapshot of cellular organization. Yet many biological pro-
cesses, such as development, differentiation, or disease progression, are inherently
dynamic, unfolding over time as cells transition between states. To capture this
temporal dimension, we introduced ARTEMIS, a probabilistic trajectory inference
framework based on unbalanced diffusion Schrödinger bridges [5]. ARTEMIS mod-
els time-evolving cell state distributions by estimating both drift and mass-change
terms from temporally indexed data. It combines a variational autoencoder with
learned stochastic dynamics to capture both uncertainty and directionality in cellular
transitions. This enables biologically meaningful reconstructions of differentiation
paths and disease progression trajectories, overcoming limitations of deterministic
or static models.

Finally, while earlier parts of this thesis focus on understanding how cells function,
change over time, and integrate information across molecular layers, it is equally im-
portant to widen our perspective from the cellular level to the level of the human.
In human biology, cellular programs are shaped by the broader context of each in-
dividual, including genetics, environment, and disease state. This inter-individual
variability is especially important in complex disorders like Alzheimer’s, where sim-
ilar clinical symptoms can arise from distinct molecular mechanisms. As single-cell
studies increasingly scale to human populations, there is a critical need for person-
alized frameworks that can capture how gene regulation and cellular interactions
vary across individuals. To address this, we developed iBrainMap, a framework for
personalized functional genomics in Alzheimer’s disease [24]. Using a knowledge-
guided graph neural network, iBrainMap learns latent embeddings that preserve
each donor’s unique molecular context. These individualized representations enable
improved phenotype classification, subtype discovery, and inference of disease tra-
jectories at the person-specific level. By modeling how cells and their interactions
vary across individuals, iBrainMap offers a scalable approach for studying human
heterogeneity in single-cell data and contributes to the development of precision
neuroscience.

Together, the methods developed in this thesis, CMOT, ARTEMIS, and iBrain-
Map, tackle core challenges in multimodal integration, dynamic modeling, and per-
sonalized inference in single-cell genomics. These approaches contribute to a deeper
understanding of how cellular programs emerge, evolve, and vary across individuals.
Their utility spans a broad range of biological applications, including embryonic
development, neurodegeneration, and immune response. A further discussion of the
broader implications of this work, along with future directions, is provided at the
end of this thesis.

Publications

The work presented in this thesis is based on the following peer-reviewed publications
and manuscripts under revision. Each chapter reflects one of these contributions:
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• Sayali Anil Alatkar, Daifeng Wang. CMOT: Cross-Modality Optimal Transport
for multimodal inference. Genome Biol. 24, 163, 2023. [4]

• Sayali Anil Alatkar, Daifeng Wang. ARTEMIS integrates autoencoders and
schrödinger bridges to predict continuous dynamics of gene expression, cell
population and perturbation from time-series single-cell data. In press, Bioin-
formatics, ECCB, 2025. [5]

• Pramod Bharadwaj Chandrashekar*, Sayali Anil Alatkar*, Noah Cohen Kala-
fut*, Ting Jin*, Chirag Gupta, Ryan Burzak, Xiang Huang, Shuang Liu, Athan
Z. Li, PsychAD Consortium, Kiran Girdhar, Georgios Voloudakis, Gabriel E.
Hoffman, Jaroslav Bendl, John F. Fullard, Donghoon Lee, Panos Roussos,
Daifeng Wang. Personalized Single-cell Transcriptomics Reveals Molecular Di-
versity in Alzheimer’s Disease. in revision, 2025. [24]

Further Publications

The following publications of the author and collaborators are more broadly relevant
to the topic of this thesis but have not been directly included:

• Chirag Gupta, Jielin Xu, Ting Jin, Saniya Khullar, Xiaoyu Liu, Sayali Alatkar,
Feixiong Cheng, and Daifeng Wang. Single-cell network biology characterizes
cell type gene regulation for drug repurposing and phenotype prediction in
Alzheimer’s disease. PLoS Computational Biology 18, no. 7, 2022: e1010287.
[59]

• Pramod Bharadwaj Chandrashekar, Sayali Alatkar, Jiebiao Wang, Gabriel E.
Hoffman, Chenfeng He, Ting Jin, Saniya Khullar, Jaro Bendl, John F. Fullard,
Panos Roussos, Daifeng Wang. DeepGAMI: deep biologically guided aux-
iliary learning for multimodal integration and imputation to improve geno-
type–phenotype prediction. Genome Medicine 15, no. 1, 2023: 88. [23]

• Xiang Huang, Noah Cohen Kalafut, Sayali Alatkar, Athan Z. Li, Qiping Dong,
Qiang Chang, and Daifeng Wang. NeuroTD: A Time-Frequency Based Multi-
modal Learning Approach to Analyze Time Delays in Neural Activities. bioRxiv,
2024: 2024-10. [76]

Collaborators

This thesis would not have been possible without the guidance of my advisor, Daifeng
Wang. Many of the ideas presented here were shaped through our discussions and
meetings. I also benefited greatly from collaborations with colleagues, and unless
otherwise cited, the results presented are the work of the author and collaborators.
In particular, Chapter 4 includes material from a research project with shared first
authorship between the author, Pramod Chandrashekar, Noah Kalafut, and Ting
Jin.
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Chapter 2

Multimodal Integration and Imputation

2.1 Abstract

Multimodal measurements of single-cell sequencing technologies facilitate a com-
prehensive understanding of specific cellular and molecular mechanisms. However,
simultaneous profiling of multiple modalities of single cells is challenging, and data
integration remains elusive due to missing modalities and cell–cell correspondences.
To address this, we developed a computational approach, Cross-Modality Optimal
Transport (CMOT), which aligns cells within available multi-modal data (source)
onto a common latent space and infers missing modalities for cells from another
modality (target) of mapped source cells. CMOT outperforms existing methods in
various applications from developing brain, cancers to immunology, and provides
biological interpretations improving cell-type or cancer classifications.

2.2 Background

Single-cell sequencing technologies can measure different characteristics of single cells
across multi-omics such as the genomics, transcriptomics, epigenomics, proteomics.
Such high-resolution measurements have enabled exploring individual cells to reveal
cellular and molecular mechanisms and study cell-to-cell functional variations. For
example, scCAT-seq, sci-CAR, and 10xMultiome measure single-cell gene expression
and chromatin accessibility [149], [17], and CITE-seq measures gene and protein
expression of single cells [138], [54]. However, simultaneous profiling of such multi-
omics and additional modalities continues to be a challenging task especially because
of high sequencing costs, low recovery of individual cells, and sparse and noisy data
[42]. Owing to these challenges, single-cell multimodal data generation may not
always be feasible. This leads to the question of how we can use available multi-
modalities to infer missing modalities.

Several prior works have tackled modality inference. Seurat [139, 66] infers the
missing modality of a cell by weighting nearest neighboring cells with multimodalities
available. MOFA+ [8] uses Bayesian factor analysis to identify a lower dimensional
representation of the data to infer the missing modality. However, they only work
with multimodal data that must come from the same cells (i.e., fully correspond-
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ing). Alignment-based methods like non-linear manifold alignment [75] have shown
to align multimodalities with partial cell-to-cell correspondence information but not
been extended to cross-modality inference. Machine learning has also emerged to
help modality inference. For instance, TotalVI [54] builds a variational autoencoder
that infers missing protein profiles from gene expression using CITE-seq data. Po-
larbear [167] also uses autoencoders, however, trains on both single and multi-modal
data to infer each modality. However, such autoencoder-based approaches are unsu-
pervisedthat learn the latent embeddings that likely lack biological interpretability
and lack a mechanism to introduce prior knowledge about underlying data distribu-
tion [128]. Moreover, training autoencoders typically requires considerable amounts
of data and time with intensive hyperparameter tuning.

Optimal Transport (OT), an efficient approach uses prior knowledge about data
distribution to find an optimal mapping between the distributions [120]. OT can also
work on small datasets with limited parameters. Recently, OT has been applied to
single-cell multiomics data for various applications [134], [39], [40], [19]. Schiebinger
et al. [134] used OT to model the developmental trajectory of single-cell gene expres-
sion through unbalanced optimal transport. Single-cell integrative analysis frame-
works like SCOT [39], SCOTv2 [40], and Pamona [19] further extended the original
OT problem for multi-omics data alignment. Another work [78] used OT with an
additional entropic regularization term to improve the unsupervised clustering of
single-cell data to understand cell types and cellular states better. However, OT
has not yet been applied for cross-modality inference. Thus, we propose that inte-
grating OT with multimodal data alignment can work for cross-modality inference
and address the above limitations of prior works.

Particularly, we developed CMOT (Cross-Modality Optimal Transport), a com-
putational approach to infer missing modalities of single cells. CMOT first aligns
the cells with multimodal data (source) if the cells do not have complete corre-
spondence, and then applies OT to map the cells from single modality (target) to
the source cells via shared modality. Finally, CMOT uses the k-Nearest-Neighbors
(kNN) of source cells to infer missing modality for target cells. Moreover, CMOT
does not need paired multi-modal data for alignment. We found that not only does
CMOT outperform existing state-of-art methods, but its inferred gene expression is
biologically interpretable by evaluating on emerging single-cell multi-omics datasets.
Finally, CMOT is open source at: https://github.com/daifengwanglab/CMOT.

2.3 Results

Overview

CMOT (Cross-Modality Optimal Transport) is a computational approach for cross-
modality inference of single cells Figure 2.1. CMOT accepts available multimodal
and single modality datasets as inputs. CMOT does not require that the available
multimodalities have complete corresponding information, i.e., allowing a fraction
of unmatched cells in the source.

https://github.com/daifengwanglab/CMOT
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CMOT first aligns a group of cells X and Y (source) within available multi-
modal data onto a common latent space (Step A), if the cells across multimodalities
do not have complete correspondence. However, this is an optional step if the
cells across multimodalities have complete correspondence. In this study, we used
Non-linear Manifold Alignment (NMA) [1] to align the unmatched multimodalities.

Next, CMOT applies optimal transport to map the cells with a single modality Ŷ
(target) to cells in the source from the same modality Y by minimizing their cost of
transportation using Wasserstein distance (Step B). This distance can be regularized
by prior knowledge (e.g., cell types) or induced cell clusters to improve mapping,
and an entropy of transport to speed up OT computations. The optimal transport
optimization tries to find an efficient mapping π∗ between cells of Y and Ŷ that
is used to transport cells Y in to the same space as cells in Ŷ . Once transported,
CMOT uses k-Nearest-Neighbors to infer the missing modality X̂ for the cells in
target Ŷ (Step C). Here, the missing or additional modality X̂ inferred by CMOT
has the same number of features as X, and in the same space as X. Details about
each step can be found in the Methods section.

We benchmarked CMOT with state-of-art methods [54, 139, 66, 9, 167, 43, 20]
on large-scale single-cell multi-omics (e.g., scRNA-seq and scATAC-seq, (Figures
A.1- A.2,Figure A.3A.,Figure A.4 )). Also, we applied CMOT to additional omics
datasets like protein expression. These datasets span across broad contexts including
human and mouse brains, cancers and immunology, showing the generalizability of
CMOT.

Single-cell gene expression inference from chromatin accessibility in human
and mouse brain Human Brain:

We first applied CMOT to single-cell human brain data with jointly profiled chro-
matin accessibility and gene expression by 10xMultiome (scATAC-seq and scRNA-
seq of 8,981 cells) and inferred gene expression of cells from open chromatin regions
(OCRs by peaks from scATAC-seq) [149]. We selected the top 1000 most variable
genes and peaks (Supplementary Methods). We randomly split the cells into 80%
training for cross-validation and 20% testing set for evaluation. We split the train-
ing set into training and validation to find optimal parameters for the model using
5-fold cross-validation. For the alignment, we set K=5, and latent dimension d=20.
For optimal transport, we set parameters λ=200 and η=1. For KNN modality in-
ference, we set k=600. Also, we used 10 major brain cell types from the dataset.
However, to test CMOT’s performance when such cell-type information is absent, we
induced cell labels by two major cell clusters. We also tested CMOT’s performance
for different levels of correspondence: p=25%, 50%, 75%, 100%.

CMOT achieves a strong performance for gene expression inference on the test-
ing data, outperforming state-of-the-art methods like Seurat and MOFA+ (Figure
2.2A, 2.2B). For instance, CMOT reports a median cell-wise Pearson correlation r =
0.67 for p=100%, significantly higher than both MOFA+(median r=0.4, Wilcoxon
rank-sum test p-value=0) and Seurat (median r=0.64, Wilcoxon p-value<1.23e-
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Figure 2.1: Cross-Modality Optimal Transport (CMOT): CMOT is a computational ap-
proach to infer missing modalities for existing single-cell modalities. It has three main steps: (A)
Alignment (optional), (B) Optimal Transport, and (C) k-Nearest Neighbors inference. CMOT
inputs two multi-modalities X and Y (source), where the cells in X and Y need not be completely
corresponding. The cell-to-cell correspondence information between X and Y can be specified
through p. CMOT aligns X and Y onto a common low-dimensional latent space if cells in X,
Y do not have complete correspondence. Then, CMOT uses optimal transport (OT) to map the
cells in source Y to the cells in target Ŷ , where Y and Ŷ share modalities. CMOT minimizes
the cost of transportation by finding the Wasserstein distance between cells in Y and Ŷ , which is
further regularized by prior knowledge or induced cell clusters and entropy of transport. Finally,
CMOT infers the missing modality X̂ for cells in Ŷ using k-Nearest Neighbors (kNN). It calculates
a weighted average of the k-nearest mapped cells in Y for every cell in Ŷ , using their values from
X, and infers X̂.

14). Even for partial correspondences, CMOT has significantly higher performances
(median r=0.65 for p=75%, and r=0.65 for p=50%) than MOFA+ (Wilcoxon p-
value<2.8e-294) and Seurat (Wilcoxon p-value<3.43e-10). Also, with low corre-
spondence such as p=25%, CMOT’s performance is still significantly higher than
MOFA+ (Wilcoxon p-value<1.65e-157). For gene-wise correlation (Figure 2.2B),
CMOT p=100% and p=75%, both outperform MOFA+ for 836 versus 118 genes
(Wilcoxon p-value<5.38e-118) and 827 versus 140 genes (Wilcoxon p-value<1.78e-
165), respectively (Figure 2.2B). Also, CMOT p=100% outperforms Seurat for 494
versus 460 genes (Wilcoxon p-value<2.42e-2). For CMOT p=75%, Seurat slightly
performs better for 497 genes versus 471 for CMOT (Wilcoxon p-value<3.01e-1).
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Figure 2.2: Single-cell gene expression inference from chromatin accessibility in devel-
oping human brain (A) Cell-wise Pearson correlation (y-axis) of inferred and measured gene
expression by different methods (x-axis): CMOT (p=25%,50%,75%,100%), Seurat, MOFA+ (Ta-
bles A.1, A.2,A.3,A.4, Figure A.1). (B) Gene-wise correlation between the inferred and measured
gene expression, comparing CMOT (y-axis) with MOFA+ and Seurat (x-axis). Dots: Genes;
Numbers: numbers of genes with improved inference by comparing methods. P-values are from
one-sided Wilcoxon rank-sum tests. (C) Gene-wise AUPRC of cell type marker gene for classifying
the cell type. Dashline: baseline=0.1 (see Methods). (D) The measured (x-axis) versus inferred
normalized expression (y-axis) of genes (dots) for one cell across four cell types: nIPC/GluN1(first),
E.C./Peric. (second), IN (third), R.G. (last). (E) Heatmap showing different enriched terms ranked
by -log10(adj. p-value of enrichment) values for the top 100 highly predictive genes within each
cell type (see Methods). r is Pearson correlation coefficient. p is the correlation p-value.

Next, we evaluated if the CMOT inferred gene expression to classify brain cell
types. We used known cell type marker genes provided along with the dataset and
selected the top 8 highly predictive cells from each cell type within our inferred gene
expression. We then calculated the AUPRC of the respective inferred genes in a
one-vs-all manner for each cell type against the rest (Methods). CMOT obtains
the higher AUPRCs for these genes against a baseline of 0.1 (Figure 2.2C) for all
cell types. The baseline is defined as the proportion of positives in the data. This
suggests that the CMOT inferred expression is capable to distinguish cell types, pro-
viding the biological interpretability of the CMOT inference. Looking at individual
cells (Figure 2.2D), CMOT infers individual cell expression with high Pearson corre-
lation and significance (correlation p-value<0.05). Furthermore, we also found the
enriched functions and pathways relating to brain development from the top 100
highly predictive genes (Figure 2.2E). For results of benchmarking on additional
state-of-art methods see Figures A.1, Tables A.1, A.2,A.3,A.4, Figure A.1, and
Supplemental Methods.

Furthermore, we benchmarked CMOT with the state-of-art methods on a SNARE-
seq dataset [26] consisting of jointly profiled gene expression and chromatin peaks
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in adult mouse brain. (See Figures A.2, Figures A.3, Tables A.5, A.6,A.7,Tables
A.8, A.9,A.10).

Inferring protein expression from gene expression in peripheral blood
mononuclear cells

We applied CMOT to infer protein expression from gene expression of peripheral
blood mononuclear cells (PBMCs) using emerging CITE-seq data [54]. We trained
CMOT on 6885 cells from PBMC10k, with parameters: K=5, d=15, λ=1e−02, η=1,
k=100, and used the top 200 highly variable genes in the training data to find the
k nearest neighbors. We induced cell labels by identifying two clusters using gene
expression for the label regularization in optimal transport. We evaluated CMOT,
MOFA+, Seurat, and TotalVI’s using 3994 cells from a different dataset, PBMC5k.
Here we show an independent evaluation of CMOT and other methods on PBMC5k
while using PBMC10k as the training data (Tables A.11, A.12, A.13). Additionally,
we also show benchmarking on PBMC10k, by splitting it into 80% training and 20%
testing data (see Figures A.7, Figures A.14, Tables A.15, A.16).

As shown in Figure 2.3A, CMOT achieves a median cell-wise Pearson correla-
tion=0.86 for p=100%, significantly outperforming MOFA+ (Wilcoxon p-value<6.9e-
57) and TotalVI (default parameters) (Wilcoxon p-value=0) as well as compara-
ble with Seurat. For instance, we show two cells and their Pearson correlation
of inferred versus measured protein expressions (r=0.99, p=1.4e-11 and r=0.98,
p=6.1e-11) in Figure 2.3B. Moreover, even for partial correspondences, p=25%, 50%,
75%, CMOT performs consistently with significantly higher cell-wise correlation
than MOFA+ (Wilcoxon p-values=0,0,0) and TotalVI (Wilcoxon p-values<8.36e-
58, 1.73e-45, 5.25e-12). Also, for inferring individual protein expression, CMOT
has high correlations for all proteins, consistent with state-of-art methods (Figure
2.3C), with some examples shown in Figure 2.3B. Rest of the proteins along with
their inference statistics are reported in Figures A.5 and Tables A.11, A.12,A.13.

Inference of gene expression using chromatin accessibility for drug-treated
lung cancer cells

Next, we applied CMOT to 100nM dexamethasone (DEX)-treated A549 single-cells
from lung adenocarcinoma. The cells were profiled after 0, 1, and 3 h of treatment
for gene expression and open chromatin regions (OCRs) using sci-CAR experiments
[17]. We focus on the CMOT’s performance for gene expression inference from peak
signals of OCRs. We stratified-split the dataset into 80% training and 20% test
cells using the treatment hours. We used the treatment hours as the classes for
label regularization in optimal transport for training cells. We trained CMOT with
the parameters: K=5, d=10, λ=1e02, η=5e-3, k=500, and used the top 20 highly
variable OCRs in scATAC-seq to find the k nearest neighbors. Again, we found that
CMOT shows a consistent performance across different cell-to-cell correspondence
information (p) with high correlation. CMOT (p=100%) infers gene expression
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Figure 2.3: Inferring protein expression from gene expression in single-cell periph-
eral blood mononuclear cells (A) Cell-wise Pearson correlation (y-axis) of inferred and mea-
sured protein expression by different methods (x-axis): CMOT(p=25%,50%,75%,100%), Seurat,
MOFA+, TotalVI (Tables A.11, A.12,). (B)The measured (x-axis) versus inferred normalized
expression (y-axis) of 14 proteins (dots) for two select cells. (C) Pearson correlations of inferred
and measured expression (y-axis) of individual proteins (x-axis) by CMOT(p=100%,75%), Seu-
rat, MOFA+, TotalVI (Tables A.13). (D)UMAPs of inferred and measured expressions for three
proteins: TIGIT (r=0.45; p=6.18e-197) (top), CD16 (r=0.75; p=0) (middle), CD8a (r= 0.55;
p=3.11e-312) (bottom) (Tables A.13). The intensity represents the protein expression level. r is
Pearson correlation coefficient. p is the correlation p-value.

with a median Pearson correlation of 0.52, similar to MOFA+ and significantly out-
performing Seurat (median correlation=0.41, Wilcoxon p-value<2.19e-57) (Figure
2.4A). Moreover, CMOT shows a high gene-wise Pearson correlation outperforming
Seurat for 636 versus 547 genes (Figure 2.4B, Tables A.21). Although MOFA+ re-
ports a higher gene-wise Pearson correlation for some genes than CMOT (Figure
2.4B, Tables A.21), we still see that CMOT’s inferred expression shows the transi-
tory trend of key druggable marker genes across drug-treatment hours. Figure 2.4C
shows three key genes, identified as makers of early (ZSWIM6) [103] and late (PER1,
BIRC3) [125], [14], [124] events of treatment. Also, we performed enrichment of the
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Figure 2.4: Inference of gene expression for drug-treated lung cancer cells using chro-
matin accessibility (A) Cell-wise Pearson correlation (y-axis) of inferred and measured gene
expression by different methods (x-axis): CMOT(p=25%,50%,75%,100%), Seurat, MOFA+, To-
talVI (Tables A.17, A.18,A.19,A.20). (B) Gene-wise correlation between the inferred (y-axis)
and measured (x-axis) expression, comparing CMOT with MOFA+ and Seurat. Dots: Genes;
Numbers: Gene numbers above and below the dotted line. P-values are calculated by a one-sided
Wilcoxon rank-sum test (Tables A.21,). (C) CMOT inferred normalized gene expression trend
(y-axis) across treatment hours (x-axis). Key genes: PER1 and BIRC3 [125], [14], [124] are mark-
ers for glucocorticoid receptor (GR) activation seen later in treatment (3h). ZSWIM6 [103] is a
key gene of early events of DEX treatment (0h,1h). (D) Enriched terms associated with CMOT
inferred gene expression using 435 genes with a higher gene-wise Pearson correlation compared
to MOFA+’s 748 genes inference in (B, Tables A.6B,)(E) The measured (x-axis) versus inferred
normalized expression (y-axis) of genes (dots) for three select cells. r is the Pearson correlation
coefficient. p is the correlation p-value.

435 high correlation genes identified by CMOT (versus MOFA+ in Fig. 4B). As
shown in Figure 2.4D, we saw a higher enrichment of terms associated with DEX-
treated A549 cells like TGF-beta signaling, along with effects on DEX treatment in
general, like Mental disorders as compared to enrichment given by MOFA+ (Fig-
ure A.6). Lastly, we also found that the cell-wise correlations between inferred and
measured gene expression are also significantly highly correlated in each treatment
hour (Figure 2.4E). For results of benchmarking on additional state-of-art methods
see Figures A.4 and Tables A.17, A.18,A.19,A.20.

Cross-modality inference between gene expression and chromatin
accessibility to distinguish cancer types

Finally, we tested CMOT to see how well it can infer between two modalities, espe-
cially for relevantly small datasets. We used a pan-cancer scCAT-seq dataset which
jointly profiled single-cell gene expression and chromatin accessibility on OCRs for
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Figure 2.5: Cross-modality inference between gene expression and chromatin accessi-
bility can distinguish cancer types (A) Cell-wise Pearson correlation (y-axis) of inferred and
measured gene expression by different methods (x-axis): CMOT(p=25%,50%,75%,100%), Seurat,
MOFA+, TotalVI (Tables A.22, A.23,A.24,A.25). (B)Silhouette score (x-axis) across measured
and inferred gene expressions (x-axis) ( Table A.26). (C) PCA of inferred gene expression. (D)
Gene-wise correlation between the inferred and measured expression, comparing CMOT (y-axis)
with MOFA+ and Seurat (x-axis). Dots: Genes; Numbers: Gene numbers above and below the
dotted line. (E)Peak-wise AUROC, comparing CMOT (y-axis) with MOFA+ and Seurat (x-axis).
Dots: Peaks; Numbers: Peak numbers above and below the dotted line. P-values are calculated
by a one-sided Wilcoxon rank-sum test.

three cancer cell lines: HCT116, HeLa-S3, and K562 [101]. We stratified split data
into 60% training and 40% testing sets using cancer-type information. We induced
our own cell labels for training cells for label regularization in optimal transport. For
gene expression inference from OCR peaks, we identified two clusters in chromatin
peaks and vice versa. We trained CMOT with the following parameters for gene
expression inference from chromatin peaks: K=5, d=10, λ=1e03, η=1, k=40, and
used the top 150 highly variable OCRs to find the k nearest neighbors. For inferring
gene expression from binarized OCR peaks, we evaluated the inferred expression
using the same metrics (cell-wise and gene-wise Pearson correlation) as above.

CMOT significantly outperforms both MOFA+ and Seurat, with a cell-wise me-
dian correlation of 0.69 compared to 0.65 (Wilcoxon p-value<6.81e-17) and 0.51
(Wilcoxon p-value<1.32e-05), respectively (Figure 2.5A, Tables A.22, A.23,A.24,A.25).
Moreover, CMOT (p=100%) yields an improved gene-wise correlation for 6307 genes
versus 3693 against Seurat (Wilcoxon p-value<7.19e-18), and, 8734 versus 1266
against MOFA+ (Wilcoxon p-value=0) (Fig. 5D). Moreover, CMOT’s inference is
particularly useful to identify the cancer type specific cell clusters. For instance, we
calculated the Silhouette score (see Methods) to see if the cells from the same cancer
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lines exhibit similar gene expression patterns. CMOT reports a high median silhou-
ette score of 0.82 compared to the measured gene expression (0.35) and inferred
expressions from Seurat (0.75) and MOFA+ (0.05) (Figure 2.5B, Table A.26). As
shown in Figure 2.5C, the cancer cells from three cancer cell lines can be separated
using CMOT-inferred gene expression, suggesting the capability of CMOT inference
to reveal cancer-type-specific expression.

Then, we evaluated the CMOT’s OCR peaks inference from gene expression. We
trained CMOT with the parameters: K=5, d=10, λ=1e03, η=1, k=10, and used
the top 50 highly variable genes to find the k nearest neighbors. We also stratified
split the data into 60% training and 40% testing sets using cancer-type information.
We normalized CMOT’s inferred peaks and then binarized them by a cutoff 0.5, and
then calculated the peak-wise area under the receiver operating curve (AUORC) of
the inferred binarized peaks relative to the binarized measured profile. We also found
that CMOT significantly outperforms both MOFA+ and Seurat with Wilcoxon p-
values<2.71e-86,2.70e-72 respectively for OCR peak inference from gene expression
(Figure 2.5E, Figures A.8 and Tables A.27, A.28).

2.4 Methods

Overview of Cross Modality Optimal Transport

CMOT (Cross-Modality Optimal Transport) is a computational approach for cross-
modality inference of single cells. As shown in Figure 2.1, CMOT has three main
steps: Step A – Alignment to project the cells with available multimodal data
(source cells) onto a common low-dimensional latent space. However, this is an
optional step if the cells across multimodalities have complete correspondence; Step
B – Optimal Transport to map the cells with a single modality (target cells) to
the aligned source cells from the same modality. To this end, we minimize the
Wasserstein distance between the source and target cells and can further regularize
the minimization using prior knowledge (e.g., cell types) or induced cell clusters
and entropy of transport; Step C – k-Nearest-Neighbors to infer the missing or
unprofiled modality of target cells using another modality of nearest mapped source
cells.

Step A: Alignment of source cells with multimodal data

We set this as an optional step if the cells across available multimodalities do not
have a complete correspondence. That is, if cells across modalities have none to
partial correspondence between them, then CMOT first aligns the. Although users
are free to use their choice of alignment in such scenarios, we use Nonlinear Manifold
Alignment (NMA) [1].

Alignment is an important step that accounts for when the source cells have par-
tial correspondence. NMA is based on a manifold hypothesis that high dimensional
multimodal datasets have similar underlying low dimensional manifolds, and there-
fore, they can be projected onto a common manifold space that preserves the local
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geometry of each modality and minimizes the differences between the manifolds of
modalities. We defineX = {xi}i=1,..,sX and Y = {yj}j=1,..,sY as two multimodal mea-
surements with sX , sY source cells in Modalities X, Y respectively, where xi ∈ RdX

and yj ∈ RdY represent the measurements of dX features in ith cell of Modality
X, and dY features in jth cell of Modality Y. We also define WX ∈ RsX×sX and
WY ∈ RsY ×sY as cell similarity matrices for X and Y, respectively, where each sim-
ilarity matrix is constructed by connecting a cell with its K nearest neighboring
cells within the modality. We define p (0 < p < 100%) to quantify the partial
prior known cell-to-cell correspondence information (for example, p% of paired cells
across modalities) and encode this information as a cross-modal similarity matrix
W ∈ RsX ,sY . NMA then learns two mapping functions ϕX and ϕY that project
xi and yj to ϕX(xi) ∈ Rd and ϕY (yj) ∈ Rd, respectively onto a common manifold
space with dimension d≪ min(dX , dY ). The d-dimensional manifold preserves the
local geometry of each modality and minimizes the distances between corresponding
samples after projection. Solving manifold alignment can be reformulated as mani-
fold co-regularization in reproducing kernel Hilbert spaces. The manifold alignment
optimization finds optimal mapping functions ϕ∗X , ϕ

∗
Y by solving the following:

ϕ∗X , ϕ
∗
Y = argmin

ϕX ,ϕY

µ
∑
i,k

||ϕX(xi)− ϕX(xk)||2WXi,k
+ µ

∑
j,m

||ϕY (yj)− ϕY (ym)||2WYj,m
+

(1− µ)
∑
i,j

||ϕX(xi)− ϕY (yj)||2Wi,j

(2.1)
, where the first two terms preserve the local geometry within each modality, the
similarity matrices WX and WY model the relationships of the cells in each modality
that can be identified by the k-nearest neighbor graph, and the third term preserves
the correspondence information across X and Y modeled by W . The parameter µ
controls the trade-off between conserving the local geometry of each modality and
cell-to-cell correspondences across modalities. Here, we set µ to 0.5.

We also need to add an additional non-zero constraint to avoid mapping of all
cells onto a latent space with dimension zero:

P T DP = I, P =

[
ϕX

ϕY

]
,

where

ϕX = [[ϕX(x
1), . . . , ϕX(x

sX ) ]]d, ϕY = [[ϕY (y
1), . . . , ϕY (y

sY ) ]]d,

D is the diagonal matrix of µWX , µWY , and I is the identity matrix [114].
Also, two modalities are not required to have complete correspondence between

the cells. Therefore, W is a binary correspondence matrix between cells of X and
Y such that if p=100, i.e., 100% correspondence across cells in X and Y , W would
be an identity matrix. For p < 100, Wi,j = 1 if ith and jth cells from Modalities
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X and Y respectively are the corresponding cells and 0 otherwise. After alignment,
the resulting d-dimensional modalities share a common latent space that can easily
be compared using Euclidean distances. For instance, for every cell yj ∈ Y , we find
an aligned cell xj,a ∈ X by finding the closest cell in X using the Euclidean distance.
To implement our alignment step, we used the non-linear manifold module from our
published Python package ManiNetCluster [114].

Unless otherwise stated, we use the term CMOT for our model trained with full
correspondence (p = 100%).

Step B: Optimal Transport to map source and target cells by shared modality

The optimal transport theory [22], [83] tries to find the most efficient mapping π∗

that transports one probability distribution to another with minimum transporta-
tion cost. A mapping π ∈ Π(Y, Ŷ ) represents transport plan to map cells from
source (Y ) and target (Ŷ ) modalities, where Π(Y, Ŷ ) contains all probabilistic map-
pings between the source (Y ) and target (Ŷ ) cells. We define Ŷ = {ŷj}j=1,..,sŶ

as

the target single modality measurement with sŶ cells, where ŷj ∈ RdY represents

the measurement of dY features in jth cell of Modality Ŷ . The classical OT distance
(Wasserstein distance) gives mappings between two probability distributions as the
transportation cost. Let C be the cost matrix where C ≥ 0 ∈ RsX ,sy and Ci,j repre-

sents the pairwise cost of mapping the source cell yi ∈ Y to the target cell ŷj ∈ Ŷ .

For discrete probability distributions like Y and Ŷ over the same metric spaces (i.e.,
matched features of the shared modality), we define the OT problem as:

π∗ = min
π∈Π(Y,Ŷ )

⟨π,C⟩F − λΩs(π) + ηΩc(π), (2.2)

where the first term computes the Frobenius dot product ⟨., .⟩F between the cost
matrix C and π. The set Π is defined as Π(Y, Ŷ ) = {π ∈ R

sY ,sŶ
+ : π1sŶ

= Y, πT
1sY =

Ŷ }.
The second term, also called entropic regularization, calculates the entropy of

transportation for π where Ωs(π) = −
∑

i,j log π(i, j). Entropic regularization ad-
dresses the computational complexity of OT as the sample size increases [32]. The
intuition behind this term is to relax the sparsity constraints of the OT problem by
increasing its entropy so that π∗ is denser, as source cells (Y ) are distributed more
towards target cells (Ŷ ). The resulting formulation is strictly convex and can be
solved through Sinkhorn’s Algorithm [34]. The parameter λ weights the entropic
regularization. As the parameter increases, the sparsity of π∗ decreases, giving a
smoother transport.

The third term is the label regularizer [32], Ωc =
∑

j

∑
c ||π(Ic, j)||qp, where Ic

contains the index of rows in π related to the source cells (Y ) that belong to class
c if we have such prior knowledge, e.g., known cell types. Here, π(Ic, j) is a vector
containing the coefficients of the jth column of π associated with class c, where the
jth column in π(Ic, j) represents the jth target cell in Ŷ . The norm .qp denotes the
lp norm to the power of q. The parameter η weights the label regularization. The
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intuition behind this term is to penalize the mappings that match together samples
from different labels. This means that even if we do not have the label information
for the target cells (Ŷ ), we can promote group sparsity within the columns of π
such that each target cell is only associated with a class. However, in the absence
of such label information, we can compute our own labels through unsupervised
clustering techniques like hierarchical clustering to induce cell clusters as labels for
source cells in Y . Finally, to map the source cells (Y ) to the target space (Ŷ ),
we use barycentric mapping Y (t) = π∗Y [32]. Now, we can easily compare Y (t)

and Ŷ using euclidean distance. To solve the regularized OT optimization step, we
used Domain Adaptation functions (ot.da) provided in the Python package Python
optimal transport (POT) [130].

Step C: k-Nearest Neighbors to infer the missing modality of target cells

Finally, we apply k-Nearest Neighbors (kNNs) to infer the missing modality X̂ of
target cells in Ŷ . For each target cell ŷj ∈ Ŷ , we find its kNN in Y (t) using Euclidean
distance. Let Sj = {clj : l = 1, 2, .., k} be the set of k nearest neighboring cells of ŷj
in Y (t), where clj is a cell in Y (t). For cells in Sj, we use their values from the aligned
modality X to define another set Qj = {qlj : l = 1, 2, .., k}, where qlj represents
the profile of the cell clj within the aligned modality X. Finally we calculate the
weighted average of the profiles of all cells in Qj to get x̂j. This is calculated as:

x̂j =
∑
l∈k

wl
jq

l
j (2.3)

, where wl
j is the weightage given to qlj using wj = exp (−

√
||ŷj − ySj

||2). Thus, we
get the corresponding modality X̂ for Ŷ . We used sklearn’s [45] nearest neighbor
function for kNN implementation.

Single-cell multi-omics datasets

We tested CMOT on four single-cell multiomics datasets: (1) Gene expression
and chromatin accessibility of single cells in human and mouse brains (scRNA-seq
and scATAC-seq) [149], [26]; (2) Gene and protein expression of peripheral blood
mononuclear cells (CITE-seq) [54]; (3) Gene expression and chromatin accessibility
of A549 lung cancer cells (sci-CAR) [17]; (4) Gene expression and chromatin accessi-
bility of pan-cancer cells (scCAT-seq) [101]. All details on data and data processing
are available in supplementary methods.

Partial correspondence in multi-omics data:

Joint profiling of single cells is challenging and therefore, it may not always be
feasible to get completely corresponding cells across profiled modalities. In such
scenarios, there could be partial to no correspondence across cells of multimodalities.
For example, a 50% cell-to-cell correspondence between modalities means that only
50% of the cells have been jointly profiled between the modalities. As a result,
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training on partially corresponding multimodalities for cross-modality inference can
lead to misleading or wrong inferences. Therefore, to address this problem, CMOT
first aligns such partially corresponding datasets, and then performs inference. In
this paper, we have used datasets that have a 100% correspondence originally, so
that we can validate the inference performance. However, we simulate different
levels of cell-to-cell correspondence by setting the p value in non-linear manifold
alignment (Methods Step A). We report CMOT’s performance when trained on
p = 25%, 50%, 75%, 100% cell-to-cell correspondence levels, and show that CMOT’s
cross-modality inference performance can beat state-of-the-art methods that require
100% cell-to-cell correspondence for training.

Runtime evaluations

We compare CMOT’s running time with state-of-art methods MOFA+, Seurat,
TotalVI, and Polarbear for the best-performing parameters used for cross-modality
inference (Table A.29). We benchmarked all methods on Intel Xeon Gold 6242R
CPU @3.10GHz x 40 with 251.4GiB RAM and NVIDIA RTX A6000 GPU. We
induced cell labels for datasets with no prior knowledge (e.g., cell types). We use
these labels for label regularization in OT optimization (see Methods and Materials
Step B) to improve the mappings between cells in the source (X) and target (Y )
modalities. To induce cell labels, we performed hierarchical clustering of training
and validation sets combined using the scikit-learn clustering functions[118].

Training and cross-validation

We split the human brain [149], PBMCs [54], DEX-A549 lung cancer [17], and pan-
cancer [101] datasets into 80% train and 20% test. We trained all methods: Seurat
[139],[66], MOFA+ [8], TotalVI [54], and Polarbear [167] using default parameters
for all datasets except DEX-treated A549 [17]. For modality inference in Seurat, we
integrated the training modalities first, then we inferred the missing modality using
FindTransferAnchor and TransferData functions [139] between the integrated train-
ing modalities and source test modality. For MOFA+, we input the missing modality
as NA values and trained the model on the multimodalities. We trained TotalVI au-
toencoder with default parameters, with latent distribution set to “normal”, on the
training set. Finally, we trained Polarbear and Polarbear co-assay models using de-
fault parameters on the training set. To identify the highest performing parameters
for Steps B and C of CMOT, we performed 5-fold cross-validation on the training
set. We reported the best-performing parameters for each dataset in the Results.
For the DEX-treated A549 dataset, we tuned parameters for all methods (Figure
A.9) and benchmark inference performance of CMOT against state-of-arts (Fig. 4A,
Figure A.4).
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Parameter selection

In Step A, we found the optimal alignment by testing different values of d common
manifold dimensions and K nearest neighbors for building the similarity within each
modality (Figure A.10). In Step B and Step C, we performed cross-validation to
select the regularization coefficients λ and η for optimal transport and k-nearest
neighbors based on CMOT’s performance saturation (Figure A.11). Also, for all
datasets applied in this paper, we held out a 20% testing set to report CMOT’s
performance. For datasets with no prior knowledge (e.g., cell types), we induced
cell labels by cell clusters through hierarchical clustering of the training set, when
training the final model. We split the training data into training and validation sets
to select parameters through 5-fold cross-validation (see Supplementary Methods).

Evaluation

Inference versus measurement:

To evaluate CMOT’s inferred gene and protein expressions, we calculated Pearson’s
correlation coefficient between the inferred and measured expression values of each
cell (cell-wise). Also, we computed the gene-wise correlation between inferred and
measured expression values across cells for each gene [167]. For peak inference
in open chromatin regions, we used AUROC to evaluate the quality of CMOT’s
binarized inferred peaks [167]. We computed peak-wise AUROC between individual
inferred peak profiles versus measured profiles. This evaluation also applied to the
state-of-art methods that we compared. We reported the number of genes with
improved correlation/AUROC w.r.t. these methods along with a one-sided Wilcox
rank-sum test p-value for each [167].

Classifying known cell type using inferred expression:

For the human brain data with known brain cell type information, we evaluated
the CMOT inferred expression of cell-type marker genes for classifying the cell type
and calculated the AUPRC of the classification [167]. To this end, given a cell
type, we labeled all cells that belong to the cell type as positive and the rest as
negative. Specifically, we evaluated the Top 8 marker genes from each cell type,
due to disproportionate cell-type distribution within the dataset, using a total of 80
cells. We then defined a baseline = 0.1 for the AUPRC as the ratio of the number
of positives versus total cells.

Clustering cancer types using inferred gene expression by Silhouette Score:

For the pan-cancer dataset, we evaluated CMOT to separate the cancer types. In
particular, we assessed if CMOT’s inferred gene expression data can cluster the cells
and cell clusters correspond to different cancer types [101], using the silhouette score.
The silhouette score S(m) of a cell m belonging to cluster CM is calculated as:
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S(m) =
E(m)− e(m)

max(E(m), e(m))
(2.4)

, where E(m) = min
M ̸=N

∑
n∈CN

d(m,n)

|CN |
is the inter-cluster distance defined as the

average distance to closest cluster of cell m except that which it’s a part of (i.e. CN)
and e(m) = 1

|CM |−1
∑

n∈CM ,m ̸=n d(m,n) is the intra-cluster distance defined as the
average distance to all other cells in the cluster to which it’s a part of. We calculated
the Silhouette scores by the Python package Scikit-learn [45].

Gene set enrichment analysis:

We used Metascape [168] to perform gene set enrichment analysis for the highly
predictive genes by CMOT.

Comparison with state-of-the-arts:

We compared CMOT with existing state-of-the-art methods, Seurat [66], MOFA+[8],
TotalVI [54], and Polarbear [167].

First, for the human brain data [149], we benchmarked CMOT against Seurat and
MOFA+ for the human brain data (Figure 2.1,Figure A.1); for mouse brain [26] we
only compare CMOT to Polarbear because Polarbear has previously been applied to
the same data (Figure A.2, Figure A.3). However, when we tried running Polarbear
on other datasets, we found it difficult to run due to several dataset-specific hard
coded variables used in the model.

Next, for the CITE-seq data [54], we compared CMOT with Seurat, MOFA+,
and, TotalVI (Figure 2.3,Figure A.7). We added TotalVI to the comparison since it
was specifically designed for CITE-seq datasets.

For the DEX-treated A549 dataset [17], we benchmarked CMOT against Seurat
and MOFA+ (Figure 2.4), as well as other state-of-art methods (Figure A.4).

For the pan-cancer dataset [101], we benchmarked Seurat and MOFA+ due to
the small dataset size (Figure 2.5).
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Chapter 3

Modelling cell trajectories, population
changes and perturbation effects in
time-series single-cell transcriptomics

3.1 Abstract

Cellular processes like development, differentiation, and disease progression are
highly complex and dynamic (e.g., gene expression). These processes often undergo
cell population changes driven by cell birth, proliferation, and death. Single-cell
sequencing enables gene expression measurement at the cellular resolution, allowing
us to decipher cellular and molecular dynamics underlying these processes. How-
ever, the high costs and destructive nature of sequencing restrict observations to
snapshots of unaligned cells at discrete timepoints, limiting our understanding of
these processes and complicating the reconstruction of cellular trajectories. To ad-
dress this challenge, we propose ARTEMIS, a generative model integrating a varia-
tional autoencoder (VAE) with unbalanced Diffusion Schrödinger Bridge (uDSB) to
model cellular processes by reconstructing cellular trajectories, reveal gene expres-
sion dynamics, and recover cell population changes. The VAE maps input time-series
single-cell data to a continuous latent space, where trajectories are reconstructed by
solving the Schrödinger bridge problem using forward-backward stochastic differ-
ential equations (SDEs). A drift function in the SDEs captures deterministic gene
expression trends. An additional neural network estimates time-varying kill rates for
single cells along trajectories, enabling recovery of cell population changes. Using
three scRNA-seq datasets—pancreatic β-cell differentiation, zebrafish embryogene-
sis, and epithelial-mesenchymal transition (EMT) in cancer cells—we demonstrate
that ARTEMIS: (i) outperforms state-of-art methods to predict held-out timepoints,
(ii) recovers relative cell population changes over time, and (iii) identifies “drift”
genes driving deterministic expression trends in cell trajectories. Furthermore, in
silico perturbations show that these genes influence processes like EMT. The code
for ARTEMIS: https://github.com/daifengwanglab/ARTEMIS.

https://github.com/daifengwanglab/ARTEMIS


21

3.2 Introduction

Cellular processes such as differentiation (e.g., stem cell differentiation into pancre-
atic β-cells [152]), development (e.g., embryogenesis in zebrafish [46]), and disease
progression (e.g., epithelial-mesenchymal transition (EMT) in A549 lung cancer cells
[31]) are dynamic and highly complex. The advent of single-cell sequencing tech-
nologies has enabled the capture of gene expression at cellular resolution. However,
these experiments are often expensive and destructive, yielding only snapshots of un-
aligned cells at discrete timepoints. This limitation impedes the analysis of cellular
processes, as continuous gene expression across timepoints is unavailable, and re-
constructing dynamic trajectories without cell lineage tracking remains challenging.
Moreover, cellular processes typically involve continuous population changes, due to
cell birth, proliferation, and death (Figure 3.1a.). A model that reconstructs cellular
trajectories from discrete timepoints while accounting for population changes and
identifying key genes driving cellular processes is crucial (Figure 3.1b.).

Numerous methods have been developed for trajectory inference in single-cell
gene expression data. Pseudotime analysis orders cells along trajectories based on
gene expression similarity [62, 148, 161]. RNA velocity methods predict future
transcriptional states by analyzing unspliced and spliced mRNA ratios in scRNA-
seq data [55, 123]. However, both approaches rely on single snapshots, lacking
temporal measurements, and thus limiting their ability to fully capture the dynamics
of cellular processes.

Dynamic model-based approaches aim to address these limitations by learning
continuous trajectories in real time. For example, PRESCIENT employs stochas-
tic differential equations (SDEs) to model cellular differentiation, incorporating
both deterministic and stochastic effects [163]. An SDE is formulated as dxt =
b(x)dt+εdWt, where the drift term b(x) reflects deterministic trends derived from an
energy potential’s gradient. PRESCIENT uses neural networks to learn this energy
landscape. PI-SDE extends this approach with a physics-informed Hamilton-Jacobi
(HJ) loss to improve training stability and identify least-action paths [81]. While
these methods use growth rates derived from prior knowledge, they do not model
population changes from cell birth, proliferation, or death events.

Optimal transport-based methods, like Waddington-OT, use unbalanced OT
to infer probabilistic couplings between successive timepoints [133], but these ap-
proaches learn static, linear mappings. TrajectoryNet combines dynamic OT and
continuous normalized flows, using neural ordinary differential equations (ODEs) to
model cell population dynamics over time [145]. MIOFlow improves upon this by
combining SDEs with a geodesic autoencoder, capturing non-linear latent spaces
and preserving cellular variations [77]. However, these methods often struggle to
generalize to unmeasured timepoints with distinct distributions due to fixed latent
spaces. scNODE addresses this by combining a VAE with neural ODEs, incorporat-
ing dynamic regularization to enhance robustness against distributional shifts [166].
Nonetheless, ODE-based methods remain limited in capturing the stochasticity in-
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herent in cellular processes.
Schrödinger bridges (SBs), a framework for dynamic entropy-regularized OT,

have been applied to various fields including generative modelling [27, 37, 156],
sampling [12, 74], and biological processes [72, 117]. SBs identify the most likely
stochastic evolution between two probability distributions, given a prior or reference
process (e.g., Brownian motion). Diffusion Schrödinger bridges (DSBs) [37], build-
ing on recent developments in diffusion models [136, 70] and forward-backward SDE
theory [27], model both drift and diffusion components of continuous processes such
as gene expression. Unbalanced DSBs (uDSBs) extend this framework to unnor-
malized distributions, allowing for changes in population size, including cell death
and proliferation [117]. In contrast, neural ODEs lack diffusion terms and typically
assume fixed populations. While uDSBs offer flexibility for modeling cellular dy-
namics, applying them to high-dimensional data like scRNA-seq remains challenging
due to the curse of dimensionality [86].

Here, we present ARTEMIS (trAjectory infeRence wiTh unbalancEd dynaMic
optImal tranSport), a generative model that integrates VAE with uDSBs to learn
continuous gene expression dynamics and cell populations changes (Figure 3.1c.).
ARTEMIS first pre-trains a VAE to map scRNA-seq data into a low-dimensional
latent space. The uDSB learns cellular trajectories by solving the SB problem
through forward-backward SDEs, learning optimal forward-backward drift functions
in this latent space. The VAE and uDSB are jointly trained to ensure a smooth
latent space to predict cellular trajectories. Additionally, a neural network predicts
time-varying kill rates, which are further used to infer cell statuses (e.g., birth,
proliferation, death) along trajectories.

We benchmark ARTEMIS on three time-series scRNA-seq datasets and com-
pare its performance to state-of-the-art methods, including PRESCIENT, MIOFlow,
and scNODE, as well as using uDSB as a baseline. Our results demonstrate that
ARTEMIS: i) accurately predicts single-cell gene expression at held-out timepoints,
ii) recovers relative cell population changes over time, iii) learns a drift (Q) function
in the SDE which captures deterministic trends in gene expression dynamics and
identifies drift-genes along cellular trajectories. Furthermore, ARTEMIS enables the
modeling of in silico perturbations introduced at intermediate timepoints (Figure
3.1b.).

3.3 Materials and methods

Overview

ARTEMIS takes time-series scRNA-seq data for measured timepoints t ∈ {0, 1, 2, .., T}
as input, and reconstructs the cellular trajectory from t = 0 to t = T . This in-
cludes gene expression for unmeasured timepoints t̃, modeling relative cell popula-
tion changes, and identifying genes associated with cell drift driving the trajectory.
First, it pre-trains a VAE on single-cell gene expression Xt ∈ Rnt×g for measured
timepoints t, given nt cells and g genes by minimizing the Lvae loss (see 3.3). The
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Figure 3.1: Model overview. a.) Cellular processes are complex and dynamic, and undergo cell
population changes driven by birth, proliferation, and death with time. b.) Single-cell sequencing
provides snapshots of unaligned cells at discrete timepoins. To reconstruct cellular trajectories, we
propose ARTEMIS. c.) ARTEMIS leverages single-cell time-series gene expression data. It inte-
grates and jointly trains a Variational Autoencoder (VAE) and unbalanced diffusion Schrödinger
Bridge (uDSB) to learn a smooth latent space. The uDSB solves the SB problem using forward

and backward SDEs, learning optimal backward (Q̂θ̂) and forward drifts (Qθ), along with VAE pa-
rameters φ,ϕ by optimizing Ldiv,θ̂ Ldiv,θ, and, Ljoint, respectively. To further learn cell population

changes, an additional loss Lω is optimized. d.) ARTEMIS allows following downstream analysis
i) predict gene expression for unmeasured timepoints, ii) recover relative cell population changes
(infer cell status e.g., birth, proliferation, and, death) across timepoints, and, iii) learn cell drift
and identify drift genes.

VAE projects these cells to a d-dimensional (d≪ g) latent space Zt ∈ Rnt×d. Then,
the VAE and uDSB are jointly trained to model evolution of cellular trajectories
from t = 0 to t = T . The uDSB training proceeds iteratively, alternating between
forward and backward passes, with the VAE training integrated into the forward
pass. In the forward pass, an optimal forward drift Qθ is approximated by simulat-

ing a backward-SDE {
←−
Z t}t={T,T−1,..,1}, where

←−
Z t ∈ Rnt×d and minimizing the loss

Ldiv,θ (see 3.3). The VAE is jointly trained in this forward pass by minimizing latent
and reconstruction losses Ljoint (see 3.3). Then, in the backward pass, an optimal

backward drift Q̂θ̂ is approximated by simulating a forward-SDE {
−→
Z t}t={T,T−1,..,1},

where
−→
Z t ∈ Rnt×d and minimizing the loss Ldiv,θ̂ (see 3.3). Additionally, to predict

cell population changes, another neural network Kω is learned which determines
how cell statuses (e.g., live, dead) (see 3.3) change. Once trained, ARTEMIS learns

the optimal parameters for the VAE (φ, ϕ) and uDSB (θ, θ̂, ω). The pseudo-code to
train ARTEMIS is summarized in Algorithm S1.
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Table 3.1: Three scRNA-seq datasets using for benchmarking in this paper.

Dataset #cells#timepoints Source
Pancreatic β-cell differentiation (Pancreatic) 51,274 8 GEO (GSE114412) [152]
Zebrafish embryogenesis (Zebrafish) 38,731 12 Broad Single-Cell Portal SCP162 [46]
Epithelial-to-mesenchymal transition (EMT) 3,133 5 GEO (GSE147405) [31]

Table 3.2: Wasserstein distance between the predicted and held-out timepoints. Numbers in bold
indicate best performance.

Datasets Pancreatic Zebrafish EMT
t=3 t=6 t=4 t=6 t=8 t=2

ARTEMIS 9.84±0.008 9.05±0.009 30.38±0.04 28.96±0.0731.3±0.0345.1±0.01
uDSB 11.209±0.01110.81±0.009 39.98±0.18 42.21±0.15 43.23±0.0547.26±0.12
scNODE 9.73±0.00039.22±0.000529.8±0.002 29.2±0.09 31.8±0.00346.2±0.005
MIOFlow 10.46±0.012 10.47±0.016 31.2±0.03 31.19±0.04 34.42±0.0445.4±0.006
Prescient 10.36±0.011 11.12±0.032 50±0.15 47.67±0.14 49.2±0.2 47.01±0.02
Prescient (w. growth rates) 10.55±0.03 12.16±0.07 - - - 48.83±0.01

Learning interpretable latent space with variational autoencoders

The Variational Autoencoder (VAE) [87] has been one of the most popular generative
models. The basic idea of VAE can be summarized as follows: (1) VAE encodes
the input data samples into a latent variable as its distribution of representation
via a probabilistic encoder, which is parameterized by a neural network. (2) It then
adopts the decoder to reconstruct the original input data based on the samples from
the latent variable. Here, we pre-trained a VAE on scRNA-seq data for observed
timepoints, where an encoder module q(·;φ) : Rg+1 → Rd maps cells concatenated
with sinusoidal encoded time (Xt||t) to a latent space parameterized by a Normal
distribution N (µ, σ2), and a decoder p(·;ϕ) : Rd+1 → Rg maps (Zt||t) back to gene
expression space:

qφ(xt||t) = (µt, σt) (3.1a)

zt ∼ N (µt, σ
2
t ) (3.1b)

x̂t = pϕ(zt||t) (3.1c)

The encoder and decoder networks are parameterized by φ and ϕ, respectively.
Then, the loss function Lvae minimized includes i) mean squared error (MSE) be-
tween the input and reconstructed scRNA-seq data and, ii) the Kulback-Leibler
(KL) divergence between the encoder output and a standard normal prior:

Lvae = MSE(Xt, X̂t) + βKL(Zt,N (0, 1)), (3.2)

where β is a scaling factor for the KL-divergence term to ensure that the model
learns robust and interpretable latent representations [69].
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Modeling latent time-series with Schrödinger bridges

The Schrödinger bridge (SB) is the solution to an entropy-regularized optimal trans-
port problem of finding the most likely evolution between two probability distribu-
tions. It seeks to find an optimal pair of forward-backward stochastic processes
(SDEs) of the forms:

d
−→
Z t = [f + ε2∇logΨ(

−→
Z t, t)]dt+ εdWt,

−→
Z 0 ∽ ρ0 (3.3a)

d
←−
Z t = [f − ε2∇logΨ̂(

←−
Z t, t)]dt+ εdW t,

←−
Z 0 ∽ ρT (3.3b)

where (ρ0,ρT ) are the boundary distributions such that ρ0 = N (µφ(X0||0), σ2
φ(X0||0)),

ρT = N (µφ(XT ||T ), σ2
φ(XT ||T )); ∇logΨ(Zt, t) and ∇logΨ̂(Zt, t) are the optimal for-

ward and backward drifts, {Wt, W t ∈ Rd} are standard Wiener processes and its
time reversal, and f and ε > 0 are base drift and diffusion coefficient, respectively.
Both f and ε are constants known in prior. Moreover, the two SDEs in (3.3a), (3.3b)

can be thought of as reversed to each other. Now, suppose Ψ,Ψ̂ ∈ C2,1(Rd, [0, T ])
solve the following coupled PDEs,

∂Ψ(z, t)

∂t
= −∇ΨTf − 1

2
ε2∆Ψ,

∂Ψ̂(z, t)

∂t
= −∇ · (Ψ̂f) + 1

2
ε2∆Ψ̂

s.t.

{
Ψ(·, 0) Ψ̂(·, 0) = ρ0,

Ψ(·, T ) Ψ̂(·, T ) = ρT
(3.4)

where ∇· is the divergence operator and ∆ is the laplace operator. Then, accord-
ing to the SB theory, the solution to (3.4) can be expressed through the two cou-
pled SDEs in (3.3)[94]. Here, the optimal forward (∇logΨ(Zt, t)) and backward

(∇logΨ̂(Zt, t)) drifts are generally unknown and can be learned through neural net-

works parameterized by θ,θ̂, i.e.

Q(·, ·; θ) ≈ ε∇logΨ(·, ·) Q̂(·, ·; θ̂) ≈ ε∇logΨ̂(·, ·) (3.5)

and is called the diffusion Schrödinger bridge (DSB). However, due to coupling con-
straints at the boundaries, solving (3.4) is a daunting task. Recently, [27] introduced
a likelihood training framework grounded on forward-backward SDE (FB-SDE) the-
ory, which allows to construction of likelihood objectives for training DSBs. Then
the negative likelihood loss functions to solve for θ and θ̂ are:

Ldiv,θ̂(
−→z 0; θ̂) =

∫ T

0

EZt∼(3.3a)[
1

2
∥Q̂θ̂,t∥

2 + ε∇x · Q̂θ̂,t

+ ⟨Q̂θ̂,t, Qθ,t⟩dt], (3.6a)

Ldiv,θ(
←−z 0; θ) =

∫ T

0

EZt∼(3.3b)[
1

2
∥Qθ,t∥2 + ε∇x ·Qθ,t

+ ⟨Qθ,t, Q̂θ̂,t⟩dt], (3.6b)
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where ∇x· denotes the divergence operator with respect to the variable x: For
any v : Rd → Rd, ∇x · v(x) :=

∑d
i=1

∂
∂xi

vi(x). While DSBs assume that ex-
treme/boundary marginals are normalized distributions, unbalanced DSBs (uDSBs)
[117] relax this constraint by considering marginals with arbitrary mass i.e. by in-
corporating cell birth and death mechanisms. This is done by extending the state
space Rd to its one-point compactification, denoted as R̂d = Rd ∪ {∞}, in which the
added point ∞ serves as a “cemetery” or “coffin” state. This allows for jumps in
processes, where new cells are born when state changes from ∞ → Rd or existing
cells are killed when Rd →∞. In this paper, we assume that in the absence of prior
information about cell population changes, the number of cells (nt) collected at each
timepoint represents the relative cell population. Also, we assume that any variabil-
ity introduced by sequencing technologies, such as incomplete sequencing of cells, is
negligible when modeling the relative cell population changes over time. Then, in
addition to estimating θ and θ̂, a posterior kill rate is learned using another neural
network K(·;ω):

k‘ ≈ k(−→z , t)Kω(t), (3.7)

where k(z, t) > 0 is the prior kill rate. We follow uDSB to define the prior kill rate
for a cell, which is defined as the ratio of the number of features deviating by more
than two standard deviations (from the mean of expression of cells from the next
measured timepoint) to the total number of features for that cell. If fewer than 20%
of the features deviate, the prior kill rate is set to 0. The loss function to optimize
ω is given by:

Lω = E(Xt,At)[
∑
i∈It

|
∫ i

0

((1− At)bKω(t)

− AtKω(t))dt−
ni − n0

maxini

|],
(3.8)

where At = [at,1, ..., at,nt ] ∈ Rnt where at,i ∈ {0, 1} for all i = 1, ..., nt such that
at,i = 1 indicates live and at,i = 0 indicates dead cell status for some cell i, b is the
birth rate (i.e. negative death rate) and It is the set of intermediate timepoints. This
loss function helps the network track cell population changes by estimating cell births
and deaths at each time step and adjusting predictions to match observed changes.
The first two terms enforce that the mass change predicted by uDSBs in each time
interval [0,i] matches the empirical change (ni − n0) for observed timepoints t ∈ It.
Additionally, we use the Euler-Maruyama discretization [117, 27] to approximate
the SDEs from (3.3):

∆
−→
Z t = [f + εQθ(

−→
Z t, t)]∆t+ ε∆Wt,

−→
Z 0 ∽ ρ0 (3.9a)

∆
←−
Z t = [f − εQ̂θ̂(

←−
Z t, t)]∆t+ ε∆W t,

←−
Z 0 ∽ ρT (3.9b)
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where the interval [0, T ] is discretized into 100 steps. Then the descritized loss Lk(ω)
is:

Lω = E
(
−→
Z t,At)

[
∑
i∈It

i∑
t=0

(1− At)⌈b←∞(
−→
Z t)⌋ − At⌈k→∞(

−→
Z t)⌋)

− nt − n0

maxini

+
i∑

t=0

(b←∞(
−→
Z t)− ⌈b←∞(

−→
Z t)⌋)

+
i∑

t=0

(k→∞(
−→
Z t)− ⌈k→∞(

−→
Z t)⌋)],

(3.10)

where ⌈x⌋ denotes that x is clipped to a unit interval. The last two regularization
terms are added to penalize transition probabilities k→∞ and q←∞ greater than 1,
where

k→∞(
−→z t) = P(

−→
Z t+1 =∞|

−→
Z t =

−→z t) = k(−→z t, t)Kω,t(
−→z t)∆t

b←∞(
−→z t) = P(

−→
Z t+1 =

−→z t|
−→
Z t =∞) = b(−→z t, t)Kω,t(

−→z t+1)∆t
(3.11)

The discretized divergence losses (3.6a), (3.6b) become:

Ldiv,θ̂(
−→z 0; θ̂) = ∆t

T∑
i=0

Ai(
1

2
||Q̂θ̂,i(

−→
Z i)||2 + ε∇x · Q̂θ̂,i(

−→
Z i)

+ ⟨Q̂θ̂,i(
−→
Z i), Qθ,i(

−→
Z i)⟩), (3.12a)

Ldiv,θ(
←−z 0; θ) = ∆t

T∑
i=0

Ai(
1

2
||Qθ,i(

←−
Z i)||2 + ε∇x ·Qθ,i(

←−
Z i)

+ ⟨Qθ,i(
←−
Z i)Q̂θ̂,i(

←−
Z i)⟩), (3.12b)

where
−→
Z i ∼ (3.9a) and

←−
Z i ∼ (3.9b). The sampling procedure for forward and

backward SDEs with birth and death mechanisms is summarized in Algorithm S2
where the predicted kill rate r‘ determines if cells are born, proliferate or die.

To learn optimal forward and backward drifts (θ∗, θ̂∗), the iterative proportional
fitting (IPF) algorithm [48, 129], which is the dynamic version of the sinkhorn al-
gorithm, [33] has been used widely. It works by alternating between two steps, (i)
a forward pass that adjusts the predicted distribution of a forward SDE ((3.9a)) to

match the terminal distribution i.e.
←−
Z 0 ∼ ρT , and (ii) a backward pass that adjusts

the predicted distribution of a backward SDE ((3.9b)) to match the initial distribu-

tion i.e.
−→
Z 0 ∼ ρ0. This process is repeated iteratively, with each iteration bringing

the predicted distributions closer to satisfying marginal distributions. The training
details are summarized in Appendix A.2(Supplementary Note S1 and Algorithm
S1). For more details about uDSBs, we refer readers to [117].
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Figure 3.2: Application to pancreatic β-cell differentiation spanning eight days (0-7).
a.) 2D UMAP to show ARTEMIS’s performance on held-out timepoints (3,6). b.) Visualization of
the drift inferred by ARTEMIS trained on six timepoints. c.) Top 20 drift-genes identified for t = 1
from the forward drift Qθ. d.) Comparison of normalized ratios of relative cell population changes
between ground truth and ARTEMIS-predicted cell statuses. e.) Ground truth vs. predicted gene
expression of transient TF NEUROG3.

Joint optimization of VAE and Schrödinger bridges for smooth time-series
dynamics in latent space

Following pre-training of the VAE on gene expression data from measured time-
points, we jointly train the VAE and the uDSB to learn a smooth latent space for
interpolation to unmeasured intermediate timepoints. As detailed in 3.3, the uDSB
is trained iteratively through forward and backward passes to approximate optimal
drifts while adhering to marginal distributions. However, this training process over-
looks cellular profiles at intermediate timepoints. To address this, we introduce a
latent loss term into the SB training, penalizing discrepancies between gene expres-
sion predictions in the latent space generated by the VAE and the uDSB. Addition-
ally, the VAE is jointly trained with the forward pass, incorporating two additional
loss functions into Ldiv,θ(zT ; θ) to minimize the distance: i) between VAE-encoded
latents Zφ,t and uDSB-predicted latents Zt, and ii) between the ground truth and
VAE-reconstructed gene expression:

Ljoint = W2(Zφ,t,
−→
Z t) +W2(Xt, pϕ(Zφ,t)), (3.13)

whereW2(µ, ν) calculates the 2-Wasserstein distance between empirical distributions
µ and ν.

Model Outputs

To reconstruct a complete trajectory from t = 0 to t = T , X0 is input to the trained
model, which is mapped to the latent space by the encoder qφ. Then a forward

trajectory
−→
Z t is sampled using (3.9a) up to t = T . Then

−→
Z t is mapped back
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to the gene expression using the decoder pϕ computing expression for measured(t)

and unmeasured(t̃) timepoints: X̂t, X̂t̃. In addition to expression, ARTEMIS also
outputs the cell status At, At̃ for cells in the reconstructed trajectory.

Datasets and preprocessing

We benchmarked ARTEMIS on three time-series scRNA-seq datasets (Table 3.1).
The pancreatic dataset spans Days 0 to 7, capturing stage 5 human in vitro pancre-
atic β-cell differentiation [152]. The zebrafish dataset covers embryogenesis across
twelve stages, measured in hours post-fertilization (hpf) [46]. Lastly, the EMT
dataset involves an A549 lung cancer cell line treated with TGFB1 to induce epithelial-
to-mesenchymal transition (EMT), sampled at five timepoints from 8 hours to 1 week
post-treatment [31]. For all datasets, counts were normalized using depth scaling,
ensuring that the total counts for each cell across all genes were consistent. This was
followed by log1p normalization (log-transformation after adding one) to stabilize
variance. These steps prevented data leakage between training and held-out data.
Next, we identified 2,000 highly variable genes (HVGs) from the training data and
applied this selection to the held-out samples. Preprocessing was performed using
the Scanpy package [160]. For the EMT dataset, we additionally applied z-score
normalization using the scikit-learn package [118], as we perform perturbation anal-
ysis on this data. To simplify computations, we relabeled timepoints as consecutive
integers starting from 0. For the pancreatic dataset, we filtered out genes correlated
with TOP2A (r > 0.15) following Yeo et al. (2021) before training resulting in 1922
HVG genes.

3.4 Results

Human in vitro β-cell differentiation in pancreas

ARTEMIS was first applied to a pancreatic β-cell differentiation dataset with eight
timepoints [152]. To evaluate ARTEMIS’s predictive performance, we withheld two
timepoints together–3 and 6–during training for comparison across methods, as 3 is
central to differentiation and 6 is near the terminal stage. ARTEMIS demonstrated
superior accuracy in reconstructing both timepoints, with better generalization to
the later timepoint (t = 6), as measured by average Wasserstein distance (Table 3.2).
This is illustrated by a 2D UMAP visualization of the predicted gene expressions
(Figure 3.2a., Figure A.14a.).

To further analyze the temporal evolution of cellular trajectories, we visualized
the forward drift (Qθ(·, ·)) inferred by ARTEMIS, representing deterministic trends
in gene expression dynamics. ARTEMIS accurately modeled the progression of cells
from progenitor states toward terminal states, such as exocrine and neurog3 early
populations (t=0, lower left in Figure 3.2b.), by aligning drift directions with bio-
logical expectations. We compare this drift to PRESCIENT, as it also infers cellular
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Figure 3.3: Application to zebrafish embryogenesis data across twelve stages (i.e. hours
post fertilization (hpf)). a.) 2D UMAP to show ARTEMIS’s performance on held-out time-
points (4,6,8). b.) Visualization of the drift inferred by ARTEMIS trained on nine timepoints. c.)
Top 20 drift-genes identified for t = 8. d.) Comparison of normalized ratios of relative cell pop-
ulation changes between ground truth and ARTEMIS-predicted cell statuses as live. e.)Boxplots
showing gene expression of DE genes between cells predicted as live and dead by ARTEMIS during
the interval t = 9 to t = 10.

drift. However, PRESCIENT’s inferred drift often misaligns directions, particularly
in regions of bifurcation (Figure A.14b.).

To identify the key genes driving these cellular transitions, we performed drift-
gene analysis by projecting the latent forward drift (Qθ(·, ·)) onto the gene expression
space. Assuming genes with positive drift scores as drivers of cellular trajectories,
we identified the top 20 drift-genes at each timepoint (Figure 3.2c., Figure A.14d.,
see Appendix A.2(Supplementary Notes S5)). At t = 1, genes such as MALAT1
(p < 2.9e−23), FN1 (p < 1.7e−34), and SOX2 (p < 2.9e−2) were among the top-
ranked and also previously known markers of stage 5 progenitor cells ([152]).

We then evaluated ARTEMIS’s ability to recover cellular population changes be-
tween t = 0 and t = 7. Relative cell population change ratios for groundtruth were
calculated as ( nt

nt−1
) and normalized. Similarly, for ARTEMIS, these were given by

(
∑

At∑
At−1

) and normalized. We see that the trends captured by ARTEMIS closely
matched groundtruth, suggesting that ARTEMIS can recover relative cell popula-
tion changes for unmeasured timepoints (Figure 3.2d.) and inferred cell statuses
capturing the increase and decrease in relative cell populations as birth and prolif-
eration, and death, respectively (Figure A.15c.).

Additionally, ARTEMIS predicted the transient expression of NEUROG3, a crit-
ical transcription factor for endocrine induction and β-cell differentiation (Figure
3.2d.) [152] accurately. These results demonstrate ARTEMIS’s ability to integrate
gene expression and population dynamics while identifying key genes driving cellular
transitions.
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Figure 3.4: Application to A549 lung cancer cells undergoing TGFB1-induced EMT
spanning five timepoints. a.) 2D UMAP to show ARTEMIS’s performance on held-out time-
point (4). b.) Visualization of the drift inferred by ARTEMIS trained on four timepoints. c.) Top
20 drift-genes identified for t = 2. d.) Comparison of normalized ratios of relative cell population
changes between ground truth and ARTEMIS-predicted cell statuses as live. e.) Boxplots showing
gene expression of DE genes between cells predicted as live and dead by ARTEMIS during the
interval t = 3 to t = 4.

Developmental stages underlying zebrafish embryogenesis

We next applied ARTEMIS to a zebrafish embryogenesis dataset spanning twelve
developmental stages [46]. To evaluate prediction accuracy, three timepoints (t =
4, 6, 8) were held out together during training as previously benchmarked by scN-
ODE. ARTEMIS outperformed other methods in reconstructing these timepoints,
with better generalization to later stages (Table 3.2), further illustrated by 2D
UMAP visualizations of the predicted gene expressions (Figure 3.3a., Figure A.16a.).

To analyze developmental trajectories, we visualized the forward drift inferred
by ARTEMIS and compared to PRESCIENT. ARTEMIS successfully modeled the
deterministic evolution of cells through distinct developmental phases, aligning the
drift consistently toward later stages of embryogenesis (Figure 3.3b., PRSCIENT:
Figure A.16b.). Drift-gene analysis highlighted key regulators of zebrafish devel-
opment at various stages (Figure 3.3c., Figure A.17d.). For example, at t = 8,
top drift genes identified included CDX4 (p < 2.9e−6), APOC1 (p < 2.6e−9), and
TBX16 (p < 2.5e−17), known for their roles in Tailbud formation. Similarly, genes
such as ID3 (p < 8.9e−25) and FN1A(p < 2.8e−60) are known for their role in Pre-
chordal Plate lineage, and ASPH (p < 1.7e−28) and APOEB(p < 7.5e−12) in the
Endoderm lineage. ([46]).

ARTEMIS also recovered cellular population changes across t = 0 to t = 11,
closely matching the ground truth for relative cell population changes (Figure 3.3d.)
and inferred cell statuses (Figure A.17c.). We also conducted DE analysis dur-
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ing the interval t = 9 to t = 10, where ARTEMIS predicted enough number of
cells as dead. Here, ARTEMIS identified genes associated with the cell cycle, such
as ZGC:110425 (p < 0.05), as enriched in cells predicted live, while apoptotic-like
genes, including ZGC:92242 (p < 1e−4) and CCDC9 (p < 1e−3), exhibited higher
expression in cells predicted dead (Figure 3.3e.)[46]. This shows that ARTEMIS
provides meaningful predictions of cell statuses, linking gene expression patterns to
cellular states such as proliferation and apoptosis during key developmental dynam-
ics.

Epithelial-to-mesenchymal transition in TFGB1-induced A549 lung cancer
cells

Finally, we applied ARTEMIS to an Epithelial-to-mesenchymal (EMT) dataset of
A549 lung cancer cells treated with TGFB1, spanning five timepoints. To evaluate
predictive performance, t = 2 was held out during training as it is the central
timepoint in the measured EMT process. ARTEMIS achieved the lowest average
Wasserstein distance, outperforming other methods in reconstructing the held-out
timepoint (Table 3.2), illustrated using a 2D UMAP visualization (Figure 3.4a.,
Figure A.17a.).

The forward drift inferred by ARTEMIS successfully captured the progression
of cells toward later timepoints, modeling the deterministic trends associated with
EMT (Figure 3.4b.). In contrast, PRESCIENT struggled to align directions accu-
rately in complex regions (Figure A.17b.). Drift-gene analysis identified key regu-
lators of EMT at each timepoint (Figure 4c., Figure A.17d.). At t = 2, genes such
as COL4A2 (p < 5.7e−10), PMEPA1 (p < 7.5e−9), SERPINE1 (p < 6.2e−4), and
TPM1 (p < 1.9e−15) that were identified as top drift genes, are also known as EMT
hallmark genes [98].

ARTEMIS also captured relative cell population changes across t = 0 to t = 4,
closely matching the ground truth trends (Figure 3.4c.) and inferred cell statuses
(Appendix A.2 (Supplemetary Note S3c.)). Differential expression (DE) analysis
during t = 3 to t = 4, where most cells were predicted as dead, revealed distinct
patterns. Genes previously associated with the GOBP CELL CYLCE pathway,
such as PTTG1 (p < 1e−4) and CDKN3 (p < 1e−4), were enriched in cells predicted
as liv, while genes previously known in the GOBP APOPTOTIC SIGNALLING
PATHWAY, including PMAIP1 (p < 1e−4) and CD70 (p < 1e−4), exhibited higher
expression in cells predicted as dead (Figure 3.4e.) [98].

To further validate our findings and explore the role of identified drift genes
TPM1 and AMIGO2, we introduced in silico perturbations on cells at timepoint
t = 2 by introducing varying levels of overexpression (5, 10, 15, 20, 25) or un-
derexpression (−25,−20,−15,−10,−5) of the drift genes (Figure 3.5, Figure A.18,
see Appendix A.2 (Supplementary Note S6)). The trained ARTEMIS model was
initialized by 2000 randomly sampled cells from t = 2, and allowed to reconstruct
remaining trajectory up to terminal timepoint t = 4. At t = 2, model was initial-
ized with unperturbed cells and cells with perturbations. This was repeated for 10
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Figure 3.5: Perturbation analysis on A549 lung cancer cells undergoing TGFB1-induced
EMT. ARTEMIS was initialized with 2000 cells sampled from t = 2, either unperturbed or per-
turbed by TPM1 expression changes, and used to simulate trajectories to the terminal timepoint.
An MLP classifier assigned cells to specific timepoints. Boxplots show the number of cells assigned
to each timepoint in perturbed vs. unperturbed settings. Differences were assessed using a two-
sided t-test at p < 0.05 (see Appendix A.2 (Supplementary Note S6)). (a) Underexpression (−25
perturbation), (b) Overexpression (+25 perturbation).

trials. An MLP classifier, trained on ground truth latents inferred by the VAE, was
used to classify the cells from the predicted trajectory into five timepoints. For each
timepoint, a two-sided t-test (p < 0.05) compared the distribution of cells between
perturbed and unperturbed groups. When underexpressed, there was an increase in
cells from earlier timepoints (t = 0, 1) and a decrease in cells from later timepoints
in perturbed trajectories, compared to the unperturbed trajectories (p < 0.001, Fig-
ure 3.5a). Conversely, overexpression resulted in increased cell populations at later
timepoints (t = 3, 4) and a decrease at earlier timepoints (p < 0.05) in perturbed
trajectories (Figure 3.5b). Similar patterns were observed across other perturba-
tion levels (Figure A.18). These findings suggest that the drift genes identified
by ARTEMIS not only reflect deterministic trends underlying EMT but can also
influence cellular trajectories when perturbed.
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Chapter 4

Personalized Single-Cell Transcriptomics
Analysis in Alzheimer’s Disease

4.1 Abstract

Understanding the heterogeneity of brain diseases requires approaches that cap-
ture population-level variation in molecular and cellular mechanisms. Functional
genomics has emerged as a key strategy for investigating mechanisms such as gene
regulation and cell–cell communication in Alzheimer’s disease (AD). While recent
large-scale single-cell studies have revealed population-level gene expression trends,
modelling functional genomic variation at the individual donor level remains chal-
lenging. The PsychAD project generated single-nucleus RNA-seq data from 1,494
human brains, comprising over 6.3 million nuclei, spanning a range of clinical phe-
notypes and neuropsychiatric symptoms in AD. Leveraging this dataset, we per-
formed personalized functional genomics analyses, capturing each donor’s cell type
interactions and gene regulatory networks. Using a knowledge-guided graph neural
network, we learned latent representations of functional genomics (embeddings) and
scored the importance of cell types, genes, and their interactions for each donor. In
contrast to population-averaged methods, our framework preserves individual donor
variation in cell types and genes and their interactions. The embeddings improved
phenotype classification and enabled discovery of subtypes and disease progression
trajectories in AD. Our importance scores identified significant inter-donor differ-
ences in gene regulation and prioritized personalized functional genomic features.
We validated our findings in external cohorts, demonstrating robustness and gener-
alizability. All results are available via iBrainMap, an open-source framework and
personalized functional genomics atlas for AD. Our work provides a scalable ap-
proach to model population-scale functional genomic variation and offers a resource
for mechanistic insights and precision targeting in brain diseases.

4.2 Introduction

The human brain exhibits higher transcriptomic complexity than most other tis-
sues [73, 170], making it susceptible to a wide range of neurodegenerative and
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neuropsychiatric diseases. These diseases are heterogeneous, with a broad spec-
trum of symptoms, varying severity levels, and phenotypic differences [85, 164] that
stem from diverse cellular and molecular mechanisms [113, 80]. In the context of
Alzheimer’s disease (AD), large-scale single-cell RNA-seq datasets across individu-
als (e.g., ROSMAP [107] and SEA-AD[68]) have led to the study of gene expression
variation at the cell type level [107, 109, 56]. These studies have expanded beyond
binary case-control comparisons by incorporating detailed AD phenotypic stratifi-
cation (e.g., resilience, pathology-cognition) and individual-level metrics. Comple-
menting these studies, functional genomics has emerged to investigate gene regula-
tory mechanisms, linking genetic variants to changes in gene expression and down-
stream cellular functions underlying these diseases [170, 79, 122]. For instance, gene
regulatory networks (GRNs), which can model interactions between genes (tran-
scription factor to target genes) at a cell type level, have identified key genes and
functions associated with AD phenotypes [58, 44, 158]. Similarly, several population
studies have shown that cell-cell communication is an essential component in AD
(e.g., via cell type interactions such as astrocyte-microglia crosstalk in β-amyloid
pathology[97] and neuroinflammation[11]). However, how these interactions vary
between individuals remains unclear. While many studies have pooled cells across
individuals to identify regulatory mechanisms, fewer have aimed to construct individ-
ualized functional genomic models for AD. Here, we define “personalized functional
genomics” as the modeling of cell type interactions and gene regulatory networks
at the individual donor level, informed by each donor’s single-cell transcriptomic
profile and known disease-related priors.

Large amounts of individual data are essential to capture the complexities and
variability of the functional genomics present across populations in AD. Recent
developments in single-cell sequencing technology have provided opportunities to
characterize cell diversity, reveal the genomic landscape, and understand disease
heterogeneity of the human brain at single-cell resolution [108, 88, 52]. To ex-
plore neurodegenerative and neuropsychiatric disease mechanisms, the PsychAD
Consortium (Supplementary Note “PsychAD dataset”) has generated population-
level single-nucleus RNA sequencing (snRNA-seq) data from 1,494 donors across
6.3 million nuclei from the human dorsolateral prefrontal cortex (DLPFC) brain
region [92, 51]. The dataset includes donors with neurodegenerative and neuropsy-
chiatric disorders such as AD, schizophrenia (SCZ), and diffuse Lewy body disease
(DLBD), either as standalone diagnoses or in combinations of multiple diagnoses.
For a subset of donors, detailed information on neuropsychiatric symptoms (NPSs),
such as depression, is available. Additionally, quantitative measurements of AD-
related phenotypes, including BRAAK stages (neurofibrillary tangles) and cognitive
impairment, are available for all donors diagnosed with AD and the majority of
neurotypical controls as well.

Analyzing such large-scale population data typically requires emerging compu-
tational approaches to discover personalized functional genomic information that
traditional methods cannot capture. Several personalized analyses in brain diseases
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have used brain imaging and gene co-expression networks to capture individual-level
variation [84, 146, 95, 131, 102, 150, 104]. For example, a recent approach called
Dozer[104] identified individual variations in immune response among AD using
personalized gene co-expression network analysis. Another study identified person-
alized network patterns and driver genes in various cancers by building individual-
specific networks from gene expression data[102]. However, these approaches rely on
correlation-based measures to infer co-expression patterns that overlook gene regula-
tory interactions and also lack the resolution to capture cell-type-specific interactions
driving individual variation in AD. While traditional machine learning methods have
provided valuable insights in identifying key genes and biomarkers and reconstruct-
ing cellular trajectories underlying AD and neurodegeneration using single-cell data
[88, 53, 2], recent graph learning-based approaches have shown promise in modeling
these complex interactions. For instance, approaches like SIMBA[25], scGNN[157],
and GLUE[20] learn cell embeddings which are then used for cell clustering [25, 157],
gene regulation inference[20, 105], and multimodal integration [157, 20, 105]. These
approaches mainly focus on pooling cells from the population to learn embeddings
and do not preserve intra-individual functional genomic interactions, such as cell-cell
communication and gene regulatory networks.

To address this, we investigated population-scale single-cell transcriptomic data,
primarily from the PsychAD cohort, and developed a graph learning framework
to analyze personalized functional genomics. This approach advances the biolog-
ical interpretability of prior network-based models mentioned above by capturing
donor-level functional genomic patterns and prioritizing cell types, genes, and their
interactions for AD and clinical phenotypes. We demonstrated the robustness of
our results using independent cohorts. We also identified genetic variants associated
with cell-type-level gene regulation for 27 emerging brain cell subclasses[92]. We
provide a computational framework for general use, and our results are consolidated
into a personalized functional genomic atlas accessible online using a webapp.

4.3 Results

Personalized functional genomic atlas across brain disease phenotypes

We present iBrainMap, a computational framework for analyzing and capturing
functional genomic variations across donors by modeling cell type interactions and
gene regulatory networks from population-scale snRNA-seq data (e.g., PsychAD).
This offers a refined alternative to pooled or group-averaged network approaches
for phenotype classification, population subtyping, and prioritization of functional
genomic information at the donor level (Figure 4.1a). The iBrainMap framework
first constructs a personalized functional genomic graph (PFG) for each donor, inte-
grating cell type interactions and gene regulatory networks. Each PFG is a directed
graph, with nodes representing cell types, transcription factor genes (TFs), and tar-
get genes (TGs), and edges denoting cell type interactions and cell type regulatory
links (TF to TG). We then enhance each PFG by incorporating prior biological
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Figure 4.1: Personalized functional genomic atlas and analysis for brain disease pheno-
types. a, The iBrainMap framework uses the PsychAD21 snRNA-seq data of 1,494 human brain
donors to construct personalized functional genomic graphs (PFGs), enabling donor-level analysis
of cell type interactions and gene regulation associated with brain diseases, including Alzheimer’s
Disease (AD) and Schizophrenia (SCZ). b, The iBrainMap framework first constructs a PFG and
then applies graph diffusion to integrate known disease genes to generate bio-diffused PFGs for
each donor. The KG-GNN, a multi-head graph attention model, uses the bio-diffused PFGs of each
donor to learn graph embeddings for AD vs. control classification, while also prioritizing nodes and
edges for AD (through learned AD prior, SCZ prior, and data-driven). Genotype data are used
to associate genetic variants with gene regulation and to impute donor graph embeddings. These
imputed embeddings can then be used in cohorts that only have genetic information for phenotype
predictions. More details in Methods, Supplementary Notes 1-2. c, Using graph embeddings, we
can classify donors across disease phenotypes and stratify them into potential novel subtypes. Us-
ing prioritized edges, we can prioritize phenotype-associated personalized networks, identify known
and novel disease genes, and perform cell-type-level gene-regulation QTLs (grQTLs) that link as-
sociated SNPs with gene regulatory links.

knowledge of known disease genes (e.g., AD and SCZ genes[121, 155]) to model
potential disease-relevant interactions, resulting in bio-diffused PFGs where edges
associated with disease gene nodes are assigned higher weights (Supplementary Note
1, Figure A.24). These bio-diffused PFGs are then used as input to our knowledge-
guided graph neural network (KG-GNN) to classify AD vs. control and generate
two key outputs for each donor: latent representations of functional genomics (graph
embeddings) and importance scores for PFG nodes and edges (Figure 4.1b, Supple-
mentary Note 2, Figure A.25).
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Figure 4.2: Multi-cohort snRNA-seq data for personalized functional genomic analy-
ses. a, Donors from multi-cohort AD studies: PsychAD (Mount Sinai Brain Bank/MSSM (M)
(n=1,042), Rush Alzheimer’s Disease Center/RADC (R) (n=152), Seattle Alzheimer’s Disease
Brain Cell Atlas/SEA-AD (S) (n=80), and NIMH-IRP Human Brain Collection Core/HBCC (H)
(n=300). Data summary of phenotypic donors used in this study divided into three levels: disease
vs. control (AD vs. control, SCZ vs. control, AD-DLBD vs. control, AD-resilient vs. AD-
strict vs. Control), Disease Progression (BRAAK stages, CERAD, Cogdx), and Neuropsychiatric
symptoms (Dysphoria, DecInt (Anhedonia), Sleep/Weight Gain/Guilt/Suicide (S/WG/G/S), De-
pression/Mood (D/M)); each horizontal bar is a phenotype contrast. b, Part of a personalized
functional genomics graph (PFG) for a donor from the Mount Sinai Brain Bank/MSSM (M) co-
hort. The donor is female with European ancestry, age >80 years old, diagnosed with AD, showing
pathology for BRAAK stage 6 and CERAD score 4 (definite AD), and diagnosed with Dementia
(Supplementary Note 3). Nodes can be cell types, transcription factors (TFs), and target genes
(TGs); edges represent cell type interactions and cell-type-specific regulatory links (TF to TG). c,
Number of PFG edges (left) and nodes (right), across 1,494 donors, constructed by iBrainMap.

Using graph embeddings, we can classify donors according to disease-related phe-
notypes, including case-control status, pathology capturing different stages of AD,
and presence of NPSs. Additionally, we can perform population subtyping to iden-
tify novel subgroups capturing different disease stages. With pseudotime analyses
of the graph embeddings, we can uncover several population trajectories associ-
ated with AD pathology, cognitive status, and NPSs (Figure 4.1c, left). The im-
portance scores can help prioritize disease-associated functional genomics for each
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donor. These prioritized nodes and edges can then identify significant subnetworks
and uncover potential biomarkers associated with AD phenotypes, including cell
types and regulatory elements (TFs, TGs). Additionally, the genetic variants can
be associated with cell type gene regulatory network changes across donors, i.e.,
gene regulatory QTLs (grQTLs), providing novel functional genomic insights link-
ing SNPs to TF-TG regulatory mechanisms as opposed to linking SNPs to genes in
traditional QTL analysis (Figure 4.1c, right).

Finally, we used the PsychAD data to build the framework and independently
validated our results using external datasets, ROSMAP[107] and SEA-AD[68]. The
PsychAD donors were obtained from Mount Sinai NIH Brain Bank and Tissue
Repository (MSSM, n=1,042 donors), NIMH-IRP Human Brain Collection Core
(HBCC, n=300 donors), and Rush Alzheimer’s Disease Center (RADC, n=152
donors). The phenotypes of these donors were categorized into three levels: dis-
ease vs. control, AD progression, and NPSs (Supplementary Note 3, Figure 4.2a).
An illustrative example of a personalized functional graph (PFG) is shown in Figure
4.2b, and the distribution of the PFG node and edge counts across all donors in
PsychAD are shown in Figure 4.2c.

Phenotype classification and subtyping using personalized functional
genomics

We first trained the KG-GNN model for AD vs. control classification using donor
PFGs by learning their graph embeddings. Here, we used five-fold cross-validation to
identify the optimal hyperparameter configuration (Figure A.26a-b,Tabl A.34). We
trained the final model using the optimal hyperparameters on a subset of donors from
the AD (n=438) vs. control (n=179) contrast in MSSM cohort (Supplementary Note
4). Our KG-GNN model achieved high classification performance, with an area-
under-the-curve (AUC) of 0.913 on the held-out donors from MSSM (AD: n=62 vs.
control: n=30), and a combined AUC of 0.808 on independent donors from RADC
and SEA-AD cohorts (AD: n=93 vs. control: n=68) (Figure 4.3a, Figure A.27a).

We benchmarked our KG-GNN model against traditional machine learning mod-
els, state-of-the-art graph learning models (GAT and GCN), and two recent graph
embedding approaches (SIMBA[25] and scGNN[157], Supplementary Note 5). We
outperformed traditional machine learning models which were trained on average
cell type gene expression (Figure A.28a). KG-GNN also outperformed other graph
learning methods, achieving a high AUC score (Figure A.26c) and recent graph-
embedding methods (Figure A.28b). These results highlight the importance of
modeling the complex relationships between cell types and genes for disease pheno-
type prediction. We further evaluated the key components of the KG-GNN model
through ablation study (Supplementary Note 6). Varying the number of genes for
GRN construction showed that larger gene sets improved held-out performance but
reduced generalization, while the gene set used in the original model achieved the
best overall performance (Figure A.29a). Incorporating knowledge-guided graph dif-
fusion also improved accuracy compared to no diffusion and random diffusion models
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Figure 4.3: Graph embeddings for personalized functional genomics enable phenotype
classification and subtyping. a, ROC curves for classifying AD vs. control using KG-GNN
graph embeddings from the MSSM held-out: AD (n=62) vs. control (n=30) and the independent
validation data RADC+SEA-AD: AD (n=93) vs. control (n=68). b, Donor PFGs from all co-
horts are input into the pre-trained KG-GNN model to extract learned graph embeddings, which
are then used for classifying additional phenotypes, either as binary or multi-class classification
tasks. c, Average five-fold cross-validated ROC for classification of KG-GNN graph embeddings
across phenotype contrasts; DecInt: Anhedonia, S/WG/G/S: Sleep/Weight Gain/Guilt/Suicide,
D/M: Depression/Mood. d, Graph embeddings based UMAP (Left: colored by AD vs. controls;
Right: colored by clusters from unsupervised clustering/subtyping of graph embeddings). These
embeddings reflect personalized patterns derived from functional genomic graphs, capturing latent
biological variation not evident in bulk or pooled analyses. e, Heatmaps depict phenotype enrich-
ments for clusters from (c) across AD progressions: AD pathology (BRAAK and CERAD) and
cognitive status (clinical dementia rating), showing an increasing trend from c1-c5, using hyperge-
ometric test. All dataset details are described in Figure 4.2c and Supplementary Note 3.

(Figure A.29b). Finally, compared to gene co-expression networks constructed using
Dozer[104], our PFGs consistently showed higher performance on both held-out and
independent datasets (Figure A.29c).

Next, we applied the pre-trained KG-GNN model to PFGs from donors spanning
different phenotypes beyond AD vs. control to extract graph embeddings (Figure
4.3b, Figure 4.2c). We found that these embeddings achieved good classification
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performance on additional phenotypes and NPSs, using standard machine learning
models for both binary (disease vs. controls and NPSs) and multi-class tasks (disease
progression and AD-resilience) (Figure 4.3c, Supplementary Note 7). For binary
classification, SCZ showed high performance (AUC = 0.83), while NPS contrasts
such as S/WG/G/S (AUC = 0.67) and D/M (AUC = 0.61) achieved moderate
accuracy. Other NPS contrasts yielded relatively lower yet comparable results. For
multi-class classification, performance was above baseline across all four contrasts,
including AD-resilience (AUC = 0.87), BRAAK (AUC = 0.79), CERAD (AUC =
0.75), and Cogdx (AUC = 0.79), though not as high as AD classification (Figure
4.3c, Figure A.30a). We also evaluated SCZ classification on an independent cohort
from HBCC (SCZ: n=50 vs. Control: n=250), where performance was lower than
the earlier AD and SCZ classifiers, suggesting the need for training disease-specific
models (Figure A.31, Discussion).

We further explored potential population subtypes using our graph embeddings
through unsupervised clustering and identified five distinct clusters (c1-c5, Figure
4.3d). These clusters showed clear trends across AD-related phenotypes, including
BRAAK stage, cognition (Clinical Dementia Rating (CDRscore), and CERAD (Fig-
ure 4.3e). For example, c1-c2 were enriched for early BRAAK stages (0-2), controls
in CDRscore, and ‘No AD’ based on CERAD; while c4-c5 were enriched for late
BRAAK stages (5-6), Dementia (CDRscore), and presence of AD (CERAD). This
suggests that our pre-trained model can identify meaningful donor subpopulations
beyond AD vs. control. To assess the robustness of these trends, we varied the
number of clusters and observed consistent phenotype enrichment patterns across
different settings, supported by clustering quality metrics such as Davies-Bouldin
and Silhouette scores (Figure A.32).

Phenotypic population trajectories for AD progression, cognition, and
neuropsychiatric symptoms

AD progression exhibits heterogeneity across donors, particularly in age of onset,
rate of cognitive decline, and worsening of disease pathology[15, 50, 106]. Capturing
personalized disease mechanisms can therefore provide insights into disease trajecto-
ries at a population level. In this study, we used donor graph embeddings, extracted
from our pre-trained KG-GNN model, to infer population-level trajectories for AD
phenotypes by computing phenotypic pseudotimes across donors (Figure 4.4a, Meth-
ods). Specifically, these graph embeddings allowed us to temporally order donors by
assigning pseudotimes based on their phenotypes (e.g., AD, BRAAK, CERAD). We
first inferred a trajectory for all donors from the MSSM AD vs. control contrast,
assigning an AD pseudotime to each donor (Figure 4.4b). AD donors were assigned
later pseudotimes compared to the controls (p < 3.17e−3, two-sided Mann-Whitney,
Figure 4.4c). Furthermore, when comparing this AD pseudotime against Plaque and
CDR using ordinary least squares (OLS), we observed a clear progression trend, with
increasing plaque levels (r2 = 0.684, p < 7.01e−106) and higher CDRscores (r2 =
0.856, p < 1.81e−181) associated with later pseudotimes (Figure 4.4d). To further
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Figure 4.4: Population-level pseudotime analysis uncovers phenotypic pseudotimes for
AD progression, cognition, and NPS using pre-trained KG-GNN model. a, Graph em-
beddings were extracted for donors with different phenotypic information using the pre-trained
KG-GNN model. Then, pseudotime analysis of graph embeddings is performed to compute phe-
notypic pseudotimes, b, AD phenotypic trajectory captured for graph embeddings of donors with
AD vs. controls, c, Boxplot comparing ring pseudotimes from b. shows controls appearing ear-
lier compared to donors with AD having a later occurrence (p < 3.17e−127, two-sided Mann-
Whitney), d, Regression plots comparing AD trajectory pseudotimes (from a.) with AD pathology
(Plaque) (r2 = 0.684, p < 7.01e−106) and cognition (Clinical Dementia Rating score) (r2 = 0.856,
p < 1.81e−181), computed using ordinary least squares (OLS), e, Boxplots showing pseudotimes
computed from graph embeddings for donors with AD pathology and cognition reveal an increas-
ing trend with stage progression; left: BRAAK stages = early vs. mid vs. late (p < 2.22e−16,
two-sided Mann-Kendall), middle: CDRScore = Control vs. Mild Cognitive Impairment (MCI)
vs. Dementia (p < 2.22e−16, two-sided Mann-Kendall), right: CERAD=No AD vs. Possible vs.
Probable vs. Definite AD (p < 2.22e−16, two-sided Mann-Kendall); inset plots: graph embeddings
based UMAPs colored by pseudotime. f, Density plots showing the distribution of neuropsychiatric
symptoms (NPS) across donors diagnosed with NPS, including Dysphoria (p < 4.21e−3), Early
Insomnia (p < 1.30e−3), and Middle Insomnia (p < 4.21e−3) across NPS phenotypic pseudotimes.
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Figure 4.5: Independent validation of phenotypic trajectories by SEA-AD cohort. a,
Graph embeddings were extracted for donors with diverse phenotypes using a pre-trained KG-GNN
model to compute phenotypic pseudotimes. b, Kernel density estimate (KDE) plot comparing
graph embedding based pseudotime with Continuous Pseudoprogression Score (Jensen-Shannon
similarity = 0.77). c-e, Boxplots showing increasing pseudotime from (a) along AD pathology for
Thal (p < 1.44e-2, two-sided Mann-Kendall) and CERAD (p < 1.17e−2, two-sided Mann-Kendall),
and cognition (Cogdx) (p < 1.61e−2, two-sided Mann-Kendall).

explore AD phenotypic pseudotimes, we inferred trajectories for progression and
cognition contrasts like BRAAK, CERAD, and CDRScore (Figure 4.4e). BRAAK
staging scores range from 0-6 and were grouped into three stages: early (0-2), mid
(3-4), and late (5-6). Further details of the grouping are available in Supplementary
Note 3. Across all three phenotypes, we observed a consistent trend of increasing
pseudotime associated with more advanced stages of disease severity (p < 2.22e−16,
p < 2.22e−16, p < 2.22e−16, two-sided Mann-Kendall, respectively). This suggests
that our donor graph embeddings can effectively capture phenotypic trajectories, as
shown by the alignment of increasing AD pseudotime with more advanced stages of
AD.

NPSs often co-occur in AD donors, with different symptoms manifesting at dis-
tinct stages of the disease[91]. For instance, dysphoria is reported to be more preva-
lent during the early stages of cognitive impairment[91, 99]. Consistent with previous
findings, our analysis revealed that pseudotimes inferred from graph embeddings of
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AD donors diagnosed with dysphoria were closer to zero or initial stages of AD pro-
gression (Figure 4.4f: left). Similarly, pseudotime analysis of AD donors diagnosed
with early- and mid-insomnia revealed that these sleep disturbances occur along
different stages as AD progresses (Figure 4.4f: mid, right, Figure A.32).

We validated our phenotypic trajectories by extending our analysis to the suf-
ficiently large independent SEA-AD dataset. We first constructed the bio-diffused
PFGs for 80 donors from SEA-AD and extracted their graph embeddings using
our pre-trained KG-GNN model (Figure 4.5a). We then compared the pseudo-
times inferred from these embeddings with the continuous pseudoprogression score
(CPS)[52], which used a machine-learning model on quantitative neuropathology
measurements and immunohistochemical stains. Interestingly, the two measures
had strong concordance, with a Jensen-Shannon similarity of 0.77, defined as 1 –
Jensen-Shannon Distance[110] (Figure 4.5b). Furthermore, the pseudotimes effec-
tively captured disease severity stages in AD progression (Thal[144], CERAD) and
cognition (Cogdx) (Figure 4.5c-e).

Donor-level prioritization of cell type interactions, genes, and regulatory
networks for AD

Graph embeddings improved phenotype classification and provided insights into dis-
ease progression (e.g., population trajectories). To further understand how the cell
types, genes, and their interactions drive phenotype classification, we calculated the
importance scores of nodes and edges for each donor (Methods). The edge impor-
tance scores are defined by the attention weights learned by the model for each cell
type interaction and gene regulatory link (TF to TG). The node importance scores
are derived using the edge importance scores for each gene and cell type (Supple-
mentary Note 8). These importance scores indicate the contribution of nodes and
edges to AD vs. control classification. Compared with gene expression, we observed
a significantly higher correlation between our importance score and various clinical
phenotypes (Table A.36). For example, gene expression of the GAD2 gene in IN VIP
cell type was not correlated with PRS while importance scores identified a positive
correlation among AD donors and a negative correlation among control donors (Fig-
ure A.38). Both GAD2 and IN VIP have been reported to be downregulated in AD
in previous studies[154].

We compared edge importance scores (based on AD prior, SCZ prior, and data-
driven) of cell type gene regulatory links between AD and control donors. While
some significantly differential edges were consistently prioritized across all three pri-
ors, several edges were uniquely prioritized by each prior (Figure 4.6a). For example,
TF IRF8 regulatory interactions in microglia had significantly higher data-driven
importance scores in controls (IRF8 ß RASGEF1C: p < 7e−3; IRF8 ß LILRB1:
p < 9e−4) but not for AD-prior and SCZ-prior. Changes in IRF8, a crucial mi-
croglial TF for AD, can cause abnormal expression of many AD-related genes[165].
Similarly, some of the interactions for ZEB1 TF (ZEB1 ß SOX5; OPC: ZEB1 ß
NTNG1) were only significantly differential for SCZ-prior. Several other interac-
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Figure 4.6: Donor-level prioritization of cell type interactions, genes, and regulatory
networks for AD. a, Heatmap showing differences in edge importance scores for different gene
regulatory links (TF-TG) across AD and control donors (annotated for significance; * p < 0.05,
** p < 0.01, *** p < 0.001) from different biological priors: AD, SCZ, and data-driven. b, Plot
showing cell type importance for AD phenotype. Dotted lines represent cell type fraction, and
solid lines indicate cell type importance score. The plot is sorted by cell type fraction. The
vertical lines represent the error bars. c, Volcano plot of log-fold change against significance for
cell type interactions. Blue: control; red: AD. d, Prioritized subnetwork (top 1% edges across cell
types within each donor) showcasing connectivity among cell types, TFs, and target genes for AD
phenotype. Each circle represents a gene, shaded along a yellow to red gradient corresponding to
the frequency of occurrence in prioritized nodes across donors. Edges represent regulatory links
between TFs and target genes and are colored uniquely for each cell type as shown in the key
below. Borders of genes linked to AD in the literature are shaded orange and labeled. Names of
all other genes are hidden for ease of visualization.

tions, ZEB1 (OPC: ZEB1 ß SEMA5A; OPC: ZEB1 ß LAMA4) and TCF7L2 (Astro:
TCF7L2 ß BCL6; Astro: TCF7L2 ß PDGFC), were consistently differential across
all three importance scores. ZEB1, which had higher importance scores in AD
donors, plays a major role in epigenetic regulation in AD[7]. TCF7L2 is associated
with the Wnt/β-catenin signaling pathway which plays a crucial role in AD[141].

We examined which cell types were prioritized among AD donors and found that
neuronal subtypes consistently had the highest importance scores (Figure 4.6b).
For example, EN L5 6 NP, EN L6 IT 2, and IN LAMP5 LHX6 were the top three
cell types with the highest importance scores among AD donors. Previous tran-
scriptomic studies have shown that the intratelencephalic neuron (IT) cell type is
associated with cognitive resilience in AD[30]. The Lamp5 LHX6 inhibitory neuron
(EN LAMP5 LHX6) cell type is affected by aging and associated with AD[49, 162].
We also observed the importance scores prioritized cell types even when they had
relatively low cell fractions. Furthermore, differential analysis of the edge impor-
tance scores for cell type interactions identified several AD-associated cell type



46

interactions. Notably, interactions originating from microglia were higher in con-
trol donors, whereas those involving IN SST neurons as the source cell type were
higher in AD donors (Figure 4.6c). Microglia cell type is known to have many ef-
fects on AD pathology and therapeutic intervention, which corroborates their high
importance[65]. Somatostatin inhibitory neurons (IN SST) are also linked to mem-
ory loss and SST expression is reduced among AD patients[137].

We then combined the top-prioritized regulatory links from each donor (top 1%
based on our edge importance scores) into a consensus functional genomic subnet-
work (Figure 4.6d). The subnetwork segregated the edges into three main clusters
consisting mainly of oligodendrocytes, astrocytes, and excitatory neuronal cell types
(Figure A.33), indicating that our model consistently prioritized regulatory links in
these cells across donors. Oligodendrocytes are responsible for myelination, protect-
ing neurons from damage, and dysfunction in oligodendrocytes leads to demyelina-
tion, a major factor in AD progression[41, 132]. Astrocytes play a critical role in
AD pathogenesis by contributing to neuroinflammation, synaptic dysfunction, and
amyloid-β (Aβ) plaque clearance[127, 60, 135]. Excitatory neurons are particularly
vulnerable in AD, exhibiting early synaptic dysfunction, loss of dendritic spines,
and impaired glutamatergic signaling, which contribute to cognitive decline[116].
Other single-cell transcriptomic analyses revealed distinct molecular alterations in
excitatory neuron subtypes in AD[108], astrocyte subclusters exhibiting varying
response to neuropathology in AD progression[107, 58], and AD-associated oligo-
dendrocyte subpopulations with altered gene expression related to myelination and
cellular responses[169]. This subnetwork recapitulates several biologically relevant
features of our model, with a statistically significant overrepresentation of known
AD genes (p < 9.80e−4, hypergeometric test). For instance, PCDH11X, an aging-
related gene associated with late-onset AD in GWAS[21], is prioritized in excitatory
neurons in our model. Cross-verifying with an external independent dataset[44]
confirms PCDH11X predominant expression in excitatory neurons (Figure A.34).
A previous study identified variants in the CR1 gene associated with AD[90]. Our
model suggests that FOSB mediates CR1 regulation, and this regulation is relevant
for AD PVM cells. Overall, our model effectively prioritized a subnetwork that re-
capitulates known AD biology and suggests cell-type-specific regulation of several
genes with prior evidence. Thus, other genes in the prioritized subnetwork are likely
candidates that have remained elusive thus far.

Imputing graph embeddings using genotype

We also explored whether genotype data can be used to impute graph embeddings
and whether these imputed embeddings could classify donor phenotypes (Figure
A.35a, Supplementary Note 9). We trained our imputation pipeline using the Psy-
chAD data and validated the phenotype classification on two independent datasets,
ROSMAP[38] and ADNI[119], where only genotype data was available. In the
ROSMAP cohort, we classified donors into early vs. late BRAAK stages, while in
ADNI, we classified donors into AD vs. control. We evaluated several cross-modality
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imputation methods (CMOT[4], JAMIE[29], MOFA+[8], and autoencoders) and
observed that the best performing model achieved an AUC of 0.57 for phenotype
classification on both cohorts. Although modest, this performance was above ran-
dom and comparable to results reported in prior PRS studies[96] (Figure A.35b,
Table A.35). We next clustered the imputed donor graph embeddings and identified
seven potential subtypes (Figure A.35c). We found that clusters c2-c6 were enriched
with CERAD stages, which progressed in severity from ‘No AD’ to ‘Definite’ (Fig-
ure A.35d). These findings highlight how SNPs relate to cell type gene regulation
changes and open up new possibilities for using genotype data to classify disease
phenotypes and discover subtypes, even when transcriptomic data is not available.

4.4 Methods

Datasets and Preprocessing

Datasets

Dataset Our analysis is focused on the population-level snRNA-seq data from the
PsychAD consortium covering the dorsolateral prefrontal cortex (DLPFC) brain re-
gion from 1494 donors, derived from three cohorts: NIH NeuroBioBank at the Mount
Sinai Brain Bank/MSSM (M), Rush Alzheimer’s Disease Center/RADC (R), and
the NIMH-IRP Human Brain Collection Core/HBCC (H). The PsychAD data de-
scription is available in the “PsychAD dataset” (Supplementary Information). Our
analyses utilized disease diagnosis (e.g., AD, SCZ, DLBD), quantitative assessment
of the disease stages for donors with AD (e.g., BRAAK or CERAD), and diagnosis
of neuropsychiatric symptoms (e.g., depression or weight loss). Accordingly, these
donors were categorized into three levels: disease vs. control (AD, SCZ, DLBD, AD
Resilience), AD progression (BRAAK stages, Cogdx, CERAD), and NPSs (Dys-
phoria, DecInt (Anhedonia), Sleep/Weight Gain/Guilt/Suicide (S/W/G/S), Depres-
sion/Mood (D/M)) (Figure 4.2, Supplementary Note 3). We mainly used the MSSM
(M) cohort for all the training and used RADC (R) as well as an external dataset
from The Seattle Alzheimer’s Disease Brain Cell Atlas/SEA-AD (S)[68] for inde-
pendent validation.

Data processing and feature selection

PsychAD snRNA-seq data was preprocessed as described in Lee et al.[92] and
Fullard et al.[51]. The preprocessing involved identifying 5,000 highly variable genes
(HVGs). We selected the protein-coding genes from these 5,000 HVGs and inter-
sected them with the genes from the SEA-AD dataset. We ended up with 2,766
HVGs which were used as features in our analysis. We applied standard Scanpy
(v1.9.3) functions to preprocess SEA-AD data. For SEA-AD, we selected DLPFC
regions of 39 donors with dementia and 39 without dementia to retain individual bal-
ance. For independent validation, we constructed bio-diffused PFGs for the donors
and included the same set of 2,766 HVG genes as features as the PsychAD dataset.
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Construction of personalized functional genomics graph

For each donor, we define his/her personalized functional genomics graph (PFG) as a
directed graph with two major node types: cell types and genes. Gene nodes include
cell-type-specific transcription factors (TFs) and target genes (TGs). Each edge in
the PFG conveys distinct information depending on the type of nodes. For example,
cell type to cell type edge captures cell type interactions, TF-TG edge captures
gene regulatory links, and cell type-TF edge captures cell-type-specific relationship
of TFs. As some of the donors had fewer cells for the cell type interactions and gene
regulatory network algorithms to capture (Figure A.37, we were able to construct
PFGs for 1478 out of 1494 donors. Below, we provide details on constructing each
component of PFG.

Inferring cell type interactions

For each donor, the cell type to cell type links were constructed using CellChat[82] to
quantify the cell-cell communications. CellChat provides a consolidated interaction
probability for each cell type to cell type interaction by adding all the probabilities
of ligand-receptor interactions between two cell types. We used snRNA-seq data
from each donor as input to CellChat with 27 subclass information as the label. We
used the default settings in CellChat to extract the probabilities using the function
computeCommunProb. As the consolidated interaction probability can exceed 1,
we normalized the probability between 0 and 1 and retained all links with the nor-
malized score above a 0.5 threshold to construct cell type to cell type links for each
donor.

Extracting cell type gene regulatory links

We first used GRNBoost2 on the snRNA-seq data for each donor to deduce gene co-
expression networks across all cell types. SCENIC[3] was then used to infer cell type
gene regulatory links. Specifically, we applied runscENIC 1 coexNetwork2modules
and runscENIC 2 createRegulons functions in Python with default settings (con-
straining the TF search to 10 kbps radius around the TSS or 500 bp upstream) to
identify regulons. Regulons with at least 10 genes were scored in each cell using run-
scENIC 3 scoreCells. We then computed AUCell enrichment based on the top 1%
of genes detected per cell. We incorporated the regulon specificity score (RSS)[140]
to evaluate the cell-type-specificity of the regulon. For each cell type, we select the
top 10% of the regulons based on the RSS score as the cell type regulons. We then
keep the top 10% of the TGs for each cell type regulon. Together, these comprise
the cell type gene regulatory links for each donor.

Definition of PFGs

Let Gi = (Vi, Ei) (Figure 4.2a) be a PFG for donor i, with nodes and representing
the edges. Then, an edge ei,st ∈ Ei connecting the source node s to a target node t
represents one of the following relationships:
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ei,st =



1, if s interacts with t, where s & t are cell types,

1, if s regulates with t, where s is a TF, t is a TG,

1, if t belongs to the cell type regulon of s, where s is a cell type, t is TF,

1, if t belongs to the cell type regulon of s, where s is a cell type, t is TG,

0, otherwise,

(4.1)
The node features used for each PFG depend on the type of node. We used the

average gene expression of 2,766 highly variable genes (HVGs) from all cells as the
features for cell type (CT) nodes and the co-expression of these HVGs with the gene
expression for the TF/TG nodes.

Integrating prior biological knowledge into PFGs via network diffusion

We then applied network diffusion to propagate the influence of known disease genes
on the PFGs (Supplementary Note 1). This diffusion process allows us to incorporate
known disease-related information into our graph structure, potentially enhancing
the model’s ability to capture disease-relevant patterns. We currently use well-
known disease genes for AD and SCZ extracted from the DisGeNet database[121]
and filtered based on manually curated sources with “CTD human” or “GWAS-
CAT” identifiers. Additionally, we downloaded high-confidence SCZ genes from the
PsychENCODE project[44]. In total, we identified 361 AD genes and 945 SCZ
genes. The resulting matrices are called ”bio-diffused PFGs” and are used to train
our graph neural network model. While we focus on AD and SCZ in this paper, this
method can be applied to any gene-of-interest (GOI) list.

Graph classification using Knowledge-guided Graph Neural Network
(KG-GNN)

The KG-GNNmodel is based on the multi-head Graph Attention Networks (GAT)[151]
that learns from arbitrary bio-diffused PFGs as inputs for classifying AD vs. con-
trol. It is an interpretable machine learning model that integrates prior biologi-
cal knowledge, personalized functional genomics, and biologically driven multi-head
graph attention networks to derive insights about disease and underlying disease
mechanisms at a donor level. The details of training procedure, validation, and
benchmarking are provided in Supplementary Note 4-5. The input to the KG-GNN
mode is the PFGs. The trained model outputs graph embeddings and personalized
AD importance scores for nodes and edges.

Population subtyping and enrichment based on graph embeddings

We clustered graph embeddings extracted for donors with AD vs. controls using the
function sc.tl.louvain() from the Python package scanpy[160]. Before clustering, we
identified the nearest neighbors using the sc.pp.neighbors() function and computed



50

the UMAP embeddings using the sc.tl.umap() function. Then we performed Louvain
clustering using the function sc.tl.louvain() and set the resolution = 0.35 to get 5
clusters. We clustered the graph embeddings to identify potential novel subtypes. To
identify novel subtypes, we performed enrichment analysis using a hypergeometric
test to see if any clusters were enriched with AD progression stages. We used
the stats.hypergeom.cdf() from the Python package Scipy[153] for this analysis and
reported the -log10(p-value) of phenotype enrichment in each cluster.

Phenotypic population trajectory inference

We inferred phenotypic trajectories across AD phenotypes based on donor graph em-
beddings extracted from our pre-trained KG-GNN model. Here we used a diffusion-
based algorithm[63] within the Scanpy package in Python to infer trajectories. Pseu-
dotime was computed using sc.tl.diffmap() and sc.tl.dpt() functions from the Scanpy
package. To determine phenotypic pseudotime for donors with a given phenotype,
we selected a starting point or root by randomly choosing a donor from those as-
signed to the earliest phenotype stages. For AD & BRAAK, this was a donor from
stage 0; for CERAD, a donor with a CERAD score of 0 (No AD); and for Cogdx,
a donor with a cognitive diagnosis of 1 (control). To infer the pseudotimes for dif-
ferent NPS, we again set a random donor with a CERAD score of 2 as the root.
This is because all donors diagnosed with NPS have a CERAD score equal to at
least 2. To infer the trajectory for SEA-AD donors, we first extracted their graph
embeddings from the pre-trained KG-GNN model. Then using similar functions as
above (sc.tl.diffmap(), sc.tl.dpt()), we computed a trajectory by randomly selecting
a donor with CERAD score = “Absent” as the root.

Calculation of importance scores

The trained KG-GNN model outputs edge attentions which are used as edge impor-
tance scores. We get three different edge importance scores: AD-prior, SCZ-prior,
and data-driven based on prior biological knowledge from known AD-genes and SCZ-
genes. We derive the node importance scores using the edge importance scores. We
use a combination of both incoming and outgoing edge importance as the basis to
calculate these scores. Further details about node importance calculation are avail-
able in Supplementary Note 8. We averaged the importance scores across all three
priors for each node and edge per donor.
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Chapter 5

Discussion

CMOT is a computational approach that integrates manifold alignment, regularized
optimal transport, and k nearest neighbors for cross modality inference. By apply-
ing emerging single cell multimodal data, we demonstrated that CMOT can predict
multimodal features of single cells, including gene expression, chromatin accessibil-
ity, and protein abundance. Notably, CMOT does not require paired samples for
aligning modalities, and outperformed existing methods in several scenarios. This
is especially useful since joint multimodal profiling is often difficult and expensive,
and single modality data remains more common. For instance, when evaluated on
separate scRNAseq and scATACseq profiles from human brain data [149], CMOT
surpassed all other methods in performance (Figure A.14) and was computationally
more efficient (Table A.29). While the method primarily uses nonlinear manifold
alignment, CMOT is modular and allows for alternative alignment strategies such
as SCOT [39], MMD MA [100], or WNN [66].

The optimal transport step in CMOT quantifies the difference between source
and target distributions using Wasserstein distances and computes a mapping that
minimizes this discrepancy, leading to better cross modality inference. However,
CMOT has some limitations. Nonlinear manifold alignment becomes computation-
ally expensive as data size grows, due to the need to compute similarity matrices
for each modality. This cost could be reduced using faster alignment methods such
as SCOT [39], [40] or Unioncom [18]. In addition, the mass balanced nature of
traditional optimal transport assumes that every source point is mapped to some
target point. This assumption may not hold in the presence of imbalance between
source and target distributions. Unbalanced optimal transport approaches such as
SCOTv2 [40] and related work [28], [142] can help address this issue.

CMOT can also be extended with other optimal transport variants. For example,
Gromov Wasserstein distances enable mapping across unmatched modalities [6],
[112]. Additionally, CMOT could be applied to infer cell labels across modalities,
predicting cell types or disease states in data lacking such annotations [66]. Finally, it
has the potential to incorporate newer single cell modalities such as cell morphology
from Patch seq data.

Building on the goal of modeling biological processes from unpaired or sparse
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observations, we next developed ARTEMIS, a generative model for reconstructing
cellular trajectories and estimating the regulatory drift that drives them. ARTEMIS
learns interpretable, low dimensional representations of single cell gene expression
data using a variational autoencoder and combines this with unbalanced Schrödinger
bridges to capture population level changes over time [86].

ARTEMIS performs well on sparse time series data (Appendix A.2 (Supplemen-
tary Note S7), Table A.33). However, the lack of intermediate timepoints may reduce
resolution in trajectory inference. Technical variation across experiments may also
affect results, although the VAE helps mitigate this by introducing latent random-
ness, reducing overfitting [147]. In our case, batch effects were either corrected prior
to modeling or could be addressed using tools such as Seurat [67] or Scanpy [160].

Joint training of the VAE and Schrödinger bridge introduces additional com-
plexity. We evaluated model performance across different hyperparameter settings
(Appendix A.2 (Supplementary Note S4), Figure A.18) to offer heuristic guidance.
While ARTEMIS captures trends in population dynamics, predicting exact cell
states such as birth or death at missing timepoints remains difficult. Future ex-
tensions of the model could incorporate prior knowledge, such as gene sets related
to cell cycle or apoptosis, to enhance biological relevance. We also plan to incor-
porate other modalities such as chromatin accessibility to better understand the
regulatory mechanisms underlying dynamic processes.

Finally, we expanded our analysis to population scale variation by introducing
iBrainMap, a framework for personalized functional genomics in Alzheimer’s disease
using single nucleus RNA sequencing. iBrainMap constructs individual specific func-
tional graphs that capture transcriptional regulation at the donor level. Using these
graphs, we trained a knowledge guided graph neural network model to classify phe-
notypes, identify novel disease subtypes, and stratify donors. Graph embeddings
extracted from the trained model were used to classify several AD related traits.
We validated these results on external datasets, including ROSMAP and SEA AD,
demonstrating generalizability. The framework is available through an interactive
web interface and can be applied to other complex diseases such as schizophrenia,
bipolar disorder, or cancer when similar data are available.

By modeling inter individual differences in cell type specific regulatory activity,
iBrainMap can potentially support the identification of personalized therapeutic
targets. Prior work has shown that cell type specific networks can improve predic-
tion of drug targets and clinical phenotypes in AD [59]. For instance, donepezil
was found to have beneficial effects in female patients with mild cognitive impair-
ment carrying the BCHE K variant [36], and bumetanide has been identified as
a potential treatment for APOE ε4 carriers through computational drug screening
[143]. Our approach can be extended to other genetically diverse diseases including
schizophrenia, autism spectrum disorder [44], and cancer [71].

Several limitations remain. The regulatory graphs were constructed using a fixed
threshold on RSS scores, which may miss subtle interactions. Future efforts could
expand the graph structure by incorporating other biological networks such as pro-
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tein interaction maps. Our graph neural network model currently treats all nodes
and edges uniformly, which may overlook distinctions between transcription factors,
target genes, and cell types. More expressive models such as heterogeneous graph
neural networks [105] may offer improvements. Classification performance was lower
for comorbid traits such as neuropsychiatric symptoms (Figure A.27b) and AD with
Lewy body disease (Figure A.30b), likely because the model was primarily trained
on AD versus control. Similarly, importance scores for schizophrenia related graphs
showed higher variance (Figure A.36). This suggests that training disease specific
models when sufficient data are available may improve results. We also evaluated a
genotype based model for imputing donor embeddings, which could be used to make
phenotype predictions in the absence of expression data. While performance was
modest, it was in line with previous studies using polygenic risk scores [96]. More
accurate prediction of disease states may require integration with additional data
such as epigenomics, transcriptomics, or environmental exposures [80, 111].
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Chapter 6

Conclusion

This thesis presents a suite of computational frameworks designed to advance our
ability to analyze and interpret high-dimensional single-cell data, with a focus on
cross-modality inference, dynamic trajectory modeling, and personalized functional
genomics.

In the first part of this work, I introduced CMOT, a cross-modality inference
framework that leverages nonlinear manifold alignment and regularized optimal
transport to align cells across modalities and infer missing molecular features. CMOT
addresses the pervasive challenge of incomplete multimodal data by enabling joint
analysis even in the absence of paired measurements. It demonstrates improved
performance across a range of biological systems, from brain development to cancer
and immunology, and offers a flexible and computationally efficient foundation for
cross-modal data integration.

In the second part, I developed ARTEMIS, a generative model that reconstructs
cellular trajectories and captures population dynamics from time-series single-cell
transcriptomic data. By combining a variational autoencoder with an unbalanced
Schrödinger bridge, ARTEMIS models both stochastic and deterministic aspects of
cell state transitions while estimating birth-death processes over time. It outper-
forms existing methods in reconstructing trajectories and identifying genes driving
deterministic trends, offering insights into the temporal dynamics of development
and disease.

Finally, I presented iBrainMap, a personalized functional genomics framework
applied to Alzheimer’s disease. By constructing donor-specific functional genomic
graphs and applying knowledge-guided graph neural networks, this approach pre-
serves inter-individual variation and enables stratification of disease phenotypes.
iBrainMap captures donor-level differences in cell types and regulatory interactions,
enhances phenotype classification, and reveals biologically meaningful subtypes in
complex brain disorders. It serves as a publicly available resource and establishes a
scalable strategy for population-scale functional genomic modeling.

Together, these contributions demonstrate how integrative machine learning meth-
ods can address key challenges in single-cell biology, including missing modalities,
temporal alignment, and donor-level heterogeneity. While each framework was de-
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veloped for a specific task, they collectively highlight the importance of modeling
biological complexity through principled, data-driven approaches. Future directions
include extending these models to incorporate multimodal and spatial data, improv-
ing computational scalability, and applying them to additional diseases and tissues.
This work lays the foundation for developing more refined, individualized models of
cellular function that will be critical for advancing both basic biology and precision
medicine.
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Appendix A

Appendix

A.1 CMOT: Supplement

Supplementary Tables

Table A.1: Gene expression inference from chromatin accessibility in human developing
brain data [149]. Mean and median cell-wise Pearson correlation between inferred and measured
gene expression comparing methods CMOT(p=25%,50%,75%,100%), Seurat, MOFA+, GLUE,
bindSC, and Seurat CCA plotted in Fig. S6 for human developing brain.

Methods Mean Pearson Correlation Median Pearson Correlation
CMOT (p=100%) 0.66 0.67
CMOT (p=75%) 0.65 0.68
CMOT (p=50%) 0.63 0.65
CMOT (p=25%) 0.58 0.61

Seurat 0.62 0.64
MOFA+ 0.43 0.41
GLUE 0.46 0.47
bindSC 0.63 0.68

Seurat CCA 0.66 0.68

Table A.2: Gene expression inference from chromatin accessibility in human develop-
ing brain data [149]. Mean and median cell-wise Spearman correlation between inferred and
measured gene expression comparing methods CMOT (p=25%,50%,75%,100%), Seurat, MOFA+,
GLUE, bindSC, and Seurat CCA plotted in Fig. S6 for human developing brain. All values
calculated with alternative=greater.

Methods Mean Spearman Correlation Median Spearman Correlation
CMOT (p=100%) 0.44 0.44
CMOT (p=75%) 0.44 0.44
CMOT (p=50%) 0.43 0.44
CMOT (p=25%) 0.43 0.43

Seurat 0.45 0.45
MOFA+ 0.17 0.16
GLUE 0.42 0.42
bindSC 0.44 0.45

Seurat CCA 0.44 0.44
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Table A.3: Gene expression inference from chromatin accessibility in human develop-
ing brain data [149]. Wilcox–rank-sum test p-values of cell-wise Pearson correlation between
inferred and measured gene expression comparing methods CMOT (p=25%,50%,75%,100%), Seu-
rat, MOFA+, GLUE, bindSC, and Seurat CCA plotted in Fig. S6 for human developing brain.
All values calculated with alternative=greater.

Methods Seurat MOFA+ GLUE bindSC Seurat CCA
CMOT (p=100%) 1.23× 10−14 0 1.4× 10−236 0.97 0.98
CMOT (p=75%) 3.4× 10−10 2.8× 10−294 1.3× 10−216 0.99 0.99
CMOT (p=50%) 0.3 3.3× 10−240 1.5× 10−162 1 1
CMOT (p=25%) 1 1.65× 10−157 2.4× 10−86 1 1

Table A.4: Gene expression inference from chromatin accessibility in human developing
brain data [149]. Wilcox–rank-sum test p-values of cell-wise Spearman correlation between in-
ferred and measured gene expression comparing methods CMOT(p=25%,50%,75%,100%), Seurat,
MOFA+, GLUE, bindSC, and Seurat CCA plotted in Table S2 for human developing brain. All
values calculated with alternative=greater.

Methods Seurat MOFA+ GLUE bindSC Seurat CCA
CMOT (p=100%) 0.93 0 5.51× 10−30 0.99 0.27
CMOT (p=75%) 0.99 0 6.36× 10−21 1 0.97
CMOT (p=50%) 1 0 4.49× 10−12 1 0.99
CMOT (p=25%) 1 0 2.87× 10−5 1 1

Table A.5: Gene expression inference from chromatin accessibility in mouse brain data
[26]. Mean and median cell-wise Pearson correlation between inferred and measured gene expres-
sion comparing methods CMOT(p=25%,50%,75%,100%), MOFA+, Seurat, GLUE, bindSC, and
Seurat CCA plotted in Fig. S1 for mouse brain.

Methods Mean Pearson Correlation Median Pearson Correlation
CMOT (p=100%) 0.71 0.76
CMOT (p=75%) 0.71 0.76
CMOT (p=50%) 0.71 0.76
CMOT (p=25%) 0.67 0.71

Seurat 0.66 0.70
MOFA+ 0.69 0.74
GLUE 0.67 0.72
bindSC 0.68 0.72

Seurat CCA 0.70 0.75
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Table A.6: Wilcox–rank-sum test p-values of cell-wise Spearman correlation in mouse
brain data [26]. Comparing methods CMOT(p=25%,50%,75%,100%) and competing methods
under alternative=greater.

Methods Mean Spearman Correlation Median Spearman Correlation
CMOT (p=100%) 0.34 0.34
CMOT (p=75%) 0.34 0.34
CMOT (p=50%) 0.35 0.35
CMOT (p=25%) 0.35 0.35

Seurat 0.40 0.40
MOFA+ 0.31 0.32
GLUE 0.32 0.33
bindSC 0.44 0.46

Seurat CCA 0.36 0.36

Table A.7: Wilcox–rank-sum test p-values of cell-wise Pearson correlation in mouse
brain data [26]. Comparing methods CMOT(p=25%,50%,75%,100%) and MOFA+.

Methods Seurat MOFA+ GLUE bindSC Seurat CCA
CMOT (p=100%) 3.4× 10−40 1.15× 10−5 5.6× 10−25 8× 10−19 1.9× 10−4

CMOT (p=75%) 1.25× 10−39 1.67× 10−5 1.63× 10−24 1.8× 10−18 2.8× 10−4

CMOT (p=50%) 1.34× 10−35 8× 10−4 5.04× 10−21 2.06× 10−15 8× 10−3

CMOT (p=25%) 0.07 1 0.9 0.99 1

Table A.8: Wilcox–rank-sum test p-values of cell-wise Spearman correlation in mouse
brain data [26]. Comparing methods CMOT(p=25%,50%,75%,100%) and MOFA+.

Methods Seurat MOFA+ GLUE bindSC Seurat CCA
CMOT (p=100%) 1 5× 10−28 6.1× 10−13 1 1
CMOT (p=75%) 1 4.72× 10−30 2.04× 10−14 1 1
CMOT (p=50%) 1 5× 10−37 1.64× 10−19 1 1
CMOT (p=25%) 1 1.47× 10−55 3× 10−34 1 1

Table A.9: Gene expression inference from chromatin accessibility in mouse brain data
[26]. Mean and median cell-wise Pearson correlation between inferred and measured gene ex-
pression comparing methods CMOT(p=25%,50%,75%,100%), MOFA+, Seurat, Polarbear, and
Polarbear-coassay plotted in Fig. S12 for mouse brain.

Methods Mean Pearson Correlation Median Pearson Correlation
CMOT (p=100%) 0.67 0.71
CMOT (p=75%) 0.67 0.71
CMOT (p=50%) 0.66 0.70
CMOT (p=25%) 0.64 0.68

Seurat 0.60 0.63
MOFA+ 0.68 0.71
Polarbear 0.68 0.71

Polarbear-coassay 0.67 0.71
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Table A.10: Wilcox–rank-sum test p-values of cell-wise Spearman correlation in mouse
brain data [26]. Comparing methods CMOT(p=25%,50%,75%,100%), Polarbear, and MOFA+
plotted in Fig. S12 for mouse brain.

Methods Seurat MOFA+ Polarbear Polarbear-coassay
CMOT (p=100%) 2.97× 10−69 0.7 0.7 0.29
CMOT (p=75%) 2.97× 10−69 0.7 0.7 0.29
CMOT (p=50%) 1.51× 10−51 0.9 0.9 0.9
CMOT (p=25%) 9.05× 10−26 1 1 1

Table A.11: Protein expression inference from gene expression in PBMC [54]. Mean and
median cell-wise Pearson correlation between inferred and measured protein expression comparing
methods CMOT(p=25%,50%,75%,100%), Seurat, MOFA+, TotalVI plotted in Fig. 3A.

Methods Mean Pearson Correlation Median Pearson Correlation
CMOT (p=100%) 0.78 0.86
CMOT (p=75%) 0.78 0.86
CMOT (p=50%) 0.77 0.85
CMOT (p=25%) 0.74 0.83

Seurat 0.84 0.85
MOFA+ 0.75 0.79
TotalVI 0.61 0.61

Table A.12: Wilcox–rank-sum test p-values of cell-wise Pearson correlation in PBMC
[54]. Comparing methods CMOT(p=25%,50%,75%,100%), Seurat, and MOFA+.

Methods Seurat MOFA+ TotalVI
CMOT (p=100%) 1 6.9× 10−57 0
CMOT (p=75%) 1 0 8.36× 10−58

CMOT (p=50%) 1 0 1.73× 10−45

CMOT (p=25%) 1 0 5.25× 10−12

Table A.13: Pearson and Spearman correlation between inferred and measured protein
expression in PBMC [54]. Independent evaluation for CMOT.

Protein Pearson Corr. P-value Spearman Corr. P-value
CD3 0.92 0 0.79 0
CD4 0.83 0 0.76 0
CD8a 0.54 3.1× 10−312 0.018 0.25
CD14 0.95 0 0.67 0
CD15 0.50 1.58× 10−252 0.46 1.18× 10−218

CD16 0.75 0 0.40 3.98× 10−153

CD56 0.69 0 0.34 2.16× 10−114

CD19 0.86 0 0.23 1.92× 10−50

CD25 0.40 3.06× 10−144 0.39 2.07× 10−145

CD45RA 0.72 0 0.72 0
CD45RO 0.73 0 0.70 0
PD-1 0.31 2.36× 10−89 0.26 8.95× 10−65

TIGIT 0.45 6.17× 10−197 0.34 9.29× 10−112

CD127 0.85 0 0.71 0
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Table A.14: Protein expression inference from gene expression in PBMC [54]. Mean and
median cell-wise Pearson correlation comparing CMOT(p=25%,50%,75%,100%), Seurat, MOFA+,
TotalVI plotted in Fig. S8.

Methods Mean Pearson Corr. Median Pearson Corr.
CMOT (p=100%) 0.83 0.91
CMOT (p=75%) 0.83 0.90
CMOT (p=50%) 0.82 0.90
CMOT (p=25%) 0.80 0.88

Seurat 0.87 0.92
MOFA+ 0.83 0.89
TotalVI 0.01 -0.08

Table A.15: Wilcox–rank-sum test p-values of cell-wise Pearson correlation in PBMC
[54]. Comparing CMOT(p=25%,50%,75%,100%), Seurat, and MOFA+ plotted in Fig. S8.

Methods Seurat MOFA+ TotalVI
CMOT (p=100%) 0.99 1.2× 10−5 0
CMOT (p=75%) 1 1.4× 10−2 0
CMOT (p=50%) 1 0.13 0
CMOT (p=25%) 1 0.99 0

Table A.16: Pearson and Spearman correlation between inferred and measured protein
expression in PBMC 10K [54]. Independent evaluation for CMOT.

Protein Pearson Corr. P-value Spearman Corr. P-value
CD3 0.95 0 0.80 5.5× 10−317

CD4 0.90 0 0.86 0
CD8a 0.82 0 0.40 4.1× 10−52

CD14 0.96 0 0.55 1.6× 10−111

CD15 0.56 1× 10−118 0.65 8.8× 10−169

CD16 0.79 2× 10−302 0.54 7.5× 10−107

CD56 0.84 0 0.57 1.2× 10−122

CD19 0.95 0 0.18 1.34× 10−11

CD25 0.50 7.7× 10−90 0.51 2.25× 10−95

CD45RA 0.83 0 0.83 0
CD45RO 0.80 5.9× 10−306 0.76 3.6× 10−262

PD-1 0.43 9.6× 10−66 0.32 7.28× 10−35

TIGIT 0.72 5.7× 10−222 0.47 9.8× 10−78

CD127 0.85 2.2× 10−16 0.80 8.6× 10−316
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Table A.17: Gene expression inference from chromatin accessibility in DEX-treated
A549 lung cancer data [17]. Mean and median cell-wise Pearson correlation comparing
CMOT(p=25%,50%,75%,100%), Seurat, MOFA+, GLUE, bindSC, Seurat CCA plotted in Fig.
S7.

Methods Mean Pearson Corr. Median Pearson Corr.
CMOT (p=100%) 0.52 0.52
CMOT (p=75%) 0.51 0.52
CMOT (p=50%) 0.50 0.51
CMOT (p=25%) 0.49 0.50

Seurat 0.49 0.50
MOFA+ 0.52 0.52
GLUE 0.49 0.50
bindSC 0.40 0.51

Seurat CCA 0.50 0.51

Table A.18: Gene expression inference from chromatin accessibility in DEX-treated
A549 lung cancer data [17]. Mean and median cell-wise Spearman correlation comparing
CMOT(p=25%,50%,75%,100%), Seurat, MOFA+, GLUE, bindSC, Seurat CCA plotted in Fig.
S7. All values calculated with alternative=greater.

Methods Mean Spearman Corr. Median Spearman Corr.
CMOT (p=100%) 0.43 0.43
CMOT (p=75%) 0.43 0.43
CMOT (p=50%) 0.43 0.43
CMOT (p=25%) 0.42 0.42

Seurat 0.41 0.41
MOFA+ 0.44 0.44
GLUE 0.43 0.44
bindSC 0.39 0.49

Seurat CCA 0.42 0.42

Table A.19: DEX-treated A549 lung cancer (Pearson) [17]. Wilcox–rank-sum test p-values
comparing CMOT, Seurat, MOFA+, GLUE, bindSC, Seurat CCA (Fig. S7).

Methods Seurat MOFA+ GLUE bindSC Seurat CCA
CMOT (p=100%) 1.27× 10−5 0.64 4.7× 10−6 0.016 0.016
CMOT (p=75%) 3.9× 10−5 0.74 1.6× 10−5 0.025 0.029
CMOT (p=50%) 0.012 0.99 0.007 0.22 0.45
CMOT (p=25%) 0.70 0.99 0.66 0.82 0.99

Table A.20: DEX-treated A549 lung cancer (Spearman) [17]. Wilcox–rank-sum p-values
comparing CMOT, Seurat, MOFA+, GLUE, bindSC, Seurat CCA (Fig. S7).

Methods Seurat MOFA+ GLUE bindSC Seurat CCA
CMOT (p=100%) 1.29× 10−6 0.61 0.44 0.90 0.005
CMOT (p=75%) 5.73× 10−6 0.73 0.57 0.90 0.012
CMOT (p=50%) 5.7× 10−4 0.96 0.91 1.00 0.14
CMOT (p=25%) 0.06 0.99 0.99 1.00 0.74
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Table A.21: A549 gene-wise correlation [17]. Number of genes CMOT¿m vs CMOT¡m and
Wilcox–rank-sum p-values (alternative=greater).

Method m # Genes (CMOT¿m) # Genes (CMOT¡m) P-value
MOFA+ 636 547 2.19× 10−6

Seurat 435 748 1

Table A.22: Pan-cancer gene expression (Pearson) [101]. Mean and median cell-wise Pearson
correlation comparing CMOT(p=25%,50%,75%,100%), Seurat, and MOFA+ (Fig. 5A).

Methods Mean Pearson Corr. Median Pearson Corr.
CMOT (p=100%) 0.67 0.69
CMOT (p=75%) 0.66 0.68
CMOT (p=50%) 0.62 0.63
CMOT (p=25%) 0.60 0.63

Seurat 0.63 0.65
MOFA+ 0.47 0.55

Table A.23: Pan-cancer gene expression (Spearman) [101]. Mean and median cell-wise
Spearman correlation comparing CMOT(p=25%,50%,75%,100%), Seurat, and MOFA+ (Fig. 5A).

Methods Mean Spearman Corr. Median Spearman Corr.
CMOT (p=100%) 0.69 0.71
CMOT (p=75%) 0.67 0.69
CMOT (p=50%) 0.65 0.68
CMOT (p=25%) 0.63 0.66

Seurat 0.64 0.67
MOFA+ 0.50 0.56

Table A.24: Pan-cancer Pearson p-values [101]. Wilcox–rank-sum p-values comparing CMOT,
Seurat, MOFA+ (Fig. 5A, Table S22).

Methods Seurat MOFA+
CMOT (p=100%) 7.4× 10−4 2.5× 10−6

CMOT (p=75%) 0.011 4.5× 10−5

CMOT (p=50%) 0.83 0.002
CMOT (p=25%) 0.98 0.017

Table A.25: Pan-cancer Spearman p-values [101]. Wilcox–rank-sum p-values comparing
CMOT, Seurat, MOFA+ (Fig. 5A, Table S23).

Methods Seurat MOFA+
CMOT (p=100%) 0.006 1.5× 10−5

CMOT (p=75%) 0.033 8.6× 10−5

CMOT (p=50%) 0.50 0.002
CMOT (p=25%) 0.80 0.01

Table A.26: Pan-cancer silhouette p-values [101]. Wilcox–rank-sum p-values for silhouette
scores (Fig. 5B).

Methods Seurat MOFA+ Measured RNA Measured ATAC
CMOT (p=100%) 1.03× 10−5 1.6× 10−10 1.5× 10−18 5.38× 10−18
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Table A.27: Pan-cancer chromatin (Pearson) [101]. Mean and median cell-wise Pearson
correlation for chromatin accessibility inference comparing CMOT, Seurat, and MOFA+ (Fig.
S4). All tests use alternative=greater.

Methods Mean Pearson Corr. Median Pearson Corr.
CMOT (p=100%) 0.35 0.29
CMOT (p=75%) 0.31 0.26
CMOT (p=50%) 0.30 0.23
CMOT (p=25%) 0.28 0.21

Seurat 0.41 0.37
MOFA+ -0.03 -0.03

Table A.28: Pan-cancer chromatin (Spearman) [101]. Wilcox–rank-sum p-values of cell-wise
Pearson correlation comparing CMOT, Seurat, and MOFA+ (Fig. S4). All tests use alterna-
tive=greater.

Methods Seurat MOFA+
CMOT (p=100%) 0.18 0.73
CMOT (p=75%) 0.09 0.59
CMOT (p=50%) 0.32 0.80
CMOT (p=25%) 0.99 0.99

Table A.29: Running times (seconds) of all methods across datasets. Developmental human
brain [149], mouse brain [26], PBMCs [54], DEX-treated A549 [17], pan-cancer gene expression
[101], and chromatin inference [101].

Method Dev. BrainMouse BrainPBMCs A549 Pan-Cancer (RNA)Pan-Cancer (ATAC)
CMOT 22.62 19.56 84.14 2.93 0.96 0.73
Seurat 49.74 – 347.05 18.35 11.46 13.61
MOFA+ 264.13 – 1953.2 272.3 226.54 164.91
TotalVI – – 426.36 – – –
Polarbear – 964 – – – –
Polarbear-coassay – 292 – – – –
scGLUE 844.12 1011 – 710.79 – –
bindSC 951.3 2873 – 19.82 – –
Seurat CCA 122.94 491.13 – 10.13 – –
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Supplementary Figures

A.

Figure A.1: Gene expression inference from chromatin accessibility in human devel-
oping brain data [149]. (A) Cell-wise Pearson correlation (y-axis) of inferred and measured
chromatin accessibility by different methods (x-axis): CMOT (p=25%,50%,75%,100%), Seurat,
MOFA+, GLUE, bindSC, Seurat CCA (Tables S1–S4).
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A.

Figure A.2: Gene expression inference from chromatin accessibility in mouse brain
data [26]. (A) Cell-wise Pearson correlation (y-axis) of inferred and measured gene expression by
CMOT (p=25%,50%,75%,100%), Seurat, MOFA+, GLUE, bindSC, Seurat CCA (Tables S5–S8).

A. B.

Figure A.3: Gene expression inference from chromatin accessibility in mouse brain data
[26]. (A) Cell-wise Pearson correlation (y-axis) of inferred and measured gene expression by CMOT
(p=25%,50%,75%,100%), Seurat, MOFA+, Polarbear, Polarbear-coassay (Tables S9–S10). (B)
Gene-wise correlation between inferred and measured expression: CMOT (y-axis) vs. Polarbear,
Polarbear-coassay, MOFA+, Seurat (x-axis). Dots are genes; numbers are gene counts above/below
the dotted line.
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A.

Figure A.4: Gene expression inference from chromatin accessibility in DEX-treated
A549 cells [17]. (A) Cell-wise Pearson correlation (y-axis) of inferred vs. measured chromatin
accessibility by CMOT (p=25%,50%,75%,100%), MOFA+, Seurat, GLUE, bindSC, Seurat CCA
(Tables S17–S20).
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Figure A.5: Inferring protein expression from RNA in PBMCs [54]. Inferred vs. measured
protein expression for peripheral blood mononuclear cells by CMOT.
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Figure A.6: Inference of gene expression for DEX-treated A549 lung cancer cells [17].
(A) Heatmap of top 100 predictive genes’ enriched terms ranked by −log10(adj. p-value). (B)
Enriched terms for MOFA+ inferred expression using 748 genes with higher gene-wise Pearson
correlation than CMOT’s 435 genes (Fig. 4B,D).
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A.

Figure A.7: Cross-modality inference between protein and gene expression in PBMC10k
[54]. Cell-wise Pearson correlation (y-axis) of inferred vs. measured protein expression: CMOT
(p=25%,50%,75%,100%), Seurat, MOFA+, TotalVI (Tables S14–S16).
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Figure A.8: Cross-modality inference between gene expression and chromatin acces-
sibility in pan-cancer cells [101]. (A) Cell-wise Pearson correlation of inferred vs. measured
chromatin accessibility by CMOT (p=25%,50%,75%,100%), Seurat, MOFA+ (Tables S27–S28).
(B) Measured (x-axis) vs. inferred normalized expression (y-axis) of genes (dots) for three example
cells; r is Pearson’s r, p is the correlation p-value.
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C. D.

A. B.

E.

Seurat CMOT

Seurat CCAGLUE

MOFA+

Figure A.9: Hyperparameter sensitivity on DEX-treated A549 [17]. (A) Seurat: k.nn,
k.anchor, k.weight, k.filter. (B) CMOT: latent dim, # features, k.neighbors, entropic regulariza-
tion. (C) GLUE: embedding dim, hidden depth, hidden dim, dropout, λgraph. (D) Seurat CCA:
k.anchor, k.weight, k.filter. (E) MOFA+: num factors.
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Figure A.10: FOSCTTM scores across NMA methods. Boxplots of pairwise cell Mean
FOSCTTM score (y-axis) vs. latent dimension d (x-axis), for varying k-nearest neighbors (rows)
and datasets (columns).

Figure A.11: Mean Pearson correlation across variable genes. (A) Human brain [149]. (B)
PBMC [54]. (C) A549 [17]. (D) Pan-cancer [101]. Each panel: mean cell-wise Pearson correlation
vs. # top highly variable genes.
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A. B.

C. D.

Figure A.12: FOSCTTM for alignment methods. Boxplots of FOSCTTM for NMA, MMD-
MA, SCOT, Unioncom on four datasets with optimal d (human brain d=20, PBMC d=15, A549
d=10, pan-cancer d=10).
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A. B.

C. D.

Figure A.13: Benchmarking alignment in pan-cancer [101]. Mean cell-wise Pearson correla-
tion vs. alignment method: (A) d=5, (B) d=10, (C) d=15, (D) d=20.
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Figure A.14: Jensen–Shannon distance in human developing brain data [149]. (A) 1,000
HVGs: distance between measured vs. inferred by CMOT, bindSC, MOFA+, GLUE, Seurat CCA.
(B) 2,000 HVGs: same comparison across five major cell types.
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Supplementary Methods

Datasets preprocessing and feature selection

Mouse brain: The adult mouse brain dataset [26] was generated by SNARE-seq,
containing jointly profiled gene expression and open chromatin regions for 10k cells.
However, we used the previously processed dataset by Cao et al. [17] (published with
GLUE), including gene expression with 28,930 genes and open chromatin peaks with
241757 peaks for 9190 cells from the adult mouse brain. However, we reduced the
size of the dataset by picking 2000 highly variable genes and peaks. The resulting
data includes gene expression and open chromatin peaks of 9190 cells for 2000 genes
and peaks. To compare CMOT with Polarbear we used their data with 10k cells.
However, we reduced the number of genes and peaks. We filtered out peaks and
genes that occurred in less than 3 cells. For the binary scATAC data, we picked
the top 1000 peaks that were expressed in the largest number of cells. For scRNA,
we performed normalization and variance stabilization using SCTransform [61] and
picked the top 1000 most variable genes. The resulting data includes gene expression
and chromatin regions of 10,839 cells for 1000 genes and regions respectively.

Peripheral Blood Mononuclear Cells: The PBMC10k dataset [54] contains
6855 cells, containing genes and proteins from the same cells. For scRNAseq, we
performed normalization and variance stabilization using SCTransform, and used
the 2960 highly variable genes. For protein expression, we performed centered log-
ratio (CLR) normalization using Seurat’s functions. The resulting dataset includes
6855 cells with 2960 genes and 14 proteins.

Inferring protein expression from gene expression in Peripheral Blood Mononuclear
Cells

We applied CMOT to infer protein expression from gene expression of peripheral
blood mononuclear cells (PBMCs) using emerging CITE-seq data [54]. We randomly
split the PBMC10k cells into 80% training for cross-validation and 20% testing set
for evaluation. We trained CMOT with parameters: K=5, d= 15, λ=1e02, η = 1,
k=100, and used the top 200 highly variable genes in the training data to find the
k nearest neighbors. We induced cell labels by identifying two clusters using gene
expression for the label regularization in optimal transport. As shown in Fig. S4,
CMOT achieves a median correlation r of 0.91 for p=100% outperforming MOFA+
(median r=0.89, Wilcoxon p − values < 1.22e − 05) and TotalVI (median r=-
0.08, Wilcoxon p-values=0) and performs comparably with Seurat (median r=0.92,
Wilcoxon p−values < 0.99). Also, for p=50%,75%, CMOT reports a higher correla-
tion of 0.9 for both, outperforming both MOFA+ (Wilcoxon p−values < 1.4e−03)
and TotalVI (Wilcoxon p-values=0) (Tables S14-S16).

Benchmark against state-of-art for cross-modality inference

We benchmarked CMOT against state-of-art methods: Seurat [139], Seurat CCA
[66], MOFA+ [9], bindSC [43], GLUE [20], and, Polarbear [167]. We show bench-
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marking on 3 datasets: (1) mouse brain data [26] (GLUE’s application), (2) DEX-
treated A549 data [17] (common application between CMOT and bindSC), and, (3)
human developing brain [149](our application),

For the mouse brain dataset [26], which is an application of GLUE [21], we used
their preprocessed dataset to benchmark all methods. We split this dataset into
80% train and 20% test, and benchmarked all methods on default parameters. For
CMOT, we used the following parameters: K=5, d= 20, λ=1e03, η=1e-2, k=400,
and used the top 10 features of scATAC-seq training data to find the k nearest neigh-
bors. We induced our cell labels by hierarchical clustering of the cells in the train-
ing set and identified two clusters to regularize the optimal transport in CMOT. As
shown in Fig S2, CMOT outperforms state-of-art methods with a median correlation
of 0.76 compared to Seurat (median correlation=0.7, Wilcoxon p−value < 3.4e−40),
MOFA+(median correlation=0.74, Wilcoxon p−value < 1.15e−05), GLUE(median
correlation=0.72, Wilcoxon p-value¡5.6e − 25), bindSC (median correlation=0.72,
Wilcoxon p-value¡8e-19), and, Seurat CCA (median correlation=0.75, Wilcoxon
p-value¡1.9e-04). Even for partial correspondences, CMOT reports a higher per-
formance (median r=0.76 for p=75%, median r=0.76 for p=50%) continuing to
outperform other methods: Seurat (Wilcoxon p-value¡1.25e-39), GLUE (Wilcoxon
p − value < 1.63e − 24), MOFA+ (Wilcoxon p − value < 1.67e − 05), bindSC
(Wilcoxon p− value < 2.07e− 158), Seurat CCA (Wilcoxon p− value < 2.8e− 4).
Even for correspondence as low as 25%, CMOT performs comparably with median
r=0.71, still outperforming Seurat (Wilcoxon p-value¡0.07) (see Additional File 1:
Fig S2, Supplemental Methods, Supplemental Table S5-S8). We also compared
CMOT with Polarbear on their mouse brain data for fair comparison using top
1000 features. We found that CMOT has significantly higher gene-wise correlations
than Polarbear (515 genes versus 485 genes, Wilcoxon p− value < 2.81e− 02) and
Polarbear co-assay (648 genes versus 352 genes, Wilcoxon p − value < 1.2e − 27),
and, Seurat (1960 genes versus 101 genes, Wilcoxon p − value < 2.97e − 69) (Fig.
S3, Tables S9-S10).

For the DEX-treated A549 dataset [17], which is a common application of CMOT
and bindSC, we also split the dataset into 80% train and 20% test, similar to
Fig 4. To run bindSC, we used the parameters suggested in their dataset tuto-
rial [43]. We benchmarked other methods on tuned parameters on 80% of training
data (Fig S9). After tuning, we used the following parameters for benchmark-
ing: A) Seurat: k.nn=20, k.anchor=5, k.weight=100, k.filter=50; B) CMOT: latent
dimension=25, top variable features=20, k-nearest neighbors=500, entropic regu-
larization=100; C) GLUE: Dimensionality=30, Hidden layer depth=4, Hidden layer
dimensionality=64, Dropout=0.3, Lambda graph=0.5; D) Seurat CCA: k.filter=50,
k.weight=100, k.anchor=25; E) MOFA+: num factors=100. As shown in Addi-
tional File 1: supplemental Fig S7, CMOT outperforms state-of-art with a median
correlation r of 0.52, compared to Seurat (median r=0.5, Wilcoxon p − value <
21.27e− 05), GLUE(median r=0.5, Wilcoxon p− value < 4.7e− 06), bindSC (me-
dian r=0.51, Wilcoxon p− value < 0.016), Seurat CCA (median r=0.51, Wilcoxon
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p− value < 0.016) and performs comparably to MOFA+(median r=0.52, Wilcoxon
p − value < 0.64). Even for partial correspondences, CMOT reports high and
consistent performance (median r=0.52 for p=75%, median r=0.51 for p=50%) out-
performing Seurat (Wilcoxon p− value < 3.9e− 05), GLUE (Wilcoxon p− value <
1.6e − 05), bindSC (Wilcoxon p − value < 0.025), and, Seurat CCA (Wilcoxon
p− value < 0.029). (see Fig S7, Tables S17-S20).

To benchmark the human developing brain data [149], we split the dataset into
80% train and 20% as in Fig. 1. We trained all methods on default parameters
and for CMOT, we used the same parameters as in Fig. 2. As shown Figure
A.1, CMOT outperforms or performs comparably with state-of-arts with a me-
dian correlation of 0.67, compared to Seurat (median correlation=0.64, Wilcoxon
p − value < 1.23e − 14), MOFA+(median correlation=0.41, Wilcoxon p-value=0),
GLUE(median correlation=0.47, Wilcoxon p − value < 1.4e − 236), bindSC (me-
dian correlation=0.68, Wilcoxon p − value < 0.97), and Seurat CCA (median cor-
relation=0.68, Wilcoxon p − value < 0.98). Also, for p¡100%, CMOT continues
to report consistent performance. For example, CMOT has significantly higher
performances (median r=0.65 for p=75%, and r=0.63 for p=50%) than MOFA+
(Wilcoxon p− value < 2.8e− 294), GLUE (Wilcoxon p− value < 1.3e− 216), and
Seurat (Wilcoxon p − value < 3.43e − 10). Also, with low correspondence such as
p=25%, CMOT’s performance (r=0.61) is still significantly higher than MOFA+
(Wilcoxon p − value < 1.65e − 157) and GLUE (Wilcoxon p − value < 2.4e − 86)
(see Fig S1, Tables S1-S4).

Benchmarking on scRNA-seq and scATAC-seq datasets

We next benchmarked CMOT’s performance on single profiled scRNA-seq and
scATAC-seq datasets from the developing human brain (week 21) [149]. We picked
the top five major cell types common to both datasets: Glutamatergic neuron, Late
Radial Glia, neuronal Intermediate Progenitor cells, Oligodendrocyte, and Peri-
cyte. This resulted in 7420 cells from scATAC-seq and 6542 cells from scRNA-seq.
We preprocessed each dataset similar to previous datasets, i.e. for scRNA-seq,
we performed normalization and variance stabilization using SCTransform, and for
scATAC-seq, we normalized the peaks using term frequency-inverse document fre-
quency (TF-IDF) transformation using RunTFIDF [45]. Also, we conducted two
evaluations by selecting 1000 and 2000 highly variable features. Finally, we split
each profile into 80% training and 20% testing sets and evaluated CMOT against
bindSC, MOFA+, GLUE, and Seurat CCA (Fig. S14). We ran all methods on de-
fault or recommended parameter settings. For CMOT, we used the same parameters
as those used for the first application on developing humain brain. It is important
that the inferred expressions must preserve the cell type distributions, hence we
computed the Jensen-Shannon distance between cells from each cell type. We found
that CMOT outperformed the state-of-art methods. Jensen-Shannon distance (JS
distance): The Jensen-Shannon distance measures the similarity between two prob-
ability distributions, and is the square root of Jensen-Shannon divergence (JSD).
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JSD is the average KL divergence between two distributions and their average (also
the symmetric version of the KL divergence). KL divergence measures the difference
between two probability distributions and increases proportionally. The smaller the
JS distance, the closer are two probability distributions.

[? ] We benchmarked CMOT’s performance across different alignment methods
including Nonlinear Manifold Alignment (NMA) [75], Maximum mean discrepancy-
based manifold alignment (MMD-MA) [100], Single-cell alignment with optimal
transport (SCOT) [39], and Unioncom [18] (Figures A.12,-A.13) D) on the pan-
cancer data [101]. We experimented with a different number of latent dimensions
d=5,10,15,20 while using the default parameters for all methods. We evaluated
CMOT’s performance on the pan-cancer data across all dimensions and found that
using NMA gives the best inference results (A.13). Additionally, we also evaluate the
performance of alignment methods using the FOSCTTM score across all datasets
(A.12) for latent dimensions reported in the Results. We see that NMA significantly
outperforms all other alignments.

Outlier cell detection in target modality

We tested our outlier detection mechanism in the DEX-treated A549 dataset [17],
where we randomly replaced 25% of cells in the test dataset with noisy cell samples.
We generated the noisy cell samples by generating random real numbers within the
interval of minimum and maximum values of the normalized chromatin expression.
The IF mechanism can successfully identify the noisy cells, with an AUC=0.99.



79

A.2 ARTEMIS: Supplement

Algorithm S1 ARTEMIS

Input: {Xt}t∈{0,1,..T}, t ∈ {0, 1, ..T},prior kill rate k,
pretrain epochs E1,number of iterations E2, joint train epochs E3,
#SDEs to sample E4

Initialize: qφ, pϕ, Qθ, Q̂θ̂,Kω

1: Pre-train VAE:
2: for i=1 to E1 do
3: qφ(Xt||t) = (µt, σt), Zt ∼ N (µt, σ

2
t ), X̂t = pϕ(Zt)

4: Update φ, ϕ using ∇Lvae (Eq. 2)
5: end for
6: Jointly train VAE and uDSB:
7: for j=1 to E2 do
8: for k=1 to E3 do
9: for l=1 to E4 do

10: (
←−
Z t, At)← sample B-SDE(Qθ, Q̂θ̂,Kω) (Eq. 9b)

11: Update θ using ∇θLdiv,θ (Eq. 12b)

12: sample F-SDE
←−
Z t ∼ ρ0 (Eq. 9a)

13: update θ, (φ, ϕ) using ∇θ,φ,ϕLjoint (Eq. 13)
14: end for
15: for l=1 to E4 do

16: (
−→
Z t, At)← sample F-SDE(Qθ, Q̂θ̂,Kω)(Eq. 9a)

17: update θ̂, ω using ∇θ̂Ldiv,θ̂ (Eq. 12a),∇ωLω (Eq. eq:10), respectively
18: end for
19: end for
20: end for
21: Outputs:

φ, ϕ, θ, θ̂, ω

S1 Details of model implementation, training, and testing

ARTEMIS is implemented in JAX [16]. Training begins with VAE pre-training on
single-cell gene expression data from observed timepoints. The ADAM optimizer
with gradient clipping (threshold=1) and initial learning rate as 0.0001 was used
and the VAE was trained for E1 epochs with a default batch size of 64 (Algorithm
S1, Steps 1-5).

Subsequently, the uDSB and VAE are jointly trained to learn a smooth latent
space. The uDSB model comprises three networks, a.) forward drift Qθ, b.) back-

ward drift Q̂θ̂, and c.) kill rate Kω.

The architecture of Qθ and Q̂θ̂ includes:
i) x_encoder: 3-layer MLP taking Zt as input, ii) t_encoder: 3-layer MLP

taking the sinusoidal embedding of time t as input, and, iii) decoder: 2-layer MLP
decoder combining ouputs from x_encoder and t_encoder to output optimal drift
values (Qθ,Q̂θ̂).
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Algorithm S2 SDE Sampling Procedure

Input: drift f , diffusion coefficient ε, killing rate r‘, initial cells n0, final cells nT

1: procedure F-SDE(Qθ, Q̂θ̂,Kω)

2: sample
−→
Z 0 ∼ ρ0

3: A0 ← 1
4: for step i=1 to T do

5:
−→
Z i =

−→
Z i−1 +∆

−→
Z i

6: if Ai−1 = 1 then
7: D ∼ Bernoulli(1− k‘(i)∆t)
8: Ai+1 ← D
9: end if

10: end for
11: end procedure
12: procedure B-SDE(Qθ, Q̂θ̂,Kω)

13: sample
←−
Z 0 ∼ ρT

14: AT ∼ Bernoulli(min(1, nT

n0
))

15: for step i=T-1 to 0 do

16:
←−
Z i =

←−
Z i−1 −∆

←−
Z i

17: if Ai+1 = 0 then
18: D ∼ Bernoulli(k‘(i)∆t)
19: Ai ← D
20: end if
21: end for
22: end procedure
23: Outputs:

(Zt, At)t

The Kω network is a 2-layer MLP taking a sinusoidal embedding of time t and
outputting a kill rate at time t. SiLU activation was used for Qθ and Q̂θ̂; Leaky-ReLU
for Kω. All networks used 16-dimensional time embeddings. The ADAM optimizer
with gradient clipping was used, with initial learning rates of 0.0001 for all networks
(needs to be tuned according to the dataset).

uDSB training is performed within the latent space from the pre-trained VAE.
The uDSB training used a batch size of 512 over E2 iterations, each iteration com-
prising E3 epochs of forward and backward training. The uDSB model was trained
using the Iterative Proportional Fitting algorithm (IPF), which iteratively solves
the schrödinger bridge problem through forward and backward SDEs[48, 89, 129].
During each epoch, the forward and backward drifts, as well as the VAE parameters,
are updated (Algorithm S1, Steps 6-20). Specifically, in each epoch, 10 SDEs were
sampled to optimize forward and backward drifts each. The process is described
below:

1. Forward optimization: This step minimizes the KL divergence with a fixed

terminal condition (e.g.,
←−
Z t ∼ pT ). A backward SDE is sampled (Eq. 9b), and the

divergence loss is calculated between the SDE predicted by the forward drift and
the sampled backward SDE. The VAE params are optimized concurrently using the
Ljoint loss (Eq. 13, Algorithm S1, Steps 9-14))
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2. Backward optimization: This step minimizes the KL divergence with a fixed

initial condition (e.g.,
−→
Z t ∼ p0). A forward SDE is sampled (Eq. 9a) and the

divergence loss is calculated between the SDE predicted by the backward drift and
the sampled forward SDE (Algorithm S1, Steps 15-18)).

The number of discretization steps was set to 100 for the inteval [0,T], so ∆t=0.01.
For trajectory inference, gene expression profiles at t = 0 are projected into

the VAE latent space. Forward SDE sampling (Eq. 9a) with the learned drift Qθ

generates continuous latent variables, decoded back into the gene expression space
to reconstruct cellular trajectories.

Prediction performance on held-out timepoints was evaluated by averaging the
2-Wasserstein distance between predicted and ground-truth gene expression profiles,
computed over five forward trajectory samples. The OTT library [35] was used to
compute distances.

We performed all training and benchmakring on Linux Ubuntu machine with 256
BG RAM and NVIDIA RTX A6000 GPU with 48 GB RAM. We have reported the
runtime and scalability for different training sizes (#cells) on the zebrafish dataset
Figure A.21. The code has also been tested on Linux Ubuntu machine with only
CPU.

S2 Baseline Methods

We compare ARTEMIS’s performance with the following baseline methods:

• PRESCIENT [163]: PRESCIENT (Potential eneRgy undErlying Single Cell
gradIENTs) is a generative modeling framework designed to learn differentia-
tion landscapes from time-series scRNA-seq data. It models how cells evolve
stochastically and in physical time, using a diffusion-based approach to recover
a global potential function. To handle large scRNA-seq datasets, PRESCIENT
models are fit on PCA projections of scaled gene expression data. The po-
tential function is parameterized by a neural network, to allow flexible and
complex landscape modeling. PRESCIENT allows for using prior knowledge
of cell growth in the modeling. However, such information is not always avail-
able and we included evaluations with growth rates information when avail-
able. We used Python codes on Github (https://github.com/gifford-lab/
prescient-analysis) to run PRESCIENT.

• MIOFlow [77]: MIOFlow (Manifold Interpolating Optimal-Transport Flow) is a
computational method for modeling stochastic, continuous population dynam-
ics from snapshots of time-series data. It combines dynamic models, manifold
learning, and optimal transport techniques to interpolate between static popu-
lation snapshots. Using neural ordinary differential equations (Neural ODEs)
and a geodesic autoencoder (GAE), MIOFlow ensures the flow aligns with
the data’s manifold geometry. By operating in the autoencoder’s and pe-
nalizing transport with Wasserstein distance, complex diffusion processes in

https://github.com/gifford-lab/prescient-analysis
https://github.com/gifford-lab/prescient-analysis
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cellular dynamics. We use Python codes on GitHub (https://github.com/
KrishnaswamyLab/MIOFlow) to run MIOFlow

• scNODE [166]: scNODE (single-cell Neural Ordinary Differential Equation) is
a deep learning model that predicts and simulates single-cell gene expression at
unobserved timepoints in temporal scRNA-seq data. It combines a variational
autoencoder (VAE) to encode gene expression into a low-dimensional latent
space with neural ordinary differential equations (ODEs) to model the temporal
evolution of cells within this space. A dynamic regularization term aligns the
latent dynamics with temporal data, reducing information loss between discrete
timepoints and improving predictions. We use the Python codes on Github
(https://github.com/rsinghlab/scNODE) to run scNODE.

• uDSB [117]: Unbalanced Diffusion Schrödinger Bridge (UDSB) is an extension
of the Diffusion Schrödinger Bridge (DSB) framework that allows for modeling
the temporal evolution of populations with changing mass over time. Unlike
traditional DSBs, which assume conservation of mass and work with probabil-
ity measures, UDSBs can handle marginals with arbitrary finite mass. uDSBs
achieve this by incorporating stochastic differential equations with killing and
birth terms, and by deriving their time reversals. We use the Python codes
on Github (https://github.com/matteopariset/unbalanced_sb) to run sc-
NODE.

S2 Hyperparameter Tuning

To benchmark methods evaluated in this paper, we selected parameters based on
the average 2-Wasserstein distance using 3-fold cross validation. Here, we split
the cells in each training timepoint into 3 sets, and perform cross-validation such
that 2 sets are used for training, and the third for testing. To search for optimal
hyperparameters, we used wandb [13].

For baseline uDSB, we first used PCA to project the gene expression to 50-
dimensional space. For the networks Qθ and Q̂θ̂, the x_encoder was 3-layer MLP
with 300-dimension hidden layers, the t_encoder was 3-layer MLP with 32 dimen-
sion hidden layers, with takes 16-dimensional sinusoidal embedding of time t, and,
the decoder was a 3-layer MLP decoder with 300 dimension hidden layers accepts
concatenation of outputs from x_encoder and t_encoder. TheKω network includes
a 5-layer MLP with 64-dimension hidden layers. As activation functions, the SiLU

for Qθ and Q̂θ̂, and, Leaky-ReLU for Kω networks. The ADAM optimizer wth gra-

dient clipping was used, and initial learning rates for Qθ and Q̂θ̂ were set to 0.001,
and 0.01 for Kω. A batch size of 512 was used, and total training was conducted
over 10 iterations, where each iteration included 10 epochs of forward and 10 epochs
of backward training.

For PRESCIENT, we searched over the following hyperparameter spaces: la-
tent dimension ∈ {10,50}, number of hidden layers ∈ {1,2,3}, sd ∈ [0.0,1.0], tau
∈ [0.0,0.1], gradient clipping ∈ [0.0,1.0]. The remaining hyperparameters were set

https://github.com/KrishnaswamyLab/MIOFlow
https://github.com/KrishnaswamyLab/MIOFlow
https://github.com/rsinghlab/scNODE
https://github.com/matteopariset/unbalanced_sb
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to default. We estimated the growth rates for the EMT [31] and pancreatic [152]
datasets using the mean of z-scores annotated to birth (KEGG CELL CYCLE) and
death (KEGG APOPTOSIS) as suggested in [163].

For MIOFlow, we searched over the following hyperparameter spaces: gae em-
bedded dim ∈ {10,50}, layers ∈ {[50,50],[16,32,16]}, λ ∈ [1,40,100]. The remaining
hyperparameters were set to default.

For scNODE, we searched over the following hyperparameter spaces: latent di-
mension (d) ∈ {10,50}, encoder network size ∈ {None, [d], [d,d]}, decoder network
size ∈ {None, [d], [d,d]}, drift network size ∈ {None, [d], [d,d]}.

For ARTEMIS, we searched over the following hyperparameter spaces: latent
dimension ∈ {10,50}, vae encoder hidden dimension ∈ {[512,256], [256,128]}, vae
decoder hidden dimension ∈ {[512,256], [256,128]}, vae pre-train epochs (E1) ∈
{50,100}, number of iterations (E2) ∈ {2,4,6,8,10}, all learning rates ∈ {0.001,0.0001},
vae batch size ∈ {32, 64}, SDE sampling batch size ∈ {256,512}.

S4 Investigate ARTEMIS hyperparameters

We next investigate the hyperparameters tuned in ARTEMIS and their effects on
prediction performance at unmeasured timepoints. Using the three datasets [152,
46, 31], we evaluate its performance on the previously defined task on held out
timepoints. We hope this analysis provides heuristic guidance to users to choose
hyperparameters for training ARTEMIS. We vary the following hyperparameters:

1. base drift f from {0,2,4,8,10,50,100}: Figure A.19a. compares ARTEMIS’s
performance across different values of the base drift f . Lower values lead to
better prediction performance, whereas higher values can dominate the learned
forward and backward drifts, resulting in trajectories primarily driven by the
base drift rather than the learned dynamics.

2. Number of discretization steps from {12,50,75,100}: As shown in Figure A.19b.,
the prediction performance remains largely consistent across different numbers
of discretization steps. Therefore, users may select the number of steps based
on the desired level of trajectory resolution.

3. VAE latent dimension d from [10,25,50,75,100,125,175,200]: Figure A.19c. com-
pares the VAE latent dimensions. We find that a lower latent dimension (e.g.,
10) is sufficient for simpler datasets. However, for more complex datasets with
multiple cell types, we recommend using larger latent dimensions (>50) to
better capture variability.

4. SDE sampling batch size from {32,64,128,256,512}” Figure A.19d. shows that
a higher sampling size improves performance as it effectively penalizes more
samples during training within a fixed number of epochs. However, a larger
sampling size could cause computational overhead, thus, users can make a
reasonable choice based on a tradeoff between accuracy and computational
costs.
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5. Effect of using Ljoint loss terms, i.e., including either, both, or none of the terms:
The results in Figure A.19e. indicate that including both losses enables joint
optimization of the VAE and uDSB components, leading to better performance
compared to using either loss individually or omitting them entirely.

S5 Identify drift-genes

To bridge the latent forward drift dynamics with gene expression changes, we map
the learned latent drift values to the gene expression space. Let −→z t,i ∈ Rd be a
latent variable generated using the forward SDE (Eq. 9a) for a cell i at time t. Let
x̂t,i ∈ Rg be the reconstructed gene expression for the cell i using the decoder (pϕ).
To map the forward drift at t to the gene expression space, we multiply the output
of Q(−→z t,i, t; θ) ∈ Rd with the jacobian of pϕ to compute the jacobian vector product
(JVP) [126].

The jacobian J ∈ Rg×d of pϕ is given by:

Ji =


∂x̂t,i,(1)

∂−→z t,i,(1)

∂x̂t,i,(1)

∂−→z t,i,(2)
..

∂x̂t,i,(1)

∂−→z t,i,(d)

. . . .

. . . .
∂x̂t,i,(g)

∂−→z t,i,(1)

∂x̂t,i,(g)

∂−→z t,i,(2)
..

∂x̂t,i,(g)

∂−→z t,i,(d)

 , (A.1)

Then, the drift scores for cell i can be calculated as:

drift scoresi = JiQ(−→z t,i, t; θ), (A.2)

where gene drift scoresi ∈ Rg. This is then averaged over all cells at time t to get
an average score for each gene:

drift scores =

∑nt

i=1 JiQ(−→z t,i, t; θ)

n
, (A.3)

where drift scores ∈ Rg and drift scoresj gives a gene-drift-score for gene j. We used
the jax.jvp() function from JAX library for computing forward-mode Jacobian-
vector product.

Significance testing of drift-genes

To evaluate the significance of the gene-drift scores, we randomized the positions
of cells in the latent space and calculated their forward drifts. The drift values
from the randomized cells, combined with the decoded gene expression of the orig-
inal unshuffled cells, were used to establish a null distribution for gene-drift scores.
A two-sided t-test was then performed to compare the observed gene-drift scores
against the null distribution. Most drift genes identified by ARTEMIS were found
to be significant, with p-values < 0.05.
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Drift gene bias toward highly expressed genes

To assess potential bias, we computed the Spearman correlation between drift scores
and average gene expression across three datasets (Supplementary Figure S6a.).
While some timepoints showed high correlation (> 0.5), several had lower correla-
tions (< 0.5). We also compared the top 20 drift and highly expressed genes, finding
low overlap (< 10 genes) at several timepoints and high overlap (> 10 genes) at some
others (Supplementary Figure S6b.). In cases of high overlap, we found the genes
to be biologically relevant, including progenitor genes at t=0,1 and SC-β/SC-EC
branch-associated genes at t=7 in the pancreatic dataset [152], as well as key devel-
opmental regulators in zebrafish [46]. At timepoints with low overlap (< 10 genes),
drift genes had significantly lower expression than highly expressed genes. These
findings show that while some drift genes are highly expressed, many are not driven
by high expression.

S6 Perturbation analysis

For the EMT dataset [31], in silico perturbations were introduced by modifying
the scaled normalized expression of target genes to z-score values: less than 0 for
underexpression (knockdowns) and greater than 0 for overexpression. The resulting
perturbed gene expression profile was then input to the trained ARTEMIS model,
where it is was projected to the latent space to generate a forward SDE up to time
T . Perturbations were introduced with magnitudes of -25,-20,-15,-10,10,15,20,25.

We conducted 10 trials, where 2,000 cells sampled from the timepoint of pertur-
bation introduction were used to predict cellular trajectory up to time T using the
pre-trained ARTEMIS model. These simulations allowed us to examine the effects
of perturbations within the latent space.

We trained a multilayer perceptron (MLP) classifier using the Python library
scikit-learn [118] to predict timepoints based on latent cell representations. For a
given trajectory resulting from perturbations introduced at time t, the predicted
trajectory in the latent space was classified using the pre-trained MLP classifier.

Then, the number of predicted cells classified into each timepoint were com-
pared between perturbed and unperturbed trajectories by performing a two-sided
t-test test. We used this analysis to identify if the introduced perturbations for the
drift-genes could alter/reverse the epithelial-to-mesenchymal transition by generat-
ing more cells corresponding to earlier or later timepoints (Figure 5, Supplementary
Figure S4).

S7 Performance on sparse datasets

We further evaluated ARTEMIS on a mouse hematopoiesis dataset with lineage
tracing information spanning three timepoints, comprising 49,302 cells [159]. To
assess its predictive performance, we withheld the second time point. ARTEMIS
demonstrated superior accuracy in reconstructing the held out time point (see Sup-
plementary Table S4), indicating its robustness even in sparse settings. However,
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a limited number of time points may reduce the resolution of inferred trajectories,
particularly when key transitions occur between unobserved intervals.

Evaluating clonal fate prediction

We further evaluated ARTEMIS on lineage tracing data to assess its ability to
predict clonal fate within neutrophil and monocyte lineages. Here, we trained
ARTEMIS on all timepoints and initialized the trained model with cells from t = 0
and having clonal information across three timepoints to predict forward trajectories.
Using the trained model, the inferred forward cell drift captured the differentiation
lineages (see Supplementary Figure S9a.), recovered relative cell population changes,
and predicted cell statuses (see Supplementary Figure S9b.).

For clonal bias analysis, cells at the final timepoint were classified as neutrophil,
monocyte, or others using a nearest neighbor classifier trained on the groundtruth
gene expression. Following the approach in [1], we computed clonal fate probability
for each cell at t = 0as the fraction of its clonal relatives that became neutrophils
or monocytes as ground truth. For ARTEMIS predicted trajectories, this was ap-
proximated as the number of neutrophils divided by the total number of mono-
cytes and neutrophils within each cell’s trajectory (see Supplementary Figure S9c.).
ARTEMIS recovered clonal bias well for the neutrophil lineage and weakly for the
monocyte lineage.

Data preprocessing

The mouse hematopoiesis dataset is available at https://github.com/AllonKleinLab/
paper-data. We used cells from all three timepoints with lineage tracing informa-
tion, log-normalized the training and held out time points separately, selected the
top 2,000 highly variable genes, and removed cell cycle genes based on the train-
ing set, following the recommendations in [81]. We used the same strategy as in
Supplementary Note S1 for evaluating prediction performance.

S8 Effect of cell population modeling in ARTEMIS performance

ARTEMIS models relative cell population changes using cell counts as ground truth
rather than relying on prior knowledge, such as proliferation or apoptosis-associated
genes. To assess the effect of cell population modeling, we trained a variant of
ARTEMIS without the neural network for kill rate inference and compared its per-
formance across three datasets for training and held out timepoints (Figure A.22).
We also show a comparison with the PRESCIENT model trained with growth rates
inferred from prior knowledge. Results show that ARTEMIS performs similarly
with and without explicit cell population modeling, as the kill rate network is
trained independently and can be excluded, allowing uDSBs to function as diffu-
sion Schrödinger bridges (DSBs). However, incorporating cell population modeling
enables ARTEMIS to infer cell population changes.

https://github.com/AllonKleinLab/paper-data
https://github.com/AllonKleinLab/paper-data
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Supplementary Figures
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Figure A.15: Application to β-cell differentiation in human pancreas. a.) Benchmarking
ARTEMIS against state-of-the-art methods for predicting gene expression at held-out timepoints
(3,6) using pancreatic data. b.) Cell drift inferred by Prescient (w.o. growth rates). c.) Left:
Comparison of normalized ratios of relative cell population changes between ground truth and
ARTEMIS-predicted cell statuses as live, Right: Number of cells predicted as born, proliferated,
and died throughout the trajectory. An increase in cell births and proliferation was observed at
t = 2 and t = 3, coinciding with an increase in relative cell population in the ground truth data.
Conversely, a significant number of cells were predicted to die between t = 1 to t = 2 and t = 4 to
t = 6, aligning with the observed decline in relative cell population. d.)Drift genes identified for
zebrafish dataset for remaining ten timepoints. e.) Ground truth vs. predicted gene expression of
drift genes FN1 (identified across all timepoints) and GCG (identified at t=6,7).
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Figure A.16: Application to Zebrafish embryogeneis data. a.) Benchmarking ARTEMIS
against state-of-the-art methods for predicting gene expression at held-out timepoints (4, 6, 8) using
zebrafish data. b.) Cell drift inferred by PRESCIENT. c.) Left: Comparison of normalized ratios
of relative cell population changes between ground truth and ARTEMIS-predicted cell statuses as
live, Right: Number of cells predicted as born, proliferated, and died throughout the trajectory. An
increase in cell births and proliferation was observed between t = 4 to t = 7 and t = 10 to t = 11,
coinciding with an increase in relative cell population in the ground truth data. Conversely, a
significant number of cells were predicted to die between t = 9 to t = 10, aligning with the
observed decline in relative cell population. d.) Drift genes identified for zebrafish dataset for
remaining ten timepoints.



89

��

������� ���� ������ �����
� ����
����	�

����
���� ��

��

Figure A.17: Application to A549 lung cancer cells treated with TFGB1 to induce
EMT. a.) Benchmarking ARTEMIS against state-of-the-art methods for predicting gene expres-
sion at held-out timepoint (2) using EMT data. b.) Cell drift inferred by PRESCIENT. c) Left:
Comparison of normalized ratios of relative cell population changes between ground truth and
ARTEMIS-predicted cell statuses as live, Right: Number of cells predicted as born, proliferated,
and died throughout the trajectory. Shorter intervals of predicted cell proliferation are observed
earlier in the trajectory, potentially reflecting the higher cell numbers in the ground truth data at
these early timepoints. Cell death events are distributed across several shorter intervals through-
out the trajectory. A significant spike in predicted cell death is observed towards the end of the
trajectory, coinciding with a substantial reduction in the relative cell population in the ground
truth data. d.) Drift genes identified for emt dataset for remaining four timepoints.
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Figure A.18: Perturbation results for different levels of over and underexpression of
genes (a) TPM1 and (b) AMIGO2 : (-20,-15,-15,-10,0,10,15,20) and additionally (-25,25) for
AMIGO2. Cells are assigned to specific timepoints by an MLP classifier, and the number of
cells generated from perturbed and unperturbed trajectories were compared using a two-sided t-
test at p < 0.05.
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Figure A.19: Evaluating different hyperparameter sets and training configurations for
ARTEMIS. The different hyperparameters/configurations are: a.) base drift f , b.) discretization
steps, c.) VAE latent dimensiond, d.) SDE sampling batch size, e.) effect of using Ljoint =

W2(Zφ,t,
−→
Z t)+W2(Xt, pϕ(Zφ,t)) loss terms. The x-axis (·,·) indicates when either of the W2 losses

is used.
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Figure A.20: a.) Spearman correlation between drift gene scores and average gene expression to
assess potential bias toward highly expressed genes. b.) Comparison of expression levels between
the top 20 drift genes and the top 20 highly expressed genes at each timepoint, including the
number of common or overlapping genes between the two sets.
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Figure A.21: a.) memory and b.) runtime estimates for increasing training set sizes tested on the
NVIDIA RTX A6000 GPU using the zebrafish dataset. The hyperparameters used in training are:
base drift f=2, VAE latent dim=10, SDE sampling batch size=256, discretization steps=100, VAE
pre-train epochs=50.
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Figure A.22: a.- c.) Training and held out performance comparing ARTEMIS trained with and
without cell population modeling across three datasets, also compared to Prescient trained with
growth rates from prior knowledge.
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Figure A.23: Application to mouse hematopoiesis. a.) Left: ground truth data colored by
time. Right: Visualization of the drift inferred by ARTEMIS trained on all timepoints. b.) Left:
Comparison of normalized ratios of relative cell population changes between ground truth and
ARTEMIS-predicted cell statuses as live. Right: Number of cells predicted as born, proliferated,
and died across the trajectory. Cell proliferation increases throughout the differentiation landscape
as the cell population increases in the ground truth data. The rate of cell proliferation and birth
is higher from t = 0 to t = 1 compared to that between t = 1 to t = 2, as the increase in cell
population from t = 1 to t = 2 is 2 times compared to that from t = 0 to t = 1, which was 3.2 times.
c.) The distribution of ground truth and predicted clonal fate bias for neutrophil and monocyte
lineages is computed as the number of neutrophils divided by the total number of monocytes and
neutrophils within each cell’s trajectory.
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Supplementary Tables

Table A.30: Wasserstein distance between the predicted and training timepoints for the pancreatic
dataset [152]. Numbers in bold indicate best performance.

Method t=0 t=1 t=2 t=4 t=5 t=7

ARTEMIS 9.11±0.00 9.82±0.02 10.39±0.01 10.18±0.02 10.05±0.02 10.27±0.02
uDSB 9.38±0.002 10.81±0.01 11.89±0.01 11.94±0.01 11.94±0.01 11.94±0.001
scNODE 9.5±0.001 10.08±0.001 10.54±0.00 10.35±0.001 10.21±0.001 10.29±0.001
MIOFlow 12.22±0.01 11.73±0.01 11.73±0.01 11.49±0.01 11.58±0.02 12.12±0.02
Prescient 10.38±0.03 10.73±0.02 11.22±0.01 11.29±0.01 11.38±0.01 12.48±0.02
Prescient (w.
growth rates)

10.38±0.03 10.75±0.03 11.30±0.02 11.55±0.03 11.80±0.03 13.49±0.05

Table A.31: Wasserstein distance between the predicted and training timepoints for the zebrafish
dataset [46]. Numbers in bold indicate best performance.

t=0 t=1 t=2 t=3 t=5

ARTEMIS 28.6±0.021 32.11±0.03 30.94±0.07 31.92±0.04 30.62±0.11
uDSB 29.27±0.009 34.08±0.05 37.18±0.2 42.5±0.22 44.87±0.18

scNODE 29.66±0.002 32.72±0.001 31.75±0.002 32.17±0.002 30.76±0.003
MIOFlow 46.42±0.02 43.75±0.02 35.33±0.02 34.68±0.01 33.90±0.02
Prescient 61.35±0.2 61.71±0.22 54.47±0.21 53.04±0.2 51.80±0.2

t=7 t=9 t=10 t=11

ARTEMIS 29.62±0.13 33.66±0.19 34.55±0.09 36.32±0.16
uDSB 42.88±0.07 44.96±0.06 45.82±0.08 46.91±0.08

scNODE 30.55±0.003 33.66±0.002 35.12±0.001 36.06±0.002
MIOFlow 33.11±0.04 37.22±0.04 39.55±0.04 41.79±0.05
Prescient 48.73±0.26 52.99±0.26 56.61±0.25 58.71±0.26

Table A.32: Wasserstein distance between the predicted and training timepoints for the EMT
dataset [31]. Numbers in bold indicate best performance.

t=0 t=1 t=3 t=4

ARTEMIS 42.25±0.01 42.29±0.03 47.29±0.03 50.38±0.03
uDSB 42.28±0.05 44.18±0.12 49.64±0.12 52.34±0.10

scNODE 42.75±0.002 42.70±0.003 49.7±0.01 52.45±0.02
MIOFlow 44.98±0.02 42.96±0.01 49.68±0.02 56.08±0.06
Prescient 45.31±0.03 44.33±0.05 47.99±0.03 51.60±0.01

Prescient (w. growth rates) 48.37±0.02 46.88±0.02 49.77±0.01 53.85±0.01
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Table A.33: Wasserstein distance between the predicted and held-out timepoints for mouse
hematopoiesis dataset. Numbers in bold indicate best performance.

Timepoints train held out
t=0 t=2 t=1

ARTEMIS 3.69±0.015 4.99±0.019 4.62±0.04
uDSB 3.86±0.02 5.7±0.04 6.25±0.05

scNODE 3.82±0.0001 4.94±0.0002 4.54±0.0005
MIOFlow 3.66±0.0002 5.46±0.011 4.87±0.009
Prescient 4.8±0.003 7.2±0.004 5.8±0.003
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A.3 iBrainMap: Supplement

Supplementary Notes

Supplementary Note 1: Graph Diffusion

We applied network diffusion to propagate well-known disease genes throughout
the Personalized Functional Genomics graphs (PFGs) through their edges (Figure
A.24). Here we use the concept of insulated heat diffusion[93], where disease genes
are treated as heat sources that retain some heat β (0 < β < 1) and equally
distribute the rest to their neighboring nodes. The amount of heat propagated by
disease genes, called diffused scores, represents the impact of these genes and is used
as edge weights for the PFGs. The network diffusion requires two inputs: PFGs and
prior knowledge (disease gene lists).

LetGi = (Vi, Ei) be the PFG for donor i, withNi = |Vi| nodes and Ei representing
the edges. Let Ai ∈ RNi×Ni be the adjacency matrix andDi ∈ RNi×Ni be its diagonal
matrix of the out-degree of nodes. The diffusion matrix Fi is calculated as:

Fi = β
(
I − (1− β)Ai D

−1
i

)−1
. (A.4)

Given a collection of disease genes dg, let Pi ∈ RNi×Ni be the diagonal encoding
prior knowledge for a donor i:

(Pi)[j, j] =

{
1, if gene j is in dg,

0, otherwise,
(A.5)

We combine the PFG and the prior knowledge to define the final edge weights
for Gi as

Mi = Fi Pi. (A.6)

We compute two versions of Mi : MAD,i, MSCZ,i using our identified gene lists
for AD and SCZ, respectively. We refer to MAD and MSCZ as bio-diffused PFGs,
which are used to train our graph neural network model. We can also compute
these matrices for other gene-of-interest (GOI) lists (MGOI). In this paper, we focus
on AD and SCZ gene lists. Additionally, we define a third PFG, Mdata−driven,i =
Ai ∈ RNi×Ni , which is the adjacency matrix of Gi and imbues no additional prior
information.

Supplementary Note 2: Knowledge-guided Graph Neural Network (KG-GNN)
Architecture

KG-GNN uses a self-attention mechanism to calculate attention scores between a
node and its neighbors (Figure A.25). These are normalized across the node’s neigh-
borhood using a softmax function and further used to update the node’s features.
This helps assign different weights to different neighbors, offering higher flexibility
and interpretability to the model. For a Personalized Functional Genomics graph
(PFG) Gi (Supplementary Note 1, Figure A.24), we define a set of node features
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hl = {hl
1, h

l
2, ..., h

l
Ni
}, where hl

t ∈ Rdi represents the feature vector for node t at layer
l, and di is the constant feature dimension. The node features hl represent the main
model output and are initialized as average gene expression of 2,766 highly variable
genes (HVGs) for cell type nodes and the coexpression of the HVGs with gene ex-
pression for the TF/TG nodes, as documented in the definition of PFGs section of
the main manuscript, then refined through model iterations. All node features and
KG-GNN computations are donor-specific (i), but for simplicity, we omit i in nota-
tion when discussing an individual donor where it is clear from context. However,
keep in mind that each donor has a distinct graph and feature set.

The unnormalized attention coefficient elt,s between any node t and its neighboring
node s is:

elt,s = LeakyReLU
(
al
(
W lhl

t ∥W lhl
s

))
, (A.7)

, where W l ∈ Rdl+1×di is a learnable weight matrix which acts as an ‘encoder’
to compare features between nodes, αl ∈ R2dl+1 is a learnable weight vector, and ||
denotes vector concatenation. We then compute the normalized attention coefficient
αl
t,s by normalizing elt,s across the node t’s neighborhood Ωt using a softmax function:

αl
t,s = softmax(elt,s) =

exp(elt,s)∑
n∈Ωt

exp(elt,n)
. (A.8)

, where
∑

s∈Ωt
αl
t,s = 1.

Before we update the node feature hl
t , we incorporate prior biological knowledge

through edges using our bio-diffused PFGs MAD, MSCZ to get bio-diffused attention
scores:

blD,t,s =
MD[t, s]α

l
t,s∑

n∈Ωt
MD[t, n]αl

t,n

. (A.9)

where D denotes AD, SCZ, or data-driven priors. Specifically, the bio-diffused
attention scores for each prior are:

blAD,t,s =
MAD[t, s]α

l
t,s∑

n∈Ωt
MAD[t, n]αl

t,n

,

blSCZ,t,s =
MSCZ [t, s]α

l
t,s∑

n∈Ωt
MAD[t, n]αl

t,n

,

bldata−driven,t,s =
Mdata−driven[t, s]α

l
t,s∑

n∈Ωt
Mdata−driven[t, n]αl

t,n

,

(A.10)

, where
∑

s∈Ωt
blD,t,s = 1.

Finally, the updated node feature for the node t is computed by aggregating
attention scores and passing it through a non-linearity σ (sigmoid) over its neighbors:

hl+1
t = σ

(∑
s∈Ωt

blD,t,sW
l hl

s

)
, (A.11)
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For multi-head attention, the above operations are replicated K times (each with
different parameters), and the output is aggregated by adding feature-wise:

hl+1
t = σ

( 1

K

K∑
k=1

∑
s∈Ωt

bl,kDk,t,s
W l,khl

s

)
, (A.12)

where Dk is the prior associated with head k. For our particular use case, we
divided the number of heads K into AD-driven (KAD), SCZ-driven (KSCZ), and
data-driven (Kdata−driven), K = KAD + KSCZ + Kdata−driven, and updated hl+1

t as
follows:

hl+1
t = σ(

1

K
(

K∑
k=1

AD

∑
s∈Ωt

bl,kAD,t,sW
l,khl

s

+
K∑
k=1

SCZ

∑
s∈Ωt

bl,kSCZ,t,sW
l,khl

s

+
K∑
k=1

data−driven
∑
s∈Ωt

bl,kdata−driven,t,sW
l,khl

s))

(A.13)

This process is repeated with unique hl, MD and shared W l,k, αl for all donors
in each epoch. Once trained, the model outputs latent graph embeddings zi ∈ RdL ,
where dL is the dimension of the final Lth layer, for each bio-diffused PFG Gi for
a donor i. This is computed by averaging all the node features in the Lth layer of
KG-GNN:

zi =
1

Ni

Ni∑
t=1

hL
t , (A.14)

The KG-GNN model optimizes the following binary cross-entropy loss across all
j donors:

L =
1

J

J∑
i=1

(
yi log(MLP(zi)) + (1− yi) log

(
1−MLP(zi)

))
, (A.15)

where we train a Multi-Layer Perceptron (MLP) to classify zi into AD vs. control
class.

Supplementary Note 3: Glossary of Terms

Our analysis includes multiple phenotype contrasts split into three levels: Disease
vs. control, Disease Progression, and Neuropsychiatric Symptoms. This section
provides their definitions.

Disease vs. control
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1. AD vs. control This contrast compares donors with AD and controls. Donors
with AD are defined as those who have CERAD scores of 2, 3, or 4, BRAAK
stage of 3 and above, and clinically proven dementia. The control group is
donors with a CERAD score of 1 and BRAAK stage within 0-3.

2. SCZ vs. control SCZ is any donor with SCZ diagnosis (SCZ — Schizoaffec-
tive bipolar — Schizoaffective depressive) and without a secondary diagnosis,
except for metabolic and eating disorders.

3. AD-DLBD vs. control DLBD is any donor with a DLBD diagnosis (DLBD),
and a secondary diagnosis can be only AD.

4. Pathology-cognition (AD-resilient vs. AD-strict vs. control) This contrast
integrates pathological and cognitive information to group donors based on
CERAD score, BRAAK score, and Cognitive Resilience score. The “Cogni-
tive Resilience” score is just a simple residual with Clinical Dementia Rating
(CDR) sum of boxes as the outcome regressed on Age, Sex, PMI, CERAD,
and BRAAK AD. CDR sum of boxes (CDR SumBoxes) is the Clinical Demen-
tia Rating Sum of Boxes and is defined as the sum of CDR domain values
(memory, orientation, judgement, community, home and hobbies, and personal
care)[115]. AD resilience has three groups:

• AD-strict includes donors with CERAD = Definite AD, BRAAK stages ¿
3, and clinically proven dementia.

• Control group includes donors with CERAD = normal and BRAAK stage
within 0-3

• AD-resilient includes donors with the following conditions: a. CERAD =
possible AD and CDR SumBoxes MUST BE 0. b. CERAD = probable
AD and CDR SumBoxes MUST BE ¡=2 c. CERAD = definite AD and
CDR SumBoxes MUST BE ¡=3.

For further details, please refer to https://www.synapse.org/Synapse:syn26720956.

Disease Progression

1. BRAAK This contrast compares AD progression via BRAAK stages that mea-
sure neurofibrillary tangles, irrespective of donors’ clinical diagnosis.

2. Cognitive Dementia Rating Score This contrast compares the clinical dementia
rating score (CDR score) where (0, 0.5, 1) = control, (2, 3) = Mild Cognitive
Impairment (MCI), and (4, 5) = Dementia. For SEA-AD[52], we renamed their
Cognitive status phenotype as follows: No Dementia = control, Dementia =
Dementia.

3. CERAD This contrast compares AD progression via qualitative variables from
neuropathological scoring, where 1 = no AD, 2 = possible AD, 3 = probable
AD, and 4 = definite AD. For SEA-AD, we renamed their CERAD phenotypes

https://www.synapse.org/Synapse:syn26720956
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as follows: absent = no AD, sparse = possible AD, moderate = probable AD,
Frequent = definite AD.

Neuropsychiatric Symptoms

1. Depression/Dysphoria vs. Control This contrast corresponds to depression and
mood dysphoria. A donor is considered to be ‘Case’ if only mood dysphoria
appears to be true and ‘control’ if mood dysphoria is not true and all other
NPS corresponding to depression and mood are either NA or not true.

2. DecInt vs. control This contrast corresponds to depression and anhedonia.
A donor is considered to be ‘Case’ if only anhedonia appears to be true and
‘control’ if anhedonia is not true and all other NPS corresponding to depression
and mood are either NA or not true.

3. Sleep/WeightGain/Guilt/Suicide vs. control This contrast corresponds to sleep
issues (early-, mid-, and late-insomnia, and hypersomnia), weight gain, guilt,
and suicidal thoughts within AD lenient donors. A donor is considered to be
‘Case’ if at least one of the above symptoms appears to be true and ‘control’ if
none of the symptoms are true.

4. Depression/Mood vs. control This contrast corresponds to depression and
mood disorders. A donor is considered to be ‘Case’ if at least one of the above
symptoms appears to be true and ‘control’ if none of the symptoms are true.

Supplementary Note 4: Training, Testing, and Validation

Graph Subsampling: We use the graph sampling technique, Neighbor Sampling[64],
to sub-sample PFGs for training the KG-GNN model. In particular, we used
the Neighborloader function from PyTorch Geometric[47] and set the parameter
num neighbors to 10 neighbors to be sampled for each node for 100 iterations. This
ensures connectivity of the subgraphs and information flow throughout the network.
We set the batch size (used for mini-batching) based on a hyperparameter to specify
the number of subgraphs:

batch =
numberofPFGs

numberofsubgraphs
(A.16)

We trained and tested our KG-GNN model on donors from the MSSM cohort
for binary classification of AD vs. control. Here, we stratified split donors into 80%
training and 20% held-out sets. We performed a 5-fold cross-validation (CV) to
find the optimal hyperparameters and evaluated our model’s performance on the
held-out set. We also tested our pre-trained model on an independent dataset from
the RADC cohort.

Cross-Validation: We adopted a modified cross-validation (CV) and testing
scheme based on the MD-AD model5. The dataset was first divided into five equal
parts. In each of five rounds, one part was held out as a test set, while the remaining
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four parts were used for model tuning and training. Within each training set (4/5
of the data), we performed a five-fold CV to select the best hyperparameters based
on prediction performance. The final model, trained on the entire training set using
these selected hyperparameters, was then evaluated on the held-out test set. This
process was repeated so that each part of the data served once as the test set.

Hyperparameter Tuning: We tuned our model over a range of hyperpa-
rameters: optimizer [Adam, SGD, Adagrad], learning rate ∈ [1e − 4, 5e − 4, 1e −
3, 5e − 3], weight decay ∈ [0, 5e − 3, 5e − 4], dropout [0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8],
batch size [5, 10, 15], diffusion parameter ∈ [0.1, 0.3, 0.5, 0.7, 0.9], number of sub-
graphs ∈ [2, 3, 5, 10] and number of attention heads ∈ [2, 4, 6, 8], number of GAT
layers in KG-GNN model ∈ [1, 2, 3], GAT input layer dimension ∈ [2048, 1024], hid-
den GAT layer dimensions ∈ [2048, 1024, 512, 256, 128, 64], MLP hidden dimensions
∈ [128, 64]. We show our model’s performance under various hyperparameters in
Figure A.27.

Performance metrics: We evaluated our model’s performance using metrics
such as balanced accuracy (BACC) and the area under the receiver operating char-
acteristic curve (AUROC) to address the imbalanced nature of our training data.
The following terms are used to compute BACC and AUROC:

BACC =
sensitivity + specificity

2
(A.17)

sensitivity = TPR =
TP

TP + FN
(A.18)

specificity =
TN

FP + TN
(A.19)

FPR =
FP

FP + TN
, (A.20)

where TP is true positive, TN is true negative, FP is false positive, FN is false
negative, TPR is true positive rate, and FPR is false positive rate.

Our final model was picked based on the best average performance on the held-
out test set based on the BACC and AUROC metrics for the AD classification task.
Table A.34 reports the final model layers, hyperparameters, and training details.

Supplementary Note 5: Benchmarking machine learning and state-of-the-art
algorithms for AD versus Control classification

We compared our knowledge-guided graph neural network (KG-GNN) model with
other state-of-the-art graph learning algorithms like graph attention network (GAT)
and graph convolutional networks (GCN) with the personalized functional genomics
graphs (PFGs) as inputs for the AD vs. control classification task (Figure A.27c).
GAT and GCN achieved BACC = 0.70 and AUC = 0.85, and BACC = 0.84 and
AUC = 0.88, respectively. Additionally, we also benchmarked other machine learn-
ing algorithms like Support Vector Machine (SVM), Logistic Regression (LR), and
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Multi-Layer Perceptron (MLP) to classify average cell type gene expression for each
donor into AD vs. control groups (Figure A.28a). We ran these models using default
settings from the Python package scikit-learn[45]. We also benchmarked KG-GNN
with two state-of-the-art graph embedding methods: scGNN[157] and SIMBA[25].
We extracted cell-level embeddings for both methods and averaged them across
donors to generate donor-level embeddings for AD vs. control classification. On
held-out samples, scGNN achieved BACC = 0.57 and an AUC = 0.63, while SIMBA
achieved BACC = 0.650 and AUC = 0.645. In comparison, iBrainMap graph em-
beddings achieved higher performance (BACC = 0.87, AUC = 0.91). Overall, the
performance of these state-of-the-art models on held-out and independent datasets
was lower than iBrainMap (Figure A.28b

Supplementary Note 6: KG-GNN Ablation Studies

To identify key contributors to KG-GNN’s performance, we varied i) the number
of genes used in constructing personalized functional genomics graphs, ii) diffu-
sion strategies, and iii) biological networks, and tested performance on held-out
and independent datasets. We found that increasing the number of genes improves
performance up to a certain threshold (up to 10% TF, 10% TG), after which it
declines (Figure A.29a). For diffusion strategies, random diffusion resulted in the
lowest performance (Held-out: BACC = 0.813, AUC = 0.864; Independent: BACC
= 0.588, AUC = 0.572), no diffusion performed better (Held-out: BACC = 0.85,
AUC = 0.925; Independent: BACC = 0.537, AUC = 0.623), and our diffusion
strategy achieved the highest performance (Held Out: BACC =0.87, AUC = 0.91;
Independent: BACC =0.66, AUC = 0.808; Figure A.29b). We also evaluated alter-
nate biological networks by constructing donor-specific co-expression networks using
Dozer[104] (Figure A.29c). We used two types of node features: node2vec[57] and
cell type gene expression, alongside two graph learning architectures: graph convo-
lutional networks (GCN) and graph attention networks (GAT) for AD vs. control
classification. Among these, the co-expression network model with cell type gene
expression features and GAT architecture achieved the best performance (Held-out:
BACC = 0.75, AUC=0.84; Independent: BACC = 0.363, AUC=0.33), which was
lower than our KG-GNN performance (Figure A.29c).

Supplementary Note 7: Classifying graph embeddings across AD phenotypes

Classification for AD, SCZ, and related NPS We classified the graph em-
beddings into different AD phenotypes using machine learning algorithms like Sup-
port Vector Machines (SVM), Logistic Regression (LR), and Multi-layer Perceptron
(MLP) using the Python package Scikit-learn[45]. To do this, we performed 5-fold
cross-validation where the dataset was stratified split into training and held-out for
each fold using a 4:1 ratio. We evaluated the performance using metrics like AU-
ROC and BACC and picked the best model based on average AUROC across five
folds. The results are shown in Figure 4.3b across several phenotypes for binary and
multi-class classification tasks for donors from the MSSM cohort (Figure 4.2c): (1)
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Binary classification: includes phenotypes SCZ, Dysphoria, DecInt, S/WG/G/S,
D/M; (2) Multi-class classification: includes phenotypes AD-Resilience, BRAAK
(early vs. mid vs. late stages), CERAD (No AD vs. Possible AD vs. Probable AD
vs. Definite AD), Cogdx (Dementia vs. MCI vs. controls).

Classification for AD-Resilience & AD-DLBD Classifying graph embed-
dings from the AD resilience contrast is a three-class classification task with imbal-
anced samples across control, AD Resilience, and AD Strict. To assess the impact
of class imbalance on performance, we reported key performance metrics, includ-
ing AUC, balanced accuracy (BACC), and F1-score (Figure A.30a). We also at-
tempted to classify AD-DLBD into two classes, AD and AD with DLBD. However,
the model’s performance was not very high (Figure A.30b), likely due to high class
imbalance and the inherent complexity of comorbid conditions like DLBD with AD.

Supplementary Note 8: Node importance score computation

We use edge importance scores to derive node importance scores. For a node vi, let
Nin be the indegree of the node Nout and be the outdegree. We first calculate the
indegree and outdegree importance scores of the node using the following formula:

Iin = ln
(
1 +

∑
j

Nin bk,j,i

)
, (A.21)

Iout = ln
(
1 +

∑
j

Nout bk,i,j

)
, (A.22)

(A.23)

where bk,j,i and kk, i, j are incoming and outgoing importance scores of an edge
between nodes vi and vj, respectively, and k can be AD-driven, SCZ-driven, or data-
driven attention heads. Then the importance score of a node is computed using the
formula:

importance scoret = λ I int + (1− λ) Ioutt , (A.24)

where λ ∈ [0, 1] is a parameter to balance the indegree and outdegree importance
scores. We empirically set λ = 0.3 based on the weighted average of the average
indegree and outdegree of all nodes to give equal importance to both incoming and
outgoing importance scores.

Supplementary Note 9: Cross-modal imputation and classification of graph
embeddings

We developed a pipeline that imputes graph embeddings from genotype data and
then uses the imputed embeddings for downstream classification tasks. Specifi-
cally, we trained an imputation model using genotype data to impute graph em-
beddings generated by a pre-trained KG-GNN model in the MSSM cohort. For the
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imputation step, we evaluated four methods: CMOT[4], JAMIE[29], MOFA+[9],
and autoencoder[10]. Once the imputed graph embeddings were obtained, we used
them to classify disease labels using three different classifiers: random forest (RF),
multi-layer perceptron (MLP), and support vector machines (SVM). We applied this
pipeline to two classification tasks: ROSMAP [38] – classifying early (n = 88) versus
late BRAAK stages (n = 113). ADNI [119] – predicting Alzheimer’s disease (n =
61) versus control (n = 132) status. The results are summarized in the Table A.35.
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Supplementary Figures
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Figure A.24: Flowchart for constructing bio-diffused PFGs. Bio-diffused PFGs are con-
structed from two inputs: snRNA-seq of donors and biological genes-of-interest (GOI). First, per-
sonalized functional genomics graphs are built for each donor from their snRNA-seq using tools like
CellChat and Scenic (Supplementary Note 1). Each PFG has three node types: cell types, tran-
scription factors (TFs), and target genes (TGs), connected by directed edges. Each edge captures
distinct regulatory relations, e.g., cell type interactions and TF→TG regulation. We then compute
bio-diffused PFGs using insulated heat diffusion for each donor via their adjacency and diagonal
matrices. In particular, the resulting bio-diffused PFGs MAD,i, MSCZ,i, and MGOI,i correspond
to gene sets from known AD, SCZ, and other GOI for donor i. Mdata-driven is simply a matrix of
ones.
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Figure A.25: Architecture of knowledge-guided graph neural network (KG-GNN). Given
a PFG Gi, the inputs to the KG-GNN model include its bio-diffused PFGs (MAD,i, MSCZ,i, . . . ,
Mdata-driven,i) and node features h. The KG-GNN uses self-attention to compute scores between
a node t and its neighbors sj , incorporates priors b

AD
t,sj , b

SCZ
t,sj , . . . , b

data-driven
t,sj from the bio-diffused

PFGs, normalizes them over N (t), and applies a softmax-weighted sum of neighbor features to
update t (Supplementary Note 2).

Figure A.26: Benchmarking KG-GNN for AD vs. control classification. ROC curves and
BACC comparing (a) different KG-GNN attention-head combinations (AD, SCZ, Data-Driven),
(b) diffusion parameter β, and (c) KG-GNN vs. state-of-the-art graph models: GCN, GAT (Sup-
plementary Note 4).
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Figure A.27: Graph embedding classification across datasets and phenotypes. (a) BACC
for KG-GNN embeddings: MSSM held-out (AD n = 62 vs. control n = 30) and RADC+SEA-AD
(AD n = 93 vs. control n = 68) (Extended Fig. 1c). (b) Five-fold CV BACC across phenotype con-
trasts (Extended Fig. 1c): DecInt = Anhedonia, S/WG/G/S = Sleep/Weight Gain/Guilt/Suicide,
D/M = Depression/Mood.

Figure A.28: Benchmarking donor-level AD vs. control classifiers. (a) MLP, SVM, LR
on average cell-type expression: AUC and BACC (mean AUC = 0.84, range 0.96 [Astro] to 0.71
[Immune]). (b) State-of-the-art comparisons: scGNN [7], SIMBA [8].
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Figure A.29: Component-wise KG-GNN evaluation for AD classification. (a) Gene subset:
top 10% TFs and top 10% TGs per TF. (b) Diffusion effect: knowledge-guided vs. random vs.
none. (c) Network features: Dozer [9] co-expression, node2vec vs. expression, and GAT vs. GCN
classifiers.

Figure A.30: Classification of AD-related phenotypes. (a) AD-Resilience: AUC = 0.87,
BACC = 0.68, F1 = 0.76. (b) AD-DLBD: AUC = 0.56, BACC = 0.53, F1 = 0.26.
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Figure A.31: Clustering donor embeddings across AD phenotypes. (a) Heatmaps of phe-
notype enrichment for cluster counts 3–7 (BRAAK, CERAD, CDR) via hypergeometric p-values.
(b) Davies–Bouldin vs. Silhouette scores for 3–7 clusters: compactness vs. separation metrics.

Figure A.32: NPS distribution across donors. Density plots of neuropsychiatric symptoms:
(a) Depression: Mood (p < 1.85× 10−2), (b) Depression (current 2 weeks) (p < 2.70× 10−2), (c)
DecInt: Anhedonia (p < 1.84× 10−2), (d) Psychomotor agitation (p < 2.01× 10−2).
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Figure A.33: TF-TG link importance across priors. Importance scores for TF→TG edges
in AD vs. control donors under AD, SCZ, and data-driven priors. Significance: * =p < 0.05, **
=p < 0.01, *** =p < 0.001.
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Figure A.34: Prioritized subnetworks in main cell clusters. For the three cell-type clusters
from Fig. 4e: ellipses are genes; known AD genes have orange borders; other gene names hidden
for clarity.
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Figure A.35: Independent validation of graph-embedding imputation. (a) Cross-modal
imputation methods: CMOT[4], JAMIE[29], MOFA+[9], Autoencoder[10]. (b) ROC for imputed
embeddings: ROSMAP BRAAK early (n = 88) vs. late (n = 113), ADNI AD (n = 61) vs. control
(n = 132). (c) UMAP of ROSMAP embeddings with unsupervised clustering. (d) Heatmaps of
cluster phenotype enrichments (CERAD, Cogdx, Dcfdx) via hypergeometric test.
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Figure A.36: Cell-type importance scores for AD and SCZ donors. Circles = importance
scores; triangles = cell fractions per cell type.
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Figure A.37: Cell counts per cell type across all donors. The x-axis indicates the cell types,
and the y-axis is the cell counts in the log scale for each cell type.



118

Figure A.38: Correlation comparison of gene importance score and gene expression of
some select genes.
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Supplementary Tables

Table A.34: KG-GNN final hyperparameters, training, and model details

Hyperparameters
Learning rate 1× 10−4

Batch size 5
Diffusion parameter (β) 0.3
Dropout 0.6
Number of subgraphs 3
Number of attention heads 8
Training
Epochs 23
Memory (MB) per epoch 36,406
Total runtime (s) 1,096.56
Model Architecture
GATConv → BatchNorm → LayerNorm 4 layers (2048, 1024, 512, 256)
Linear → ReLU → Dropout 2 layers (128, 64)
Linear → softmax 1 layer

Table A.35: Imputation performance of graph embedding using genotype data

Method AD vs. control (ADNI) Early vs. Late BRAAK stage (ROSMAP)
BACC AUC BACC AUC

CMOT 0.58 0.57 0.56 0.57
JAMIE 0.53 0.55 0.50 0.54
MOFA+ 0.49 0.55 0.48 0.54
AutoEncoder 0.54 0.57 0.54 0.53
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Table A.36: Correlation comparison of gene importance score vs. gene expression for
different phenotypes.

Phenotype Clinical phenotype mean corr importance scoremean corr gene expressionT-test p-value
AD c15x Age 0.0978 0.0644 2.01× 10−7

AD c15x CDR 0.1144 0.0819 6.29× 10−8

AD c15x Cog Tau Resilience 0.1274 0.0550 1.85× 10−30

AD c15x PLAQUE 0.0773 0.0590 0.0165
AD c15x prs AD2 0.1237 0.0656 7.78× 10−12

AD resiliency Age 0.2008 0.0615 1.22× 10−7

AD resiliency CDR 0.1657 0.0923 1.25× 10−21

AD resiliency Cog Tau Resilience 0.1811 0.0893 7.53× 10−21

AD resiliency PLAQUE 0.1547 0.2037 0.0311
AD resiliency prs AD2 0.2095 0.1103 6.58× 10−31

EarlyInsom Age 0.2071 0.1187 3.00× 10−12

EarlyInsom CDR 0.1960 0.1044 6.57× 10−14

EarlyInsom Cog Tau Resilience 0.2173 0.1473 1.57× 10−5

EarlyInsom PLAQUE 0.2085 0.1360 1.29× 10−7

EarlyInsom prs AD2 0.2831 0.1364 1.79× 10−20

LateInsom Age 0.2107 0.1123 7.95× 10−8

LateInsom CDR 0.1735 0.1111 3.09× 10−5

LateInsom Cog Tau Resilience 0.2229 0.0988 5.76× 10−10

LateInsom PLAQUE 0.2145 0.1093 3.03× 10−9

LateInsom prs AD2 0.3454 0.1688 3.03× 10−10

MSSM SWGSAge 0.1490 0.0924 3.78× 10−13

MSSM SWGSCDR 0.1521 0.0998 1.26× 10−12

MSSM SWGSCog Tau Resilience 0.1678 0.0856 9.56× 10−25

MSSM SWGSPLAQUE 0.1579 0.0936 1.91× 10−18

MSSM SWGSprs AD2 0.2139 0.0999 4.43× 10−31

MidInsom Age 0.2440 0.1370 3.95× 10−7

MidInsom CDR 0.2275 0.0963 7.95× 10−12

MidInsom Cog Tau Resilience 0.2487 0.1254 5.23× 10−8

MidInsom PLAQUE 0.2248 0.1127 2.30× 10−8

MidInsom prs AD2 0.2955 0.1375 7.19× 10−15

SCZ c07x Age 0.1221 0.0802 3.60× 10−8

SCZ c07x CDR 0.1266 0.0865 1.18× 10−14

SCZ c07x Cog Tau Resilience 0.1342 0.0586 3.34× 10−48

SCZ c07x PLAQUE 0.1020 0.0892 0.1738
SCZ c07x prs AD2 0.1443 0.0740 1.02× 10−19
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Natalie Matosin, Darina Czamara, Susann Sauer, Simone Roeh, Vanessa Murek,
et al. Single-nucleus transcriptomic profiling of human orbitofrontal cortex re-
veals convergent effects of aging and psychiatric disease. Nature Neuroscience,
27(10):2021–2032, 2024.

[50] Lukas Frontzkowski, Michael Ewers, Matthias Brendel, Davina Biel, Rik Ossenkop-
pele, Paul Hager, Anna Steward, Anna Dewenter, Sebastian Römer, Anna Rubinski,
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[121] Janet Piñero, Àlex Bravo, Núria Queralt-Rosinach, Alba Gutiérrez-Sacristán, Jordi
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