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Abstract

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder driven by complex,
multifactorial processes involving genetic, epigenetic, transcriptomic, and metabolic dysregulation.
Understanding the molecular mechanisms underlying AD requires approaches that can capture the
dynamic interactions across these biological layers. The disease is not the result of a single
molecular event but emerges from disruptions in coordinated biological networks, making it
difficult to identify clear causal pathways or biomarkers. Multi-omics technologies provide a
means to interrogate these layers simultaneously, offering a comprehensive view of disease
biology by linking genetic variation to downstream molecular and cellular phenotypes. However,
the integration and interpretation of multi-omics data pose significant analytical challenges due to
high dimensionality, heterogeneity, sparsity, and biological noise. Machine learning (ML) offers
powerful tools to address these challenges by modeling non-linear relationships, uncovering
hidden patterns, learning from high-dimensional data, and enabling accurate and interpretable
phenotype prediction. This dissertation develops and applies novel ML-based frameworks for
integrative multi-omics analysis in the context of AD. First, the roles of cooperative transcription
factor (TF) pairs in regulating target genes within the gene regulatory networks (GRNs) of
oligodendrocytes were characterized, utilizing multi-omics data and deep learning approaches.
Second, COSIME: Cooperative Multi-view Integration and Scalable and Interpretable Model
Explainer was developed with applications to Alzheimer's Disease (AD). Third, multi-omics
integration of transcriptomics and metabolomics with machine learning was used to uncover novel
risk factors for AD. By combining computational innovation with biological insight, this work
advances systems-level understanding of AD and contributes new tools for precision medicine and

biomarker discovery.
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Introduction

Understanding Complex Biological Systems

Biological systems are inherently complex, involving intricate networks of molecular interactions
that govern cellular functions and organismal behavior!. These systems operate across multiple
scales, from individual molecules to entire organs, with a web of interconnected biological
processes that ensure proper function. At the core of biological complexity lies the interplay
between genes, proteins, metabolites, and other cellular components, each playing a vital role in

regulating cellular states and responses to environmental signals?.

To fully understand how biological systems function, we must consider not only individual
components but also their dynamic interactions. This complexity is evident in numerous
physiological processes, including development, immune responses, and disease mechanisms®=>.
For example, the expression of genes in a specific cell type is not driven by isolated factors but is
instead shaped by a coordinated network of regulatory mechanisms, such as transcription factors,
epigenetic modifications, and chromatin remodeling®. Moreover, cellular responses are often
governed by the integration of external stimuli and the internal state of cell, creating a continuously

adaptive environment’.

As the understanding of these systems deepens, it becomes clear that studying biological
processes in isolation does not provide a comprehensive understanding of their roles in health and
disease. Traditional, reductionist approaches have focused on individual molecules or pathways,
but the complexity of biological systems demands a more holistic perspective!. This has led to the
rise of multi-omics approaches, which enable the simultaneous study of several layers of biological

information from genomics, transcriptomics, metabolomics, and epigenomics®!2. By integrating



data from these different sources, multi-omics can provide a more complete picture of the

biological processes at play and how they contribute to various states, including diseases.

In the context of complex diseases, such as Alzheimer’s disease, understanding these
systems becomes even more critical. Diseases often involve disruptions at multiple levels, from
genetic mutations to changes in gene expression, protein function, and cellular metabolism!*!4. To
understand these multifaceted processes and their contribution to disease progression, we must
adopt a systems biology approach — one that integrates information across these diverse molecular

layers.

Alzheimer's Disease

Alzheimer’s disease (AD) is a prime example of a complex, multifactorial disorder, characterized
by the progressive degeneration of cognitive functions, memory loss, and behavioral changes!®!4-
16, Tts pathophysiology is influenced by genetic, epigenetic, and metabolic factors, which
collectively contribute to the onset and progression of the disease!”!8. At the molecular level, AD
is marked by the accumulation of abnormal protein aggregates, such as amyloid-beta plaques and
tau tangles, which disrupt normal cellular function'~2°, However, these hallmark features alone

do not fully explain the disease's complexity, and additional molecular factors, including changes

in gene expression and metabolism, play a critical role in disease progression.

The genetic component of AD is crucial, with several risk genes, such as APOE,
contributing to susceptibility?¢-2%. Yet, genetic risk alone does not account for the entire disease
process, suggesting the involvement of intricate molecular networks. Beyond genetic mutations,

disruptions in cellular processes, such as synaptic plasticity, neurotransmission, mitochondrial
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function, and inflammation also play significant roles in disease progression®*°. These changes
occur across multiple levels, from molecular signaling to tissue and organ dysfunction, making

AD a disease that transcends simple genetic or biochemical explanation.

Furthermore, the role of the brain's immune system in AD, particularly the activation of
microglia and astrocytes, has become increasingly evident***¢#!, Chronic neuroinflammation, a
key feature of AD, not only exacerbates neuronal damage but also alters the trajectory of disease
progression®>#2, Additionally, alterations in metabolism, including impaired glucose metabolism
in the brain, have been linked to cognitive decline, further highlighting the multifaceted nature of

AD* 44

To better understand AD and develop effective treatments, it is essential to adopt a holistic
approach that focuses on the complex interplay between genomics, transcriptomics, metabolomics,
and epigenomics. By integrating these molecular layers, we can uncover new insights into the
mechanisms underlying the disease and identify potential therapeutic targets. This complexity
highlights the need for advanced methodologies capable of analyzing vast amounts of omics data

to provide a more comprehensive understanding of AD.

Multi-Omics Approaches in Biological Research

The study of biological systems has historically relied on single-omics approaches, such as
genomics or transcriptomics, to examine isolated aspects of cellular function*>#6, However, these
approaches only offer a limited understanding of complex biological processes, as they capture
only one layer of information in a multi-faceted network of biological interactions. To gain a more
comprehensive understanding, multi-omics approaches have emerged as powerful tools to

integrate and analyze data across several biological domains simultaneously. By incorporating
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diverse types of omics data, such as genomics, transcriptomics, metabolomics, and epigenomics,
we can explore the interconnectedness of genetic, molecular, and biochemical features within cells

and tissues!' 474,

Each omic layer provides valuable insight into different biological
processes: genomics reveals the genetic blueprint™, transcriptomics identifies gene expression
patterns®!, epigenomics explores chromatin accessibility and regulatory element activity>?,
and metabolomics measures the small molecules involved in metabolic pathways®. When
integrated, these datasets offer a more complete and dynamic picture of cellular states, biological

functions, and disease mechanisms®'2.

The power of multi-omics lies in its ability to link molecular features across different levels,
providing insight into how genetic variants lead to altered gene expression, how this affects protein
function, and how changes in protein activity ultimately influence cellular processes and disease
outcomes® 2. By integrating multi-omics data, we can identify the connections between these
molecular factors, gaining a deeper understanding of the mechanisms driving disease pathology

and potential therapeutic targets.

However, integrating these diverse omics data presents its own set of challenges. The data
from different omics layers can vary in their type, format, and dimensionality, making it difficult
to combine them into a cohesive analysis. Additionally, the relationships between these different
biological features are often complex and non-linear, requiring advanced computational tools to
identify meaningful patterns and interactions. As a result, the need for novel computational

frameworks and analytical tools that can handle multi-omics data has become increasingly evident.
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Machine Learning for Multi-Omics Data Integration

Integrating multi-omics data presents significant challenges due to the varying types, formats, and
dimensionalities of data across different omics layers®’. These differences make it difficult to
combine them into a unified analysis. Additionally, the complex, non-linear relationships between
biological features necessitate advanced computational tools to identify meaningful patterns and
interactions. Machine learning (ML) techniques, including deep learning, offer powerful solutions
for overcoming these obstacles’®>>. By leveraging these tools, we can integrate genomics,
transcriptomics, metabolomics, and epigenomics data, providing a unified framework for
analyzing complex biological systems. This integration enables the subsequent exploration of
feature interactions, helping to uncover deeper insights into disease mechanisms and biological

Pprocesses.

Through ML, we can develop predictive models that reveal hidden patterns and
relationships in multi-omics data, identifying how various molecular features (such as genes,
proteins, and metabolites) contribute to biological outcomes. By training models on large, multi-
dimensional datasets, ML algorithms can identify complex associations that might be difficult to
detect using traditional statistical methods>®. For instance, deep neural networks can learn non-
linear relationships and intricate interactions between genomic, transcriptomic, metabolomic, and

epigenomic features, providing a holistic understanding of cellular processes’”.

In the context of epidemiological and bioinformatics research, ML models are particularly

valuable for predicting disease outcomes and identifying biomarkers®->°

. For example, in
Alzheimer’s disease, ML approaches can integrate genomic, transcriptomics metabolomic, and

epigenomic data to predict disease progression or identify potential therapeutic targets®®!. By
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integrating multi-omics data, these models can identify complex biological signatures that are
associated with disease phenotypes, offering more accurate predictions than single-omics

approaches.

Additionally, ML can help identify important feature interactions within multi-omics
data.®?%* These interactions, whether synergistic or antagonistic, are often crucial in understanding
the underlying mechanisms of diseases. For example, certain gene mutations might have more
significant effects when coupled with specific changes in protein expression or metabolite levels.
Moreover, ML can assess the importance of individual features, highlighting those that have the
greatest impact on disease outcomes®®, Through techniques like feature importance ranking and
interaction modeling, ML can uncover these critical relationships, providing a deeper

understanding of disease mechanisms.

Despite the potential of integrating multi-omics data with machine learning, several
challenges remain. The first challenge is the integration of multi-omics data itself. Different omics
layers vary significantly in their structure, scale, and dimensionality. These differences make it
difficult to combine the data into a cohesive model that can be easily interpreted by machine
learning algorithms. Existing methods, like Cooperative Learning®, DIABLO: an integrative
approach for identifying key molecular drivers from multi-omics assays®’, and MOFA+: a
statistical framework for comprehensive integration of multi-modal single-cell data®, have been
used to address this issue by representing each omic layer in a unified form. However, these
techniques often struggle to fully capture complex, non-linear relationships across different data
types, limiting their ability to model the intricate interactions that drive disease mechanisms. The

second challenge is model interpretability. While machine learning models can make accurate
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predictions, understanding the biological relationships driving those predictions is essential,
particularly when working with complex, high-dimensional multi-omics data. This understanding
is crucial for ensuring that the model’s outcomes are not only accurate but also biologically
meaningful. Existing interpretability methods, such as SHAP (Shapley Additive Explanations)®
and LIME (Local Interpretable Model-Agnostic Explanations)’®, provide ways to explain how
individual features contribute to model predictions. These techniques quantify the contribution of
each feature, helping to uncover how specific genetic, epigenetic, or metabolic factors influence
disease outcomes. However, these methods have limitations— SHAP is computationally
expensive when dealing with large datasets and cannot be applied to complex machine learning
models. Meanwhile, LIME lacks the capability to compute feature interactions, which are essential
for understanding the relationships between variables in multi-omics data. Despite these
challenges, both methods remain crucial in enhancing the biological relevance of the findings by

providing insights into the underlying mechanisms driving predictions.

The application of ML to multi-omics data integration offers substantial promise for
advancing our understanding of complex biological systems and predicting disease outcomes.
However, the existing methods for integrating and interpreting multi-omics data face significant
limitations, particularly in handling the heterogeneity of data and ensuring model interpretability.
To fully harness the power of ML in biological research and clinical applications, it is essential to
develop new methods that address these challenges, allowing for more accurate and biologically

meaningful insights.

Gene Regulation and Transcription Factors in Oligodendrocytes
Oligodendrocytes are specialized glial cells within the central nervous system (CNS) responsible

for the formation and maintenance of the myelin sheath, which insulates neuronal axons and
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facilitates rapid electrical signaling’!~"3. This myelination process is essential for normal neural
function, and defects in oligodendrocyte development or function can lead to a variety of
neurological disorders, including AD7>74, Understanding the intricate gene regulatory networks
that govern oligodendrocyte differentiation, maturation, and function is crucial for developing

targeted therapies for these conditions.

Transcription factors (TFs) are proteins that bind to specific DNA sequences to regulate
the expression of target genes (TGs)’>. In oligodendrocytes, a precise balance of TF activity is
required for proper gene expression during the differentiation of oligodendrocyte precursor cells
(OPCs) into mature oligodendrocytes’®’”. Several TFs have been identified as critical players in
this process, including SOX10 and OLIG2, among others’®**, These transcription factors not only
direct the expression of genes involved in oligodendrocyte differentiation but also can coordinate

the expression of genes essential for myelination and maintaining oligodendrocyte function.

However, the role of transcription factors in gene regulation is not simply a matter of
individual proteins acting in isolation. Increasing evidence suggests that TFs do not act alone but
cooperate in complex TF-TF interactions within the regulatory regions of TGs®#. This
cooperation can involve direct protein-protein interactions or indirect effects through the
modulation of chromatin structure and accessibility. For instance, SOX10 and OLIG2 are known
to work together to regulate a set of genes critical for oligodendrocyte differentiation and
myelination”®81:87 These cooperative interactions are critical for ensuring the temporal and spatial

regulation of gene expression that supports the development and function of oligodendrocytes.

Understanding how TFs cooperate in oligodendrocytes to regulate gene expression is of

great interest because disruptions in these regulatory networks can have profound effects on
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oligodendrocyte function and CNS health®%°, Dysregulation of TF interactions can lead to
defective myelination, contributing to various neurodegenerative diseases, including AD.
Moreover, recent studies suggest that the identification of cooperative TF pairs could provide
valuable insights into the regulatory mechanisms underlying these diseases and might even offer

new therapeutic targets®>!1-2,

To fully unravel these complex TF interactions, it is necessary to adopt advanced
computational approaches that can integrate different types of genomic data, such as Assay for
Transposase-Accessible Chromatin using sequencing (ATAC-seq) and RNA sequencing (RNA-
seq), to identify TF pairs that cooperate to regulate oligodendrocyte-specific genes®**. These
methods hold the potential to uncover new mechanisms of oligodendrocyte function and pathology,
providing a deeper understanding of how transcriptional regulation contributes to CNS health and

disease.

Challenges in Integrating Multi-Omics Data for Disease Prediction

Integrating multi-omics data is crucial for enhancing disease phenotype prediction, as it provides
a comprehensive view of the molecular underpinnings of diseases. However, this integration is
complex due to the variability in data types, formats, and scales. Genomic data provide static DNA
sequences, transcriptomic data capture dynamic gene expression changes, and metabolomic data
offers insights into protein abundance and metabolic activities. Standardizing these diverse data

types is essential for effective integration.

Moreover, multi-omics datasets are often incomplete and noisy, due to technical limitations
and variability in data collection methods®. Addressing missing values and minimizing noise

through advanced imputation techniques and robust preprocessing methods is critical for accurate
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analysis. The high dimensionality of these datasets, where the number of features often exceeds
the number of samples, also increases the risk of overfitting”®. Employing dimensionality reduction
techniques and ensuring access to high-performance computing resources are essential for
managing these challenges, as they help reduce computational complexity and enable the
extraction of key features, such as using embeddings to represent high-dimensional data in a lower-

dimensional space for more efficient and accurate analysis®”%.

Understanding the complex relationships between the features in omics data is difficult due
to the non-linear and multifaceted nature of biological systems®. To address this, sophisticated
computational models are needed to capture these complexities and uncover meaningful patterns.
Additionally, while ML models are effective in identifying patterns within complex datasets, their
"black box" nature often limits interpretability®. Improving model transparency is particularly
important in clinical settings, where understanding the rationale behind predictions can guide

decision-making.

To tackle these challenges, novel computational frameworks and analytical tools are
needed to effectively integrate diverse omics data. Overcoming these obstacles will significantly

enhance disease phenotype predictions and help identify potential therapeutic targets.

Application of Multi-Omics and Machine Learning in Alzheimer’s Disease

Despite significant research efforts, the etiology and pathogenesis of AD remain poorly
understood. A deeper understanding of the molecular factors involved in the disease is essential to
identify potential biomarkers for early diagnosis. The integration of multi-omics data and machine
learning approaches offers promising strategies to reveal these underlying mechanisms and

provide new insights into AD progression!'®'2,
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In the context of AD, the integration of multi-omics data with clinical information—such
as cognitive assessments and clinical outcomes—further enhances the accuracy of predictive
models. This holistic approach enables more personalized disease predictions and better-targeted

100.101 "By leveraging multi-omics data, machine learning algorithms can

therapeutic strategies
identify key molecular signatures, provide early diagnostic biomarkers, and predict disease

phenotypes such as cognitive decline. This integrated strategy holds significant potential to

advance our understanding of AD and improve patient care.

Bridging Biological Insights with Computational Approaches

While multi-omics technologies and ML have provided valuable insights into the molecular
mechanisms of complex diseases, integrating these tools to deepen our understanding of disease
biology remains a significant challenge. In this dissertation, I develop novel computational
methods to enhance the integration of multi-omics data, specifically focusing on AD phenotype
prediction. The second aim (Aim 2) introduces Cooperative Multi-view Integration and Scalable
Interpretable Model Explainer (COSIME), a machine learning method that integrates multi-view
omics data to improve disease phenotype prediction and assess feature importance and interactions,
both within-view and across-view. The third aim (Aim 3) applies COSIME to identify key
biomarkers and interactions between genomics and metabolomics, providing insights into AD risk
factors and enhancing the understanding of disease progression. Collectively, these efforts advance
bioinformatics and contribute to a systems-level understanding of the biological mechanisms

underlying AD.

The integration of multi-omics data remains a significant challenge in understanding the

molecular complexity of diseases like AD. This dissertation tackles this issue by developing ML
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models that process diverse omics data types, including genomics, transcriptomics, and
epigenomics. These models are designed to capture complex relationships between molecular
layers, improving the accuracy of AD phenotype predictions and providing deeper insights into

the disease’s molecular mechanisms.

A key focus of this research is the development of algorithms that can effectively address
challenges in multi-omics data, such as noise and high-dimensionality. The proposed
computational frameworks integrate heterogeneous omics data while ensuring meaningful and
interpretable biological insights. These ML methods not only enhance prediction accuracy but also

help us better understand the regulatory dynamics of AD.

This dissertation also investigates the regulatory mechanisms in AD, specifically the role
of transcription factors in gene regulation, through the integration of single-cell gene regulatory
networks. By leveraging ML models to analyze chromatin accessibility and gene expression, the
work delves into how these regulatory dynamics contribute to disease progression and offer new

perspectives on genetic-environmental interactions in AD risk.

Ultimately, this research advances our understanding of AD by providing novel
bioinformatics tools that integrate multi-omics data, enabling more accurate analysis of the

disease's underlying biological mechanisms and identifying potential therapeutic targets.
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Specific Aims

Studies of brain diseases, such as AD have implicated white matter alterations in their pathogenesis,
and models of cell types, for instance, oligodendrocyte defects, have validated mechanistic
connections with cognitive disorders'®?. Recent technological advances have enabled gene
regulation detection through multi-omics (i.e., genomics, transcriptomics, proteomics).
Particularly, emerging next-generation sequencing (NGS) technologies, such as single-cell RNA
sequencing (scRNA-seq), allow us to study functional genomics and gene regulation at the cell-
type level. Large collaborative projects, such as PsychENCODE!® and Psych-AD!'%, generate
single-cell multi-omics data aiming to understand the molecular mechanisms of brain diseases,
including AD. Metabolomics technology has emerged as a tool for studying small molecules
influenced by factors, such as genetics and disease processes. Some plasma and cerebrospinal fluid

(CSF) metabolites were identified as associated with AD!03-106

and the relationships between
genomics, metabolomics, and AD phenotypes need to be comprehensively understood.

Our long-term goal is to integrate and analyze large-scale multi-omics data at the
population level to shed light on complex relationships involved in AD pathology. The overall
objective of this research is to integrate multi-omics data, such as sScRNA-seq and single-cell Assay
for Transposase-Accessible Chromatin sequencing (scATAC-seq), to identify the activity of the
co-binding TFs in gene regulatory networks (GRNs). We then aim to develop a new flexible
machine learning model that optimally integrates multi-omics data to accurately select AD risk
factors and predict AD phenotypes. Lastly, we aim to apply the new method to AD epidemiological
multi-omics data to identify novel AD risk factors. Our central hypothesis is that functional genetic

variants, metabolites, and their interactions will influence changes in pre-clinical AD biomarkers

and cognitive function. The rationale for our proposed research is that integration of genomic and
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metabolomic data will enable the identification and statistical modeling of the complex interplay
of genes and metabolites involved in AD pathology, which is necessary to achieve the goal of

precision medicine for AD. We will test our central hypothesis by executing the following aims:

Aim 1: Characterize the roles of cooperative transcription factor (TF) pairs in regulating
target genes within the gene regulatory networks (GRNs) of oligodendrocytes, utilizing
multi-omics data and deep learning approaches.

Hla: scATAC-seq data will be used to identify co-binding TF pairs in oligodendrocyte-specific
regulatory regions, and deep learning models trained on scRNA-seq data will predict the
expression of target genes regulated by these cooperative TF pairs.

Hl1b: eQTLs will independently validate the regulatory roles of cooperative TF pairs, confirming
their involvement in the regulation of genes associated with oligodendrocyte function and

neurodegenerative diseases, such as AD.

Aim 2: Develop COSIME: Cooperative Multi-view Integration and Scalable Interpretable
Model Explainer with applications to AD.

H2a: Developing a predictive model using an unsupervised neural network combined with
learnable optimal transport methods to integrate multi-omics data will enhance the accuracy of AD
phenotype prediction.

H2b: COSIME will provide interpretable outputs by identifying feature importance and elucidating

feature interactions within and across different omics modalities when applied to AD phenotypes.
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Aim 3: Identify genomic and metabolomic AD risk factors and their interaction effects on
AD phenotypes by applying COSIME to data from the Wisconsin Registry for Alzheimer’s
Prevention (WRAP) and Wisconsin Alzheimer’s Disease Research Center (ADRC) cohorts.
H3: Genes and metabolites will be identified and replicated as potential AD risk factors by

integrating multi-omics data using COSIME.

Through the proposed study, we expect to have an important positive impact because the
identification of novel AD biomarkers, such as co-binding transcription factors, metabolic profiles,
and interactions between those, using advanced bioinformatics tools will help understand AD
pathology. This research will help prevent, diagnose, and treat dementia, and lays the groundwork

for precision medicine.
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Significance

scRNA-seq technology is a recently emerging tool to study functional genomics and gene
regulation. Metabolomics technology is another tool that has emerged to study metabolites, small
molecules influenced by factors, such as genetics and disease processes. Multi-omics offers a
holistic view of human health and disease by providing an integrative perspective across multiple
levels of biology (e.g., predicting GRNs and disease phenotype predictions). While several studies

107,108

have identified transcription factors or metabolites'?-!1% associated with AD status, only a

HLI2 which may give insight into the pathophysiology

few focused on preclinical AD phenotypes
of AD, point to therapeutic targets and discover genes and metabolites that can be utilized as early
AD biomarkers.

The Wang lab has developed a computational pipeline of integrative multi-omics analyses
for predicting cell-type specific disease genes and GRNs and a machine learning analysis found
that cell-type specific disease genes improved clinical phenotype predictions, including those for
AD.'3 The Engelman lab has integrated genetic, lifestyle, metabolomic, and AD biomarker data
to better understand these associations!®. What remains unclear is the comprehensive
understanding of functional genomics and gene regulation, metabolomics, and their interactions in
AD pathology. Developing and applying flexible and robust bioinformatics tools to optimally
integrate multi-omics data and predict preclinical AD phenotypes is critical to prevent, diagnose,
and treat AD.

This research will be significant because the identification of novel AD biomarkers, such

as transcription factors, metabolic profiles, and interactions between those using advanced

bioinformatics tools will help understand AD pathology. Machine learning approaches, including
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deep learning, are expected to lead to identifying new pathways for targeting therapeutic agents

and novel risk prediction and diagnostic tools for early AD pathology.



25

Innovation

The proposed research has several innovative aspects. First, it focuses on revealing the specific
roles of co-binding TFs at regulatory elements and characteristics of regulatory hub enhancers.
This is very novel because even though there are some studies about single-cell functional genomic
research for oligodendrocytes—one of the major cell types for the central nervous system related
to AD—as far as we know, no earlier studies predicting GRNs, TFs, gene-regulatory elements,
and target genes using oligodendrocytes for AD exist.

The second unique aspect is multi-omics data integration and phenotype prediction. We
are planning to develop a new machine learning model that will be flexible and suitable for
handling the multi-omics data we use for phenotype prediction. Moreover, using a latent vector to
find the best optimal transport plan to integrate multi-omics data and predict phenotypes is a new
approach as far as we are aware.

Third, there are many AD phenotypes that are related to AD continuum categories of NIA-
AA’s A/T/N biomarker profiles'!* in WRAP. Using cognitive functions as a proxy for preclinical
AD diagnosis and ptau217 as a proxy for amyloid deposition will give us a relatively large sample
size.

Lastly, our research will discover novel pathways in AD pathology by providing novel AD
risk genes and metabolites. There could be overlaps between our findings and the results in other
existing studies, however, since we will consider interactions between genes and metabolites in
integrating multi-omics data for machine learning phenotype prediction, we may find novel AD
risk factors. Furthermore, validating our findings in WRAP in an additional cohort will strongly

support our hypotheses.
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Abstract

Single-omics approaches often provide a limited view of complex biological systems, whereas multi-omics
integration offers a more comprehensive understanding by combining diverse data views. However, integrat-
ing heterogeneous data types and interpreting the intricate relationships between biological features—both
within and across different data views—remains a bottleneck. To address these challenges, we introduce
COSIME (Cooperative Multi-view Integration and Scalable Interpretable Model Explainer). COSIME uses
backpropagation of Learnable Optimal Transport (LOT) to deep neural networks, enabling the learning of
latent features from multiple views to predict disease phenotypes. In addition, COSIME incorporates Monte
Carlo sampling to efficiently estimate Shapley values and Shapley-Taylor indices, enabling the assessment
of both feature importance and their pairwise interactions—synergistically or antagonistically—in predict-
ing disease phenotypes. We applied COSIME to both simulated data and real-world datasets, including
single-cell transcriptomics, single-cell spatial transcriptomics, epigenomics, and metabolomics, specifically
for Alzheimer’s disease-related phenotypes. Our results demonstrate that COSIME significantly improves
prediction performance while offering enhanced interpretability of feature relationships. For example, we

identified that synergistic interactions between microglia and astrocyte genes associated with Alzheimer’s
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disease are more likely to be active at the edges of the middle temporal gyrus as indicated by spatial

locations. Finally, COSIME is open-source and available for general use.

Introduction

Single-omics approaches, while valuable for providing insights into individual biological layers, often
provide a limited view of complex biological systems. Focusing on a single molecular layer—such as
genomics, transcriptomics, or metabolomics—provides a limited view of cellular processes, as these layers
do not function in isolation. Multi-view data integration overcomes this limitation by combining information
from multiple omic layers, offering a more holistic view of biology. This comprehensive approach allows
us to identify novel biomarkers, understand the underlying biology of diseases, and improve predictions
for disease phenotypes|[1, 2]. Machine learning algorithms can efficiently process and analyze large-scale
multi-view data, identifying patterns and relationships that are often complex for traditional methods to
discern. Moreover, in biological systems, features—especially those from different omic layers—may
interact in complex ways that jointly influence phenotypes. Machine learning can help overcome these
challenges by modeling and quantifying complex feature interactions, including those across different omic
layers.

There are a few studies that provide multi-omics data integration and prediction. Cooperative learning[3]
is a supervised learning method with multiple sets of features and it combines the usual squared-error loss
of predictions with an agreement penalty that encourages input datasets to be similar. However, the strength
of the agreement penalty is controlled by a fixed parameter, which is typically set through a tuning, and
is not learned dynamically during training. This means that the model does not deeply integrate features
in a way that fully captures their complex interdependencies. Moreover, this approach is less flexible in
adapting to complex cross-view relationships since it does not learn interactions end-to-end during training.
Data Integration Analysis for Biomarker discovery using Latent components (DIABLO)[4] is a supervised
learning method for multi-omics integration that seeks for common information across different data types
through the selection of a subset of molecular features. Nonetheless, DIABLO assumes that the different
omic layers share some level of homogeneity in terms of their relationship to the outcome. In practice, this
may not always hold, especially when the omic views measure fundamentally different biological processes
that are not strongly linked to each other. Multi-Omics Factor Analysis v2 (MOFA+)[5] is a method for multi-
omics integration based on factor analysis and assumes that the latent structure of data can be captured with

linear models, designed to analyze and integrate multiple types of omics data in an unsupervised fashion.
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However, MOFA+ does not have a built-in mechanism for analyzing feature interactions or for providing
direct insights into how individual features contribute to the final prediction. Importantly, none of these
methods are designed to handle non-linear relationships or feature interactions. Non-linear interactions are
especially relevant in biological data, where the effects of one variable (e.g., a gene) on an outcome (e.g.,
disease) might not be constant and might vary depending on other factors. Furthermore, deep learning
and optimal transport approaches have not been as widely adopted in multi-omics integration as traditional
statistical methods.

Several approaches have been developed for the interpretability of machine learning models. SHAP
(SHapley Additive exPlanations)[6] provides functions to compute feature importance for a particular
prediction in machine learning models. While SHAP has optimized algorithms for certain types of models
(like Tree explainer for decision trees), it can still be computationally expensive, especially for large datasets
and complex models. Moreover, the feature interaction matrix is only available as an output for tree-based
models. Additionally, dependence plots display the relationship between only two features, making it difficult
to capture the overall patterns of feature interactions in predictions. Local Interpretable Model-agnostic
Explanations (LIME)[7] offers localized interpretability, ideal for understanding individual predictions in
simple models. LIME works by approximating the model locally around a specific data point using a simple
interpretable model, such as linear regression. This means that LIME generates explanations for individual
predictions rather than providing a global understanding of the model’s behavior. It may miss patterns that
are important across the entire dataset, leading to misleading or incomplete explanations if the behavior of
the model varies significantly across the feature space. Additionally, LIME does not account for feature
interactions, limiting its ability to capture more complex relationships between features.

To tackle these challenges, this study introduces Cooperative Multiview Integration and Scalable and
Interpretable Model Explainer (COSIME). COSIME features two key components. First, it integrates
multi-view data leveraging deep neural network encoders (deep encoders) and Learnable Optimal Transport
(LOT) techniques, combining both unsupervised and supervised learning; Second, COSIME implements
a mechanism for assessing feature importance within each view, as well as quantifying both within-view
and across-view interactions by estimating Shapley values and Shapley-Taylor indices. Through extensive
evaluations, we demonstrate the utility of COSIME using both simulated and real-world multi-view datasets.
On simulated data, we assessed binary classification and continuous prediction tasks under varying signal
levels, using both early and late fusion strategies[8]. For real-world applications, COSIME was applied
to Alzheimer’s disease diagnosis using transcriptomics-metabolomics and transcriptomics-epigenomics

datasets, as well as to predicting Alzheimer’s disease progression scores using transcriptomics-spatial
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transcriptomics data. These analyses highlight the flexibility of COSIME, offering a comprehensive solution

for multi-view data analysis.

Results

Overview of COSIME

An overview of COSIME is illustrated in Fig. 1. The first component involves integrating multi-view data
for disease phenotype prediction by leveraging deep learning-based encoders, enabling the model to address
both linear and non-linear relationships, offering superior flexibility compared to traditional methods that
typically rely on linear assumptions. COSIME effectively captures the complex, multi-layered interactions
between different omic modalities—such as transcriptomics and epigenomics, transcriptomics and spatial
transcriptomics, and transcriptomics and metabolomics—while preserving the distinct features of each
data type. Learnable Optimal Transport (LOT) offers three main advantages over conventional alignment
methods. First, it uses a learnable transport plan, which allows for dynamic adaptation to complex,
heterogeneous data distributions, ensuring more accurate and flexible alignment. Second, LOT supports
mini-batch processing, making it scalable for large datasets while maintaining computational efficiency.
Finally, LOT can incorporate domain-specific regularization, enabling the model to better handle view-
specific differences and improve alignment in specialized contexts. These features make LOT more robust
than traditional methods, which often struggle with data misalignment and view-specific challenges.

The second component of COSIME focuses on computing feature importance values for each view,
as well as pairwise interaction values for both within-view and across-view interactions. To achieve this,
COSIME employs the Scalable and Interpretable Model Explainer, which leverages the Shapley values and
Shapley-Taylor indices[9] to compute both feature importance and pairwise feature interactions, respectively.
By applying Monte Carlo sampling and batch processing, COSIME efficiently estimates feature importance
and pairwise feature interactions, enabling faster and more scalable computation while enhancing model
interpretability. Additionally, it allows for the identification of the directionality of interactions—whether
they exhibit synergism (complementary effects) or antagonism (conflicting effects)—oftering deeper insights
into how features interact in the model.

COSIME enhances the prediction accuracy by improving the modeling of across-view relationships
within a shared latent space. It effectively integrates heterogeneous data, enabling more accurate predictions

across different biological layers. Moreover, it also provides a powerful interpretability by identifying feature
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1e importance and interactions, allowing for deeper insights into how individual features and their combinations
120 contribute to the model’s predictions. While these two main components of COSIME can be used together
21 for both enhanced prediction and interpretability, they are also designed to be used independently depending
122 on the specific needs of the analysis. This combination paves the way for identifying key biomarkers and
12s understanding disease mechanisms. By integrating multi-omics data and assessing feature relationships,
124 COSIME addresses the challenges of heterogeneous data and complex feature interactions, paving the way

125 for identifying key biomarkers and understanding disease mechanisms.

Fig 1: Cooperative multi-view integration and Scalable and Interpretable Model Explainer (COSIME).
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a COSIME integrates multi-omics data for disease phenotype prediction through a three-step process: (1) Each omic
dataset is passed through separate deep neural network encoders (deep encoders). (2) Learnable Optimal Transport
(LOT) aligns and merges these features into a joint latent space. (3) The integrated latent representation is then
used to predict disease phenotypes. b LOT integrates heterogeneous datasets by offering three key advantages: (1)
a learnable transport plan that adapts during training, (2) mini-batch processing for scalability, and (3) domain-
specific regularization to enhance alignment between source and target distributions. ¢ Scalable and Interpretable
Model Explainer interprets model predictions by identifying feature importance and interactions. It quantifies both
individual feature attributions and pairwise feature interactions, revealing synergistic or antagonistic effects on the

model’s output.

126 In the following sections, the performance metrics were compared across different methods using the
127 mean and +1.96 times the standard deviation from 5-fold cross-validation. For the best-trained models

128 across the different multi-view datasets, we computed feature importance for each data view and interaction
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values both within and across views. All results for the multi-view predictions using COSIME models and

other methods are provided in Supplementary Data 1 and 2.

Simulation study

Multi-view data were generated by different signal levels (high and low) and types of outcome variables
(binary and continuous).

Compared to three benchmarking methods—Cooperative Learning (CL)[3], Data Integration Analysis
for Biomarker discovery using Latent components (DIABLO)[4], and Multi-Omics Factor Analysis v2
(MOFA+)[5] with logistic regression, COSIME early fusion performed best for binary outcome classification
with high-signal multi-view datasets (AUROC: 0.845 + 0.026, AUPRC: 0.854 + 0.029, accuracy: 0.754 £
0.054). COSIME late fusion (AUROC: 0.828 + 0.021, AUPRC: 0.853 + 0.021, accuracy: 0.761 * 0.019)
outperformed the three benchmarking methods (Fig. 2a). For binary outcome classification with low-signal
multi-view datasets, COSIME late fusion achieved the best performance (AUROC: 0.737 + 0.017, AUPRC:
0.736 £ 0.025, accuracy: 0.640 + 0.052), while COSIME early fusion (AUROC: 0.615 + 0.038, AUPRC:
0.662 + 0.039, accuracy: 0.573 + 0.027) outperformed CL, DIABLO, and MOFA + with logistic regression
(Fig. 2a).

We computed feature interaction values for each view using COSIME early fusion for binary outcome
prediction with high-signal multi-view datasets. Pairwise feature interactions were categorized into three
groups: (Group 1) the interaction terms artificially introduced during data generation, (Group 2) interactions
involving latent features, and (Group 3) other interactions. The scaled pairwise feature interaction values
for the first 50 features are shown in Fig. 2b. Pairwise Wilcoxon rank-sum two-sided tests were performed
between these three groups, and the results demonstrate that COSIME successfully captured significant
differences in interaction values across the groups. In view A, Group 1 exhibits significantly higher
interaction values than both Group 2 (Pairwise Wilcoxon rank-sum two-sided test p—value < 0.05) and
Group 3 (Pairwise Wilcoxon rank-sum two-sided test p—value < 0.0001). Additionally, Group 2 shows
significantly higher interaction values compared to Group 3 (Pairwise Wilcoxon rank-sum two-sided test
p—value < 0.0001). Similarly, in view B, Group 1 shows significantly higher interaction values than both
Group 2 (Pairwise Wilcoxon rank-sum two-sided test p—value < 0.001) and Group 3 (Pairwise Wilcoxon
rank-sum two-sided test p—value < 0.0001), while Group 2 also has significantly higher interaction values
than Group 3 (Pairwise Wilcoxon rank-sum two-sided test p—value < 0.0001).

For continuous outcome prediction with high-signal multi-view datasets, COSIME delivered the most
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accurate results (MSE: 54.701 £ 2.391). In comparison, COSIME early fusion outperformed CL, DIABLO,
and MOFA+ with regression (MSE: 64.490 + 4.130) (Fig. 2c). When applied to low-signal multi-view
datasets, COSIME early fusion achieved the best performance (MSE: 215.707 + 1.833), while COSIME
late fusion showed superior results over the benchmarking methods (MSE: 218.425 + 1.099) (Fig. 2c¢).

Feature interaction values for each view were also calculated using COSIME early fusion for contin-
uous outcome prediction with high-signal data. The pairwise feature interactions were divided into three
categories: (Group 1) the interaction terms artificially added during data generation, (Group 2) interactions
involving latent features, and (Group 3) all other interactions. The scaled pairwise feature interaction values
for the first 50 features are shown in Fig. 2d. Pairwise Wilcoxon rank-sum two-sided tests were conducted
between the three groups, and the findings confirm that COSIME effectively identified significant differences
in interaction values across these categories. In view A, Group 1 showed significantly higher interaction val-
ues than both Group 2 (Pairwise Wilcoxon rank-sum two-sided test p—value < 0.05) and Group 3 (Pairwise
Wilcoxon rank-sum two-sided test p—value < 0.0001), with Group 2 also having significantly higher interac-
tion values than Group 3 (Pairwise Wilcoxon rank-sum two-sided test p—value < 0.0001). In view B, Group
1 displayed significantly higher interaction values than both Group 2 (Pairwise Wilcoxon rank-sum two-
sided test p—value < 0.001) and Group 3 (Pairwise Wilcoxon rank-sum two-sided test p—value < 0.0001),
while Group 2 also had significantly higher interaction values compared to Group 3 (Pairwise Wilcoxon
rank-sum two-sided test p—value < 0.0001).

Overall, both COSIME early fusion and late fusion models outperformed the benchmarking methods
in predicting the outcomes. Additionally, COSIME accurately captured the pairwise feature interactions

purposely introduced during data generation, validating its ability to identify interactions present in the data.
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Fig 2: Prediction performance and feature interaction from simulated data.
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a Prediction performance for binary outcome classification using COSIME early fusion, COSIME late fusion, CL,
DIABLO, and MOFA+ with logistic regression on both high-signal and low-signal multi-view datasets. b Heatmaps
depicting the pairwise interactions of the first 50 features from views A and B for binary outcome prediction,
along with box plots and pairwise Wilcoxon rank-sum two-sided tests for three interaction groups: (Group 1) 10
interaction terms artificially introduced during data generation, (Group 2) 1,790 interactions involving latent features,
and (Group 3) 3,150 other interactions. The box plots display the distribution of interaction values, including the
first quartile, median, and third quartile. Asterisks indicate statistical significance: * for p—value < 0.05 and **%*%*
for p—value < 0.0001. c¢ Prediction performance for continuous outcome prediction using COSIME early fusion,
COSIME late fusion, CL, DIABLO, and MOFA+ with regression on both high-signal and low-signal multi-view
datasets. d Heatmaps depicting the pairwise interactions of the first 50 features from views A and B for continuous
outcome prediction, along with box plots and pairwise Wilcoxon rank-sum two-sided tests for three interaction groups:
(Group 1) 10 interaction terms artificially introduced during data generation, (Group 2) 1,790 interactions involving
latent features, and (Group 3) 3,150 other interactions. The box plots display the distribution of interaction values,
including the first quartile, median, and third quartile. Asterisks indicate statistical significance: *** p—value < 0.001

and **** for p—value < 0.0001.

Classifying cognitive diagnosis for Alzheimer’s disease from transcriptomic (astro-

cytes) and metabolomic data

Multi-view data from scRNA-seq of astrocytes and metabolomics were used to test the prediction per-
formance of COSIME models. COSIME early fusion with matched samples (n=2,286) achieved the best
performance for binary classification of Alzheimer’s disease (AD) cognitive diagnosis using multi-view
datasets (astrocytes and metabolomics) (AUROC: 0.842 + 0.011, AUPRC: 0.864 + 0.019, accuracy: 0.773
+ 0.018). To leverage all available samples (4292 metacells in transcriptomics and 2286 samples in
metabolomics) across views, we also applied COSIME late fusion for unmatched samples, which yielded
comparable results (AUROC: 0.804 £ 0.007, AUPRC: 0.829 + 0.014, accuracy: 0.732 + 0.016) (Fig. 3a).

Feature importance values were used to prioritize features. The top 20 most important genes (based on
absolute values) from the transcriptomic data are displayed in Fig. 3b, and enrichment analysis reveals that
these genes are strongly associated with AD. Notably, processes such as long-term synaptic potentiation,
amyloid-beta (Af) formation, and amyloid precursor protein (APP) catabolism are strongly implicated in
AD. These processes that involve synaptic function, A production, and APP metabolism represent crucial
aspects of AD pathophysiology[10, 11].

Fig 3c shows the top 20 most important metabolites (ranked by absolute feature importance values)
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from the metabolomic data. Enrichment analysis of these metabolites reveals metabolic pathways such as
pantothenate and CoA biosynthesis, arginine biosynthesis, nicotinate and nicotinamide metabolism, and
histidine metabolism. These pathways may contribute to AD by exacerbating the brain’s energy deficit,
promoting oxidative damage, and driving neuroinflammation[12].

Pairwise feature interaction values were computed, and the top 50 across-view feature interaction values
(based on absolute feature interaction values) are shown in Fig. 3d. PRCP has synergistic effects with
metabolites such as urea and 5-methylthioadenosine (MTA). PRCP is involved in peptide degradation,
particularly those peptides related to inflammatory responses [13, 14]. Urea is a byproduct of protein
metabolism, typically excreted via the kidneys. It plays a role in nitrogen metabolism and helps in the detox-
ification of ammonia in the brain [15, 16]. MTA is a byproduct of the methionine salvage pathway and plays
a role in maintaining cellular methylation capacity. It is involved in the recycling of S-adenosylmethionine,
which is crucial for methylation reactions, including those related to neurotransmitters and DNA [17].
Erucate (22:1n9) is a monounsaturated fatty acid, which can influence lipid metabolism, and metabolic
homeostasis. The synergism between PRCP and MTA suggests a relationship between peptide degradation,
methylation capacity, and inflammatory pathways. Given that PRCP is involved in degrading inflammatory
peptides and MTA plays a role in maintaining methylation for neurotransmitter synthesis and DNA methy-
lation, this interaction may indicate a broader involvement of PRCP in neuroinflammatory processes and
cellular maintenance in AD. Similarly, the interaction between PRCP and Erucate (22:1n9) links peptide
degradation with lipid metabolism. Erucate (22:1n9), a key fatty acid in lipid metabolism, may interact with
PRCP to modulate cellular homeostasis, suggesting that PRCP might influence both neuroinflammatory
and lipid metabolic pathways critical for maintaining brain cell integrity in AD.

AGBLA shows antagonistic effects with several metabolites such as arachidonate (20:4n6), 2-O-
methylascorbic acid, and N-acetylaspartate (NAA) (Fig. 3d). AGBL4 encodes a protein that is involved
in regulating actin dynamics and cell signaling, particularly in processes such as endocytosis, vesicle traf-
ficking, and cell motility[18]. Arachidonate (20:4n6) is a polyunsaturated fatty acid and is a precursor
for various eicosanoids, including prostaglandins, leukotrienes, and thromboxanes. These molecules play
crucial roles in inflammation, immune responses, and cell signaling[19]. 2-O-methylascorbic acid is a
derivative of ascorbic acid (vitamin C), and is known for its antioxidant properties[20]. NAA is a metabolite
primarily found in neurons and is considered a marker of neuronal integrity and function[21, 22]. AGBL4
and arachidonate (20:4n6) may exhibit antagonistic interactions, as AGBL4 may disrupt pro-inflammatory
pathways triggered by arachidonate (20:4n6). By inhibiting actin remodeling and vesicular trafficking,

which are essential for eicosanoid function, AGBL4 may affect immune responses and inflammation, pro-
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cesses central to neurodegeneration. The antagonism between AGBL4 and 2-O-methylascorbic acid may
arise from the involvement of AGBLA4 in promoting cellular processes such as inflammation and oxidative
stress, which counteract the antioxidant effects of 2-O-methylascorbic acid. AGBL4 may influence actin
dynamics or cellular responses in a way that increases the need for antioxidants or reduces their efficacy.
Additionally, the antagonistic relationship between AGBL4 and NAA may reflect the impact of AGBL4
on neuronal integrity. AGBL4 may alter pathways involved in NAA synthesis or utilization, potentially
impairing neuronal health and neurotransmitter balance, as evidenced by reduced NAA levels. Collectively,
these interactions may contribute to neurodegenerative processes.

Furthermore, PRCP and AGBL4 may play an important role as hub genes in the across-view network
(Fig. 3e). These two genes are likely involved in astrocyte function under both normal and pathological
conditions, particularly through their roles in inflammation, actin remodeling, and neurovascular interac-
tions[23, 24]. As hub genes, they may influence across-view networks, connecting pathways that involve
peptide signaling, cytoskeletal dynamics, neuroinflammation, and synaptic plasticity. These interactions
are crucial for understanding the role of astrocytes in diseases such as AD, where neuroinflammation, astro-
cyte reactivity, and synaptic dysfunction are key features[25, 26]. Astrocyte reactivity, often triggered by
neuroinflammation, is associated with the increased production of pro-inflammatory cytokines like TNF-a,
IL-1p, and IL-6, all of which can worsen neuronal loss and synaptic dysfunction[27, 28]. In this context,
AGBL4 might shift the balance toward a more damaging inflammatory state, thereby increasing the risk of

AD.
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Fig 3: Classifying cognitive diagnosis for Alzheimer’s disease from transcriptomic (astrocytes) and
metabolomic data.
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a Prediction performance using COSIME early fusion, COSIME late fusion, CL, DIABLO, and MOFA+ with logistic
regression. b Bar plots showing the top 20 prioritized genes (absolute feature importance values) and enrichment
analysis for those genes. ¢ Bar plots showing the top 20 prioritized metabolites (absolute feature importance values)
and enrichment analysis for those metabolites. d Heatmap showing the top 50 pairwise across-view (gene-metabolite)
interactions. e Across-view interaction network showing relationships between the top 50 pairwise across-view

(gene-metabolite) interactions.

Classifying cognitive status (dementia) from transcriptomic (oligodendrocyte) and
epigenomic (oligodendrocyte) data

Multi-view data from both scRNA-seq and scATAC-seq of oligodendrocytes were utilized to evaluate
the predictive performance of COSIME models. COSIME early fusion performed the best for binary
classification of cognitive status (dementia) using multi-view datasets (oligodendrocytes) (AUROC: 0.874
+0.011, AUPRC: 0.805 * 0.013, accuracy: 0.794 + 0.041) (Fig. 4a).

We investigated pairwise interactions between the ten known key TFs involved in oligodendrocytes[29].
For instance, synergistic interactions were identified between SOX10 and MAZ as well as between MYRF
and MAZ. Specifically, SOX10 is critical for oligodendrocyte differentiation and can be involved in reactive
gliosis or attempts to repair myelin in AD and dementia[30]. MAZ is involved in regulating genes related to
cell proliferation, differentiation, and survival[31]. In dementia, even though MAZ is not oligodendrocyte-
specific, the presence of both SOX10 and MAZ may indicate synergism which is a disruption of normal
oligodendrocyte functions and myelin loss. MYREF is another key player in myelination that works closely
with driving factors of oligodendrocyte differentiation and myelin gene expression[32]. For similar reasons,
synergism between MYRF and MAZ may indicate that oligodendrocyte differentiation is promoted in
an attempt to repair myelin loss, a process that is common in dementia cases due to demyelination and
oligodendrocyte dysfunction (Fig. 4b).

Meanwhile, antagonistic interaction was identified between SOX8 and HIF1A. SOXS is critical in
regulating cell fate decisions, development, and differentiation across various tissues[33] while HIF1A, a
stress and inflammatory-related factor[34], could suppress differentiation and antagonistically contributing
to the pathology of AD and dementia. SOXS8 is also antagonistically interacting with PBX1, which is
important for the development and differentiation of neural cells, including oligodendrocytes[35, 36]. PBX1
could be involved in AD pathology by disrupting oligodendrocyte differentiation and myelin integrity, while

SOX8 might counteract these effects and support oligodendrocyte survival. Their antagonistic interaction
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may suggest that an imbalance between these two TFs may contribute to the progression of the dementia
(Fig. 4b).

Based on the top fifty across-view absolute interaction values (TF expression levels and ATAC peak
counts), we identified several TFs that are either synergistically or antagonistically interacting with multiple
oligodendrocyte-specific regulatory regions. We found synergistic interactions between MAZ and ATAC
peak regions that map to multiple genes, including PTPRF[37], ERBB3[38], GRID1[39], LIMCH1[40],
FLNC[41], and DUSP7[42] (based on genomic annotations). Since increased chromatin openness likely
promotes the expression of these genes associated with neurodegeneration, myelin repair, and cell stress
responses, the identified synergistic interactions further support the potential role of MAZ in dementia
progression. Furthermore, ZNF135 is a zinc finger TF known for its involvement in regulating chromatin
structure and transcriptional activation, particularly in response to cellular stress[43]. Synergistic inter-
actions were identified between ZNF135 and ATAC peak regions that map to genes involved in neural
development, synaptic signaling, axon guidance, and neurotransmitter regulation, such as NKX2-2[44],
PTPRF[37], CNTN2[45], PSD2[46], and SLC6A9[47], which may reflect the activation of disease-related
pathways during the progression of neurodegeneration (Fig. 4c).

In contrast, PBX1 acts antagonistically with several open chromatin regions, as its upregulation may
reduce chromatin accessibility, which is critical for oligodendrocyte function and myelin maintenance. This
antagonistic action may prevent the activation of protective genes such as CPSI[48], and CYTHI[49] in
those open chromatic regions, leading to impaired neuroinflammatory responses and exacerbating neurode-
generative processes. The ability of PBX1 to close chromatin at disease-associated regions may contribute
to a negative predictive signal for dementia, as it correlates with the loss of protective mechanisms in
oligodendrocytes (Fig. 4c).

It is crucial to examine the regulatory mechanisms underlying the interactions between TFs, ATAC
peak regions, target genes, and dementia. Both STAT3 and JUN are synergistic TFs, and they also
exhibit synergistic activity in the genomic region chr17:78,351,242-78,361,401, which contains the SOCS3
gene. STAT3 is a critical TF involved in the JAK-STAT signaling pathway, regulating immune responses,
inflammation, cell survival, and differentiation[50, 51]. JUN, a component of the AP-1 transcription factor
complex, regulates genes involved in cell proliferation, apoptosis, and stress responses, particularly in
response to inflammatory signals[52, 53]. STAT3 and JUN are known to regulate SOCS3, a gene that is
upregulated in dementia. SOCS3 plays a crucial role in regulating the JAK-STAT pathway by inhibiting
STAT3 activation[54, 55]. These connections suggest that the coordinated activity of STAT3 and JUN

in this region may contribute to the dysregulation of SOCS3, linking it to the neuroinflammatory and
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neurodegenerative pathways associated with dementia (Fig. 4d).

The four key TFs involved in oligodendrocyte function — SOX10[30], MYRF[30], OLIG1[56], and
OLIG2[56]— exhibit synergistic relationships, except for SOX10 and OLIG1, which interact antagonisti-
cally. SOX10, MYRF, OLIG1, and OLIG?2 are essential TFs that regulate oligodendrocyte differentiation,
myelination, and myelin maintenance. In the context of dementia, their synergistic interactions suggest that
the activities of these TFs contribute to increased myelin damage and oligodendrocyte dysfunction, which
accelerates the progression of neurodegeneration. Notably, all four of these TFs antagonistically interact
with a ATAC peak in a specific genomic region, chr18:77,049,711-77,059,094, where the gene MBP is
located. These interactions suggest that these TFs may suppress the expression of MBP, which is essential
for the formation and maintenance of the myelin sheath in oligodendrocytes[57] (Fig. 4d). Taken together,
the characterization of these interactions provides valuable insights into the underlying mechanisms that

may contribute to the pathogenesis and progression of dementia.
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Fig 4: Classifying dementia from transcriptomic (oligodendrocyte) and epigenomic (oligodendrocyte) data
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AD phenotype.
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Predicting Alzheimer’s disease progression scores from transcriptomic (microglia)
and spatial transcriptomic MERFISH (astrocyte) data

To assess the predictive capability of COSIME models, multi-view data combining scRNA-seq of microglia
and single-cell spatial transcriptomics (MERFISH) of astrocytes were applied. COSIME early fusion
performed better than the other benchmarking methods for continuous outcome prediction of Alzheimer’s
disease progression scores using multi-view datasets (microglia and astrocytes) (MSE:0.033 + 0.005) (Fig.
Sa).

Fig. 5b shows the top 20 important genes (ranked by mean absolute feature importance values) in
each view. In microglia, there are genes closely related to AD through their roles in neuroinflammation,
AP clearance, and microglial activation, among those with a positive feature importance. SPPI is a
well-established microglial marker and plays a critical role in the activation and inflammatory response
of microglia. It has been shown to regulate phagocytosis of amyloid plaques and can contribute to
both neuroprotection and neurodegeneration[58]. APOE genotype is a major genetic risk factor for AD,
particularly the E4 allele, where microglial APOE is involved in AS clearance. It has been shown that APOE
e4 (the risk allele) impairs this function and enhances neuroinflammation[59, 60]. C/QB encodes one of the
subunits of C1q, which is part of the complement system and a major player in immune responses[61, 62].
C1q marks apoptotic or damaged neurons for phagocytosis by microglia. These genes are likely upregulated
in AD and often reflect microglial dysfunction, contributing to both increased neuroinflammation and
impaired AS clearance. On the other hand, the genes that have negative feature importance values may
be downregulated in microglia and they are crucial to the immune response, microglial surveillance, and
synaptic pruning in AD. For example, BINI has been implicated in AD and is involved in regulating synaptic
function and endocytosis[63].

In the astrocyte MERFISH data, the genes that have negative feature importance values may suggest
dysfunctional astrocytes with impaired synaptic regulation, reduced neuroprotection, and failure to clear
neurotoxic debris in AD. For instance, RYR3 is involved in calcium signaling in astrocytes, which plays a
role in synaptic regulation and glutamate uptake[64, 65]. Downregulation of RYR3 could impair calcium
signaling and neurotransmitter homeostasis, contributing to synaptic dysfunction in AD. In contrast, the
genes that have positive feature importance values are involved in neuroinflammation, astrocyte differentia-
tion, synaptic function, and neurodegeneration, and their upregulation in AD suggests activated astrocytes
contributing to neuroinflammatory responses and synaptic damage. DGKG is involved in signal trans-

duction through lipid metabolism and inflammatory response. Its upregulation in astrocytes may promote
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increased neuroinflammation in AD. Also, DGKG has been linked to glutamate receptor signaling, which
could disrupt synaptic communication, a hallmark of AD (Fig. 5b)[66]. Enrichment analyses for the top 20
prioritized genes (absolute feature importance values) for both microglia and astrocytes were implemented
(Supplementary Figure 6). The top 10 categories in each analysis show that most of them are closely
related to AD.

We investigated the spatial distribution of cells with the expression levels and feature importance values
of RYR3 (Fig. 5c). As a result, cells with the highest 25% of feature importance were more likely to
be located in the central regions of the middle temporal gyrus, where the astrocyte MERFISH data were
collected, compared to the remaining 75% (T-statistic: 18.783, two-tailed t-test p—value < 0.0001), based
on the Euclidean distance from each cell to the midpoint of the bounding box. Similarly, when comparing
the lowest 25% of feature importance values to the remaining 75% for DGKG, we found that cells with
highly negative feature importance values were more likely to be located at the center of the middle temporal
gyrus. The two-tailed t-test (T-statistic: -2.861 and two-tailed t-test p—value < 0.01) revealed a significant
difference, suggesting that genes with high negative effects are preferentially active in central regions. These
findings further support the observation that upregulated genes associated with AD tend to be more active at
the edges of the middle temporal gyrus, while downregulated genes are concentrated in the central regions
(Fig. 5c¢).

We constructed a gene-gene interaction network based on the top 50 absolute across-view interaction
values. Several astrocyte-specific MERFISH genes, such as PLCBI and HPSE2, were identified as key hub
genes, linking multiple microglia genes. PLCBI, in particular, is involved in critical signaling pathways
that regulate cellular functions such as inflammation, synaptic transmission, and cell differentiation. As an
astrocyte-specific gene, PLCB] plays a central role in intracellular signaling, including phosphatidylinositol
signaling, which could modulate microglial activity and other immune-related processes in the context
of AD[67]. Similarly, HPSE2, another astrocyte-associated gene, regulates heparan sulfate metabolism, a
process involved in cellular signaling, extracellular matrix remodeling, and inflammation[68]. Its interaction
with microglial genes suggests that HPSE2 may influence neuroinflammatory responses and contribute to
the pathogenesis of AD (Fig. 5d).

A spatial map was generated using all across-view gene-gene interaction values (Fig. Se). Similar
to the approach used in the analyses for Fig. Sc¢, we computed the Euclidean distance from each cell to
the midpoint of the bounding box and performed a two-tailed t-test to assess the null hypothesis that the
distances between cells in positive (synergistic) interaction values and the midpoint of the bounding box are

equal to the distances between negative (antagonistic) interaction values) and the midpoint of the bounding
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box were the same. We also conducted a two-tailed F-test to assess the null hypothesis that the variances of
the two groups were equal. The null hypothesis was rejected in both tests (T-statistic: 18.783 (two-tailed
t-test p—value < 0.001) and F-statistic: 1.242 (two-tailed t-test p—value < 0.001)) (Fig. Se). These results
suggest that synergistic interactions between microglia and astrocyte genes associated with AD are more
likely to be active at the edges of the middle temporal gyrus, while antagonistic interactions tend to be
localized more toward the center.

In AD, it has been shown that certain brain regions are more vulnerable to neurodegeneration, including
parts of the temporal lobe, which includes the middle temporal gyrus[69]. The middle temporal gyrus
is an important region for memory processing, semantic processing, and cognitive functions[70]. It is
particularly vulnerable to early pathological changes in AD, such as amyloid plaque deposition and tau
tangles[71]. The edges of middle temporal gyrus, like the cortical periphery, can be more exposed to
various factors such as inflammation, glial activation, and synaptic dysfunction, which are key drivers of
neurodegeneration in AD[72]. As aresult, it is plausible that genes at the edges of the middle temporal gyrus
are involved in triggering AD progression, especially through their potential role in glial activation (e.g.,
neuroinflammation), synaptic dysfunction, and neurodegeneration. These regions are often early hotspots

for AD pathology, and the genes expressed there may contribute to the progression of AD.
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Fig 5: Predicting Alzheimer’s disease progression scores from transcriptomic (microglia) and spatial
transcriptomic MERFISH (astrocyte) data.
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a Prediction performance using COSIME early fusion, CL, DIABLO, and MOFA+ with regression. b Bar plots
showing the top 20 prioritized genes (absolute feature importance values) in each view. ¢ Spatial plots showing
expression level and importance values across cells for RYR3 and DGKG. d Across-view interaction network showing
relationships between the top 50 pairwise across-view (gene-gene) interactions. e Spatial distribution of all across-view
interaction values colored by the directionality and the distribution of 80,072 positive and 68,619 negative interaction
values, with statistical tests (two-tailed t-test and two-tailed F-test) applied to assess differences between two groups.
The violin plots including box plots display the distribution of interaction values in the two groups. Asterisk indicate

statistical significance: *** for p—value < 0.001.

Discussion

We introduce COSIME (Cooperative Multiview Integration and Scalable Interpretable Model Explainer)
and apply it to various multi-view data sets, including simulated data, transcriptomics-metabolomics,
transcriptomics-epigenomics, and transcriptomics-spatial transcriptomics. COSIME has two key compo-
nents: first, it integrates multi-view data for disease phenotype prediction by leveraging deep encoders and
LOT techniques. COSIME combines both unsupervised and supervised learning. Second, it computes
feature importance values for each view and pairwise feature interaction values for both within-view and
across-view.

COSIME addresses several challenges in the existing literature. First, COSIME can handle both linear
and nonlinear relationships as well as feature interactions within the data. The deep encoders transform the
data into meaningful embeddings without relying on linear assumptions. Once encoded, these embeddings
can be used with either linear or nonlinear methods for disease phenotype prediction. Second, COSIME
accommodates both matched and unmatched samples across two data views. Each view is processed through
a separate deep encoder. For matched samples, COSIME supports either early fusion or late fusion, while
for unmatched samples, it uses late fusion. LOT optimally aligns embeddings from the two views into a
joint latent space. Third, LOT is a novel technique that aligns the latent space distributions of two distinct
data views by treating the transport plan as a learnable parameter, which is dynamically optimized during
training. This allows LOT to adapt more flexibly to complex data structures, align latent spaces in a shared
representation space, and adjust its alignment strategy to the specific characteristics of the data, making it
particularly effective for downstream tasks such as prediction and classification. Fourth, COSIME efficiently
computes feature importance scores for individual features and their pairwise interactions through Monte

Carlo sampling and batch processing in any complex machine learing models. Lastly, COSIME can identify
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the directionality of feature interactions, distinguishing between synergism and antagonism. This enhances
model interpretability and can be applied to a wide range of machine learning models. COSIME outputs
feature importance and interaction matrices that are both straightforward and intuitive.

To the best of our knowledge, COSIME is the first machine learning method that incorporates the
LOT concept to integrate two heterogeneous multi-view datasets for predictive modeling. Given that the
relationships in omics data—such as transcriptomics, metabolomics, epigenomics, and spatial transcrip-
tomics—are often nonlinear, its capacity to manage such complexity is crucial. Existing methods such as
Cooperative Learning[3], DIABLO[4], and MOFA+[5] are not designed to capture nonlinear relationships.
We have demonstrated that COSIME models (both early fusion and late fusion) outperform these methods
(Cooperative learning, DAILBO, and MOFA+ with regression models) in predicting disease phenotypes.
Moreover, unlike other existing methods, COSIME is able to output both feature importance and interaction
values from any complex machine learning models. SHAP[6] has a function to output a feature interaction
matrix only available for tree-based models and LIME[7] does not account for feature interactions and is
more suitable for interpreting individual predictions in simpler models, such as linear regression. COSIME
is user-friendly, allowing users to either train a model using their data, compute feature importance and
interaction values with a pre-trained model and their data, or do both. Moreover, users can choose a fusion
method (early or late) based on their research objectives and data, and can also choose to compute feature
importance, feature interactions, or both.

We demonstrate that COSIME outperforms existing well-known multi-omics models in integrating
and predicting outcomes, while also providing valuable feature importance and interaction information.
However, there are several areas where COSIME can be further improved and updated. First, while
COSIME currently computes pairwise feature interaction values, there may be meaningful interactions
involving more than two features. Expanding the model to account for higher-order feature interactions
could enhance predictive power but would require more sophisticated algorithms and optimizations. Second,
determining the optimal number of hidden layers in the deep encoders, along with the size of the latent
space, is a complex task. Although the dimensionality of the joint latent space has been fine-tuned, exploring
the number of hidden layers will be addressed in future work to further optimize model performance. To
keep pace with rapidly advancing technologies in single-cell sequencing, omics data generation, and the
development of state-of-the-art methods, we will continue to update COSIME in future work. Lastly,
COSIME can be applied to additional brain-related diseases, such as neuropsychiatric disorders[73, 74],
which were not explored in this study, once large-scale multi-omics data become available in the future.

Moreover, COSIME can be integrated with other methods[75—77] when multi-view imputation for missing
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data is needed, expanding its versatility in handling diverse datasets.

Methods

COSIME overview

Cooperative Multiview Integration and Scalable and Interpretable Model Explainer (COSIME) is a machine
learning model that integrates multi-view data for disease phenotype prediction and computes feature
importance and interaction scores. By leveraging deep learning-based encoders, COSIME effectively
captures the complex, multi-layered interactions between different omic modalities while preserving the
unique characteristics of each data type. The integration of LOT techniques aligns and merges heterogeneous
datasets, improving the accuracy of modeling across-view relationships in the joint latent space. In addition,
COSIME leverages the Shapley-Taylor Interaction Index[9] to compute feature importance and interaction
values, allowing for a deeper understanding of how individual features and their interactions contribute to

the predictions (Fig. 1).

Simulated Data

‘We generated synthetic data by creating two distinct datasets, X; and X5, each with a specified number of
features, to simulate a scenario for multi-view analysis. The function generate_data was used to simulate
these datasets. Latent factors, which are unobserved variables that affect the data, were introduced with
specified standard deviations (std, std;, and std,) and were either correlated or uncorrelated depending on
the experimental design. The strength of the influence of these latent factors on the multi-view datasets
was controlled by the scaling factors scale; and scale;. Additionally, interaction effects between the latent
factors of X and X, were optionally included to introduce non-linear relationships, with the weight of these

interactions controlled by the interaction_weight parameter.

Latent Factors and Dataset Generation

We generate the latent factors for the datasets X; and X, based on the correlation setting. If the latent
factors are correlated, we use a shared latent factor matrix U while if the latent factors are uncorrelated, we

use separate latent factor matrices U; and Us.

Latent Factor Generation: The latent factors for both X; and X, are drawn from normal distributions:
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Where:

U] ~ N(O’ O-lz)nxflalem

U2 ~ N(O’ Uzz)nxflalenl

* n is the number of samples.

* flatent 1S the number of latent factors.

. 0'12, 0'22 are the variances of the latent factors affecting X; and X, respectively.

Correlated Latent Factors:

latent factor matrix U, and both datasets X; and X, are generated as:

Where:

ey

@

If the latent factors in the two data views are correlated, we use a shared

X1=U~ﬁ1+€1

X2=U~ﬁ2+€2

e U is the shared latent factor matrix.

* 1, B2 are the weights for

* €1, € represent the noise for X; and Xj, respectively, and follow:

Uncorrelated Latent Factors:

separate latent factor matrices U; and U, for X and X, and the datasets are generated as:

Where:

X and Xj, respectively.

€~ N(O,a’fl)

e ~ N(0, 0'522

3

“

&)

(6)

If the latent factors in the two data views are uncorrelated, we generate

X =U;-B1+¢

Xo=Us-pr+e
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e U; and U; are the uncorrelated latent factor matrices for X; and Xj.
* (1, B2 are the weights for X; and X, respectively.

* €1, € represent the noise for X; and Xj, respectively, and follow:
e~ N(0,07 ©)

€~ N(0,02) (10)

Interaction Effects

Correlated Latent Factors: When the latent factors in the two data views are correlated, the interaction
term is generated by considering pairwise combinations of the latent factors. Specifically, the interaction

term Zinteraction 1S calculated as:

faent+5  fiatent+5
Zinteraction = Z Z w-U- Uj (1)

i=flatent+1 j=fiatent+1

Where:

* U; and U; are the elements of the latent factor matrix U.
* The interaction term involves the product of latent factors U; and U for each pair.

* The sum is performed over the indices i and j, which range from fiaent + 1 t0 fiaent + 5, Where the

interaction is modeled between latent factors.

* w is the interaction weight, a constant that determines the strength of the interaction between latent

factors.

The interaction term Zipteraction, Which is given by equation 11, is then added to the feature matrices X;

and X> as follows:

X1,i = X1,i T Zinteraction (12)

X2,j = X2,j + Zinteraction (13)

Where equations 12 and 13 show how the interaction term Zipeeraction 1S added to the features x; and x;

in the correlated case.
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sio  Qutcome Variable
st The outcome variables y; and y; are generated based on the feature matrices X; and X», taking into account

si2  whether interaction terms are included or not.

si3  Correlated Latent Factors For the case where the latent factors are correlated (i.e., a shared latent factor

s4 matrix U is used for both X; and X,), the outcome generation is as follows:

515 * With Interaction: When interaction terms are included, the expected outcome iy is computed as
516 the linear combination of the latent factors U and the latent factor weights 3, along with the pairwise
517 interaction terms between the additional latent factors. The interaction term Ziperactions given by
518 equation 11 is used, which is defined as:
Mall = Uﬁ + Zinteraction (14)
519 * Without Interaction: When no interaction terms are included, the expected outcome is simply the
520 linear combination of the latent factors U weighted by £:
Han = U s)

sz Uncorrelated Latent Factors For the case where the latent factors are uncorrelated (i.e., separate latent

s22 factor matrices U; and U are used for X and X, respectively), the outcome generation is as follows:

523 * The expected outcome is the sum of the linear combinations of U; and U, with their respective

524 weights Sy, and Sy,:

Hat = Ui By, + UzBy, (16)

s2s Qutcome Variable Generation: The outcome variables y; and y, are generated using the expected
s26 outcomes (i, computed above, along with Gaussian noise for continuous outcomes or using a logistic

sz function for binary outcomes.

528 * Continuous Outcomes: For continuous outcomes, the outcome variables y; and y; are generated by

529 adding Gaussian noise to the expected values:
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Vi = g+ €, € ~N(0,07%) a7
V2= pai+ €, € ~N(0,07%) (18)

Where € and e, are Gaussian noise terms with mean 0 and variance o-2.

* Binary Outcomes: For binary outcomes, the predicted probabilities §; and §, are computed using

the logistic function:

1
9= ——— 19
e +exp(—{an) (19

1

9= — 20
2 1+ exp(—an) @0

The outcome variables are then generated based on Bernoulli trials with added Gaussian noise to the

predicted probabilities:

yi ~Bernoulli(p = §1 + &), €& ~ N(0,072) (2}
y2 ~ Bernoulli(p = §2 + &), & ~ N(0,02) 22)
2

Where €3 and ¢4 are Gaussian noise terms with mean 0 and variance o~.

Experimental Conditions

We generated a total of eight experimental conditions, divided between binary and continuous outcome
variables. Each condition included two distinct datasets to facilitate multi-view analysis. The conditions
were based on two factors: strength of signal in the data (high vs. low) and the fusion method (early vs.
late). For each dataset, we used different random seeds to introduce variability while keeping all other
parameters consistent, particularly the latent factor structure U. In all datasets, 10 interaction terms were
introduced within each view to capture the dependencies between selected features. These interactions
model the relationships between certain features within the same view.

The experimental conditions were as follows:

* Signal Strength and Fusion Type

27

63



549

550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

572

573

574

— High Signal (Early Fusion): Data were generated with a strong latent factor influence, including

interaction effects between features. The latent factor structure U and interaction terms remained

consistent across both datasets.

High Signal (Late Fusion): The same strong latent factor influence was used as in the early
fusion condition. However, the datasets were generated with different samples, while maintaining

consistency in latent factor structure U and interaction effects.

Low Signal (Early Fusion): Data were generated with a weaker latent factor influence. Inter-
action effects were included, and the latent factor structure U and interaction terms remained

consistent across both datasets.

Low Signal (Late Fusion): Data were generated with weak latent factor influence. The two
datasets were generated with different samples, while maintaining consistency in latent factor

structure U and interaction effects.

* Outcome Type

— Binary Outcomes: Interaction effects were included, and the latent factor structure U and

interaction terms remained consistent across datasets, based on the signal strength and fusion

type.

— Continuous Outcomes: Similar to binary outcomes, but the outcome variables were generated

using Gaussian noise as detailed in the main text.

Parameters used to generate the datasets:

The following are the parameters used to generate the datasets, based on the notations introduced in the

previous sections.

Sample size: n = 1000
Number of features: fx, = fx, = 100
Number of latent factors: fiaent = 25 (Including five for interacting features)

Scaling factors: scale; = scale; = 5 for binary high signal and continuous high signal; scale; =

scale, = 10 for binary low signal and continuous low signal
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 Latent factor standard deviations: std = 1 (shared standard deviation for latent factors affecting both
views if correlated), std; = 1 (standard deviation for latent factors influencing X if uncorrelated),

stdy = 1 (standard deviation for latent factors influencing X if uncorrelated)

Factor strength: latent strength = 2 for high signal, latent strength = 1 for low signal

Noise standard deviation: o = 5 for strong signal conditions, o = 10 for weak signal conditions

(binary outcomes), o = 15 for weak signal conditions (continuous outcomes)

Correlation between two datasets: TRUE if X, and X are correlated, FALSE if they are uncorrelated

» Data type: Binary or continuous outcomes for y; and y,

Interaction effects: TRUE if interactions between features of X; and X are included, with interaction

weight w = 10

— Interaction effects between the 21st and 25th features within each view (X; and Xj;) were

artificially introduced.
Where:

— X and X represent the feature matrices for the two datasets.

— U is the shared latent factor matrix when the latent factors are correlated, and U; and U, are the

separate latent factor matrices for the uncorrelated case.
— B, Bu,, and By, are the latent factor weights used to generate the expected outcome variables.

— latent_strength indicates the strength of the latent factors’ influence on the outcome variables, with

higher values corresponding to stronger signal conditions.
— o denotes the standard deviation of the noise added to the outcome variables.

— wis the interaction weight, a constant that controls the influence of interaction terms between features

from X; and Xj, particularly for the 21st to 25th features in each view.

Real Data

Transcriptomics-Metabolomics (ROSMAP)

The Religious Orders Study and Rush Memory and Aging Project (ROSMAP) are ongoing longitudinal

clinical-pathologic cohort studies of aging and AD [78]. The ROSMAP data include a wealth of clinical,
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cognitive, neuroimaging, genetic, and neuropathological information from older adults, providing invaluable

insights into the early stages of AD, cognitive decline, and related neurodegenerative processes.

Transcriptomics Single-cell RNA-seq (scRNA-seq) for astrocytes was downloaded from a published
study [79]. From 149,558 cells and 17,817 genes, we projected 4,292 metacells and 16,718 genes for
AD pathologic diagnosis using Metacell-2 [80]. Then, we performed differential expression testing for
Alzheimer’s disease (AD) pathological diagnosis using Seurat and selected the top 280 differentially ex-
pressed genes (p-value adjusted < 0.1 and logy(fold change) > 0.2). Additionally, 25 genes that are
either AD-risk or astrocyte-specific (APOE[59, 60], CLU[81], SORLI[82], TREM2[82], ABCA7[82],
PICALM([82], BINI1[63], PLD3[82], CD33[83], CD2AP[82], EPHA1[82], INPP5D|82], FERMT2[82],
CRI1[82], PTK2B[82], SLC24A4[82], CASS4[82], ACE[83], SORCSI[82], GAB2[84], CDK5RI[85],
PRNP[86], ILIRAP[87], CNP[68], TOMM40[88]) were also selected.

Metabolomics ROSMAP metabolomic data processed by Metabolon HD4 was downloaded from AD
knowledge Portal - backend (syn10235592). The dataset comprises a total of 1,055 biochemicals, 971
compounds of known identity (named biochemicals) and 84 compounds of unknown structural identity
(unnamed biochemicals) for 514 brain samples. We selected 305 biochemicals that do not have any

missingness in their samples.

Multi-view Data For early fusion, we merged transcriptomic and metabolomic data and achieved 2,286
metacells (samples) and 305 genes and 305 metabolites in each view. Metabolites were matched to the
donors for metacells in transcriptomic data. For late fusion, we used full samples for each view whose AD
pathologic diagnosis is known. 4,292 metacells and 2,286 samples for transcriptomics and metabolomics,

respectively were used.

Transcriptomics-Epigenomics (SEA-AD)

The Seattle Alzheimer’s Disease Brain Cell Atlas (SEA-AD) consortium studies deep molecular and cellular
understanding of the early pathogenesis of AD [89]. By integrating neuropathological data, single-cell and
spatial genomics, and longitudinal clinical metadata, SEA-AD serves as a unique resource for exploring the

mechanisms underlying Alzheimer’s disease and related dementias.

Transcriptomics scRNA-seq data for oligodendrocytes from middle temporal gyrus (111,194 cells) was

downloaded from the Registry of Open Data on AWS as AnnData objects (h5ad format). 3,927 metacells
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and 17,368 genes were projected for cognitive status (dementia). We selected expressions for the 206

transcription factors that are known to co-bind or interact each other in oligodendrocytes[29].

Epigenomics Single-cell ATAC-seq (scATAC-seq) data for all nuclei from middle temporal gyrus was
downloaded from the Registry of Open Data on AWS as AnnData objects (h5ad format). There were 35,925
cells and 218,882 peaks for oligodendrocytes. Among those peaks, we chose 702 peaks that are overlapped

with the known oligodendrocyte-specific peaks[29].

Multi-view Data We merged the scRNA-seq and scATAC-seq datasets by cell. The 35,925 cells from the
scATAC-seq data were then grouped according to the metacells they belonged to in the scRNA-seq data,

and the average counts for each metacell were computed.

scRNA-seq-Single-cell Spatial Transcriptomic (MERFISH) (SEA-AD)

scRNA-seq scRNA-seq data for microglia was downloaded from CellxGene [90] for a published study
[89]. From 40,000 cells and 18,279 genes, we projected 1,009 metacells and 17,348 genes for AD
progression score using Metacell-2. Then, we implemented differential expression testing for AD pro-
gression score using the Differential Gene Expression analysis based on the negative binomial distribution
(DESeq2) [91] and selected 400 differentially expressed genes (p-value adjusted < 0.05 and log,(fold
change) > 0.75). Additionally, 28 genes that are either AD-risk or microglia-specific were identi-
fied. (CSFIR[92], TREM2[82], SORLI[82], CD68[92], TNF[93], CLEC7A[92], IL6[108], APOE[59, 60],
CIQA[92], C10QB[92], C1QCI[92], SPP1[92], MAPKS8[94], PTGS2[95], VEGFA[96], FOS[92], CLU[81],
CRI1[82], PICALM[82], CD33[83], SORCSI[82], GAB2[84], CASS4[82], CDK5RI[92], PRNPLI[86],
ILIRAP[92], CNP[68], TOMM40[88]) were also selected.

Spatial transcriptomic (MERFISH) Astrocyte single-cell MERFISH data for the whole taxonomy col-
lected from the middle temporal gyrus was obtained through the Open Data Registry on AWS as AnnData
objects (hSad format) for a published study [89]. From 1,321,191 cells and 135 genes, 8,693 metacells
and 134 genes were projected for AD progression score using Metacell-2. We 1,016 metacells were for

astrocytes.

Multi-view Data Among the 1,016 metacells in the MERFISH data, we randomly selected 1,009 meta-

cells. The AD progression score was highly correlated between the scRNA-seq and MERFISH datasets (r
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=0.986). For each dataset, we computed the mean AD progression score, which was highly correlated with

the corresponding scores in both datasets (r = 0.997 for scRNA-seq and r = 0.996 for MERFISH).

Model Design

Let X; € R™P% and X, € R™PX represent two data views, and y,y, € R" be real-valued labels that
represent the same disease phenotype corresponding to X; and Xj, respectively. COSIME inputs each
data view into a deep neural network encoder (deep encoder), performs dimensionality reduction to learn
K-dimensional features, and creates embeddings in an unsupervised fashion. Then, the Learnable Optimal
Transport (LOT) aligns the distributions of two latent spaces in a joint latent space. We use the joint latent

vector to classify or predict disease phenotypes.

Deep Neural Network Encoders (Deep encoders)

COSIME is designed to process dual-view data using separate probabilistic deep encoders for each view.
Each view x; € X and x € X3 is passed through its own deep encoder to learn a latent representation.
These encoders approximate the posterior distributions p(zj|x;) and p(z2|x2), where z; and z; are the latent
variables corresponding to views 1 and 2, respectively. COSIME utilizes backpropagation of Learnable
Optimal Transport (LOT) to these deep neural networks, enabling the learning of latent features from
multiple views, which is then used for predicting disease phenotypes.

The deep encoders output the mean (y;) and log-standard deviation (log (o)) for the posterior distribution
of each view. The encoder for each view consists of multiple fully connected layers with LeakyReLU
activations. Batch Normalization is applied to stabilize learning and accelerate convergence, while Dropout
is used as a regularization technique to mitigate overfitting. The final output of each deep encoder is a latent
vector z; that represents the compressed information from the corresponding input data of a view.

To regularize the learned posterior distributions and prevent overfitting, the model incorporates the
Kullback-Leibler divergence (KLD) loss during the training of the deep encoders. This loss encourages the
posterior distributions of each view to remain close to a standard Gaussian prior distribution p(z;) = N (0, ),
which helps improve the ability of the model to generalize and prevents overfitting. The KLD loss for each

view is computed as:

Lxip, = Dxip, (W1 (z1lx1) || p(z1)) (23)
Lxip, = Dxip, W2(221x2) || p(22)) (24)
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where ¢ and ¢, are the encoder functions for views A and B, respectively, Dxip, and Dgip, are the
KLD measures for the latent representations of views A and B, respectively, and p(z;) and p(z;) are the
prior distributions for the latent variables z; and z, corresponding to views A and B. The KLD loss for each

view i is defined as:

1
Dxrp, (Wi(zilx) || p(z:)) = 3 (0','2 +u? - loga? - 1) (25)

where y; and o; are the mean and standard deviation of the posterior distribution for view i.

Learnable Optimal Transport (LOT)

COSIME utilizes Learnable Optimal Transport (LOT), a novel method designed to align the latent space
distributions of two distinct data views. There are several key advantages of LOT.

First, unlike traditional optimal transport methods, Learnable Optimal Transport (LOT) treats the
transport plan as a learnable parameter, optimized dynamically during training rather than relying on a
fixed or pre-defined plan. This allows LOT to adapt more flexibly to complex data structures and align
latent spaces in a joint latent space. By learning the transport plan iteratively, LOT can adjust its alignment
strategy to the specific characteristics of the data, making it particularly effective for downstream tasks such
as prediction and classification.

Second, LOT can scale effectively with large datasets. By incorporating mini-batch Sinkhorn[97] up-
dates, LOT accelerates the optimization process, reduces memory usage, and ensures efficient computation.
This makes LOT particularly well-suited for high-dimensional data from multiple sources, enabling it to
handle large-scale tasks without sacrificing performance.

Third, LOT integrates domain-specific regularization through the coupling matrix, which allows the
model to incorporate prior knowledge about the relationship between the views. This is particularly beneficial
when working with heterogeneous data in the multi-view analysis, where domain-specific relationships can
enhance the quality of the learned latent space. We apply entropy regularization to stabilize the optimization
process, ensuring smooth convergence and better-converging embeddings, which are crucial for downstream

tasks.

Learnable Optimal Transport (LOT) Process LOT treats the transport plan as a learnable parameter,
which is iteratively updated through backpropagation. This enables LOT to adaptively align the latent

spaces of different views in a shared representation space.
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Both the source and target distributions in LOT are modeled as Gaussian distributions, each param-
eterized by their means (u) and standard deviations (o-). The transport plan is learned by minimizing
the pairwise transport cost between these distributions. The cost reflects the distance between their latent
vectors, and the transport plan is updated during training to reduce this cost, aligning the distributions in a
shared latent space.

The process involves the following steps:

1. Step 1: Mini-Batching Processing

Before performing the computation, the source and target distributions are split into mini-batches to
ensure efficient processing, especially for large datasets. Let the total number of source samples be
N and the total number of target samples be Ni. In the mini-batching procedure, we split the
source distribution {pgc, o} and the target distribution {fug, 0gt} into smaller batches of size By

and By, respectively. Denote the i-th mini-batch of the source and target distributions as:

Bérc - {/Jlsrc’ O—;rc} ’ '(Btlgt = {/J{gt’ O—tlgt} (26)
for i = 1,2,...,Ngc/Bgc and j = 1,2,..., Nig /By, respectively. This mini-batch processing
reduces memory consumption and allows the transport plan to be optimized iteratively.

Each mini-batch is processed separately, and the transport plan is updated incrementally based on
these smaller subsets of the source and target distributions.
2. Step 2: Pairwise Distance Computation

The pairwise distances between the means y'.. and ,u{gt and the standard deviations o, and O'tjgt of

the mini-batches are computed using the Euclidean distance:

diStﬂ(L .]) = ”Mérc - /J{gt”% diStU—(l’, ]) = ”a-sirc - a—t]gt”Z (27)

where i and j refer to the samples from the source and target mini-batches, respectively.

These pairwise distances are used to construct the cost matrix for each mini-batch, which will then

be used in the subsequent steps.

3. Step 3: Cost Matrix Construction
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After computing the pairwise distances, the total cost matrix for each mini-batch is constructed as

follows:

cost!,. (i, j) = dist, (i, j) +dist, (i, j) + € (28)

where € is a small constant for numerical stability.

. Step 4: Sinkhorn Algorithm (Learnable Transport Plan)

The transport matrix P’ for each mini-batch is computed iteratively using the Sinkhorn algorithm.
The transport plan is initialized as a learnable parameter, P/, where each element of P/ represents the
transport probability between a sample from the source and a sample from the target. The transport

plan is updated during each iteration to minimize the total transportation cost.

The update rule for the transport plan P!(i, j) for each mini-batch is:

exp (_ COSt:otula’j) )

P(i. /) - (29)
LJj)= i i

Zérc ' Z:gt
where Zi and ngt are the normalizing factors for the source and target distributions, respectively:

. cost! (i, ) 4 cost! (i, ])
Zie= ) exp (——’r’eé L = e | (30)
J i

Here, the learnable transport plan allows gradients to flow through the transport matrix, enabling the

optimization process using backpropagation.

Handling Different Sample Sizes The Sinkhorn algorithm can effectively handle source and target
distributions with differing sample sizes, making it particularly useful for COSIME late fusion. To
ensure that transport plans remain valid, we apply normalization to the weights of the source and

target distributions during each mini-batch update as follows:

NG,

) B())
NG

2;B())

A(i) B()) = (3D

This adjustment ensures that the transport plan remains meaningful even when the source and target

distributions contain different numbers of samples.
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The Sinkhorn algorithm iteratively refines the transport plan P’ until convergence or until a predefined

number of iterations.

5. Step 5: Dual Variables and Marginal Constraints

Dual variables u’ and v’ are introduced to enforce the marginal constraints of the transport problem.
These variables ensure that the transport plan satisfies the required marginal distributions for the

source and target distributions. The dual variables are updated iteratively for each mini-batch:

i [ cost! (i,
wi(iy = 2D o[ D) )
érc reg
‘ i costt (i, ]
Vi) = B enp (- 22tura 0 T) (33)
tgt reg

where the dual variables ensure that the transport plan matches the marginal distributions of the source

and target distributions.

6. Step 6: Optimizing the Transport Plan

During each mini-batch, the transport plan is optimized by performing backpropagation to minimize
the total loss. This involves computing the gradients of the transport plan with respect to the loss

function and updating the transport plan parameters via gradient descent.

7. Step 7: Final LOT Loss Calculation

After optimizing the transport plan, the final LOT loss is computed as the sum of the product of the

cost matrix and the transport plan:

Lior = ), costiorar (i, ) - P(i, /) (34)

)
This loss function quantifies the minimum cost required to transform the source distribution into the

target distribution, thus aligning the two views in a joint latent space.

Phenotype Prediction/Classification

COSIME employs the aligned latent representations from each view, obtained via separate probabilistic deep
encoders. After the deep encoders generate the latent vectors for each view, LOT aligns these embeddings

into a joint latent space. The model then uses these aligned embeddings for phenotype prediction.
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Two fusion strategies are employed to combine the embeddings from the two views: early fusion and
late fusion. Both fusion strategies are applied for binary outcome classification and continuous outcome

prediction tasks.

Early Fusion The fused representation is obtained by taking the mean of the representations z; € R¢ and

22 € RY from each view:

21+2
Zfusion = — 5 2 (35)

Late Fusion The latent representations z; € R? and z, € R? from each view are vertically concatenated

to form the fused representation zfygjon:

21
Zfusion = (36)
22

where zusion € R% is the fused vector obtained by stacking z; and z; vertically.

Binary Outcome Prediction The fused representation zfysion i then passed through a linear layer followed

by a sigmoid activation function to compute the predicted probability p:
p= O—(Wbinary * Zfusion + D) 37
where o (-) is the sigmoid function, and Whinary and b are the learned weights and bias parameters of

the prediction layer.

Loss function
The BCEWithLogitsLoss is computed for the early fusion setup, which combines the sigmoid activation

and binary cross-entropy in a single, more numerically stable operation. This loss function is defined as:

earl 1 z A A
Lyt ==~ > ilog((p) + (1 = yi) log(1 = 7 (5)] (38)
i=1

where p; is the predicted probability of the i-th sample belonging to the positive class (i.e., the probability

output by the model), and y; is the true binary label for the i-th sample, where y; € {0, 1}.
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Continuous Phenotype Prediction For continuous phenotype prediction, the fused representation zgysion

is passed through a linear transformation:

y= Wreg * Zfusion + b

where W, and b are the learned weights and bias of the regression layer.

(39)

Loss for Regression The Mean Squared Error (MSE) loss for continuous outcome prediction using a

linear model is computed as:

N
I 1 R
L;}T;é =N Z (i = 91)?
i=1

(40)

where J; is the predicted continuous value for the i-th sample, representing the model’s prediction,

and y; is the true continuous value for the i-th sample, which is the actual target value the model aims to

predict. The loss measures the squared difference between the predicted and true values for each sample

and averages this over all N samples.

Loss for Neural Network A neural network (NN) model can be used for continuous outcome prediction,

the output J; is predicted by the neural network, and the loss function remains MSE:

where &?IN

MSE N
i

1 2
LNN, early _ (yt _ yf\IN)

M=

(41

is the continuous value predicted by the neural network for the i-th sample, which is the

output of the neural network model for that particular input, and y; is the true continuous value for the

i-th sample, which is the actual target value that the model is attempting to predict. The loss measures the

squared difference between the predicted value and the true value for each sample, and the average squared

error is computed over all N samples.

Prediction Loss:

The prediction loss term Lyreq is defined based on the task at hand:
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i\ . . . .
ngg , for binary outcome classification (early fusion)
i\ . .. . .
L;‘;}YS, for continuous outcome prediction (early fusion, regression)
NN, early . .. .
LMSE , for continuous outcome prediction (early fusion, NN)
-Epred =
L};‘tCeE, for binary outcome classification (late fusion)
L%\k/l[tseE’ for continuous outcome prediction (late fusion, regression)
LNN, late fi . dicti 1 fusi NN
Msg > for continuous outcome prediction (late fusion, NN)
Total Weighted Loss

During the training phase, the contributions of each loss term can vary in magnitude, depending on the

relative scale of the individual losses. To balance the influence of each term on the total loss, we normalize

the loss terms dynamically. This dynamic normalization ensures that no individual loss term has an outsized

influence on the total loss, allowing for a more balanced optimization process.

We first compute the inverse of each loss term:

1
Inv =
Lang Lxip,(0) +1e78
I 1
nv =
Ly Lxipy(0) + 1e78
I 1
nv =
Lom T L or(0) + e
1
InV_[:prcd =

-Epred(e) +1e78

Next, we compute the total inverse magnitude:

Total Inverse = Inv L, TV Ly, +IVy o +Invg,

Now, we normalize the inverse magnitudes to get their relative adjusted weights:

InV.CKLD
Norm =3
LKbA = Total Inverse
Inv
Normgy,, = __Luby
% Total _Inverse
Inv
Norm =——Hr
Lot = Total Inverse
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Invge,.,
Normg,,, = Total Inverse (50)
Finally, the total weighted 10sS Loal weighted (f) is computed as:
Lrowlweighted (0) = KLD a g, - Normgy,, - Lxip, (6)+
KLDg, iy, - Normyy,, - Lxip, (0)+
OTyeight - Normy, o - Lrot(6)+
CLyeight - Normyg,,, « Lprea(6) (&28)

where AkLp,, AKLDg> ALOT»> and Apreq are the weights that control the importance of each normalized
loss term, specifically Norm gy, -, Norm g, ., Normy, o, and Normyg, ., respectively. These normalized
loss terms are the contributions of each individual loss term Lxip, (6), LxLpg(0), LroT(6), and Lyea(0)

to the total loss, which are normalized to ensure that no single loss dominates the optimization process.
To optimize the model parameters, we minimize the total weighted loss:

6" = argmin Lol weighted (0) (52)
0

This method prevents overemphasis on any one loss component, allowing the model to effectively
balance view alignments and prediction accuracy. It enables flexible adjustment of task importance, which
is crucial when working with multi-view data, where different objectives (e.g., alignment, prediction) may

compete for optimization.

Model training process

The input data for each view was split into 75% for training and 25% for testing (holdout). 5-fold cross-
validation was applied to the training set. The best-performing model was selected based on the minimum
classification (or prediction) loss during the training phase and was then evaluated on the testing set. The
Algorithm 1: COSIME Model Training is detailed in the Supplementary Information.

The prediction performance of the models was evaluated using holdout data with metrics such as Area
Under the Receiver Operating Characteristic Curve (AUROC), Area Under the Precision-Recall Curve

(AUPRC), and accuracy for binary outcome classification, and Mean Squared Error (MSE) for continuous
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outcome prediction. The performance metrics were compared across different methods using the mean and
+1.96 times the standard deviation. For the best-trained models across the different multi-view datasets, we

computed feature importance for each data view and interaction values both within and across views.

Hyperparameter tuning

We tuned several hyperparameters such as the learning rate, learning rate decay (gamma), loss weights,
dropout rate, joint latent space dimensionality, early stopping patience, minimum change for early stopping,
and weight decay in the optimizer. Hyperparameter optimization was performed using Ray Tune [98]
with Distributed Asynchronous Hyperparameter Optimization (Hyperopt) [99]. The Adam optimizer was
employed to minimize the total loss, with a maximum of 300 epochs. Early stopping was used to prevent

overfitting, based on performance improvements on the validation set in the training phase.

Optimization and Loss Minimization

During the training phase, the model updates the hyper-parameters by minimizing the total loss. The
optimization process involves computing gradients with respect to the total loss function and updating the
parameters using gradient descent or its variants.

By minimizing the total loss, COSIME simultaneously learns to:

* Regularize the posterior distributions of the latent representations for each view through the KLD

losses,
* Align the embeddings from both views into a shared latent space using LOT,

* Predict or classify the disease phenotype by minimizing classification (or prediction) loss.

Evaluating the Performance of the Model Predictions
To evaluate the performance of the best model selected in the training phase for both binary outcome

classification and continuous outcome prediction, several standard metrics are employed:

Binary Outcome Classification

1. Area Under the Receiver Operating Characteristic Curve (AUROC): AUROC measures the
ability of the model to discriminate between the positive and negative classes. It is calculated by

assessing the True Positive Rate (TPR) against the False Positive Rate (FPR) at various threshold
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settings. The AUROC value ranges from O to 1, where 1 indicates perfect classification, and 0.5 is

the expected performance of a random classifier. The formula for AUROC is:

1
AUROC = / TPR( f) dFPR(f) (53)
0

where TPR(f) and FPR(f) are the True Positive Rate and False Positive Rate at each decision

threshold f.

. Area Under the Precision-Recall Curve (AUPRC): AUPRC is another useful metric for evaluating

binary classification performance, particularly when dealing with imbalanced datasets. It measures
the area under the curve created by plotting precision against recall at various threshold settings. The

formula for AUPRC is:

1
AUPRC = / Precision(r) dRecall(r) 54)
0

where Precision(r) and Recall(r) are the precision and recall at each decision threshold r.

. Accuracy: Accuracy is the proportion of correctly classified instances (both true positives and true

negatives) out of the total number of instances. It is calculated as:

N TP + TN
ccuracy =
Y T TP+ TN+ FP+ EN

(55)

where TP is True Positives, TN is True Negatives, FP is False Positives, and FN is False Negatives.

Continuous Outcome Prediction

Mean Squared Error (MSE): MSE measures the average squared difference between the true values
and the predicted values. It is a common loss function for regression tasks and is used to quantify the error

in continuous prediction tasks. The formula for MSE is:

1 n
MSE =~ 21 (vi = 9:)? (56)

where y; is the true continuous label for the i-th sample, §; is the predicted value for the i-th sample,

and n is the total number of samples.
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These evaluation metrics assess the effectiveness of the COSIME model in both binary and continuous
phenotype prediction tasks. Higher AUROC and AUPRC values, along with higher accuracy and lower

MSE, indicate better model performance.

Feature Importance and Interaction

COSIME introduces an advanced approach for computing both feature importance and feature interactions,
building upon the Shapley-Taylor framework[9]. By using Monte Carlo sampling and a batching process,
COSIME efficiently approximates Shapley values and Shapley-Taylor indices, making it highly scalable
and interpretable for large, high-dimensional datasets while maintaining memory efficiency. This approach
ensures COSIME is well-suited for complex real-world applications.

COSIME employs Monte Carlo sampling to efficiently approximate both Shapley values and feature
interactions. This approach significantly enhances its scalability, interpretability, and flexibility, especially
when handling large datasets and high-dimensional feature spaces. Instead of relying on exact calculations,
which become computationally expensive as the number of features or data points increases, Monte Carlo
sampling allows COSIME to estimate Shapley values and Shapley-Taylor indices efficiently. This method
also offers precise and interpretable calculations of pairwise feature interactions by directly simulating fea-
ture combinations. By estimating these interactions in this way, COSIME avoids complex approximations or
indirect assumptions, providing clearer insights into how combinations of features jointly affect predictions.
Furthermore, COSIME is better equipped to handle complex feature interactions and nonlinear relationships
more effectively.

Additionally, COSIME is memory-efficient due to its batching process, which breaks the data into
smaller subsets to minimize memory usage. This enables COSIME to handle large datasets on systems
with limited memory, making it suitable for real-world applications with resource constraints. The batching
process ensures that COSIME can scale efficiently while maintaining performance across high-dimensional
feature spaces.

COSIME also provides the ability to calculate signed feature interactions, which indicate whether pairs
of features interact synergistically (positive interaction) or antagonistically (negative interaction). This is
achieved by directly simulating feature combinations during the Monte Carlo sampling process, allowing
COSIME to estimate both the magnitude and direction of interactions. The sign of an interaction is

determined by comparing the joint effect of the features to their individual effects, revealing whether their
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combined influence on the prediction. This enhancement adds a significant layer of interpretability, enabling
users to understand not only the strength but also the directionality of feature interactions.

Finally, COSIME allows users to customize the Monte Carlo sample size and maximum memory
usage, providing flexibility in the computational process. When the memory usage is specified, COSIME
automatically determines the optimal batch size, making the method both user-friendly and adaptable
to different system configurations. The details of Algorithm 2: COSIME Feature Importance and

Interaction Computation are provided in the Supplementary Information.

Shapley Value (Feature Importance Computation)

The Shapley value ¢; for a given feature i is computed by considering the marginal contribution of feature i
across all possible combinations of other features. This is approximated using Monte Carlo sampling over

multiple iterations. The Shapley value for each feature i and each sample s is computed as:

M
1 -1
400 = 37 2 (£ = pxi?h) 57)
where:
* f(x,) represents the prediction using all features,
e f (xip )) represents the prediction when feature p is masked,

o f (x§” _1)) represents the prediction when all features except for feature p are masked.

The Shapley values for all features are stored in a matrix S € RV*F, where N is the number of samples

and F is the number of features.

Sij = ¢;(si) (58)
where i indexes the i-th sample (i € {1,2,...,N}) and j indexes the j-th feature (j € {1,2,...,F}),
and ¢; (s;) represents the Shapley value for feature j with respect to sample i.
Feature Interaction Effects

The interaction effect between two features p and g quantifies the joint contribution of features p and ¢

compared to when they are individually absent. The interaction effect Z,,, is computed as:

Ty () = f(xg) = F(xP) = £ (=9 4+ £ (xP?) (59)
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where:
* f(xy): the prediction of the model using all features,
o f (xﬁp )) and f (x'(yq)): the predictions of the model with features p and ¢ individually masked,
o f (Xﬁ.p 2 ): the prediction of the model when both features p and ¢ are masked.
For pairwise interactions, the interaction effect is averaged over M Monte Carlo iterations:
| o

Zi() = 22 2 [ 100 = £ ) = 1) + )| (60)

m=1
The interaction effects for all pairs of features are stored in the interaction matrix 7 € RF*Fwhere each

entry Z;; represents the interaction between features i and j.

Ly =1y (61)

Monte Carlo Approach and Interaction Algorithm

Given the model f, input data X € RNXF (where N is the number of samples and F is the number of

features), and target labels y € RV, we compute the Shapley values and interaction effects as follows:

* Shapley Values: For each feature i/, compute the marginal contribution to each sample over M Monte

Carlo iterations. Store the results in the matrix S.

* Interaction Effects: For each pair of features (i, j), compute the interaction effect using the formula

above, averaging over M Monte Carlo iterations. Store the results in the interaction matrix 7.

The algorithm processes the data in batches to manage memory efficiently. If the batch size is not
provided, it is dynamically computed based on the available memory. The number of batches B is given by:
N
B=|——— 62
{bateh size} ©2)
The batch processing ensures that we do not exceed the maximum memory usage during computation.
Considering the available resources and estimated computing time, we used 100 Monte Carlo iterations for

the simulated multi-view data and 10 iterations for the real multi-view data. For each multi-view dataset,

the test (holdout) data was used.
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Memory Management
To ensure that the memory usage remains within a specified limit, we compute the memory required for

each batch as:

batch size X element size of X X F
1 x10°

Batch memory (GB) = (63)

If the calculated batch memory exceeds the available memory, the batch size is adjusted accordingly.

The dynamic batch size calculation ensures that the computation does not exceed the memory limit.

Output

The Shapley values are stored in a matrix S with dimensions N X F, and the interaction effects are stored
in a matrix J with dimensions F' X F. These matrices represent the individual contributions of each feature
and their pairwise interactions in the prediction process.

In summary, our new approach provides a comprehensive methodology for assessing both individual
feature importance (Shapley values) and pairwise feature interactions in machine learning models. By
leveraging these tools, we enable a deeper understanding of how features individually and collectively
influence model predictions. The computational framework we present, along with the accompanying code,
facilitates the application of this methodology to various prediction tasks, enhancing model interpretability

and providing valuable insights into feature relationships.

Downstream analyses

Gene Enrichment Analysis

The function enrichGO from the clusterProfiler [100] R package, a universal enrichment tool for
interpreting omics data, was used to perform enrichment analyses for the 20 prioritized genes by absolute
feature importance (FI) values in each view of real multi-view datasets. The top 10 categories were displayed

by log,o(FDR) (Fig. 3b and Supplementary Figure 1).

Metabolite Enrichment Analysis

MetaboAnalyst 6.0 [101] was used to implement a metabolite set enrichment analysis for 20 prioritized
metabolites by absolute feature FI values in the metabolomic data for classifying cognitive diagnosis for

Alzheimer’s disease (Fig. 3c).
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Interaction Network

For the top 50 across-view interaction values, the edges and nodes for the interacting genes (and genes and

metabolites) were formatted in R, and the network was generated using Cytoscape 3.10.3[102] (Fig. 3e

and Fig. 5d).

Spatial mapping and statistical tests

Spatial expression plots for RYR3 and DGKG were generated in Python, employing matplotlib and

seaborn (Fig. 5c¢). To assess whether there are significant spatial differences between cells with high FI

values and low feature importance values for each gene, the following steps were taken:

Compute the midpoint of the bounding box: It is calculated by finding the midpoint of the bounding
box defined by the x and y coordinates. Specifically, the center is determined by averaging the

maximum and minimum values of both the x and y coordinates:

max(x) + min(x) max(y) + min(y)
center, = ———————=,  centery = —

2 (64)

This central point serves as the reference from which the distances of each point are measured.

Compute the Euclidean distance from each point to the midpoint of the bounding box: Once the
midpoint of the bounding box is defined, the Euclidean distance from each point (x;, y;) to the

computed midpoint of the bounding box (center,, center,) is calculated using the formula:

distance; = \/ (x; — centery)? + (y; — center,)? (65)

This step computes a scalar value for each point that quantifies how far each point is from the center.

Perform a two-sample two-tailed t-test: The dataset is divided into two groups based on the feature

importance:

— Group 1: Points with FI values greater than or equal to the 75th percentile (i.e., the top 25%).

— Group 2: Points with FI values below the 75th percentile.

We performed a two-sample two-tailed t-test to evaluate whether the distances from the midpoint of

the bounding box differed between the top 25% of cells with the highest feature importance values
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and the remaining 75% of cells. The null hypothesis (Hy) for the two-tailed t-test is:

Hy: MGrouply = HGroup2g

where {Grouply, and UGroupa,, Tepresent the means of the distances for the high and low FI groups,

respectively. The alternative hypothesis is:

H;: HGrouplg, # MGroup2g,

The test statistic ¢ and the associated p—value are calculated to determine whether the difference in means

is statistically significant.

Similarly, the spatial distribution of across-view interaction values was visualized using the same tools

(Fig. 5e). The following steps were taken to generate the spatial distribution of across-view interaction values

and assess whether there are significant spatial differences between cells with positive feature interaction

values and negative feature interaction values, the subsequent steps were carried out:

Distance calculation: The distance of each cell from the center of the tissue sample was calculated
using its spatial coordinates (X, Y). This distance quantifies how far each cell is from the central point

of the tissue section. The Euclidean distance from the center is computed as:

Distance to center = V(X — Xcenter)2 + (¥ — Yeenter)? (66)

where Xcenter and Yeenter are the coordinates of the center of the tissue.

Cell-level interaction score: For each cell, the interaction score was computed using the MERFISH

(i)

gene expression levels and pairwise across-view interaction values. Let EMERFISH

denote the gene
expression vector for cell i, which is of length Gymerpisy. The interaction matrix M has dimen-
sions GMERFISH X G scRNA-seq» Where each element M, o, represents the pairwise interaction between

MERFISH gene g; and scRNA-seq gene g». The cell-level interaction score S for each cell i was

calculated as the dot product of the gene expression vector for that cell and the interaction matrix:

i) _ (@)
sW = EMERFISH ‘M (67)
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In expanded form, the score for cell i with respect to scRNA-seq gene j is:

GMERFISH

sO= D

merrisa 811 Mg, j (68)

g1=1
This score quantifies the interaction between the MERFISH gene expression profile of cell i and
the scRNA-seq gene expression profile, enabling grouping of cells based on their interaction scores.
Cells were then grouped based on the sign of their interaction scores: those with positive scores
were assigned to the Positive group, while those with negative scores were assigned to the Negative
group. This grouping allowed for further comparison of spatial distributions and other characteristics

between the two groups.

Perform a two-sample two-tailed t-test: To determine whether there were significant differences in
the distances of cells from the center between the two groups, an independent two-sample 7-test was

performed. The hypotheses tested were:

— Null hypothesis (Hp): The mean distance from the center of the Positive and Negative groups
are equal, i.e.,

Hy : ppositive = MNegative

— Alternative hypothesis (H;): The mean distance from the center of the Positive and Negative
groups are not equal, i.e.,

H\ @ ppositive # HNegative

* Perform a two-tailed F-test: In addition to comparing the means, an F-test was performed to compare

the variances of the two groups. The hypotheses tested were:

— Null hypothesis (Hp): The variances of the Positive and Negative groups are equal, i.e.,

) _ 2
Hy : Opositive = O—Negative
— Alternative hypothesis (H;): The variances of the Positive and Negative groups are not equal,
i.€e.,

.2 2
Hy: Opositive # O—Negative
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Benchmarking methods

Cooperative Learning

Cooperative learning is a framework for fitting machine learning models to multi-view data[3]. It presents
a loss function that minimizes the prediction error across all views, while encouraging the predictions from
the views to agree. This framework with linear regression, which is what we use for benchmarking.

We implemented the Cooperative Learning framework using the multiview R package. Following the
examples provided on the Cooperative Learning GitHub repository, we preprocessed the input data using
the preProcess function to center and scale it. For model evaluation, we conducted 5-fold cross-validation
using the cv.multiview function, with a maximum of 300 iterations. For binary outcome classification,
we set family = binomial() and type.measure = "class". For continuous outcome prediction, we
used the default family = gaussian() and type.measure = "mse". The hyperparameter values for
the regularization parameter were chosen from the set {0, 0.2, 0.4, 0.6, 0.8, 1}, while the lambda values were

left at their default settings.

Data Integration Analysis for Biomarker discovery using Latent components (DIABLO)

Data Integration Analysis for Biomarker discovery using Latent components (DIABLO) is a supervised
extension of canonical correlation analysis[4]. It aims to identify linear combinations of variables from
each dataset that maximize the correlation between datasets.

We implemented DIABLO using the mixOmics R package. Following the tutorial on the mixOmics
website, we created a data block using the matrix function. For model training, we performed 5-fold
cross-validation using the block.splsda function. The number of variables was tested within the set

{10, 20, 30,40, 50}.

Multi-Omics Factor Analysis v2 (MOFA+)

Multi-Omics Factor Analysis v2 (MOFA+) is an unsupervised matrix decomposition method that can be
viewed as a generalization of sparse principal components analysis6.

We used the MOFA2 R package to obtain latent representations. Following the tutorial on the MOFA+
downstream analysis in R, we trained a MOFA model using the run mofa function. To project unseen data
from a new view into the latent space Z;, we computed the pseudo-inverse of the weight matrix W;. The
latent representations Z; for all views were then concatenated. For prediction, we applied logistic regression

for binary outcomes and linear regression for continuous outcomes. To classify and predict new, unseen
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samples, we used the concatenated latent representation matrix Z in PyTorch (Python 3.10). We evaluated

different latent factor dimensions from the set {1, 5, 10, 15}.

Data Availability

Simulated data and all data supporting the results are included in Supplementary Data 1-9 and are publicly
available on GitHub (https://github.com/daifengwanglab/COSIME). ROSMAP scRNA-seq was sourced
from a website (https://compbio.mit.edu/ad,gingyrain/#loading — the — raw — data) and metabolomic
data can be downloaded from the AD Knowledge Portal - backend (syn10235592). SEA-AD scATAC-seq,
scRNA-seq, and MERFISH data were obtained from SEA-AD: Seattle Alzheimer’s Disease Brain Cell
Atlas (https://cellxgene.cziscience.com/collections/1ca90a2d-2943-483d-b678-b809bf464¢30).

Code Availability

The entire COSIME code is implemented in Python. The COSIME Python package and examples can be
accessed publicly at https://github.com/daifengwanglab/COSIME.
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Supplementary Figure 1: Enrichment analyses prioritized for each view.

a The top 20 prioritized genes (absolute feature importance values) in microglia b The top 20 prioritized
genes (absolute feature importance values)in astrocytes.

Supplementary Data 1

Table showing the prediction performance of COSIME models and benchmark models for binary
outcome classification.

Supplementary Data 2

Table showing the prediction performance of COSIME models and benchmark models for continuous
outcome classification.



102

Supplementary Data 3

Feature importance and interactions for the simulated binary high signal early fusion.

Supplementary Data 4

Feature importance and interactions for simulated binary low signal early fusion.

Supplementary Data 5

Feature importance and interactions for the simulated continuous high signal early fusion.

Supplementary Data 6

Feature importance and interactions for the simulated continuous low signal early fusion.

Supplementary Data 7

Feature importance and interactions for the ROSMAP binary classification early fusion.

Supplementary Data 8

Feature importance and interactions for the SEA-AD scRNA-seq and scATAC-seq (oligodendrocytes)
early fusion.

Supplementary Data 9

Feature importance and interactions for the SEA-AD scRNA-seq (microglia) and MERFISH (astro-
cytes) early fusion.
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Algorithm 1: COSIME Model Training

Training Loop
for m =1 to M do
Input:
e Training: X; € R™*Px1 Xy € R"*PX;

o Validation: (X7a!, Xyal yyal yyal)
° Test: ()({esl,7 X%es(,’ ytl.es(,’ ytz.es(,)
Initialization:

e Set training iterations M, optimizer, and early stopping criteria

e Set tuning hyperparameters:
batch_size, learning_rate, learning_gamma, AKLD_A_weight ; AKLD_B_weight s AOT_weight s
/\CL,weightv dr0P011t7 dll’n, Pearlystop_patiences 67 decay

Forward Pass:

e Compute KLD Losses, LOT Loss, and Prediction Loss: Lx1p,(0), LxLps(0), Lror(6),
Loprea(0)

o Compute Total Weighted Loss: Lrotal weighted (6)

Backpropagation:
e Backpropagate gradients for all parameters, including the transport plan for Lror
o Perform optimization step: 0 <= 6 — Vg Lrotal weighted (6)

Early Stopping:

Compute validation prediction loss: Lprea(8) for validation

If Lored(8) < Lpred(fnest) (improvement in validation loss):
Update fpest = 6
Reset patience counter: Peounter = 0

Else If Pcounter > Pearlystop_patience (eal‘ly StOppil’lg)I
Break training loop

Else:
Increment patience counter: peounter < Pcounter + 1

End If
end for

Holdout Evaluation
Evaluate best model on the test set: compute losses and metrics;

Output
Trained best COSIME model and the evaluation metrics;




Algorithm 2: COSIME Feature Importance and Interaction Computation

Input
X € RYXF: Input feature matrix,
y € RN: Target labels

Initialization
e Define the model f and input matrix X with N samples and F' features.
e Set number of Monte Carlo iterations M.
e Define the batch size, or compute it based on available memory.
e Compute the number of batches: B = [m]

e Compute the memory required for each batch:

batch si it t size of X x F
Batch memory (GB) = el ste X eleriwlrzwﬂze o .

e If batch memory exceeds available memory, adjust the batch size dynamically.

Feature Importance Computation
1. For each feature 7 in X, compute the marginal contribution over M Monte Carlo
iterations.
2. Store feature importance values in matrix S € RV*¥:
Sij = ¢;j(si), where ¢;(s;) is the feature importance value for feature j for sample s;.

Feature Interaction Computation
1. For each pair of features (¢, ), compute the interaction effect over M Monte Carlo
iterations.
2. Store interaction effects in matrix Z €
Z;j = Tj;, where Z;; is the interaction effect between features i and j.

RFXF'

Output
S € RV*F: Feature importance matrix,
T € RF*F: Feature interaction matrix.

104



CHAPTER 3: Multi-Omics Integration of Transcriptomics and Metabolomics with

Machine Learning Uncovers Novel Risk Factors for Alzheimer's Disease
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Multi-Omics Integration of Transcriptomics and Metabolomics with
Machine Learning Uncovers Novel Risk Factors for Alzheimer's Disease

Jerome J. Choi!, Corinne D. Engelman', Tianyuan Lu'-?

'Department of Population Health Sciences, University of Wisconsin-Madison
2Department of Biostatistics and Medical Informatics, University of Wisconsin-Madison

Abstract

INTRODUCTION

Alzheimer's disease (AD) is a neurodegenerative disorder marked by cognitive decline, memory
impairment, and functional deterioration. Its complex pathogenesis involves factors such as
amyloid plaques, tau tangles, neuroinflammation, and synaptic dysfunction, but the precise
mechanisms remain unclear, hindering effective treatment. Genetic, environmental, and lifestyle
factors contribute to AD risk, yet their interactions are poorly understood. Recent advances in
transcriptomics and metabolomics have shed light on the molecular underpinnings of AD, with
gene expression alterations and metabolic disruptions implicated in disease progression. However,

the interplay between these omics layers suggests a need for integrative approaches.
METHODS

This study utilizes the Cooperative multi-view integration and Scalable and Interpretable Model

Explainer (COSIME) machine learning method to combine imputed whole blood transcriptomics
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and measured plasma metabolomics data. A predictive model was developed through 5-fold cross-
validation to identify genes and metabolites associated with AD-related phenotypes, including
Preclinical Alzheimer's Cognitive Composite 3 (PACC3) and plasma phosphorylated tau 217
(ptau217), from the Wisconsin Registry for Alzheimer's Prevention (WRAP) cohort (N = 1,046
for both PACC3 and ptau217). The model performance was validated using an independent dataset
from the Wisconsin Alzheimer's Disease Research Center (ADRC) cohort (N = 85 for PACC3 and
N = 89 for ptau217). Feature importance and interactions were assessed to identify potential risk

factors.

RESULTS

The normalized root mean square error (NRMSE) was 0.654 + 0.004 for predicting PACC3 and
1.361 £ 0.046 for predicting ptau217 in the WRAP cohort. The NRMSE was 1.095 for predicting
PACC3 and 1.795 for predicting ptau217 in the Wisconsin ADRC cohort. Biomarker importance
and pairwise interaction values were computed. Several genes known to down-regulate cognitive
function (e.g., HOXA4 and LRFN4) and others associated with the up-regulation of ptau217 (e.g.,
ACADY and GPAT3) were highly ranked based on our biomarker importance scores. Similarly,
metabolites that down-regulate cognitive function (e.g., sphingomyelin (d17:2/16:0, d18:2/15:0)
and N-carbamoylvaline) and those that up-regulate ptau217 (e.g., S-adenosylhomocysteine and
propionylcarnitine (C3)) were also identified as highly ranked. Some metabolites, such as
sphingomyelin (d17:2/16:0, d18:2/15:0) and tetradecadienoate (14:2), may interact synergistically,

while sphingomyelin (d18:2/16:0, d18:1/16:1) and choline may interact antagonistically.

DISCUSSION
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There is significant potential for using integrated transcriptomics and metabolomics data to
identify novel biomarkers and predict AD phenotypes. Genes and metabolites associated with
cognitive decline and tau pathology were identified, offering insights into additional molecular
mechanisms underlying AD. The identified interactions between certain metabolites provide
further clues to the complex metabolic dysregulation that may contribute to disease pathogenesis,

underscoring the importance of integrative approaches for understanding AD.

1 BACKGROUND

Alzheimer's disease (AD) is a neurodegenerative disease characterized by progressive cognitive
decline, memory impairment, and functional deterioration, representing a major public health
challenge'. The pathogenesis of AD is multifactorial, involving the accumulation of amyloid
plaques, neurofibrillary tangles, neuroinflammation, and synaptic dysfunction.>” Despite
significant advances in understanding the molecular underpinnings of the disease, the precise
mechanisms remain unclear, and the complexity of AD presents a challenge for early diagnosis
and effective therapeutic development. Genetic, environmental, and lifestyle factors all contribute
to AD risk,%7 but the interactions between these factors are poorly understood. As a result, there is
a pressing need for more comprehensive approaches to elucidate the molecular landscape of AD

and identify novel biomarkers that could aid in early detection and intervention.

In recent years, transcriptomics and metabolomics have emerged as key omics approaches for
investigating the molecular basis of AD.® Transcriptomics, which analyzes gene expression
patterns, provides insights into the dysregulated cellular processes in AD, such as neuronal loss,

synaptic dysfunction, and inflammatory responses.’ Alterations in the expression of genes related
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to amyloid processing, tau metabolism, and neuroinflammation have been linked to disease
progression, highlighting the role of transcriptional dysregulation in AD pathophysiology.!® On
the other hand, metabolomics focuses on the small molecules involved in cellular metabolism,
offering a unique window into the biochemical changes that occur in AD.!! Studies have shown
that metabolites associated with energy metabolism, oxidative stress, and neurotransmitter
pathways are altered in AD, suggesting that disrupted metabolic networks contribute to disease
onset and progression.'?> While both transcriptomics and metabolomics provide valuable insights
into AD, the interplay between genes and metabolites suggests that a more integrative approach is
required.'® The interactions between genetic and metabolic alterations play a critical role in AD

14

pathophysiology,'* and understanding how these molecular networks influence each other is

essential for unraveling the complexity of AD mechanisms.

Multi-view integration of omics data provides a comprehensive understanding of systems biology
and the complex interactions between biomarkers, particularly in complex diseases such as
AD.'>1® By combining data from multiple omics layers, it is possible to capture a more holistic
view of the molecular mechanisms underlying AD. Moreover, this integrative approach may allow
for the identification of key biomarkers and pathways that may be missed when examining a single
omics layer in isolation.!” The vast and complex nature of multi-omics data requires advanced
computational tools to analyze and interpret the intricate relationships between genes and
metabolites. Machine learning techniques offer powerful methods for uncovering patterns within
large, high-dimensional datasets.'® By leveraging machine learning algorithms, we can integrate
diverse omics data to predict disease phenotypes, identify novel biomarkers, and better understand
the underlying pathophysiology of AD.!” This study applies a state-of-art machine learning method,

Cooperative multi-view integration and Scalable and Interpretable Model Explainer (COSIME)?°
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to integrate imputed transcriptomics and metabolomics, predict AD-related phenotypes, and
identify potential AD-risk factors from the Wisconsin Registry for Alzheimer's Prevention
(WRAP)?! cohort. The cohort from the Wisconsin Alzheimer's Disease Research Center (ADRC)

is used for independent validation.

2 METHODS

2.1 Study design

An overview of the study design is presented in FIGURE 1. Gene expression data were imputed
using the genotypes of WRAP and Wisconsin ADRC participants via PrediXcan?2. To reduce the
dimensionality, untargeted transcriptomic and metabolomic analyses were performed, including
age, sex, APOE score, and years of education (for Preclinical Alzheimer's Cognitive Composite 3
(PACC3) only) as covariates, to predict AD-related phenotypes in WRAP using linear regression.
Subsequently, for each AD-related phenotype, nominally significant genes and metabolites (p-
value < 0.05) were input into a COSIME model, which was trained to predict the outcome. After
training the COSIME model, biomarker importance for individual genes and metabolites, as well
as their interaction values, were computed. Lastly, the Wisconsin ADRC cohort was used to

independently validate the prediction performance of the COSIME?® models.
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Workflow diagram. a Gene expression data for the WRAP participants were imputed using PrediXcan. b Untargeted
transcriptomics and metabolomics adjusting for covariates were implemented to pre-select significant biomarkers. ¢
Multi-omics data were integrated and AD phenotypes were predicted using COSIME. d Biomarker importance and

interaction values for both within-view and across-view were computed by COSIME. e Independent validation for

predicting AD phenotypes using the Wisconsin ADRC cohort as independent multi-view data was performed.

2.2 Study participants and cohort description

The cohort for the main analysis, WRAP, is an ongoing longitudinal study designed to identify
midlife factors associated with the development of AD. Participant enrollment began in 2001, with
the first follow-up visit occurring 2 to 4 years after the baseline visit, and all subsequent visits
taking place at 2-year intervals thereafter. WRAP participants were dementia-free at enrollment
(mean age 54 years). All study procedures were approved by the University of Wisconsin School

of Medicine and Public Health Institutional Review Board and are in accordance with the

Declaration of Helsinki.
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Wisconsin ADRC participants were recruited from multiple sources such as memory clinic
providers, events, media, partner organizations, and other studies. Adults aged 45 years or older
with decisional capacity and English fluency were eligible for enrollment. Exclusion criteria
included active major medical or psychiatric illnesses and lack of a study partner. This study

included participants who have normal cognitive status based on their diagnoses.

2.3 Alzheimer’s disease outcomes

PACC3 is a global cognitive composite score used to assess the cognitive performance of
participants in the WRAP study. During each study visit, participants complete a detailed cognitive
battery, which is described in more detail elsewhere?!. Longitudinal global cognitive performance
is evaluated using a three-test version of the modified PACC?3, which includes the Rey Auditory
Verbal Learning Test (AVLT; Trials 1-5)*, the Wechsler Memory Scale Logical Memory 1125,
and the Wechsler Adult Intelligence Scale-Revised Digit Symbol Substitution.?® The Logical
Memory II test was introduced at Visit 2 for most participants (94%), so the PACC3 baseline is
generally at Visit 2, with Visit 1 being the baseline for recent enrollees where it was administered
at Visit 1. Each test score is converted into a Z-score, using the mean and standard deviation from

baseline scores of cognitively unimpaired individuals.

The Wisconsin ADRC uses a slightly different set of neuropsychological tests compared to WRAP.

To maximize the use of available data, we collaborated with neuropsychologists at the Wisconsin
ADRC to create a PACC-3-Trail Making Test (TMT) score for the replication analysis.

Specifically, we converted the Craft Story score into an estimated Logical Memory score using a

111



144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

published crosswalk table and followed previous methodology by substituting the Digit Symbol
score with the total completion time from the TMT-B test.?>?”. Since the crosswalk table only
provides a conversion for the Craft Story score to the Logical Memory score for the first five visits,
we limited the replication analysis to data from these five visits. The final PACC-3-TMT score
was calculated by standardizing and averaging the results from the AVLT, the estimated Logical

Memory score, and the reversed TMT-B test scores.

Plasma ptau217 assay results are from University of Wisconsin ADRC Biofluid Lab and were
analyzed using the ALZpath pTau217 v2 assay on the Quanterix HD-X. Samples were collected
between Aug 2011 and June 2023. 5,082 samples were analyzed using kit lot# 999008 and 309
samples were analyzed using kit lot# 999024. A bridging study was performed using 35 samples
to determine the relationship between lots. The Pearson correlation coefficient was 0.97 (p < 2.2e-
16) and linear regression was used to standardize the data from lot# 999024 to lot# 999008 (y =

0.65514x + 0.02667).

2.4 Plasma metabolite collections and quality control

2.4.1 Collection

Participants underwent venipuncture, most after fasting >8 hours, and provided thirty mL of blood
into 3x10 mL lavender top EDTA tubes (BD 366643; Franklin Lakes, New Jersey, USA). Samples
were mixed gently by inverting 10-12 times and were centrifuged 15 min at 2000 g at room
temperature within 1 h of collection. Plasma samples were aliquoted into 2 mL cryovials (Wheaton
Cryoelite W985863; Millville, New Jersey, USA). Aliquoted plasma was frozen at —80°C within

90 min and stored until overnight shipment to Metabolon, Inc. (Durham, NC), which similarly
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kept samples frozen at -80° C until analysis. Participants who fasted <8 hours prior to venipuncture

were excluded (n = 298).

2.4.2 Quality control

Samples with missing values for more than 40% of metabolites were removed (0 plasma samples)
prior to analysis. Non-xenobiotic metabolites with missing values for >75% (n=43), and xenobiotic

metabolites with missing values for >99% (n=75) of all samples were removed.

2.4.3 Fasting status

Samples from individuals who fasted less than 8 hours prior to venipuncture, or who did not

provide fasting status were removed.

2.5 Genotyping, quality control, and imputation

2.5.1 Genotyping array data

DNA was extracted from whole blood samples and genotyped at the University of Wisconsin
Biotech Center in three batches (2017, 2021, 2024) using the Illumina Multi-Ethnic Genotyping

Array (MEGA).

2.5.2 Processing and Quality Control

Initial quality control was performed separately for each batch using PLINK v1.9%°, SNPs mapped
to chromosome 0 were removed, followed by variants missing in >5% of samples and samples
with >5% missing variants. Additional filters were applied to remove variants missing in >2% of

remaining samples and samples with >2% missing variants. SNPs within the ACTG nucleotide
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bases were retained, and sex discrepancies were checked using X chromosome homozygosity,
removing 10 samples with inconsistent reported sex. The data were remapped from hg37 to hg38
using the UCSC liftover tool?. The HRC checker tool was used to process the data before
imputation, removing duplicates, mismatches, and monomorphic SNPs. Data were sorted by
chromosome and saved as VCF files using BCFtools?!. Imputation was done via the TOPMed
Imputation Server using Eagle v2.4 and the TOPMed reference panel 1331733, After imputation,
variants with a low INFO score (R? <0.8) were removed. Data were merged and filtered for

genotyping rate >98% and MAF >0.001. The final dataset consisted of 14,980,298 SNPs shared

across all datasets.

2.5.3 Relatedness and genetic ancestry

A pruned set of the genotyped SNPs, using PLINK v1.9 --indep-pairwise 50 10 0.1, was used to
estimate relatedness and genetic similarities to 1000 Genomes superpopulations®. Relationship
inference was performed using KING v2.3.13¢ to identify related samples. The pruned SNPs, in a
subset of unrelated samples, were used in a supervised learning model in ADMIXTURE v1.3.0,
using the default maximum likdelihood estimation, to determin proportions of genetic similarities
between the Wisconsin samples and the 1000 Genomes defined superpopulations (AFR, AMR,
EAS, EUR, SAS). Then the subset of related samples was projected onto the resulting population

structure output from ADMIXTURE?’.

2.5.4 APOE score

The APOE score is a weighted risk score for the effect of the six APOE genotypes on AD

neuropathology. It is calculated using the natural log (In) of the odds ratios (OR) for the six

10
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different APOE genotypes, based on a study of AD neuropathology®®. The APOE genotypes

considered are €22, £2¢3, £3€3, €2¢4, £3¢4, and ede4, with £3€3 serving as the reference group.*

2.6 Gene expression imputation

The recently published pre-trained database, which used GTEx whole blood data, was obtained
from the PredictDB Data Repository*!. Genotypes from WRAP and Wisconsin ADRC participants
were used to impute whole blood gene expression levels for the participants via PrediXcan.
Specifically, genetic risk scores for predicting tissue-specific gene expression levels were pre-
trained based on GTEx, which contains measured individual-level genetics and transcriptomics
data. PrediXcan then calculates genetically predicted whole blood gene expression levels using
genotypes of WRAP and Wisconsin ADRC participants, although transcriptomics data for these

participants were not measured.

2.7 Statistical analyses

2.6.1 Sample selection

Participants were selected based on the availability of plasma metabolite measurements, genotypes,
outcome data, and covariates such as age, sex, years of education, and APOE score. Among
multiple visits, we selected the last observation for each participant, where the outcome was
measured at or within six months after the plasma metabolites. Participants were then filtered based
on their European genetic ancestry admixture (>0.5). For the Wisconsin ADRC cohort, participants

diagnosed with dementia were excluded.
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2.7.1. Pre-selecting potential AD-risk factors

A multivariate linear regression model was fitted for each biomarker (6,678 genes and 1,125
plasma metabolites) and each outcome in WRAP. In each model, a biomarker and covariates such
as age, gender, APOE score, and years of education (for PACC3 only). were used as predictors to

predict an outcome as follows:

PACC3 = age + gender + APOE score + years of education + gene
PACC3 = age + gender + APOE score + years of education + metabolite
ptau2l7 = age + gender + APOE score + gene

ptau2l7 = age + gender + APOE score + metabolite

Years of education were included only for PACC3, as PACC3 and years of education are correlated.

For each outcome, genes and metabolites with a p-value < 0.05 were considered nominally
significant biomarkers. These untargeted imputed transcriptomic and metabolomic analyses were
performed to improve the computational efficiency of downstream machine learning modelling by

focusing on potentially relevant associations.

2.7.2. Multi-omics integration and phenotype prediction

Significant biomarkers, pre-selected from untargeted imputed transcriptomics and metabolomics
in WRAP, were input into the multi-omics models using COSIME?’, Cooperative Multi-view
Integration and Scalable Interpretable Model Explainer. COSIME integrates multi-view data

leveraging deep neural network encoders and Learnable Optimal Transport techniques and
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implements a mechanism for assessing feature importance within each view, as well as quantifying

feature interactions by estimating Shapley values and Shapley-Taylor indices.

Two models were trained for predicting PACC3 and ptau217, respectively. Hyperparameter
optimization was performed using Ray Tune with Distributed Asynchronous Hyperparameter
Optimization (Hyperopt). Early stopping was employed to prevent overfitting, based on
performance improvements on the test data during the training phase. 5-fold cross-validation was
used to evaluate the prediction performance of the best model for each fold. The best model was

chosen based on the minimum prediction loss.

The prediction performance of the models was assessed using NRMSE to compare different scales
of prediction. The NRMSE standardizes the error by normalizing it with respect to the interquartile

range (IQR) of the observed data. The equation for NRMSE using IQR is given by:

fI -
n =i —9)°
NRMSE = ——————

1QR(y)
Where y; represents the actual values, J; denotes the predicted values, and n is the number of

participants. The term IQR (y) refers to the interquartile range of actual values, which is calculated

as Q; — Q;, where Q; and Q;are the third and first quartiles of the actual values, respectively.

13

117



265

266

267

268

269

270

271

272

273

274

275

276

277

278

2.7.3 Computing biomarker importance and interaction

Individual biomarker importance and interactions within each omics data type and across-omics

data types in WRAP were computed using a trained model based on 75% of the samples and

holdout data including the remaining 25% of the samples for each outcome. These calculations

were conducted using COSIME.

3 RESULTS

3.1. Descriptive statistics for the participants

This study included 1,046 participants from the WRAP cohort for both outcomes: the PACC3 and

ptau217, for the main analysis. Additionally, 85 participants for PACC3 and 89 participants for

ptau217 were included from the Wisconsin ADRC cohort for independent validation. The

demographic characteristics of individuals across cohorts and outcomes are described in TABLE

1.

TABLE 1. Demographic of participants in two cohorts.

Cohort WRAP Wisconsin ADRC
Outcome PACC3 ptau217 PACC3 ptau217
Total participants 1,046 1,046 85 89
Age (mean [SD]) 67.04 (6.89)  67.20(6.97)  69.14(7.65)  68.99 (7.70)
716 716 50 54
Females
(68.5%) (68.5%) (58.8%) (60.7%)

14

118



279

280

281

282

283

284

285

330 330 35 35
Males

(31.5%) (31.5%) (41.2%) (39.3%)
APOE score (mean [SD]) 0.63 (1.04) 0.63 (1.04) 0.61 (1.03) 0.64 (1.03)
Years of education

15.80 (2.23) - 16.88 (2.16) -
(mean [SD])

3.2 Untargeted imputed transcriptomics and metabolomics

Out of 6,678 genes with imputed whole blood expression levels, 359 were significant for PACC3
and 348 for ptau217. Among 1,125 measured plasma metabolites, 150 were significant for PACC3
and 301 for ptau217 (FIGURE 2). These genes and metabolites were included in downstream

machine learning modelling using COSIME.
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FIGURE 2

Volcano plots summarizing results of untargeted imputed transcriptomic and metabolomic analyses. P-values (y-axis)
and magnitudes of associations (x-axis) for a untargeted imputed transcriptomics predicting PACC3, b untargeted
metabolomics predicting PACC3, ¢ untargeted imputed transcriptomics predicting ptau217, and d untargeted

metabolomics predicting ptau217.

3.3 AD phenotype prediction

For the main analysis, the prediction performance of each model was evaluated five times (using

5-fold cross-validation) on holdout test data from the WRAP cohort. As an independent validation,
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313

the trained COSIME models for the outcomes were used to assess their prediction performance on
the Wisconsin ADRC cohort. As a result, the NRMSE was 0.654 + 0.004 for predicting PACC3
and 1.361 £ 0.046 for predicting ptau217 in the WRAP cohort (TABLE 2). The NRMSE was
1.095 for predicting PACC3 and 1.795 for predicting ptau217 in the Wisconsin ADRC cohort

(TABLE 2).

TABLE 2. Normalized Root Mean Squared Error (NRMSE) for each cohort and their outcomes.

Cohort WRAP Wisconsin ADRC
Outcome PACC3 ptau217 PACC3 ptau217
NRMSE 0.654 +0.004 1.361 £ 0.046 1.095 1.795

WRAP: mean + 1.96 * standard deviation.

3.4 Biomarker importance and interactions

FIGURE 3a displays the top 20 genes ranked by their absolute biomarker importance values for
predicting PACC3, while FIGURE 3b shows the top 20 metabolites with the highest biomarker
importance values for predicting PACC3. Biomarkers with positive values for PACC3 may be
down-regulated in AD or dementia-related pathways, whereas those with negative values may be
up-regulated. FIGURE 3c presents the top 20 genes based on absolute biomarker importance
values for predicting ptau217, and FIGURE 3d shows the top 20 metabolites for ptau217
prediction. For ptau217, biomarkers with positive values may be up-regulated in AD or dementia-
related pathways, and those with negative values may be down-regulated. Several genes known to
down-regulate cognitive function (e.g., HOXA4 and LRFN4) and others associated with the up-

regulation of ptau217 (e.g., ACAD9 and GPAT3) were highly ranked based on our biomarker
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325

326

importance scores. Several metabolites that down-regulate cognitive function (e.g., sphingomyelin
(d17:2/16:0, d18:2/15:0) and N-carbamoylvaline) and those that up-regulate ptau217 (e.g., S-

adenosylhomocysteine and propionylcarnitine (C3)) were also identified as highly ranked.

For PACC3 (FIGURE 3a), HOXA4 and LRFN4 are downregulated, while ACAD9 and GPTA3
were upregulated. In terms of metabolites (FIGURE 3b), sphingomyelin (d17:2/16:0, d18:2/15:0)
and N-carbamoylvaline were downregulated, whereas S-adenosylhomocysteine and
propionylcarnitine (C3) were upregulated. For ptau217 (FIGURE 3c), LIPN and ARLI1 were
upregulated, while CLEC4A4 and PDE1B were downregulated. Lastly, for metabolites (FIGURE
3d), margoylcarnitine and N-acetyl-2—aminooctanoate ~were upregulated, while

Undecenoylcarnitine (C11:1) and 2'-O-methyluridine were downregulated.
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FIGURE 3

Biomarker importance values for PACC3 and ptau217. a Gene importance values for PACC3. b Metabolite

importance values for PACC3. ¢ Gene importance values for ptau217. d Metabolite importance values for ptau217.

The top 50 metabolite-metabolite pairs ranked by their absolute biomarker interaction values for
predicting PACC3 are displayed in FIGURE 4a and the top 50 metabolite-metabolite pairs ranked
by their absolute biomarker interaction values for predicting ptau217 are displayed in FIGURE
4b. Several pairs were notable, such as the potential antagonistic interaction between
decadienedioic acid (C10:2—DC)** and tetradecadienoate (14:2) for PACC3 and the potential

synergistic interaction between sphingomyelin (d18:2/16:0, d18:1/16:1) and choline for ptau217.

Feature il ion (Within i Feature il ion (Within

Metabolte

Mtabolite Metaboite

FIGURE 4

Metabolite pairwise interaction values for PACC3 and ptau217. a Metabolite pairwise interaction values for PACC3.

b Metabolite pairwise interaction values for ptau217.
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4 DISCUSSION

In this study, we aimed to predict two critical AD-related phenotypes—PACC3 and plasma
ptau217—using multi-omics data, including imputed transcriptomics and metabolomics,
combined with COSIME, a novel machine learning approach, for the WRAP cohort. We then
assessed the individual biomarker importance and explored their pairwise interactions within the
WRAP cohort. To validate the prediction performance of the trained models, we conducted
independent validation by applying the same models to predict outcomes in the Wisconsin ADRC
cohort. The analyses of biomarker importance and pairwise interactions provide valuable insights
into potential AD risk factors and highlights key molecular features associated with disease

progression.

Genes supporting neuronal growth and synaptic signaling are disrupted in AD. HOXA4, a key
player in early brain development and neuronal differentiation, may be downregulated in AD,
potentially impairing neuronal growth and connectivity*’. Similarly, LRFN4, which supports
synaptic communication, may also be reduced, leading to synaptic dysfunction—a core feature of
AD*. PDEIB, important for cyclic nucleotide signaling and memory formation, could also be
downregulated, disrupting synaptic plasticity and contributing further to cognitive deficits*?. These
downregulations are associated with lower PACC3 scores, while the absence of corresponding

upregulation limits any compensatory effect linked to ptau217.

Disruptions in lipid metabolism impact membrane structure and function in AD. GPAT3 supports
lipid metabolism essential for maintaining cellular membranes and neuronal function®’. In AD,
dysregulation in lipid homeostasis may compromise these processes. LIPN, another lipid

metabolism gene, might be upregulated in response to tau pathology, possibly acting as a
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385

compensatory mechanism to preserve membrane integrity**. Sphingomyelins, such as
sphingomyelin (d17:2/16:0, d18:2/15:0), are critical for membrane structure and signaling, and
their downregulation in AD reflects impaired lipid processing®. Tetradecadienoate (14:2), which
helps maintain membrane fluidity, may also be downregulated, further destabilizing membranes
and exacerbating neurodegeneration*®. The observed downregulations correspond with reduced
PACCS3 scores, while LIPN upregulation may indicate a ptau2l7-related compensatory stress

response.

Mitochondrial dysfunction and impaired energy metabolism are consistent hallmarks of AD.
ACAD? plays a central role in mitochondrial fatty acid metabolism, and its function is critical for
sustaining neuronal energy needs*’. Carnitines like propionylcarnitine (C3) and
margaroylcarnitine (C17) facilitate fatty acid transport into mitochondria*®. While C3 may be
downregulated in AD, C17 could be upregulated in an attempt to support mitochondrial energy
production. Similarly, undecenoylcarnitine (C11:1) may be reduced, indicating disrupted fatty acid
metabolism and diminished neuronal energy capacity*’. These mitochondrial expression patterns
show that downregulations are associated with poorer PACC3 performance, whereas upregulated

components such as C17 may be linked to ptau217 elevation.

Altered amino acid metabolism may reflect compensatory responses or metabolic breakdown. N-
carbamoylvaline, involved in amino acid metabolism, could be downregulated in AD, reflecting
general metabolic dysfunction®. In contrast, N-acetyl-2-aminooctanoate may be upregulated,
potentially as an adaptive response to the altered metabolic environment in AD-affected neurons™.
These changes suggest that amino acid metabolite downregulation is tied to reduced PACC3, while

upregulation is related to increased ptau217 expression.
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Epigenetic and RNA-processing disruptions contribute to AD pathology. S-adenosylhomocysteine
(SAH), a key component in the methylation cycle, may be reduced in AD, suggesting impaired
gene regulation and DNA repair capacity’!. Similarly, 2'-O-methyluridine, a modified nucleoside
involved in RNA metabolism, could be downregulated, pointing to stress in RNA processing and
contributing to cognitive impairment®. These RNA and epigenetic disruptions are associated with
decreased PACC3 scores, while the lack of compensatory upregulation suggests a minimal

ptau217-related counter-response.

Immune system alterations may limit the brain’s ability to respond to AD pathology. CLEC4A4,
involved in immune signaling and microglial function, may be downregulated in AD, which could
impair the clearance of toxic proteins like tau®3. On the other hand, ARL] 1, associated with cellular
trafficking and signaling, might be upregulated in response to cellular stress from tau accumulation,
reflecting a potential coping mechanism within the neuron®*. These immune-related changes link
CLEC4A downregulation to diminished PACC3 and ARLI! upregulation to heightened ptau217

levels.

Metabolite interactions can amplify membrane instability and cognitive dysfunction.
decadienedioic acid (C10:2-DC)**% and tetradecadienoate (14:2)* may interact antagonistically;
their joint downregulation could destabilize both the structure and fluidity of membranes,
accelerating neurodegeneration. In contrast, sphingomyelin (d18:2/16:0, d18:1/16:1)°° and
choline’” might interact synergistically in the context of elevated ptau217, with disruptions in both
potentially impairing acetylcholine synthesis and amplifying cognitive decline. Together, these
metabolite changes show that downregulation contributes to lower PACC3 scores, while

upregulated or synergistically altered molecules correlate with elevated ptau217.
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While this study provides valuable insights into potential biomarkers and their interactions in AD,
several limitations must be considered. First, the gene expression levels in this study were imputed
based on genotypes rather than directly measured. The accuracy of the imputation depends on how
precise the pre-trained models could capture true gene expression patterns, which vary strongly
across genes and tissues. Therefore, although this approach enabled a more comprehensive
analysis when measured transcriptomics data are unavailable, we acknowledge that it may
introduce errors. Future studies could further improve accuracy by integrating more diverse
reference datasets and refining the imputation models. Second, the use of the Wisconsin ADRC
cohort as an independent validation set for the trained models may not provide a robust assessment
of predictive performance due to its relatively small sample size. Utilizing larger independent
cohorts with characteristics similar to WRAP and Wisconsin ADRC for validation would help
improve the robustness of the models' predictive performance. To further deepen our
understanding of AD, integrating a wider array of biomarkers—such as those from proteomics—
would provide a more holistic view of its pathology. Furthermore, while this study focuses on
specific biomarkers and their pairwise interactions, AD is a complex and multifactorial disease.
Therefore, other factors, such as environmental influences and epigenetic changes, which were not
captured in this analysis, could also play critical roles in disease progression. In the future study,
investigating the complex interplay between genetic, environmental, and epigenetic factors will

offer valuable insights into the multifactorial nature of AD progression.

23

127



428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

ACKNOWLEDGMENTS

The authors especially thank the WRAP and Wisconsin ADRC participants and staff for their

contributions to the studies. Without their efforts, this research would not be possible.

This study was supported by the National Institutes of Health (NIH) grants RO1AG027161
(Wisconsin Registry for Alzheimer Prevention: Biomarkers of Preclinical AD), P30 AG062715
(the Wisconsin Alzheimer's Disease Research Center), and RF1AG054047 (Genomic and
Metabolomic Data Integration in a Longitudinal Cohort at Risk for Alzheimer's Disease.
Computational resources were supported by core grants from the Center for Demography and

Ecology (P2CHD047873) and the Center for Demography of Health and Aging (P30AG017266).

CONFLICT OF INTEREST STATEMENT

The authors declare no competing interests.

REFERENCES

1. DeTure, M. A. & Dickson, D. W. The neuropathological diagnosis of Alzheimer’s disease. Mo/
Neurodegeneration 14, 32 (2019).

2. O’Brien, R. J. & Wong, P. C. Amyloid precursor protein processing and Alzheimer’s disease. Annu
Rev Neurosci 34, 185-204 (2011).

3. Sadigh-Eteghad, S. ef al. Amyloid-beta: a crucial factor in Alzheimer’s disease. Med Princ Pract 24,
1-10 (2015).

4. Shankar, G. M. & Walsh, D. M. Alzheimer’s disease: synaptic dysfunction and Abeta. Mol

Neurodegener 4, 48 (2009).

24

128



448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

10.

11.

13.

14.

16.

17.

Cuddy, L. K. ef al. AB-accelerated neurodegeneration caused by Alzheimer’s-associated 4CE variant
R1279Q is rescued by angiotensin system inhibition in mice. Sci. Transl. Med. 12, eaaz2541 (2020).
Killin, L. O. J., Starr, J. M., Shiue, I. J. & Russ, T. C. Environmental risk factors for dementia: a
systematic review. BMC Geriatr 16, 175 (2016).

Gatz, M. et al. Role of Genes and Environments for Explaining Alzheimer Disease. Arch Gen
Psychiatry 63, 168 (2006).

Horgusluoglu, E. et al. Integrative metabolomics-genomics approach reveals key metabolic pathways
and regulators of Alzheimer’s disease. Alzheimers Dement 18, 1260—1278 (2022).

Lau, S.-F., Cao, H., Fu, A. K. Y. & Ip, N. Y. Single-nucleus transcriptome analysis reveals
dysregulation of angiogenic endothelial cells and neuroprotective glia in Alzheimer’s disease. Proc.
Natl. Acad. Sci. U.S.A. 117, 25800-25809 (2020).

Rajmohan, R. & Reddy, P. H. Amyloid-Beta and Phosphorylated Tau Accumulations Cause
Abnormalities at Synapses of Alzheimer’s disease Neurons. J Alzheimers Dis 57, 975-999 (2017).
Batra, R. et al. The landscape of metabolic brain alterations in Alzheimer’s disease. Alzheimer’s &amp;

Dementia 19, 980-998 (2023).

. Tonnies, E. & Trushina, E. Oxidative Stress, Synaptic Dysfunction, and Alzheimer’s Disease. JAD 57,

1105-1121 (2017).

Chu, S. H. et al. Integration of Metabolomic and Other Omics Data in Population-Based Study Designs:
An Epidemiological Perspective. Metabolites 9, 117 (2019).

Karch, C. M. & Goate, A. M. Alzheimer’s disease risk genes and mechanisms of disease pathogenesis.

Biol Psychiatry 77,43-51 (2015).

. Hasin, Y., Seldin, M. & Lusis, A. Multi-omics approaches to disease. Genome Biol 18, 83 (2017).

Subramanian, 1., Verma, S., Kumar, S., Jere, A. & Anamika, K. Multi-omics Data Integration,
Interpretation, and Its Application. Bioinform Biol Insights 14, 1177932219899051 (2020).
Garg, M. et al. Disease prediction with multi-omics and biomarkers empowers case—control genetic

discoveries in the UK Biobank. Nat Genet 56, 1821-1831 (2024).

25

129



474

475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

130

. Hoffmann, J. et al. Machine learning in a data-limited regime: Augmenting experiments with synthetic

data uncovers order in crumpled sheets. Sci Adv 5, eaau6792 (2019).

Qiu, S. et al. Multimodal deep learning for Alzheimer’s disease dementia assessment. Nat Commun 13,
3404 (2022).

Choi, J. J. et al. COSIME: Cooperative multi-view integration and Scalable and Interpretable Model
Explainer. Preprint at https://doi.org/10.1101/2025.01.11.632570 (2025).

Johnson, S. C. et al. The Wisconsin Registry for Alzheimer’s Prevention: A review of findings and
current directions. Alzheimers Dement (Amst) 10, 130—142 (2018).

Gamazon, E. R. er al. A gene-based association method for mapping traits using reference
transcriptome data. Nat Genet 47, 1091-1098 (2015).

Jonaitis, E. M. ef al. Measuring longitudinal cognition: Individual tests versus composites. Alz &amp;
Dem Diag Ass &amp; Dis Mo 11, 74-84 (2019).

Vakil, E. & Blachstein, H. Rey auditory-verbal learning test: Structure analysis. J. Clin. Psychol. 49,
883-890 (1993).

Atkinson, L. The Wechsler Memory Scale-Revised: Abnormality of selected index differences.
Canadian Journal of Behavioural Science / Revue canadienne des sciences du comportement 24, 537—
539 (1992).

Wechsler, D. Wechsler Adult Intelligence Scale--Fourth Edition. https://doi.org/10.1037/t15169-000
(2012).

Monsell, S. E. et al. Results From the NACC Uniform Data Set Neuropsychological Battery Crosswalk
Study. Alzheimer Disease & Associated Disorders 30, 134—139 (2016).

Chang, C. C. et al. Second-generation PLINK: rising to the challenge of larger and richer datasets.
Gigascience 4, s13742-015-0047-8 (2015).

Nassar, L. R. ef al. The UCSC Genome Browser database: 2023 update. Nucleic Acids Research 51,
D1188-D1195 (2023).

Danecek, P. ef al. Twelve years of SAMtools and BCFtools. GigaScience 10, giab008 (2021).

26



500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Das, S. et al. Next-generation genotype imputation service and methods. Nat Genet 48, 1284—1287
(2016).

Fuchsberger, C., Abecasis, G. R. & Hinds, D. A. minimac2: faster genotype imputation. Bioinformatics
31, 782-784 (2015).

Taliun, D. et al. Sequencing of 53,831 diverse genomes from the NHLBI TOPMed Program. Nature
590, 290-299 (2021).

Byrska-Bishop, M. et al. High-coverage whole-genome sequencing of the expanded 1000 Genomes
Project cohort including 602 trios. Cell 185, 3426-3440.e19 (2022).

Manichaikul, A. et al. Robust relationship inference in genome-wide association studies.
Bioinformatics 26, 2867-2873 (2010).

Alexander, D. H., Novembre, J. & Lange, K. Fast model-based estimation of ancestry in unrelated
individuals. Genome Res. 19, 16551664 (2009).

Reiman, E. M. et al. Exceptionally low likelihood of Alzheimer’s dementia in APOE2 homozygotes
from a 5,000-person neuropathological study. Nat Commun 11, 667 (2020).

Deming, Y. et al. Neuropathology-based APOE genetic risk score better quantifies Alzheimer’s risk.
Alzheimer’s & Dementia 19, 3406-3416 (2023).

Liang, Y., Nyasimi, F. & Im, H. K. Pervasive polygenicity of complex traits inflates false positive rates
in transcriptome-wide association studies. Preprint at https://doi.org/10.1101/2023.10.17.562831
(2023).

Li, Q. S. et al. Association of peripheral blood DNA methylation level with Alzheimer’s disease
progression. Clin Epigenet 13, 191 (2021).

de Wit, J. & Ghosh, A. Control of neural circuit formation by leucine-rich repeat proteins. Trends
Neurosci 37, 539-550 (2014).

Ahmad, N., Lesa, K. N., Sudarmanto, A., Fakhrudin, N. & Ikawati, Z. The role of Phosphodiesterase-
1 and its natural product inhibitors in Alzheimer’s disease: A review. Front Pharmacol 13, 1070677

(2022).

27

131



526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Wang, Y. et al. Midlife Chronological and Endocrinological Transitions in Brain Metabolism: System
Biology Basis for Increased Alzheimer’s Risk in Female Brain. Sci Rep 10, 8528 (2020).

Helbecque, N., Cottel, D. & Amouyel, P. Low-density lipoprotein receptor-related protein 8 gene
polymorphisms and dementia. Neurobiology of Aging 30, 266-271 (2009).

Baloni, P. et al. Multi-Omic analyses characterize the ceramide/sphingomyelin pathway as a
therapeutic target in Alzheimer’s disease. Commun Biol 5, 1074 (2022).

Hammond, T. C. ef al. Human Gray and White Matter Metabolomics to Differentiate APOE and Stage
Dependent Changes in Alzheimer’s Disease. J Cell Immunol 3, 397412 (2021).

He, M. et al. A New Genetic Disorder in Mitochondrial Fatty Acid B-Oxidation: ACAD9 Deficiency.
The American Journal of Human Genetics 81, 87-103 (2007).

Nho, K. et al. Serum metabolites associated with brain amyloid beta deposition, cognition and dementia
progression. Brain Communications 3, fcab139 (2021).

Hudson, S. A. & Tabet, N. Acetyl-l-carnitine for dementia. Cochrane Database of Systematic Reviews
(2003) doi:10.1002/14651858.CD003158.

Griffin, J. W. D. & Bradshaw, P. C. Amino Acid Catabolism in Alzheimer’s Disease Brain: Friend or
Foe? Oxid Med Cell Longev 2017, 5472792 (2017).

Panza, F. et al. Possible Role of S-Adenosylmethionine, S-Adenosylhomocysteine, and
Polyunsaturated Fatty Acids in Predementia Syndromes and Alzheimer’s Disease. JAD 16, 467—470
(2009).

Zhang, X. et al. Small RNA modifications in Alzheimer’s disease. Neurobiol Dis 145, 105058 (2020).
Kaur, G. ef al. DNA Methylation: A Promising Approach in Management of Alzheimer’s Disease and
Other Neurodegenerative Disorders. Biology 11, 90 (2022).

Yin, R.-H., Yu, J.-T. & Tan, L. The Role of SORLI in Alzheimer’s Disease. Mol Neurobiol 51, 909—
918 (2015).

Schuck, P. F. et al. cis-4-decenoic acid provokes mitochondrial bioenergetic dysfunction in rat brain.

Life Sciences 87, 139-146 (2010).

28

132



552

553

554

555

556

56. Javaid, S. et al. Dynamics of Choline-Containing Phospholipids in Traumatic Brain Injury and

Associated Comorbidities. Int J Mol Sci 22, 11313 (2021).

57. Yuan, J. et al. Is dietary choline intake related to dementia and Alzheimer’s disease risks? Results from

the Framingham Heart Study. Am J Clin Nutr 116, 1201-1207 (2022).

29

133



134

Conclusion

The integration of multi-omics data holds immense potential for unraveling the complex molecular
mechanisms underlying AD. In this dissertation, I have successfully executed three ambitious aims
that leverage cutting-edge techniques to address fundamental questions in AD research. The work
presented here not only provides valuable insights into the molecular and genetic architecture of
AD but also contributes to the advancement of precision medicine by identifying novel biomarkers

and risk factors for AD.

In Aim 1, we identified cooperative TF pairs that regulate target genes in oligodendrocytes.
By combining scRNA-seq and scATAC-seq data, we uncovered key TF interactions that play a
pivotal role in the regulation of oligodendrocyte-specific genes. We identified several highly
cooperative TF pairs, such as SOX10 and OLIG2, which are already known, and additionally
discovered previously unreported cooperative pairs, such as SOX10 and NKX2.2. The use of deep
learning models allowed for accurate predictions of target gene expression, revealing critical
insights into how gene regulation is disrupted in AD. Additionally, the independent validation of
these TF pairs through eQTLs further strengthened our findings and demonstrated the relevance
of these regulatory interactions to neurodegenerative diseases like AD. This framework provides
a deeper understanding of the GRNs involved in oligodendrocyte function and lays the foundation

for future therapeutic strategies targeting transcriptional dysregulation in AD.

Aim 2 focused on developing COSIME (Cooperative Multi-view Integration and Scalable
Interpretable Model Explainer), a novel machine learning approach designed to integrate multi-
omics data and predict AD phenotypes. The integration of unsupervised neural networks with

optimal transport methods proved to be an effective strategy for combining diverse data types,



135

such as genomics and transcriptomics, improving the accuracy of AD phenotype prediction.
COSIME also provides a level of interpretability, allowing us to gain insights into the relative
importance of features and their interactions within and across different omics modalities. Using
COSIME, we identified that synergistic interactions between microglia and astrocyte genes
associated with AD are more likely to be active at the edges of the middle temporal gyrus, as
revealed through spatial transcriptomics data. We also constructed a gene-gene interaction network,
which uncovered several astrocyte-specific MERFISH genes—such as PLCBI and HPSE2—as
key hub genes linking multiple microglia genes. PLCBI, in particular, is involved in
phosphatidylinositol signaling and plays a central role in inflammation and synaptic function,
while HPSE2 modulates heparan sulfate metabolism and may influence neuroinflammatory
pathways in AD. This novel machine learning method has the potential to transform how we
analyze complex, high-dimensional biological data, offering a robust framework for predicting

disease outcomes and identifying novel AD risk factors.

In Aim 3, the application of COSIME to clinical multi-omics data from the Wisconsin
Registry for Alzheimer’s Prevention (WRAP) and the Wisconsin Alzheimer’s Disease Research
Center (ADRC) cohorts led to the identification and replication of key genomic and metabolomic
risk factors for AD. By integrating transcriptomic and metabolomic data, we aimed to uncover
how interactions between genes and metabolites influence AD phenotypes. For example,
metabolite interactions such as the antagonistic relationship between sphingomyelin (d17:2/16:0,
d18:2/15:0) and tetradecadienoate (14:2), which destabilize membrane structure and fluidity, could
accelerate neurodegeneration. In contrast, sphingomyelin (d18:2/16:0, d18:1/16:1) and choline
may interact synergistically in the presence of elevated ptau2l7, potentially impairing

acetylcholine synthesis and amplifying cognitive decline. These metabolite changes are associated
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with lower PACC3 scores when downregulated and higher ptau217 levels when upregulated.
These findings have important implications for understanding the molecular interactions
underlying AD, including gene-gene, metabolite-metabolite, and gene-metabolite relationships
and could serve as the basis for the development of personalized treatments by enabling targeted
therapies that address individual molecular profiles and specific interaction patterns unique to each
patient. The ability to predict AD risk based on multi-omics data is a significant step toward
precision medicine, with further work needed to validate these findings in larger, diverse cohorts
and translate them into targeted therapeutic interventions tailored to the specific molecular
signatures identified in high-risk individuals, as it enables the identification of individuals at high

risk of developing AD before the onset of clinical symptoms.

The results of this dissertation contribute to a deeper understanding of the genetic and
metabolic factors that drive AD and provide a new computational framework for integrating and
analyzing multi-omics data. By identifying cooperative TFs, discovering novel biomarkers, and
uncovering complex gene-metabolite interactions, this research paves the way for more targeted
interventions in AD. For instance, the identification of interacting biomarkers—such as gene and
metabolite biomarkers that co-regulate critical pathways in neurodegeneration—can allow for the
development of combination therapies that target these pathways simultaneously, improving
treatment efficacy by addressing multiple disease mechanisms at once. As we continue to improve
the integration of multi-omics data, we move closer to the ultimate goal of precision medicine:

providing personalized, effective treatments for individuals with AD.

Ultimately, this work demonstrates that a systems biology approach, integrating genomics,

transcriptomics, and metabolomics, is crucial for advancing our understanding of AD pathology.
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The application of novel computational tools like COSIME will allow for more accurate
predictions, better identification of biomarkers, and the development of targeted therapies that
address the complex nature of AD. This dissertation sets the stage for future research in
neurodegenerative diseases, providing new directions for the diagnosis, prevention, and treatment

of AD and other related cognitive disorders.

Building upon the findings and methodologies presented in this dissertation, several
avenues for future research can be explored to further enhance our understanding of AD and
improve the predictive capabilities of multi-omics integration models. One important direction is
the exploration of high-order feature interactions, which could reveal more intricate relationships
between genes, metabolites, and other molecular factors. Advanced clustering techniques could
also be employed to identify subgroups within the AD population, potentially leading to the
discovery of novel disease subtypes or risk profiles. Another promising development would be the
incorporation of causal inference techniques into the COSIME model explainer. This would allow
for a deeper understanding of the causal relationships between molecule factors in AD, thereby
enabling more accurate predictions of disease progression. Finally, extending COSIME to handle
longitudinal data represents a crucial next step, as it would allow for the analysis of temporal
changes in multi-omics data, offering new insights into how AD evolves over time. These
advancements would significantly improve our ability to predict disease onset and progression,

leading to more personalized and effective therapeutic strategies.
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Oligodendrocytes are the myelinating cells within the central nervous system, but the mechanisms by
which transcription factors (TFs) cooperate for gene regulation in oligodendrocytes remain unclear.
We introduce coTF-reg, an analytical framework that integrates scRNA-seq and scATAC-seq data to
identify cooperative TFs co-regulating the target gene (TG). First, we identify co-binding TF pairs in the
same oligodendrocyte-specific regulatory regions. Next, we train a deep learning model to predict
each TG expression using the co-binding TFs’ expressions. Shapley interaction scores reveal high
interactions between co-binding TF pairs, such as SOX10-TCF12. Validation using oligodendrocyte
eQTLs and their eGenes that are regulated by these cooperative TFs show potential regulatory roles
for genetic variants. Experimental validation using ChlP-seq data confirms some cooperative TF pairs,
such as SOX10-OLIG2. Prediction performance of our models is evaluated through holdout data and
additional datasets, and an ablation study is also conducted. The results demonstrate stable and

consistent performance.

Oligodendrocytes play key functional roles in the central nervous system
(CNS) function, including that they are responsible for myelination™”.
Myelination is a complex neurodevelopmental process that begins during
brain development in the third trimester of pregnancy and increases steadily
during childhood, but it can also be dynamically regulated in the context of
learning and diseases affecting the mature CNS™. Also, Oligodendrocyte
dysfunction and myelin abnormalities have been reported in CNS
disorders™*". Multidirectional interactions between neuronal and glial cells
are required for CNS function’, including interactions between oligoden-
drocytes and neurons through myelination®. Therefore, it is critical to better
understand the functions and roles of oligodendrocytes and myelin.

Gene expression of oligodendrocyte development from oligoden-
drocyte progenitor cells (OPC) is governed by complex gene regulatory
mechanisms involving transcription factors (TFs)*". TFs often work in a
combinatorial fashion to regulate gene expression from regulatory
elements™'’. For example, some TFs such as SOX10 and OLIG2 cooperate
during the induction of genes for differentiation and myelin formation''™"".
Enhancers can increase transcription levels from promoters and

transcription start sites (TSS), and much of the regulatory code that drives
cell type-specific gene expression resides in these distal regulatory elements.
Especially, some active enhancers are associated with the gene expression
that characterizes cell identity and functions". Thus, it is important to
identify active oligodendrocyte-specific enhancers as well as promoters and
the co-binding TFs that are responsible for their activity.

Next-generation sequencing technologies, including single-cell RNA
sequencing (scRNA-seq) and the assay for transposase-accessible chro-
matin sequencing (scATAC-seq), have provided important insights into
cell-type-specific gene regulation. Recent functional genomic resources such
as PsychENCODE2'° and GTEx", and emerging tools for integrating multi-
omics data enable creating cell-type-level gene regulatory networks (GRNs)
linking TFs and their binding sites (TFBS), regulatory elements to target
genes (TGs). Those networks can reveal the cell-type-specific regulatory
roles of TFs via regulatory elements. Moreover, additional bioinformatic
tools such as SCENIC+', Signac”, and scGRNom™ predict cell-type-
specific gene regulatory networks to explain potential TF-TG relationships.
However, most of these studies and tools focus on relationships between
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individual TFs and TGs instead of TF-TF interactions and their effects on
TG expression. Consequently, due to the lack of tools, the mechanistic roles
of cooperative TFs in establishing cell type-specific gene regulation remain
uncharacterized.

To tackle these challenges, we introduce coTF-reg, an analytical fra-
mework that integrates scRNA-seq and scATAC-seq data to identify
cooperative TFs co-regulating the TG. coTF-reg identifies cooperative co-
binding TFs along with active regulatory elements for gene regulation as
hallmarks of active oligodendrocyte-specific regulatory elements. First, it
identifies co-binding TF pairs in these regulatory regions. Second, a deep
learning model is trained to predict TG expression based on the expression
profiles of co-binding TFs. Third, Shapley interaction scores are computed
to evaluate the interactions between TF pairs. Our findings reveal high
interactions between co-binding TF pairs, such as SOX10-TCF12. Vali-
dation using oligodendrocyte eQTLs and their eGenes that are regulated by
these cooperative TFs showed potential regulatory roles for genetic var-
iants. Experimental validation using ChIP-seq data confirmed some
cooperative TF pairs, such as SOX10-OLIG2 and SOX10-NKX2.2. Pre-
diction performance of our models was evaluated through holdout data
and additional datasets, and an ablation study was also conducted. The
results demonstrated stable and consistent performance. Overall, our
results create an analytic framework in which co-binding TF pairs coop-
eratively activate the TG expression through oligodendrocyte-specific
regulatory elements.

Results

Deep learning and single-cell multi-omics for identifying
cooperative transcription factors in oligodendrocytes

In order to predict cooperative TFs involved in oligodendrocyte gene reg-
ulation, we designed coTF-reg, which integrates scRNA-seq and scATAC-
seq data to identify the cooperative TFs that co-regulate the target gene (TG)
expression in oligodendrocytes (Fig.1, Methods and Materials). Briefly, we
first used scATAC-seq data with peak-to-gene links*'. Second, among the
regulatory regions for various cell types, we focused on those specific to
oligodendrocytes. We then identified transcription factor binding sites

(TFBSs) and co-binding TF pairs through motif co-occurrence and co-
enrichment analyses. Third, we trained deep neural networks (DNNs) to
predict the expression levels of the TGs and measure interaction effects
between co-binding TFs on the expression levels of TGs using gene
expression from scRNA-seq data® and computed Shapley interaction
(SI)*** scores for co-binding TF pairs and found cooperative TF pairs.
Fourth, we built a gene regulatory network based on SI scores for co-binding
TF pairs. Lastly, as an independent validation, to validate the cooperative TF
pairs we found, we mapped oligodendrocyte eQTLs onto the regulatory
regions where cooperative TF pairs exist, performed Liftover analysis and
co-enrichment analysis using ChIP-seq data, and applied Boolean rules to
characterize the cooperativity of regulatory factors. To evaluate the pre-
diction performance of our models, we used other publicly available datasets
and conducted an ablation study by generating random TF sets to predict
TG expressions.

Identification of the co-binding transcription factors in
oligodendrocyte-specific regulatory regions
First, we identified a set of 787 oligodendrocyte-differentially accessible and
oligodendrocyte-specific regulatory regions by comparison of oligoden-
drocyte scATAC-seq data to other brain cell types. In this set, we identified
958 motifs for inferred TFBSs using the JASPAR database. Second, we used
co-occurrence analysis and co-enrichment analysis to identify 8101 co-
binding TF pairs out of 458,403 possible TF pairs (‘Methods and Materials:
Co-enrichment analysis’ for more details). We removed TF pairs from the
same families and applied a cutoff (<0.1) for false discovery rate (FDR)
yielding 8101 co-binding TF pairs. There were 206 TFs that have co-binding
TFs linked to 445 TGs (Supplementary Data) that are oligodendrocyte
specific in 643 regulatory regions (Fig. 2a). We annotated the regulatory
regions to categorize them into promoters (32.5%) and enhancers
(67.5%) (Fig, 2b).

The density plots show the distributions of the number of co-binding
TF pairs, the number of TGs, and the number of peaks for individual TFs
that are co-bound to other TFs. Most of the TFs have 50 to 103 co-binding
TFs (median = 78). The distribution of the number of TGs for TFs is right-
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Fig. 1 | Deep learning and single-cell multi-omics for identifying cooperative
transcription factors in oligodendrocytes. Inputs for the coTF-reg pipeline are
scATAC-seq peak-gene links and scRNA-seq. It infers transcription factor binding
sites (TFBSs) in regulatory regions and identifies co-binding TF pairs. Then, it

measures cooperativity of co-binding TFs by predicting TF-TG relationships for the
levels of expression using deep learning models and Shapley interaction scores. It

outputs a gene regulatory network linking co-binding TF pairs with their TGs and
regulatory variants on the regulatory regions where co-TFs have their binding sites.
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Fig. 2 | Distribution and correlation of the numbers of co-binding transcription
factors, target genes, and peaks for individual transcription factors, peak
annotation, and summary statistics for transcription factor-target gene links.

a Summary statistics of transcription factor (TF)-target gene (TG) links. b Peak
annotation. ¢ Distributions of the numbers of co-binding TFs, TGs, and peaks for

individual transcription factors. d Correlations between the numbers of co-binding
transcription factors and target genes, as well as the numbers of co-binding TFs and
peaks. e Distribution of the numbers of co-binding TF pairs, TGs, and peaks for
transcription factors by families.

skewed, and many TFs have 76 to 172 TGs linked. The distribution of the
number of peaks for TFs is also right skewed, and the most frequent intervals
were between 75 and 180 peaks (Fig. 2¢). The distributions of the numbers of
TGs and peaks for co-binding TF pairs are approximately normal. On
average, co-binding TF pairs have 60 TGs linked and 59 peaks (Supple-
mentary Fig. 1). Additionally, other density plots show the distributions of
the number of TGs and the number of peaks for co-binding TF pairs and bar
plots display the numbers of co-binding TFs, TGs, and peaks for individual
TFs by their family categories (Fig. 2d). Co-binding TFs have 4 to 115 TGs
(median =59) and 4 to 123 peaks (median = 56) and the most frequent
motifs are associated with TF families with C2H2 zinc finger (ZF), bZip, and
bHLH DNA-binding domains (Fig. 2e). C2H2 ZF proteins are a large family
and C2H2 ZF TFs (e.g, ZNF24” and KLF9/13) are known to play

significant roles in the development and function of oligodendrocytes,
which are the myelinating cells of the CNS. These TFs can regulate the
expression of genes essential for oligodendrocyte differentiation, survival,
and myelination processes™”.

We computed Pearson correlation coefficient (r) to measure correla-
tions between the number of co-binding TFs and the number of TGs and the
number of co-binding TFs and the number of peaks for individual TFs
(Fig. 2d). The number of co-binding TFs and the number of TGs for
individual TFs are strongly positively correlated (r = 0.70). It suggests that
TFs that are co-bound to other TFs tend to have more TGs linked to them.
The number of co-binding TFs and the number of peaks for individual TFs
are also strongly positively correlated (r=0.67). It shows that co-binding
TFs may exist in many different peaks.
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Fig. 3 | Oligodendrocyte gene expression relationships between transcription
factors and target genes. a UMAP for eighteen cell type in middle temporal gyrus
region, b Enrichments analysis for target genes that are oligodendrocyte-specific,
¢ Pairwise two-sided t-tests for the correlation (between the expression of the TFs and

their TGs) comparison for three TF groups: 10 oligodendrocyte key transcription
factors, 83 oligodendrocyte-specific non-key transcription factors, and 103 non-
oligodendrocyte-specific transcription factors, and d Boxplots for the expression
levels of the three categories in (c) (each column is an example for each category).

In the following sections, we incorporate RN'A-seq data to explore gene
expression relationships between TFs and TGs, train deep learning models
to predict TG expression using co-binding TFs, and compute TF interaction
scores using the trained models.

Oligodendrocyte gene expression relationships between
transcription factors and target genes

A single cell study identified the unique gene expression profile of oligo-
dendrocytes compared to other brain cell types”, as shown by the two
dimensional Uniform Manifold Approximation and Projection (UMAP)
space after computing latent representations of the neighborhood graph
(Fig. 3a). The UMAP embeddings reveal that oligodendrocytes exhibit a
distinct expression profile compared to other cell types. This separation
suggests that oligodendrocytes have unique transcriptional programs that
differentiate them from neighboring cell types. The distinct clustering of
oligodendrocytes in the UMAP space indicates specialized functional roles
and may reflect their involvement in myelination and maintenance of
neural integrity. In order to focus on oligodendrocyte-specific mechanisms
of gene regulation, we conducted differential expression testing using 17,946

genes and 20,191 metacells and identified 4387 differentially expressed
genes (DEGs) for oligodendrocytes. We found 445 TGs out of 507 TGs of
oligodendrocyte-specific regulatory elements (88%) were DEGs for oligo-
dendrocytes. Subsequently, we conducted enrichment analysis for these 445
TGs revealing their involvement in crucial biological processes for oligo-
dendrocytes, such as oligodendrocyte development, oligodendrocyte dif-
ferentiation, and myelination (Fig. 3b).

We categorized TFs into oligodendrocyte key TFs, oligodendrocyte-
specific non-key TFs, and non-oligodendrocyte-specific TFs using oligo-
dendrocyte expression level and the list of key TFs (see ‘Methods and
Materials: Key TFs’ for more details). ‘Oligodendrocyte-specific key TFs’ are
oligodendrocyte differentially expressed TFs and key TFs, ‘oligodendrocyte-
specific non-key TFs’ are oligodendrocyte differentially expressed TFs but
not key TFs, and ‘non-oligodendrocyte-specific TFs are neither oligoden-
drocyte differentially expressed TFs nor key TFs. The key oligodendrocyte
TFs were defined based on mouse loss-of-function studies that have shown
that specific TF’s are critical for oligodendrocyte differentiation. The key
TFs include SOX10”, SOX2*, SOX8”, MYRF”, OLIG1*, OLIG2",
TCF7L2*", ZNF24”, NKX2.2*, and NKX6.2”.
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Each of 206 TF, who have co-binding TFs, regulates a different set of
TGs, and we computed correlations between the expression of the TFs and
their TGs in the three categories. Pairwise two-sided t-tests show that cor-
relations between TFs and TGs in oligodendrocyte key TF pairs and those in
non-oligodendrocyte-specific TF pairs are significantly different (p < 0.001).
It also indicates that correlations between TFs and TGs in oligodendrocyte-
specific non-key TF pairs and those in non-oligodendrocyte-specific TF
pairs are significantly different (p < 0.001) (Fig. 3¢). The results for differ-
ential expression testing show that the six TFs in the two categories, oli-
godendrocyte key TF pairs and oligodendrocyte-specific non-key TF pairs
are all significant and up-regulated (Fig. S8).

We color-coded the UMAP embeddings based on the expression level
of the TFs (Fig. 3a) and selected three TFs as examples for each category.
Oligodendrocyte-specific key TFs such as SOX10, MYRF, and OLIG2 are
specifically highly expressed in oligodendrocytes. Oligodendrocyte-
enriched non-key TFs, including RBPJ, JUND, and KLF7, are expressed
in multiple cell types but are more highly expressed in oligodendrocytes.
Non-oligodendrocyte-specific TFs, such as RUNX1, HLF, and CREBI, are
not specifically expressed in oligodendrocytes (Fig. 3d).

Deep learning and Shapley interaction scores to measure
cooperativity of co-binding transcription factors

To understand the complex relationships between TFs for predicting TGs,
we built deep learning models. We trained a deep learning model for each of
the 445 TG. Each model used the expression levels for the 206 TFs that have

co-binding TFs to predict a TG expression level. We used seven hidden
layers in each DNN (Fig. 4a). We excluded co-binding TF-TG pairs that
exhibited high variability in their SI scores (coefficient of variance > 0.5).
Using a trained model and a hold-out test dataset, we computed SI scores for
TFs in each DNN. Additionally, we determined the percentile SI score for all
co-binding TF pairs. Then, a two-sided t-test to compare the mean values for
the percentile SI scores of key co-binding TF pairs and non-key co-binding
TF pairs revealed a significant difference between the two groups
(p < 0.0001) (Fig. 4b).

To emphasize the several important key co-binding TF pairs, we
selected the top forty-eight interacting pairs for each key co-binding TF pair,
such as SOX10, MYRF, OLIG1, OLIG2, NKX6.2, and TCF7L2, and gen-
erated a heatmap for their SI scores scaled from 0 to 1 (Fig. 4c). Similarly, we
chose the top forty-eight interacting co-binding TF pairs for non-key TFs
and created another heatmap for their SI scores scaled from 0 to 1 (Fig. 4d).
We noticed that the SI scores for key-TF co-binding pairs have higher values
than those for non-key co-binding TF pairs.

We also validated our model prediction performance for one TG,
myelin basic protein (MBP), using additional data (Supplementary
Fig. 2)*’. We regressed the scaled actual values on the scaled predicted
values. For our primary dataset, we obtained an R-squared of 0.81 and a
r of 0.90 (Supplementary Fig. 2a). Furthermore, when analyzing
another dataset, we observed an R-squared of 0.69 and a r of 0.83,
affirming the predictive capability of our model architecture (Supple-
mentary Fig. 2b).
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hierarchy. Each node depicts a transcription factor. In (b, c), the edges colored in
orange are the top-level (master) regulators, the edges colored in yellow are the
middle-level regulators, and the edges colored in white are the bottom-level
regulators.

Oligodendrocyte gene regulatory network analysis for
cooperative TF pairs and transcription factor hierarchy

We chose one pair of co-binding TF with the highest interaction scores from
six key co-binding TF pairs, including SOX10, MYRF, OLIG1, OLIG2,
NKX6.2, and TCF7L2. We built a gene regulatory network (GRN) for these
cooperative TF pairs and their TGs that are co-regulated by them (Fig. 5a).
We found that a TG, CALDI, is co-regulated by three key cooperative TF
pairs, SOX10-TCF12, RORA-OLIG2, and FOXP1-NKX6.2 and another
TG, PPPIRI6B, is co-regulated by three key cooperative TF pairs, RORA-
OLIG2, FOXP1-NKX6.2, and FOXP1-OLIG1. There are other TGs, such as
AMOTL2, BOK, CALDI, FA2H, and CPM, in the GRN that are co-regulated
by two pairs of cooperative TFs.

We computed in-degree and out-degree for eighteen TFs that can also
be TGs at the same time since TF feed forward and feedback loops are
common (Fig. 5b). Then, we conducted a TF hierarchy analysis and found
eight top-level regulators (Fig. 5¢), called ‘Master regulators’, including
SOX10, SOX2, and SOX8, which are key TFs that are known to play critical
roles in oligodendrocyte differentiation’ . The other five master reg-
ulators, MEIS1, MEIS2, RBPJ], JUND, and ZNF281, are categorized as
oligodendrocyte-specific non-key TFs in Fig. 3c. All TFs that are middle-
level regulators and bottom-level regulators, except for MYRF, are cate-
gorized as oligodendrocyte-specific non-key TFs. MYRF is one of the key
TFs which is specifically activated in myelinating oligodendrocytes. PROX1
has been identified as being important for oligodendrocyte
differentiation*"*”. Most of these eighteen TFs are expressed in both oligo-
dendrocytes and OPCs (Supplementary Fig. 4). It provides evidence that
oligodendrocyte differentiation is pre-set in OPCs".

Independent validation for cooperative TFs

eQTL mapping. As an independent assessment of the regulatory regions
we mapped oligodendrocyte eQTLs* onto oligodendrocyte-specific
regulatory regions to explain the causal relationships between the
expression levels of the co-binding TF pairs we identified and their target
genes (TGs). Using chromosome and position of eQTL SNPs (eSNPs)
from oligodendrocyte eQTLs, eSNPs integrated with a total of 643
oligodendrocyte-specific regulatory regions (Fig. 2a). This integration

facilitates the identification of potential regulatory connections between
the eSNPs and the co-binding TFs in these regions, enhancing our
understanding of how genetic variations influence the expression levels of
the identified co-binding TF pairs and their corresponding TGs. Notably,
it provides evidence of causation if the eQTL genes and TGs are identical
where co-binding TF pairs occur, indicating that these co-binding TF
pairs are co-regulating TG expressions.

First, among 4.8 million oligodendrocytes eQTLs, we filtered 2 million
significant (FDR < 0.05) eQTLs. Second, we mapped these significant eSNPs
onto oligodendrocyte-specific regulatory regions (Fig. 6a). In total, 383
eSNPs and 159 eGenes were mapped onto 188 regulatory regions. Among
these, 373 eSNPs and 153 eGenes (and TGs) were found in 179 regulatory
regions associated with key TF pairs. Enrichment analysis for TGs indicates
their strong involvement in biological processes such as oligodendrocyte
development, myelination, and oligodendrocyte differentiation. (Fig. 6b)

Validation of cooperative TF pairs. The model generated from human
epigenome and expression data predicted a number of enriched TF pairs
within oligodendrocyte-specific TF regulatory elements. In order to test if
the coordination occurs as predicted, we utilized rat oligodendrocyte
ChIP-seq data that were available for selected transcription factors. One
predicted pair was OLIG2/SOX10, which had previously been shown to
be extensively colocalized in analyses of rat oligodendrocytes®. To
visualize the preferential binding of SOX10 on a global scale, a read
density plot for SOX10 ChIP-seq reads'' was generated centered on the
previously defined OLIG2 peaks™ in oligodendrocytes (Fig. 6¢). In line
with previous analysis, the average read density of SOX10 is highly
enriched over OLIG2 bound sites. A newly found pair predicted by the
model was that of NKX2.2 and SOX10, and we generated a similar plot of
SOX10 ChIP-seq reads over a defined set of NKX2.2 ChIP-seq peaks in
oligodendrocytes™, and we found a similarly high enrichment of SOX10
binding on ~40% of NKX2.2 binding sites (Fig. 6d). An example of the
colocalization is shown for the MBP gene, which MBP is a crucial TG in
oligodendrocytes as a key component of the myelin sheath”**. Expres-
sion of MBP is essential for the differentiation and maturation of
oligodendrocytes**’, and MBP maintains the structure and integrity of
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the myelin sheath®. As shown in Fig. 6, there are at least 2 sites upstream
of MBP where there is colocalization of SOX10 with NKX2.2 and OLIG2.

Boolean cooperativity of TF pairs. We applied a logic circuit to char-
acterize Boolean cooperativity of TFs using Loregic™. A total of 206 TFs
that form 8101 co-binding TF pairs were input. 6660 (82.2%) out of the
8101 co-binding TF pairs have consistent triplets—matching the same
logic gate across all targets, demonstrating strong cooperation between
the activities of the two TFs on the TGs. More than half of the TF1-TF2-
TG pairs are categorized as “AND” indicating a positive correlation
between TG expression and the expression of both TF1 and TF2
(Fig. S6a). We also achieved permutation scores to remove logic gates
chosen by random. Still, 6092 TF pairs have consistent triplets and 64% of
triplets are categorized as “AND” (Fig. S6b).

Independent validation for the prediction performance of

the models

Model prediction validation and ablation study. Using Multi-omics
scRNA-seq data’' from the same cells as the scATAC-seq data in the main
analysis, we trained deep learning models and computed SI scores. Forty-
eight SI scores for key-TF pairs in Fig. 4c were selected. The correlation
between the SI scores computed from the main data and the Multi-omics
data are shown in Fig. S5a. We also ran a two-sided t-test to compare the
mean values for the percentile SI scores of key co-binding TF pairs and
non-key co-binding TF pairs as we did for the main data (Fig. 4b). There
was a significant difference between the two groups (p<0.0001)
(Fig. S5b).

Model performance was evaluated using the holdout data. Addition-
ally, we included three more publicly available scRNA-seq datasets: Multi-
omics, ROSMAP", and Cross-disorder”, and validated the prediction
performance of our model for each TG. Here, TGs were predicted using the
trained models and the entire datasets. The holdout data, Multi-omics, and
ROSMAP show consistently low normalized root mean squared error
(NRMSE), while more than 75% of predictions in Cross-disorder also have
low NRMSE. NRMSE can be compared across genes (Fig. S7a).

We also conducted an ablation study to compare the prediction per-
formance of our models. Another dataset for 206 random TFs that are
neither co-binding nor cooperative was created and their prediction per-
formance was compared to that of 206 co-binding TFs (Fig. S7b). The model
prediction performance is much better overall when 206 TFs used for
predicting TGs are either co-binding, cooperative, or both.

Discussion

With resources provided by advances in single-cell sequencing, some
studies™ ™ have elucidated the roles of several TFs, enabling the construc-
tion of cell type-specific gene regulatory networks to explain potential TF-
TG relationships using bioinformatic tools. However, most of these studies
and tools primarily focus on relationships between independent TFs
and TGs.

This study introduces an analytical framework, coTF-reg, which
identifies co-binding TFs and their TGs in oligodendrocyte-specific reg-
ulatory regions. Deep learning models predicted TG expression levels using
the expression levels of co-binding TF pairs, and we computed TF SI scores
to define highly interacting co-binding TF pairs as ‘cooperative’ TFs that co-
regulate TG expression levels. We found that the key co-binding TF pairs
tend to highly interact with each other compared to non-key co-binding TF
pairs for predicting TG expression levels. Independent validation, such as
mapping eQTLs onto the regulatory regions, provides evidence for causal
relationships between co-binding TF pairs and TGs. Additionally, con-
verting these regions to the rat genome assembly coordinates and measuring
the density of ChIP-seq signals for key cooperative TFs show that many of
these TF pairs are enriched in the regulatory regions, indicating their col-
laborative role in co-regulating TG expression levels. We defined specific
key TFs and examined co-binding TF pairs containing them, along with
their interactions in predicting TG expression levels. We then compared
these results with those of non-key TF pairs. Overall, co-binding TF pairs
with known regulators of oligodendrocyte development exhibit higher ST
scores, suggesting that they not only regulate TG expression individually but
also cooperatively. We identified several highly cooperative TF pairs, such as
SOX10 and OLIG2'**, which are already known. Additionally, we
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discovered previously unreported cooperative pairs, such as SOX10
and NKX2.2.

Our study demonstrates several strengths. First, we concentrate on
interactions between co-binding TF pairs and their impact on TG expres-
sion using deep learning approaches. Deep learning can elucidate complex
TF relationships and their effects on TG expression levels. Second, the coTF-
reg pipeline can be used by general users with any scATAC-seq and scRNA-
seq data. The code for coTF-reg is openly available on GitHub, allowing
users to input their scATAC-seq and scRNA-seq data for specific purposes.
Third, we provide a comprehensive analytical framework that incorporates
analyses utilizing co-bindings by motif and expression levels. We define
‘cooperative’ TF pairs as TF pairs significantly co-enriched across regulatory
regions, exhibiting high SI scores in terms of expression when predicting TG
expression. The term cooperativity has often been applied to co-bindings of
TFs to nearby sites that facilitates stabilized binding due to protein-protein
interactions, but in our model, we use TF pairs that can bind to sites in the
same regulatory regions, since TF’s can coordinately activate enhancers
without direct interactions.

Nevertheless, there are some limitations to our study. To begin with,
it’s important to note that more than two TFs can co-regulate TG
expression™*. However, our current tool is limited to analyzing inter-
actions between two co-binding TFs. In future research, developing or
applying more sophisticated methods capable of handling clusters of TFs
that co-regulate the same TG expression will be informative. Moreover,
our method for identifying binding sites relies on the position frequency
matrices in the motif database. While both SOX10 and MYRF are key TFs
for oligodendrocytes, we encountered difficulty in obtaining sufficient
binding sites for MYRF. Consequently, we had to supplement with a
different motif for MYRF based on our prior knowledge. More generally,
the definition of TF motifs relies on disparate methods, and limitations of
motif generation and analysis have been noted previously. Nonetheless,
our analysis provided TF-TF coordination that we could validate using
data from previous studies. We predict that future analysis can be used to
determine if the predicted TF pairing plays a role in oligodendrocyte
differentiation, since reliance on single factor studies is not able to
recapitulate the important combinatorial functions of TF’s in generating
cell type-specific gene expression patterns. Lastly, there can be alternative
methods for establishing cooperative relationships between TFs, such as
Boolean rules” . Logic-based models are also powerful tools for
understanding the complex interactions among regulatory TFs in gene
regulation. Developing new tools that incorporate Boolean rules and
machine learning approaches will help us effectively infer more intricate
TF relationships, paving the way for future research aimed at unraveling
the complexities of gene regulation.

Methods

coTF-reg pipeline workflow

First, published scATAC-seq data with peak-to-gene links™' is inputted
into the coTF-reg pipeline. Second, transcription factor binding sites
(TEBSs) and co-binding TF pairs in the oligodendrocyte regulatory
regions are identified through motif co-occurrence and co-enrichment
analyses. Third, deep neural networks (DNNs) to predict the expression
levels of the TGs are trained and the interaction effects between co-
binding TFs on the expression levels of TGs using gene expression from
scRNA-seq data™ are measured by computing Shapley interaction (SI)****
scores. Fourth, a gene regulatory network is built based on SI scores for
co-binding TF pairs. Fifth, a TF hierarchy analysis is used to define TFs as
regulators in three categories. Lastly, as an independent validation, to
validate the cooperative TF pairs: 1. The oligodendrocyte eQTLs are
mapped onto the regulatory regions where cooperative TF pairs exist, 2.
Liftover analysis and co-enrichment analysis using ChIP-seq data are
conducted, 3. Boolean rules are applied to characterize the cooperativity
of regulatory factors. To evaluate the prediction performance of our
models: 1. Other publicly available datasets are used as validation data to

predict TG expressions, 2. Ablation study is implemented by generating
random TF sets to predict TG expressions.

Step 1: Infer transcription factor binding sites. We inferred tran-
scription factor binding sites (TFBSs) in 787 scATAC-seq peak regions
that have linkages with TGs.

a) The R package GenomicRanges was used to format the ATAC-seq
peaks into genomic ranges.

b) Position frequency matrices (PFMs) for the 949 motifs in JASPAR2022
database™ were set in R, along with nine additional PFMs for the
important modified motifs based on our prior knowledge.

c) TFBSs in the scATAC-seq peak regions were inferred using a R
package, motifmatchr”.

Step 2: Identify co-binding transcription factor pairs. We identified
co-binding TF pairs using the inferred TFBSs in Step 1.

a) All possible TF-TF pairs with binding sites in the scATAC-seq peak
regions were considered.

b) TF pairs from the same families were excluded.

¢) Co-enrichment analysis: Co-occurrence analysis was conducted to find

TF pairs that have overlapping regions. We then conducted

hypergeometric tests to find significantly enriched TF pairs in the

same regions. We used multiple testing corrections via FDR and

applied FDR < 0.1 cutoff. We define the TF pairs that are co-enriched

(FDR < 0.1) as ‘co-binding’ TF pairs.

Gene regulatory networks (GRNs) were constructed for TG-co-TF pair-

peak links and matched TGs and co-TF pairs to the scRNA-seq data.

Lowly expressed TGs and TFs were removed from the GRNs by

applying a cutoff, median expression level > 1; more than half of the

cells are expressed, from the GRNs.

f) Differential expression testing was implemented using Seurat® and
selected TGs that are oligodendrocyte specific in the GRNs.

g) Peaks were annotated as promoters or enhancers using annotat

d
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Step 3: Measure cooperativity of co-binding transcription factors.
Gene expression levels of the co-binding TF pairs from scRNA-seq data
were incorporated into deep learning models to predict the expression
levels of the TGs and measure interaction effects between co-binding TFs
on the expression levels of TGs using Shapley interaction (SI) scores.

=

a) Metacells for the cells in scRNA-seq data were projected using a Python
package, metacells”".

Expression levels of TFs that have co-binding TFs and TGs were
used to construct deep learning models for each TG using PyTorch’ in
Python.

c) SIscores for TF pairs were computed in each deep learning model.
d) Interaction matrices for the SI scores were generated in deep learning
models and the mean interaction scores for co-binding TF pairs were
calculated.

Coefficients of variation (CV)’ of the interaction scores for each co-
binding TF pair were computed and the pairs with CV values higher
than 0.5 were removed.

b

N

€

=

Step 4: Gene regulatory network and TF hierarchy analysis. A gene
regulatory network was built for six key cooperative TFs.

a) One cooperative TF pair for each of the six key TFs was selected based
on the top interaction scores.

b) A gene regulatory network was bulit linking cooperative TF
pairs to TGs.

¢) TGs co-regulated by cooperative TF pairs were selected.

d) A network plot was generated using Cytoscape”.

Communications Biology | (2025)8:181

145



https://doi.org/10.1038/s42003-025-07570-6

Article

Step 5: TF hierarchy analysis. TFs that can be TGs were chosen, and we
implemented hierarchy analysis’™ for those TFs.

a) In-degree (I) and out-degree (O) for the TFs were calculated.
b) Hierarchy height metrics for the TFs were computed.
c) TFs were classified as top-regulator, middle-regulator, or bottom-

regulator.

Step 6: Independent validation. We implemented eQTL mapping,
ChIP-seq enrichment analysis, and Boolean cooperativity analysis for
validating cooperative TF pairs and model prediction validation and an
ablation study for validating the prediction performance of the models.

Validation of cooperative TF pairs
eQTL mapping. We mapped the significant (FDR <0.05) oligoden-
drocyte eQTLs onto the scATAC-seq peak regions.

a) Publicly available oligodendrocyte eQTL data** were downloaded and
the significant (FDR < 0.05) eQTLs were extracted.

b) The significant eQTLs were mapped to the scATAC-seq peak regions
in the GRNs.

c) The results were verified by comparing the number of eQTLs mapped
onto the peak regions for key-TF pairs and non-key-TF pairs.

ChlP-seq enrichment analysis
We performed the LiftOver analysis to convert genome coordinates for rat
to human hg38 assembly using UCSC Genome Browser””.

a) Genome coordinates for human hg38 assembly were converted to the
rn5 rat genome coordinates for human (hg19) assembly.

b) Overlapping genome coordinates between conserved (from hg38 to
rn5) assembly and the regulatory regions in the GRN were identified.

c) Cooperative TF pairs in the overlapping regions identified, along
with the TGs they co-regulate.

Using the results from the LiftOver analysis, we tried to find signals in
co-enriched binding sites for cooperative key TF pairs in rat oligodendrocyte
ChIP-seq data. Heatmaps were created via EAseq’®. ChIP-seq tracks were
visualized using UCSC genome browser. Previous ChIP-seq datasets for
SOX10, OLIG2, and NKX2.2 are available at GEO accession numbers:
GSE64703, GSE42447 and GSM1906296.

Boolean cooperativity of TF pairs

We applied a logic circuit to characterize Boolean cooperativity of TFs
using Loregic™. Loregic is a computational tool, integrating gene
expression and regulatory network, to characterize the cooperativity of
regulatory factors. It uses 16 possible two-input-one-output logic gates
(e.g. AND) to describe triplets of two factors regulating a common target.
The GRN was inputted including co-binding TFs-TG links. Then, we
binarized the gene expression levels to Boolean values 1 and 0 to represent
high and low gene expression, respectively, using BoolNet””. BoolNet
assigned Boolean values to expression data on the basis of modular co-
expression patterns by K-means clustering across inputted samples and
therefore accounts for differences in the dynamic ranges of expression
among genes in the input data. The triplet gene expression data was
extracted and matched to all possible logic gates. We selected consistent
logic gates. We also ran 100 permutation tests to find significant
logic gates.

Validation of the prediction performance

Model prediction validation. To verify the performance of deep learning
model architectures, we trained a deep learning model for predicting a
TG, MBP using another data”. The trained model was used to predict the
expression level of MBP and compared the results with the model for
MBP using the main data.

Using Multi-omics scRNA-seq data® from the same cells as the
scATAC-seq data in the main analysis, we trained deep learning models and
computed SI scores, following the same processes we did in coTF-reg
pipeline for identifying cooperative TFs in oligodendrocyte gene regulation
(‘Step 2 Measure cooperativity of co-binding TFs’) for the main scRNA-
seq data.

Model performance was evaluated using the SEA-AD” holdout data.
We also include three more publicly available scRNA-seq datasets: Multi-
omics’’, ROSMAPY, and Cross-disorder”, and validate the prediction
performance of our model for each TG. Here, TGs were predicted using the
trained models and the entire datasets. Normalized root mean squared error
(NRMSE) is used to compare the performance across different datasets.

Ablation study

It is important to assess whether the 206 co-binding TFs effectively predict
their TGs. Another dataset with 206 random TFs that are neither co-binding
nor cooperative was generated to evaluate the prediction performance of our
models. We used our trained models to predict holdout data for random TFs
and compared their prediction performance to that of 206 co-binding TFs.

Single-cell ATAC-seq data
Chromatin accessibility data™ was used for the main analyses. Brain samples
were selected and eight thousand nuclei from each sample were subjected to
the Chromium Next GEM Single-Cell Multiome ATAC-seq. We filtered
oligodendrocyte-specific peak-gene links for our analyses. 930 peaks and
606 genes were initially chosen.

Single-cell RNA-seq data

SEA-AD (Main analysis). The data for the whole taxonomy collected
from dorsolateral prefrontal cortex (1,395,601 cells) were down-
loaded through the Open Data Registry on AWS as AnnData objects
(h5ad format)™. The cells for disease were excluded and only the controls
were retained. Then, we projected metacells for the whole taxonomy and
found 2004 metacells and 17,946 genes for oligodendrocytes.

Multi-omics. The normalized and quality controlled data was gained
from the CELLxGENE (RRID:SCR_021059) portal. Brain samples were
selected and eight thousand nuclei from each sample were subjected to
the Gene Expression protocol (10x Genomics). We filtered 5459 cells for
oligodendrocyte.

ROSMAP. The processed count matrix for oligodendrocyte was down-
loaded from a supplementary website for ‘Single-cell atlas reveals cor-
relates of high cognitive function, dementia, and resilience to Alzheimer’s
disease pathology’’. We projected metacells for the controls only and
found 7072 metacells and 16,707 genes.

Cross-disorder. Post quality control filtered data was obtained from the
CELLxXGENE portal. We projected metacells for oligodendrocyte con-
trols and found 1004 metacells and 21,248 genes for oligodendrocytes.

Uniform manifold approximation and projection for dimension
reduction

We gained scRNA-seq data for the whole taxonomy collected from dor-
solateral prefrontal cortex through the Open Data Registry on AWS as
AnnData objects (h5ad format)”. There were 1,395,601 cells across 18 sub-
cell types. A total of 18,431 hg38 protein-coding genes, obtained via
BioMart’®, were selected from 36,517 genes. We normalized the data to a
depth 0f 10,000 and log1 transformed it using Scanpy” in Python. Then, the
highly variable genes (HVGs) were identified using dispersion-based
methods™ to normalize dispersion, obtained by scaling with the mean and
standard deviation of the dispersions for genes falling into a given bin for
mean expression of genes. The cutoffs for the mean dispersions for genes
were a minimum of 0.0125 and a maximum of 3, and for the minimum
dispersion was 0.5. We identified 3032 HVGs and scaled each gene to unit
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variance to clip values exceeding standard deviation of 10. To reduce the
dimensionality of the data, we ran principal component analysi and used top
30 PCs to compute the neighborhood graph of the cells. Finally, we
embedded the neighborhood graph with 20 neighbors in two dimensions
using Uniform Manifold Approximation and Projection for Dimension
Reduction (UMAP)*".

Differential expression testing

We inputted metacells for all cell types to identify oligodendrocyte-specific
genes using Seurat v4 in R. We used the Poisson likelihood ratio test in
FindMarkers function assuming that gene expression follows the negative
binomial distribution. Oligodendrocytes and oligodendrocyte precursor
cells (OPCs), and astrocytes that are known as major cell types among glia in
the CNS were grouped and the other fifteen cell types were compared. We
used a cutoff, FDR (<0.05) to select differentially expressed genes in the
oligodendrocyte group.

Position Frequency Matrices

Position frequency matrices (PFMs) for the 949 motifs in JASPAR2022 were
used to infer TF binding sites. We added PFMs for MYRF, SP7, and OLIG2
that are one of the key TFs from another study””, Mus musculus in
JASPAR2022%, and HOCOMOCO v12%, respectively. We also included
shorter motifs for other key TFs, such as SOX10, MYRF, ZNF24, NKX2.2,
and SP7, considering their importance in oligodendrocytes (Supplemen-
tary Fig. 3).

Co-enrichment analysis

We used a hypergeometric test to assess whether a number of overlaps in the
binding sites for two TFs follows a hypergeometric distribution. Specifically,
given that a random variable X represents the possible outcomes of a
hypergeometric process, the probability of getting k or more overlapping
binding sites between two TFs inside a particular chosen set, as a hyper-

geometric random process, is
( ) (N - )
min(n.m)
x n—x

Pr(X = k|n;N;m) = Z

=)

where N is the total number of transcription binding sites for all TFs, m is the
number of binding sites for TF1, n is the number of binding sites for TF2,
and x is the number of overlapping binding (co-occurrence) sites between
TF1 and TF2. We applied an FDR adjusted p-value as a cutoff (<0.1) for all
possible TF pairs and chose co-binding TF pairs.

(¢Y)

Key transcription factors

We defined ten key TFs that are oligodendrocyte marker genes based on
mouse loss-of-function studies that have shown that specific TF’s are critical
for oligodendrocyte differentiation. This includes SOX10%, SOX2™",
SOX8”, MYRF”, OLIG1™, OLIG2”, TCF7L2**", ZNF24”’, NKX2.2*, and
NKX6.2" were chosen as key TFs. Ten ‘Oligodendrocyte-specific key TFs’
are oligodendrocyte differentially expressed TFs and key TFs, eighty-three
‘oligodendrocyte-specific non-key TFs’ are oligodendrocyte differentially
expressed TFs but not key TFs, and a hundred-thirteen ‘non-oligoden-
drocyte-specific TFs’ are neither oligodendrocyte differentially expressed
TFs nor key TFs. Especially, ten ‘Oligodendrocyte-specific key TFs’ play
crucial roles in the development and differentiation of oligodendrocytes.
They regulate various stages of oligodendrocyte maturation and promote
the expression of myelin genes; essentially, they are key players in the
process of myelination within the CNS.

Deep learning models

We inputted expression levels of TFs that have co-binding pairs into the
deep neural network (DNN) models to predict TG expression levels. 2004
metacells (samples), 206 TFs (features), and a TG expression level (label)

were used in the DNN models. A DNN for each TG was built to predicta TG
expression level. The mean squared error (MSE) between predicted TG
expression and actual TG expression was used as the loss function in DNN
models. We cross-validated the training dataset (80% of the input samples)
with 5-fold cross-validation and validated the best trained model on the 20%
of hold-out validation dataset for the best use of data and to achieve reliable
model performance. We used an early stopping function with patience 10
and determined the number of epochs and we set the batch size to 32. Adam
with a learning rate 0.001 was used for training the models. The structure of
our neural network model can be written as

Z;=f(W;-X+1b,) )

where X denotes the input data and f represents the activation function,
specifically the LeakyReLU function. TF expression levels serve as the input
data, while Zi represents the output of the i hidden layer. The final output of
the model is the predicted TG expression level, and W, and b; are the weight
matrix and bias vector for the i layer, respectively.

To evaluate the performance of our neural network model, we utilize
the Mean Squared Error (MSE) loss function. The MSE quantifies the
average squared difference between the predicted outputs of the model, Z
and the truelabels in our regression task. Mathematically, we can express the
MSE as follows:

1Y )
MSE = ﬁ;(zf—y,m,), 3)

where Z; represents the predicted output for the i* sample, and Y,
denotes the true label corresponding to the i sample. '
Shapley interaction scores

We denote the set of all TFs by F, a feature i€F, and a feature set SCF. We
define the interaction effect between TF i and j, with feature set S, of a neural
network f at a data point X, to be

& = f(X SULi 1) — F(Xi: SU L) — F(Xi SU L) + (X, ),
)

where f(X; S) is the prediction at X; when only TFs in S are used, which
often requires retraining the NN multiple times. A common approximation
is to replace the absent features (i.e., F\S) by the corresponding values in a
baseline Crs, such that

f(Xi:9) Q’f(XK.s? CF\S) (5)

The baseline is set as the empirical mean of each feature. The Shapley

interaction score SIJ;(X 1) is the expectation of 8;-(X ©S)s

SE(X,) = Eys) [a{j (X s)] , ®)

over a uniformly random chosen feature set S from F. We use Monte-
Carlo procedure® to approximate SI{J(X ) by a small number of samples of
S. To aggregate the local interaction effect at different data points into a
global interaction effect, we take the expectation ‘SI i#(Xi) | of w.rt. the
empirical data distribution p(X), such that

St} = By [ ST 0 %

For our deep ensemble of deep learning models, we utilize a posterior
distribution of functions g( f) induced by the ensemble distribution of the
weights g(w), as outlined in Eq. (2). This ensemble approach involves
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training multiple instances of the model, each initialized with different
random weights to promote diverse learning paths.

The weights w are drawn from a Gaussian prior, reflecting our initial
uncertainty about their values. After training, we apply Bayesian inference
techniques to update our beliefs about these weights and compute the
posterior distribution g(w). This posterior captures the uncertainty in the
model parameters, providing a more comprehensive understanding of the
model’s behavior.

The function ¢( f) represents the expected output of the model across
this ensemble of weights. To compute the interaction score, we take the
expectation of the interaction score SI;; with respect to q(f). This is estimated
by averaging N samples drawn from the ensemble:

1
SI; = Ey(y) [SI{J o ; S ®)

We compute Shapley interaction scores™*** for the co-binding TF pairs,
TF i and TF j using the trained DNN models and validation datasets. We
calculate mean values for co-binding TF pairs using interaction matrices.
We rank them by percentile and scaled them to 0 and 1 for easier
interpretation.

Coefficient of variance

The coefficient of variation (CV) is a statistical measure of the dispersion of
data points in a data series around the mean. The CV represents the ratio of
the standard deviation to the mean, and it is a useful statistic for comparing
the degree of variation from one data series to another, even if the means are
drastically different from one another. The CV is defined as the ratio of
standard deviation to the mean as follows:

o
V= -
P ©)

Hierarchy analysis

We computed connectivity statistics, out-degree (O) and in-degree (I), for
individual TFs to get a ‘hierarchy height’ metric (h), a normalized value of
the difference between O and I for each TF. The 4 is calculated as

Oo-1I

h= ——-
0+1

(10)

We defined TFs as top-regulator (h>0.33), middle-regulator
(—0.33 <h < 0.33), and bottom-regulator (h < -0.33) by their h values.

Statistics and reproducibility

Data manipulation and analyses were performed using Python 3.10.14 and
R 4.3.1. All relevant information including the sample sizes in the groups for
statistical tests are included in the figure legends. The plots in this study are
generated by Scanpy” (v1.10.3), and seaborn (v0.13.2) in Python and
ggplot2 (v3.5.1) in R.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability

All data supporting the results are included in Supplementary Data 1~5
and are publicly available on GitHub (https://github.com/daifengwanglab/
coTF-reg). For the main analyses, scATAC-seq data were obtained from
Supplementary Materials of the Multi-omics study” and scRNA-seq data
was sourced from SEA-AD: Seattle Alzheimer’s Disease Brain Cell Atlas
(https://cellxgene.cziscience.com/collections/1ca90a2d-2943-483d-b678-
b809bf464c30). For the independent validation, scRNA-seq data were

acquired from the following websites: (1) Multiome (https://cellxgene.
cziscience.com/collections/ceb895f4-ff9f-403a-b7c3-187a9657ac2c);  (2)
ROSMAP  (https://compbio.mit.edu/ad_aging brain/#loading-the-raw-
data); (3) Cross-disorder (https://cellxgene.cziscience.com/collections/
¢53573b2-eff4-4c5e-9ad0-b24d422dfd9b).

Code availability
The code for the analyses and figures is available at https://github.com/
daifengwanglab/coTF-reg.
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Supplementary information
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Supplementary Figure 1: Distributions of the numbers of target genes and peaks for co-binding TF
pairs. a Distribution of the number of target genes (TGs) for co-binding transcription factor pairs. b
Distribution of the number of peaks for co-binding transcription factor pairs.
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Supplementary Figure 2: Validation for the deep learning prediction. a Comparison between
predicted values and actual labels in a deep learning model for predicting MBP using co-binding
transcription factors in Integrated Multimodal Cell Atlas of Alzheimer’s Disease data. b Comparison
between predicted values and actual labels in a deep learning model for predicting MBP using co-binding
transcription factors in Single-cell atlas reveals correlates of high cognitive function, dementia, and
resilience to Alzheimer’s disease pathology data.
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Supplementary Figure 3: Logo plots for the original and shorter motifs (The first column shows the
long motifs and the second column shows the short motifs) a SOX10. b MYRF. ¢ ZNF24. d NKX2.2. e
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Supplementary Figure 4: UMAPs for all cell types and regulators. a UMAP for all cell types b top-
level regulators (‘Master regulators’). ¢ middle-level regulators. d bottom-level regulators.
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Supplementary Figure 5: TF interaction based on Multi-omics RNA-seq data. a Comparison for Top
SI values for key-TF computed by two different scRNA-seq data, b T-test for the interaction score
distributions of key-transcription factor pairs and non-key transcription factor pairs.
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Supplementary Figure 6: Application of Boolean logic to find cooperative TFs. a Distribution of logic
gates of gate-consistent triples. b Distribution of logic gates of gate-consistent triples after removing
spurious logic gates by permutation tests.
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Supplementary Figure 7: Holdout evaluation performance and model’s prediction performance. a
The x-axis represents four groups and the y-axis show normalized root mean squared error (NRMSE) b
Mean squared error comparison for 206 co-binding/cooperative TFs and 206 random TFs that are neither

co-binding nor cooperative.
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Supplementary Figure 8: Differential gene expression testing for the 17,946 genes in SEA-AD data.
The X-axis represents average log2 fold change values and the y-axis shows -log10 FDR values. Above the
red dashed line, which is a cutoff for the FDR, the most up-regulated and significant genes are towards the
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right (red), the most down-regulated and significant genes are towards the left (blue), and the statistically
non-significant genes are under the red dashed line (grey).
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