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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 behavior1. 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 signals2. 

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 mechanisms3–5. 

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 remodeling6. Moreover, cellular responses are often 

governed by the integration of external stimuli and the internal state of cell, creating a continuously 

adaptive environment7. 

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 perspective1. 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 epigenomics8–12. By integrating 
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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 metabolism13,14. 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 changes10,14–

16. Its pathophysiology is influenced by genetic, epigenetic, and metabolic factors, which 

collectively contribute to the onset and progression of the disease17,18. 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 function19–25. 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 susceptibility26–28. 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 progression29–35. 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 evident34,36–41. Chronic neuroinflammation, a 

key feature of AD, not only exacerbates neuronal damage but also alters the trajectory of disease 

progression35,42. Additionally, alterations in metabolism, including impaired glucose metabolism 

in the brain, have been linked to cognitive decline, further highlighting the multifaceted nature of 

AD43,44.  

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 function45,46. 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 tissues11,47–49. 

Each omic layer provides valuable insight into different biological 

processes: genomics reveals the genetic blueprint50, transcriptomics identifies gene expression 

patterns51, epigenomics explores chromatin accessibility and regulatory element activity52, 

and metabolomics measures the small molecules involved in metabolic pathways53. When 

integrated, these datasets offer a more complete and dynamic picture of cellular states, biological 

functions, and disease mechanisms8–12. 

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 

outcomes8–12. 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 layers8,9. 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 obstacles54,55. 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 

processes. 

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 methods56. 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 processes57.  

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

valuable for predicting disease outcomes and identifying biomarkers58,59. For example, in 

Alzheimer’s disease, ML approaches can integrate genomic, transcriptomics metabolomic, and 

epigenomic data to predict disease progression or identify potential therapeutic targets60,61. 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.62,63 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 outcomes64,65. 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 Learning66, DIABLO: an integrative 

approach for identifying key molecular drivers from multi-omics assays67, and MOFA+: a 

statistical framework for comprehensive integration of multi-modal single-cell data68, 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 



 

 

14 

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)69 

and LIME (Local Interpretable Model-Agnostic Explanations)70, 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 signaling71–73. 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 AD72–74. 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)75. In oligodendrocytes, a precise balance of TF activity is 

required for proper gene expression during the differentiation of oligodendrocyte precursor cells 

(OPCs) into mature oligodendrocytes76,77. Several TFs have been identified as critical players in 

this process, including SOX10 and OLIG2, among others78–84. 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 TGs85,86. 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 

myelination78,81,87. 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 health88,89. Dysregulation of TF interactions can lead to 

defective myelination, contributing to various neurodegenerative diseases, including AD90. 

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 targets32,91,92.  

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 genes93,94. 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 methods95. 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 overfitting96. 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 analysis97,98.  

Understanding the complex relationships between the features in omics data is difficult due 

to the non-linear and multifaceted nature of biological systems9. 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 interpretability99. 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 progression10–12.  
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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 

therapeutic strategies100,101. By leveraging multi-omics data, machine learning algorithms can 

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 disorders102. 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 PsychENCODE103 and Psych-AD104, 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 AD105,106 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 scRNA-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. 

H1a: 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. 

H1b: 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 

have identified transcription factors107,108 or metabolites109,110 associated with AD status, only a 

few focused on preclinical AD phenotypes111,112, which may give insight into the pathophysiology 

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.113 The Engelman lab has integrated genetic, lifestyle, metabolomic, and AD biomarker data 

to better understand these associations106. 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 profiles114 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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CHAPTER 2: COSIME: Cooperative multi-view integration and Scalable and 
Interpretable Model Explainer 
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Abstract13

Single-omics approaches often provide a limited view of complex biological systems, whereas multi-omics14

integration o!ers a more comprehensive understanding by combining diverse data views. However, integrat-15

ing heterogeneous data types and interpreting the intricate relationships between biological features—both16

within and across di!erent data views—remains a bottleneck. To address these challenges, we introduce17

COSIME (Cooperative Multi-view Integration and Scalable Interpretable Model Explainer). COSIME uses18

backpropagation of Learnable Optimal Transport (LOT) to deep neural networks, enabling the learning of19

latent features from multiple views to predict disease phenotypes. In addition, COSIME incorporates Monte20

Carlo sampling to e”ciently estimate Shapley values and Shapley-Taylor indices, enabling the assessment21

of both feature importance and their pairwise interactions—synergistically or antagonistically—in predict-22

ing disease phenotypes. We applied COSIME to both simulated data and real-world datasets, including23

single-cell transcriptomics, single-cell spatial transcriptomics, epigenomics, and metabolomics, specifically24

for Alzheimer’s disease-related phenotypes. Our results demonstrate that COSIME significantly improves25

prediction performance while o!ering enhanced interpretability of feature relationships. For example, we26

identified that synergistic interactions between microglia and astrocyte genes associated with Alzheimer’s27

1
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disease are more likely to be active at the edges of the middle temporal gyrus as indicated by spatial28

locations. Finally, COSIME is open-source and available for general use.29

Introduction30

Single-omics approaches, while valuable for providing insights into individual biological layers, often31

provide a limited view of complex biological systems. Focusing on a single molecular layer—such as32

genomics, transcriptomics, or metabolomics—provides a limited view of cellular processes, as these layers33

do not function in isolation. Multi-view data integration overcomes this limitation by combining information34

from multiple omic layers, o!ering a more holistic view of biology. This comprehensive approach allows35

us to identify novel biomarkers, understand the underlying biology of diseases, and improve predictions36

for disease phenotypes[1, 2]. Machine learning algorithms can e”ciently process and analyze large-scale37

multi-view data, identifying patterns and relationships that are often complex for traditional methods to38

discern. Moreover, in biological systems, features—especially those from di!erent omic layers—may39

interact in complex ways that jointly influence phenotypes. Machine learning can help overcome these40

challenges by modeling and quantifying complex feature interactions, including those across di!erent omic41

layers.42

There are a few studies that provide multi-omics data integration and prediction. Cooperative learning[3]43

is a supervised learning method with multiple sets of features and it combines the usual squared-error loss44

of predictions with an agreement penalty that encourages input datasets to be similar. However, the strength45

of the agreement penalty is controlled by a fixed parameter, which is typically set through a tuning, and46

is not learned dynamically during training. This means that the model does not deeply integrate features47

in a way that fully captures their complex interdependencies. Moreover, this approach is less flexible in48

adapting to complex cross-view relationships since it does not learn interactions end-to-end during training.49

Data Integration Analysis for Biomarker discovery using Latent components (DIABLO)[4] is a supervised50

learning method for multi-omics integration that seeks for common information across di!erent data types51

through the selection of a subset of molecular features. Nonetheless, DIABLO assumes that the di!erent52

omic layers share some level of homogeneity in terms of their relationship to the outcome. In practice, this53

may not always hold, especially when the omic views measure fundamentally di!erent biological processes54

that are not strongly linked to each other. Multi-Omics Factor Analysis v2 (MOFA+)[5] is a method for multi-55

omics integration based on factor analysis and assumes that the latent structure of data can be captured with56

linear models, designed to analyze and integrate multiple types of omics data in an unsupervised fashion.57
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However, MOFA+ does not have a built-in mechanism for analyzing feature interactions or for providing58

direct insights into how individual features contribute to the final prediction. Importantly, none of these59

methods are designed to handle non-linear relationships or feature interactions. Non-linear interactions are60

especially relevant in biological data, where the e!ects of one variable (e.g., a gene) on an outcome (e.g.,61

disease) might not be constant and might vary depending on other factors. Furthermore, deep learning62

and optimal transport approaches have not been as widely adopted in multi-omics integration as traditional63

statistical methods.64

Several approaches have been developed for the interpretability of machine learning models. SHAP65

(SHapley Additive exPlanations)[6] provides functions to compute feature importance for a particular66

prediction in machine learning models. While SHAP has optimized algorithms for certain types of models67

(like Tree explainer for decision trees), it can still be computationally expensive, especially for large datasets68

and complex models. Moreover, the feature interaction matrix is only available as an output for tree-based69

models. Additionally, dependence plots display the relationship between only two features, making it di”cult70

to capture the overall patterns of feature interactions in predictions. Local Interpretable Model-agnostic71

Explanations (LIME)[7] o!ers localized interpretability, ideal for understanding individual predictions in72

simple models. LIME works by approximating the model locally around a specific data point using a simple73

interpretable model, such as linear regression. This means that LIME generates explanations for individual74

predictions rather than providing a global understanding of the model’s behavior. It may miss patterns that75

are important across the entire dataset, leading to misleading or incomplete explanations if the behavior of76

the model varies significantly across the feature space. Additionally, LIME does not account for feature77

interactions, limiting its ability to capture more complex relationships between features.78

To tackle these challenges, this study introduces Cooperative Multiview Integration and Scalable and79

Interpretable Model Explainer (COSIME). COSIME features two key components. First, it integrates80

multi-view data leveraging deep neural network encoders (deep encoders) and Learnable Optimal Transport81

(LOT) techniques, combining both unsupervised and supervised learning; Second, COSIME implements82

a mechanism for assessing feature importance within each view, as well as quantifying both within-view83

and across-view interactions by estimating Shapley values and Shapley-Taylor indices. Through extensive84

evaluations, we demonstrate the utility of COSIME using both simulated and real-world multi-view datasets.85

On simulated data, we assessed binary classification and continuous prediction tasks under varying signal86

levels, using both early and late fusion strategies[8]. For real-world applications, COSIME was applied87

to Alzheimer’s disease diagnosis using transcriptomics-metabolomics and transcriptomics-epigenomics88

datasets, as well as to predicting Alzheimer’s disease progression scores using transcriptomics-spatial89
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Overview of COSIME 

Results  

transcriptomics data. These analyses highlight the flexibility of COSIME, o!ering a comprehensive solution90

for multi-view data analysis.91

Results92

Overview of COSIME93

An overview of COSIME is illustrated in Fig. 1. The first component involves integrating multi-view data94

for disease phenotype prediction by leveraging deep learning-based encoders, enabling the model to address95

both linear and non-linear relationships, o!ering superior flexibility compared to traditional methods that96

typically rely on linear assumptions. COSIME e!ectively captures the complex, multi-layered interactions97

between di!erent omic modalities—such as transcriptomics and epigenomics, transcriptomics and spatial98

transcriptomics, and transcriptomics and metabolomics—while preserving the distinct features of each99

data type. Learnable Optimal Transport (LOT) o!ers three main advantages over conventional alignment100

methods. First, it uses a learnable transport plan, which allows for dynamic adaptation to complex,101

heterogeneous data distributions, ensuring more accurate and flexible alignment. Second, LOT supports102

mini-batch processing, making it scalable for large datasets while maintaining computational e”ciency.103

Finally, LOT can incorporate domain-specific regularization, enabling the model to better handle view-104

specific di!erences and improve alignment in specialized contexts. These features make LOT more robust105

than traditional methods, which often struggle with data misalignment and view-specific challenges.106

The second component of COSIME focuses on computing feature importance values for each view,107

as well as pairwise interaction values for both within-view and across-view interactions. To achieve this,108

COSIME employs the Scalable and Interpretable Model Explainer, which leverages the Shapley values and109

Shapley-Taylor indices[9] to compute both feature importance and pairwise feature interactions, respectively.110

By applying Monte Carlo sampling and batch processing, COSIME e”ciently estimates feature importance111

and pairwise feature interactions, enabling faster and more scalable computation while enhancing model112

interpretability. Additionally, it allows for the identification of the directionality of interactions—whether113

they exhibit synergism (complementary e!ects) or antagonism (conflicting e!ects)—o!ering deeper insights114

into how features interact in the model.115

COSIME enhances the prediction accuracy by improving the modeling of across-view relationships116

within a shared latent space. It e!ectively integrates heterogeneous data, enabling more accurate predictions117

across di!erent biological layers. Moreover, it also provides a powerful interpretability by identifying feature118
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Overview of COSIME  

importance and interactions, allowing for deeper insights into how individual features and their combinations119

contribute to the model’s predictions. While these two main components of COSIME can be used together120

for both enhanced prediction and interpretability, they are also designed to be used independently depending121

on the specific needs of the analysis. This combination paves the way for identifying key biomarkers and122

understanding disease mechanisms. By integrating multi-omics data and assessing feature relationships,123

COSIME addresses the challenges of heterogeneous data and complex feature interactions, paving the way124

for identifying key biomarkers and understanding disease mechanisms.125

Fig 1: Cooperative multi-view integration and Scalable and Interpretable Model Explainer (COSIME).

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 o!ering 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. c 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 e!ects on the

model’s output.

In the following sections, the performance metrics were compared across di!erent methods using the126

mean and ±1.96 times the standard deviation from 5-fold cross-validation. For the best-trained models127

across the di!erent multi-view datasets, we computed feature importance for each data view and interaction128
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Simulation study 

Simulation study  

values both within and across views. All results for the multi-view predictions using COSIME models and129

other methods are provided in Supplementary Data 1 and 2.130

Simulation study131

Multi-view data were generated by di!erent signal levels (high and low) and types of outcome variables132

(binary and continuous).133

Compared to three benchmarking methods—Cooperative Learning (CL)[3], Data Integration Analysis134

for Biomarker discovery using Latent components (DIABLO)[4], and Multi-Omics Factor Analysis v2135

(MOFA+)[5] with logistic regression, COSIME early fusion performed best for binary outcome classification136

with high-signal multi-view datasets (AUROC: 0.845 ± 0.026, AUPRC: 0.854 ± 0.029, accuracy: 0.754 ±137

0.054). COSIME late fusion (AUROC: 0.828 ± 0.021, AUPRC: 0.853 ± 0.021, accuracy: 0.761 ± 0.019)138

outperformed the three benchmarking methods (Fig. 2a). For binary outcome classification with low-signal139

multi-view datasets, COSIME late fusion achieved the best performance (AUROC: 0.737 ± 0.017, AUPRC:140

0.736 ± 0.025, accuracy: 0.640 ± 0.052), while COSIME early fusion (AUROC: 0.615 ± 0.038, AUPRC:141

0.662 ± 0.039, accuracy: 0.573 ± 0.027) outperformed CL, DIABLO, and MOFA+ with logistic regression142

(Fig. 2a).143

We computed feature interaction values for each view using COSIME early fusion for binary outcome144

prediction with high-signal multi-view datasets. Pairwise feature interactions were categorized into three145

groups: (Group 1) the interaction terms artificially introduced during data generation, (Group 2) interactions146

involving latent features, and (Group 3) other interactions. The scaled pairwise feature interaction values147

for the first 50 features are shown in Fig. 2b. Pairwise Wilcoxon rank-sum two-sided tests were performed148

between these three groups, and the results demonstrate that COSIME successfully captured significant149

di!erences in interaction values across the groups. In view A, Group 1 exhibits significantly higher150

interaction values than both Group 2 (Pairwise Wilcoxon rank-sum two-sided test p–value < 0.05) and151

Group 3 (Pairwise Wilcoxon rank-sum two-sided test p–value < 0.0001). Additionally, Group 2 shows152

significantly higher interaction values compared to Group 3 (Pairwise Wilcoxon rank-sum two-sided test153

p–value < 0.0001). Similarly, in view B, Group 1 shows significantly higher interaction values than both154

Group 2 (Pairwise Wilcoxon rank-sum two-sided test p–value < 0.001) and Group 3 (Pairwise Wilcoxon155

rank-sum two-sided test p–value < 0.0001), while Group 2 also has significantly higher interaction values156

than Group 3 (Pairwise Wilcoxon rank-sum two-sided test p–value < 0.0001).157

For continuous outcome prediction with high-signal multi-view datasets, COSIME delivered the most158
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Simulation study

accurate results (MSE: 54.701 ± 2.391). In comparison, COSIME early fusion outperformed CL, DIABLO,159

and MOFA+ with regression (MSE: 64.490 ± 4.130) (Fig. 2c). When applied to low-signal multi-view160

datasets, COSIME early fusion achieved the best performance (MSE: 215.707 ± 1.833), while COSIME161

late fusion showed superior results over the benchmarking methods (MSE: 218.425 ± 1.099) (Fig. 2c).162

Feature interaction values for each view were also calculated using COSIME early fusion for contin-163

uous outcome prediction with high-signal data. The pairwise feature interactions were divided into three164

categories: (Group 1) the interaction terms artificially added during data generation, (Group 2) interactions165

involving latent features, and (Group 3) all other interactions. The scaled pairwise feature interaction values166

for the first 50 features are shown in Fig. 2d. Pairwise Wilcoxon rank-sum two-sided tests were conducted167

between the three groups, and the findings confirm that COSIME e!ectively identified significant di!erences168

in interaction values across these categories. In view A, Group 1 showed significantly higher interaction val-169

ues than both Group 2 (Pairwise Wilcoxon rank-sum two-sided test p–value < 0.05) and Group 3 (Pairwise170

Wilcoxon rank-sum two-sided test p–value < 0.0001), with Group 2 also having significantly higher interac-171

tion values than Group 3 (Pairwise Wilcoxon rank-sum two-sided test p–value < 0.0001). In view B, Group172

1 displayed significantly higher interaction values than both Group 2 (Pairwise Wilcoxon rank-sum two-173

sided test p–value < 0.001) and Group 3 (Pairwise Wilcoxon rank-sum two-sided test p–value < 0.0001),174

while Group 2 also had significantly higher interaction values compared to Group 3 (Pairwise Wilcoxon175

rank-sum two-sided test p–value < 0.0001).176

Overall, both COSIME early fusion and late fusion models outperformed the benchmarking methods177

in predicting the outcomes. Additionally, COSIME accurately captured the pairwise feature interactions178

purposely introduced during data generation, validating its ability to identify interactions present in the data.179

7



 

 

44 

t 

Fig 2: Prediction performance and feature interaction from simulated data.
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Classifying cognitive diagnosis for Alzheimer’s disease from transcriptomic (astrocytes) and metabolomic data 

 

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-180

cytes) and metabolomic data181

Multi-view data from scRNA-seq of astrocytes and metabolomics were used to test the prediction per-182

formance of COSIME models. COSIME early fusion with matched samples (n=2,286) achieved the best183

performance for binary classification of Alzheimer’s disease (AD) cognitive diagnosis using multi-view184

datasets (astrocytes and metabolomics) (AUROC: 0.842 ± 0.011, AUPRC: 0.864 ± 0.019, accuracy: 0.773185

± 0.018). To leverage all available samples (4292 metacells in transcriptomics and 2286 samples in186

metabolomics) across views, we also applied COSIME late fusion for unmatched samples, which yielded187

comparable results (AUROC: 0.804 ± 0.007, AUPRC: 0.829 ± 0.014, accuracy: 0.732 ± 0.016) (Fig. 3a).188

Feature importance values were used to prioritize features. The top 20 most important genes (based on189

absolute values) from the transcriptomic data are displayed in Fig. 3b, and enrichment analysis reveals that190

these genes are strongly associated with AD. Notably, processes such as long-term synaptic potentiation,191

amyloid-beta (𝐿𝑀) formation, and amyloid precursor protein (APP) catabolism are strongly implicated in192

AD. These processes that involve synaptic function, 𝐿𝑀 production, and APP metabolism represent crucial193

aspects of AD pathophysiology[10, 11].194

Fig 3c shows the top 20 most important metabolites (ranked by absolute feature importance values)195
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from the metabolomic data. Enrichment analysis of these metabolites reveals metabolic pathways such as196

pantothenate and CoA biosynthesis, arginine biosynthesis, nicotinate and nicotinamide metabolism, and197

histidine metabolism. These pathways may contribute to AD by exacerbating the brain’s energy deficit,198

promoting oxidative damage, and driving neuroinflammation[12].199

Pairwise feature interaction values were computed, and the top 50 across-view feature interaction values200

(based on absolute feature interaction values) are shown in Fig. 3d. PRCP has synergistic e!ects with201

metabolites such as urea and 5-methylthioadenosine (MTA). PRCP is involved in peptide degradation,202

particularly those peptides related to inflammatory responses [13, 14]. Urea is a byproduct of protein203

metabolism, typically excreted via the kidneys. It plays a role in nitrogen metabolism and helps in the detox-204

ification of ammonia in the brain [15, 16]. MTA is a byproduct of the methionine salvage pathway and plays205

a role in maintaining cellular methylation capacity. It is involved in the recycling of S-adenosylmethionine,206

which is crucial for methylation reactions, including those related to neurotransmitters and DNA [17].207

Erucate (22:1n9) is a monounsaturated fatty acid, which can influence lipid metabolism, and metabolic208

homeostasis. The synergism between PRCP and MTA suggests a relationship between peptide degradation,209

methylation capacity, and inflammatory pathways. Given that PRCP is involved in degrading inflammatory210

peptides and MTA plays a role in maintaining methylation for neurotransmitter synthesis and DNA methy-211

lation, this interaction may indicate a broader involvement of PRCP in neuroinflammatory processes and212

cellular maintenance in AD. Similarly, the interaction between PRCP and Erucate (22:1n9) links peptide213

degradation with lipid metabolism. Erucate (22:1n9), a key fatty acid in lipid metabolism, may interact with214

PRCP to modulate cellular homeostasis, suggesting that PRCP might influence both neuroinflammatory215

and lipid metabolic pathways critical for maintaining brain cell integrity in AD.216

AGBL4 shows antagonistic e!ects with several metabolites such as arachidonate (20:4n6), 2-O-217

methylascorbic acid, and N-acetylaspartate (NAA) (Fig. 3d). AGBL4 encodes a protein that is involved218

in regulating actin dynamics and cell signaling, particularly in processes such as endocytosis, vesicle traf-219

ficking, and cell motility[18]. Arachidonate (20:4n6) is a polyunsaturated fatty acid and is a precursor220

for various eicosanoids, including prostaglandins, leukotrienes, and thromboxanes. These molecules play221

crucial roles in inflammation, immune responses, and cell signaling[19]. 2-O-methylascorbic acid is a222

derivative of ascorbic acid (vitamin C), and is known for its antioxidant properties[20]. NAA is a metabolite223

primarily found in neurons and is considered a marker of neuronal integrity and function[21, 22]. AGBL4224

and arachidonate (20:4n6) may exhibit antagonistic interactions, as AGBL4 may disrupt pro-inflammatory225

pathways triggered by arachidonate (20:4n6). By inhibiting actin remodeling and vesicular tra”cking,226

which are essential for eicosanoid function, AGBL4 may a!ect immune responses and inflammation, pro-227
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cesses central to neurodegeneration. The antagonism between AGBL4 and 2-O-methylascorbic acid may228

arise from the involvement of AGBL4 in promoting cellular processes such as inflammation and oxidative229

stress, which counteract the antioxidant e!ects of 2-O-methylascorbic acid. AGBL4 may influence actin230

dynamics or cellular responses in a way that increases the need for antioxidants or reduces their e”cacy.231

Additionally, the antagonistic relationship between AGBL4 and NAA may reflect the impact of AGBL4232

on neuronal integrity. AGBL4 may alter pathways involved in NAA synthesis or utilization, potentially233

impairing neuronal health and neurotransmitter balance, as evidenced by reduced NAA levels. Collectively,234

these interactions may contribute to neurodegenerative processes.235

Furthermore, PRCP and AGBL4 may play an important role as hub genes in the across-view network236

(Fig. 3e). These two genes are likely involved in astrocyte function under both normal and pathological237

conditions, particularly through their roles in inflammation, actin remodeling, and neurovascular interac-238

tions[23, 24]. As hub genes, they may influence across-view networks, connecting pathways that involve239

peptide signaling, cytoskeletal dynamics, neuroinflammation, and synaptic plasticity. These interactions240

are crucial for understanding the role of astrocytes in diseases such as AD, where neuroinflammation, astro-241

cyte reactivity, and synaptic dysfunction are key features[25, 26]. Astrocyte reactivity, often triggered by242

neuroinflammation, is associated with the increased production of pro-inflammatory cytokines like TNF-𝐿,243

IL-1𝑀, and IL-6, all of which can worsen neuronal loss and synaptic dysfunction[27, 28]. In this context,244

AGBL4 might shift the balance toward a more damaging inflammatory state, thereby increasing the risk of245

AD.246
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Fig 3: Classifying cognitive diagnosis for Alzheimer’s disease from transcriptomic (astrocytes) and
metabolomic data.
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Classifying cognitive status (dementia) from transcriptomic (oligodendrocyte) and epigenomic (oligodendrocyte) data 

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

 

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. c 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) and247

epigenomic (oligodendrocyte) data248

Multi-view data from both scRNA-seq and scATAC-seq of oligodendrocytes were utilized to evaluate249

the predictive performance of COSIME models. COSIME early fusion performed the best for binary250

classification of cognitive status (dementia) using multi-view datasets (oligodendrocytes) (AUROC: 0.874251

± 0.011, AUPRC: 0.805 ± 0.013, accuracy: 0.794 ± 0.041) (Fig. 4a).252

We investigated pairwise interactions between the ten known key TFs involved in oligodendrocytes[29].253

For instance, synergistic interactions were identified between SOX10 and MAZ as well as between MYRF254

and MAZ. Specifically, SOX10 is critical for oligodendrocyte di!erentiation and can be involved in reactive255

gliosis or attempts to repair myelin in AD and dementia[30]. MAZ is involved in regulating genes related to256

cell proliferation, di!erentiation, and survival[31]. In dementia, even though MAZ is not oligodendrocyte-257

specific, the presence of both SOX10 and MAZ may indicate synergism which is a disruption of normal258

oligodendrocyte functions and myelin loss. MYRF is another key player in myelination that works closely259

with driving factors of oligodendrocyte di!erentiation and myelin gene expression[32]. For similar reasons,260

synergism between MYRF and MAZ may indicate that oligodendrocyte di!erentiation is promoted in261

an attempt to repair myelin loss, a process that is common in dementia cases due to demyelination and262

oligodendrocyte dysfunction (Fig. 4b).263

Meanwhile, antagonistic interaction was identified between SOX8 and HIF1A. SOX8 is critical in264

regulating cell fate decisions, development, and di!erentiation across various tissues[33] while HIF1A, a265

stress and inflammatory-related factor[34], could suppress di!erentiation and antagonistically contributing266

to the pathology of AD and dementia. SOX8 is also antagonistically interacting with PBX1, which is267

important for the development and di!erentiation of neural cells, including oligodendrocytes[35, 36]. PBX1268

could be involved in AD pathology by disrupting oligodendrocyte di!erentiation and myelin integrity, while269

SOX8 might counteract these e!ects and support oligodendrocyte survival. Their antagonistic interaction270
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may suggest that an imbalance between these two TFs may contribute to the progression of the dementia271

(Fig. 4b).272

Based on the top fifty across-view absolute interaction values (TF expression levels and ATAC peak273

counts), we identified several TFs that are either synergistically or antagonistically interacting with multiple274

oligodendrocyte-specific regulatory regions. We found synergistic interactions between MAZ and ATAC275

peak regions that map to multiple genes, including PTPRF[37], ERBB3[38], GRID1[39], LIMCH1[40],276

FLNC[41], and DUSP7[42] (based on genomic annotations). Since increased chromatin openness likely277

promotes the expression of these genes associated with neurodegeneration, myelin repair, and cell stress278

responses, the identified synergistic interactions further support the potential role of MAZ in dementia279

progression. Furthermore, ZNF135 is a zinc finger TF known for its involvement in regulating chromatin280

structure and transcriptional activation, particularly in response to cellular stress[43]. Synergistic inter-281

actions were identified between ZNF135 and ATAC peak regions that map to genes involved in neural282

development, synaptic signaling, axon guidance, and neurotransmitter regulation, such as NKX2-2[44],283

PTPRF[37], CNTN2[45], PSD2[46], and SLC6A9[47], which may reflect the activation of disease-related284

pathways during the progression of neurodegeneration (Fig. 4c).285

In contrast, PBX1 acts antagonistically with several open chromatin regions, as its upregulation may286

reduce chromatin accessibility, which is critical for oligodendrocyte function and myelin maintenance. This287

antagonistic action may prevent the activation of protective genes such as CPS1[48], and CYTH1[49] in288

those open chromatic regions, leading to impaired neuroinflammatory responses and exacerbating neurode-289

generative processes. The ability of PBX1 to close chromatin at disease-associated regions may contribute290

to a negative predictive signal for dementia, as it correlates with the loss of protective mechanisms in291

oligodendrocytes (Fig. 4c).292

It is crucial to examine the regulatory mechanisms underlying the interactions between TFs, ATAC293

peak regions, target genes, and dementia. Both STAT3 and JUN are synergistic TFs, and they also294

exhibit synergistic activity in the genomic region chr17:78,351,242-78,361,401, which contains the SOCS3295

gene. STAT3 is a critical TF involved in the JAK-STAT signaling pathway, regulating immune responses,296

inflammation, cell survival, and di!erentiation[50, 51]. JUN, a component of the AP-1 transcription factor297

complex, regulates genes involved in cell proliferation, apoptosis, and stress responses, particularly in298

response to inflammatory signals[52, 53]. STAT3 and JUN are known to regulate SOCS3, a gene that is299

upregulated in dementia. SOCS3 plays a crucial role in regulating the JAK-STAT pathway by inhibiting300

STAT3 activation[54, 55]. These connections suggest that the coordinated activity of STAT3 and JUN301

in this region may contribute to the dysregulation of SOCS3, linking it to the neuroinflammatory and302
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neurodegenerative pathways associated with dementia (Fig. 4d).303

The four key TFs involved in oligodendrocyte function — SOX10[30], MYRF[30], OLIG1[56], and304

OLIG2[56]— exhibit synergistic relationships, except for SOX10 and OLIG1, which interact antagonisti-305

cally. SOX10, MYRF, OLIG1, and OLIG2 are essential TFs that regulate oligodendrocyte di!erentiation,306

myelination, and myelin maintenance. In the context of dementia, their synergistic interactions suggest that307

the activities of these TFs contribute to increased myelin damage and oligodendrocyte dysfunction, which308

accelerates the progression of neurodegeneration. Notably, all four of these TFs antagonistically interact309

with a ATAC peak in a specific genomic region, chr18:77,049,711-77,059,094, where the gene MBP is310

located. These interactions suggest that these TFs may suppress the expression of MBP, which is essential311

for the formation and maintenance of the myelin sheath in oligodendrocytes[57] (Fig. 4d). Taken together,312

the characterization of these interactions provides valuable insights into the underlying mechanisms that313

may contribute to the pathogenesis and progression of dementia.314
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Fig 4: Classifying dementia from transcriptomic (oligodendrocyte) and epigenomic (oligodendrocyte) data

a Prediction performance using COSIME early fusion, CL, DIABLO, and MOFA+ with logistic regression. b Heatmap

showing the top 50 pairwise TF interactions. c Heatmap showing the top 50 pairwise across-view (TF-ATAC peak)

interactions. d Diagrams illustrating examples of synergistic and antagonistic relationships between TF-ATAC peak-

AD phenotype.
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Predicting Alzheimer’s disease progression scores from transcriptomic (microglia)and spatial transcriptomic MERFISH (astrocyte) data 

Predicting Alzheimer’s disease progression scores from transcriptomic (microglia)and spatial transcriptomic MERFISH (astrocyte) data

Predicting Alzheimer’s disease progression scores from transcriptomic (microglia)315

and spatial transcriptomic MERFISH (astrocyte) data316

To assess the predictive capability of COSIME models, multi-view data combining scRNA-seq of microglia317

and single-cell spatial transcriptomics (MERFISH) of astrocytes were applied. COSIME early fusion318

performed better than the other benchmarking methods for continuous outcome prediction of Alzheimer’s319

disease progression scores using multi-view datasets (microglia and astrocytes) (MSE:0.033 ± 0.005) (Fig.320

5a).321

Fig. 5b shows the top 20 important genes (ranked by mean absolute feature importance values) in322

each view. In microglia, there are genes closely related to AD through their roles in neuroinflammation,323

𝐿𝑀 clearance, and microglial activation, among those with a positive feature importance. SPP1 is a324

well-established microglial marker and plays a critical role in the activation and inflammatory response325

of microglia. It has been shown to regulate phagocytosis of amyloid plaques and can contribute to326

both neuroprotection and neurodegeneration[58]. APOE genotype is a major genetic risk factor for AD,327

particularly the E4 allele, where microglial APOE is involved in 𝐿𝑀 clearance. It has been shown that APOE328

e4 (the risk allele) impairs this function and enhances neuroinflammation[59, 60]. C1QB encodes one of the329

subunits of C1q, which is part of the complement system and a major player in immune responses[61, 62].330

C1q marks apoptotic or damaged neurons for phagocytosis by microglia. These genes are likely upregulated331

in AD and often reflect microglial dysfunction, contributing to both increased neuroinflammation and332

impaired 𝐿𝑀 clearance. On the other hand, the genes that have negative feature importance values may333

be downregulated in microglia and they are crucial to the immune response, microglial surveillance, and334

synaptic pruning in AD. For example, BIN1 has been implicated in AD and is involved in regulating synaptic335

function and endocytosis[63].336

In the astrocyte MERFISH data, the genes that have negative feature importance values may suggest337

dysfunctional astrocytes with impaired synaptic regulation, reduced neuroprotection, and failure to clear338

neurotoxic debris in AD. For instance, RYR3 is involved in calcium signaling in astrocytes, which plays a339

role in synaptic regulation and glutamate uptake[64, 65]. Downregulation of RYR3 could impair calcium340

signaling and neurotransmitter homeostasis, contributing to synaptic dysfunction in AD. In contrast, the341

genes that have positive feature importance values are involved in neuroinflammation, astrocyte di!erentia-342

tion, synaptic function, and neurodegeneration, and their upregulation in AD suggests activated astrocytes343

contributing to neuroinflammatory responses and synaptic damage. DGKG is involved in signal trans-344

duction through lipid metabolism and inflammatory response. Its upregulation in astrocytes may promote345
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increased neuroinflammation in AD. Also, DGKG has been linked to glutamate receptor signaling, which346

could disrupt synaptic communication, a hallmark of AD (Fig. 5b)[66]. Enrichment analyses for the top 20347

prioritized genes (absolute feature importance values) for both microglia and astrocytes were implemented348

(Supplementary Figure 6). The top 10 categories in each analysis show that most of them are closely349

related to AD.350

We investigated the spatial distribution of cells with the expression levels and feature importance values351

of RYR3 (Fig. 5c). As a result, cells with the highest 25% of feature importance were more likely to352

be located in the central regions of the middle temporal gyrus, where the astrocyte MERFISH data were353

collected, compared to the remaining 75% (T-statistic: 18.783, two-tailed t-test p–value < 0.0001), based354

on the Euclidean distance from each cell to the midpoint of the bounding box. Similarly, when comparing355

the lowest 25% of feature importance values to the remaining 75% for DGKG, we found that cells with356

highly negative feature importance values were more likely to be located at the center of the middle temporal357

gyrus. The two-tailed t-test (T-statistic: -2.861 and two-tailed t-test p–value < 0.01) revealed a significant358

di!erence, suggesting that genes with high negative e!ects are preferentially active in central regions. These359

findings further support the observation that upregulated genes associated with AD tend to be more active at360

the edges of the middle temporal gyrus, while downregulated genes are concentrated in the central regions361

(Fig. 5c).362

We constructed a gene-gene interaction network based on the top 50 absolute across-view interaction363

values. Several astrocyte-specific MERFISH genes, such as PLCB1 and HPSE2, were identified as key hub364

genes, linking multiple microglia genes. PLCB1, in particular, is involved in critical signaling pathways365

that regulate cellular functions such as inflammation, synaptic transmission, and cell di!erentiation. As an366

astrocyte-specific gene, PLCB1 plays a central role in intracellular signaling, including phosphatidylinositol367

signaling, which could modulate microglial activity and other immune-related processes in the context368

of AD[67]. Similarly, HPSE2, another astrocyte-associated gene, regulates heparan sulfate metabolism, a369

process involved in cellular signaling, extracellular matrix remodeling, and inflammation[68]. Its interaction370

with microglial genes suggests that HPSE2 may influence neuroinflammatory responses and contribute to371

the pathogenesis of AD (Fig. 5d).372

A spatial map was generated using all across-view gene-gene interaction values (Fig. 5e). Similar373

to the approach used in the analyses for Fig. 5c, we computed the Euclidean distance from each cell to374

the midpoint of the bounding box and performed a two-tailed t-test to assess the null hypothesis that the375

distances between cells in positive (synergistic) interaction values and the midpoint of the bounding box are376

equal to the distances between negative (antagonistic) interaction values) and the midpoint of the bounding377
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box were the same. We also conducted a two-tailed F-test to assess the null hypothesis that the variances of378

the two groups were equal. The null hypothesis was rejected in both tests (T-statistic: 18.783 (two-tailed379

t-test p–value < 0.001) and F-statistic: 1.242 (two-tailed t-test p–value < 0.001)) (Fig. 5e). These results380

suggest that synergistic interactions between microglia and astrocyte genes associated with AD are more381

likely to be active at the edges of the middle temporal gyrus, while antagonistic interactions tend to be382

localized more toward the center.383

In AD, it has been shown that certain brain regions are more vulnerable to neurodegeneration, including384

parts of the temporal lobe, which includes the middle temporal gyrus[69]. The middle temporal gyrus385

is an important region for memory processing, semantic processing, and cognitive functions[70]. It is386

particularly vulnerable to early pathological changes in AD, such as amyloid plaque deposition and tau387

tangles[71]. The edges of middle temporal gyrus, like the cortical periphery, can be more exposed to388

various factors such as inflammation, glial activation, and synaptic dysfunction, which are key drivers of389

neurodegeneration in AD[72]. As a result, it is plausible that genes at the edges of the middle temporal gyrus390

are involved in triggering AD progression, especially through their potential role in glial activation (e.g.,391

neuroinflammation), synaptic dysfunction, and neurodegeneration. These regions are often early hotspots392

for AD pathology, and the genes expressed there may contribute to the progression of AD.393
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Fig 5: Predicting Alzheimer’s disease progression scores from transcriptomic (microglia) and spatial
transcriptomic MERFISH (astrocyte) data.

20



 

 

57 

Discussion 

 

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. c 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 di!erences 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.

Discussion394

We introduce COSIME (Cooperative Multiview Integration and Scalable Interpretable Model Explainer)395

and apply it to various multi-view data sets, including simulated data, transcriptomics-metabolomics,396

transcriptomics-epigenomics, and transcriptomics-spatial transcriptomics. COSIME has two key compo-397

nents: first, it integrates multi-view data for disease phenotype prediction by leveraging deep encoders and398

LOT techniques. COSIME combines both unsupervised and supervised learning. Second, it computes399

feature importance values for each view and pairwise feature interaction values for both within-view and400

across-view.401

COSIME addresses several challenges in the existing literature. First, COSIME can handle both linear402

and nonlinear relationships as well as feature interactions within the data. The deep encoders transform the403

data into meaningful embeddings without relying on linear assumptions. Once encoded, these embeddings404

can be used with either linear or nonlinear methods for disease phenotype prediction. Second, COSIME405

accommodates both matched and unmatched samples across two data views. Each view is processed through406

a separate deep encoder. For matched samples, COSIME supports either early fusion or late fusion, while407

for unmatched samples, it uses late fusion. LOT optimally aligns embeddings from the two views into a408

joint latent space. Third, LOT is a novel technique that aligns the latent space distributions of two distinct409

data views by treating the transport plan as a learnable parameter, which is dynamically optimized during410

training. This allows LOT to adapt more flexibly to complex data structures, align latent spaces in a shared411

representation space, and adjust its alignment strategy to the specific characteristics of the data, making it412

particularly e!ective for downstream tasks such as prediction and classification. Fourth, COSIME e”ciently413

computes feature importance scores for individual features and their pairwise interactions through Monte414

Carlo sampling and batch processing in any complex machine learing models. Lastly, COSIME can identify415
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the directionality of feature interactions, distinguishing between synergism and antagonism. This enhances416

model interpretability and can be applied to a wide range of machine learning models. COSIME outputs417

feature importance and interaction matrices that are both straightforward and intuitive.418

To the best of our knowledge, COSIME is the first machine learning method that incorporates the419

LOT concept to integrate two heterogeneous multi-view datasets for predictive modeling. Given that the420

relationships in omics data—such as transcriptomics, metabolomics, epigenomics, and spatial transcrip-421

tomics—are often nonlinear, its capacity to manage such complexity is crucial. Existing methods such as422

Cooperative Learning[3], DIABLO[4], and MOFA+[5] are not designed to capture nonlinear relationships.423

We have demonstrated that COSIME models (both early fusion and late fusion) outperform these methods424

(Cooperative learning, DAILBO, and MOFA+ with regression models) in predicting disease phenotypes.425

Moreover, unlike other existing methods, COSIME is able to output both feature importance and interaction426

values from any complex machine learning models. SHAP[6] has a function to output a feature interaction427

matrix only available for tree-based models and LIME[7] does not account for feature interactions and is428

more suitable for interpreting individual predictions in simpler models, such as linear regression. COSIME429

is user-friendly, allowing users to either train a model using their data, compute feature importance and430

interaction values with a pre-trained model and their data, or do both. Moreover, users can choose a fusion431

method (early or late) based on their research objectives and data, and can also choose to compute feature432

importance, feature interactions, or both.433

We demonstrate that COSIME outperforms existing well-known multi-omics models in integrating434

and predicting outcomes, while also providing valuable feature importance and interaction information.435

However, there are several areas where COSIME can be further improved and updated. First, while436

COSIME currently computes pairwise feature interaction values, there may be meaningful interactions437

involving more than two features. Expanding the model to account for higher-order feature interactions438

could enhance predictive power but would require more sophisticated algorithms and optimizations. Second,439

determining the optimal number of hidden layers in the deep encoders, along with the size of the latent440

space, is a complex task. Although the dimensionality of the joint latent space has been fine-tuned, exploring441

the number of hidden layers will be addressed in future work to further optimize model performance. To442

keep pace with rapidly advancing technologies in single-cell sequencing, omics data generation, and the443

development of state-of-the-art methods, we will continue to update COSIME in future work. Lastly,444

COSIME can be applied to additional brain-related diseases, such as neuropsychiatric disorders[73, 74],445

which were not explored in this study, once large-scale multi-omics data become available in the future.446

Moreover, COSIME can be integrated with other methods[75–77] when multi-view imputation for missing447
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Methods 

COSIME overview 

Simulated data 

 

data is needed, expanding its versatility in handling diverse datasets.448

Methods449

COSIME overview450

Cooperative Multiview Integration and Scalable and Interpretable Model Explainer (COSIME) is a machine451

learning model that integrates multi-view data for disease phenotype prediction and computes feature452

importance and interaction scores. By leveraging deep learning-based encoders, COSIME e!ectively453

captures the complex, multi-layered interactions between di!erent omic modalities while preserving the454

unique characteristics of each data type. The integration of LOT techniques aligns and merges heterogeneous455

datasets, improving the accuracy of modeling across-view relationships in the joint latent space. In addition,456

COSIME leverages the Shapley-Taylor Interaction Index[9] to compute feature importance and interaction457

values, allowing for a deeper understanding of how individual features and their interactions contribute to458

the predictions (Fig. 1).459

Simulated Data460

We generated synthetic data by creating two distinct datasets, X1 and X2, each with a specified number of461

features, to simulate a scenario for multi-view analysis. The function generate data was used to simulate462

these datasets. Latent factors, which are unobserved variables that a!ect the data, were introduced with463

specified standard deviations (std, std1, and std2) and were either correlated or uncorrelated depending on464

the experimental design. The strength of the influence of these latent factors on the multi-view datasets465

was controlled by the scaling factors scale1 and scale2. Additionally, interaction e!ects between the latent466

factors of X1 and X2 were optionally included to introduce non-linear relationships, with the weight of these467

interactions controlled by the interaction weight parameter.468

Latent Factors and Dataset Generation469

We generate the latent factors for the datasets X1 and X2 based on the correlation setting. If the latent470

factors are correlated, we use a shared latent factor matrix U while if the latent factors are uncorrelated, we471

use separate latent factor matrices U1 and U2.472

Latent Factor Generation: The latent factors for both X1 and X2 are drawn from normal distributions:473
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U1 → N(0,𝐿2
1 )𝑀↑ 𝑁latent (1)

474

U2 → N(0,𝐿2
2 )𝑀↑ 𝑁latent (2)

Where:475

• 𝑀 is the number of samples.476

• 𝑁latent is the number of latent factors.477

• 𝐿
2
1 ,𝐿

2
2 are the variances of the latent factors a!ecting X1 and X2, respectively.478

Correlated Latent Factors: If the latent factors in the two data views are correlated, we use a shared479

latent factor matrix U, and both datasets X1 and X2 are generated as:480

X1 = U · 𝑂1 + 𝑃1 (3)
481

X2 = U · 𝑂2 + 𝑃2 (4)

Where:482

• U is the shared latent factor matrix.483

• 𝑂1, 𝑂2 are the weights for X1 and X2, respectively.484

• 𝑃1, 𝑃2 represent the noise for X1 and X2, respectively, and follow:485

𝑃1 → N(0,𝐿2
𝑃1) (5)

486

𝑃2 → N(0,𝐿2
𝑃2) (6)

Uncorrelated Latent Factors: If the latent factors in the two data views are uncorrelated, we generate487

separate latent factor matrices U1 and U2 for X1 and X2, and the datasets are generated as:488

X1 = U1 · 𝑂1 + 𝑃1 (7)
489

X2 = U2 · 𝑂2 + 𝑃2 (8)

Where:490
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• U1 and U2 are the uncorrelated latent factor matrices for X1 and X2.491

• 𝐿1, 𝐿2 are the weights for X1 and X2, respectively.492

• 𝑀1, 𝑀2 represent the noise for X1 and X2, respectively, and follow:493

𝑀1 → N(0,𝑁2
𝑀1) (9)

494

𝑀2 → N(0,𝑁2
𝑀2) (10)

Interaction E!ects495

Correlated Latent Factors: When the latent factors in the two data views are correlated, the interaction496

term is generated by considering pairwise combinations of the latent factors. Specifically, the interaction497

term zinteraction is calculated as:498

zinteraction =
𝑂latent+5∑

𝑃= 𝑂latent+1

𝑂latent+5∑
𝑄= 𝑂latent+1

𝑅 ·𝑆𝑃 ·𝑆𝑄 (11)

Where:499

• 𝑆𝑃 and 𝑆𝑄 are the elements of the latent factor matrix U.500

• The interaction term involves the product of latent factors 𝑆𝑃 and 𝑆𝑄 for each pair.501

• The sum is performed over the indices 𝑃 and 𝑄 , which range from 𝑂latent + 1 to 𝑂latent + 5, where the502

interaction is modeled between latent factors.503

• 𝑅 is the interaction weight, a constant that determines the strength of the interaction between latent504

factors.505

The interaction term zinteraction, which is given by equation 11, is then added to the feature matrices X1506

and X2 as follows:507

𝑇1,𝑃 = 𝑇1,𝑃 + zinteraction (12)

𝑇2, 𝑄 = 𝑇2, 𝑄 + zinteraction (13)

Where equations 12 and 13 show how the interaction term zinteraction is added to the features 𝑇1 and 𝑇2508

in the correlated case.509
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Outcome Variable510

The outcome variables y1 and y2 are generated based on the feature matrices X1 and X2, taking into account511

whether interaction terms are included or not.512

Correlated Latent Factors For the case where the latent factors are correlated (i.e., a shared latent factor513

matrix U is used for both X1 and X2), the outcome generation is as follows:514

• With Interaction: When interaction terms are included, the expected outcome 𝐿all is computed as515

the linear combination of the latent factors U and the latent factor weights 𝑀, along with the pairwise516

interaction terms between the additional latent factors. The interaction term zinteraction, given by517

equation 11 is used, which is defined as:518

𝐿all = U𝑀 + zinteraction (14)

• Without Interaction: When no interaction terms are included, the expected outcome is simply the519

linear combination of the latent factors U weighted by 𝑀:520

𝐿all = U𝑀 (15)

Uncorrelated Latent Factors For the case where the latent factors are uncorrelated (i.e., separate latent521

factor matrices U1 and U2 are used for X1 and X2, respectively), the outcome generation is as follows:522

• The expected outcome is the sum of the linear combinations of U1 and U2 with their respective523

weights 𝑀U1 and 𝑀U2 :524

𝐿all = U1𝑀U1 + U2𝑀U2 (16)

Outcome Variable Generation: The outcome variables y1 and y2 are generated using the expected525

outcomes 𝐿all computed above, along with Gaussian noise for continuous outcomes or using a logistic526

function for binary outcomes.527

• Continuous Outcomes: For continuous outcomes, the outcome variables y1 and y2 are generated by528

adding Gaussian noise to the expected values:529
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y1 = 𝐿all + 𝑀1, 𝑀1 → N(0,𝑁2) (17)
530

y2 = 𝐿all + 𝑀2, 𝑀2 → N(0,𝑁2) (18)

Where 𝑀1 and 𝑀2 are Gaussian noise terms with mean 0 and variance 𝑁
2.531

• Binary Outcomes: For binary outcomes, the predicted probabilities ŷ1 and ŷ2 are computed using532

the logistic function:533

ŷ1 =
1

1 + exp(↑𝐿all)
(19)

534

ŷ2 =
1

1 + exp(↑𝐿all)
(20)

The outcome variables are then generated based on Bernoulli trials with added Gaussian noise to the535

predicted probabilities:536

y1 → Bernoulli(𝑂 = ŷ1 + 𝑀3), 𝑀3 → N(0,𝑁2) (21)
537

y2 → Bernoulli(𝑂 = ŷ2 + 𝑀4), 𝑀4 → N(0,𝑁2) (22)

Where 𝑀3 and 𝑀4 are Gaussian noise terms with mean 0 and variance 𝑁
2.538

Experimental Conditions539

We generated a total of eight experimental conditions, divided between binary and continuous outcome540

variables. Each condition included two distinct datasets to facilitate multi-view analysis. The conditions541

were based on two factors: strength of signal in the data (high vs. low) and the fusion method (early vs.542

late). For each dataset, we used di!erent random seeds to introduce variability while keeping all other543

parameters consistent, particularly the latent factor structure U. In all datasets, 10 interaction terms were544

introduced within each view to capture the dependencies between selected features. These interactions545

model the relationships between certain features within the same view.546

The experimental conditions were as follows:547

• Signal Strength and Fusion Type548
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– High Signal (Early Fusion): Data were generated with a strong latent factor influence, including549

interaction e!ects between features. The latent factor structure U and interaction terms remained550

consistent across both datasets.551

– High Signal (Late Fusion): The same strong latent factor influence was used as in the early552

fusion condition. However, the datasets were generated with di!erent samples, while maintaining553

consistency in latent factor structure U and interaction e!ects.554

– Low Signal (Early Fusion): Data were generated with a weaker latent factor influence. Inter-555

action e!ects were included, and the latent factor structure U and interaction terms remained556

consistent across both datasets.557

– Low Signal (Late Fusion): Data were generated with weak latent factor influence. The two558

datasets were generated with di!erent samples, while maintaining consistency in latent factor559

structure U and interaction e!ects.560

• Outcome Type561

– Binary Outcomes: Interaction e!ects were included, and the latent factor structure U and562

interaction terms remained consistent across datasets, based on the signal strength and fusion563

type.564

– Continuous Outcomes: Similar to binary outcomes, but the outcome variables were generated565

using Gaussian noise as detailed in the main text.566

Parameters used to generate the datasets:567

The following are the parameters used to generate the datasets, based on the notations introduced in the568

previous sections.569

• Sample size: 𝐿 = 1000570

• Number of features: 𝑀X1 = 𝑀X2 = 100571

• Number of latent factors: 𝑀latent = 25 (Including five for interacting features)572

• Scaling factors: scale1 = scale2 = 5 for binary high signal and continuous high signal; scale1 =573

scale2 = 10 for binary low signal and continuous low signal574
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Real data 

Real data  

• Latent factor standard deviations: std = 1 (shared standard deviation for latent factors a!ecting both575

views if correlated), std1 = 1 (standard deviation for latent factors influencing X1 if uncorrelated),576

std2 = 1 (standard deviation for latent factors influencing X2 if uncorrelated)577

• Factor strength: latent strength = 2 for high signal, latent strength = 1 for low signal578

• Noise standard deviation: 𝐿 = 5 for strong signal conditions, 𝐿 = 10 for weak signal conditions579

(binary outcomes), 𝐿 = 15 for weak signal conditions (continuous outcomes)580

• Correlation between two datasets: TRUE if X1 and X2 are correlated, FALSE if they are uncorrelated581

• Data type: Binary or continuous outcomes for y1 and y2582

• Interaction e!ects: TRUE if interactions between features of X1 and X2 are included, with interaction583

weight 𝑀 = 10584

– Interaction e!ects between the 21st and 25th features within each view (X1 and X2) were585

artificially introduced.586

Where:587

– X1 and X2 represent the feature matrices for the two datasets.588

– U is the shared latent factor matrix when the latent factors are correlated, and U1 and U2 are the589

separate latent factor matrices for the uncorrelated case.590

– 𝑁, 𝑁U1 , and 𝑁U2 are the latent factor weights used to generate the expected outcome variables.591

– latent strength indicates the strength of the latent factors’ influence on the outcome variables, with592

higher values corresponding to stronger signal conditions.593

– 𝐿 denotes the standard deviation of the noise added to the outcome variables.594

– 𝑀 is the interaction weight, a constant that controls the influence of interaction terms between features595

from X1 and X2, particularly for the 21st to 25th features in each view.596

Real Data597

Transcriptomics-Metabolomics (ROSMAP)598

The Religious Orders Study and Rush Memory and Aging Project (ROSMAP) are ongoing longitudinal599

clinical-pathologic cohort studies of aging and AD [78]. The ROSMAP data include a wealth of clinical,600
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Real data

cognitive, neuroimaging, genetic, and neuropathological information from older adults, providing invaluable601

insights into the early stages of AD, cognitive decline, and related neurodegenerative processes.602

Transcriptomics Single-cell RNA-seq (scRNA-seq) for astrocytes was downloaded from a published603

study [79]. From 149,558 cells and 17,817 genes, we projected 4,292 metacells and 16,718 genes for604

AD pathologic diagnosis using Metacell-2 [80]. Then, we performed di!erential expression testing for605

Alzheimer’s disease (AD) pathological diagnosis using Seurat and selected the top 280 di!erentially ex-606

pressed genes (p-value adjusted < 0.1 and log2(fold change) > 0.2). Additionally, 25 genes that are607

either AD-risk or astrocyte-specific (APOE[59, 60], CLU[81], SORL1[82], TREM2[82], ABCA7[82],608

PICALM[82], BIN1[63], PLD3[82], CD33[83], CD2AP[82], EPHA1[82], INPP5D[82], FERMT2[82],609

CR1[82], PTK2B[82], SLC24A4[82], CASS4[82], ACE[83], SORCS1[82], GAB2[84], CDK5R1[85],610

PRNP[86], IL1RAP[87], CNP[68], TOMM40[88]) were also selected.611

Metabolomics ROSMAP metabolomic data processed by Metabolon HD4 was downloaded from AD612

knowledge Portal - backend (syn10235592). The dataset comprises a total of 1,055 biochemicals, 971613

compounds of known identity (named biochemicals) and 84 compounds of unknown structural identity614

(unnamed biochemicals) for 514 brain samples. We selected 305 biochemicals that do not have any615

missingness in their samples.616

Multi-view Data For early fusion, we merged transcriptomic and metabolomic data and achieved 2,286617

metacells (samples) and 305 genes and 305 metabolites in each view. Metabolites were matched to the618

donors for metacells in transcriptomic data. For late fusion, we used full samples for each view whose AD619

pathologic diagnosis is known. 4,292 metacells and 2,286 samples for transcriptomics and metabolomics,620

respectively were used.621

Transcriptomics-Epigenomics (SEA-AD)622

The Seattle Alzheimer’s Disease Brain Cell Atlas (SEA-AD) consortium studies deep molecular and cellular623

understanding of the early pathogenesis of AD [89]. By integrating neuropathological data, single-cell and624

spatial genomics, and longitudinal clinical metadata, SEA-AD serves as a unique resource for exploring the625

mechanisms underlying Alzheimer’s disease and related dementias.626

Transcriptomics scRNA-seq data for oligodendrocytes from middle temporal gyrus (111,194 cells) was627

downloaded from the Registry of Open Data on AWS as AnnData objects (h5ad format). 3,927 metacells628
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and 17,368 genes were projected for cognitive status (dementia). We selected expressions for the 206629

transcription factors that are known to co-bind or interact each other in oligodendrocytes[29].630

Epigenomics Single-cell ATAC-seq (scATAC-seq) data for all nuclei from middle temporal gyrus was631

downloaded from the Registry of Open Data on AWS as AnnData objects (h5ad format). There were 35,925632

cells and 218,882 peaks for oligodendrocytes. Among those peaks, we chose 702 peaks that are overlapped633

with the known oligodendrocyte-specific peaks[29].634

Multi-view Data We merged the scRNA-seq and scATAC-seq datasets by cell. The 35,925 cells from the635

scATAC-seq data were then grouped according to the metacells they belonged to in the scRNA-seq data,636

and the average counts for each metacell were computed.637

scRNA-seq-Single-cell Spatial Transcriptomic (MERFISH) (SEA-AD)638

scRNA-seq scRNA-seq data for microglia was downloaded from CellxGene [90] for a published study639

[89]. From 40,000 cells and 18,279 genes, we projected 1,009 metacells and 17,348 genes for AD640

progression score using Metacell-2. Then, we implemented di!erential expression testing for AD pro-641

gression score using the Di!erential Gene Expression analysis based on the negative binomial distribution642

(DESeq2) [91] and selected 400 di!erentially expressed genes (p-value adjusted < 0.05 and log2(fold643

change) > 0.75). Additionally, 28 genes that are either AD-risk or microglia-specific were identi-644

fied. (CSF1R[92], TREM2[82], SORL1[82], CD68[92], TNF[93], CLEC7A[92], IL6[108], APOE[59, 60],645

C1QA[92], C1QB[92], C1QC[92], SPP1[92], MAPK8[94], PTGS2[95], VEGFA[96], FOS[92], CLU[81],646

CR1[82], PICALM[82], CD33[83], SORCS1[82], GAB2[84], CASS4[82], CDK5R1[92], PRNPL[86],647

IL1RAP[92], CNP[68], TOMM40[88]) were also selected.648

Spatial transcriptomic (MERFISH) Astrocyte single-cell MERFISH data for the whole taxonomy col-649

lected from the middle temporal gyrus was obtained through the Open Data Registry on AWS as AnnData650

objects (h5ad format) for a published study [89]. From 1,321,191 cells and 135 genes, 8,693 metacells651

and 134 genes were projected for AD progression score using Metacell-2. We 1,016 metacells were for652

astrocytes.653

Multi-view Data Among the 1,016 metacells in the MERFISH data, we randomly selected 1,009 meta-654

cells. The AD progression score was highly correlated between the scRNA-seq and MERFISH datasets (r655
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= 0.986). For each dataset, we computed the mean AD progression score, which was highly correlated with656

the corresponding scores in both datasets (r = 0.997 for scRNA-seq and r = 0.996 for MERFISH).657

Model Design658

Let X1 → R𝐿↑𝑀X1 and X2 → R𝐿↑𝑀X2 represent two data views, and y1, y2 → R𝐿 be real-valued labels that659

represent the same disease phenotype corresponding to X1 and X2, respectively. COSIME inputs each660

data view into a deep neural network encoder (deep encoder), performs dimensionality reduction to learn661

𝑁-dimensional features, and creates embeddings in an unsupervised fashion. Then, the Learnable Optimal662

Transport (LOT) aligns the distributions of two latent spaces in a joint latent space. We use the joint latent663

vector to classify or predict disease phenotypes.664

Deep Neural Network Encoders (Deep encoders)665

COSIME is designed to process dual-view data using separate probabilistic deep encoders for each view.666

Each view 𝑂1 → 𝑃1 and 𝑂2 → 𝑃2 is passed through its own deep encoder to learn a latent representation.667

These encoders approximate the posterior distributions 𝑀(𝑄1 |𝑂1) and 𝑀(𝑄2 |𝑂2), where 𝑄1 and 𝑄2 are the latent668

variables corresponding to views 1 and 2, respectively. COSIME utilizes backpropagation of Learnable669

Optimal Transport (LOT) to these deep neural networks, enabling the learning of latent features from670

multiple views, which is then used for predicting disease phenotypes.671

The deep encoders output the mean (𝑅𝑆) and log-standard deviation (log(𝑇𝑆)) for the posterior distribution672

of each view. The encoder for each view consists of multiple fully connected layers with LeakyReLU673

activations. Batch Normalization is applied to stabilize learning and accelerate convergence, while Dropout674

is used as a regularization technique to mitigate overfitting. The final output of each deep encoder is a latent675

vector 𝑄𝑆 that represents the compressed information from the corresponding input data of a view.676

To regularize the learned posterior distributions and prevent overfitting, the model incorporates the677

Kullback-Leibler divergence (KLD) loss during the training of the deep encoders. This loss encourages the678

posterior distributions of each view to remain close to a standard Gaussian prior distribution 𝑀(𝑄𝑆) = N(0, 𝑈),679

which helps improve the ability of the model to generalize and prevents overfitting. The KLD loss for each680

view is computed as:681

LKLD1 = 𝑉KLD1 (𝑊1(𝑄1 |𝑂1) ↓ 𝑀(𝑄1)) (23)
682

LKLD2 = 𝑉KLD2 (𝑊2(𝑄2 |𝑂2) ↓ 𝑀(𝑄2)) (24)
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where 𝐿1 and 𝐿2 are the encoder functions for views 𝑀 and 𝑁, respectively, 𝑂KLD𝐿 and 𝑂KLD𝑀 are the683

KLD measures for the latent representations of views 𝑀 and 𝑁, respectively, and 𝑃(𝑄1) and 𝑃(𝑄2) are the684

prior distributions for the latent variables 𝑄1 and 𝑄2 corresponding to views 𝑀 and 𝑁. The KLD loss for each685

view 𝑅 is defined as:686

𝑂KLD𝑁 (𝐿𝑅 (𝑄𝑅 |𝑆𝑅) → 𝑃(𝑄𝑅)) =
1
2

(
𝑇

2
𝑅
+ 𝑈

2
𝑅
↑ log𝑇2

𝑅
↑ 1

)
(25)

where 𝑈𝑅 and 𝑇𝑅 are the mean and standard deviation of the posterior distribution for view 𝑅.687

Learnable Optimal Transport (LOT)688

COSIME utilizes Learnable Optimal Transport (LOT), a novel method designed to align the latent space689

distributions of two distinct data views. There are several key advantages of LOT.690

First, unlike traditional optimal transport methods, Learnable Optimal Transport (LOT) treats the691

transport plan as a learnable parameter, optimized dynamically during training rather than relying on a692

fixed or pre-defined plan. This allows LOT to adapt more flexibly to complex data structures and align693

latent spaces in a joint latent space. By learning the transport plan iteratively, LOT can adjust its alignment694

strategy to the specific characteristics of the data, making it particularly e!ective for downstream tasks such695

as prediction and classification.696

Second, LOT can scale e!ectively with large datasets. By incorporating mini-batch Sinkhorn[97] up-697

dates, LOT accelerates the optimization process, reduces memory usage, and ensures e”cient computation.698

This makes LOT particularly well-suited for high-dimensional data from multiple sources, enabling it to699

handle large-scale tasks without sacrificing performance.700

Third, LOT integrates domain-specific regularization through the coupling matrix, which allows the701

model to incorporate prior knowledge about the relationship between the views. This is particularly beneficial702

when working with heterogeneous data in the multi-view analysis, where domain-specific relationships can703

enhance the quality of the learned latent space. We apply entropy regularization to stabilize the optimization704

process, ensuring smooth convergence and better-converging embeddings, which are crucial for downstream705

tasks.706

Learnable Optimal Transport (LOT) Process LOT treats the transport plan as a learnable parameter,707

which is iteratively updated through backpropagation. This enables LOT to adaptively align the latent708

spaces of di!erent views in a shared representation space.709
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Both the source and target distributions in LOT are modeled as Gaussian distributions, each param-710

eterized by their means (𝐿) and standard deviations (𝑀). The transport plan is learned by minimizing711

the pairwise transport cost between these distributions. The cost reflects the distance between their latent712

vectors, and the transport plan is updated during training to reduce this cost, aligning the distributions in a713

shared latent space.714

The process involves the following steps:715

1. Step 1: Mini-Batching Processing716

Before performing the computation, the source and target distributions are split into mini-batches to717

ensure e!cient processing, especially for large datasets. Let the total number of source samples be718

𝑁src and the total number of target samples be 𝑁tgt. In the mini-batching procedure, we split the719

source distribution {𝐿src,𝑀src} and the target distribution {𝐿tgt,𝑀tgt} into smaller batches of size 𝑂src720

and 𝑂tgt, respectively. Denote the 𝑃-th mini-batch of the source and target distributions as:721

B𝑃

src =
{
𝐿
𝑃

src,𝑀
𝑃

src
}
, B𝑃

tgt =
{
𝐿
𝑃

tgt,𝑀
𝑃

tgt
}

(26)

for 𝑃 = 1, 2, . . . , 𝑁src/𝑂src and 𝑄 = 1, 2, . . . , 𝑁tgt/𝑂tgt, respectively. This mini-batch processing722

reduces memory consumption and allows the transport plan to be optimized iteratively.723

Each mini-batch is processed separately, and the transport plan is updated incrementally based on724

these smaller subsets of the source and target distributions.725

2. Step 2: Pairwise Distance Computation726

The pairwise distances between the means 𝐿
𝑃

src and 𝐿
𝑄

tgt and the standard deviations 𝑀𝑃

src and 𝑀
𝑄

tgt of727

the mini-batches are computed using the Euclidean distance:728

dist𝐿 (𝑃, 𝑄) = →𝐿𝑃src ↑ 𝐿
𝑄

tgt→2, dist𝑀 (𝑃, 𝑄) = →𝑀𝑃

src ↑ 𝑀
𝑄

tgt→2 (27)

where 𝑃 and 𝑄 refer to the samples from the source and target mini-batches, respectively.729

These pairwise distances are used to construct the cost matrix for each mini-batch, which will then730

be used in the subsequent steps.731

3. Step 3: Cost Matrix Construction732
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After computing the pairwise distances, the total cost matrix for each mini-batch is constructed as733

follows:734

cost𝐿
𝑀𝑁𝑀𝑂𝑃

(𝐿, 𝑄) = dist𝑅 (𝐿, 𝑄) + dist𝑆 (𝐿, 𝑄) + 𝑇 (28)

where 𝑇 is a small constant for numerical stability.735

4. Step 4: Sinkhorn Algorithm (Learnable Transport Plan)736

The transport matrix P𝐿 for each mini-batch is computed iteratively using the Sinkhorn algorithm.737

The transport plan is initialized as a learnable parameter, P𝐿, where each element of P𝐿 represents the738

transport probability between a sample from the source and a sample from the target. The transport739

plan is updated during each iteration to minimize the total transportation cost.740

The update rule for the transport plan P𝐿 (𝐿, 𝑄) for each mini-batch is:741

P𝐿 (𝐿, 𝑄) =
exp

(
→ cost𝐿𝑀𝑁𝑀𝑂𝑃 (𝐿, 𝑄)

reg

)
𝑈
𝐿

src · 𝑈𝐿

tgt
(29)

where 𝑈
𝐿

src and 𝑈
𝐿

tgt are the normalizing factors for the source and target distributions, respectively:742

𝑈
𝐿

src =
∑
𝑄

exp

(
→

cost𝐿
𝑀𝑁𝑀𝑂𝑃

(𝐿, 𝑄)
reg

)
, 𝑈

𝐿

tgt =
∑
𝐿

exp

(
→

cost𝐿
𝑀𝑁𝑀𝑂𝑃

(𝐿, 𝑄)
reg

)
(30)

Here, the learnable transport plan allows gradients to flow through the transport matrix, enabling the743

optimization process using backpropagation.744

Handling Di!erent Sample Sizes The Sinkhorn algorithm can e!ectively handle source and target745

distributions with di!ering sample sizes, making it particularly useful for COSIME late fusion. To746

ensure that transport plans remain valid, we apply normalization to the weights of the source and747

target distributions during each mini-batch update as follows:748

A(𝐿) = A(𝐿)∑
𝐿
A(𝐿) , B( 𝑄) = B( 𝑄)∑

𝑄
B( 𝑄) (31)

This adjustment ensures that the transport plan remains meaningful even when the source and target749

distributions contain di!erent numbers of samples.750
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The Sinkhorn algorithm iteratively refines the transport plan P𝐿 until convergence or until a predefined751

number of iterations.752

5. Step 5: Dual Variables and Marginal Constraints753

Dual variables u𝐿 and v𝐿 are introduced to enforce the marginal constraints of the transport problem.754

These variables ensure that the transport plan satisfies the required marginal distributions for the755

source and target distributions. The dual variables are updated iteratively for each mini-batch:756

u𝐿 (𝐿) = A(𝐿)
𝑀
𝐿

src
· exp

(
→

cost𝐿
𝑁𝑂𝑁𝑃𝑄

(𝐿, 𝑅)
reg

)
(32)

v𝐿 ( 𝑅) = B( 𝑅)
𝑀
𝐿

tgt
· exp

(
→

cost𝐿
𝑁𝑂𝑁𝑃𝑄

(𝐿, 𝑅)
reg

)
(33)

where the dual variables ensure that the transport plan matches the marginal distributions of the source757

and target distributions.758

6. Step 6: Optimizing the Transport Plan759

During each mini-batch, the transport plan is optimized by performing backpropagation to minimize760

the total loss. This involves computing the gradients of the transport plan with respect to the loss761

function and updating the transport plan parameters via gradient descent.762

7. Step 7: Final LOT Loss Calculation763

After optimizing the transport plan, the final LOT loss is computed as the sum of the product of the764

cost matrix and the transport plan:765

LLOT =
∑
𝐿, 𝑅

cost𝑁𝑂𝑁𝑃𝑄 (𝐿, 𝑅) · P(𝐿, 𝑅) (34)

This loss function quantifies the minimum cost required to transform the source distribution into the766

target distribution, thus aligning the two views in a joint latent space.767

Phenotype Prediction/Classification768

COSIME employs the aligned latent representations from each view, obtained via separate probabilistic deep769

encoders. After the deep encoders generate the latent vectors for each view, LOT aligns these embeddings770

into a joint latent space. The model then uses these aligned embeddings for phenotype prediction.771
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Two fusion strategies are employed to combine the embeddings from the two views: early fusion and772

late fusion. Both fusion strategies are applied for binary outcome classification and continuous outcome773

prediction tasks.774

Early Fusion The fused representation is obtained by taking the mean of the representations 𝐿1 → R𝑀 and775

𝐿2 → R𝑀 from each view:776

𝐿fusion =
𝐿1 + 𝐿2

2
(35)

Late Fusion The latent representations 𝐿1 → R𝑀 and 𝐿2 → R𝑀 from each view are vertically concatenated777

to form the fused representation 𝐿fusion:778

𝐿fusion =


𝐿1

𝐿2


(36)

where 𝐿fusion → R2𝑀 is the fused vector obtained by stacking 𝐿1 and 𝐿2 vertically.779

Binary Outcome Prediction The fused representation 𝐿fusion is then passed through a linear layer followed780

by a sigmoid activation function to compute the predicted probability 𝑁:781

𝑁 = 𝑂(𝑃binary · 𝐿fusion + 𝑄) (37)

where 𝑂(·) is the sigmoid function, and 𝑃binary and 𝑄 are the learned weights and bias parameters of782

the prediction layer.783

784

Loss function785

The BCEWithLogitsLoss is computed for the early fusion setup, which combines the sigmoid activation786

and binary cross-entropy in a single, more numerically stable operation. This loss function is defined as:787

Learly
BCE = ↑1

𝑅

𝑅∑
𝑆=1

[𝑇𝑆 log(𝑂(𝑁𝑆)) + (1 ↑ 𝑇𝑆) log(1 ↑ 𝑂(𝑁𝑆))] (38)

where 𝑁𝑆 is the predicted probability of the 𝑆-th sample belonging to the positive class (i.e., the probability788

output by the model), and 𝑇𝑆 is the true binary label for the 𝑆-th sample, where 𝑇𝑆 → {0, 1}.789
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Continuous Phenotype Prediction For continuous phenotype prediction, the fused representation 𝐿fusion790

is passed through a linear transformation:791

𝑀̂ = 𝑁reg · 𝐿fusion + 𝑂 (39)

where 𝑁reg and 𝑂 are the learned weights and bias of the regression layer.792

793

Loss for Regression The Mean Squared Error (MSE) loss for continuous outcome prediction using a794

linear model is computed as:795

Learly
MSE =

1
𝑃

𝑃∑
𝑄=1

(𝑀𝑄 → 𝑀̂𝑄)2 (40)

where 𝑀̂𝑄 is the predicted continuous value for the 𝑄-th sample, representing the model’s prediction,796

and 𝑀𝑄 is the true continuous value for the 𝑄-th sample, which is the actual target value the model aims to797

predict. The loss measures the squared di!erence between the predicted and true values for each sample798

and averages this over all 𝑃 samples.799

800

Loss for Neural Network A neural network (NN) model can be used for continuous outcome prediction,801

the output 𝑀̂𝑄 is predicted by the neural network, and the loss function remains MSE:802

LNN, early
MSE =

1
𝑃

𝑃∑
𝑄=1

(
𝑀𝑄 → 𝑀̂

NN
𝑄

)2
(41)

where 𝑀̂
NN
𝑄

is the continuous value predicted by the neural network for the 𝑄-th sample, which is the803

output of the neural network model for that particular input, and 𝑀𝑄 is the true continuous value for the804

𝑄-th sample, which is the actual target value that the model is attempting to predict. The loss measures the805

squared di!erence between the predicted value and the true value for each sample, and the average squared806

error is computed over all 𝑃 samples.807

Prediction Loss: The prediction loss term Lpred is defined based on the task at hand:808
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Lpred =




Learly
BCE , for binary outcome classification (early fusion)

Learly
MSE, for continuous outcome prediction (early fusion, regression)

LNN, early
MSE , for continuous outcome prediction (early fusion, NN)

Llate
BCE, for binary outcome classification (late fusion)

Llate
MSE, for continuous outcome prediction (late fusion, regression)

LNN, late
MSE , for continuous outcome prediction (late fusion, NN)

Total Weighted Loss809

During the training phase, the contributions of each loss term can vary in magnitude, depending on the810

relative scale of the individual losses. To balance the influence of each term on the total loss, we normalize811

the loss terms dynamically. This dynamic normalization ensures that no individual loss term has an outsized812

influence on the total loss, allowing for a more balanced optimization process.813

We first compute the inverse of each loss term:814

InvLKLDA
=

1
LKLD𝐿 (𝐿) + 1𝑀→8 (42)

815

InvLKLDB
=

1
LKLD𝑀 (𝐿) + 1𝑀→8 (43)

816

InvLLOT =
1

LLOT(𝐿) + 1𝑀→8 (44)

817

InvLpred =
1

Lpred(𝐿) + 1𝑀→8 (45)

Next, we compute the total inverse magnitude:818

Total Inverse = InvLKLDA
+ InvLKLDB

+ InvLLOT + InvLpred (46)

Now, we normalize the inverse magnitudes to get their relative adjusted weights:819

NormLKLDA
=

InvLKLDA

Total Inverse
(47)

820

NormLKLDB
=

InvLKLDB

Total Inverse
(48)

821

NormLLOT =
InvLLOT

Total Inverse
(49)
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Model training process  

NormLpred =
InvLpred

Total Inverse
(50)

Finally, the total weighted loss LTotal weighted(𝐿) is computed as:822

LTotal weighted(𝐿) =𝑀𝑁𝑂𝑃weight · NormLKLDA
· LKLD𝐿 (𝐿)+

𝑀𝑁𝑂𝑄weight · NormLKLDB
· LKLD𝑀 (𝐿)+

𝑅𝑆weight · NormLLOT · LLOT(𝐿)+

𝑇𝑁weight · NormLpred · Lpred(𝐿) (51)

where 𝑈KLD𝐿, 𝑈KLD𝑀 , 𝑈LOT, and 𝑈pred are the weights that control the importance of each normalized823

loss term, specifically NormLKLDA
, NormLKLDB

, NormLLOT, and NormLpred , respectively. These normalized824

loss terms are the contributions of each individual loss term LKLD𝐿 (𝐿), LKLD𝑀 (𝐿), LLOT(𝐿), and Lpred(𝐿)825

to the total loss, which are normalized to ensure that no single loss dominates the optimization process.826

827

To optimize the model parameters, we minimize the total weighted loss:828

𝐿
→ = argmin

𝐿

LTotal weighted(𝐿) (52)

This method prevents overemphasis on any one loss component, allowing the model to e!ectively829

balance view alignments and prediction accuracy. It enables flexible adjustment of task importance, which830

is crucial when working with multi-view data, where di!erent objectives (e.g., alignment, prediction) may831

compete for optimization.832

Model training process833

The input data for each view was split into 75% for training and 25% for testing (holdout). 5-fold cross-834

validation was applied to the training set. The best-performing model was selected based on the minimum835

classification (or prediction) loss during the training phase and was then evaluated on the testing set. The836

Algorithm 1: COSIME Model Training is detailed in the Supplementary Information.837

The prediction performance of the models was evaluated using holdout data with metrics such as Area838

Under the Receiver Operating Characteristic Curve (AUROC), Area Under the Precision-Recall Curve839

(AUPRC), and accuracy for binary outcome classification, and Mean Squared Error (MSE) for continuous840
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outcome prediction. The performance metrics were compared across di!erent methods using the mean and841

±1.96 times the standard deviation. For the best-trained models across the di!erent multi-view datasets, we842

computed feature importance for each data view and interaction values both within and across views.843

Hyperparameter tuning844

We tuned several hyperparameters such as the learning rate, learning rate decay (gamma), loss weights,845

dropout rate, joint latent space dimensionality, early stopping patience, minimum change for early stopping,846

and weight decay in the optimizer. Hyperparameter optimization was performed using Ray Tune [98]847

with Distributed Asynchronous Hyperparameter Optimization (Hyperopt) [99]. The Adam optimizer was848

employed to minimize the total loss, with a maximum of 300 epochs. Early stopping was used to prevent849

overfitting, based on performance improvements on the validation set in the training phase.850

Optimization and Loss Minimization851

During the training phase, the model updates the hyper-parameters by minimizing the total loss. The852

optimization process involves computing gradients with respect to the total loss function and updating the853

parameters using gradient descent or its variants.854

By minimizing the total loss, COSIME simultaneously learns to:855

• Regularize the posterior distributions of the latent representations for each view through the KLD856

losses,857

• Align the embeddings from both views into a shared latent space using LOT,858

• Predict or classify the disease phenotype by minimizing classification (or prediction) loss.859

Evaluating the Performance of the Model Predictions860

To evaluate the performance of the best model selected in the training phase for both binary outcome861

classification and continuous outcome prediction, several standard metrics are employed:862

Binary Outcome Classification863

1. Area Under the Receiver Operating Characteristic Curve (AUROC): AUROC measures the864

ability of the model to discriminate between the positive and negative classes. It is calculated by865

assessing the True Positive Rate (TPR) against the False Positive Rate (FPR) at various threshold866
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Feare 

settings. The AUROC value ranges from 0 to 1, where 1 indicates perfect classification, and 0.5 is867

the expected performance of a random classifier. The formula for AUROC is:868

AUROC =
∫ 1

0
TPR( 𝐿 ) 𝑀FPR( 𝐿 ) (53)

where TPR( 𝐿 ) and FPR( 𝐿 ) are the True Positive Rate and False Positive Rate at each decision869

threshold 𝐿 .870

2. Area Under the Precision-Recall Curve (AUPRC): AUPRC is another useful metric for evaluating871

binary classification performance, particularly when dealing with imbalanced datasets. It measures872

the area under the curve created by plotting precision against recall at various threshold settings. The873

formula for AUPRC is:874

AUPRC =
∫ 1

0
Precision(𝑁) 𝑀Recall(𝑁) (54)

where Precision(𝑁) and Recall(𝑁) are the precision and recall at each decision threshold 𝑁.875

3. Accuracy: Accuracy is the proportion of correctly classified instances (both true positives and true876

negatives) out of the total number of instances. It is calculated as:877

Accuracy =
TP + TN

TP + TN + FP + FN
(55)

where TP is True Positives, TN is True Negatives, FP is False Positives, and FN is False Negatives.878

Continuous Outcome Prediction879

880

Mean Squared Error (MSE): MSE measures the average squared di!erence between the true values881

and the predicted values. It is a common loss function for regression tasks and is used to quantify the error882

in continuous prediction tasks. The formula for MSE is:883

MSE =
1
𝑂

𝑂∑
𝑃=1

(𝑄𝑃 → 𝑄̂𝑃)2 (56)

where 𝑄𝑃 is the true continuous label for the 𝑃-th sample, 𝑄̂𝑃 is the predicted value for the 𝑃-th sample,884

and 𝑂 is the total number of samples.885
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Feature Importance and Interaction

Feature Importance and 

886

These evaluation metrics assess the e!ectiveness of the COSIME model in both binary and continuous887

phenotype prediction tasks. Higher AUROC and AUPRC values, along with higher accuracy and lower888

MSE, indicate better model performance.889

Feature Importance and Interaction890

COSIME introduces an advanced approach for computing both feature importance and feature interactions,891

building upon the Shapley-Taylor framework[9]. By using Monte Carlo sampling and a batching process,892

COSIME e”ciently approximates Shapley values and Shapley-Taylor indices, making it highly scalable893

and interpretable for large, high-dimensional datasets while maintaining memory e”ciency. This approach894

ensures COSIME is well-suited for complex real-world applications.895

COSIME employs Monte Carlo sampling to e”ciently approximate both Shapley values and feature896

interactions. This approach significantly enhances its scalability, interpretability, and flexibility, especially897

when handling large datasets and high-dimensional feature spaces. Instead of relying on exact calculations,898

which become computationally expensive as the number of features or data points increases, Monte Carlo899

sampling allows COSIME to estimate Shapley values and Shapley-Taylor indices e”ciently. This method900

also o!ers precise and interpretable calculations of pairwise feature interactions by directly simulating fea-901

ture combinations. By estimating these interactions in this way, COSIME avoids complex approximations or902

indirect assumptions, providing clearer insights into how combinations of features jointly a!ect predictions.903

Furthermore, COSIME is better equipped to handle complex feature interactions and nonlinear relationships904

more e!ectively.905

Additionally, COSIME is memory-e”cient due to its batching process, which breaks the data into906

smaller subsets to minimize memory usage. This enables COSIME to handle large datasets on systems907

with limited memory, making it suitable for real-world applications with resource constraints. The batching908

process ensures that COSIME can scale e”ciently while maintaining performance across high-dimensional909

feature spaces.910

COSIME also provides the ability to calculate signed feature interactions, which indicate whether pairs911

of features interact synergistically (positive interaction) or antagonistically (negative interaction). This is912

achieved by directly simulating feature combinations during the Monte Carlo sampling process, allowing913

COSIME to estimate both the magnitude and direction of interactions. The sign of an interaction is914

determined by comparing the joint e!ect of the features to their individual e!ects, revealing whether their915
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combined influence on the prediction. This enhancement adds a significant layer of interpretability, enabling916

users to understand not only the strength but also the directionality of feature interactions.917

Finally, COSIME allows users to customize the Monte Carlo sample size and maximum memory918

usage, providing flexibility in the computational process. When the memory usage is specified, COSIME919

automatically determines the optimal batch size, making the method both user-friendly and adaptable920

to di!erent system configurations. The details of Algorithm 2: COSIME Feature Importance and921

Interaction Computation are provided in the Supplementary Information.922

Shapley Value (Feature Importance Computation)923

The Shapley value 𝐿𝑀 for a given feature 𝑀 is computed by considering the marginal contribution of feature 𝑀924

across all possible combinations of other features. This is approximated using Monte Carlo sampling over925

multiple iterations. The Shapley value for each feature 𝑀 and each sample 𝑁 is computed as:926

𝐿𝑂 (𝑁) =
1
𝑃

𝑃∑
𝑄=1

(
𝑅 (x(𝑂→1)

𝑁
) → 𝑅 (x(𝑂)

𝑁
)
)

(57)

where:927

• 𝑅 (x𝑁) represents the prediction using all features,928

• 𝑅 (x(𝑂)
𝑁

) represents the prediction when feature 𝑂 is masked,929

• 𝑅 (x(𝑂→1)
𝑁

) represents the prediction when all features except for feature 𝑂 are masked.930

The Shapley values for all features are stored in a matrix S ↑ R𝑆↓𝑇 , where 𝑆 is the number of samples931

and 𝑇 is the number of features.932

S𝑀 𝑈 = 𝐿 𝑈 (𝑁𝑀) (58)

where 𝑀 indexes the 𝑀-th sample (𝑀 ↑ {1, 2, . . . , 𝑆}) and 𝑈 indexes the 𝑈-th feature ( 𝑈 ↑ {1, 2, . . . , 𝑇}),933

and 𝐿 𝑈 (𝑁𝑀) represents the Shapley value for feature 𝑈 with respect to sample 𝑀.934

Feature Interaction E!ects935

The interaction e!ect between two features 𝑂 and 𝑉 quantifies the joint contribution of features 𝑂 and 𝑉936

compared to when they are individually absent. The interaction e!ect I𝑂𝑉 is computed as:937

I𝑂𝑉 (𝑁) = 𝑅 (x𝑁) → 𝑅 (x(𝑂)
𝑁

) → 𝑅 (x(𝑉)
𝑁

) + 𝑅 (x(𝑂𝑉)
𝑁

) (59)
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where:938

• 𝐿 (x𝑀): the prediction of the model using all features,939

• 𝐿 (x(𝑁)
𝑀

) and 𝐿 (x(𝑂)
𝑀

): the predictions of the model with features 𝑁 and 𝑂 individually masked,940

• 𝐿 (x(𝑁𝑂)
𝑀

): the prediction of the model when both features 𝑁 and 𝑂 are masked.941

For pairwise interactions, the interaction e!ect is averaged over 𝑃 Monte Carlo iterations:942

I𝑄 𝑅 (𝑀) =
1
𝑃

𝑃∑
𝑆=1

[
𝐿 (x𝑀) → 𝐿 (x(𝑄)

𝑀
) → 𝐿 (x( 𝑅)

𝑀
) + 𝐿 (x(𝑄 𝑅)

𝑀
)
]

(60)

The interaction e!ects for all pairs of features are stored in the interaction matrix I ↑ R𝑇↓𝑇 , where each943

entry I𝑄 𝑅 represents the interaction between features 𝑄 and 𝑅 .944

I𝑄 𝑅 = I𝑅𝑄 (61)

Monte Carlo Approach and Interaction Algorithm945

Given the model 𝐿 , input data 𝑈 ↑ R𝑉↓𝑇 (where 𝑉 is the number of samples and 𝑇 is the number of946

features), and target labels 𝑊 ↑ R𝑉 , we compute the Shapley values and interaction e!ects as follows:947

• Shapley Values: For each feature 𝑄, compute the marginal contribution to each sample over 𝑃 Monte948

Carlo iterations. Store the results in the matrix S.949

• Interaction E!ects: For each pair of features (𝑄, 𝑅), compute the interaction e!ect using the formula950

above, averaging over 𝑃 Monte Carlo iterations. Store the results in the interaction matrix I.951

The algorithm processes the data in batches to manage memory e”ciently. If the batch size is not952

provided, it is dynamically computed based on the available memory. The number of batches 𝑋 is given by:953

𝑋 =
⌈

𝑉

batch size

⌉
(62)

The batch processing ensures that we do not exceed the maximum memory usage during computation.954

Considering the available resources and estimated computing time, we used 100 Monte Carlo iterations for955

the simulated multi-view data and 10 iterations for the real multi-view data. For each multi-view dataset,956

the test (holdout) data was used.957
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Downstream analyses  

Memory Management958

To ensure that the memory usage remains within a specified limit, we compute the memory required for959

each batch as:960

Batch memory (GB) =
batch size → element size of X → 𝐿

1 → 109 (63)

If the calculated batch memory exceeds the available memory, the batch size is adjusted accordingly.961

The dynamic batch size calculation ensures that the computation does not exceed the memory limit.962

Output963

The Shapley values are stored in a matrix S with dimensions 𝑀 → 𝐿, and the interaction e!ects are stored964

in a matrix I with dimensions 𝐿 → 𝐿. These matrices represent the individual contributions of each feature965

and their pairwise interactions in the prediction process.966

In summary, our new approach provides a comprehensive methodology for assessing both individual967

feature importance (Shapley values) and pairwise feature interactions in machine learning models. By968

leveraging these tools, we enable a deeper understanding of how features individually and collectively969

influence model predictions. The computational framework we present, along with the accompanying code,970

facilitates the application of this methodology to various prediction tasks, enhancing model interpretability971

and providing valuable insights into feature relationships.972

Downstream analyses973

Gene Enrichment Analysis974

The function enrichGO from the clusterProfiler [100] R package, a universal enrichment tool for975

interpreting omics data, was used to perform enrichment analyses for the 20 prioritized genes by absolute976

feature importance (FI) values in each view of real multi-view datasets. The top 10 categories were displayed977

by log10(FDR) (Fig. 3b and Supplementary Figure 1).978

Metabolite Enrichment Analysis979

MetaboAnalyst 6.0 [101] was used to implement a metabolite set enrichment analysis for 20 prioritized980

metabolites by absolute feature FI values in the metabolomic data for classifying cognitive diagnosis for981

Alzheimer’s disease (Fig. 3c).982
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Downstream analyses

Interaction Network983

For the top 50 across-view interaction values, the edges and nodes for the interacting genes (and genes and984

metabolites) were formatted in R, and the network was generated using Cytoscape 3.10.3 [102] (Fig. 3e985

and Fig. 5d).986

Spatial mapping and statistical tests987

Spatial expression plots for RYR3 and DGKG were generated in Python, employing matplotlib and988

seaborn (Fig. 5c). To assess whether there are significant spatial di!erences between cells with high FI989

values and low feature importance values for each gene, the following steps were taken:990

• Compute the midpoint of the bounding box: It is calculated by finding the midpoint of the bounding991

box defined by the x and y coordinates. Specifically, the center is determined by averaging the992

maximum and minimum values of both the x and y coordinates:993

center𝐿 =
max(𝐿) + min(𝐿)

2
, center𝑀 =

max(𝑀) + min(𝑀)
2

(64)

This central point serves as the reference from which the distances of each point are measured.994

• Compute the Euclidean distance from each point to the midpoint of the bounding box: Once the995

midpoint of the bounding box is defined, the Euclidean distance from each point (𝐿𝑁, 𝑀𝑁) to the996

computed midpoint of the bounding box (center𝐿 , center𝑀) is calculated using the formula:997

distance𝑁 =
√
(𝐿𝑁 → center𝐿)2 + (𝑀𝑁 → center𝑀)2 (65)

This step computes a scalar value for each point that quantifies how far each point is from the center.998

• Perform a two-sample two-tailed t-test: The dataset is divided into two groups based on the feature999

importance:1000

– Group 1: Points with FI values greater than or equal to the 75th percentile (i.e., the top 25%).1001

– Group 2: Points with FI values below the 75th percentile.1002

We performed a two-sample two-tailed t-test to evaluate whether the distances from the midpoint of1003

the bounding box di!ered between the top 25% of cells with the highest feature importance values1004
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and the remaining 75% of cells. The null hypothesis (𝐿0) for the two-tailed t-test is:1005

𝐿0 : 𝑀Group1FI = 𝑀Group2FI

where 𝑀Group1FI and 𝑀Group2FI represent the means of the distances for the high and low FI groups,1006

respectively. The alternative hypothesis is:1007

𝐿1 : 𝑀Group1FI ω 𝑀Group2FI

The test statistic 𝑁 and the associated p–value are calculated to determine whether the di!erence in means1008

is statistically significant.1009

1010

Similarly, the spatial distribution of across-view interaction values was visualized using the same tools1011

(Fig. 5e). The following steps were taken to generate the spatial distribution of across-view interaction values1012

and assess whether there are significant spatial di!erences between cells with positive feature interaction1013

values and negative feature interaction values, the subsequent steps were carried out:1014

• Distance calculation: The distance of each cell from the center of the tissue sample was calculated1015

using its spatial coordinates (𝑂 ,𝑃 ). This distance quantifies how far each cell is from the central point1016

of the tissue section. The Euclidean distance from the center is computed as:1017

Distance to center =
√
(𝑂 → 𝑂center)2 + (𝑃 → 𝑃center)2 (66)

where 𝑂center and 𝑃center are the coordinates of the center of the tissue.1018

• Cell-level interaction score: For each cell, the interaction score was computed using the MERFISH1019

gene expression levels and pairwise across-view interaction values. Let E(𝑄)
MERFISH denote the gene1020

expression vector for cell 𝑄, which is of length 𝑅MERFISH. The interaction matrix M has dimen-1021

sions 𝑅MERFISH ↑𝑅scRNA-seq, where each element 𝑆𝑇1,𝑇2 represents the pairwise interaction between1022

MERFISH gene 𝑇1 and scRNA-seq gene 𝑇2. The cell-level interaction score 𝑈
(𝑄) for each cell 𝑄 was1023

calculated as the dot product of the gene expression vector for that cell and the interaction matrix:1024

𝑈
(𝑄) = E(𝑄)

MERFISH · M (67)
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In expanded form, the score for cell 𝐿 with respect to scRNA-seq gene 𝑀 is:1025

𝑁
(𝐿)
𝑀

=
𝑂MERFISH∑

𝑃1=1
E(𝐿)

MERFISH [𝑃1] · 𝑄𝑃1, 𝑀 (68)

This score quantifies the interaction between the MERFISH gene expression profile of cell 𝐿 and1026

the scRNA-seq gene expression profile, enabling grouping of cells based on their interaction scores.1027

Cells were then grouped based on the sign of their interaction scores: those with positive scores1028

were assigned to the Positive group, while those with negative scores were assigned to the Negative1029

group. This grouping allowed for further comparison of spatial distributions and other characteristics1030

between the two groups.1031

• Perform a two-sample two-tailed t-test: To determine whether there were significant di!erences in1032

the distances of cells from the center between the two groups, an independent two-sample t-test was1033

performed. The hypotheses tested were:1034

– Null hypothesis (𝑅0): The mean distance from the center of the Positive and Negative groups1035

are equal, i.e.,1036

𝑅0 : 𝑆Positive = 𝑆Negative

– Alternative hypothesis (𝑅1): The mean distance from the center of the Positive and Negative1037

groups are not equal, i.e.,1038

𝑅1 : 𝑆Positive ω 𝑆Negative

• Perform a two-tailed F-test: In addition to comparing the means, an F-test was performed to compare1039

the variances of the two groups. The hypotheses tested were:1040

– Null hypothesis (𝑅0): The variances of the Positive and Negative groups are equal, i.e.,1041

𝑅0 : 𝑇2
Positive = 𝑇

2
Negative

– Alternative hypothesis (𝑅1): The variances of the Positive and Negative groups are not equal,1042

i.e.,1043

𝑅1 : 𝑇2
Positive ω 𝑇

2
Negative
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Benchmarking methods  

Benchmarking methods1044

Cooperative Learning1045

Cooperative learning is a framework for fitting machine learning models to multi-view data[3]. It presents1046

a loss function that minimizes the prediction error across all views, while encouraging the predictions from1047

the views to agree. This framework with linear regression, which is what we use for benchmarking.1048

We implemented the Cooperative Learning framework using the multiview R package. Following the1049

examples provided on the Cooperative Learning GitHub repository, we preprocessed the input data using1050

the preProcess function to center and scale it. For model evaluation, we conducted 5-fold cross-validation1051

using the cv.multiview function, with a maximum of 300 iterations. For binary outcome classification,1052

we set family = binomial() and type.measure = "class". For continuous outcome prediction, we1053

used the default family = gaussian() and type.measure = "mse". The hyperparameter values for1054

the regularization parameter were chosen from the set {0, 0.2, 0.4, 0.6, 0.8, 1}, while the lambda values were1055

left at their default settings.1056

Data Integration Analysis for Biomarker discovery using Latent components (DIABLO)1057

Data Integration Analysis for Biomarker discovery using Latent components (DIABLO) is a supervised1058

extension of canonical correlation analysis[4]. It aims to identify linear combinations of variables from1059

each dataset that maximize the correlation between datasets.1060

We implemented DIABLO using the mixOmics R package. Following the tutorial on the mixOmics1061

website, we created a data block using the matrix function. For model training, we performed 5-fold1062

cross-validation using the block.splsda function. The number of variables was tested within the set1063

{10, 20, 30, 40, 50}.1064

Multi-Omics Factor Analysis v2 (MOFA+)1065

Multi-Omics Factor Analysis v2 (MOFA+) is an unsupervised matrix decomposition method that can be1066

viewed as a generalization of sparse principal components analysis6.1067

We used the MOFA2 R package to obtain latent representations. Following the tutorial on the MOFA+1068

downstream analysis in R, we trained a MOFA model using the run mofa function. To project unseen data1069

from a new view into the latent space 𝐿𝑀, we computed the pseudo-inverse of the weight matrix 𝑁𝑀. The1070

latent representations 𝐿𝑀 for all views were then concatenated. For prediction, we applied logistic regression1071

for binary outcomes and linear regression for continuous outcomes. To classify and predict new, unseen1072
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Code Availability  

samples, we used the concatenated latent representation matrix 𝐿 in PyTorch (Python 3.10). We evaluated1073

di!erent latent factor dimensions from the set {1, 5, 10, 15}.1074

Data Availability1075

Simulated data and all data supporting the results are included in Supplementary Data 1–9 and are publicly1076

available on GitHub (https://github.com/daifengwanglab/COSIME). ROSMAP scRNA-seq was sourced1077

from a website (https://compbio.mit.edu/ad𝑀𝑁𝑂𝑃𝑁𝑄𝑅𝑀𝑂𝑃/#𝑆𝑇𝑀𝑈𝑂𝑃𝑁 → 𝑉𝑊𝑋 → 𝑅𝑀𝑌 → 𝑈𝑀𝑉𝑀) and metabolomic1078

data can be downloaded from the AD Knowledge Portal - backend (syn10235592). SEA-AD scATAC-seq,1079

scRNA-seq, and MERFISH data were obtained from SEA-AD: Seattle Alzheimer’s Disease Brain Cell1080

Atlas (https://cellxgene.cziscience.com/collections/1ca90a2d-2943-483d-b678-b809bf464c30).1081

Code Availability1082

The entire COSIME code is implemented in Python. The COSIME Python package and examples can be1083

accessed publicly at https://github.com/daifengwanglab/COSIME.1084
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Supplementary information

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.
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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:
• Training: X1 → Rn→pX1 , X2 → Rn→pX2

• Validation: (Xval
1

, Xval
2

, yval
1

, yval
2

)

• Test: (Xtest
1

, Xtest
2

, ytest
1

, ytest
2

)

Initialization:

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

• Set tuning hyperparameters:
batch size, learning rate, learning gamma,ωKLD A weight,ωKLD B weight,ωOT weight,
ωCL weight, dropout, dim, pearlystop patience, ε, decay

Forward Pass:

• Compute KLD Losses, LOT Loss, and Prediction Loss: LKLDA(ϑ), LKLDB (ϑ), LLOT(ϑ),
Lpred(ϑ)

• Compute Total Weighted Loss: LTotal weighted(ϑ)

Backpropagation:

• Backpropagate gradients for all parameters, including the transport plan for LLOT

• Perform optimization step: ϑ ↑ ϑ ↓ ϖ↔ωLTotal weighted(ϑ)

Early Stopping:
Compute validation prediction loss: Lpred(ϑ) for validation
If Lpred(ϑ) < Lpred(ϑbest) (improvement in validation loss):
Update ϑbest = ϑ
Reset patience counter: pcounter = 0

Else If pcounter > pearlystop patience (early stopping):
Break training loop

Else:
Increment patience counter: pcounter ↑ 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;

3
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Algorithm 2: COSIME Feature Importance and Interaction Computation

Input
X → RN→F : Input feature matrix,
y → RN : Target labels

Initialization
• Define the model f and input matrix X with N samples and F features.

• Set number of Monte Carlo iterations M .

• Define the batch size, or compute it based on available memory.

• Compute the number of batches: B = ↑ N
batch size

↓.

• Compute the memory required for each batch:

Batch memory (GB) =
batch size↔ element size of X ↔ F

1↔ 109
.

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

Feature Importance Computation
1. For each feature i in X, compute the marginal contribution over M Monte Carlo

iterations.
2. Store feature importance values in matrix S → RN→F :

Sij = ωj(si), where ωj(si) is the feature importance value for feature j for sample si.

Feature Interaction Computation
1. For each pair of features (i, j), compute the interaction e!ect over M Monte Carlo

iterations.
2. Store interaction e!ects in matrix I → RF→F :

Iij = Iji, where Iij is the interaction e!ect between features i and j.

Output
S → RN→F : Feature importance matrix,
I → RF→F : Feature interaction matrix.

4
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 1 
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 3 
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 5 
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 8 

 9 

Abstract 10 

INTRODUCTION 11 

Alzheimer's disease (AD) is a neurodegenerative disorder marked by cognitive decline, memory 12 

impairment, and functional deterioration. Its complex pathogenesis involves factors such as 13 

amyloid plaques, tau tangles, neuroinflammation, and synaptic dysfunction, but the precise 14 

mechanisms remain unclear, hindering effective treatment. Genetic, environmental, and lifestyle 15 

factors contribute to AD risk, yet their interactions are poorly understood. Recent advances in 16 

transcriptomics and metabolomics have shed light on the molecular underpinnings of AD, with 17 

gene expression alterations and metabolic disruptions implicated in disease progression. However, 18 

the interplay between these omics layers suggests a need for integrative approaches.  19 

METHODS 20 

This study utilizes the Cooperative multi-view integration and Scalable and Interpretable Model 21 

Explainer (COSIME) machine learning method to combine imputed whole blood transcriptomics 22 
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and measured plasma metabolomics data. A predictive model was developed through 5-fold cross-23 

validation to identify genes and metabolites associated with AD-related phenotypes, including 24 

Preclinical Alzheimer's Cognitive Composite 3 (PACC3) and plasma phosphorylated tau 217 25 

(ptau217), from the Wisconsin Registry for Alzheimer's Prevention (WRAP) cohort (N = 1,046 26 

for both PACC3 and ptau217). The model performance was validated using an independent dataset 27 

from the Wisconsin Alzheimer's Disease Research Center (ADRC) cohort (N = 85 for PACC3 and 28 

N = 89 for ptau217). Feature importance and interactions were assessed to identify potential risk 29 

factors.  30 

RESULTS 31 

The normalized root mean square error (NRMSE) was 0.654 ± 0.004 for predicting PACC3 and 32 

1.361 ± 0.046 for predicting ptau217 in the WRAP cohort. The NRMSE was 1.095 for predicting 33 

PACC3 and 1.795 for predicting ptau217 in the Wisconsin ADRC cohort. Biomarker importance 34 

and pairwise interaction values were computed. Several genes known to down-regulate cognitive 35 

function (e.g., HOXA4 and LRFN4) and others associated with the up-regulation of ptau217 (e.g., 36 

ACAD9 and GPAT3) were highly ranked based on our biomarker importance scores. Similarly, 37 

metabolites that down-regulate cognitive function (e.g., sphingomyelin (d17:2/16:0, d18:2/15:0) 38 

and N-carbamoylvaline) and those that up-regulate ptau217 (e.g., S-adenosylhomocysteine and 39 

propionylcarnitine (C3)) were also identified as highly ranked. Some metabolites, such as 40 

sphingomyelin (d17:2/16:0, d18:2/15:0) and tetradecadienoate (14:2), may interact synergistically, 41 

while sphingomyelin (d18:2/16:0, d18:1/16:1) and choline may interact antagonistically. 42 

DISCUSSION 43 
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There is significant potential for using integrated transcriptomics and metabolomics data to 44 

identify novel biomarkers and predict AD phenotypes. Genes and metabolites associated with 45 

cognitive decline and tau pathology were identified, offering insights into additional molecular 46 

mechanisms underlying AD. The identified interactions between certain metabolites provide 47 

further clues to the complex metabolic dysregulation that may contribute to disease pathogenesis, 48 

underscoring the importance of integrative approaches for understanding AD. 49 

1 BACKGROUND 50 

Alzheimer's disease (AD) is a neurodegenerative disease characterized by progressive cognitive 51 

decline, memory impairment, and functional deterioration, representing a major public health 52 

challenge1. The pathogenesis of AD is multifactorial, involving the accumulation of amyloid 53 

plaques, neurofibrillary tangles, neuroinflammation, and synaptic dysfunction.2–5 Despite 54 

significant advances in understanding the molecular underpinnings of the disease, the precise 55 

mechanisms remain unclear, and the complexity of AD presents a challenge for early diagnosis 56 

and effective therapeutic development. Genetic, environmental, and lifestyle factors all contribute 57 

to AD risk,6,7 but the interactions between these factors are poorly understood. As a result, there is 58 

a pressing need for more comprehensive approaches to elucidate the molecular landscape of AD 59 

and identify novel biomarkers that could aid in early detection and intervention. 60 

 61 

In recent years, transcriptomics and metabolomics have emerged as key omics approaches for 62 

investigating the molecular basis of AD.8 Transcriptomics, which analyzes gene expression 63 

patterns, provides insights into the dysregulated cellular processes in AD, such as neuronal loss, 64 

synaptic dysfunction, and inflammatory responses.9 Alterations in the expression of genes related 65 
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to amyloid processing, tau metabolism, and neuroinflammation have been linked to disease 66 

progression, highlighting the role of transcriptional dysregulation in AD pathophysiology.10 On 67 

the other hand, metabolomics focuses on the small molecules involved in cellular metabolism, 68 

offering a unique window into the biochemical changes that occur in AD.11 Studies have shown 69 

that metabolites associated with energy metabolism, oxidative stress, and neurotransmitter 70 

pathways are altered in AD, suggesting that disrupted metabolic networks contribute to disease 71 

onset and progression.12 While both transcriptomics and metabolomics provide valuable insights 72 

into AD, the interplay between genes and metabolites suggests that a more integrative approach is 73 

required.13 The interactions between genetic and metabolic alterations play a critical role in AD 74 

pathophysiology,14 and understanding how these molecular networks influence each other is 75 

essential for unraveling the complexity of AD mechanisms. 76 

Multi-view integration of omics data provides a comprehensive understanding of systems biology 77 

and the complex interactions between biomarkers, particularly in complex diseases such as 78 

AD.15,16 By combining data from multiple omics layers, it is possible to capture a more holistic 79 

view of the molecular mechanisms underlying AD. Moreover, this integrative approach may allow 80 

for the identification of key biomarkers and pathways that may be missed when examining a single 81 

omics layer in isolation.17 The vast and complex nature of multi-omics data requires advanced 82 

computational tools to analyze and interpret the intricate relationships between genes and 83 

metabolites. Machine learning techniques offer powerful methods for uncovering patterns within 84 

large, high-dimensional datasets.18 By leveraging machine learning algorithms, we can integrate 85 

diverse omics data to predict disease phenotypes, identify novel biomarkers, and better understand 86 

the underlying pathophysiology of AD.19 This study applies a state-of-art machine learning method, 87 

Cooperative multi-view integration and Scalable and Interpretable Model Explainer (COSIME)20 88 
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to integrate imputed transcriptomics and metabolomics, predict AD-related phenotypes, and 89 

identify potential AD-risk factors from the Wisconsin Registry for Alzheimer's Prevention 90 

(WRAP)21 cohort. The cohort from the Wisconsin Alzheimer's Disease Research Center (ADRC) 91 

is used for independent validation. 92 

2 METHODS 93 

2.1 Study design 94 

An overview of the study design is presented in FIGURE 1. Gene expression data were imputed 95 

using the genotypes of WRAP and Wisconsin ADRC participants via PrediXcan22. To reduce the 96 

dimensionality, untargeted transcriptomic and metabolomic analyses were performed, including 97 

age, sex, APOE score, and years of education (for Preclinical Alzheimer's Cognitive Composite 3 98 

(PACC3) only) as covariates, to predict AD-related phenotypes in WRAP using linear regression. 99 

Subsequently, for each AD-related phenotype, nominally significant genes and metabolites (p-100 

value < 0.05) were input into a COSIME model, which was trained to predict the outcome. After 101 

training the COSIME model, biomarker importance for individual genes and metabolites, as well 102 

as their interaction values, were computed. Lastly, the Wisconsin ADRC cohort was used to 103 

independently validate the prediction performance of the COSIME20 models. 104 

 105 
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 106 

 107 

FIGURE 1 108 

Workflow diagram. a Gene expression data for the WRAP participants were imputed using PrediXcan. b Untargeted 109 

transcriptomics and metabolomics adjusting for covariates were implemented to pre-select significant biomarkers. c 110 

Multi-omics data were integrated and AD phenotypes were predicted using COSIME. d Biomarker importance and 111 

interaction values for both within-view and across-view were computed by COSIME. e Independent validation for 112 

predicting AD phenotypes using the Wisconsin ADRC cohort as independent multi-view data was performed. 113 

2.2 Study participants and cohort description 114 

The cohort for the main analysis, WRAP, is an ongoing longitudinal study designed to identify 115 

midlife factors associated with the development of AD. Participant enrollment began in 2001, with 116 

the first follow-up visit occurring 2 to 4 years after the baseline visit, and all subsequent visits 117 

taking place at 2-year intervals thereafter. WRAP participants were dementia-free at enrollment 118 

(mean age 54 years). All study procedures were approved by the University of Wisconsin School 119 

of Medicine and Public Health Institutional Review Board and are in accordance with the 120 

Declaration of Helsinki. 121 
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 122 

Wisconsin ADRC participants were recruited from multiple sources such as memory clinic 123 

providers, events, media, partner organizations, and other studies. Adults aged 45 years or older 124 

with decisional capacity and English fluency were eligible for enrollment. Exclusion criteria 125 

included active major medical or psychiatric illnesses and lack of a study partner. This study 126 

included participants who have normal cognitive status based on their diagnoses. 127 

2.3 Alzheimer’s disease outcomes 128 

PACC3 is a global cognitive composite score used to assess the cognitive performance of 129 

participants in the WRAP study. During each study visit, participants complete a detailed cognitive 130 

battery, which is described in more detail elsewhere21. Longitudinal global cognitive performance 131 

is evaluated using a three-test version of the modified PACC23, which includes the Rey Auditory 132 

Verbal Learning Test (AVLT; Trials 1–5)24, the Wechsler Memory Scale Logical Memory II25, 133 

and the Wechsler Adult Intelligence Scale-Revised Digit Symbol Substitution.26 The Logical 134 

Memory II test was introduced at Visit 2 for most participants (94%), so the PACC3 baseline is 135 

generally at Visit 2, with Visit 1 being the baseline for recent enrollees where it was administered 136 

at Visit 1. Each test score is converted into a Z-score, using the mean and standard deviation from 137 

baseline scores of cognitively unimpaired individuals. 138 

 139 

The Wisconsin ADRC uses a slightly different set of neuropsychological tests compared to WRAP. 140 

To maximize the use of available data, we collaborated with neuropsychologists at the Wisconsin 141 

ADRC to create a PACC-3-Trail Making Test (TMT) score for the replication analysis. 142 

Specifically, we converted the Craft Story score into an estimated Logical Memory score using a 143 



 

 

112 

Plasma metabolites collections and quality control 

 
 
 

 8 

published crosswalk table and followed previous methodology by substituting the Digit Symbol 144 

score with the total completion time from the TMT-B test.23,27. Since the crosswalk table only 145 

provides a conversion for the Craft Story score to the Logical Memory score for the first five visits, 146 

we limited the replication analysis to data from these five visits. The final PACC-3-TMT score 147 

was calculated by standardizing and averaging the results from the AVLT, the estimated Logical 148 

Memory score, and the reversed TMT-B test scores.  149 

 150 

Plasma ptau217 assay results are from University of Wisconsin ADRC Biofluid Lab and were 151 

analyzed using the ALZpath pTau217 v2 assay on the Quanterix HD-X. Samples were collected 152 

between Aug 2011 and June 2023. 5,082 samples were analyzed using kit lot# 999008 and 309 153 

samples were analyzed using kit lot# 999024. A bridging study was performed using 35 samples 154 

to determine the relationship between lots. The Pearson correlation coefficient was 0.97 (p < 2.2e-155 

16) and linear regression was used to standardize the data from lot# 999024 to lot# 999008 (y = 156 

0.65514x + 0.02667).  157 

2.4 Plasma metabolite collections and quality control 158 

2.4.1 Collection 159 

Participants underwent venipuncture, most after fasting ≥8 hours, and provided thirty mL of blood 160 

into 3×10 mL lavender top EDTA tubes (BD 366643; Franklin Lakes, New Jersey, USA). Samples 161 

were mixed gently by inverting 10–12 times and were centrifuged 15 min at 2000 g at room 162 

temperature within 1 h of collection. Plasma samples were aliquoted into 2 mL cryovials (Wheaton 163 

Cryoelite W985863; Millville, New Jersey, USA). Aliquoted plasma was frozen at −80°C within 164 

90 min and stored until overnight shipment to Metabolon, Inc. (Durham, NC), which similarly 165 
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kept samples frozen at -80° C until analysis. Participants who fasted <8 hours prior to venipuncture 166 

were excluded (n = 298).  167 

2.4.2 Quality control 168 

Samples with missing values for more than 40% of metabolites were removed (0 plasma samples) 169 

prior to analysis. Non-xenobiotic metabolites with missing values for >75% (n=43), and xenobiotic 170 

metabolites with missing values for >99% (n=75) of all samples were removed. 171 

2.4.3 Fasting status 172 

Samples from individuals who fasted less than 8 hours prior to venipuncture, or who did not 173 

provide fasting status were removed.  174 

2.5 Genotyping, quality control, and imputation 175 

2.5.1 Genotyping array data 176 

DNA was extracted from whole blood samples and genotyped at the University of Wisconsin 177 

Biotech Center in three batches (2017, 2021, 2024) using the Illumina Multi-Ethnic Genotyping 178 

Array (MEGA).  179 

2.5.2 Processing and Quality Control 180 

Initial quality control was performed separately for each batch using PLINK v1.929. SNPs mapped 181 

to chromosome 0 were removed, followed by variants missing in >5% of samples and samples 182 

with >5% missing variants. Additional filters were applied to remove variants missing in >2% of 183 

remaining samples and samples with >2% missing variants. SNPs within the ACTG nucleotide 184 
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bases were retained, and sex discrepancies were checked using X chromosome homozygosity, 185 

removing 10 samples with inconsistent reported sex. The data were remapped from hg37 to hg38 186 

using the UCSC liftover tool29. The HRC checker tool was used to process the data before 187 

imputation, removing duplicates, mismatches, and monomorphic SNPs. Data were sorted by 188 

chromosome and saved as VCF files using BCFtools31. Imputation was done via the TOPMed 189 

Imputation Server using Eagle v2.4 and the TOPMed reference panel r331–33. After imputation, 190 

variants with a low INFO score (R2 <0.8) were removed. Data were merged and filtered for 191 

genotyping rate >98% and MAF >0.001. The final dataset consisted of 14,980,298 SNPs shared 192 

across all datasets. 193 

2.5.3 Relatedness and genetic ancestry 194 

A pruned set of the genotyped SNPs, using PLINK v1.9 --indep-pairwise 50 10 0.1, was used to 195 

estimate relatedness and genetic similarities to 1000 Genomes superpopulations35. Relationship 196 

inference was performed using KING v2.3.136 to identify related samples. The pruned SNPs, in a 197 

subset of unrelated samples, were used in a supervised learning model in ADMIXTURE v1.3.0, 198 

using the default maximum likdelihood estimation, to determin proportions of genetic similarities 199 

between the Wisconsin samples and the 1000 Genomes defined superpopulations (AFR, AMR, 200 

EAS, EUR, SAS). Then the subset of related samples was projected onto the resulting population 201 

structure output from ADMIXTURE37.  202 

2.5.4 APOE score 203 

The APOE score is a weighted risk score for the effect of the six APOE genotypes on AD 204 

neuropathology. It is calculated using the natural log (ln) of the odds ratios (OR) for the six 205 
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different APOE genotypes, based on a study of AD neuropathology39. The APOE genotypes 206 

considered are ε2ε2, ε2ε3, ε3ε3, ε2ε4, ε3ε4, and ε4ε4, with ε3ε3 serving as the reference group.40 207 

2.6 Gene expression imputation 208 

The recently published pre-trained database, which used GTEx whole blood data, was obtained 209 

from the PredictDB Data Repository41. Genotypes from WRAP and Wisconsin ADRC participants 210 

were used to impute whole blood gene expression levels for the participants via PrediXcan. 211 

Specifically, genetic risk scores for predicting tissue-specific gene expression levels were pre-212 

trained based on GTEx, which contains measured individual-level genetics and transcriptomics 213 

data. PrediXcan then calculates genetically predicted whole blood gene expression levels using 214 

genotypes of WRAP and Wisconsin ADRC participants, although transcriptomics data for these 215 

participants were not measured. 216 

2.7 Statistical analyses 217 

2.6.1 Sample selection 218 

Participants were selected based on the availability of plasma metabolite measurements, genotypes, 219 

outcome data, and covariates such as age, sex, years of education, and APOE score. Among 220 

multiple visits, we selected the last observation for each participant, where the outcome was 221 

measured at or within six months after the plasma metabolites. Participants were then filtered based 222 

on their European genetic ancestry admixture (>0.5). For the Wisconsin ADRC cohort, participants 223 

diagnosed with dementia were excluded.  224 
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2.7.1. Pre-selecting potential AD-risk factors 225 

A multivariate linear regression model was fitted for each biomarker (6,678 genes and 1,125 226 

plasma metabolites) and each outcome in WRAP. In each model, a biomarker and covariates such 227 

as age, gender, APOE score, and years of education (for PACC3 only).  were used as predictors to 228 

predict an outcome as follows: 229 

 230 

!"##3 = %&' + &')*'+ + "!,-	/01+' + 2'%+/	13	'*40%561) + 	&')' 231 

!"##3 = %&' + &')*'+ + "!,-	/01+' + 2'%+/	13	'*40%561) + 	7'5%81965' 232 

:5%4217 = %&' + &')*'+ + "!,-	/01+' + 	&')' 233 

:5%4217 = %&' + &')*'+ + "!,-	/01+' + 7'5%81965' 234 

 235 

Years of education were included only for PACC3, as PACC3 and years of education are correlated. 236 

For each outcome, genes and metabolites with a p-value < 0.05 were considered nominally 237 

significant biomarkers. These untargeted imputed transcriptomic and metabolomic analyses were 238 

performed to improve the computational efficiency of downstream machine learning modelling by 239 

focusing on potentially relevant associations.  240 

2.7.2. Multi-omics integration and phenotype prediction 241 

Significant biomarkers, pre-selected from untargeted imputed transcriptomics and metabolomics 242 

in WRAP, were input into the multi-omics models using COSIME20, Cooperative Multi-view 243 

Integration and Scalable Interpretable Model Explainer. COSIME integrates multi-view data 244 

leveraging deep neural network encoders and Learnable Optimal Transport techniques and 245 
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implements a mechanism for assessing feature importance within each view, as well as quantifying 246 

feature interactions by estimating Shapley values and Shapley-Taylor indices. 247 

 248 

Two models were trained for predicting PACC3 and ptau217, respectively. Hyperparameter 249 

optimization was performed using Ray Tune with Distributed Asynchronous Hyperparameter 250 

Optimization (Hyperopt). Early stopping was employed to prevent overfitting, based on 251 

performance improvements on the test data during the training phase. 5-fold cross-validation was 252 

used to evaluate the prediction performance of the best model for each fold. The best model was 253 

chosen based on the minimum prediction loss. 254 

 255 

The prediction performance of the models was assessed using NRMSE to compare different scales 256 

of prediction. The NRMSE standardizes the error by normalizing it with respect to the interquartile 257 

range (IQR) of the observed data. The equation for NRMSE using IQR is given by: 258 

 259 

;<=>- =
?1
)∑ (2! − 2C!)2"

!#1

EF<(2)  260 

 261 

Where 2!  represents the actual values, 2C!  denotes the predicted values, and ) is the number of 262 

participants. The term EF<(2) refers to the interquartile range of actual values, which is calculated 263 

as F3 − F1, where F3 and F1are the third and first quartiles of the actual values, respectively. 264 
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2.7.3 Computing biomarker importance and interaction 265 

Individual biomarker importance and interactions within each omics data type and across-omics 266 

data types in WRAP were computed using a trained model based on 75% of the samples and 267 

holdout data including the remaining 25% of the samples for each outcome. These calculations 268 

were conducted using COSIME. 269 

3 RESULTS 270 

3.1. Descriptive statistics for the participants 271 

This study included 1,046 participants from the WRAP cohort for both outcomes: the PACC3 and 272 

ptau217, for the main analysis. Additionally, 85 participants for PACC3 and 89 participants for 273 

ptau217 were included from the Wisconsin ADRC cohort for independent validation. The 274 

demographic characteristics of individuals across cohorts and outcomes are described in TABLE 275 

1.  276 

 277 

TABLE 1. Demographic of participants in two cohorts. 278 

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) 

Females 
716 

(68.5%) 

716 

(68.5%) 

50 

(58.8%) 

54 

(60.7%) 
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Males 
330 

(31.5%) 

330 

(31.5%) 

35 

(41.2%) 

35 

(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  

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

 279 

3.2 Untargeted imputed transcriptomics and metabolomics 280 

Out of 6,678 genes with imputed whole blood expression levels, 359 were significant for PACC3 281 

and 348 for ptau217. Among 1,125 measured plasma metabolites, 150 were significant for PACC3 282 

and 301 for ptau217 (FIGURE 2). These genes and metabolites were included in downstream 283 

machine learning modelling using COSIME. 284 

 285 
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 286 

FIGURE 2 287 

Volcano plots summarizing results of untargeted imputed transcriptomic and metabolomic analyses. P-values (y-axis) 288 

and magnitudes of associations (x-axis) for a untargeted imputed transcriptomics predicting PACC3, b untargeted 289 

metabolomics predicting PACC3, c untargeted imputed transcriptomics predicting ptau217, and d untargeted 290 

metabolomics predicting ptau217. 291 

3.3 AD phenotype prediction 292 

For the main analysis, the prediction performance of each model was evaluated five times (using 293 

5-fold cross-validation) on holdout test data from the WRAP cohort. As an independent validation, 294 
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the trained COSIME models for the outcomes were used to assess their prediction performance on 295 

the Wisconsin ADRC cohort. As a result, the NRMSE was 0.654 ± 0.004 for predicting PACC3 296 

and 1.361 ± 0.046 for predicting ptau217 in the WRAP cohort (TABLE 2). The NRMSE was 297 

1.095 for predicting PACC3 and 1.795 for predicting ptau217 in the Wisconsin ADRC cohort 298 

(TABLE 2).  299 

 300 

TABLE 2. Normalized Root Mean Squared Error (NRMSE) for each cohort and their outcomes.  301 

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. 302 

3.4 Biomarker importance and interactions 303 

FIGURE 3a displays the top 20 genes ranked by their absolute biomarker importance values for 304 

predicting PACC3, while FIGURE 3b shows the top 20 metabolites with the highest biomarker 305 

importance values for predicting PACC3. Biomarkers with positive values for PACC3 may be 306 

down-regulated in AD or dementia-related pathways, whereas those with negative values may be 307 

up-regulated. FIGURE 3c presents the top 20 genes based on absolute biomarker importance 308 

values for predicting ptau217, and FIGURE 3d shows the top 20 metabolites for ptau217 309 

prediction. For ptau217, biomarkers with positive values may be up-regulated in AD or dementia-310 

related pathways, and those with negative values may be down-regulated. Several genes known to 311 

down-regulate cognitive function (e.g., HOXA4 and LRFN4) and others associated with the up-312 

regulation of ptau217 (e.g., ACAD9 and GPAT3) were highly ranked based on our biomarker 313 
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importance scores. Several metabolites that down-regulate cognitive function (e.g., sphingomyelin 314 

(d17:2/16:0, d18:2/15:0) and N-carbamoylvaline) and those that up-regulate ptau217 (e.g., S-315 

adenosylhomocysteine and propionylcarnitine (C3)) were also identified as highly ranked. 316 

 317 

For PACC3 (FIGURE 3a), HOXA4 and LRFN4 are downregulated, while ACAD9 and GPTA3 318 

were upregulated. In terms of metabolites (FIGURE 3b), sphingomyelin (d17:2/16:0, d18:2/15:0) 319 

and N-carbamoylvaline were downregulated, whereas S-adenosylhomocysteine and 320 

propionylcarnitine (C3) were upregulated. For ptau217 (FIGURE 3c), LIPN and ARL11 were 321 

upregulated, while CLEC4A and PDE1B were downregulated. Lastly, for metabolites (FIGURE 322 

3d), margoylcarnitine and N−acetyl−2−aminooctanoate were upregulated, while 323 

Undecenoylcarnitine (C11:1) and 2'-O-methyluridine were downregulated. 324 

 325 

 326 

a b

c d
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FIGURE 3 327 

Biomarker importance values for PACC3 and ptau217. a Gene importance values for PACC3. b Metabolite 328 

importance values for PACC3. c  Gene importance values for ptau217. d Metabolite importance values for ptau217. 329 

 330 

The top 50 metabolite-metabolite pairs ranked by their absolute biomarker interaction values for 331 

predicting PACC3 are displayed in FIGURE 4a and the top 50 metabolite-metabolite pairs ranked 332 

by their absolute biomarker interaction values for predicting ptau217 are displayed in FIGURE 333 

4b. Several pairs were notable, such as the potential antagonistic interaction between 334 

decadienedioic acid (C10:2−DC)** and tetradecadienoate (14:2) for PACC3 and the potential 335 

synergistic interaction between sphingomyelin (d18:2/16:0, d18:1/16:1) and choline for ptau217. 336 

 337 

 338 

FIGURE 4 339 

Metabolite pairwise interaction values for PACC3 and ptau217. a Metabolite pairwise interaction values for PACC3. 340 

b  Metabolite pairwise interaction values for ptau217. 341 
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4 DISCUSSION 342 

In this study, we aimed to predict two critical AD-related phenotypes—PACC3 and plasma 343 

ptau217—using multi-omics data, including imputed transcriptomics and metabolomics, 344 

combined with COSIME, a novel machine learning approach, for the WRAP cohort. We then 345 

assessed the individual biomarker importance and explored their pairwise interactions within the 346 

WRAP cohort. To validate the prediction performance of the trained models, we conducted 347 

independent validation by applying the same models to predict outcomes in the Wisconsin ADRC 348 

cohort. The analyses of biomarker importance and pairwise interactions provide valuable insights 349 

into potential AD risk factors and highlights key molecular features associated with disease 350 

progression. 351 

Genes supporting neuronal growth and synaptic signaling are disrupted in AD. HOXA4, a key 352 

player in early brain development and neuronal differentiation, may be downregulated in AD, 353 

potentially impairing neuronal growth and connectivity40. Similarly, LRFN4, which supports 354 

synaptic communication, may also be reduced, leading to synaptic dysfunction—a core feature of 355 

AD41. PDE1B, important for cyclic nucleotide signaling and memory formation, could also be 356 

downregulated, disrupting synaptic plasticity and contributing further to cognitive deficits42. These 357 

downregulations are associated with lower PACC3 scores, while the absence of corresponding 358 

upregulation limits any compensatory effect linked to ptau217. 359 

Disruptions in lipid metabolism impact membrane structure and function in AD. GPAT3 supports 360 

lipid metabolism essential for maintaining cellular membranes and neuronal function43. In AD, 361 

dysregulation in lipid homeostasis may compromise these processes. LIPN, another lipid 362 

metabolism gene, might be upregulated in response to tau pathology, possibly acting as a 363 
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compensatory mechanism to preserve membrane integrity44. Sphingomyelins, such as 364 

sphingomyelin (d17:2/16:0, d18:2/15:0), are critical for membrane structure and signaling, and 365 

their downregulation in AD reflects impaired lipid processing45. Tetradecadienoate (14:2), which 366 

helps maintain membrane fluidity, may also be downregulated, further destabilizing membranes 367 

and exacerbating neurodegeneration46. The observed downregulations correspond with reduced 368 

PACC3 scores, while LIPN upregulation may indicate a ptau217-related compensatory stress 369 

response. 370 

Mitochondrial dysfunction and impaired energy metabolism are consistent hallmarks of AD. 371 

ACAD9 plays a central role in mitochondrial fatty acid metabolism, and its function is critical for 372 

sustaining neuronal energy needs47. Carnitines like propionylcarnitine (C3) and 373 

margaroylcarnitine (C17) facilitate fatty acid transport into mitochondria48. While C3 may be 374 

downregulated in AD, C17 could be upregulated in an attempt to support mitochondrial energy 375 

production. Similarly, undecenoylcarnitine (C11:1) may be reduced, indicating disrupted fatty acid 376 

metabolism and diminished neuronal energy capacity49. These mitochondrial expression patterns 377 

show that downregulations are associated with poorer PACC3 performance, whereas upregulated 378 

components such as C17 may be linked to ptau217 elevation. 379 

Altered amino acid metabolism may reflect compensatory responses or metabolic breakdown. N-380 

carbamoylvaline, involved in amino acid metabolism, could be downregulated in AD, reflecting 381 

general metabolic dysfunction50. In contrast, N-acetyl-2-aminooctanoate may be upregulated, 382 

potentially as an adaptive response to the altered metabolic environment in AD-affected neurons50. 383 

These changes suggest that amino acid metabolite downregulation is tied to reduced PACC3, while 384 

upregulation is related to increased ptau217 expression. 385 
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Epigenetic and RNA-processing disruptions contribute to AD pathology. S-adenosylhomocysteine 386 

(SAH), a key component in the methylation cycle, may be reduced in AD, suggesting impaired 387 

gene regulation and DNA repair capacity51. Similarly, 2'-O-methyluridine, a modified nucleoside 388 

involved in RNA metabolism, could be downregulated, pointing to stress in RNA processing and 389 

contributing to cognitive impairment52. These RNA and epigenetic disruptions are associated with 390 

decreased PACC3 scores, while the lack of compensatory upregulation suggests a minimal 391 

ptau217-related counter-response. 392 

Immune system alterations may limit the brain’s ability to respond to AD pathology. CLEC4A, 393 

involved in immune signaling and microglial function, may be downregulated in AD, which could 394 

impair the clearance of toxic proteins like tau53. On the other hand, ARL11, associated with cellular 395 

trafficking and signaling, might be upregulated in response to cellular stress from tau accumulation, 396 

reflecting a potential coping mechanism within the neuron54. These immune-related changes link 397 

CLEC4A downregulation to diminished PACC3 and ARL11 upregulation to heightened ptau217 398 

levels. 399 

Metabolite interactions can amplify membrane instability and cognitive dysfunction. 400 

decadienedioic acid (C10:2−DC)**55 and tetradecadienoate (14:2)46 may interact antagonistically; 401 

their joint downregulation could destabilize both the structure and fluidity of membranes, 402 

accelerating neurodegeneration. In contrast, sphingomyelin (d18:2/16:0, d18:1/16:1)56 and 403 

choline57 might interact synergistically in the context of elevated ptau217, with disruptions in both 404 

potentially impairing acetylcholine synthesis and amplifying cognitive decline. Together, these 405 

metabolite changes show that downregulation contributes to lower PACC3 scores, while 406 

upregulated or synergistically altered molecules correlate with elevated ptau217. 407 
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 408 

While this study provides valuable insights into potential biomarkers and their interactions in AD, 409 

several limitations must be considered. First, the gene expression levels in this study were imputed 410 

based on genotypes rather than directly measured. The accuracy of the imputation depends on how 411 

precise the pre-trained models could capture true gene expression patterns, which vary strongly 412 

across genes and tissues. Therefore, although this approach enabled a more comprehensive 413 

analysis when measured transcriptomics data are unavailable, we acknowledge that it may 414 

introduce errors. Future studies could further improve accuracy by integrating more diverse 415 

reference datasets and refining the imputation models. Second, the use of the Wisconsin ADRC 416 

cohort as an independent validation set for the trained models may not provide a robust assessment 417 

of predictive performance due to its relatively small sample size. Utilizing larger independent 418 

cohorts with characteristics similar to WRAP and Wisconsin ADRC for validation would help 419 

improve the robustness of the models' predictive performance. To further deepen our 420 

understanding of AD, integrating a wider array of biomarkers—such as those from proteomics—421 

would provide a more holistic view of its pathology. Furthermore, while this study focuses on 422 

specific biomarkers and their pairwise interactions, AD is a complex and multifactorial disease. 423 

Therefore, other factors, such as environmental influences and epigenetic changes, which were not 424 

captured in this analysis, could also play critical roles in disease progression. In the future study, 425 

investigating the complex interplay between genetic, environmental, and epigenetic factors will 426 

offer valuable insights into the multifactorial nature of AD progression. 427 
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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, 
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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 PLCB1 and HPSE2—as 

key hub genes linking multiple microglia genes. PLCB1, 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 ptau217, potentially impairing 

acetylcholine synthesis and amplifying cognitive decline. These metabolite changes are associated 



 

 

136 

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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Appendix (Publication) – CHAPTER 1: CoTF-reg reveals cooperative transcription factors 
in oligodendrocyte gene regulation using single-cell multi-omics 
Abstract 

Introduction 
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CoTF-reg reveals cooperative
transcription factors in oligodendrocyte
gene regulation using single-cell
multi-omics

Check for updates

Jerome J. Choi 1,2, John Svaren 1,3,6 & Daifeng Wang 1,4,5,6

Oligodendrocytes are themyelinating cells within the central nervous system, but themechanisms 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 usingChIP-seqdata 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 myelination1,2.
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 CNS3,4. Also, Oligodendrocyte
dysfunction and myelin abnormalities have been reported in CNS
disorders2,5,6. Multidirectional interactions between neuronal and glial cells
are required for CNS function7, including interactions between oligoden-
drocytes and neurons throughmyelination8. 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)3,4. TFs often work in a
combinatorial fashion to regulate gene expression from regulatory
elements9,10. For example, some TFs such as SOX10 and OLIG2 cooperate
during the induction of genes for differentiation and myelin formation11–14.
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 functions15. 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 PsychENCODE216 andGTEx17, and emerging tools for integratingmulti-
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+18, Signac19, and scGRNom20 predict cell-type-
specific gene regulatory networks to explain potential TF-TG relationships.
However, most of these studies and tools focus on relationships between

1Waisman Center, University of Wisconsin-Madison, Madison, WI, USA. 2Department of Population Health Sciences, University of Wisconsin-Madison, Madison,
WI, USA. 3Department of Comparative Biosciences, School of Veterinary Medicine, University of Wisconsin-Madison, Madison, WI, USA. 4Department of Bios-
tatistics and Medical Informatics, University of Wisconsin-Madison, Madison, WI, USA. 5Department of Computer Sciences, University of Wisconsin-Madison,
Madison, WI, USA. 6These authors jointly supervised this work: John Svaren, Daifeng Wang. e-mail: daifeng.wang@wisc.edu
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Results 

Deep learning and single-cell multi-omics for identifying cooperative transcription factors in oligodendrocytesdentification of the co-binding transcription factors in oligodendrocyte-specific regulatory regions 

Identification of the co-binding transcription factors in oligodendrocyte-specific regulatory regions

 

individual TFs and TGs instead of TF-TF interactions and their effects on
TG expression. Consequently, due to the lack of tools, themechanistic 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
learningmodel 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-
dationusing 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-
seqdata to identify the cooperativeTFs 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 links21. 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 data22 and computed Shapley interaction
(SI)23,24 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
TFpairs. 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-
dictionperformance of ourmodels, we usedother 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
958motifs 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 andMaterials:
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-bindingTFpairs. Therewere 206TFs 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-

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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skewed, and many TFs have 76 to 172 TGs linked. The distribution of the
numberof peaks forTFs is also right skewed, and themost frequent intervals
were between75and180peaks (Fig. 2c).Thedistributionsof thenumbers 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 ofTGs and thenumber of peaks for co-bindingTFpairs andbar
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 associatedwithTF familieswithC2H2 zincfinger (ZF), bZip, and
bHLHDNA-bindingdomains (Fig. 2e). C2H2ZFproteins are a large family
and C2H2 ZF TFs (e.g., ZNF2425 and KLF9/1326) 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 processes25,27,28.

We computed Pearson correlation coefficient (r) to measure correla-
tionsbetween thenumber of co-bindingTFs and thenumberofTGsand 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.

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. c 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.
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Oligodendrocytes gene expression relationships between transcription factors and target genes 

 

In the following sections,we incorporateRNA-seqdata to explore gene
expression relationships between TFs and TGs, train deep learning models
to predict TG expression using co-bindingTFs, and computeTF 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 types22, 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 testingusing 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: KeyTFs’ formore details). ‘Oligodendrocyte-specific keyTFs’ are
oligodendrocyte differentially expressedTFs and keyTFs, ‘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
TF’s include SOX1029, SOX230,31, SOX832, MYRF33, OLIG134, OLIG235,
TCF7L236,37, ZNF2425, NKX2.238, and NKX6.239.

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,
cPairwise 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).
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Deep learning and Shapley interaction scores to measure cooperativity of co-binding transcription factors 

 

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 betweenTFs andTGs in oligodendrocyte keyTFpairs and those in
non-oligodendrocyte-specificTFpairs 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. 3c). 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 CREB1, 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 learningmodels.We trained a deep learningmodel for each of
the 445 TG. Eachmodel 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 trainedmodel and ahold-out test dataset, we computedSI scores for
TFs in eachDNN.Additionally, we determined the percentile SI score for all
co-bindingTFpairs. Then, a two-sided t-test to compare themeanvalues 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 eachkey co-bindingTFpair,
such as SOX10, MYRF, OLIG1, OLIG2, NKX6.2, and TCF7L2, and gen-
erated a heatmap for their SI scores scaled from0 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).
Wenoticed 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)40. 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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Fig. 4 | Cooperative transcription factor pairs by Shapley interaction scores.
a Deep learning architecture, b Percentile distribution of interaction scores for 577
key-transcription factor pairs and 7029 non-key transcription factor pairs, c Top

forty-eight SI interaction scores for key transcription factor pairs, and d Top forty-
eight SI interaction scores for non-key transcription factor pairs.
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Oligodendrocyte gene regulatory network analysis for cooperative TF pairs and transcription factor hierarchy 

Independent validation for cooperative TFs 

 

Oligodendrocyte gene regulatory network analysis for
cooperative TF pairs and transcription factor hierarchy
Wechose onepair of co-bindingTFwith 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, CALD1, is co-regulated by three key cooperative TF
pairs, SOX10-TCF12, RORA-OLIG2, and FOXP1-NKX6.2 and another
TG, PPP1R16B, 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,CALD1, FA2H, andCPM, in theGRNthat 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. 5c), called ‘Master regulators’, including
SOX10, SOX2, and SOX8, which are key TFs that are known to play critical
roles in oligodendrocyte differentiation30–32. 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 inmyelinating oligodendrocytes. PROX1
has been identified as being important for oligodendrocyte
differentiation41,42. 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 OPCs43.

Independent validation for cooperative TFs
eQTLmapping. As an independent assessment of the regulatory regions
we mapped oligodendrocyte eQTLs44 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 howgenetic 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 2million
significant (FDR < 0.05) eQTLs. Second,wemapped 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 oligodendrocytes45. To
visualize the preferential binding of SOX10 on a global scale, a read
density plot for SOX10 ChIP-seq reads11 was generated centered on the
previously defined OLIG2 peaks45 in oligodendrocytes (Fig. 6c). 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
oligodendrocytes46, 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 theMBP gene, whichMBP is a crucial TG in
oligodendrocytes as a key component of the myelin sheath47,48. Expres-
sion of MBP is essential for the differentiation and maturation of
oligodendrocytes49,50, and MBP maintains the structure and integrity of

Fig. 5 | Gene regulatory network and transcription factor hierarchy. a Gene
regulatory network for six key cooperative transcription factor pairs with the highest
interaction scores, b A plot of in-degree (I) vs out-degree (O) for the transcription
factors that have I and O in the gene regulatory network, and b Transcription factor

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.
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themyelin sheath51. As shown in Fig. 6e, there are at least 2 sites upstream
ofMBPwhere there is colocalization of SOX10 with NKX2.2 andOLIG2.

Boolean cooperativity of TF pairs. We applied a logic circuit to char-
acterize Boolean cooperativity of TFs using Loregic52. 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 data21 from the same cells as the scATAC-seq data in themain
analysis, we trained deep learningmodels 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 themain data and theMulti-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, ROSMAP40, and Cross-disorder53, and validated the prediction
performance of ourmodel 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-
formancewas compared to that of 206 co-bindingTFs (Fig. S7b). Themodel
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
studies54–57 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 learningmodels predicted TG expression levels using
the expression levels of co-binding TF pairs, and we computed TF SI scores
to define highly interacting co-bindingTFpairs 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 andmeasuring
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 SI
scores, suggesting that theynot only regulateTGexpression individually but
also cooperatively.We identified several highly cooperativeTFpairs, such as
SOX10 and OLIG212,58, which are already known. Additionally, we

Fig. 6 | Independent validation using eQTLs andChiP-seq data. a eQTLmapping
onto oligodendrocytes regulatory regions, bChIP-seq peak for cooperative TF pairs
that co-regulate MBP. The ChIPseq profile is for SOX10, and solid blocks indicate
called peaks for the specified transcription factors. c Gene ontology enrichment

analysis of target genes associated with oligodendrocyte eQTL’s, and d,eHeatmaps
show distribution of SOX10 ChIP-seq reads centered on the previously defined
OLIG2 and NKX2.2 sites.
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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 onTGexpression levels. Second, the coTF-
reg pipeline can be used by general userswith 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’TFpairs asTFpairs significantly co-enriched across regulatory
regions, exhibiting high SI scores in termsof expressionwhenpredictingTG
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
expression59,60. However, our current tool is limited to analyzing inter-
actions between two co-binding TFs. In future research, developing or
applyingmore 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 themotif database.While both SOX10 andMYRF 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 TFmotifs relies on disparatemethods, 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 rules61–65. 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 links21 is inputted
into the coTF-reg pipeline. Second, transcription factor binding sites
(TFBSs) 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-seqdata22 aremeasured by computing Shapley interaction (SI)23,24

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 frequencymatrices (PFMs) for the 949motifs in JASPAR2022
database66 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,motifmatchr67.

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.
c) Co-enrichment analysis:Co-occurrenceanalysiswas conducted tofind

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.

d) Gene regulatorynetworks (GRNs)were constructed forTG-co-TFpair-
peak links and matched TGs and co-TF pairs to the scRNA-seq data.

e) 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 Seurat68 and
selected TGs that are oligodendrocyte specific in the GRNs.

g) Peaks were annotated as promoters or enhancers using annotatr69.

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 andmeasure interaction effects between co-binding TFs
on the expression levels of TGs using Shapley interaction (SI) scores.

a) Metacells for the cells in scRNA-seqdatawereprojectedusing aPython
package,metacells70.

b) Expression levels of TFs that have co-binding TFs and TGs were
used to construct deep learningmodels for eachTGusing PyTorch71 in
Python.

c) SI scores 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.

e) Coefficients of variation (CV)72 of the interaction scores for each co-
binding TF pair were computed and the pairs with CV values higher
than 0.5 were removed.

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.

c) TGs co-regulated by cooperative TF pairs were selected.
d) A network plot was generated using Cytoscape73.
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Step 5: TF hierarchy analysis. TFs that can be TGs were chosen, and we
implemented hierarchy analysis74 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 data44 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.

ChIP-seq enrichment analysis
We performed the LiftOver analysis to convert genome coordinates for rat
to human hg38 assembly using UCSC Genome Browser75.

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-enrichedbinding sites for cooperative keyTFpairs in rat oligodendrocyte
ChIP-seq data. Heatmaps were created via EAseq76. 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 Loregic52. 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 BoolNet77. 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
Modelprediction validation. To verify the performance of deep learning
model architectures, we trained a deep learning model for predicting a
TG,MBP using another data40. The trainedmodel 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 data21 from the same cells as the
scATAC-seq data in themain analysis, we trained deep learningmodels 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-AD22 holdout data.
We also include three more publicly available scRNA-seq datasets: Multi-
omics21, ROSMAP40, and Cross-disorder53, and validate the prediction
performance of ourmodel for each TG.Here, TGs were predicted using the
trainedmodels and the entire datasets.Normalized rootmean 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
theirTGs.Anotherdatasetwith 206 randomTFs that areneither co-binding
nor cooperativewas generated to evaluate thepredictionperformanceof our
models.Weusedour trainedmodels topredict holdoutdata for randomTFs
and compared their prediction performance to that of 206 co-binding TFs.

Single-cell ATAC-seq data
Chromatin accessibility data21was used for themain 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)22. 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 toAlzheimer’s
disease pathology’40. 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
CELLxGENE 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)22. There were 1,395,601 cells across 18 sub-
cell types. A total of 18,431 hg38 protein-coding genes, obtained via
BioMart78, were selected from 36,517 genes. We normalized the data to a
depthof 10,000 and log1 transformed it using Scanpy79 in Python. Then, the
highly variable genes (HVGs) were identified using dispersion-based
methods80 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 thedata,we ranprincipal component analysi andused 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)81.

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 knownasmajor cell types amongglia 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 frequencymatrices (PFMs) for the 949motifs in JASPAR2022were
used to infer TF binding sites.We added PFMs forMYRF, SP7, andOLIG2
that are one of the key TFs from another study82, Mus musculus in
JASPAR202266, and HOCOMOCO v1283, 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
Weused ahypergeometric test to assesswhether a number of overlaps in the
binding sites for twoTFs 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

Pr X ≥ kjn;N;mð Þ ¼
Xminðn:mÞ

x¼k

m

x

! "
N $m

n$ x

! "

N

n

! " ð1Þ

whereN is the total numberof transcriptionbinding sites for allTFs,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.

Key transcription factors
We defined ten key TFs that are oligodendrocyte marker genes based on
mouse loss-of-function studies that have shown that specificTF’s are critical
for oligodendrocyte differentiation. This includes SOX1029, SOX230,31,
SOX832, MYRF33, OLIG134, OLIG235, TCF7L236,37, ZNF2425, NKX2.238, and
NKX6.239 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 theDNNmodels.ADNNfor eachTGwasbuilt to predict aTG
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 andvalidated the best trainedmodel 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 andwe set the batch size to 32. Adam
with a learning rate 0.001 was used for training themodels. The structure of
our neural network model can be written as

Zi ¼ f Wi % X þ bi
# $

ð2Þ

where X denotes the input data and f represents the activation function,
specifically the LeakyReLU function. TF expression levels serve as the input
data,whileZi represents the outputof the ith hidden layer.Thefinal outputof
themodel is the predictedTGexpression level, andWi and bi are theweight
matrix and bias vector for the ith 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 true labels in our regression task.Mathematically,we can express the
MSE as follows:

MSE ¼
1
N

XN

i¼1

ðZi $ Ytruei
Þ2; ð3Þ

where Zi represents the predicted output for the ith sample, and Ytruei
denotes the true label corresponding to the ith sample.

Shapley interaction scores
We denote the set of all TFs by F, a feature i∈F, and a feature set S⊆F. We
define the interaction effect between TF i and j, with feature set S, of a neural
network f at a data point Xk to be

δ f
ij ¼ f ðXk; S∪ fi; jgÞÞ $ f ðXk; S∪ figÞÞ $ f ðXk; S∪ f jgÞÞ þ f ðXk; SÞ;

ð4Þ

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

f Xk; S
# $

' f XK;S;CFnS

% &
ð5Þ

The baseline is set as the empirical mean of each feature. The Shapley
interaction score SIfijðXkÞ is the expectation of δfijðXk; SÞ,

SIfijðXkÞ ¼ Ep Sð Þ δ f
ij Xk; S
# $h i

; ð6Þ

over a uniformly random chosen feature set S from F. We use Monte-
Carlo procedure84 to approximate SIfijðXkÞ 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 SIfijðXkÞ

'''
''' of w.r.t. the

empirical data distribution pðXÞ, such that

SIfij ¼ Ep Xð Þ SIfij Xð Þ
'''

'''
h i

ð7Þ

For our deep ensemble of deep learning models, we utilize a posterior
distribution of functions qð f Þ induced by the ensemble distribution of the
weights qðwÞ, 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 qðwÞ. This posterior captures the uncertainty in the
model parameters, providing a more comprehensive understanding of the
model’s behavior.

The function qð f Þ represents the expected output of the model across
this ensemble of weights. To compute the interaction score, we take the
expectationof the interaction scoreSIij with respect toqðf Þ. This is estimated
by averaging Nf samples drawn from the ensemble:

SIij ¼ Eq fð Þ SIfij
h i

$
1
Nf

XNf

k¼1

SIf kij : ð8Þ

Wecompute Shapley interaction scores23,24 for the co-bindingTFpairs,
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 themean. The CV represents the ratio of
the standard deviation to themean, and it is a useful statistic for comparing
the degree of variation fromone data series to another, even if themeans are
drastically different from one another. The CV is defined as the ratio of
standard deviation to the mean as follows:

CV ¼
σ
μ ð9Þ

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 h is calculated as

h ¼
O% I
Oþ I

ð10Þ

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 Scanpy79 (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 onGitHub (https://github.com/daifengwanglab/
coTF-reg). For the main analyses, scATAC-seq data were obtained from
Supplementary Materials of the Multi-omics study21 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/
c53573b2-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 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. 
 
 

 
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. c ZNF24. d NKX2.2. e 
SP7. 
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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’). c 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. 
 

 
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. 
 
 

 
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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