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Abstract

Schizophrenia is a complex mental disorder that has been extensively studied from various
perspectives, emphasizing the complexity of factors influencing psychotic disorders. The
unraveling of molecular genetics unshadowed a new epoch in the understanding of
schizophrenia, redefining it as not only a neuropsychiatric abnormality but an complex
disorder with a significant genetic underpinning. In addition, the nature of schizophrenia
comorbidity covered a wide range of different conditions, of which the complexity involved
emergent syndromes such as type 2 diabetes, cardiovascular disease, and bipolar disorders. In
order to better understand the comorbidity of illness, it is important to explore various factors,

including genetic variants, molecular profiles, and systematic biological networks.

The rapid development of high-throughput screening techniques has given rise to large-scale
biomedical data, which offers the potential to characterize complex biological structures. One
of the main challenges is to discover the molecular pattern from high-dimensional data.
Secondly, the complexity of biomedical data introduced was compounded by effects of
interest as well as different confounders, coming from the heterogeneity of the data itself,
which required us to disentangle factors from various sources from the complex variance.
And thirdly, multiple layers across various modalities to be analyzed simultaneously became
feasible, resulting in the increased application of multi-modal integrative learning that utilizes
multidimensional information simultaneously to improve understanding of biological

systems.

To address this, factor-based techniques as one of the fundamental approaches in machine
learning and data analysis, offer a chance to handle complex datasets to unveil hidden
biological data structures. The landscape of factor-based techniques has evolved significantly
for diverse datasets and applications, while the versatility of factor-based methods extends far
beyond their original usage to current molecular data analysis. Therefore, in the thesis, we
would further expand the landscape of the factor-based model and describe the development
of our three different factor-based approaches applied in schizophrenia and psychotic disorder
research. In Chapter 2, the development of a hierarchical factorization computation

framework for signature-based disease comorbidity modeling for schizophrenia and type 2



diabetes was described. In Chapter 3, the deployment of a federated factorization approach
was demonstrated, which projected the standard integrative factorization to a federated
version based on the DataShield platform, thereby facilitating cross-modal and
cross-institutional learning. In Chapter 4, a novel application based on the extended
biological-informed interpretable factorized variational autoencoder was introduced for
predicting genotype-to-function association in schizophrenia individuals, enabling the
separation of the variance of diagnosis from the complex effects by controlling confounding
factors as well as the prediction of biological processes with genetic variants. In the end, the
prospects and outlook will be discussed in Chapter 5 regarding the further extension of the

factor-based techniques and the research gap in schizophrenia and psychotic disorders.



Zusammenfassung

Schizophrenie ist eine komplexe psychische Stérung, die aus verschiedenen Blickwinkeln
eingehend untersucht wurde, wobei die Komplexitit der Faktoren, die psychotische Stérungen
beeinflussen, im Vordergrund stand. Die Entschliisselung der Molekulargenetik leitete eine
neue Epoche im Verstidndnis der Schizophrenie ein und definierte sie nicht nur als eine
neuropsychiatrische Anomalie, sondern als eine komplexe Storung mit einer bedeutenden
genetischen Grundlage. Dartiber hinaus umfasste die Art der Komorbiditét der Schizophrenie
ein breites Spektrum verschiedener Erkrankungen, zu deren Komplexitét auch neu auftretende
Syndrome wie Typ-2-Diabetes, Herz-Kreislauf-Erkrankungen und bipolare Stérungen
gehoren. Um die Komorbiditdt von Krankheiten besser zu verstehen, ist es wichtig,
verschiedene Faktoren zu untersuchen, darunter genetische Varianten, molekulare Profile und

systematische biologische Netzwerke.

Die rasche Entwicklung von Hochdurchsatz-Screening-Techniken hat zu einer groBen Menge
biomedizinischer Daten gefiihrt, die das Potenzial zur Charakterisierung komplexer
biologischer Strukturen bieten. Eine der groBten Herausforderungen besteht darin, die
molekularen Muster aus den hochdimensionalen Daten zu entdecken. Zweitens wurde die
Komplexitidt der biomedizinischen Daten durch interessierende Effekte und verschiedene
Storfaktoren, die sich aus der Heterogenitit der Daten selbst ergeben, verstirkt, so dass wir
Faktoren aus verschiedenen Quellen aus der komplexen Varianz herauslésen mussten. Und
drittens wurden mehrere gleichzeitig zu analysierende Ebenen iiber verschiedene Modalitdten
hinweg moglich, was zu einer verstirkten Anwendung des multimodalen integrativen Lernens
fiihrte, das multidimensionale Informationen gleichzeitig nutzt, um das Verstindnis

biologischer Systeme zu verbessern.

In diesem Zusammenhang bieten faktorbasierte Verfahren als einer der grundlegenden
Ansdtze des maschinellen Lernens und der Datenanalyse die Moglichkeit, komplexe
Datensitze zu verarbeiten, um verborgene biologische Datenstrukturen zu enthiillen. Die
Landschaft der faktorbasierten Techniken hat sich fiir verschiedene Datensdtze und
Anwendungen erheblich weiterentwickelt, wobei die Vielseitigkeit der faktorbasierten

Methoden weit iiber ihre urspriingliche Verwendung fiir die aktuelle molekulare Datenanalyse



hinausgeht. Daher werden wir in dieser Arbeit die Landschaft der faktorbasierten Modelle
weiter ausbauen und die Entwicklung unserer drei verschiedenen faktorbasierten Ansétze
beschreiben, die in der Forschung zu Schizophrenie und psychotischen Stérungen eingesetzt
werden. In Kapitel 2  wurde die  Entwicklung eines  hierarchischen
Faktorisierungsberechnungsrahmens fiir die signaturbasierte
Krankheits-Komorbiditidtsmodellierung fiir Schizophrenie und Typ-2-Diabetes beschrieben. In
Kapitel 3 wurde der Einsatz eines foderierten Faktorisierungsansatzes demonstriert, der die
standardmidfige integrative Faktorisierung auf eine foderierte Version auf Basis der
DataShield-Plattform projiziert und dadurch modal- und institutionsiibergreifendes Lernen
erleichtert. In Kapitel 4 wurde eine neuartige Anwendung auf der Basis des erweiterten
biologisch-informierten  interpretierbaren  faktorisierten  Variations-Auto-Coders  zur
Vorhersage von Genotyp-Funktions-Assoziationen bei Schizophrenie-Personen vorgestellt,
die die Trennung der Varianz der Diagnose von den komplexen Effekten durch die Kontrolle
von Storfaktoren sowie die Vorhersage von biologischen Prozessen mit genetischen Varianten
ermdglicht. AbschlieBend werden in Kapitel 5 die Aussichten und der Ausblick im Hinblick
auf den weiteren Ausbau der faktorbasierten Techniken und die Forschungsliicke bei

Schizophrenie und psychotischen Stérungen diskutiert.
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Chapter 1

Introduction

1.1 General concepts in psychiatry

1.1.1 Neurobiology of the nervous system

Psychiatry is a medical specialty field that focuses on researching, understanding, diagnosing,
and treating diseases of the brain and dysfunctional mental conditions related to cognition,
behavior, and emotion [1]. Biological psychiatry is one of the subspecialties of psychiatry
with aims to explore the biological function of the nervous system while the study subject
covers the biological basis of psychotics at different levels, including molecular, genetics,
epigenetic, anatomy, and physiology in the fundamental research as well as diagnosis,
intervention, drugs, and adverse effects from the clinical aspect (Figure 1.1) [2]. To actually
understand how the underlying biological basis works, one important component to be
specifically investigated that is closely involved in this topic is the nervous system. The
human nervous system is composed of sub-system including the central nervous system and
the peripheral nervous system, where the brain and spinal cord form the central nervous
system, while the peripheral nervous system encompasses the rest of the nervous system [3].
Within these nervous systems, neurons and synapses are the two essential basic units of our
brain [3]. Neuron or nerve cell is a type of electrically responsive cell to enable the electric
signal (action potentials) run across the nervous system, while synapse is one of the most
basic structures that allow the neuron to pass an electrical or chemical signal to another
neuron (or to the effector cell). This cooperation between neurons and synapses constitutes
the operation and activity of the nervous system, such as passing information and further
processing information in our brain. There are two major types of synapses: electrical and
chemical, of which the majority of synapses are chemical [3]. Chemical synapses utilize
neurotransmitters, which are chemical substances released at the end of a neuron when the

neuron receives an electrical impulse, to transfer signal and information across cell
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membranes. Various types of neurotransmitters exist in the nervous system, specifically,
several of them associated with psychosis that we are going to further investigate in the
following Chapters of this thesis, including glutamate, Gamma-aminobutyric acid (GABA),
dopamine, serotonin [4]. For instance, glutamate is an excitatory neurotransmitter that exerts
its effects by binding the receptors and activating cascading effects involving multiple
downstream biological functions such as regulating mitochondrial activities, changing levels
of nitric oxide (NO) concentration, balancing oxygen reactive species (ROS), mediating
transcription factors (TF) and further influencing specific gene expression. It has been
observed that the changed levels of glutamate are associated with psychosis symptoms
including schizophrenia which is also the disease subject to be discussed later [5]. In contrast
with glutamate, gamma-aminobutyric acid (GABA) is the inhibitory neurotransmitter that
reduces the excitability in the nervous system activities including stress, fear, clam and other
feelings by controlling the chemical substances (mainly chloride) flow across the cell
membrane [6]. Besides the central nervous system, GABA also exists and plays different roles
such as mediating insulin signalling in insulin-producing beta cells (B-cells) of pancreas and
regulating inflammatory responses in immune cells of multiple tissues [7,8]. Another
important substance is dopamine that can have either excitatory or inhibitory in diverse brain
functions by binding to different receptors (e.g. D1 to D5 dopamine receptors), and it
activates downstream effects on learning, emotion, reward functions [9]. Dopamine also
responds actively in other systems such as the immune, pancreas and kidneys [10—12]. It is
also associated with several mental health conditions and has been frequently studied as the
target of psychotropic medications in psychiatry [13]. Furthermore, serotonin plays multiple
roles in multiple neuropsychological processes such as cognition, mood regulation [14]. It
also participates in a wide range of activities and mechanisms including cardiovascular
function, vascular system development, etc [15,16]. Numerous evidences believe that the
nervous system has dysfunctions of these neurotransmitters, thereby resulting in changes in
pathophysiology of psychosis regarding brain functions and further behavior, emotion,
memory, cognition and so on [17]. However, the underlying facts of this abnormality have not
been fully understood so far, the factors that contribute to these fluctuations could be complex

and involve multiple underlying mechanisms.
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1.1.2 Molecular genetics, genomics and transcriptomics

Molecular genetics is a merging field of biology that applies approaches from molecular
biology and biotechnology to investigate the structure and function of genes, including
aspects of genomic heritability, gene expression, gene regulation, and the molecular
mechanism related to the biological processes [18]. Typically, molecular genetics aims to
study the difference of gene patterns and activities associated with different phenotypes (e.g.
patients with specific disease and healthy individuals, etc.), and these gene patterns can be in
various forms such as mutations in a gene, or expression of a gene. Influenced by the Central
Dogma from DNA, transcribed RNA, to translated proteins, molecular genetics gave rise to
the specific fields including genomics, transcriptomics and proteomics, which aim to address
the problems in genome, transcriptome and proteome, respectively (Figure 1.1) [19]. In this
thesis, genomics and transcriptomics will be our main application fields, and be demonstrated

in different following Chapters.

Genomics is an integrated field to provide comprehensive insight on genomes, with the
purpose to characterize and quantify all the genes in an organism collectively [20]. One of the
major applications is to implement large-scale comparison of the genome in populations and
to investigate the relationship between the genetic variation and phenotypes (or traits), namely
population genomics. Genetic variation can be expressed at different levels, of which
single-nucleotide polymorphism (SNPs) is frequently used to describe the changes of a single
nucleotide (a single DNA building block) at a location in the genome [21,22]. For instance, a
SNP may substitute the nucleotide adenine (A) with the guanine (G) in a specific position of
the genome. In general, the percentage of SNPs in a genome is 0.1%, and SNPs can be
properly identified in at least 1% of the population [22]. Previous studies have observed that
SNPs can be regarded as the biomarkers due to their association with traits such as disease
condition and the relatively large effects on the diseases in particular psychosis. And for the
SNPs that are located inside a gene region, they were found to have a more direct influence on
the abnormal conditions by affecting the gene functions. Therefore, identifying SNPs that are
associated with certain traits help predict the molecular functions, mechanisms, and biological
processes. To approach this goal, it is common to perform Genome-wide association studies
(GWAS) to determine the association and relationship between a genetic variant and a disease
[23]. For example, GWAS is often conducted on two groups of individuals, including the case

group (individuals with a specific disease) and control group (individuals who are healthy


https://paperpile.com/c/XZ34uU/Viwz5
https://paperpile.com/c/XZ34uU/NnsiL
https://paperpile.com/c/XZ34uU/YxxGS
https://paperpile.com/c/XZ34uU/RsLhA+TmW9W
https://paperpile.com/c/XZ34uU/TmW9W
https://paperpile.com/c/XZ34uU/KcUXO

control) to examine whether the frequency of the nucleotide in a certain location are
significantly altered, and to quantify the effect size (how strong the association is), odds ratio
is calculated as the ratio of the number of case individuals with a specific nucleotide and the
number of control individuals with a specific nucleotide, divided by the ratio of the number of
case without this nucleotide and the number of control without this nucleotide [24]. With the
continuous development of GWAS methods, post-GWAS analysis (pGWAS) was
implemented to move one step forward from studying the association of variants with
phenotype to extensive genome exploration, such as 1) fine-mapping identification of lead
SNPs with most significant functional influences on the phenotype; 2) calculating the
polygenic risk score (PRS) aggregating all the SNPs in an individual using effect size from
summary statistics as weights to summarize the heritable risk of a specific phenotype into a
score; and 3) predicting gene expression or biological function based on the genetic variants
and their corresponding information in summary statistics to enhance the interpretability as

well as their annotation [25].

Transcriptomics, as another important approach, are applied to understand molecular genetics
from the aspects of RNA transcripts, so-called transcriptomes, in either an individual or a
single cell [26,27]. Gene expression is measured and quantified to evaluate the extent of the
gene function as an approximation. Currently, there are two main categories of
transcriptomics techniques to study the activity of transcriptome including microarrays and
RNA-sequencing [28,29]. Both procedures include RNA isolation, extraction, enrichment and
quantification [30]. Microarrays techniques utilize the chips that are composed of
oligonucleotide probes with a pre-designed DNA sequence in the spot for matching the RNA
of interest. To measure the level of gene expression, fluorescence intensity on every single
spot of the chip will be recorded. The raw intensity information will be further preprocessed,
normalized, summarized via data analysis tools, and finally transformed to a gene expression
matrix where samples and features on rows and columns, whereas values correspond to the
gene expression level. RNA sequencing (RNA-Seq) is another technique developed on the
basis of next-generation sequencing technology. Instead of using the probes, RNA-Seq
samples the transcriptome with short length fragments (reads) and aligns the reads to
reconstruct the transcripts expression status. The reconstructed reads that have been mapped
back to the specific location of the genome or gene region, will then be quantified. It allows
the large-scale sequencing and data processing, and rapidly became more preferable in the

recent years compared to the microarray due to the increased throughput, accuracy and
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application such as sequencing on single cell level. Under the context of psychiatry,
transcriptomics provides an in-depth insight to understand the gene expression variation in
patients compared to the healthy individuals. It also contributes to molecular discovery and
mechanism study that can explain the pathology and development of psychosis [26,31].
Overall, it serves as a complement to genomics and has been implemented to gain further

understanding of the variations of transcriptome in the field of psychiatry.

Genomics

Transcriptomics

Study biological
basis of the
nervous system

Biological
psychiatry

Psychiatry

Figure 1.1 Illustration of the study fields and methods in psychiatry

1.2 Schizophrenia and psychotic disorders

1.2.1 The neurobiology of schizophrenia

Schizophrenia is a complex mental disorder that has been extensively studied from various
perspectives [32-34]. Schizophrenia and related psychotic disorders encompass a diverse
range of psychiatric conditions characterized by abnormalities in thinking and perception,
including delusions, hallucinations, disorganized speech, and cognitive impairments [35-38].
These symptoms exist on a continuum, with each individual presenting a unique constellation
of manifestations that define their place within the clinical spectrum [39]. The prevalence of

schizophrenia is approximately in the range of 0.3% to 0.7% during the course of life,
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impacting millions of individuals worldwide, signifying a substantial public health concern
[40,41] . In terms of quality of life, these disorders often have a profound impact, impairing
personal, social, and occupational functioning. The burden extends beyond the individual to
family and community networks, where the consequences of disrupted relationships and
reduced productivity are deeply felt [42—44]. The pervasive nature of psychotic disorders
results not only in an ongoing endeavor for mental healthcare to provide treatment and
support but also in extensive research efforts to understand the long-term effects on patients’

lives.

Tracing back the history of psychosis studies, the cognitive neuropsychology of schizophrenia
was explored to understand the cognitive deficits associated with the disorder [45]. Research
has been conducted to search for the causes of schizophrenia, highlighting the importance of
understanding the underlying factors contributing to the development of the disorder [45,46].
Studies have also investigated the distribution of body mass index (BMI) across schizophrenia
patients to evaluate the weight changes induced by antipsychotic treatment [47]. Late-onset
schizophrenia and very-late-onset schizophrenia-like psychosis have been subjects of interest,
with efforts to clarify their positions in relation to schizophrenia [48]. The reformulation of
the diagnosis of schizophrenia was proposed to improve the understanding of its causes and
develop more accurate diagnostic criteria [49]. Anatomical asymmetries and language
lateralization in schizophrenia have been analyzed through meta-analysis, revealing
differences in brain structures in individuals with the disorder [50]. Various models, including
psychological, social, and biological approaches, have been proposed to understand
schizophrenia comprehensively [51]. Anatomical differences between first-episode and
chronic schizophrenia have also been examined through meta-analysis, shedding light on the

structural brain changes associated with the progression of the disorder [52].

In recent years, a systematic review has been performed on the overlap between psychotic
symptoms, substance use, and adversity history, highlighting the complexity of factors
influencing psychotic disorders [53]. The composition of mental traits was explored in major
psychiatric disorders, including specific configurations for anxiety disorders, depression, and
psychotic disorders [54]. In terms of the specific pathophysiology, the receptor affinity of
lumateperone tosylate was profiled, highlighting the serotonergic, glutamatergic, and
dopaminergic pathways, as well as showing efficacy in potentially treating various symptoms

of schizophrenia in the study [55]. The antioxidant status was studied in patients with
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paranoid schizophrenia, shedding light on the potential role of oxidative stress in the disorder
[56]. A systematic review and meta-analysis were conducted on serum interleukin-6 levels in
schizophrenia, suggesting a potential role for inflammatory markers in the pathophysiology of
the disorder [57]. The shared mechanisms of neurodevelopmental and stress-related
psychiatric disorders provided insights into transdiagnostic approaches [58]. Furthermore, a
withdrawal of psychotic psychopathology for shared psychotic disorder was observed in a
case study, emphasizing the importance of specific pharmacotherapy [59]. Another finding of
altered dopaminergic state in the striatum consolidated the hyper-dopaminergic hypothesis in

schizophrenia pathophysiology [60].

Overall, these studies shed light on the complex nature of schizophrenia and psychotic
disorders, highlighting the importance of early diagnosis, appropriate treatment, and

understanding the underlying biological mechanisms contributing to these conditions.

1.2.2 Molecular genetics of schizophrenia

The studies from the aspect of molecular genetics unshadowed a new epoch in the
understanding of schizophrenia, redefining it as not only a neuropsychiatric abnormality but a

complex disorder with a significant genetic underpinning.

The very early understanding of the genetic component of schizophrenia has been focused on
in twin studies [61]. Substantial insights were provided by identifying susceptibility genes,
along with variations in genomic regions known as copy number variants (CNVs), associated
with schizophrenia, thereby suggesting an inherent predisposition within the genomic
architecture of affected individuals [62,63]. Various alterations in the nervous system was
found to contribute to the pathophysiology of the disorder, including dopaminergic,
glutamatergic, and serotonergic systems — in the emergence of schizophrenic phenotypes,
implicating multiple molecular targets for therapeutic intervention [64—66]. Later, a
comprehensive overview of the key molecular and cellular mechanisms implicated in the
pathogenesis of schizophrenia was provided [67]. Possible biomarkers as the factors that
contributed to psychosis were discussed in several studies [68,69]. Novel mechanisms, such
as hypoactivity of the glutamatergic system via NMDA receptors and abnormalities in

GABAergic interneurons of neural circuits, were discovered that had an impact on cognitive
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deficits and negative symptoms [70,71]. Disruptions in myelination and white matter
integrity, as evidenced by alterations in oligodendrocyte-related genes, further implicate the

importance of connectivity in the full manifestation of the disorder [72].

Genomic profiling was applied to reveal the risk variants associated with genes that had
different functional roles in schizophrenia patients due to the fact that genetic architecture of
schizophrenia were found to have high heritability in the population with relevant disease
traits [73]. The common variants were identified associated with specific genes by GWAS.
For example, the Schizophrenia Exome Sequencing Meta-analysis (SCHEMA) Consortium
discovered a set of genes such as glutamatergic related genes GRIN2A4 and GRIA3, guanosine
genes DNM3, guanylate associated genes MAGI2, etc. that contributed to synaptic
organization and function directly or indirectly [74—76]. The variants of GRM3 associated
with mGlu3 metabotropic glutamate receptors in schizophrenia were identified, and impaired
cognitive function was also observed [77]. In particular, risk variants related to genes enriched
in the synaptic structure and function were highlighted. For instance, synapse formation and
glycosylation of synaptic proteins were influenced by the regulation of copy number variation
of NRXN1, C4 and SLC39A48 [78]. Other functional analyses of schizophrenia demonstrated
the roles of the risk variants in multiple ways, including CACNAIG and HCN4 in ion
channels and neuronal excitability [79]; SP4 transcription factor; STAGI from the SCC3
family, KDM6B demethylase in chromatin and transcription regulation [75]; as well as
AKAPII in signaling scaffold and kinase regulation[80]. Processes related to synaptic
structure were associated with molecular variations in the neuregulins NRG/ and DISC1 [81].
To provide a comprehensive view of the population rather than specific genetic variants and
genes, Legge et al. (2021) calculated the polygenic risk scores to explain approximately 7.7%

of the variance in schizophrenia in a case and control study [82].

Other omics-specific studies such as transcriptomics and proteomics underpinned the
expression pattern and signatures in schizophrenia. Transcriptomic profiles sequenced from
cerebral organoids from schizophrenia patients were determined, with the aim of identifying
aberrant cellular pathways in schizophrenia through gene expression studies [83].
Neuroinflammation pathways were identified by utilizing transcriptomics data to identify
potential pharmacological targets for schizophrenia [84]. Similarly, RNA-sequencing was
performed to characterize the transcriptomic profiles of lymphocytes in individuals with

schizophrenia, suggesting the role of immune dysfunction in the incidence of the syndrome
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while emphasizing the understanding of the transcriptomic landscape of different cell types
and brain regions in schizophrenia [85]. Additionally, cell-type and region-of-interest-specific
transcriptomic analysis was conducted on the human habenula in schizophrenia, shedding
light on the cell-type-specific transcriptomic alterations in this brain region. These studies
highlighted the importance of transcriptomics in unraveling the molecular underpinnings of
schizophrenia, as well as how integrating transcriptomics with other omics approaches and
investigating specific brain regions and cell types are crucial for advancing our understanding
of schizophrenia at the molecular level [86]. Transcriptomics analysis for non-coding RNA
was also done in several studies. The association of long non-coding RNAs (LncRNA) with
regulatory molecular factors in the brain and their potential role in schizophrenia were further
discussed [87]. MiRNA differences related to treatment-resistant schizophrenia were
measured and used to identify a specific miRNA signature involved in the severe condition of
schizophrenia [88]. Moreover, multiple studies on biomarker discovery at the transcriptomic
and further proteomic levels were conducted. Potential biomarkers were identified for
schizophrenia diagnosis based on gene expression changes and immune cell infiltration
[87,89]. Proteomic analysis of the cerebellum in chronic schizophrenia subjects was
implemented, identifying altered protein networks and highlighting the importance of
understanding molecular changes in different brain regions [90]. Proteomic sequencing as
well as metabolic profiling were performed in chronic schizophrenia patients undergoing a
physical activity program, revealing variations in proteins linked to metabolites and further
specific biological processes [90,91]. Multi-omic measurement identified subtypes of
schizophrenia associated with dysregulated immune function, providing insights into potential

individualized therapeutics [92].

Translational studies such as pharmacogenetic research further advanced the therapeutic
investigation of schizophrenia and other psychotic disorders. Several studies have
investigated the impact of polymorphisms on treatment outcomes in patients with
schizophrenia, and comprehensive reviews were conducted on clozapine and other
antipsychotics in schizophrenia treatment and highlighted potential pharmacogenetic
biomarkers that may influence treatment response and side effects [93,94] . The associated
role of genetic polymorphisms in ABCBI, CYPIA2, and UGTIA4 in autonomic nervous
system dysfunction was explored in schizophrenia patients treated with olanzapine [95]. The
association between DRD2 and DATI gene variants and symptomatic remission in male

schizophrenic patients receiving olanzapine monotherapy was investigated [95,96].
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Furthermore, the pharmacogenetics of quetiapine, another antipsychotic used in schizophrenia
treatment, and identified genetic markers such as CYPIA2 and DRD3 that may influence its
efficacy and safety were tested [97]. The relationship between the NRGI/ mutation and
cognition and the drug response curve in schizophrenia patients prescribed risperidone was
examined [98]. Additionally, Elsheikh et al. (2022) provided an overview of the current state
of pharmacogenetics in antipsychotic treatment for schizophrenia, emphasizing the potential

of personalized medicine approaches in treatment selection [99].

Other studies involving gene-environment interactions explored the possible factors that
complicated the molecular landscape of schizophrenia, where environmental factors may
influence gene expression or trigger the manifestation of genetic risks. For instance, several
studies have explored how gene-environment interactions react in schizophrenia conditions.
One study analyzed genetic influence and associated them with environmental exposures in
schizophrenic individuals, confirming the additive gene-environment interaction [100]. It was
further observed that the polygenic risk was increased with specific phenotypes, such as
endophenotypic expression, compared to the healthy siblings as negative controls, providing
replicated evidence for the gene-environment effect [101]. Moreover, specific genes, such as
FKBPS5 from the immunophilin family, were shown to be responsive to gene-environment
interaction in a meta-analysis study [102]. Another systematic review of schizophrenia
assessed the gene-environment correlation between the polygenic risk score and childhood
adversity [103]. These studies collectively confirmed and illustrated the occurrence of the

gene-environment effect in the etiology of schizophrenia.

The landscape of schizophrenia and psychotic disorders is consistently expanding with the
advancements in different research techniques, however, accompanied by new challenges.
Current challenges in treating these disorders stem from the heterogeneous nature of their
clinical presentations and the variable responses patients have to existing pharmacotherapies.
A review of etio-pathogenetics, which is a type of studies to investigate the cause of an
abnormal condition, diagnostics, and treatment was discussed to explicate the potential for
genotyping and biomarker analysis to identify specific subtypes of psychotic disorders, which
could lead to more precise and effective interventions [104]. While such approaches are
promising, there remain significant obstacles to their widespread implementation, including
the need for robust, high-fidelity diagnostic tools and the integration of complex data sets into

clinically actionable protocols. Therefore, personalized approaches hold the potential to not
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only improve outcomes but also reduce the treatment-related burdens by targeting the unique
pathophysiological processes underlying each individual's disorder. The embracement of
individualized treatment strategies promises a new era in the management of psychotic
disorders, with the aspiration that better outcomes and improved quality of life for patients are

on the horizon.

1.2.3 Comorbidities of schizophrenia

The intersection of somatic comorbidities and their side effects associated with the occurrence
and treatment of psychotic disorders added another layer of complexity to patient
management and outcomes. Previous studies concurred, noting the bilateral relationship
where psychotic disorders might be accompanied with somatic conditions, such as other
psychosis, type 2 diabetes (T2D), cardiovascular diseases (CVD), and metabolic related
syndrome [105-108]. The frequency and impact of comorbid somatic illnesses in individuals
with psychotic disorders were later systematically evaluated, suggesting that the presence of
physical health conditions can modify the course and prognosis of psychiatric illnesses [108].
The challenges posed by comorbid conditions were multifaceted. For example, diagnosis and
treatment can be biased by the occurrence of comorbidity and the improper medication could
further lead to extra aggravation of the symptoms. Consequently, knowing the underlying
mechanism of comorbidity is vital to developing integrated treatment approaches, selecting
antipsychotic medications with consideration of their somatic risk profiles, and improving the

long-term prognosis and quality of life (QoL) for patients with coexisting symptoms.

To tackle the challenge above, one primary solution is to understand the molecular genetic
basis of the comorbidity. To examine the molecular basis between schizophrenia and various
cancer phenotypes (e.g. breast cancer, prostate cancer, etc.), signatures to segregate the
comorbidity were identified using omics data [109,110]. In addition, the intersection of
obsessive-compulsive disorder and schizophrenia has also been examined, with the
emergence of the concepts of schizo-obsessiveness, obsessive-compulsive disorder, and
schizophrenia spectrum disorders as dual diagnoses that present unique challenges in clinical
practice [111,112]. Furthermore, genetically unrelated comorbidities of schizophrenia that
may be modifiable were also observed, potentially improving the understanding of specific

patients comorbid with complex disorders [113].
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As shown above, the nature of schizophrenia comorbidity covers a wide range of different
conditions. However, the complexity of comorbidity involved not only substance use
disorders, cancers, etc. but also other emergent syndromes such as metabolic, vascular, and
neuron-related conditions. To better address the fact of the comorbid illness, it is important to
explore various factors, including genetic variants, molecular profiles, and systematic
biological networks. Therefore, in our study, we would focus on the comorbidity with type 2

diabetes (T2D), cardiovascular disease (CVD) and bipolar disorders.

Type 2 diabetes was observed to be prevalent in patients with schizophrenia, particularly
those with first-episode psychosis, as well as in patients who have been treated with
antipsychotics [114]. The importance of central nervous system insulin was discussed in the
pathogenesis of both schizophrenia and diabetes, highlighting common molecular dimensions
in glucose metabolism, cognitive functioning, inflammation, and food preferences [115].
Ca2+/cAMP signaling were also found as the link during the occurrence of comorbidity
between schizophrenia and diabetes [116]. Common patho-genetic processes involving
inflammatory response processes and membrane transport functions were identified in
peripheral blood mononuclear cells (PBMC) samples between schizophrenia and type 2
diabetes through systems biology analysis, and transcription factors such as STAT1, RELA and
ERG were observed in regulation of the 28 comorbid genes [117]. Furthermore, a
bidirectional two-sample mendelian randomization analysis was conducted to examine the
insulin  resistance in both diabetes and schizophrenia, suggesting that the
inflammation-involved mechanism plays a role in establishing the association between

cardiometabolic traits and schizophrenia conditions [118].

Cardiovascular diseases (CVD) were found to be comorbid with psychosis in recent studies
that focused on exploring the shared molecular components between the two syndromes
[119,120]. Overlaps were identified by characterizing 41 risk genes associated with neuronal
morphology and three genes related to the neurotransmitter release pathway [121]. Coronary
heart disease’s (CHD) comorbidity with schizophrenia was explored suggesting changes in
platelets and endothelial cells and further induction of hypertension as well as insulin
resistance symptoms, ultimately leading to atherosclerosis as risk factors for the co-occurred
situation [122]. Furthermore, common variants were discovered across psychiatric traits and
cardiometabolic traits that involved factors such as glycemic control and adipokines [123].

Other findings highlighted and validated the existing related processes of neurodevelopment
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and the immune system that contributed to the comorbidity between schizophrenia and

cardio-metabolic conditions [124].

Another disease, bipolar disorder, which co-occurred with schizophrenia and other mental
disorders, has been studied and well documented. For example, a high genetic correlation
within different types of psychotics in the heritability study was detected with quantitative
genetics approach [125]. Amygdala, a key brain region involved in emotional processing,
were identified to show common but also diverse functional connectivity patterns of both
schizophrenia and bipolar disorder [126]. Genomic studies further explored the genetic
underpinnings of schizophrenia and bipolar disorder, which involved cognitive impairment
[73]. One of the largest and most representative consortiums, CommonMind, provided
valuable transcriptomic and epigenomic data from postmortem brains, revealing insights into
the functional genomics of these disorders [73,127]. Additionally, white matter
microstructural alterations were observed as a common pattern in patients with schizophrenia
and bipolar disorder, particularly in the limbic system, distinguishing them from major
depressive disorder [128]. Processes involved in sleep and circadian rhythm disturbances
were also investigated in remitted schizophrenia and bipolar disorder, highlighting the
commonality of these disturbances in both conditions [129]. Finally, genetic predictors of
expression that embed the cis-effect of DDHD?2 and XPNPEP3 in the human fetal brain were
identified as associated with risk for neuropsychiatric disorders, including schizophrenia and
bipolar disorder, providing insights into the molecular mechanisms underlying these

conditions [130].

Overall, the literature on schizophrenia and other comorbidities highlights the complex
interplay between genetic and neurobiological factors in the development and manifestation
of these debilitating mental health conditions. Further research is in demand to better gain
knowledge of the underlying mechanisms and to improve treatment outcomes for individuals

affected by comorbid conditions.
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1.3 Computational challenges in biomedical data

1.3.1 High dimensionality of data

The rapid development of high-throughput sequencing techniques in the past 20 years allowed
for the generation of biomedical data in large-scale format with numerous features as well as a
large pool of samples, which offered the possibility of in silico experimentation, which is
poised to characterize complex biological processes. One of the objectives and applications
that have benefited from high-throughput screening as well as large-scale data is molecular
pattern discovery. Analysis of molecular expression patterns provides in-depth insights into
the molecular data structure and condenses the original data into biological patterns that are
difficult to understand at the original data structure. Usually, these biological patterns
condensed and characterized from the complex data are regarded as signatures or factors. The
concept of a biological signature has been explored in various medical contexts. For instance,
it was earlier discussed in the context of immunosuppressive treatment study, within which
several immune signatures were identified for autoinflammatory syndromes [131]. A
biological signature of prenatal maternal stress was identified from a panel of circulating
markers, linking psychological stress to low-grade inflammation and its impact on fetal
development [132]. Severity-specific biological signatures associated with immune signaling
networks and system mobilization were aggregated, utilizing an integrated computational
approach to differentiate contagious disease severity with proteomic data at the single-cell
level [133]. Another biological signature was identified for the inhibition of outer membrane
lipoprotein biogenesis [134]. Winter et al. (2021) discussed the variable biological signature
of refractory cytopenia of childhood in a retrospective study, showcasing the diverse nature of
biological signatures in different medical conditions [135]. These studies collectively
emphasized the significance of biological signatures in understanding disease mechanisms

and treatment responses, while illustrating the rapid evolution in this field.

However, one major challenge in the signature discovery process is how to handle the
high-dimensionality of the data due to several challenges. For instance, high-dimensional
spaces might not be sufficient to break down completely when the dimensionality becomes
very high using some of the traditional methods like principal component analysis (PCA) . In
the realm of machine learning, signal processing or other relevant areas, clustering high

dimensional complex datasets remains a challenging problem due to the curse of
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dimensionality [136,137]. Previous evidence has discussed the relationship between bias,
variance, and loss within the complex data structure, also highlighting the impact of
high-dimensional data on classification tasks [138]. Therefore, the task for properly handling
data with high-dimensionality becomes increasingly challenging. Secondly, the computational
resources and time required for model learning have also increased as a result of the elevated
dimensions. Different algorithms were compared, highlighting the issue of computational
complexity [139]. Furthermore, the visualization of high-dimensional data makes it difficult

to perform exploratory data analysis.

To summarize, it is a significant challenge to determine the dimensions of molecular data,
especially in fields such as biomedical, genomic, and machine learning. And the high
dimensionality of data requires innovative approaches to mitigate its effects and improve

computational efficiency.

1.3.2 Covariates-confounding of data

Advances in high-throughput technologies, at the same time, also introduced additional
complexity to the dataset. One major type of data complexity introduced was confounded by
the heterogeneity of high-throughput technologies or platforms, whereas another type of
complexity is usually associated with cohorts themselves such as different confounding
effects. Various models and methods have been developed to enhance the analysis of
high-dimensional biological data, such as molecular signature discovery mentioned in the
previous section, with the aim of addressing the dimensionality of the data, allowing for the
identification of the specific biological patterns in the lower dimensional structure within the
data. However, the compressed data structure sometimes might not be able to exactly prevent
the bias induced by unwanted variations inside the datasets, as previously mentioned as
confounding effects. Confounding factors can have a significant impact on specific disease
subjects such as generating biased results when analyzing the data. For example, when
investigating the association between specific genetic variants or expression of a gene with
certain phenotypes (e.g. diagnosis, drug response) in psychiatric disorders, confounding
effects brought by factors such as gender, lifestyle, exercise, and smoking can cover the actual
underlying relationship [140]. Similarly in other disciplines, Morrison et al. (1992) discussed
in a more biological context how variations in trans-acting factor genes, such as the vitamin D

receptor gene, confounded physiological studies, affecting the regulation of target genes
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[141]. McGreevy et al. (2005) focused on the anthropometric differences of IGF-I and
IGFBP-3 in plasma, both of which were insulin-like growth factors, emphasizing the need to
control for confounding factors like age and height when analyzing racial differences in IGF
levels [142]. Katz (2011) discussed the importance of including potential confounding
variables in multivariable models to ensure accurate analysis of risk factors and outcomes
[143]. Furthermore, Azevedo et al. (2016) explored how somatic symptoms of depression can
confound the association between depression and medical prognosis, highlighting the need to
control for these confounding factors in research studies [144]. Plenty of the previous studies
suggested that confounding factors can significantly impact the results and interpretations of
research studies in various fields. It emphasized the necessity to carefully identify, control for,

and disentangle these confounds to ensure the validity and reliability of their findings.

To address the problem, attempts were made in previous studies, of which factor analysis (FA)
approached the goal and were applied to distinguish and separate underlying factors that
explain the relationships among observed variables [145,146]. Factor analysis is one of
commonly used statistical techniques employed in biomedical research that lay in its ability to
unearth latent variables, or factors, that orchestrate the co-variation observed in a multitude of
measured variables. These factors, in other words, hidden effects, represent unobservable
effects that influence the shared variance among the measured ones. Within the intricate
tapestry of biomedicine, factorized models offer the chance to navigate complex datasets,
streamline data structures, and gain insights into the underlying biological processes that
dictate the observed phenomena [147]. One prominent application of factor analysis in
biomedicine is in the field of omics data, involving diverse data modalities such as genomics,
transcriptomics, proteomics, and metabolomics [148]. Factor modelling and factor analysis
not only serve as a data dimensionality reduction champion, but also represent an effective
approach to identify groups of factors that represent the most significant sources of variation
within the data. The class of tools allowed researchers to discover key biological pathways

and molecular signatures associated with specific diseases or treatment responses.

Nevertheless, challenges still exist, such as the fact that some of the factor models have not
sufficiently addressed the limitation of interpretability. The methods were expected to
disentangle underlying factors that specifically explain every source of variation in the
dataset, such as diagnosis, gender variables, ethnicity, etc. The identified factors could be

directly or indirectly associated with the given phenotypes or clinical index. However, the
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factors are post-hoc linked to interpretable representation after the disentanglement, such as
by performing enrichment on the factors to understand the biological meanings. So far, most
of the previously developed models are facing problems like not only a lack of interpretability
but also the additional burden of complicated external analysis to understand their factors
[149,150]. Overall, factor analysis is a valuable tool in various research fields for identifying
underlying factors that explain the relationships among observed variables. Studies have
utilized factor analysis to uncover patterns related to genetics, activity outcomes, biological
function and other issues. By advancing the factorized analytical model, it would be possible

for researchers to interpret complex data and derive the actual real biological insights.

1.3.3 Integrative learning of cross modality data

With the rapid expansion of different sequencing assays applied, multiple layers across
various modalities to be analyzed simultaneously became feasible [151]. The increased
complexity is resulting in the increased application of multi-modal integrative learning that
utilizes multi-dimensional information simultaneously to improve the understanding of
biological systems [152—-154]. Specifically, the integrative model was applied in different

contexts, such as the integration across multimodality or the integration of multi-cohorts.

Multi-omic integration is a complex process that involves combining data from various 'omic
views, such as genomics, transcriptomics, proteomics, and metabolomics, allowing for a
comprehensive understanding of complex biological systems. A pilot integrative analysis was
performed on colon and gut microbiota molecular expression data in inflammatory bowel
disease (IBD) and revealed the gene regulatory networks involved in the regulation of bile
acid [155]. In a comprehensive view of systems biology, Lancaster et al. (2020) developed a
customized workflow for the integration of multi-omics analysis [156]. Gao et al. (2021)
developed a novel algorithm for single-cell omic data integration in an iterative manner,
demonstrating the effectiveness of the integrative approach in constructing omics atlas,
whereas Chetrit et al. (2022) introduced spatial protein and transcriptome sequencing
(SPOTS) methods, which were also factor-based techniques for the integration across spatial
data and proteomics, offering a more comprehensive insight on biological activities with the
support of location information [157,158]. Further combination of integrative analysis with
advanced machine learning algorithms showed success in various studies. For instance, Yang

et al. (2022) utilized similarity network fusion (SNF) to integrate multiple high-dimensional
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multi-omic data modalities for detecting molecular subtypes of aging [159]. The multi-omic
integrative analysis (MOTA) method was developed to leverage multiple molecular pieces of
information to identify potential disease biomarkers utilizing the inter-omic connectivity
network [160]. MORONET, a novel computational method was introduced for integrating
multiple types of omics data using graph convolutional networks for biomedical classification
[161]. Furthermore, efforts to develop algorithms were made to compute consensus clusters
with multi-omics data for lung adenocarcinoma, demonstrating the utility of integrative
analysis in precision medicine [162]. Lastly, MOSEGCN, a hybrid method, was implemented
for integrating multi-omics data inspired by multi-head self-attention mechanisms from
transformer architecture and deep graph convolutional networks (CNN) to improve the

accuracy of disease classification [162,163].

For integrative learning across multiple cohorts, relevant studies were already implemented in
fields, including genomics, clinical trials, and disease studies. Data integration approaches for
harmonizing phenotypes from multiple GWAS cohorts were developed [164]. Clinical trial
heterogeneity from multiple cohorts was discussed in the context of systemic lupus
erythematosus patients [165]. In the context of disease studies, Titmuss et al. (2021) explored
the use of a multivariate model combining genomics and transcriptomics from a
tumor-agnostic cohort to discover various molecular markers for immune checkpoint
inhibitors, providing evidence of the potential benefits of integrating data across multiple
cohorts [166]. A cross-sectional study of young and older individuals was conducted to
illustrate age-related changes in the functional architecture of the cerebral cortex [167].
Similar cross-cohort profiling studies were performed to discover various molecular features
[168]. Furthermore, Murphy et al. (2022) highlighted the significance of data integration in
assessing facility-level antiretroviral treatment patient status, emphasizing the potential for
data integration to improve accuracy in system-level tracking and clinic switching [169].
Meanwhile, Aung et al. (2022) integrated data from two country-level longitudinal studies to
investigate abnormal cognitive aging in people with HIV, highlighting the benefits of data

integration in increasing sample size and study power [170].

However, studies also discussed the current situation in this field, such as facing difficulties
with cross-sectional analyses under different disease scenarios, limited patient-generated data,
computation platform development, specifically-designed algorithms for integrative studies. It

urges the need for continuous development of new methods to accomplish different tasks for
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different biomedical contexts. For instance, it was emphasized in the previous study that
harmonizing data across institutions was essential for transforming data into a common
representation to allow the data to be learnt in an integrative way [171]. For different target
disease subject, different cross-cohort prognostic prediction models were designed and
developed for multiple conditions such as osteoarthritis risk, neurodegeneration disease,
choline degradation, coronary artery disease, etc, indicating the importance of integrating
predictive models into the specific scenario [172-175]. Besides, Etingen et al. (2020)
highlighted the need for institutional infrastructure to enhance data integration efforts [176].
In addition, patients' privacy issues are also aware of, in particular for the physically
distributed clinical data that can not easily be transferred or even accessed by other
institutions [177]. Overall, accessing and utilizing clinical index and genetic data from
warehouses is becoming increasingly relevant for molecular studies, with a focus on data

processing, algorithm design, and cross-institutional data integration [178].

To summarize, integrative learning across multi-modality and multi-cohorts was increasingly
applied across other biological domains and the most advanced model implementation also
enabled multi-modal analyses at diverse molecular levels [179-181]. One of the primary
challenges in multi-omic integration is the heterogeneity of the data, which poses a significant
obstacle to integrating and analyzing complex datasets, hindering the comprehensive
understanding of biological systems. On the other hand, the large-scale integration of data
with high-throughput omics data was also limited by the platform utilized, which was not
suitable for cross-sectional studies. To address these challenges, novel integration strategies
and algorithms for multi-omics data were explored for proper integration to maximize the
benefits of adding more omics data. Meanwhile, newly developed cross-institutional
integrative analysis platforms are to be constructed. In conclusion, while multi-omics
technology holds great promise for advancing our understanding of complex biological
systems, current challenges in data integration and processing still need to be addressed to

fully realize its potential in integrative molecular studies.
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1.4 Factor-based solution for biomedical data analysis

1.4.1 Definition of factor-based technique

Factor-based techniques emerged as one of the fundamental tools in data analysis, machine
learning, and signal processing, offering a sophisticated lens to analyze complex datasets to
unveil hidden patterns in the biomedical context. Different factor-based methods shared
common or very similar characteristics but also had their own specific characteristics

regarding their fundamental hypothesis, implementations, functions, applications, etc.

Factor-based

Molecular techniques —
dataset

Dimension reduction Factor identification Data integration

dataset-specific

Sample annotations Multiple datasets signatures
I | Samples dataset-shared

Features

Features
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Figure 1.2 The schematic diagram of factor-based techniques and the applications

In a general view, factor-based techniques all involve factor extraction, estimation, and
analysis that convert the complex data structure to a simpler or so-called hidden data structure
(Figure 1.2). This transformed data structure is usually represented by several factors. In
other words, using these factors, we can approximate the original data. Most standard
factor-based approaches implement similar statistical procedures, including initialization of
the model and dimensional reduction via decomposition of the target matrix into reduced

features (factors) and their corresponding compressed values. However, differences exist in
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several aspects including purposes, assumptions, objectives, ways of explaining variation, and
methods to estimate the factor weights. For instance, one of the representative mathematical
factor-based frameworks is matrix factorization, where a matrix is decomposed into a product
of two or more matrices, typically facilitating the distillation of complex data into more
interpretable forms. Within this type of method, a factor or component will be derived from
new meta-features that can be approximated as independent against other factors. In practice,
due to the complexity of input data, some of the derived factors might be correlated.
Therefore, the proportion of variance a specific factor captured is usually used to evaluate the
variation obtained in a factor. Different from matrix factorization, another similar approach is
factor analysis in statistics, which seeks to uncover underlying variables that explain observed
correlations by disentangling different variances of interest. Factor analysis assumed that the
factors actually exist in the given input data and attempted to understand how these causal
factors captured much of the information in a set of features in the dataset. In addition,
factor-based analysis could also be applied across multiple cohorts in which integrative
factor-based methods focused on data integration, standing for multi-modality or integrative
factorization methods. Unlike most factor-based methods mentioned above that are linear
models, aiming to capture linear relationships in the data, non-linear factor-based approaches
were developed, of which deep learning architecture, autoencoder (AE) and variational
autoencoder (VAE) are the two classic examples [182—184]. A standard autoencoder first
passes the raw data through the encoder, which is composed of linear (e.g., linear regression)
and nonlinear activation (e.g., sigmoid, tangent function) models, to the low-dimensional
representation in the latent space (bottleneck of the model). This latent representation (or
so-called latent embedding) can be seen as a factor that largely explains the variations in the
original data. The model subsequently passed this representation through the decoder (which
can be seen as the reverse process of the former-mentioned encoder) to reconstruct the output.
Finally, the optimization of the model is to minimize the difference between the raw input and
the reconstructed output. Similarly, a variational autoencoder, which is just a special case of
an autoencoder, uses the probabilistic form to represent the data, learns the distribution in the
latent space, and samples from this distribution to form the latent representation before
passing it on to the decoder. From the perspective of the concepts, autoencoders and
variational autoencoders are actually special types of factor models which add nonlinearity to
the autoencoder, which holds the same model objectives as matrix factorization and factor

analysis. Furthermore, the advanced factor-based architecture that combines deep learning

21


https://paperpile.com/c/XZ34uU/LjVbn+uj74i+K6Q5y

and conventional linear models is able to capture both linear and non-linear patterns within

the same model simultaneously.

Here, I elucidated the landscape of factor-based techniques and summarized the current
representative factor-based techniques based on their implementation and application on the
diagram in Figure 1.3. The key features and connections among the different methods were
illustrated with descriptions and arrows. Moreover, the general and primary application in
actual data analysis of these approaches was indicated, where methods with similar
implementation and practice tended to cluster together and were marked with the same color.
We also highlighted the specific methods that have been applied to biomedical analysis, such
as genomics, transcriptomics, or molecular studies, with the annotation of representative
articles in the figure. In the thesis, I mainly focused on the specific types of factor-based
models, including matrix factorization (Chapter 2), integrative matrix factorization (Chapter
3) and advanced VAE-based architecture (Chapter 4) and the technical details as well as

mathematics would be demonstrated in each project chapters respectively.
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Figure 1.3 The map diagram of factor-based techniques. The color represented the different
clusters based on similar method usage, including decomposition, matrix factorization, factor
analysis, integrative analysis. The arrow with the description referred to the relationship
between two connected methods. The citing annotation of the method name card showed in
italics the example application article with that specific method . The detailed article was also
provided and listed. Eigendecomposition [185], Singular value decomposition [186],
Non-negative matrix factorization [187], Principal component analysis [188], Independent
component analysis [189], Exploratory factor analysis [190], Confirmatory factor analysis
[191], Factor regression model [192], Canonical Correlation Analysis (CCA) [193],
Multi-Omics Factor Analysis (MOFA) [194], Joint and Individual Variation Explained (JIVE)
[195], Joint Latent Variable Model (JLVM) [196], Multi-Set Canonical Correlation Analysis
(mCCA) [197], Multiple Factor Analysis (MFA) [198], Consensus Principal Component
Analysis (Consensus PCA) [199], Integrative Non-negative Matrix Factorization (iNMF)
[200], Autoencoder (AE) [201], Variational autoencoder (VAE) [202], beta-VAE [203],
factorVAE [204]

1.4.2 Landscape of factor-based techniques

The landscape of factor-based techniques has evolved significantly, witnessing a range of
sophisticated methodologies tailored for diverse datasets and applications. The versatility of
factorization extends far beyond the original usage of signal processing to current molecular

data analysis. Here, four different types of factor-based methods will be introduced.

The first type of factor-based technique is matrix factorization. Matrix factorization could be
categorized into two classes, including factorization based on solving linear systems and
factorization based on eigenvectors and eigenvalues. Within the category of factorization
based on solving linear systems, representative methods involve solving linear equation
systems efficiently such as LU decomposition and QR decomposition [205][206]. The second
class involved eigenvector and eigenvalue computations which will be the main focus of our
studies. Eigendecomposition decomposes a square matrix into a set of eigenvalues and
eigenvectors matrix [207]. This decomposition is fundamental in various applications such as

principal component analysis. Singular value decomposition (SVD) factored the data matrix
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into two different unitary matrices, and a diagonal matrix containing the singular values,
which were used in data compression, noise reduction, and solving linear inverse problems
[208,209]. Commonly-used matrix factorization methods include advanced forms based on
the previously described methods such as singular value decomposition (SVD) and its
numerous variants, each offering unique advantages in data deconstruction and interpretation.
Principal component analysis (PCA) was one of them, utilizing the concept of eigen-based
decomposition to factorize data matrices into orthogonal factors as principal components that
explained the maximum variance in the data [210]. The standard steps to perform PCA
included standardization of the data matrix, generation of the correlation matrix,
decomposition of the correlation matrix into eigenvectors and their respective eigenvalues,
and ranking of the vectors in descending order based on their eigenvalues. PCA is a special
type of singular value decomposition that identifies the components that embed the observed
features, which could explain all the variance in the original data matrix. Compared to PCA,
independent component analysis is optimized for extracting independent components in
high-order space and it isolates the mixed signal based on the separated sources. However,
principal component analysis and singular value decomposition based methods allowed for
negative values in the factors, which might not be biologically interpretable in some contexts.
Therefore, among these, non-negative matrix factorization (NMF) gained particular attention
for its ability to to distill and interpret large-scale genetic information by factorizing
non-negative input into two matrices including sample-rank and rank-feature information,
which holds promise for better understanding the complex interplay of biological systems and
diseases under the constraint of non-negativity, such as identifying gene expression patterns,
aggregating genetic signatures, or elucidating the regulatory networks [211]. Variant forms of
non-negative matrix factorization were also developed for different purposes. For example,
approximate non-negative matrix factorization is a variation of NMF that allows for slight
deviations from strict non-negativity to improve convergence and computational efficiency by
relaxing the non-negativity constraints during intermediate steps of the algorithm that can
speed up the factorization process and is useful in large-scale applications where exact

non-negativity is less critical than overall performance and speed [212].

The second type of factor-based technique is factor analysis [213]. Different from matrix
factorization, factor analysis (FA) was developed to understand the cause, or, in other words,
to capture the factors embedding information from a set of variables in the original data. It

reduced data dimensions by identifying factors that were informative enough to represent the
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variables with high correlation. The factors themselves are not directly measurable, and they
do not explain all the variance in the data. And the loading of the factors is the magnitude of
the correlation between the factors and the covariates, which means that covariates with a
higher loading value are more likely to be closer to the specific factor. Factor analysis is also
known as common factor analysis (CFA), with two variant forms, including exploratory factor
analysis (EFA) and confirmatory factor analysis (CFA) [214]. Exploratory factor analysis can
be regarded as an advanced version of principal component analysis, by identifying the
factors that explained the correlations among observed variables without any predefined
regularization or already-informed structure on the outcome, whereas confirmatory factor
analysis (CFA) is a more sophisticated and hypothesis-driven approach compared to EFA. It is
used to test the data fitness of a hypothesized measurement model, which is typically based on
previous theoretical knowledge. In general, confirmatory factor analysis is required to specify
the number of factors and the pattern of loadings in advance, and then use the data to test the
fit of this model. This method involves the evaluation of goodness-of-fit indices to confirm or
reject the hypothesized structure. Multi-Omics Factor Analysis (MOFA) employed a
probabilistic model to integrate multiple omics datasets by inferring latent factors that explain

shared and dataset-specific variations [194].

Another type of factor-based technique is integrative factorization methods, developed for
data integration and cross-cohort analysis. Canonical decomposition approaches, such as
canonical correlation analysis (CCA) and canonical variate analysis (CVA), were used to
identify relationships between sets of variables in biomedical datasets that embedded
associations between molecular features and clinical outcomes by inferring information from
cross-covariance matrices and finding linear relationships between two sets of variables
[215-217]. Joint and Individual Variation Explained (JIVE) decomposed multi-view data into
shared and individual components using a combination of PCA and singular value
decomposition, enabling the separation of global and dataset-specific signals [195]. The Joint
Latent Variable Model (JLVM) incorporated latent variables to model relationships between
multiple datasets, capturing both common and dataset-specific factors through a joint
likelihood framework [218]. Multi-Set Canonical Correlation Analysis (mCCA) identified
canonical variates by maximizing correlation across datasets and solving for canonical
correlations between paired sets of variables [219]. Multiple Factor Analysis (MFA) provides
a holistic representation of multiple datasets by analyzing common and specific patterns

across them through factor scores and factor loadings [220]. Consensus Principal Component
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Analysis (Consensus PCA) utilized PCA results from diverse datasets to identify shared
principal components, aiming to find robust and reproducible features [221,222]. Integrative
non-negative matrix factorization (iINMF) uncovers shared and unique patterns across datasets
by further dividing the original decomposed matrices in NMF to cohort-specific and
cohort-shared matrices, where the cohort-specific matrices identify factors (signatures) that
are responsive to each input cohort data while the cohort-shared matrix captures the
homogeneous factors across all the cohort [223]. Other multi-view integration models that
recognized common factors from multiple sources simultaneously were implemented such as
iCluster, moCluster and ImWalkMF [195,224-226]. At last, Chauvel et. al. (2018) presented a
benchmark and overview of several representative multi-view clustering approaches,

including various matrix factorization approaches [227].

Further development on factor-based tools and applications lies in various and different
directions, in particular towards advanced factor-based architecture and deep-learning based
factor techniques [228,229]. Autoencoder (AE) and variational autoencoder (VAE) are the
typical factor-based models with the ability to discover nonlinear patterns in the data. AE and
VAE compressed the raw input to the latent embedding, which represented the factors with
low dimensions that uncover the original high-dimensional data matrix through the encoder
and reverse the data compression process to reconstruct the output with the decoder. The
encoder and decoder are composed of a linear model and nonlinear activation functions,
which enable the AE and VAE to learn nonlinear patterns of complex data. Advanced
architecture allowed additional applications of the models, such as discovering both linear and
nonlinear patterns simultaneously, by transforming the original factor models into some
complicated form depending on the context. However, the latent embedding of both AE and
VAE cannot distinguish the variations of the variables of interest from other covariates.
Therefore, one classic development to address this limitation was the optimized autoencoder
architecture beta-VAE, which attempted to separate the latent representation from multiple
independent factors of variation without providing prior knowledge to the model [230]. The
optimized model Anneal-VAE based on beta-VAE to enable robust training and relieve the
trade-off between disentanglement performance and reconstruction accuracy was made [231].
A further improvement was made in beta-TCVAE (Total Correlation Variational Autoencoder)
to remove the hyperparameter selection procedure during training [232]. With a similar idea, a
refined model was developed called factorVAE, which combined a linear factor-based model

with the standard variational autoencoder to disentangle different independent sources of
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variation by delineating the representation distribution in the latent space [233]. Further
development integrates other model structure (e.g. Bayesian autoencoder, dictionary learning
model, deep neural network), such as Bayes-Factor-VAE, JNNSE, Factorized variational

autoencoders (FVAE) and deep neural network factor model (DNN-FM) [234-237].

Overall, the survey of factor-based techniques illuminated a trajectory from theories to
practical applications in a wide range of fields. Throughout the years, a constant development
can be found in factorization methods, evolving from basic matrix decomposition approaches
to sophisticated algorithms for complex data. However, growing needs for continuous
development of the factor-based method exist to handle tasks under different biomedical
contexts. For example, integrative analysis based on factor-based tools for cross-cohort and
cross-disease analysis such as comorbidity modelling is required. Another direction is to
enhance interpretability and predictive power, and the development of more diverse
algorithms that handle various biological data more effectively. There is also a growing
interest in extending these methods to encompass security and privacy considerations crucial

for clinical data handling across research institutions.

1.4.3 General application of factor-based methods

Within the biomedical field, factor-based approaches have been broadly developed and
applied in numerous previous studies for biomarker discovery, stratification of disease
phenotypes, and functional analysis, via multiple ways and implementation such as dimension
reduction, signature identification and data integration. Devarajan’s study outlined the
distinctive capability of factorization methods for capturing the inherent part-based
representation of complex biological data, offering a valuable alternative to classical methods
like principal component analysis that do not impose nonnegativity constraints [238].
Following the relevant foundational work, the factor-based model was progressively adopted

across various omics fields, from genomics to proteomics.

In the context of genome-wide association studies (GWAS) datasets, researchers developed
techniques to identify interacting single nucleotide polymorphisms (SNPs) that affect
phenotype status. The imputation of missing data was completed by an effective factorization
method [239]. Case studies on understanding the relationship between risk variants and

disease diagnosis phenotypes via matrix factorization were performed [240]. Tissue-specific
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regulatory networks were informed by a newly developed factorization approach, namely
sn-spMF [241]. Network type data for the identification of disease-associated loci for
genotype was used in cNMTF [242]. Variant effect predictions were achieved and computed
as variant prediction scores via SNMTF [243]. An exploratory factor analysis was performed
to identify both shared and specific genetic factors across depression and anxiety [190].
Similarly, confirmatory factor analysis was applied to discover specific genetic variant factors
underlying metabolic syndromes [191]. These methods and applications not only identify
genetic associations with greater precision but also infer cellular and molecular processes that

drive phenotypic variation.

In the fields of transcriptomics, epigenomics and proteomics, Baldrian and Lopez-Mondéjar
demonstrated the efficacy of these techniques in dissecting the microbial activities and their
regulatory patterns discoveries from transcriptomic datasets [244]. Meta-analytical based
factorization methods were implemented such as jNMFMA [245]. Co-regulating
transcriptomic patterns were explored via a new boolean matrix factorization tool [246].
Spatial transcriptomics were accessed in several studies for understanding expression
signatures combined with morphology information [247,248]. SVDMAN was implemented
utilizing singular value decomposition on microarray data for global gene expression analysis
[186]. Cellrank was developed based on real schur decomposition for predicting the cell fate
mapping at the single-cell level [249]. Tensor factorization extended matrix factorization to
higher-order biomedical data arrays, such as multi-dimensional gene expression datasets
[250,251]. The further in-depth analysis of epigenetic modifications across the genetic
material of a cell, benefited greatly from the application of matrix factorization methods,
which included analysis on DNA methylation, histone modification, and gene silencing.
Previous work demonstrated that factorization methods can effectively decompose
epigenomic data into signatures representing distinct epigenetic patterns or states [252].
Factorization methods in epigenomics also facilitated the stratification of cancer subtypes
based on epigenetic profiles and the identification of potential therapeutic targets [253].
Deconvolution on epigenetic data in breast cancer patients was conducted with a novel tensor
factorization method HOCMO [254]. The field of proteomics was largely enriched by the
application of factor-based techniques. Protein interaction and protein complexes were
predicted by applying collective matrix factorization and binary matrix factorization,
respectively [255,256]. Moreover, to accommodate the sparsity problem, sparse matrix

factorization (SMF) enforces sparsity in the resulting factors and was successfully applied for
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protein sequence motifs identification to improve grouping performance [257]. Overall, this
methodology enables the comprehensive analysis of protein expression patterns,
post-translational modifications and protein-protein interactions, subsequently enhancing the
opportunity of identifying cellular mechanisms and potential biomarkers and therapeutic
targets, thereby streamlining the pathway from experimental data towards clinical

applications.

Despite these advancements in single modality, there is still an ongoing demand for coming
up with more factor-based algorithms, such as algorithms for multi-modality data integration,
which can manage the ever-increasing complexity and scale of data. Factor-based approaches
used for the integration of multifaceted data scenarios involve processes dealing with
heterogeneous data. One class of data integration techniques existed that addressed the
complexity brought by multiple varied sources by establishing connections based on
empirical information. Some methods sought to handle the heterogeneity by mapping and
projecting different data types to the common space, such as molecular expression and copy
number variation data (CNV) to pathways [258]. Others applied the linear model to fit and
regress out the difference across modalities by imposing weights or performing feature
engineering [259-261]. In contrast to supervised approaches, data integration methods could
also be applied without prior knowledge and directly accomplish the disentanglement of
separating the signal of interest that is homogeneous across cohorts as well as heterogeneous
effects that are varied across data sources. Many existing integration techniques adopt a
similar idea by extending the Dirichlet process mixture modeling and principal component
analysis [262,263]. Canonical correlation analysis (CCA) was also frequently applied to
integrative analysis across genetic and other modalities [193]. Joint and Individual Variation
Explained (JIVE) was examined on The Cancer Genome Atlas (TCGA) with diverse cancer
genetic datasets simultaneously [195]. In addition, joint latent variable model (JLVM) was
implemented on breast and lung tumors for subtype identification [196]. Moreover, the
well-established method LIGER was extended from integrative non-negative matrix

factorization (iINMF) to disentangle dataset-shared and dataset-specific features of brain cell

identity [200].
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1.4.4 Factor-based approaches in psychotic disorders

Factor-based tools have been increasingly used in the study of various psychotic disorders. In
the context of schizophrenia, matrix factorization was applied to reveal resting-state cortical
dynamics in first episode psychosis, shedding light on the pathophysiology of functional
connectivity  [264].  Factorization-based correlation learning, specifically —matrix
decomposition and canonical correlation analysis, has been applied to multi-modal MRI data
to explore the dysconnectivity of large-scale neurocognitive networks in psychiatric disorders,
including schizophrenia [265]. The relationships between brain morphology and
schizophrenia on the aspect of genetics were also examined using modular decomposition on
gene similarity matrices, suggesting the abnormality of neurodevelopmental in schizophrenia
[266]. Furthermore, the molecular signature of extracellular matrix pathology was
investigated in schizophrenia patients with focal cerebral ischemia, revealing dysfunctions
and negative regulation of the extracellular matrix in the perineuronal net structure [267]. To
disentangle the specific variance of interest from the overall complex variance, factor analysis
was conducted to reveal brain morphometric changes at a network level in individuals with
schizophrenia [268]. Kim et al. (2019) conducted a factor analysis on individuals with
recently gained schizophrenia and those with high risk of psychosis, revealing multiple
significant factors that explain variances from social-cognitive bias, reflective self,
neurocognition, and pre-reflective self factors, respectively [269]. Fountoulakis et al. (2019)
utilized exploratory factor analysis to establish a 5-factor solution for staging patients with
schizophrenia based on the PANSS [270]. Sowunmi et al. (2019) employed principal
component factor analysis to identify a four-factor solution for the medication adherence
rating scale (MARS) among Nigerian patients [271]. Furthermore, exploratory factor analysis
was conducted to identify positive and negative syndrome scale (PANSS) factor structure

from a collection of multi-ethnic schizophrenia individuals [272].

Overall, factor-based analytic approaches have proven to be effective tools in the study of
psychotic disorders, offering insights into neural dynamics, structural brain networks,
dysconnectivity, genetic relationships, and comorbidities associated with conditions such as
schizophrenia and bipolar disorder. These methods hold promise for furthering our
understanding of the underlying mechanisms of psychiatric disorders and may pave the way

for more targeted and effective interventions in the future.
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1.5 Overview of the chapters

In the thesis, I have focused on the application of factor-based models summarized in
Chapter 1.4 and describe the development of our three different factor-based methods applied
in schizophrenia and psychotic disorder studies, which aimed to refine the molecular and
genetic profiling of schizophrenia mentioned in Chapter 1.2 while focusing on the different
aspects of the dilemma of biomedical data analysis discussed in Chapter 1.3. In Chapter 2,
the development of a factorization computation framework for signature-based disease
comorbidity modeling will be described. A hierarchical factorization method that is able to
alleviate the bias induced by the selection of hyperparameters is described. An application for
investigating molecular factors that contributed to schizophrenia-type 2 diabetes comorbidity
was performed, and a comprehensive comorbidity map linking the relevant mechanisms was
constructed. In Chapter 3, the deployment of a distributed factorization approach is
presented, which projects the standard integrative factorization to a federated version based on
the DataShield platform, providing possibilities for both cross-modality and cross-institutional
learning. Performance evaluation was made and simulated as well as real data case studies
were performed. In Chapter 4, an extensive application based on factorized interpretable
VAE hybrid architecture is presented for predicting genotype-to-function association in
schizophrenia individuals. Biological-informed semi-supervised model structure enabled the
separation of variance of diagnosis from the complex effects by controlling confounding
factors, as well as the association of genetic variants with biological processes. Besides, the
model illustrated the feasibility of the novel application on genomic data. In the end, the
prospects and outlook will be discussed in Chapter 5, for the further extension of the

factor-based techniques in this field.
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Chapter 2

Project 1: Comorbidity modeling with hierarchical

multi-rank matrix factorization

2.1 Introduction

Disease comorbidity refers to the co-occurrence of multiple conditions of an individual,
wherein the presence of one condition may influence the development, progression, or
prognosis of another. Mental illnesses, specifically schizophrenia and bipolar disorder, gain
increasing attention due to the multi-faceted clinical manifestations. This is induced by not
only their often chronic and recurrent nature but also an elevated risk for somatic
comorbidities such as type 2 diabetes and other metabolic syndromes [273,274]. This special
indication is of high importance in clinical practice and biomedical research as it can
significantly impact patient management strategies, treatment outcomes, and healthcare
resource occupation. For instance, psychiatric patients with two or more somatic
comorbidities are significantly associated with the poorer treatment outcome, while the
number of comorbidities are also associated with increase in hospitalizations [275]. Worse
quality of life as well as increase risk of social-demographic behaviors such as suicide,
remission, psychotic relapse were received in patients with comorbidities [276]. Meanwhile,
bilateral relationships between psychotic diseases and somatic illnesses exist that both
conditions might influence each other [273]. This complexity eventually led to the increasing
risk of somatic disease with twice the incidence rate for individuals with severe psychotic

disorders, compared to those without [273].

The overlap of molecular genetics across psychotic disorders and somatic comorbidities has
been provided as evidence in many previous studies from the bottom to the top covering
genotypes, transcriptomics, epi-genetics and proteomics. Several genotypic studies have
illuminated a convergence of molecular profiles underlying somatic comorbidities and
psychotic disorders [277]. It is observed that molecular linkages between and across

schizophrenia, immune-dysregulated diseases, type 2 diabetes and cardiovascular disorders
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have been identified. Specifically, risk variants associated with genes in immune systems
were found in schizophrenia patients, strengthening the shared genetic evidence across
psychotic disorders and immune-dysfunctional conditions. On the aspects of transcriptomic
level, molecular markers as well as biological processes that were commonly dysregulated
across psychotic disorders and their comorbidities in transcriptomic studies and integrated
analysis respectively [278,279]. Epigenetic regulation uncovered genetic overlap and causal
relationships were inferred, providing insights of the genetic variants colocalization on both
schizophrenia and type 2 diabetes [280]. Common molecular pathway alterations were found
in multiple functions including synaptic regulation, vesicle transport, mitochondrial and
ribosomal proteins in schizophrenia and bipolar disorder patients as well as animal models
under deep proteomics aspects [281]. Therefore, it is necessary to understand comorbidities,
including shared risk factors, pathophysiological mechanisms, and treatment interactions, as
well as to elucidate the relationships between coexisting conditions to advance preventive,
diagnostic, and therapeutic approaches aimed at mitigating the burden of multimorbidity and

optimizing patient care across diverse clinical contexts.

To investigate the underlying molecular genetics across psychotic disorders and somatic
comorbidities, studies have been conducted using a wide range of techniques. One example
was to conduct GWAS analysis to find the overlap modules. For instance, large-scale GWAS
of schizophrenia and type 2 diabetes traits were applied to distinguish the common variants
association [277]. Differential expressed genes (DEGs) that expressed in both conditions and
the corresponding enriched processes were identified to describe the potential comorbid
mechanism [9,10]. Analyzing from the significant biological processes, susceptibility genes
were curated to understand the comorbid effect [282]. A Mendelian randomization analysis
was implemented to investigate the exposure and outcome across two diseases and further
inferred the causality using an inverse-variance weighted meta-analysis [283]. Hybrid model
combining single-cell, bulk data with molecular quantitative trait loci summary statistics
(molQTL) combining different levels, including eQTL, pQTL, caQTL, mQTL and sQTL was
conducted on adult and fetal brain from schizophrenia and type 2 diabetes individuals as well
as on other tissues such as islets, liver and adipose tissue from the patients [280]. Findings via
genome-wide multi-trait colocalization suggested a possible connection between
schizophrenia and metabolic symptoms, where linkage disequilibrium score regression
(LDSC), genetic covariance analyzer (GNOVA), and heritability estimation (p-HESS) were

applied in the study [284]. Other methods, such as polygenic risk score calculation, were
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utilized to aggregate the SNPs into genes to better interpret the shared mechanisms and
pathways [124]. Common molecular markers were discovered across cardiovascular disease
and schizophrenia via genetic-pleiotropy-informed approaches to investigate the causal effect
of risk factors in comorbidities on target conditions [285]. Risk evaluation was performed by
computing the gene correlations with bi-directional Mendelian randomization (MR) model to
understand the potential risk factors [274]. The deep proteomics technique was used to
recognize shared molecular pathways in schizophrenia and bipolar disorder patients and
animal models [281]. In addition, latent factors such as molecular patterns and signatures
were identified to explore the molecular profiles in a lower dimensional view with

independent component analysis (ICA) [286].

Nevertheless, few abovementioned modeling focused on the mechanism from aspects of
molecular signatures. Therefore, in this Chapter, we attempted to approach this gap through
systematic comorbidity modelling in schizophrenia and psychotic disorders on the signature
levels. 1 developed an improved integrative unsupervised machine learning framework with
multi-rank non-negative matrix factorization (mrNMF) applied on large-scale transcriptomic
datasets. Unlike classical NMF approaches which delineate and aggregate the input
transcriptomic datasets into a specific and pre-defined number of signatures, the proposed
method alleviates the limitations without choosing the optimal number of signatures when
initializing the model. It takes multiple ranks into consideration in the beginning. Hence,
molecular signatures are defined at varying levels of granularity, thereby offering insights into
potential shared comorbid mechanisms covering different hierarchical levels, from the top and
wide signatures associated to broad molecular differences with more general biological
concepts down to specific and detailed signatures representing less variance. To this end, a
collection of 27 case-control microarray cohorts that covered diverse tissue sources was
retrieved, including three main categories of major conditions: psychotic disorders (PSY),
type 2 diabetes (T2D) and cardiovascular diseases (CVD). Then reciprocal best hit score
matrices were computed to integratively connect signatures across different cohorts with
specific conditions, and eventually a comorbid disease signature graph was built. Downstream
interpretation studies and gene biomarker analysis on the level of comorbid signature pairs
identified key genes and biological processes contributing to the comorbid effect across
schizophrenia and co-occurred syndromes. Furthermore, genetic variants were retrieved from
online resources to compare and validate the findings. In the end, a cross-mechanism map for

linking different shared processes based on an external knowledge graph database was
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established. It associates different key mechanisms along with molecular factors and provides

additional insight for the comprehensive overview of the comorbid mechanism.

2.2 Method

2.2.1 Data and materials

27 transcriptomic cohorts (n_sample=1163, n case=633, n_control=530) with case and
control were collected from Gene Expression Omnibus (GEO). Conditions of the collected
cohorts were categorized into three classes (in upper case letters), psychotic disorders (PSY),
cardiovascular diseases (CVD), and type 2 diabetes (T2D). Cohorts from each classes were
further annotated with their conditions (in lowercase letters) in details, including
schizophrenia (scz), bipolar disorders (bd), and major depression (mdd) in PSY class; acute
myocardial infarction (ami), coronary artery disease (cad), peripheral arterial disease (pad),
acute coronary syndrome (acs), hypertension (hyp), and cardiomyopathy (cdm) in CVD class;
and type 2 diabetes (t2d) in T2D class. The tissue source of each cohort was annotated as
well, including blood, brain, liver, islet, etc. Other covariates including gender, age, BMI, etc,
were also prepared for controlling confounding effects in the further pre-processing. All
cohorts were built on the same platform GPL570 [HG-U133 Plus 2] Affymetrix Human
Genome U133 Plus 2.0 Array to control the biases induced by different platform batches. All

cohort information above has been summarized in Table 2.1.

Table 2.1 Descriptive summary of cohorts used in the study

id cohort number of number of number of condition cohort tissue
sample control case

1 GSE21138 59 29 30 SCz PSY Brain

2 GSE17612 49 22 27 SCz PSY Brain

3 GSE27383 51 29 22 SCz PSY Blood

4 GSES53987 2 70 18 52 BD PSY Brain

5 GSE53987_3 69 19 50 MDD PSY Brain
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In detail, we listed the specific number and proportion of the gender, tissue and age by each

condition in Table 2.2.
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Table 2.2 Summary of demographic and clinical information

bipolar major depressive
label levels disorder control  cvd disorder schizophrenia t2d
33
gender female 23 (22.8) 136 (34.6) 13(27.1) 22 (44.0) 63 (30.9) (38.8)
52
male 78 (77.2) 257 (65.4) 35(72.9) 28(56.0) 141 (69.1) (61.2)
tissue  associative striatum 17 (16.8) 18 (5.4) 16 (32.0) 18 (8.8)
bad6 17 (16.8)  29(8.7) 17 (34.0) 45 (22.0)
hippocampus 18 (17.8) 18 (5.4) 17 (34.0) 15(7.3)
leukocytes from
whole blood 49 (48.5) 39 (11.7)
bal0 22 (6.6) 27 (13.2)
ba22 19 (5.7) 23 (11.2)
blood 30(9.0) 40(58.8)
human temporal 18
cortex 15 (4.5) (64.3)
10
liver 7 2.1 (35.7)
lymphoblast from
blood 41 (12.3) 36 (17.6)
oe 19 (5.7) 19 (9.3)
pbmc 47 (14.2) 19(27.9) 22 (10.7)
peripheral blood 9@2.7 9(13.2)
pre-frontal cortex 19 (5.7)
68.3
age Mean (SD) 43.4(12.2) 50.9(19.1) 49.2(10.2) 45.6(10.3) 50.7(19.4)  (10.9)
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2.2.2 Data preprocessing

The standard microarray preprocessing pipeline includes .CEL raw data retrieval, frozen
robust multiarray analysis (fRMA) [287,288], followed by robust multichip average
background correction, quantile normalization and robust weighted average summarization.
Samples with missing values in expression matrix and metatable were removed. The mapping
of probes to HGNC gene symbols with biomaRt [289] package was performed and rowmean
normalization by aligning the mean value of each gene to 1 for each expression matrix was

conducted in order to make signatures from different cohorts comparable.

2.2.3 Multi-rank non-negative matrix factorization (mrNMF)

Multi-rank non-negative matrix factorization (mrNMF) framework consists of four main
steps. First, non-negative matrix factorization (NMF) was conducted on the gene expression
matrix where genes are rows and samples are columns of every single cohorts, resulting in
two decomposed matrices, W matrix (rows are genes while columns are ranks or signatures )
and H matrix (columns are samples while rows are ranks or signatures). Here, the rank is
defined as the “signature”, where the signature is a weighted genes vector, or so-called
meta-gene, whereas weights are the exposure values, referring to the positive contributions of
each of the genes to this specific signature. The number of signatures is a hyperparameter that
originally required users to manually select in the standard NMF algorithm, however, in
mrNMF, an ensemble strategy was applied by directly using a continuous series of rank
numbers from 2 to 20 during decomposition procedure iteratively. The decomposed matrices,
including W matrices and H matrices were then concatenated into one large W matrix (Wc)
and one large H matrix (Hc) along their signature dimension respectively. The loss function

for every iteration of training with one specific rank number is shown below.

. 2
anWHHX — W(k)H(k)HF

s.t.W=0,H=0, k=2

Second, a linear model was performed to identify significantly diagnosis-associated
signatures (P-value < 0.05) while removing those that are insignificant. In the linear model,

values of each signature in H matrices are used as independent variables X, whereas

39


https://paperpile.com/c/XZ34uU/VcgcO+nI0Ta
https://paperpile.com/c/XZ34uU/TrlJK

diagnosis/group variables are dependent variables y and gender, age, and other available
variables are selected as covariates. The corresponding insignificant signatures in Wec and He

matrix were removed by this step.

Third, a similarity scoring matrix is computed to identify signature pairs with high
correlation. Here, the reciprocal best hit metric (RBH) is applied. I defined a RBH signature
pair as a pair of signatures, each from a different cohort, matched with each other with the
highest score compared to the value of all the other paired signatures [290,291]. In each
signature, only a few genes with high exposure would contribute to the signature, whereas
most other genes are more likely to represent the random noise (Figure 2.1). In general,
non-negative matrix factorization tends to emphasize the top exposed features (or genes)
while putting less weights on the irrelevant features, which can be regarded as a denoising
strategy. I computed the Jaccard similarity coefficients using the top N (N=1000) genes with
top exposure values (Figure 2.1). The best match of signature pairs from a pair of different

cohorts would be evaluated by the Jaccard similarity coefficients.

|si g nsi gj|
|SlgiUSlg],|

J(sig,sig) =

With this scoring criterion, the output differences of using different values of N were also

evaluated for control (Appendix Supplementary Figure 2.1).

n Samples k signatures n Samples Jaccard similarity metric
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2
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X
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Figure 2.1 Illustration of the matrix factorization, decomposed components and signatures,

and Jaccard similarity

Fourth, permutation testing was performed to filter the signature pairs that occurred more

frequently than the null condition, which is under randomized control. In this step, we
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randomly shuffled the exposure values or so-called weights in the W matrices acquired during
the multi-rank decomposition, and performed the following computing step such as reciprocal
best hit matrices computing and graph construction. This permutation process was run 20
repetitions iteratively, and the permutation test was performed and only edges with a
significance level of P < 0.05 were retained. Eventually, the final comorbid signature graph

would be generated.

2.2.4 Biological inference on comorbid signature pairs

Gene set enrichment analysis was performed on each signature pair (edges) in the signature
graph with the shared gene list from the signature pairs identified from the previous step as
analysis input, using the ClusterProfiler package [292]. Gene Ontology resource (GO) from
MsigDB was selected as gene set [293,294]. Significant GO terms were extracted with FDR
adjusted P-value < 0.05.

2.2.5 Gene exposure analysis on comorbid signature pairs

Genes contributing to the enrichment of the four specific processes (acute inflammation,
angiogenesis, oxidative stress, and GABAergic synapse) were extracted. For each of the
enriched genes from each signature pair, two exposure values were acquired, including the
value from the schizophrenia signature and the other from the comorbidity disease signature.
Genes were then ranked based on the top 30 exposure values based on the geometric mean of
the exposure values from the two individual signatures from the signature pair. Subsequently,
these rankings were shown in scatter plots, with exposure values for schizophrenia and the
comorbid disease represented on the x and y axis, respectively. Additionally, the gene types
retrieved from the previous analysis were annotated on the plot as comorbid, shared,

schizophrenia specific, and somatic specific.

2.2.6 Validation of the comorbid genes with the GWAS risk variants

Focusing on acute inflammation, angiogenesis, oxidative processes, and the GABAergic
system, the genes found enrichment in these biological processes were further mapped and

validated by comparing with genome-wide association study (GWAS) risk variants linked to
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schizophrenia and type 2 diabetes traits. A total of 4988 associations from 142 studies with
schizophrenia trait and 5263 associations from 218 studies with type 2 diabetes were retrieved
from the GWAS catalog database, each containing corresponding mapped gene information.
The common genetic variants shared across schizophrenia and type 2 diabetes in GWAS
analyses were considered as comorbid GWAS variant genes. Subsequently, comorbid genes
identified within the scz-t2d comorbid signature pairs were then categorized into three classes

including gwas t2d, gwas _scz, and gwas_shared.

2.2.7 Building cross-disease comorbidity connectivity knowledge graph

A literature-curated knowledge database was applied extensively to establish connectivity
map from schizophrenia to type 2 diabetes, thereby validating the specific processes identified
in the preceding analyses within the study, including acute inflammation, angiogenesis,
oxidative processes, and the GABAergic system. Similar to the previous step, genes on the
top 30 enriched gene list (see Method 2.2.5) associated with these processes were extracted.
Using these biological processes and the corresponding genes as query input, a
literature-curated knowledge graph database was used [295]. By selecting the hyperparameter
set including maximal connectivity depth = 3 which referred to connected node degree, the
initial large-scale connectivity knowledge graph was established. In order to better visualize
the specific processes and genes, the shortest paths between schizophrenia node and type 2
diabetes node were computed by starting with the biological process nodes and performing
the random walk algorithm. In the end, the schizophrenia - type 2 diabetes specific disease

comorbidity connectivity graph was built.

2.3 Results

2.3.1 Generation of disease signature graph via factorization framework

We developed a signature level comorbidity modeling framework to understand the shared
biological factors across multiple conditions via an improved integrative unsupervised
learning technique based on multi-rank non-negative matrix factorization (mrNMF)

algorithm. The novel approach is optimal, compared to the original standard NMF, mainly
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due to the improvement on the algorithm that a series of factorization on the same data matrix
is performed, with hyperparameters rank k from kmin to kmax. Generally, a higher rank k
tends to identify signatures covering boarder biological meaning whereas a lower rank
identifies signatures with more specific biological modules. This is similar to the hierarchical
structure of the gene ontology tree, where on the top the GO terms represent more general
processes while on the bottom represent more detailed processes (Figure 2.2). Thus, mrNMF
can be considered an ensemble methodology that covers biological signatures from different

granularities.

top exposure genes
that captured specific
biological effect
top exposure genes might "dilute”
k_4 split into the children signatures
when k increases

Figure 2.2 Ilustration of the multi-rank factorization to identify factors from

A |

hierarchical levels

This study involved a comprehensive collection of 27 transcriptomic cohorts with 1163
individuals, within which 633 patients and 530 healthy individuals were included. Multiple
conditions are included such as various psychotic disorders (e.g. schizophrenia, etc.), type 2
diabetes and cardiovascular disease (e.g. coronary artery disease, etc.) (Table 2.1 and Table
2.2). In Figure 2.3, the full procedure of mrNMF computational framework is illustrated (see
2.2 Methods). To start, each preprocessed gene expression matrix was factorized into
rank-sample matrix H where the values in each row of the H were used to identify significant
diagnosis-associated signatures (See Method 2.2.3). Next, a similarity matrix with reciprocal

best-hit scoring criterion was calculated to extract signature pairs that capture common
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biological factors, and permutation was conducted to generate the final signature graph. Then,
comorbidity analysis was implemented, with our hypothesis that common molecular factors
associated to shared biological processes can be found in both diseases. This would be
revealed when two signatures from datasets of different diseases are found to be similar using
a scoring metric. To compute the similarity of two signatures, shared gene lists were identified
in the top 1000 genes of each signature. We verified that the selection of the number of top
genes does not bias further analysis in this study (Appendix Supplementary Figure 2.1).
Furthermore, enrichment analysis was performed to understand the actual processes that
contributed to the comorbid effect. In the end, external sources such as GWAS risk variants
and curated literature knowledge were adopted to confirm our findings of comorbidity across

schizophrenia and its comorbidities.
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Figure 2.3 Workflow of the signature-level comorbidity modelling framework based on
multi-rank non-negative matrix factorization (mrNMF). a Retrieval of transcriptomic dataset
covering various diseases and tissue sources, specific conditions including scz
(schizophrenia), bd (bipolar disorders), mdd (major depressive disorders), t2d (type 2
diabetes), acs (acute coronary syndrome), ami (acute myocardial infarction), ath
(Atherosclerosis), cad (coronary artery disease), cdm (dilated cardiomyopathy), hyp
(hypertension), pad (peripheral artery disease). b Algorithm of multi-rank non-negative
matrix factorization. ¢ Filtering of diagnosis-associated signatures with linear model. d Graph
computation based on reciprocal best hit scoring matrices. e Comorbidity modelling
including over representation analysis, gene analysis and cross-disease connectivity

knowledge graph building on signature pairs level.

2.3.2 Comorbid signature pairs in the signature graph

305 signature pairs, represented as edges and 419 signatures, represented as nodes were
generated and composed the signature graph (Figure 2.4). The signatures represent multiple
disease classes (including PSY, T2D, and CVD), tissues (e.g. brain, blood, etc.), and

encompass 58 types of edges and signature pairs (e.g., scz-scz, scz-t2d, bd-scz, etc.).
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Figure 2.4 Computed signature graph. right Signature graph (full) within which each node
referred to an individual signature and each edge indicated a signature pair with reciprocal
best hit (RBH) matrices matched. The shape of nodes represented the disease class, whereas
the color of nodes showed the tissue source of a signature extracted from. left Signature

subgraph (schizophrenia - type 2 diabetes).

The descriptive summary was shown in Figure 2.5, where we categorized all signature pairs
into four groups: single (involving signatures of identical disease, e.g., scz-scz), intra-class
comorbid (involving signatures from the same disease class but from different specific
conditions, e.g., scz-bd), inter-class comorbid (involving signatures from different classes but
with one of the signature representing psychotic disorders, e.g., scz-t2d), and somatic
(involving signatures from non-psychotic diseases but different classes). Notably, among the
inter-class comorbid category, those linking psychotic disorders and somatic diseases,
particularly schizophrenia - type 2 diabetes (scz-t2d) pairs, were most prevalent (Figure 2.5).
Therefore, a scz-t2d subgraph containing only schizophrenia and type 2 diabetes signatures

was specially isolated (Figure 2.4).
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Figure 2.5 Statistics of the computed signature graph on signature pair level (edges). X-axis
represented the signature pair categories (e.g. scz-t2d, scz-bd, etc.) whereas the y-axis referred
to the count of the signature pairs in the corresponding specific conditions. The single disease
pair category contained signature pairs within which the individual signature came from the
same disease cohort such as either PSY, CVD or T2D.The comorbid disease pair category is
composed of signature pairs from different cohorts such as PSY-CVD and PSY-T2D. The

somatic disease category refers to signature pairs that represent CVD and T2D.

Nevertheless, cross-tissue cohorts were utilized in our study which raised our concern of a
possible tissue confounding effect, considering that signatures from the same tissues tend to
be associated. However, we observed in our case that the mrNMF framework connected
signatures from different diseases and tissues combinations (Figure 2.4). To assess the tissue
effect, we investigated the count of cross-tissue signature pairs. Predominantly, signature pairs
linking signatures from different diseases at the same different tissues were observed,
suggesting that confounding effect brought by tissue source was not the primary factor that
drove the clustering of the signatures (Figure 2.4 and Figure 2.5). Additionally, we tracked
the source of individual signatures in the full graph identified from different ranks in the
factorization model in Figure 2.6. Moreover, within the category of "multiple disease
multiple tissue", the top connections with most counts involved signature pairs from the tissue
source combination of brain-blood, brain-islets, and brain-vessels. Specifically, for
schizophrenia - type 2 diabetes (scz-t2d) signature pairs, the top 3 major sources were
brain-islets, brain-adipose, and brain-liver respectively, indicating no substantial bias leading
to the linkage of signatures from the same tissue (Appendix Supplementary Figure 2.2). In
summary, the generated signature graph revealed cross-disease and cross-tissues signature
pairs, with the majority of computed signature pairs identified from schizophrenia and type 2

diabetes cohorts.
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Figure 2.6 Tracking the source of signatures decomposed with different rank levels during

the factorization procedure.

2.3.3 Investigating gene composition variety in comorbid signature pairs

To better understand the difference across various signature pairs, linking schizophrenia
signatures to those signatures from somatic comorbidity diseases (referred to as "comorbid
pairs"), a detailed comparison was made between the shared genes associated with the
comorbid signature pairs (e.g. scz-t2d, scz-ami, etc.) and the genes identified in schizophrenia
pairs (e.g. scz-scz) and somatic pairs (e.g. t2d-t2d, ami-ami, etc.), respectively (Figure 2.7).
The rationale was to verify if these comorbid pairs capture genes that are not found in the
single disease signature pairs. The gene sets were categorized as follows: genes specific to
schizophrenia i.e. found solely in the schizophrenia signature pair (e.g., scz-scz), those
specific to somatic disorders (e.g., t2d-t2d or ami-ami), genes shared between schizophrenia
and somatic diseases (found in both scz-scz and t2d-t2d or scz-scz and ami-ami), and genes

exclusive to the comorbid signature pairs, not present in any one of the diseases involved in
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the signature pair (Figure 2.7). Focusing on comorbid signature pairs of schizophrenia and
type 2 diabetes, as well as schizophrenia and acute myocardial infarction, 39% in scz-t2d and
48% 1in scz-ami the comorbid genes were not observed in the single-disease categories,
implying that underlying comorbid mechanism might be due to specific molecular processes.
These genes had not been identified in either schizophrenia or type 2 diabetes and acute
myocardial infarction signature pairs (scz-scz or t2d-t2d and scz-scz or ami-ami), suggesting

their novelty as additional comorbid gene markers (Figure. 2.7).
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Figure 2.7 Diverse variety of comorbid signature pairs and the corresponding gene sets. left
[llustrated scheme of categorizing the type of genes identified from signature pairs. right
Types of genes in comorbid signature pairs including genes annotated as “schizophrenia
specific” that were found in the schizophrenia signature pairs (e.g. scz-scz signature pairs),
genes as “somatic specific” in scz-t2d signature pairs that were also found in the pure somatic
comorbidity signature pairs (e.g. t2d-t2d signature pairs), genes as ‘“‘shared” that were
observed in both the scz-scz and t2d-t2d/ami-ami signature pair as well and the distinct genes

as “comorbid” that were not identified in any previous mentioned type of signature pairs.

2.3.4  Elucidating the central roles of inflammatory response in scz-t2d

comorbid signature pairs

To investigate the comorbid mechanism further, a major focus was put on the schizophrenia

and type 2 diabetes signature pairs, given our previous finding that these two conditions
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exhibited the most connections in the signature graph (Figure 2.3). To probe the underlying
mechanisms associated with this comorbidity, functional enrichment analysis was performed
on the scz-t2d signature pairs with the overlapping gene lists as model input (see Method
2.2.4). In total, 590 different GO terms were enriched and highlighted, and it was also
observed that many terms were identified to show frequent enrichment across multiple
signature pairs, indicating the robustness of the results. I performed clustering on these terms
for the following analyses. Among all the clusters, I prioritized several of the largest clusters,
covering a broad range of immune systems involved in the production, activation, migration,
and regulation of cells contributing to the inflammatory response, such as cytokines and

leukocytes (Figure 2.8).
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Figure 2.8 Biological interpretation of signature pairs with the corresponding embed gene
set. left Largest clusters with the most enriched gene ontology term members observed in
schizophrenia - type 2 diabetes signature pairs. right Specific and representative processes
from the three largest clusters on the left subfigure vasculature development, immune effector
process and reactive oxygen species and one minor cluster synapse, that showed most
frequent enrichment based on the number of scz-t2d signature pairs. Each column along the
x-axis represented one scz-t2d signature pair whereas the y-axis indicated the detailed GO

terms in the corresponding clusters linked with the arrow.

This observation might suggest the pivotal role played by immunological processes and
inflammatory responses, contributing to the comorbidity between schizophrenia and type 2
diabetes. This finding aligns with many previous studies elucidating potential molecular
mechanisms that explain schizophrenia comorbidity with diabetes [118,284], thereby

confirming the validity of our approach. Meanwhile, some clusters that were less expected
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were found in the study, such as vasculature development. Notably, angiogenesis was
identified frequently in 19 scz-t2d signature pairs’ enrichment. Previous research indicated
that dysregulation of the microvascular environment induced angiogenic molecules as well as
neuro-inflammatory response in schizophrenia patients [296,297]. Similarly, abnormalities of
vascular implicated in the symptoms of type 2 diabetes, including diabetic nerve damage,
entail alterations in the microvascular environment [298,299]. Furthermore, biological
processes related to reactive oxygen species metabolism and oxidase activities were identified
that are interdependent with inflammatory processes. The altered function of the oxidative
process was implicated in the dysregulation of lipid transportation, exacerbating diabetes
[297,300]. In addition, other processes of interest were revealed in smaller clusters. Dopamine
systems were identified in 8 scz-t2d pairs that involved 4 different schizophrenia and 3
diabetes datasets (Figure 2.12). Another cluster associated with synapse processes, including
the GABAergic system function, exhibited enrichment in five signature pairs. These findings
also documented that the GABAergic system might have interactions with pro-inflammatory

molecular processes that dysregulated immune signaling [301].

To sum up, our analysis confirmed the already-known comorbid processes identified in
previous studies that contributed to the comorbidity mechanism, such as inflammatory
processes, while also unveiling additional less-seen mechanisms such as angiogenesis,

reactive oxygen species metabolism, and GABAergic systems.

2.3.5 Elucidating and quantify the comorbid genes across schizophrenia

and type 2 diabetes

To investigate as well as to quantify the specific genes associated with the previous findings,
the exposure values of the genes contributing to the individual signatures were extracted from
the comorbid signature pairs (see Method 2.2.5). Here, we focused on the former identified
processes that were also frequently enriched in the largest clusters, namely angiogenesis,
acute inflammatory response, and reactive oxygen species, as well as the GABAergic
synapse, which were specifically investigated. After retrieving all the scz-t2d comorbid
signature pairs that showed enrichment in these terms, the top gene markers were ranked

based on their highest exposure (Figure 2.9 and Method 2.2.5). Within the signature pairs
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enriched for angiogenesis, we noted high exposure genes presented in schizophrenia and type
2 diabetes signatures, such as APLNR, NGFR, IL18, SPREDI, TYMP and HPSE, among
which APLNR, IL18, NGFR, and SPREDI, have been previously implicated in relevant
processes involved in energy metabolism, peripheral neuropathy, cell plasticity as well as
inflammatory response in both schizophrenia and type 2 diabetes patients [302—-306]. For
example, APLNR, part of the apelin APJ system, was associated with neuropathy activities in
chronic schizophrenia patients but at the same time served as a key biomarker for type 2
diabetes therapy due to its involvement in regulation of adipokines in energy metabolism,
oxygen metabolism and resistance to insulin [306,307]. TYMP, known to promote
angiogenesis and stimulate endothelial cell growth, has been found to be related to
dysfunction in endothelial systems and metabolic symptoms in type 2 diabetes studies[308],
but it has not specifically been described in the schizophrenia context from previous findings.
Instead, mitochondrial neuro-gastrointestinal like symptoms (MNGI), associated with TYMP
variants, were found in schizophrenia [309,310]. Furthermore, a GABAergic system related
gene, GABRAS, identified in scz-t2d comorbid genes, showed changes in the regulation of
neurotransmitters in psychosis and in the regulation of the endocrine system in diabetics,
respectively, impacting insulin secretion, episodic memory, and cognition [311]. Neuronal
cell-adhesion molecules such as CDH1(0 and the cadherin family were identified, which were
already shown in diabetes mellitus and neuropsychiatry such as autism spectrum disorders but

were not specifically illustrated in schizophrenia [312,313].
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Figure 2.9 Exposed gene analysis of the signature pairs. The x-axis referred to specific gene
exposure in scz signature from the scz-t2d signature pair while y-axis showed the specific
gene exposure in t2d signature from the scz-t2d signature pair. The type of genes were
annotated with different colors which adopt the same criterion as in Figure 2.7. The genes
with the highest geometric mean exposure values associated with the enriched pathways were

included in the figure.

The identified biomarker genes were further compared with the risk variants associated with
schizophrenia and diabetes traits summarized from GWAS (Figure 2.10). 33 common genes
were recognized, including VEGFA, implicated in angiogenesis and also one of the risk
variants and key biomarkers specifically responded to type 2 diabetes, and PSMBY, the

member of immunoproteasome and oxidative processes. Meanwhile, ERBB4, implicated in
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schizophrenia and crucial in the development of cortical inhibitory GABAergic circuits, was

also identified.
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Figure 2.10 GWAS variants mapping between identified genes with SNPs associated with
schizophrenia and type 2 diabetes traits from GWAS catalog database

In summary, the analysis illustrated the comorbid signature pairs linking schizophrenia and
type 2 diabetes, including acute inflammatory response, angiogenesis, reactive oxygen species
metabolism, and the GABAergic system, as well as revealed the potential representative gene
markers contributing to these processes. It is frequently observed that many of these processes
are, to some extent, associated with the immune system and inflammatory response,
suggesting they could be a central mechanism in schizophrenia and type 2 diabetes
comorbidity. These mechanisms and processes have been individually investigated in the
context of either schizophrenia or type 2 diabetes solely. My analysis consolidated the
hypothesis that the shared molecular mechanisms play a central role in the increased

susceptibility to the incidence of type 2 diabetes comorbidity in schizophrenia.

2.3.6 Establishing the schizophrenia - type 2 diabetes comorbidity

mechanism connectivity graph

To connect the putative mechanism in the schizophrenia - type 2 diabetes comorbidity,
connectivity graph was constructed utilizing a curative knowledge database developed by our
collaborator Vinay S. Bharadhwaj (see Method 2.2.6). We linked the previous identified
pivotal processes including inflammatory response, angiogenesis, reactive oxygen species,
and GABAergic system, to illustrate the specific connection and paths linking schizophrenia

and type 2 diabetes (Figure 2.11).
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Figure 2.11 The comorbidity connectivity graph linking schizophrenia and type 2 diabetes
based on representative biological processes in the previous analysis including angiogenesis,
inflammatory response, reactive oxygen species and GABA-ergic system, as query on a
literature curative knowledge database. Connections were established with hyperparameter
setting (maximal depth = 5) of the input processes. Nodes in the connectivity graph
corresponded to either HGNC genes, biological processes, other ontology terms or diseases.

Edges indicated the existence of interaction between the linked nodes.

In this map, inflammation, along with related terms such as neuroinflammation and
autoimmune, emerges as a central interconnected hub node. It is shown that the path to type 2
diabetes passed via the insulin receptor signaling pathway and multiple nodes, through /L6, to
schizophrenia. Notably, the direct linkage between schizophrenia and type 2 diabetes can be
formed via L6 and its receptor, ILO6R, suggesting its important roles. Alternatively,

schizophrenia and diabetes are also connected through multiple other nodes involved in
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processes including GABAergic neurons, oxidative stress, and neuronal plasticity. Consistent
results of genes and enriched pathways can also be found in the graph, such as TNF and /L6,

associated with the inflammatory response (Figure 2.9).

The connectivity of reactive oxygen species involved mitochondrial respiratory chains,
electron transport chains, and autophagy, which were highly related to energy metabolism.
Neuron death, cell death, and regulation of the blood-brain barrier could also be identified in
the route to schizophrenia. Angiogenesis was linked to genes such as MMP9 and VEGFA, and
further passed through the dopaminergic system, long-term potentialization and other synapse
terms to the schizophrenia destination. Interestingly, GABAergic systems were shown to have
frequent connections with other processes that are less likely to be associated with
neuro-related disorders, such as insulin resistance, which suggested their extensive role in the

etiology of type 2 diabetes [311].

Expanding upon the comorbidity connectivity graph, additional mechanisms that might play
an intermediate, but important, role were recognized. For instance, the development of the
nervous system involved regulation of neuronal plasticity and neuronal signal transduction,
and blood-brain barrier systems that included the brain renin-angiotensin module as well as
the insulin system with insulin receptor signaling regulation were observed. Combining these
findings strengthened our understanding of a complex mechanism with the co-occurrence of
these processes and connecting not only oxidative response and cell recovery, suggesting
damage and repair mechanisms as another aspect of evidence that could support the

significant roles of inflammatory processes in schizophrenia and type 2 diabetes comorbidity.

2.4 Discussion

To summarize, a new factorization approach for comorbidity modeling at the signature level
with multi-rank non-negative matrix factorization (mrNMF) was presented. The novel
framework alleviated the limitations of standard NMF by introducing ensemble-like
algorithms to identify biological signatures at different levels of rank decomposition. I used a
reciprocal best hit approach to identify signature-level-based comorbidity patterns in a large

collection of cross-condition transcriptomic cohorts. A substantial number of signature pairs
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came from pairs of different diseases, emphasizing the overlapped molecular dimension
between different diseases. The comorbidity analysis, specializing in schizophrenia and type 2
diabetes, illustrated the special roles of the inflammatory response in the comorbid incidence.
Moreover, it elucidated the close interconnection among angiogenesis, reactive oxygen

species metabolism, and the GABAergic systems with other relevant processes.

One limitation of the study is the inability to distinguish the causative effect within a signature
pair. Hence, the computation cannot evaluate the risk in a quantitative way or the proportion
of contribution to the comorbidity from each disease in the signature pair. However, the
GWAS mapping analysis in the study confirmed several gene biomarkers as shared risk
variants in type 2 diabetes and schizophrenia. For instance, NLGN/ plays an interesting role
in the extracellular matrix (ECM) of angiogenesis processes in type 2 diabetes. Moreover,
NLGN2, as well as the variants of NLGNI, were demonstrated as cell-cell adhesion factors in
the post-synaptic membrane in schizophrenia patients. Additionally, this variant was further
associated with the formation of GABAergic synapses, which inspired our findings on the
GABA-ergic systems. Moveover, as an already well-known control of our comorbidity
modelling, dopaminergic system was indicated in our analysis, covering basically all the
relevant important processes such as synthesis, secretion, transport, and metabolism (Figure

2.12).
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Figure 2.12  Dopaminergic related processes identified in schizophrenia - type 2 diabetes

comorbid signature pairs

Interestingly, the serotonergic system was not found in scz-t2d comorbidity modelling, though
it was earlier mentioned in one of the hypotheses of schizophrenia occurrence. However, the
further investigation suggested that this could be because inconsistent results were observed
regarding the role of serotonin from different studies in schizophrenia. In contrast, we
observed that serotonin and major depressive disorder tended to be more related to each other
compared to schizophrenia, and it was found that transport, secretion, and signaling of
serotonin can be identified in the comorbidity modelling between major depressive disorder

and cardiovascular diseases (Figure 2.13).

serotonin-related terms enriched
in CVD-MDD signature pairs
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Figure 2.13  Serotonergic related processes identified in cardiovascular disease - major

depressive disorder somatic signature pairs.

The clinical implication of our framework might help in several aspects. For instance, the
identified molecular factors in comorbidity modeling could be further translated to clinical
markers for specifically distinguishing schizophrenia patients with and without diabetes or
other metabolic syndrome. In addition, molecular factors associated with side effects of the
antipsychotic medications, could be identified and their potentiality on contributing to
next-generation antipsychotic drug discovery that were able to alleviate the comorbid

symptoms.
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Overall, the hierarchical factorization computational framework on the signature level
provides an alternative for cross-disease comorbidity modeling. Using the ensemble strategy
with multiple rank implementation simultaneously, it shows its capability of delineating
transcriptomic cohorts and identifying molecular signatures across different granularity,
illustrating potential contributing molecular mechanisms that underlie disease and their

comorbidity syndromes.

Chapter 3

Project 2: Cross-cohort distributed data integration

with federated factorization learning

3.1 Introduction

Innovative applications of artificial intelligence led to substantial progress in genomics,
pathology, clinical diagnosis and many other fields; however, the current data-driven models
generally accompanied the need for sufficiently large training input data to achieve sufficient
performance accuracy to further translate to practical clinical use. For example, training
disease predictive models required a large database as well as complete training data covering
biological layers involving anatomies, pathologies, and various data types [314-316].
Currently, the constant evolution of high-throughput technologies and the storage capacity
and processing power have allowed data science in industrial engineering to become more
realistic. Hence, the demand for cross-institutional collaboration in artificial intelligence is
increasing to support the explosive development of data-driven machine learning [317].
Nevertheless, two major challenges in the field of machine learning development still raised
awareness. Firstly, data governance and the privatization of data, driven by legal concerns,

stood out as critical aspects [317]. Health data, especially clinical data, was challenging to
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obtain because of its high sensitivity and was therefore tightly regulated. Despite the potential
effectiveness of data anonymization in circumventing these constraints, the removal of
clinically sensitive data, such as patient ID entities like their names and births, could
sometimes also be de-censored. Notably, computed tomography (CT) or magnetic resonance
imaging (MRI) and other imaging modalities could yield a large amount of information to
reconstruct a patient's facial features, which also challenged the work of preserving the
privacy of the participants. Moreover, the reluctance towards data sharing in healthcare could
also be attributed to commercial reasons due to the investments of time, resources, and
financial capital required for the collection, curation, and maintenance of high-quality
datasets. Secondly, the issue of lack of advanced co-analytic techniques, platforms, and
standards presented another obstacle to the advancement of this field. Though access to more
extensive training data could substantially enhance training performance, in reality, problems
such as data processing, efficient learning across distributed data, specific algorithms to

handle cross-institutional cohorts, etc.

One potential solution to address the above-mentioned challenges simultaneously is the
federated learning (FL) technique. Federated learning represents a specific class of machine
learning methods developed to address the challenge of data fragmentation while preserving
data privacy. It involved multiple client servers and users, such as research institutions or
local machines, collaborating with specific central servers in decentralized machine learning
setups. This concept was first introduced in 2016, initially applied to enable collaborative
learning from multiple devices [318]. With further extending to applications, federated
learning, to be applicable to any edge device, held promise for revolutionizing critical
domains such as healthcare. A notable example was the collaborative development of a
distributed model for COVID-19 disease diagnosis with scan data by researchers and medical
practitioners worldwide [319]. With further extension of federated learning infrastructure,
fusion of bioinformatics and medical informatics tools with a federated learning framework
also allows collaborative machine learning in many fields, such as electronic health records,
molecular identification, drug discovery, disease diagnosis, and GWAS [320-324]. Another
study investigated the feasibility of the federated learning approach for molecular genetic
studies, such as performing differential gene expression (DEG) analysis across multiple data
sources. Additional practice also highlighted its capability of handling class imbalance data

issues with a specific-designed swarm-learning (SL) model, which incorporated blockchain
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techniques in distributed ML scenarios and was then applied to large-scale COVID-19 data

analyses while ensuring data security [325].

Though the current federated learning approach has been versatile regarding their
methodology and application, the general procedure for a typical federated learning model
involves several main steps [326]. First, each server initializes a standardized global model for
subsequent local training. Second, the global model parameters were broadcasted to the client
servers or machines. The global model undergoes refinement through multiple local updates
using server-specific data, with each device executing updates independently and then
uploading encrypted gradient information to the cloud. Third, local model training where
clients will receive and keep the model's summary statistics learned from the training data.
The data server aggregates the averaged updates from the local models and disseminates them
back to the iterative updated global model. Lastly, model aggregation that client server will
send back the model parameters to the server and updated parameters are aggregated and form
the new global model. The above steps are iterated and repeated for the given times or until
the stopping criterion is met. The advent of federated learning technology holds promise for
reconciling the tension between data privacy and data sharing across distributed devices.
Given that data remains localized and is not exposed to a central server, federated learning is
particularly suitable for applications involving privacy-sensitive data, such as in healthcare or

on mobile devices where legal constraints prohibit data aggregation.

Despite numerous applications of federated machine learning developed in several critical
scenarios across a range of scenarios, it is still leaving massive gaps to be filled. For example,
a common assumption of most machine learning approaches, federated or otherwise, is that all
observed data points (e.g., individuals affected by illnesses) represent the same underlying
distribution and population, also known as the IID assumption. However, in the actual
biomedical data analysis scenario, this assumption rarely holds true since biological and
technical factors often induce modality-specific confounding effects that are challenging to
capture using federated machine learning alone. Some machine learning algorithms, such as
integrative non-negative matrix factorization (iNMF), offer a solution to this issue by
simultaneously learning patterns associated with outcomes (e.g., diagnosis) across datasets,
considering both cohort-specific and shared effects. MTL holds promise for various
applications, including comorbidity modeling, and has already demonstrated success in

disease progression analysis.

62


https://paperpile.com/c/XZ34uU/9VAJR
https://paperpile.com/c/XZ34uU/vnU6P

In this Chapter, I will describe my contribution to the development of distributed integrative
non-negative matrix factorization (dsSMTL iNMF) based on the federated learning strategy.
The goal is to identify the signal that is shared between cohorts and the one that is
cohort-specific. The algorithm is integrated into a statistical software R package called
dsMTL (Federated Multi-Task Learning for DataSHIELD) co-developed by Dr. Han Cao
(Figure 3.1), for integrative learning. As the platform that dsMTL was built upon,
DataSHIELD is a software infrastructure supporting the federated analysis of distributed data
that holds the need of privacy preservation and limited assessment under restriction of data
barriers from different research institutions throughout analysis. dSMTL package has been
deployed and divided into two repositories, including the server-side package:

https://github.com/transbioZI/dsMTL Base and the client-side package:

https:/github.com/transbioZl/dsMTLClient. First, for the design and implementation of the

algorithm, the theoretical fundamentals of the approaches, the computational workflow as
well as the deployment of the infrastructure were derived and established in order to fulfill the
prerequisites of the model practice. Next, dSMTL iNMF from the R-based dsMTL package
was developed based on the DataSHIELD platform, which is a distributed learning solution
for biomedical research to handle sensitive data. Subsequently, the feasibility and efficiency
of the model algorithms, including dsMTL iNMF in the packages, were examined in the
scenario of cross-cohort comorbidity modelling. Specifically, simulated data and real-world
data analysis were performed in different trial settings on the aspects of data heterogeneity,
disease variety and runtime. In addition, validation of the cohort-specific and cohort-shared

biological signatures was explored across the schizophrenia and bipolar disorder cohorts.

3.2 Methods

3.2.1 Datashield infrastructure

DataSHIELD is a platform designed to facilitate federated data analysis while at the same
time preserving individual-level data privacy and preventing further leakage. It comprises two
primary modules: the R programming environment and the OPAL data warehouse deployed at

each institution. The R environment was applied as the basic computational language for the
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training and analysis to initiate across the client server and central data server. Therefore,
DataSHIELD, the well-designed infrastructure and platform that was specifically developed
for R computation, facilitated the full procedure of the model implementation. With the
approach to bring the analysis to the data rather than the other way around, the operating
mechanism of the DataSHIELD involves three general steps. First, analysis requests are
submitted by the clients from client machines, or so-called analytical machines, to data
servers where the harmonized data is stored. In the second step, the analysis results, usually
the non-disclosive summary statistics of the data, is returned in parallel to the client servers.
The platform excels in importing and exporting large datasets, accommodating diverse data
types, and efficiently handling extensive datasets, such as those encountered in genome-wide
association studies that required tens of gigabytes. To support various data types effectively,
DataSHIELD incorporated various extensive-developed algorithm resources in its community,
which also facilitated the seamless communication of extensive data with the

specific-designed compressed forms.

In terms of security, to sufficiently control the risk of data disclosure, DataSHIELD considers
two different aspects, including the optimization of the software architecture itself and their
computational methods for statistics. The architecture of DataSHIELD provides several
non-disclosure mechanisms to improve the system's security, such as the firewall setting
behind it, fixed IP addresses for a specific set of clients, restrictions on communication, SSL
protocol protection of the network, and an internal R environment with limited command and
disclosure control on the server to restrict privacy information. For administrators,
permissions can be set to control access to sensitive data, but together with a limited degree of
internal function availability on the server, such as user registration for data usage, In some
cases, users could be permitted to obtain the summary results but not the data due to the
control of usable functions. With these settings, DataSHIELD can be customized to meet
different requirements for better data management. In the aspect of statistics, DataSHIELD
allowed the summary statistics to be shared based on its safety assumptions, similar to the
context that GWAS summary data are generally accessible while raw genotypes on an
individual level are not. This assumption aligned with common practices in the biomedical

field.
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3.2.2 dsMTL package

Common mathematical form shared across the methods in the dsMTL package,
L(B) + AS(0) + CR(0)

where the first term L(0) is the cost function (loss function) for the determinant of the model
training and testing solutions and the inside argument 0 represents the model parameters. The
other two terms refer to the restriction implementation of 6, which could be further
customized by the users depending on the needs, such as adding prior knowledge and
information to constrain the parameter sets. For example, here, S(0) is smoothing
regularization to stabilize the training while X(0) is for sparsity constraint. And A and C are

the hyperparameters to tune for the magnitude of the regularization effect.

Built on the above consensus fundamental mathematical form, four federated machine
learning algorithms were developed and optimized which includes three supervised learning
and one unsupervised learning algorithm. The algorithms were designed and improved from
former well-known non-federated machine learning approaches such as Lasso, NMF, etc.
Here we specifically introduced the factorization based federated learning technique
dsMTL_iNMF which was originally integrative non-negative matrix factorization (iNMF)
applied to integratively factorize multi-view data into various latent factors, in other word,
signatures , including cohort-specific and cohort-shared signatures. The integrative
non-negative matrix factorization was used for data integration, clustering and biomarker
discovery for multiple cohorts simultaneously. However, as other integrative algorithms that
required data pooling in the same environment, integrative non-negative matrix factorization
was not capable of handling physically distributed data. Therefore, a federated optimized
version of the algorithm is on the demand. In the next section, the mathematical basis, the

algorithm practice and novel training mechanism would be introduced.

3.2.3 Federated integrative factorization

Integrative non-negative matrix factorization (iNMF) is an unsupervised machine learning
algorithm for discovering the hidden structure in heterogeneous as well as homogenous in
high-dimensional biological data. We developed dsMTL iNMF algorithm by adapting the

federated analysis with DataShield infrastructure on the iNMF with the aim of collaborative

65



learning while preserving the data privacy. Currently this distributed algorithm has been
integrated in a R package namely dsMTL. In Figure 3.1, the architecture of dsSMTL iNMF
was shown, with the example of three data matrices stored in three warehouse servers being
decomposed and factorized simultaneously. During the implementation, the shared
decomposed matrix H (rows are features while columns are ranks), cohort-specific
decomposed matrices V (rows are features while columns are ranks), and W (columns are

samples while rows are ranks) would be generated. The loss function was shown below.

t t t
2 2
R CR R AUATE RN ATAREN>

W,
k=1 Ky

1

The linear addition of H and V enabled the model to delineate cohort-specific and cohort
shared after iterative training and optimization, in which H identified the cohort shared

homogenous factors across cohorts whereas I/ distinguished the cohort-specific heterogeneous

t

: . . 2
factors solely responsive to each cohort respectively. The regularization Y, ||Vka||
k=1 F

allowed the magnitude of heterogeneous factors, on the other hand, also the degree of

t

homogeneous factors to be identified in the model. Additionally, |Wk| was applied to
k=1 1

tune the coefficients of sparsity in the model.
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Figure 3.1 The communication across different physically distributed servers (client-data

and client-client) of dSMTL iNMF algorithm built on integrative learning architecture

In the context of distributed learning, the cohort-specific variables Wk and Vk were updated
on server k. The updating equation of Wk and Vk in dsMTL iNMF is the same as the

multiplicative update functions in the original non-distributed version of integrative NMF,
shown in the below formulas [223]. The homogeneous matrix H is updated on the client after
receiving summary statistics from all servers, where these statistics were non-disclosure and
calculated on the server. Followed by the aggregation of the intermediate matrices, the client
updated H and continued the training on a new iteration. To preserve data privacy from
leakage during the training, only the homogeneous matrix H is returned. Below we
summarized and demonstrated the algorithm solver for dsMTL iNMF and the update

mechanism.
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As the formulas demonstrated, the parameters and matrices were updated iteratively based on
the above operations. In the federated integrative factorization approach, the cohort-specific

heterogeneous matrices Wk and Vk were updated on data server k respectively while the

cohort-shared homogeneous matrix H was optimized on the client-side after retrieving
summary statistics from all data servers. Based on the updating function for matrices above,
we showed the final updating formulas for H with server information informed below, which

is consistent with the illustration of communications across clients and data servers in Figure

3.1.

server (XIW:) + ...+servert(X WtT)
t

H < H._ - m
Y Yy serverl((H+V1)W1W1)+...+servert((H+Vt)WtWt)

i,j

Therefore, the solver of the dSMTL iNMF algorithm was illustrated by each step in Table 3.1

as follows.

Table 3.1 Schematic illustration of dsSMTL_iNMF solver

Solver of dsMTL_iNMF algorithm

input: >0, A_s>0, maxIter>0, H, W_1...,.W t, V...V t
output: H
for i=1 to maxIter do
update H on client
send H to all servers
update W_1...,W_ton data server 1,...,k
update V_1...,V_ton data server 1,...,k

send summary statistics H back client server

If termination rule met,
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return

end for

During the model optimization of dsSMTL iNMEF, a specific termination rule from the ButchR
package was applied to evaluate the convergent state of the algorithm, as shown in Figure 3.2
[327]. The new method assigned each sample to a clustering membership by

G = argarg |H l,j| after every iteration of training. The optimization of the model training

would stop when clustering membership assignments for samples remained constant for a
given number of additional iterations. In the default setting of our algorithm, the number of
iterations for the model to be seen converged is 10. At this point, the assignment of clustering
memberships were regarded as stable. The underlying assumption is that as an integrative
unsupervised learning method, integrative factorization aimed to achieve a state that the
clusters succeeded in capturing sufficient small variance within the same cluster while

maximizing the variance across different clusters.

iteratively weight update

[ p!

H+V .
= — | signature

dsMTL_iNMF ||| assignment
data matrix = | ﬂ —
|

N y

Figure 3.2 The optimization and termination rules based on stable cluster membership

Optimization terminated when
I samples were converged

to the same signature for

a given number of iteration

assignment.

Overall, the full training process of dsSMTL iNMF is provided below in Table 3.2. Distributed
solver algorithms were illustrated for within every single epoch or iteration while the

distributed model training demonstrated the model training process.
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Table 3.2 Full training procedure of dsSMTL_iNMF algorithm

Full training procedure of dsMTL_iNMF

input: 2>0, A_s>0, maxIter>0, nlnitialization, rank, {X 1, ...X k, ... X t}

output: H 1,H 2, ...

for i= 1 to nInitialization do

initialize H_i~U_(nXrank) (0,1)

for each k do

initialize V_k~U_(nxrank) (0,1)
initialize W_k~U_(rankxp k) (0,1)

H_i=dsMTL_iNMF Solver (A=A, A_s=\_s, H=H i, {W_1, .., W _t},{V_1,...V_t})

end for

3.2.4 Data key mechanism

The DataSHIELD infrastructure provides the general security mechanisms for the framework
and machine learning application. For our model dsMTL iNMF, additionally, we
implemented and examined an extensive algorithm developed by the collaborators to potential
machine-learning-specific privacy leakage issues. For instance, membership inference
attempts to select or de-select specific individuals in the training dataset using the model
whereas inverse attacks were able to retrieve the meta information on individual level from
the models [328,329]. Since dSMTL_iNMF might return multiple matrices in the intermediate
phase of the model training, which could expose the model to these attacks. Therefore,
dsMTL iNMF only allows the homogenous matrix H to be retrieved in the intermediate step,
whereas the heterogeneous matrices Vand W stay in the remote data server, to avoid the
exposure of the full model. Another purpose is that, among all the decomposed matrices, only
one intermediate parameter matrix would be returned. The proportion of accessible
information would decrease dramatically with the increased number of cohorts, e.g. 1 out of 5

in two servers setting, and 1 out of 9 in four servers setting. The incompleteness of the model
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made the inverse inference of the input data difficult, so that the cost of inverse inference and

other attacks increased in the end.

In addition to the previously mentioned fact that existed internally in the model algorithm, a
new data key mechanism was developed as an additional barrier for the situation that specific
authorized clients were allowed to actually access the data in the server (Figure 3.3). There
are several reasons to add this mechanism given that DataSHIELD has already provided a
relatively safe environment for distributed learning. For example, the new data key
mechanism extended the utilization of original DataSHIELD that self-defined functions are
not able to obtain identity information from the clients. Secondly, it added another gate to
improve IP security when specifying the client identity in DataSHIELD and ensured the
safety when special client requests were made such as accessing all results during biomedical
analysis. This mechanism as shown in Figure 3.3 allows the authorized clients to safely
receive the factorized matrices identified by the federated integrative factorization from the
server upon their request. For the implementation in practice, two separated keys are
generated by the administrator, of which one, so-called local key, is kept in the key database
whereas the other one, namely the remote key, will be authorized to the specific clients in the
list. Clients who own the remote key are regarded as the data provider that ‘owns’ the data in
the data server, so that they can access the originally limited data generated from federate

learning methods.

Local key
Remote key ‘ Local key
Remote key

Trustworthy Client > Server

Figure 3.3 The data key mechanism for providing additional access to the specific clients
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3.2.5 Generation of simulated RNA-seq count data

The structure of general RNA-seq count data followed a Negative Binomial distribution (NB
distribution) pattern [330]. To simplify in our following study, simulation was performed
under the two servers settings. Various degrees of data heterogeneity were assigned to the test
simulated data (20%, 40%, 60% and 80%). To specify, the magnitude of data heterogeneity
represented the proportion of diagnosis-associated genes that were shared across different
cohorts. The data simulation is composed of the following procedures with the configuration

and parameters in Table 3.3.

Table 3.3 Configurations of data simulation for each cohort including proportion of sample

size, genes, and the sampling distribution parameters

cohort 1 cohort 2
samples diagnosis-case 0.5 0.5
diagnosis-control 0.5 0.5
genes background 0.5, 0.5,
Nbexnl(rzza p:03) Nbean(rzza p:03)
homogeneous Py, Py,
NBe y nai(r=2, p=0.002) NBie x na2(r=2, p=0.002)
heterogeneous 1-Py,, 1-Py,,
Nst x ndl (rzz, p:0002) Nst X ndZ(rzza p:0002)

In the first step, two simulated data matrices (each server stored one single cohort ) would be
initialized, and background data was sampled from the negative binomial distribution with r =
2, p = 0.3. In each simulated data matrix, rows are the gene dimension whereas columns are
the different sample size. Then, a specific proportion of genes and samples was selected as
diagnosis-related genes and diagnosis-case samples. Here, the percentage of
diagnosis-associated genes and diagnosis-case samples were set to 0.5 for all cohorts. In the
next step, within the diagnosis-associated genes, cohort-specific heterogeneous genes and

cohort-shared homogeneous genes were set based on the configuration provided in Table 3.3
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where the proportion of homogeneous genes represented the different degree of data
heterogeneity. For the genes marked as either homogeneous and heterogeneous, the gene
effects were sampled from the negative binomial distribution with r = 2, p = 0.0.002, and
further added to the background data. To note, the heterogeneous genes in different cohorts
would not be overlapped, while the homogeneous genes were the same. Overall, a simplified

illustration was provided as below in Figure 3.4.
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Figure 3.4 Scheme of simulated RNAseq count data generation

3.2.6 Simulated data analysis

To evaluate the feasibility and utility of dsMTL iNMF, cross-cohort model implementation
was performed by sampling simulated data. To better testify the performance of unsupervised
algorithm dsMTL _iNMF on recovering the cohort-specific and cohort-shared factors embed
in the simulated data matrices, assumption was made that diagnosis-associated factors was the

addition of the cohort-shared factor and two cohort-specific factors in the following analysis.

Following the data generation steps described in Method 3.2.5, two simulated cohorts with

RNAseq count like data were sampled. In the data, diagnosis-unrelated genes and
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diagnosis-related genes were marked, within which cohort-specific and cohort-shared factors,
or so-called signatures were specifically generated, together with annotation of each gene in
the meta table. The comparison was made between dsMTL iNMF with the standard local
NMF and the ensemble of local NMF, using the identification accuracy of the
diagnosis-related genes, including cohort-specific genes and cohort-shared genes as criterion

under various settings shown in Table 3.4.

In detail, the cohorts were initialized with 200 samples and 1000 genes, 0.5 proportion of the
the genes were chosen as diagnosis-unrelated genes while the other 0.5 proportion were
selected diagnosis-related genes. Depending on the proportion of homogeneous effect in
Table 3.4, the number of cohort-shared and cohort-specific genes and signatures varied, in

this test, from 0.2 to 0.8 were examined.

Table 3.4 Configurations of simulated data structure in the evaluation

index proportion of number of number of number of proportion of
homogeneous samples genes diagnosis-related patients
genes/signatures genes/signatures
1 20%
200 1000 500 50%
2 40%
3 60%
4 80%

As demonstrated in the Method 3.2.3, three factorized matrices would be computed in the
result including cohort-shared gene signature H, cohort-specific gene signature V and
rank-sample matrices W. Utilizing the rank-sample matrices W, we evaluated the association
of each gene signature in H as well as VV with the diagnosis effect and outputs the weights for
each of the gene signatures. By conducting weighted sum on the genes across all the
signatures in the factorized matrices, the predicted gene values would be obtained which
represented the gene effect to the signature. Then the predicted genes in the signature were
categorized by being binarized compared to the mean value. The gene values were converted

to 1 if exposure values of that gene are larger than the mean, or 0 if their values are smaller.
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The responsive genes within the signature would be highlighted by this conversion. To
measure the gene identification, we computed the accuracy between these predicted genes
with the ground truth, which was annotated in the mata table when simulating the data

matrices.

With the above metric, assessment was performed on the factorized matrices from
dsMTL iNMF, including dsSMTL iNMF-H, dsMTL iNMF-V1 and dsMTL iNMF-V2, which
referred to the cohort-shared gene signature, cohort-1-specific gene signature and
cohort-2-specific gene signature respectively. Similar operation was performed on results
obtained by applying the standard local non-negative matrix factorization (NMF), which
included three matrices as well, local-NMF1, local-NMF2 and NMF-bagging. Different from
the output from dsMTL iNMF that the homogeneous matrix was predicted directly,
NMF-bagging identified the cohort-shared gene signature by aggregating cohort-specific gene

signature and then binarizing and converting to the cohort-shared genes.

3.2.7 RNA-seq data for dSMTL_iNMF

To verify the actual performance of dSMTL iNMF on the real-world biomedical data, two
RNA sequencing cohorts were used, including one schizophrenia (GSE164376) and one
bipolar disorders (GSE134497) dataset, retrieved from the GEO database for the analysis
[331,332,333]. Feasibility as well as the computational time of the model were evaluated
using two data servers, and the personal laptop was used as the local client server. This
analysis aimed at identifying the cohort-shared and cohort-specific gene signatures across the
two cohorts. As shown in Table 3.5, the two data servers were set up in Mannheim and
Heidelberg respectively, with all the necessary DataSHIELD implementation as well as
algorithms deployed. We applied dsMTL iNMF to train the model based on the two datasets

and record the time-consumption.

Table 3.5 The configurations of the servers used for real data analysis in details.

Server number Server 1 Server 2
Location Heidelberg, Germany Mannheim, Germany
Hardware CPU Intel Xeon 2.4 GHz 17-4790 3.6GHz
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Memory (RAM) | 4G 4G

GEOID GSE164376 GSE134497
Size of subjects 17 16
Size of genes 15215 15215

3.2.8 Biological interpretation with enrichment analysis

To further explore the identified gene signatures, the pathway enrichment analysis was
applied to interpret both the shared and the disease-specific genes. From the DisGeNET
database, the disease-relevant genes were retrieved for schizophrenia and bipolar disorders
and then overlapped with our selected gene signatures [334]. The resulting genes were used as

gene enrichment analysis with R package clusterProfiler [335].

3.3 Results

3.3.1 Federated learning infrastructure

Research in the field of biomedicine increasingly depended on large-scale data analysis or the
integrative analysis across multiple large-scale cohorts simultaneously. However, the access to
the individual level data that is sensitive, might raise severe legal issues due to the diversity of
the increasing data amount which also involved names, birth, facial id and other private data.
Therefore, techniques that allowed the researcher to query on as well as utilize the data in a
restricted mode were constantly being developed. One example is DataSHIELD, which
offered a novel solution to facilitate the availability of data training by sending the analysis
from the client to the data, rather than sending data to the analysis. We established a new
environment that can optimally fuse large-scale data that is physically distributed while
ensuring the data security during cross institutional collaboration. We applied a federated
learning architecture (Figure 3.5), together with distributed machine learning algorithms that
can be applied across multiple institutions. In this study, I developed dsMTL iNMF
combining a federated machine learning infrastructure with integrative non-negative matrix

factorization (iNMF), which enables us to perform cross-cohorts and multimodalities
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factorization to further identify shared and specific signatures. dSMTL iNMF was part of the
algorithms in dsMTL R-based packages. The federated algorithm based on the architecture
not only fulfilled the requirement of data privacy preserving, but also outperformed its job at
finding homogeneous factors across heterogeneous data. The implementation followed the
idea that instead of sending the data to the analysis, the analysis would be sent to the data
server from the clients. Summary statistics is returned for downstream analysis while
preserving safety of data from being accessed. Specifically, for an integrative learning
algorithm to discover heterogeneous and homogeneous factor across multiple cohorts
dsMTL iNMF, weights matrices are initialized respectively in the remote data server, while
during training and updates, only the intermediate shared matrix is transferred to learn the
common factor in multi-cohorts. The novel data key mechanism adds another barrier to
restrict action related model training. Moreover, to increase the computation speed, the
number of digits of parameters was limited to relieve the data transfer burden as well as
additional termination rules were applied. By implementing, the training procedure can be
relaxed while the regularization depth can be minimized. After training, the three output
matrices are learned and generated, including two cohort-specific matrices and one
cohort-shared matrix. These matrices discovered the heterogeneous and homogeneous factor
embedding from the input dataset. Additionally, matrices are stored in the data server without
permission of retrieval by clients. However, further analysis requests could be sent, such as
enrichment analysis, of which the results and outcomes would be returned instead. Overall,
dsMTL_iNMF and dsMTL facilitate research in various aspects. The federate implementation
enables the integrative analysis of sensitive data. It shows promising usage for research
groups and consortiums to easily handle the data without processing additional steps
involving privacy, security, regulations, and administration. Furthermore, it was also useful in
the situation that cohorts, especially the collection of multiple large-scale multi-omics data,
were over-size and time-consuming to transfer or distribute to other collaborators and

institutions.
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Figure 3.5 The overview of the federated learning package for distributed data, dsMTL, and
the illustration of the internal unsupervised algorithm dsMTL _iNMF.

3.3.2 Simulated data analysis and performance evaluation

To evaluate the dSMTL iNMF performance on the standardized RNA-seq data without bias,
we introduced a data simulation strategy that generated an RNA-seq dataset sampled from the
negative binomial distribution that followed the data pattern of the RNA-seq count. Our data
simulation protocol contains four steps. First, the background data for each subject i and each
gene j was sampled from the negative binomial distribution, since the RNAseq count data was
observed to follow this pattern. Second, 50% of subjects were randomly selected and
annotated as patients for perturbation. Similarly, 50% of genes were randomly marked as
outcome-unrelated genes, while the rest were recognized as heterogeneous and homogeneous
genes (the proportion varied in the test), where homogeneous genes represent shared
signatures across cohorts, whereas heterogeneous genes correspond to cohort-specific
signatures. In the next step, the effect of heterogeneous and homogeneous signatures were
modulated by adding the signature effect as sampled from NB(r = 2, p = 0.002) to the
background data of specific groups. In the end, meta table was generated by summarizing the

annotations of genes and individuals above.
With the above data simulation strategy, a two-server scenario was simulated. For every

server data, 200 subjects and 1000 features were generated; 0.5 proportion of features were

diagnosis-unrelated, while the other 0.5 were diagnosis-related signatures. The homogeneous
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gene signatures were commonly chosen across data on different servers, and the
heterogeneous signatures were not overlapped. 0.5 proportion of the samples were identified
as diagnosis control samples, while the other half were diagnosis cases. Under four different
settings regarding the proportion of homogeneous signatures, from 20% to 80%, evaluation

was performed. Details are shown in Table 3.1.

In this case study, the dSMTL iNMF and local standard NMF, namely ensembled NMF were
compared regarding the accuracy of hidden structure identification on heterogeneous
RNA-seq data. To assess the performance of the signature stratification of homogeneous and
heterogeneous signatures in parallel, we applied the following comparison approach. The
implementation of dsMTL _iNMF predicted three factorized matrices: the homogeneous gene
signature matrix H, heterogeneous gene signature matrices V and rank-sample matrix W,
where H and V represented the stratified profile of homogeneous and heterogeneous
signatures. To identify the diagnosis-associated signatures, the association was computed
using rank-sample exposure matrix W and the diagnosis group in the meta table and was
maximized, leading to identification of the diagnosis-associated gene signatures. The gene
exposure linked by this hidden factor was identified as the final profile of heterogeneous and
homogeneous signatures. To quantify the set of signatures, the profile was binarized following
the conversion described in Method 3.2.6. Using this metric, factorized outputs from
dsMTL iNMF, including dsMTL iNMF-H, dsMTL iNMF-V1 and dsMTL iNMF-V2,
referring to the homogeneous, cohort 1 specific and cohort 2 specific gene signatures. A
similar strategy was applied for the ensembled NMF, where NMF-bagging, local-NMF1 and
local-NMF?2, representing the shared and specific gene signature respectively (see Method

3.2.6).

I implemented performance evaluation on the gene signature accuracy of dsSMTL iNMF and
local standard NMF methods for disentangling cohort-shared and cohort-specific signatures
from multiple cohorts, with different magnitudes of data heterogeneity, as demonstrated in
Figure 3.6. The results illustrated the performance in separating homogeneous signatures
from heterogeneous signatures in cohorts using the federated integrative factorization
approach dsMTL iNMF. For both homogeneous and heterogencous signatures,
dsMTL iNMF received a better accuracy compared to the local NMF models regarding the
gene signature accuracy, showing its capability of recovering the correct types of

cohort-specific and cohort-shared genes. Especially, along the increment of the
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heterogeneity’s severity, the accuracy obtained by applying dsSMTL _iNMF stayed relatively
stable, illustrating the robustness of dSMTL iNMF against the data heterogeneity. For the
ensemble of local NMF, along the increment of the heterogeneity’s severity, the accuracy of
homogenous identification was continuously decreased until ~50% (20% homogenous
signatures), while the accuracy of heterogeneous identification was continuously increased to
75% (20% homogenous signatures). This suggests that ensembled NMF was only able to
jointly learn the feature pattern directly in a limited manner whereas dsMTL iNMF can learn
the specific as well as shared feature pattern directly from the heterogeneous matrices (V) and
homogeneous matrix (H) in a collaborative as well as federated way across cohorts in

multiple servers.
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Figure 3.6 Evaluation of model performance with gene identification accuracy on
predicting the cohort-shared and cohort-specific gene signatures. left The predicted gene
accuracy of cohort 1 specific signatures. middle The predicted gene accuracy of cohort 2
specific signatures. right The predicted gene accuracy of shared signatures. Local-NMF1,
Local-NMF2 and NMF-bagging showed the cohort-specific predicted gene signatures and
cohort-shared gene signatures, whereas dsMTL iNMF-V1, dsMTL iNMF-V2 and
dsMTL iNMF-H represented predicted respective results by applying dsMTL iNMF
algorithm. The x-axis indicated the proportion of shared genes in the simulated data from 20%
to 80%, showing the gene heterogeneity. The model parameter rank =4 was used in the above

evaluation.

Meanwhile, the performance of dSMTL iNMF under different hyperparameter settings was
also examined with rank k=5 and k=6. Similar results were obtained as Figure 3.7 illustrated

below.

cohort 1 - specific signatures cohort 2 - specific signatures shared signatures

1.00 1.00 1.00

0.75 0.75 0.75

0.50 0.50 0.50

0.25 I 0.25 I I 0.25

0.00 0.00 0.00
20 % 60 % 80 %

40 Y 60 % 80 % 20 % 40 % 20 % 40 % 60 % 80 %

1.00 1.00 1.00

0.75 0.75 0.75

0.50 0.50 0.50

0.25 I 0.25 I 0.25

0.00 0.00 0.00
20 %

40 % 60 % 80 % 20 % 40 % 60 % 80 % 20 % 40 % 60 % 80 %

Gene identification accuracy

B oca-nmr B ocai-nvrz B "MF-bagging
dsMTL_iINMF-V1 dsMTL_iNMF-V2 dsMTL_iNMF-H

Size of the shared signature relative to the entire signature

81



Figure 3.7 Evaluation of model performance with gene identification accuracy on
predicting the shared and specific signatures using simulated data under different
hyperparameter settings. top The training model parameter rank =5 was used. bottom The

training model parameter rank = 6 was applied.

3.3.3 Real-world data analysis and signature discovery

For real-world case study, I implement an evaluation of the computational speed as well as
further biological enrichment analysis. Cross cohort integrative analysis for identifying
heterogeneous and homogeneous gene signatures was conducted on schizophrenia and bipolar
disorder. The computational efficiency test indicated that the dsMTL iNMF ran in 34.9
minutes with 1,003 network accesses in total to infer the factorized matrices, with 7 min for
each round of initialization with the hyperparameter rank number k=4 applied. As for the
biological interpretation of the identified gene signatures, I performed an over-representation
analysis. Shared gene signatures with 473 comorbid genes across schizophrenia and bipolar
disorders were identified, while schizophrenia-specific signatures with 37 genes and bipolar
disorder-specific signatures with 152 genes were extracted, respectively. In the result of
enrichment, the shared gene signatures were significantly linked to pathways relevant across
psychiatric disorders, such as transmission across chemical synapses and neuronal systems
(Figure 3.8 and Supplementary Table 3.1). Previous evidence showed consistency with the
neurobiological mechanisms found in this study, involving synaptic neurochemical systems,
not only in schizophrenia and bipolar disorders, but in various major psychotic disorders such

as depression [336-339].
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Figure 3.8 shared pathways across schizophrenia and bipolar disorder

For the schizophrenia-specific signature, nonsense-mediated decay (nmd) factor, and others.
Nonsense-mediated decay factors were shown to be associated with various
neuro-development disorders by influencing regulation of neural development, the
differentiation of neural stem cells, cognition processes and synaptic plasticity (Figure 3.9
and Supplementary Table 3.2). The dysfunction of nonsense-mediated decay impaired
differentiation decisions that led to nerve-related disorders. Previous studies observed that the
impairment of NMD showed correlation with schizophrenia, but also amyotrophic lateral
sclerosis, intellectual disorder (ID) and autism spectrum disorder (ASD). To our best
knowledge, the nonsense-mediated RNA decay was hardly identified in the bipolar disorder
research, compared to schizophrenia [340]. We also found that EIF2AK4 senses amino acid
deficiency specifically responded to schizophrenia, though some of the mendelian
randomization analysis also suggested that EIF2AK4 could be a druggable target to regulate

stress conditions and alter the cellular homeostasis [341,342].
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Figure 3.9 Specific pathways in schizophrenia against bipolar disorder

Additionally, the pathways linked to bipolar-specific signature included ion homeostasis and
chaperon related processes, which have previously been associated with the illness (Figure
3.10 and Supplementary Table 3.3). Specifically, it was found that over three-fourth of the
genes associated with bipolar disorders are related to ion dysregulation [343,344], however
way less evidence could be found regarding the role in schizophrenia. Clinical trial evidence
suggested that chaperones proteins from the endoplasmic reticulum stress response system in

bipolar I patients were treated as putative targets as mood stabilizers [345].
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Figure 3.10 Specific pathways in bipolar disorder against schizophrenia

3.4 Discussion

In this chapter, an extended version of factorization-based method dsMTL iNMF was
introduced, that has also been integrated into a security-preserving, federated learning
package in R, dsMTL, with DataSHIELD as an underlying framework for distributed data
analysis. dsMTL facilitates research inquiries that pose challenges to conventional machine
learning methodologies, particularly in identifying heterogeneous patterns and signatures
across multiple cohorts. The specific federated designed framework further allowed the
approaches in the packages to handle tasks across cohorts that were physically distributed in
different locations. The deployment of a privacy protective infrastructure for the extensive
and adaptive application of dsSMTL iNMF is crucial for its widespread adoption on a large
scale. Through the utilization of such a distributed server configuration, our study exemplified
the application and efficacy of dsSMTL iNMF in discerning biomarker and signatures under
both simulation and real-data context. In scenarios where the biomarker patterns under
investigation vary while sharing an overlapping set of features, conventionally employed

machine learning algorithms may lack relevance. Notably, one application of dsMTL iNMF
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lies in comorbidity modeling, where the identified signatures delineate the shared biological
underpinnings among multiple clinically comorbid conditions, complementing the other
previously released approaches based on univariate statistics. Additionally, our examination
revealed the actual communication of dsMTL iNMF across multiple servers which were
located in Heidelberg and Mannheim separately. In our analysis, it was observed that an
increasing subject population correlated with a reduction in communication costs for
federated MTL methodologies. This phenomenon may be attributed to the enhanced
efficiency in identifying shared effects among tasks within a larger sample. Furthermore, our
empirical analysis illustrated the ability of dSMTL _iNMF to capture biological meaningful
gene signatures with cohort-specific and cohort-shared disentanglement. It was demonstrated
that dSMTL iNMF held promise in disentangling shared effects from cohort-specific effect,
thereby suggesting its potential utility in comorbidity analyses and other applications, such as
exploring biological patterns across diverse single-cell measurements. In terms of the
language, R was used as the primary environment for dsSMTL iNMF and other approaches in
the dsMTL package to ensure compatibility with DataSHIELD platform, but also for future
extension with other practices in the DataSHIELD community. This concept allows flexible
implementation for clients as well as future developments. Given the vast array of published
packages available on the comprehensive R archive network, our development strategy favors

a broad adoption of dsMTL.

Being a distributed system, dsSMTL iNMF faces several challenges. These limitations also
commonly exist in the field of federated learning. In the first place, the overheads during the
data transfer and data communication are the bottlenecks in most of the federated learning
methods. Previous work tried to tackle this limitation by either developing novel algorithms
involving data compression or by optimizing the data transmission between client and remote
server [346,347]. A further issue is the heterogeneity of the systems and data stored in the
server that might affect the performance of the federated learning models, where solutions
such as FedAvg-based methods might solve these limitations [348,349]. Moreover, the attacks
on central server or local client server or even by any user inside the system could still occur
even with the well-establishment of the infrastructure. In this study, the new server key
mechanism was introduced to prevent the situation to a large extent. However, awareness and
attention should still be made in the further development. For instance, one solution is to
complicate the privacy protection strategy in servers by providing different safety protocols

on different servers [350]. On the other hand, defense on data poisoning attacks should be
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prepared, where this type of attack imposes the contaminated data to the data server or other

client servers [351].

Future developments of the federated learning approach address different aspects. For
efficient computation, the implementation of asynchronous gradient descent could provide a
faster convergence to the model approximation. Alternative computing language and machine
learning framework could be considered such as python based tensorflow and pytorch that
largely extend the potential application of DataSHIELD system, as well as bottom level C++
based framework which substantially increase the computation efficiency. Regarding the
adaption of the federate learning to other algorithms, recent interest guided the researcher
towards the field of one-shot federated learning, a method where the final model can be tuned
and optimized in only one single round of data transfer and communication which largely
released the potentiality of federated learning application due to the previous mentioned
overheads limitation [352]. A distilled one-shot distributed learning approach was proposed to
address the communication overheads by aggregating the gradients to bulk [353].
Factorization approaches inspired by this concept of one-shot learning were developed, such
as FedMF with stand matrix factorization and Fedsplit with joint NMF on federated
recommendation systems and [354,355]. Incentive mechanisms are also crucial for
encouraging device participation in federated learning. While current federated learning
approaches operate under the assumption that devices will cooperate without considering
rewards, practical scenarios necessitate economic compensation for participation.
Furthermore, asynchronous federated learning with training and data transfer running
asynchronously is essential to accommodate systems and magnitudes of heterogeneous data,
including already published works such as VAFL and SAFA [356]. Unlike FedAvg, which
operates synchronously, asynchronous averaging techniques can adapt more client servers and
perform parameter updates with time gaps. Asynchronous factorization models such as
ADMF (asynchronous distributed matrix factorization) was also developed for collaborative
filtering [357]. To address the constraints on widespread adoption due to the asynchronous
arrival of parameters from client servers, blockchain-based frameworks for federated learning
have been proposed by various works, including BAFL, PPFchainm, HBFL and block-chain
based matrix factorization BMF [358-361]. These frameworks leveraged the decentralized
nature of blockchain networks, enabling devices to collaboratively learn without the need for

a central aggregator.
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To conclude, the dSMTL iNMF and dsMTL federated learning package was developed to
provide a versatile and extensible framework for privacy-preserving and distributed analysis
across multiple data institutions that were physically located remotely. dsMTL iNMF
benefited from the standard integrative factorization, with the ability to distinguish
cohort-specific and cohort-shared effects across multiple cohorts. The case study proved its
practical application on comorbidity modeling and clinical outcome prediction from different

sources, as well as the future potential application on large-scale biomedical collaborations.

Chapter 4

Project 3:  Genotype-to-function  association
prediction based on extended application with

interpretable factorized autoencoder architecture

4.1 Introduction

Genotype data embed the comprehensive genetic information characterizing an individual's
genome, detailing the allelic composition at various loci regions across their DNA. It serves
as a comprehensive record of the genetic variations present within an organism's genome,
encompassing a diverse array of alterations ranging from single nucleotide polymorphisms
(SNPs) to larger structural variants [21,362]. These variations, scattered across the genome,
contribute to the genetic architecture that brought heritable influence as well as phenotypic
patterns of human populations, including patterns of genetic diversity, population structure,

and evolutionary history [25,363,364].
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Generally, genotype data was used to find associations between genetic variations and traits,
thereby unraveling the complex genetic architecture governing biological diversity and
disease predisposition [365,366]. Specifically, genome-wide association studies (GWAS)
represent a powerful analytic tool for uncovering genomic associations by systematically
comparing the genotype data of individuals with a particular phenotype (e.g., disease status,
trait, etc.) to that of healthy controls [367]. By identifying genetic variants susceptibility,
GWAS facilitates the downstream analysis such as the understanding of transcriptomics,
proteomics or biological processes, the discovery of potential targets and biomarkers that can
be further developed for disease diagnosis, prognosis, and treatment. Genome-wide
association studies were broadly used in a wide range of trait specific studies, such as those
complex disorders like type 2 diabetes, cardiovascular diseases, metabolic syndrome and
psychotic disorders [82,368-370]. One commonly-used tool for GWAS is called PLINK
[371]. To perform, GWAS generally involves three major steps including, quality control to
filter out the SNPs and individuals, association test and post-GWAS analysis. Quality control
cleaned the original dataset due to issues related to existence of missing values, linkage
disequilibrium (LD) where redundant SNPs at the same chromosome with high correlation
required to be pruned, etc. The subsequent association test performed linear regression to
estimate association between SNPs and specific phenotype, followed by multiple testing
correction and generated the summary statistics that record the results for each SNPs such as
effect size that represents the magnitude of genotype-phenotype association, P value, etc.
After that, the post era of genomics research, also known as post-GWAS analysis (pGWAS)
was conducted advancing pace from discovering association variants with phenotype to
additional objectives, including fine-mapping identification of lead SNPs that are with most
significant functional influences on the phenotype, calculating the polygenic risk score (PRS)
using effect size for summary statistics to quantify the heritable risk of a specific phenotype
into a score. In addition, another important type of post-GWAS analysis to build further
association to enhance the interpretability as well as annotation of the variants, such as
inferring genotype-transcriptomics-phenotype association in transcriptome-wide association

studies (TWAS), etc. (Figure 4.1).
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Association studies in post-GWAS analysis have been developed to combine the original
genotype-to-phenotype prediction with other modalities such as transcriptomics and
proteomics, in order to improve the annotation of the variants as well as to better understand
the relationship between genotype and phenotype. For instance, transcriptome-wide
association studies (TWAS) and proteomics-wide association studies (PWAS) represent two
innovative approaches in the field of genomics and bioinformatics, aimed at elucidating the
linkage between transcriptomic profiles and complex traits and phenotype [372,373]. TWAS
leverages transcriptomic data to uncover associations between molecular expression patterns
with phenotypic traits of interest. Unlike genome-wide association studies (GWAS) which
focus on genetic variants, TWAS integrates information from gene expression data obtained
from diverse tissues or cell types to identify genes whose expression levels are correlated with
specific traits or diseases. By leveraging large-scale transcriptomic datasets, TWAS enables
researchers to prioritize candidate genes and pathways underlying complex phenotypes,
thereby providing valuable insights into the molecular mechanisms driving disease
susceptibility or phenotype variability. Similar to transcriptome-wide association studies
(TWAS), proteomics-wide association studies (PWAS) aim to elucidate the relationship
between protein abundance or modifications and complex traits or diseases. PWAS harnesses
high-throughput proteomic technologies to systematically interrogate the proteome across
diverse biological samples, such as tissues, cells, or biofluids, in association with phenotypic
traits or clinical outcomes. In addition, another novel concept of pathway-wide association
studies PaWAS (or so-called gene-set analysis of GWAS) extends the concept of TWAS and
PWAS by considering the collective behavior of genes organized into biological pathways or
functional modules [374]. Gene set enrichment analysis (GSEA) and over-representation
analysis were employed in PaWAS to identify pathways that are significantly associated with
the trait of interest and controlling for multiple testing [375,376]. PaWAS extended the
GWAS and TWAS to a more complex and advanced genotype-function-phenotype association
study, which has emerged as a valuable tool in identifying the activity or dysregulation of
biological pathways and phenotypic traits, offering a holistic view of the molecular
underpinnings of complex traits or diseases. By aggregating information from multiple genes
within a pathway, PaWAS enhances statistical power and enables the identification of
biological processes that are perturbed in disease states. In practice, PAWAS have shown
promise in elucidating shared genetic pathways and identifying potential therapeutic targets
for a range of complex traits and diseases [374,377]. PaWAS have been extended to

pathway-based analysis to identify potential therapeutic targets for schizophrenia with
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symptom persistence after treatment with antipsychotics [378,379]. Additionally, PaWAS
have been applied to plasma proteome analyses in individuals, revealing insights into target
genes, variants, tissues, and transcriptional pathways [380]. Association in the complement
systems related to coronary artery disease was also explored via PaWAS [381]. Furthermore,
by integrating TWAS, PWAS and PaWAS, researchers have identified novel drug targets for
epilepsy and depression, shedding light on the shared pathways between these conditions

[382].

However, most of the previously mentioned methods had their own limitations, for instance,
the analysis of association studies were complicated by the mixture effect including both
linear and nonlinear, which were embedded in the genomic data. The method for association
studies were designed for detecting simple but direct signals from the genetic architecture,
which were useful but not sufficiently sensitive for identifying the genetic components in the
complex syndromes. On the other hand, GWAS was developed for computing the association
between genotype to phenotype. Though it was further extended to other modalities such as
transcriptomics, proteomics, etc, the fundamental processing were similar, generally by first
mapping other modalities to genes and then back to genotypes. This step-by-step mapping
procedure might be less straightforward and involve many manual operations, compared to
the alternative strategy to directly build the association between the genotype to the modality
of interest (Figure 4.1). Recently, deep learning based models incorporating various
architecture were developed to study the molecular to function association. One of the
solutions was to introduce additional interpretability into the model due to the fact that the
standard deep learning model provided limited insight for associating the learnt feature to
other more easily understandable modalities. Efforts were then made to improve the
interpretability of the model. For instance, linear modification on the original VAE structure
allowed the researcher to better understand the feature association to pre-defined knowledge
such as VEGA, DCell, and gene ontology autoencoder (GOAE) [383—-385]. A recent more
advanced model, namely OntoVAE, was developed to integrate hierarchical biological
ontologies as prior information with variational autoencoder, to guide the model to establish
direct associations between the molecular expression and biological processes as well as to
enable the interpretation ability that was originally not available in the standard autoencoder
structure [386]. As for the other limitation, the unsupervised characteristics hindered the path
of standard VAE to factorize and disentangle the specific effect embedded together to

complex signals respectively. One successful attempt in a different area of drug screening,
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compositional perturbation autoencoder (CPA) was developed to predict cell level responses
to cellular perturbations, such as genetic, environmental or drug perturbations, which also an
representative implementation to add the interpretability to the restricted unsupervised

learning approaches [387].

In this chapter, the main goal is to extend the novel application on formerly-developed
supervised machine learning architecture - factorized interpretable variational autoencoder,
namely COBRA, to enable direct prediction of the genotype-to-function association. To
approach this goal, my four contributions were made, including 1) development of the
pipeline to preprocess the genotype data to model-adaptive format; 2) integration of summary
statistics information into the model by applying the weighted loss mechanism; 3) genotype
specific domain adaptation by training and fine-tuning the original model architecture; 4)
analysis and evaluation on the genotype-to-function prediction results. This study was
performed from the aspect of genotype and biological function, to improve our understanding
of schizophrenia which is a complex disorder complicated by many potential effects besides
diagnosis, such as lifestyle, gender, etc. Therefore, the model architecture implemented here
inherited ideas from ontoVAE which is a variational autoencoder with biological functional
interpretability and CPA which is able to isolate the contributions of covariates and remove
the unwanted effect. The hybrid model adopted linear structure in the latent space and applied
a flexible deep learning structure to learn factorized embedding representing different sources
of variations. Since the raw genotype data only contained information such as what allele
existed in the location rather than the type of the allele such as whether risk allele or not as
well as the effect size or other ratio to quantify, additional reference summary statistics would
be needed, same as the GWAS analysis. Therefore, in our study, by introducing a novel
weight loss function, the significance of every genetic variant was weighted based on their
effect size from the reference GWAS summary statistics. With genotype data instead of gene
expression as model input, along with variables of interest as well as covariates, the model
decomposed the data into a collection of factorized embeddings associated with the diagnosis
effect, gender effect, residual effect or other possible covariates depending on the cohort. By
means of the discriminator classifier, the approach was able to ensure these embeddings were
independent of each other, and further recombined these disentangled effects to the total
effect. We demonstrated the usefulness and extended feasibility of this factorized model on

direct genotype-to-function prediction with two reference GWAS summary statistics, PGC

93


https://paperpile.com/c/XZ34uU/B82Dc

and FinnGen, as well as on identifying different sources of variation such as diagnosis groups

and covariates during model training and testing.

4.2 Methods

4.2.1 Material and datasets

The model received two genotype inputs including target (query) dataset that contained the
raw genotyping allele data and reference dataset (GWAS summary statistics) with effect size
for each SNPs provided. The target (query) dataset Genome-Wide Association Study of
Schizophrenia (dbGaP Study Accession: phs000021:phg000013, phs000021:phg000014) was
selected to find susceptibility genes for schizophrenia, retrieved from The Genetic
Association Information Network (GAIN) [388], which originally composed of more than 90
studies covering multiple diseases from oncology, neurology to complex disorders with
measurement of 500,000 single nucleotide polymorphisms (SNPs) accounting for four-fifth of
the risk variants in human genome. The target dataset was composed of European-American
(EA) ancestry with General research use (GRU) cohort with 2659 individuals including 1217
EA cases and 1442 EA healthy controls. For the reference dataset, two summary statistics
specifically on schizophrenia traits were used, GWAS summary statistics from the Psychiatric

Genomics Consortium (PGC) and from FinnGen [389,390].

4.2.2 Genotype data preprocessing

The preprocessing of genotype data in target dataset was performed with the specialized tool
PLINK 1.9, a package for genome association linkage analysis, which involved several stages
[371,391]. In the first step, the variant IDs were converted to rs_id (src.sh with PLINK) due to
the inconsistency of annotation across different cohorts, platforms and methods. Linkage
disequilibrium corresponded to the commonly-seen condition that linkage of different genetic
variants at different locations of the genome existed, bringing the confounding effect to the
whole genomic analysis as well as difficulty of distinguishing the real causal variants
responsive to the phenotype [392]. To control the collinear effect, clumping was performed to

filter SNPs with the linkage disequilibrium (LD) information (r2<0.1) and kept the remaining
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independent variants in the second step. Next, we removed duplicated and undefined SNPs
based on PLINKSs and converted the odd ratio (OR) to log format. To be noted, in the PGC
reference dataset, odd ratio was used originally to measure the effect size whereas in the
FinnGen reference dataset, beta values were applied. Thus to stay consistent, we performed
additional transformation on the beta values in FinnGen as beta is equivalent to
log-transformation of odd ratio [393,394]. In the next step, we mapped the SNPs to the gene
symbol using PLINK's internal function. In the end, we processed the .tped files to align each
participant with the allele status and calculated the score for each SNPs. Here, we mapped the
heterozygous, homozygous with no major alleles and homozygous with two major alleles to

0.5, 1.0 and 0.0 respectively.

4.2.3 Variational autoencoder (VAE)

The variational autoencoder is the advanced development of autoencoder in probabilistic
form, which composes of an encoder to compress the high-dimensional input data to latent
embedding with a lower dimension and a decoder as the ‘reverse’ implementation of the
encoder to reconstruct the latent embedding to the output with the same dimension as original

input data matrix (Figure 4.2).

input reconstructed output

latent embedding sampled
from the learnt distribution

T T
|
I Decoder

Figure 4.2 The model architecture of a standard VAE

Different from the autoencoder that transforms input to the latent embedding in a numeric
form, variational autoencoder learns the distribution parameters (e.g. mean and variance in
Gaussian distribution) in the latent space and samples from this trained distribution to latent

embedding for the decoding process. To compress the data, encoder and decoder generally
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contain linear models for dimension reduction, followed by activation functions (e.g. rectified
linear unit ReLU, hyperbolic tangent Tanh, sigmoid, etc.) for learning nonlinear patterns of
the data. The objective of variational autoencoder is to maximize evidence of lower bound
(ELBO) as the loss function shown below, which contains two parts including reconstruction

loss and the Kullback-Leibler (KL) Divergence [395].

L(X) =LMSE + DKL

To be specific, the above loss function can be transformed into evidence of lower bound form
as the below formula where the first term is used to optimize the likelihood of the input data
given the model parameters whereas the second term represents the distance between the true
posterior distribution (Gaussian in this model) and the predicted posterior distribution. In
order to recast the backpropagation properly, given the existence of sampling steps in the

training process, reparameterization trick is used [182].

LX) = E_ .0 [logp(X|Z,6)] — KL(q(ZIX, ) || p(ZI6))

4.2.4 Model architecture of interpretable factorized VAE

The COBRA model combined two main model structures, including a ontoVAE interpretable
VAE using prior ontologies knowledge with an encoder and a factorized additive latent space
to decouple covariate-specific effects from the biological effect of interest (such as disease
effect). In Figure 4.3, we illustrated the basic structure of OntoVAE on the left, which is a
VAE with prior biological knowledge using a fully connected encoder and hierarchical
ontology-like structure decoder and the CPA model on the right that has the capability to
isolate variation of different sources in the latent space. In OntoVAE, the decoder was built as
a directed acyclic graph representing the Gene ontology structure or Reactome, where the root
terms (nodes closed to the latent space side) represented broad biological concepts and child
terms (nodes closed to the reconstructed output side) represented more specific and detailed
terms [396—404]. In CPA, the latent space is represented as a linear additive embedding which
corresponds to the residuals, the variable of interest and the other covariates provided. And in
the interpretable factorized VAE used in this study (Figure 4.4), following the standard

encoder where genotype data input passed through the encoding layers, the latent space was
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represented as a series of linear additive embeddings, which was achieved by introducing a
discriminator classifier to disentangle against the overall embedding encoded by the model.
After that, we summarized by adding all factorized embeddings into one overall embedding
that represented the total effect and passed the overall embedding to the decoder of which
each layer was designed to represent one depth level of the GO ontology. During the process
of decoding, embedding would walk through each ontology term and the corresponding
weights would be learnt, from the processes with board concepts (e.g. system development) to
the terms with increasingly specific and detailed biological meanings (e.g. peripheral nervous
system neuron differentiation). Full details of the architecture (e.g. layer structure, the number
of nodes, etc. ) can be found in Appendix Supplementary Table 4.1. The objective function
of the interpretable factorized VAE has two components including the VAE loss Lvae and

adversarial loss La 4 38 the below formula showed, where La " is the cross entropy loss to

measure the prediction (or classification) on diagnosis labels di or covariates labels c. (e.g.

idual .
gender, etc.) with residual embedding Zml ““ in the adversarial way.

LX) =L+ AL

vae adv

residual residual

where La W CrossEntropy(f ( ) d)+CrossEntropy(f ( ) ci)

The optimization of the model contains two parts, involving VAE optimizer and adversarial
optimizer. Two step optimization was implemented at every iteration, first the optimization of
VAE updated the weights on encoder, decoder and the covariates embedding, and then the

adversarial optimizer updated the weights in the discriminator classifiers.
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Figure 4.3 Model architecture of ontoVAE (left) and CPA (right)

4.2.5 Weighted loss objective function

In general, weights could be incorporated to sample level in the model training to assign the
importance of different training entities. However, contribution on feature levels was easily
neglected in previous studies. The objective was to allow the inclusion of input node
weightings for the reconstruction loss of training based on the hypothesis that the
meaningfulness of the latent values generated by the model could be improved by weighting
the contribution of each input node in the original loss function. The weighted loss was
implemented in a previous validated study on four subsets of the full GTEx RNA-seq
expression dataset by our collaborator David Hirst and further explored the extensive
application on genomic dataset in this study [405]. To implement, a curated weight file that
included each feature name (SNPs) and the corresponding weight values were generated. The
log OR indicates the importance of a SNP in defining the phenotype of interest. Hence, our
idea was to use this measure of importance to weight the contribution of each input feature in
the loss function. Here, weights for each SNPs were retrieved from reference GWAS
summary statistics, where log-transformed odd ratio (effect size of each genetic variant) were
applied. The log-transformed odd ratio indicates the importance of a SNP in defining the
phenotype of interest. Hence, the idea was to use this measure of importance to weight the
contribution of each input feature in the loss function. In practice, during the training, the
weighted reconstruction loss was computed at every iteration by conducting a matrix product
on the original reconstruction loss matrix with the weights vector before summing up the loss
as the formula shown below. The first formula is the standard loss function of a variational
autoencoder with reconstruction loss in the first part and Kullback-Leibler (KL) Divergence
in the lateral, in which D refers to the dimension of the features. In the weighted loss function

indicated in the second formula, weights w , was incorporated into the reconstruction loss

calculation and assigned the importance to each feature.
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To evaluate the difference between the standard loss and weighted loss, we compared the
interpretation results and model consistency with and without the weighted loss

implementation in further analysis.

4.2.6 Mapping between genotype and biological processes

The preparation of ontoVAE required us to provide a mapping file between the input modality
and the modality that is used for interpretation. In the original ontoVAE, the input modality
and the interpretable modality were gene and GO term biological processes, while in our
study, genotype and GO term biological processes are needed instead. Therefore, the
genotype-ontology mapping was modified based on the ontologies file from the ontoVAE
which is originally a gene-to-ontology mapping. Ontology file (go-basic.obo) was retrieved
from geneontology.org together with the GO annotation file (goa-human.gaf) [406]. Terms
under the ‘biological process’ category were kept. A threshold between 30 on the bottom and
1000 on the top was applied to filter terms with too many or too few connections, followed by
mapping and annotating the Ensembl IDs with HGNC symbol, leading to the generation of
the gene - gene ontology mapping. To further align the genotype with ontologies, we utilized
the SNPs - gene mapping created from the previous step by using PLINK internal function.

After matching the SNPs and genes, the genotype - gene ontology alignment was generated.

4.2.7 Model implementation, training and testing

The whole model implementation involved two parts, the model preparation and model
training. For model preparation, genotype - ontology mapped object was first created as
.ontobj file format following the previous section Method 4.2.4, genotype data with
sample-wise clinical information was packed as .h5ad format, and reference dataset that

contained feature-wise SNP effect size was prepared.

For model training, given a transformed genotype data matrix, variable of interest (disease
diagnosis, either schizophrenia or healthy), the covariate information (gender), and the effect
size for each SNP from the reference dataset as inputs, model training and testing were

implemented. Considering a genotype dataset with SNPs as features and individuals as
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samples, training and testing samples were divided. For the training phase, the data matrix
was passed through the encoder to the latent space. Within the latent space, different
embedding vectors were learnt respectively. The diagnosis group embeddings and covariate
embeddings were projected from the one-hot encoding transformation, meanwhile the residual
embedding (also known as basal state embedding) were learnt through a discriminator
distinguishing the other signals from the diagnosis and covariate effects. Here, the residual
embedding represents the embedding that has captured variations that contribute to neither
diagnosis effect nor all the covariates effect. Therefore, in order to obtain this residual
embedding, a discriminator or so-called classifier was trained in an adversarial manner that
held the objective to not be able to classify the diagnosis labels and covariate labels correctly
with the residual embedding as input. Thereby, the learnt residual embedding would be
independent of all the other provided variable embedding vectors. In this phase, the process
can be regarded as a decomposition or factorization to linearly separate the variance of
interest as well as to denoise in a supervised way. Finally, the simple linear addition of all the
factorized embeddings was computed and passed to the decoder layers, which was an
ontology-like structure illustrated in the ontoVAE method. For the test phase, the weights of
the architecture would be fixed while test data was forwarded from the input encoder to the
reconstructed output in the decoder. The collections of latent embedding represented different
variables, including diagnosis, gender, residuals, etc.. The exploration of both the latent space
and the node output in the ontological decoders could be further made in the downstream

interpretation stage.

4.2.8 Retrieval of the responsive biological processes activity from the

decoder

To quantitatively interpret the functional association learnt from the genotypic input, the
pathway activation values were computed following the algorithms provided in ontoVAE.

The pathway activation was used to represent the strength or extent of the response of
biological process terms; in other words, to evaluate what and how the processes were
activated in the group of individuals in a genomic cohort. Given the ontology-like structure of
the decoder, we were able to associate each node of the decoder with a specific GO term.
Therefore, the pathway activity scores were calculated from the activated output of the

neurons retrieved by the pytorch attach hooks function when the model ran through samples
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from a train or test set. To specify, here each factorized latent embedding would correspond to
one pathway activity score matrix where rows are samples and columns are GO terms. In this
study, four pathway activity score matrices were generated that represented the pathway
activation induced by different variations, including diagnosis, gender, residual, and total
effect. Therefore, in order to find out which biological process contributes most to explaining
the variation of interest, the pathway activity score matrix that corresponded to the diagnosis
effect was extracted. In the next step, a random forest classification was performed on this
pathway activity matrix using sklearn for each term separately given the test set and computed
the impurity-based feature importance, also known as Gini importance. In the end, all the
terms were ranked based on their importance values, where the terms at the top represented

the most significant and contributing processes that could explain the input genotypic cohort.

4.3 Results

4.3.1 Novel extended application to genotype-to-function prediction based

on former-introduced interpretable factorized model

In this study, an advanced deep learning model was used, combining factorized latent space
and the variational autoencoder, with the novelty of combining ideas from factorized
autoencoder such as CPA, factorVAE and beta-VAE (introduced in Chapter 1.4 and Chapter
4.2.4) to identify disentangled representations on complex data with multiple sources of
variation and the interpretable autoencoder such as ontoVAE and GOAE (Chapter 4.1 and
Chapter 4.2.4). Here, the application of the method was further extended to build up the
genotype-to-function linkage and to directly predict the association between genetic variants
and biological processes. Given a genotypic dataset with covariates, the factorized
interpretable autoencoder first passes the genotype data through the encoder into the
compressed-dimensional state. Then, the lower-dimension data is linearly factorized into a
series of embeddings simultaneously, corresponding to its diagnosis-associated,

covariate-associated, and residual-associated effect.

Specifically, the residual embedding was learnt via a discriminator with diagnosis- and

covariates information provided, resulting in a latent representation in which the influence of
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all variables and covariates has been removed. By factorizing the total effect, variable-specific
effects could be extracted for further investigation. After the summation of the latent vectors,
a total embedding is built and passed to the decoder, which integrates the ontology structure in
which every node represents a specific biological process term. The weights of each node in
the interpretable decoder correspond to the strength or magnitude of that process. Using the
prior knowledge, the transformation from genetic variants to functions that were more easily
understandable was achieved directly during the training. In addition, the constraint on
residual embedding also allowed the improvement of the prediction performance for complex
signals compared to the previous method that used a classifier for competition to disentangle

the variance of interest [407].
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Figure 4.4  The preprocessing and application of genotype data on the model architecture

of interpretable factorized hybrid variational autoencoder

4.3.2 Elucidation of factorized latent embeddings learnt by the model

To evaluate the performance of the disentanglement, we explored the outcome of decoupling

the diagnosis and the covariates (age, gender,...) from the total effect given the schizophrenia
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genotype dataset. We trained our model and passed the test set through the architecture with
the learnt weights fixed. Then, to assess the actual performance of disentanglement of
variance from different sources including diagnosis, gender, and residuals, we performed a
UMAP projection to reduce the dimension for visualization. In schizophrenia, gender effects
were frequently observed, and numerous studies have demonstrated the difference in
symptoms, behavioral patterns, as well as molecular factors, introducing complexity in
diagnosis [408—411]. As shown in Figure 4.5 using the trained model with weights from PGC
as an example, a set of learnt embeddings including four latent representations of different
factors, including z residual, z_diagnosis, z_gender, and z_total, were observed. Specifically,
each dot represents one individual in the cohort and is labeled with variables in each subplot.
It is clear that each latent representation succeeds in distinguishing the corresponding variance
from the complex effects underlying the genotype dataset. For instance, the z diagnosis
embedding and z gender disentangle the variable-specific effect and separate it from other
unrelated variances. The additive effect could be observed in the z_total embedding, in which
each cluster contains one combination of the input variables. This shows the denoising effect
in this model architecture, in which the z residual captures the residual variance specifically.
Overall, the factorized model identified the compositional effect from sources of interest and,

at the same time, was capable of extrapolating and removing unexpected residuals from the

data.
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Figure 4.5 UMAP illustration of the factorized embeddings including residual embedding
(z_residual), diagnosis embedding (z_diagnosis), covariate embedding(z gender) and total

embedding (z_total)

4.3.2 Interpretation and quantification of the biological process activities

from trained decoder

To further evaluate the interpretability of the hybrid model, we investigated the
genotype-to-function predicted outcome by computing the pathway activity scores (see
Method 4.2.6). Random forest classifiers were further trained and importance scores of each
term were calculated to rank the biological processes with high contribution to explain the
diagnosis-associated variance (Figure 4.6). From the prediction results with the model trained
with PGC weights, general processes related to the nervous system process were identified,
including regulation of postsynaptic membrane potential, regulation of calcium ion
transmembrane transport and behavior [338,412,413]. Other contributing processes such as
regulation of interleukin 2 production were identified, which was found to be significantly
relevant to cognitive deficit and other negative symptoms in schizophrenia [414].
Interestingly, it was also observed that immune response processes were recognized which
were found in our previous comorbidity modeling study in Chapter 2. For the model trained
with FinnGen weights, nervous system related processes were consistently observed. For
instance, as one of the representative mechanisms in the pathology of schizophrenia, synaptic
processes were highlighted as well (Figure 4.6). In addition, neurogenesis, hippocampus
development and system process regulation were found on the top of the list, among which
neurogenesis, in particularly, the neurogenesis in hippocampus area was found as one of the
predominant role of learning and memory impairment in schizophrenia with numerous
evidence of support [415-417]. Other factors such as levels of cytokine and mitotic cell cycle
activity in cell dynamics were also observed altered in several studies [418—420]. To compare
the results obtained from model with different summary statistics as weights (PGC and
FinnGen), consistent but also distinguishable activation of specific biological processes were
identified, which is to some extent similar with the conventional genome-wide summary
statistics study (GWAS) analysis where the query data and reference data were required to

predict the association between genotype and phenotype. Depending on the summary
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statistics incorporated, the factorized interpretable VAE optimized for genotype-to-function
prediction, regularized and constrained the training towards the specific optimal states based
on the given prior weights information. Altogether, our analysis demonstrated the preliminary
results of the factorized interpretable model by leveraging genotypic data to predict the
functional outcome. It provided the evidence of feasibility of using factorized interpretable
model to generate genotype-to-function association straightforwardly rather than the
traditional gene-set analysis of GWAS with multiple steps (Figure 4.1), by utilizing the
variational autoencoder structure as the backbone, along with the linear additive factorized
latent space for isolation of variations of interest as well as ontology-informed decoder to

enhance model interpretability.

GO terms with highest importances of
random forest classifier on schizophrenia diagnosis
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Figure 4.6 Top biological processes with highest importances contributing to random forest
classification on schizophrenia disease diagnosis. left Prediction from the trained model with
PGC summary statistics as weights. right Prediction from the trained model with FinnGen

summary statistics as weights

4.4 Discussion

In this Chapter, a interpretable factorized semi-supervised approach was extended and applied
to model genotype to function association. The model architecture was capable of directly

learning the functional annotation from the genomic variants. At the same time, the factorized
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latent space in the architecture allowed us to specifically isolate each source of variance as
well as further combine them again to represent the total effect, which made the application
entirely flexible and versatile for downstream analysis. The prototype of the model used in
this study was originally developed by Daria Docenvic and was implemented as a
interpretable autoencoder trained with AdamW optimizer, scaling up to complex datasets with
large numbers of features in single-cell transcriptomic cohorts [421]. The continuous
modification and application was made to the field of post-GWAS analysis. Weighted features
learning in the novel loss function enabled the integration of summary statistics information
from the reference dataset, which held the similar idea as the standard protocol when
performing a conventional genome-wide association study to associate variants to the
particular trait. Furthermore, comparison between models applied with and without weighted
loss implementation was made. First, with the weight loss implemented, models were trained
with the same hyperparameters settings (Appendix Supplementary Table 4.2), and used the
same protocol to extract the pathway activity score matrix (Method 4.2.8). The training was
repeated three times and thereby three different trained models as well as the corresponding
pathway activity matrices would be obtained. Then, the Pearson correlation for each GO term
across different repetitions of the model was calculated (so-called GO term wise Pearson
correlation in Figure 4.7). And next the mean of Pearson correlation was computed, which
referred to the model consistency. We implemented the same procedure for the model without
weight loss function. Therefore in Figure 4.7, the model consistency of the model with
weighted loss was observed much higher compared to the model without loss weighting,
suggesting the weighting in the loss function based on the SNPs effect size from GWAS
summary statistics improved the reproducibility of the analysis whereas models without
weights where less reproducible and more noisy. Application on a variety of datasets and
tasks were implemented in this study, including verification of the ability of capturing distinct
variations from complex signals, exploring the learnt latent embeddings, validation of the
functional association and examination with different reference summary statistical cohorts.
In the study, we applied the target genomic dataset with schizophrenia and healthy individuals
from the GAIN dataset, together with two reference GWAS summary statistics datasets used
as prior weighing for loss calculation. We applied the model to extract diagnosis-associated
effects in the diagnosis embedding while separating covariate-associated and
residual-associated signals in other embeddings respectively and validating in the UMAP plot.

Furthermore, we illustrated the actual interpretation with the learnt biological process patterns
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from the genotype input and ranked the terms with the highest contribution to characterize the

cohort.
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Figure 4.7  Consistency evaluation between model with weighted reconstruction loss and

without weighted reconstruction loss applied

The training of the factorized latent embeddings integrated into the nonlinear training
structure could be found in several previous studies. Previous models also utilizing the
discriminator classifier to enhance the capability of distinguishing variance of interest, such as
factorVAE which was proposed by Kim et al. (2018) to learn disentangled representations by
encouraging the latent representation to separate independent embedding responsive to
different variations [233]. Ansari et al. (2019) introduced an approach that outperforms
beta-VAE and FactorVAE in terms of model factorizing of latent representations learned via
deep generative models [422]. Braithwaite et al. (2020) proposed the variance-constrained
autoencoder (VCAE) as a more principled approach to learning disentangled representations,
showing equivalent performance to FactorVAE on 3D-Shapes [423]. Shao et al. (2020)
presented DynamicVAE, which decouples disentanglement and reconstruction accuracy by
maintaining a different B at different training stages [424]. Jiang et al. (2021) introduced
Inference-InfoGAN, a GAN-based disentanglement framework that achieves higher

disentanglement scores compared to FactorVAE in an unsupervised manner [425]. Different
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from most of the GANs-based models described above, a cross-contrastive learning structure,
namely Harmony, was also developed to disentangles semantic content from multiple
parameterized transformations. Despite these successful attempts, disentangling by factorizing
faces several challenges. For instance, former research pointed out the limitations and
discussed the trade-off between factorizing disentanglement and reconstruction performance
of variational autoencoder [426]. They emphasize the need for a new metric that can

accurately evaluate the disentanglement process without the limitations of existing metrics.

Limitations could also be observed in our study. Due to the fact that the model structure was
partly inherited from other architecture, the issues originally in the source model structure
such as CPA and ontoVAE could also be observed. For example, the ontology merely
represents one type of relationship across the terms compared to knowledge graphs with
complex relationships. Secondly, the prior information might influence the prediction from
varied aspects. The selection and usage of prior information and the modification of the
decoder connections between the nodes could also have an impact on the prediction outcome,
given a situation that the specific terms relevant to a condition might not exist in the compiled
ontology file. Another crucial issue that should be kept in mind was the model uncertainty.
After our hypertunning, we controlled the correlation of the pathway activation values per
term between every independent round of training to a sufficiently high value with 0.91,

shown in Figure 4.8.
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Figure 4.8 GO term wise correlation across different repetition of training given different

epoch

However, compared to the ontoVAE with the 0.99 correlation, it showed a slight decrease
possibly due to the introduction of the discriminator classifier. Additionally, one frequently
discussed point in the VAE with the ability of factorizing latent embeddings, such as
beta-VAE, factorVAE and CPA is the trade-off balance between the disentanglement
performance and reconstruction quality. This suggests that incorporating the additional
disentanglement capability into the model might also bring the uncertainty to the model.
Given that part of the COBRA was inspired from CPA, we would assume that the same
concerns should be considered in our case. Currently, the model is not able to capture higher
order effects, such as combinatorial effects across different SNPs. Furthermore, the weighting
metrics for the loss function should be carefully selected. In our application, the SNP effect
size from the reference summary statistics helps the model to learn meaningful information.
However, for the modality other than genomics, such as transcriptomics, epigenomics and
proteomics, further examination would be necessary to transfer and extend the weighting
model. Optimal hyperparameter sets might differ for different types of data, such as gene
expression and protein expression. However, in order to achieve the best performance,
systematic hyperparameter testing was required if it is available. We observed that different
parameters were used in genotype and single-cell transcriptomic data in order to achieve the
best factorzing performance, where in some of the cases the separation visualized in the

UMAP did not receive satisfying results.

Further extension of the factorized interpretable model could also easily be developed in the
future. The hybrid architecture could also be used to associate the genotype with
transcriptomics, gene regulatory networks, or other molecular modality, especially due to the
fact that ontoVAE, which is the precedent version of COBRA, was designed for bulk data,
showing outstanding performance in the relevant task. The key feature of this interpretable
factorized model was its capability of separating different source variances, benefiting from
the factorized latent space while directly associating the genomics to the function. Therefore,
the decoder layers actually embed the linkage between biological processes, which can be
used for mechanistic modelling. Another possibility lies in the potential prediction of

synergistic regulation or other interactions across features. The optimization could also be
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done to the decoder part, for instance, by replacing the ontology-like structure with a graph
network to infer a more complex relationship across terms or pathway structure. Hypergraph
graph structure on the decoder might also enable the model to learn the attribute in a

multivariable way rather than using a single node value for each term.

In conclusion, the interpretable factorized model facilitated the prediction of functional
associations with genetic variants from the very preliminary results shown in the previous
sections. So far, the study is still ongoing, and there are further analyses to be done. However,
the elucidation of genotype-to-function associations holds profound implications for clinical
practice and personalized medicine. By identifying genetic variants associated with functional
annotations, further pharmacogenomic studies, for example, aim to optimize the functional
outcome from population genomics, thereby improving patient outcomes and reducing

healthcare costs.

Chapter 5

Prospect

5.1 Potential development of factor-based techniques

Factor-based technique is a fundamental method in statistical data analysis that has been
applied for machine learning, dimension reduction, data compression, feature extraction, and
sample stratification when processing high dimensional complex molecular data. The novel
factorization algorithms would be extensively developed and applied in various fields. These
novel algorithms might focus on various aspects of improvement, including by adding
different constraints, hybriding with other algorithms, tailored to specific problems to solve
respective tasks, working as the auxiliary module to improve the efficiency of other

frameworks, and so on. In my thesis, three different factorization methods for signature
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discovery were introduced 1) a hierarchical factorization computation framework for
signature-based comorbidity modelling for schizophrenia and type 2 diabetes; 2) a distributed
factorization approach which implementing the standard integrative matrix factorization to a
federated version based on the DataShield platform for privacy-preserving and
cross-institutional collaboration; and 3) extended application based on a biological-informed
interpretable semi-supervised autoencoder to predict genotype-to-function association in
schizophrenia that enabled the separation of variance of diagnosis from the confounding
effects, as well as the linkage between genetic variants with biological processes. For the
three different works demonstrated, further extensions and applications can still be made. For
instance, multi-rank matrix factorization could be further applied on single-cell data denoising
to provide insights on heterogeneous signatures across cell types illustrated in a hierarchical
level. The interpretable factorized model on predicting genotype-to-function association could
be modified to build the linkage of genotype with other modality such as signatures, drug
targets and drug response patterns. Meanwhile, both of the above factor based algorithms
could be further integrated into the dsMTL federated learning framework, enabling

large-scale cross-institutional collaboration.

For future development, one of the potential fields is combining factor-based models with
transformers and other large-scale natural language models [427]. Language models have
been gradually optimized and applied to the molecular field due to its capability of providing
a more accurate representation and prediction in a range of tasks including not just the
original natural language processing but also transcriptomics profiling. However, the
drawbacks of transformer-based language models are also obvious, such as
resource-intensive, over-number of parameters and features included in the model learning,
and lack of interpretability [428,429]. To address the issue, one possible strategy is
implementing feature extraction and compression to optimize the original expensive model,
enabling efficient learning. Matrix factorization model structures such as NMF have been
integrated for model compression to improve effectiveness. It is noted that structure pruning
of large models and factorized transformers for language modeling were implemented in
multiple domains, which implicates the potentiality of further application on the biomedical
field [430,431]. Another attempt that can be made is to further develop model-driven learning
architecture such as the physical-informed and prior-knowledge embed model, of which the
interpretable factorized model in Chapter 4 that establishes genotype-to-function prediction

falls into this category. Thus combination inspired the possibility of combining supervised
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learning involving label classification with unsupervised algorithms such as factorization and
factor analysis, to finally delineate the complex data into a reduced but more informative
structure. These examples showed the flexibility of the factor based approaches as a versatile

structure to be integrated in the architecture to improve the learning capability of the model.

5.2 Future application of factor-based approach in psychotic

disorders

With increasing new evidence focusing on various aspects of schizophrenia and other
psychotic disorders, it is necessary to revisit the discovered facts and plan what gap we should
fill in the next step. A comprehensive review given by Tandon et al. (2024) summarized what
we knew so far about the nature of schizophrenia [432]. As a genetically relevant syndrome
with multiple dimensional symptoms regarding cognitive, mood, and motor manifestations,
schizophrenia exhibits complicated conditions that frequently induce significant impairment
of system regulation in individuals. Molecular factors are involved, such as common genetic
variants with a small impact on the incidence risk at the individual level and rare gene
variants with a relatively larger risk at the population level. Functional impacts were primarily
brain-targeted; however, the same variants could also influence the risk of other conditions,
so-called disease comorbidity, among which psychiatric disorders such as bipolar disorder and
other metabolic-related syndromes like type 2 diabetes and cardiovascular disease. It is
observed that no single and straightforward pathological factor could comprehensively
explain this complex syndrome. Meanwhile, the boundaries of schizophrenia with other
schizophrenia-like conditions such as catatonia are still to be demonstrated, suggesting the
urgent need for continuous method development of distinguishing significant factors to
separate the similar symptoms as well as of aggregating factors to summarize the spectrum of
the syndrome [433]. Specifically, several facts about schizophrenia remained unclear and yet
to be fully explored. For instance, there is inconsistency between different genders, though
some studies suggest earlier onset ages and higher mortality in the male population [434]. To
address this, the concept of using integrative factorization to find the cohort-specific and
cohort-shared effects could be borrowed and applied to gender-specific datasets to find the
heterogeneous factors. Understanding gene-gene as well as gene-environment interactions

across various levels associated with disease risk is unclear [435]. One possible solution that
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is promising is to implement hierarchical factorization to disentangle effects on different
levels. Besides, pharmacological perturbation on cholinergic and serotonergic systems that
leads to changes of molecular profile was to be further investigated due to inconsistent
findings, while other key questions related to different antipsychotic treatment were still to be
answered, such as biological processes that treatment modulates, the exact therapeutic effect
directly relevant to the treatment and whether the treatment explicitly tackled specific disease
pathology [436-439]. To address, interpretable factorized models associated with different
modalities that were originally designed for gene-to-function perturbation could be further
extended and applied for molecular-to-drug as well as pharmacogenomics-to-function

prediction.

To conclude all the chapters, factor-based techniques have shown great potential in various
fields in the biomedical domains particularly in schizophrenia and other psychotic disorders.
With the increasing availability of molecular data, new factor-based models could be
developed, optimized and utilized to address more complex tasks in molecular signature
discovery. Continued exploration and development in this area will lead to more efficient
algorithms and novel insights for applications, ultimately driving progress in the field of

factor-based machine learning and molecular genetics.
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Supplementary Figure 2.1 Comparison of the signature pairs types under different top N
settings. left The number of condition class (e.g. scz-t2d, scz-bd) of the signature pairs ; right

The number of disease class (e.g. PSY-T2D, PSY-CVD) of signature pairs

g s
© 3 @
A 3
%
kY < o § §§ 3
% % g Aé? N @ ng
& s % 20 & g & § 4
Q% | TEE § 4
£ ny, v N
‘ o~ & ¢ (8‘,&‘\}‘6 —y, ~ &
SingleDisease ‘
SingleTissue ' M *\\555‘3\s 8, 2@
. a0 Pirggy v
g, aviea® "y ©
o
Brainsop . MultiDiseases ‘ MultiDiseases
Brain+Liver 1 MultiTissues - Brain+Liver Blood+inog I SingleTissue \ Blood+isiet
sranviset [ I sBeinoe
sels —
Blood+Ves' e B\ SingleDisease . Hog Brain+\egseys MultiDiseases l Blood e,
® e L\ MutiTissues J b THslet MuttiTissues
g0 \‘ A ”L’Ver
o “roe %,
: (9 . S
S MultiDiseases / % RS E
?)‘pb ’ SingleTissue 7’ ’ (4'& %&I/ @
Yé'égf g@g ~ Tiss a G T Ny 3 \ ’
, s ER g — %,
o & & 4 B % § g 2 % %
9@"6 < ¢ z E% 2
< 2z £ <z
3 F %

ueig+uRIg

pooig+poo8

Supplementary Figure 2.2 left tissue sources of all the signature pairs; right tissue sources

of only the schizophrenia - type 2 diabetes signature pairs

Supplementary Table 3.1 Top 20 shared pathways across schizophrenia and bipolar disorder

1D GeneRatio BgRatio pvalue p-adjust  qvalue Count

REACTOME_TRANSMISSION_A
CROSS_CHEMICAL SYNAPSES 53/412 269/13198 8,3765E-28 1,5865E-24 8,6851E-25 53

REACTOME NEURONAL SYST
EM 61/412 410/13198 5,4163E-25 5,1293E-22 2,8079E-22 61

REACTOME NEUROTRANSMIT

TER RECEPTORS AND POSTS

YNAPTIC _SIGNAL TRANSMISS

ION 37/412 205/13198 2,641E-18 1,6673E-15 9,1276E-16 37
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REACTOME_ACTIVATION OF
NMDA RECEPTORS AND POS

TSYNAPTIC EVENTS 25/412

REACTOME SIGNALING BY E

RBB4 19/412

REACTOME LONG _TERM POT

ENTIATION 13/412

REACTOME_UNBLOCKING OF
_NMDA_RECEPTORS GLUTAM
ATE_BINDING AND_ACTIVATI
ON 12/412

REACTOME_DISEASES_OF_SIG
NAL_TRANSDUCTION BY GR
OWTH_FACTOR_RECEPTORS_
AND_SECOND MESSENGERS  41/412

REACTOME_CREB1_PHOSPHO
RYLATION THROUGH NMDA _
RECEPTOR_MEDIATED ACTIV

ATION OF RAS SIGNALING  12/412

REACTOME_IONOTROPIC_ACT
IVITY_OF KAINATE_RECEPTO
RS 8/412

REACTOME_NCAM_SIGNALIN
G_FOR_NEURITE_OUT_GROWT
H 16/412

REACTOME SIGNALING BY E

RBB2 IN CANCER 11/412

REACTOME SIGNALING BY E

RBB2 14/412

REACTOME PI3K AKT SIGNA

LING IN CANCER 19/412

REACTOME_INTRACELLULAR
_SIGNALING BY_SECOND ME

SSENGERS 33/412

94/13198  6,3071E-17

58/13198

5,079E-15

23/13198 1,911E-14

21/13198  1,6668E-13

386/13198 5,6106E-12

28/13198 1,4145E-11

10/13198  3,594E-11

63/13198 5,8217E-11

26/13198 1,2178E-10
50/13198

2,2555E-10

102/13198 3,0347E-10

304/13198 4,1506E-10
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2,9864E-14 1,6349E-14

1,2882E-12 7,0519E-13

3,6195E-12 1,9815E-12

2,87E-11  1,5711E-11

6,2509E-10 3,4219E-10

1,41E-09 7,719E-10

2,8363E-09 1,5527E-09

3,6354E-09 1,9901E-09

6,9896E-09 3,8264E-09

1,1867E-08 6,4962E-09

1,4738E-08 8,0681E-09

1,8282E-08 1,0008E-08

25

19

13

12

41

12

16

11

14

19

33



REACTOME_FLT3_SIGNALING 32/412 292/13198 6,069E-10 2,4989E-08 1,368E-08 32

REACTOME_NEGATIVE _REGU
LATION_OF THE PI3K_AKT N
ETWORK 19/412 110/13198 1,1628E-09 4,4045E-08 2,4112E-08 19

REACTOME MAPK FAMILY SI
GNALING_CASCADES 33/412 327/13198 2,7161E-09 9,025E-08 4,9406E-08 33

REACTOME_ACTIVATION_OF _
BAD_AND TRANSLOCATION T
O MITOCHONDRIA 8/412 15/13198  4,4776E-09 1,3047E-07 7,1424E-08 8

REACTOME_L1CAM_INTERAC
TIONS 19/412 121/13198 6,0767E-09 1,6926E-07 9,2656E-08 19

Supplementary Table 3.2 Top 20 specific pathways in schizophrenia against bipolar disorder

ID GeneRatio BgRatio pvalue p.adjust qvalue  Count

REACTOME EUKARYOTIC TRANSLAT
ION_ELONGATION 5/33 94/13198  3,34E-06 0,000376 0,000235 5

REACTOME_RESPONSE OF EIF2AK4
GCN2_TO_AMINO_ACID DEFICIENCY 5/33 102/13198 4,99E-06 0,000422 0,000264 5

REACTOME SRP DEPENDENT COTRA
NSLATIONAL PROTEIN TARGETING
TO _MEMBRANE 5/33 113/13198 8,25E-06 0,000433 0,000271 5

REACTOME NONSENSE MEDIATED D
ECAY NMD 5/33 116/13198 9,38E-06 0,000433 0,000271 5

REACTOME SELENOAMINO ACID ME
TABOLISM 5/33 118/13198 1,02E-05 0,000433 0,000271 5

REACTOME EUKARYOTIC TRANSLAT

ION_INITIATION 5/33 120/13198 1,11E-05 0,000433 0,000271 5

REACTOME L1CAM _INTERACTIONS 5/33 121/13198 1,15E-05 0,000433 0,000271 5
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REACTOME_RESPONSE_TO ELEVATE

D PLATELET CYTOSOLIC CA2 5/33 132/13198 1,76E-05 0,000594 0,000372 5
REACTOME INFLUENZA INFECTION 5/33 157/13198 4,05E-05 0,001245 0,00078 5
REACTOME SELECTIVE AUTOPHAGY 4/33 82/13198  4,94E-05 0,001391 0,000871 4

REACTOME_REGULATION _OF EXPRE
SSION_OF_SLITS_AND ROBOS 5/33 172/13198 6,26E-05 0,001623 0,001016 5

REACTOME_RHO_GTPASES_ACTIVATE

_IQGAPS 3/33 32/13198  6,72E-05 0,001623 0,001016 3
REACTOME_RRNA_PROCESSING 5/33 205/13198 0,000143 0,003232 0,002023 5
REACTOME_AGGREPHAGY 3/33 44/13198  0,000176 0,003716 0,002326 3

REACTOME_SIGNALING BY ROBO R
ECEPTORS 5/33 218/13198 0,000191 0,003801 0,002379 5

REACTOME_RECYCLING PATHWAY O
F LI 3/33 49/13198  0,000243 0,0041  0,002567 3

REACTOME_GAP_JUNCTION TRAFFIC
KING_AND REGULATION 3/33 51/13198  0,000273 0,004399 0,002754 3

REACTOME_METABOLISM_OF AMIN
O_ACIDS_AND DERIVATIVES 6/33 374/13198 0,000288 0,004426 0,00277 6

REACTOME_DERMATAN SULFATE BI
OSYNTHESIS 2/33 11/13198  0,000329 0,004816 0,003015 2

Supplementary Table 3.3 Top 20 specific pathways in bipolar disorder against schizophrenia

ID GeneRatio BgRatio pvalue p.adjust qvalue  Count
REACTOME ADENYLATE CYCLASE 0,0103545
ACTIVATING PATHWAY 3/116 10/13198 7,5901E-05 0,01158254 4 3
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REACTOME_ATF6_ATF6_ALPHA_ACTI

VATES_CHAPERONE_GENES 3/116

REACTOME_ION_HOMEOSTASIS 5/116

REACTOME_PYRUVATE METABOLIS

M_AND CITRIC_ACID TCA CYCLE 5/116

REACTOME_ATF6_ATF6_ALPHA_ACTI

VATES_CHAPERONES 3/116
REACTOME_ADENYLATE _CYCLASE

INHIBITORY PATHWAY 3/116
REACTOME_CIRCADIAN CLOCK  5/116

REACTOME_PKA_ACTIVATION_ IN_G

LUCAGON_SIGNALLING 3/116

REACTOME_DAG_AND IP3 SIGNALI

NG 4/116

REACTOME_PKA MEDIATED PHOSP

HORYLATION_OF CREB 3/116

REACTOME_CITRIC_ACID CYCLE_TC

A _CYCLE_ 3/116
REACTOME_G_PROTEIN_MEDIATED _
EVENTS 4/116

REACTOME_CARDIAC CONDUCTION 6/116

REACTOME_ION_TRANSPORT BY P_

TYPE ATPASES 4/116

REACTOME_GABA_RECEPTOR_ACTI

VATION 4/116

REACTOME NEUROTRANSMITTER R
ECEPTORS AND POSTSYNAPTIC_ SIG

NAL TRANSMISSION 7/116

REACTOME TRANSMISSION ACROSS

_CHEMICAL SYNAPSES 8/116

10/13198

54/13198

55/13198

12/13198

14/13198

70/13198

17/13198

41/13198

20/13198

22/13198

54/13198

7,5901E-05 0,01158254

0,00010789 0,01258193

0,00011785 0,01258193

0,00013738 0,01258193

0,00022439 0,01426772

0,00036927 0,01878333

0,00041121 0,01960948

0,00044642 0,01968929

0,00067625 0,02579907

0,00090192 0,03128005

0,00127704 0,03694178

137/131980,00130725 0,03694178

55/13198

60/13198

0,00136796 0,03727692

0,00189118 0,04955024

205/131980,00220215 0,05287087

269/131980,00255928 0,05579233
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0,0103545
4 3

0,0112479
7 5

0,0112479
7 5

0,0112479
7 3

0,0127550
3 3

0,0167918
9 5

0,0175304
4 3

0,0176017
9 4

0,0230638
1 3

0,0279636
8 3

0,0330251
4 4

0,0330251
4 6

0,0333247
5 4

0,0442968
3 4

0,0472654 7

0,0498771
2 8



REACTOME_GLUCAGON_SIGNALING 0,0564373
_IN_METABOLIC_REGULATION 3/116 33/13198 0,00297864 0,06313056 4 3
REACTOME _CA DEPENDENT EVENT 0,0742289

S 3/116 37/13198 0,00413529 0,08303221 8§ 3
REACTOME REGULATION_ OF INSUL

IN_LIKE_GROWTH_FACTOR_IGF_TRA

NSPORT_AND UPTAKE_BY_INSULIN

LIKE GROWTH_FACTOR_BINDING_ P 0,0826087
ROTEINS IGFBPS _ 5/116 124/13198 0,00472323 0,09240577 3 5
Supplementary Table 4.1 model architecture details (encoder, ontodecoder,

covariate_embeddings)
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encoder:

(encoder): Encoder(

(encoder): ModuleList(

(0): Sequential(

(0): Linear(in_features=8600, out_features=128, bias=True)
(1): BatchNorm1d(128, eps=1e-05, momentum=0. 1, affine=True, track _running_stats=True)
(2): None

(3): ReLU()

(4): Dropout(p=0.2, inplace=False)

)

(1): Sequential(

(0): Linear(in_features=128, out features=128, bias=True)
(1): BatchNorm1d(128, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): ReLU()

(4): Dropout(p=0.2, inplace=False)

)

(2): Sequential(

(0): Linear(in_features=128, out features=128, bias=True)
(1): BatchNorm1d(128, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): ReLU()

(4): Dropout(p=0.2, inplace=False)

)

)

(mu): Sequential(

(0): Linear(in_features=128, out_features=128, bias=True)
(1): Dropout(p=0.5, inplace=False)

)

(logvar): Sequential(

(0): Linear(in_features=128, out features=128, bias=True)
(1): Dropout(p=0.5, inplace=False)

)

ontodecoder:

146



(decoder): OntoDecoder(
(decoder): ModuleList(
(0): Sequential(
(0): Linear(in_features=128, out features=343, bias=True)
(1): BatchNorm1d(343, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None
(3): ReLU()
(4): None
)
(1): Sequential(
(0): Linear(in_features=343, out features=19, bias=True)
(1): BatchNorm1d(19, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None
(3): ReLU()
(4): None
)
(2): Sequential(
(0): Linear(in_features=362, out features=111, bias=True)
(1): BatchNorm1d(111, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None
(3): ReLU()
(4): None
)
(3): Sequential(
(0): Linear(in_features=473, out_features=210, bias=True)
(1): BatchNorm1d(210, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None
(3): ReLU()
(4): None
)
(4): Sequential(
(0): Linear(in_features=683, out features=320, bias=True)
(1): BatchNorm1d(320, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None
(3): ReLU()
(4): None
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)

(5): Sequential(

(0): Linear(in_features=1003, out_features=362, bias=True)

(1): BatchNorm1d(362, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): ReLU()

(4): None

)

(6): Sequential(

(0): Linear(in_features=1365, out_features=341, bias=True)

(1): BatchNorm1d(341, eps=1e-05, momentum=0. 1, affine=True, track_running_stats=True)
(2): None

(3): ReLU()

(4): None

)

(7): Sequential(

(0): Linear(in_features=1706, out_features=240, bias=True)

(1): BatchNorm1d(240, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): ReLU()

(4): None

)

(8): Sequential(

(0): Linear(in_features=1946, out_features=133, bias=True)

(1): BatchNorm1d(133, eps=1e-05, momentum=0. 1, affine=True, track_running_stats=True)
(2): None

(3): ReLU()

(4): None

)

(9): Sequential(

(0): Linear(in_features=2079, out_features=75, bias=True)

(1): BatchNorm1d(75, eps=1le-05, momentum=0.1, affine=True, track_running_stats=True)
(2): None

(3): ReLU()

(4): None

)
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(10): Sequential(

(0): Linear(in_features=2154, out_features=29, bias=True)

(1): BatchNorm1d(29, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): ReLU()

(4): None

)

(11): Sequential(

(0): Linear(in_features=2183, out_features=5, bias=True)

(1): BatchNorm1d(5, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
(2): None

(3): ReLU()

(4): None

)

(12): Sequential(

(0): Linear(in_features=2188, out_features=8600, bias=True)

(1): Sigmoid()

)

)

covars_embeddings:
(covars_embeddings): ModuleDict(

)

(condition): Embedding(3, 128)
(gender): Embedding(2, 128)

(covars_classifiers): ModuleDict(

(condition): Classifier(

(classifier): ModuleList(

(0): Sequential(

(0): Linear(in_features=128, out features=64, bias=True)

(1): BatchNorm1d(64, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
(2): None

(3): ReLU()

(4): Dropout(p=0.2, inplace=False)

)
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(1): Sequential(

(0): Linear(in_features=64, out_features=64, bias=True)

(1): BatchNorm1d(64, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): ReLU()

(4): Dropout(p=0.2, inplace=False)

)

(2): Sequential(

(0): Linear(in_features=64, out_features=3, bias=True)

(1): BatchNorm1d(3, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
(2): None

(3): Softmax(dim=1)

)

)

)
(gender): Classifier(

(classifier): ModuleList(

(0): Sequential(

(0): Linear(in_features=128, out_features=64, bias=True)

(1): BatchNorm1d(64, eps=1le-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): ReLU()

(4): Dropout(p=0.2, inplace=False)

)

(1): Sequential(

(0): Linear(in_features=64, out_features=64, bias=True)

(1): BatchNorm1d(64, eps=1e-05, momentum=0.1, affine=True, track_running_stats=True)
(2): None

(3): ReLU()

(4): Dropout(p=0.2, inplace=False)

)

(2): Sequential(

(0): Linear(in_features=64, out_features=2, bias=True)

(1): BatchNorm1d(2, eps=1e-05, momentum=0.1, affine=True, track running_stats=True)
(2): None

(3): Sigmoid()
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Supplementary Table 4.2 model hyperparameter settings

weighted recact layer actdec layer adv learning learning
loss coefficient rate vae rate adv
True torch.nn.Sigmoid torch.nn.ReLU 100.0 le-3 le-3
neuron batchnorm activation pos weights number of batch size
number per decoder decoder epoch

node

1 True True True 700 128
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