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Abstract

Genome-wide association studies (GWAS) have become a fundamental base of genetics
by allowing systematic exploration of associations between genetic variants and
complex human diseases. GWAS have uncovered thousands of genetic loci associated
with various human diseases. Despite this success, they face important challenges due
to the high dimensionality of genomic data, in which the number of predictors greatly
exceeds the number of observations.

This thesis focuses on the study of the complex psychiatric disorder of schizophrenia,
which is the most challenging and baffling condition in human genetics. Schizophrenia
has a multifactorial etiology due to the additive contributions of many genetic,
environmental, and epigenetic factors, as well as developmental processes over
the lifetime. Schizophrenia is characterized by disruptions in cognitive processes,
perception, and emotional regulation, and it affects approximately 0.32% of the global
population. Because there are no objective laboratory tests for diagnosing the disease,
reaching a clinical diagnosis is difficult due to the high degree of clinical variability,
as well as biological variability, which limits the translation of genetic findings into
clinical practice. Although many loci related to schizophrenia have been detected
through large-scale genome-wide association studies (GWAS), traditional downstream
methods such as polygenic risk scores (PRS) provide an incomplete explanation of the
heritable risk of schizophrenia and do not offer reliable predictions at the individual
level.

The goal of the thesis is to evaluate whether high-dimensional machine learning (ML)
can be used to predict schizophrenia risk in comparison with models of genetic risk. To
achieve this goal, a comprehensive analysis of GWAS SNP data from schizophrenia
case-control studies was conducted.

The thesis is divided into three parts. The first part of this thesis focuses on
the development of high-dimensional data analytics methods to identify genetic
variants associated with schizophrenia. The main objective is to design predictive
models and algorithms capable of predicting the risk of schizophrenia based on
individual single-nucleotide polymorphism (SNP) profiles. This study uses the genetic
association information network (GAIN) dataset obtained from the dbGaP repository,
which includes genome-wide association data from European-American and African-
American ancestries. Machine learning techniques are applied to develop ethnicity- and

gender-specific predictive models. The proposed models demonstrate strong predictive
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Abstract

performance and achieve the highest accuracy for schizophrenia prediction using SNP
data. These findings suggest the potential of SNP-based models as future clinical tools
for early risk assessment.

The second part of the thesis is related to the external validation of associations
and prediction models evaluated independently in the GAIN data. The replication,
robustness, and generalizability of findings generated via the original GAIN dataset
were assessed by using a separate sample from the Molecular Genetics of Schizophrenia
(MGS_nonGAIN) study. Two complementary approaches were implemented: external
validation, in which the Random Forest models trained on GAIN were directly applied
to MGS_nonGAIN without retraining, and full external replication, where models
were rebuilt from scratch using the same preprocessing steps, association testing, BH-
FDR thresholds, and hyperparameter tuning procedures. In an independent cohort, the
transfer models retained predictive capability but were somewhat reduced compared to
the internal validation process. For the replication analysis, the random forest algorithm
again had the highest classification capability.

The third part of the thesis is devoted to the study of two important classes of
regularized regression techniques based on the sparsity assumption for analyzing
high-dimensional genetic data. The first technique, known as L, regularization or
LASSO (Least Absolute Shrinkage and Selection Operator) has received attention in
statistical learning because it can simultaneously perform coefficient shrinkage and
feature selection. The second method is Group LASSO which uses an L; penalty too,
but provides a framework for selecting predictors based on a grouping structure. Both
methods are applied to schizophrenia case-control GWAS datasets to construct high-
dimensional classification models. Using the cross-validation technique to determine
optimal regularization strength, we evaluate and compare the models in terms of
shrinkage behavior, predictive accuracy, and biological interpretability. The comparison
of classification performance metrics includes a comparison of how different sparsity
structures affect the identification of disease-related genetic variations. Results from
following the principles provide an overview of how penalized regression methods
can help connect the prediction of statistical events to the interpretation of biological

observations in complex disorders.
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Chapter 1

Introduction

1.1 Background and Motivation

Genome-wide association studies are a relatively new way for researchers to identify
genes involved in human disease. The aim of genome-wide association studies (GWAS)
is to identify and characterize associations between single-nucleotide polymorphisms
(SNPs) and allele frequencies that vary systematically across a range of phenotypes
associated with disease progression. The subsequent identification of SNPs associated
with these traits can provide novel insights into the biological mechanisms underlying
these phenotypes. Technological advances allow us to study the effect of a large number
of SNPs spread across the human genome [1-3]. The advent of GWAS has changed
the manner in which researchers study complex traits such as schizophrenia, autism,
bipolar disorder, and type-2 diabetes etc., because it provides researchers with a method
to systematically identify the genetic variants associated with disease risk across the
entire genome.

Mental health conditions are currently one of the most serious global medical and
social problems. Psychiatric traits linked to categorically defined mental disorders
are heritable and occur to varying degrees among the general population. Many
psychiatric disorders manifest themselves in different ways, for example, schizophrenia,
depression, developmental disorders, dementia, intellectual disability, and bipolar
disorder, including autism. Psychiatric symptoms tend to be hereditary and are
associated with categorically defined mental disorders, and are present to varying
degrees. GWAS have significantly increased understanding of the basics of psychiatric
and other disorders [2,4-9]. Although the results of genome-wide association studies
provide insight into the genetic basis for complex traits, the challenge still exists to
clinically translate these genetic findings into clinical practice. This remains an even
more difficult issue for complex psychiatric disorders such as schizophrenia.

Schizophrenia is a complex psychiatric disorder that has been extensively studied
in human genetics. Schizophrenia is estimated to affect 24 million or one out of every
three hundred people (0.32%) globally, as per the current data provided by the World
Health Organization, and among adults with the rate of 1 in 222 people (0.45%) [10-13].
This disorder is characterized by disturbances in cognitive, perceptual, and emotional
regulatory functions, and diagnoses are primarily based on clinical evaluations rather

than objective laboratory tests. Due to its heterogeneous nature and the considerable
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impact of genetic and environmental influences, schizophrenia presents a significant
challenge and opportunity for current research [14].

Recently, genome-wide analysis has paved the way for developing machine learning
(ML) techniques suited to analyze high-dimensional genomic data. GWAS data is a
promising approach for improving disease prediction and understanding the mechanisms
behind complex genetic diseases like schizophrenia [15]. High-dimensional methods
can analyze genomic data using machine learning. There are several advantages to using
machine learning methods for this purpose, including the ability to model nonlinear
relationships, handle large amounts of predictor data, and discover complex patterns by
integrating data from GWAS. This leads to better prediction of disease incidence and a

deeper understanding of disease through genetic variability.

1.1.1 Research gap

Genome-wide association studies (GWAS) have identified many genetic loci for
schizophrenia, in particular 108 genetic loci associated with schizophrenia have been
observed in these research studies [16, 1 7]. Many various genetic loci associated with
schizophrenia gave reported in studies [16, 18-28]. However, due to the small effect
size of the majority of the discovered SNPs associated with schizophrenia, they do not
help to clarify how schizophrenia develops. As an example, the odds ratios for the SNPs
identified as being associated with schizophrenia are typically in the range of 1.10 to
1.20 [29]. Single-variant association analysis, such as polygenic risk scores, will likely
not accurately predict disease when using the variants independently, as the number of
variants is so large.

Furthermore, another challenge with the already published predictive models is
that no previous studies have evaluated multivariate SNP-based predictive models in a
systematic manner, across different population groups. Due to genetic heterogeneity,
and potential sex-specific effects, genetic markers and predictive models will differ
by ancestry group, but a large percentage of the studies performed to date have
used combined populations when conducting analyses without directly considering
these differences and how it influences the predictive performance. Along with
these challenges, GWAS datasets are typically high dimensional, where the number
of predictive genetic variables considerably exceeds the number of observations,
which presents significant additional statistical and computational problems. This
Ph.D. project aims to bridge the gap between mathematical-statistical advances and

multivariate genetic analysis
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1.2 The present study

1.2.1 Hypotheses & aims

The research hypothesis is that multivariate machine learning models can combine weak
SNP signals to identify schizophrenia-related loci and enhance prediction accuracy,
especially when accounting for population structure.

This thesis aims to develop and evaluate high-dimensional data analytics methods
that integrate multiple genetic variants using machine learning, in order to identify those
associated with schizophrenia and to assess their predictive utility based on the SNP
profile.

To achieve this goal, the following research objectives are addressed:
1. To create multivariate predictive models of schizophrenia using GWAS SNP data.
2. To identify the SNP superclasses that has the significant predictive power.

3. To assess the predictive capacity of machine learning techniques for classification

of schizophrenia cases and controls.

4. To estimate the reliability and generalizability of predictive models through

validation against independent datasets.

5. To evaluate the effect of population structure by creating ethnicity- and gender-

specific predictive models.

Using high-dimensional genomic data with machine learning algorithms, we can
show that we can predict if someone is likely to develop schizophrenia based solely
on their SNP profile. If these models are successful, then they will contribute to
understanding the genetics of schizophrenia and possibly lead to new ways to clinically
identify individuals who are at risk of developing schizophrenia based on their genetics

across different populations.

1.2.2 The subject and relevance of the study

The object of the study is machine learning methods. The subject of the study is a
classifier development to predict schizophrenia disease in European American (EA)
and African American (AA) populations.

The relevance of this research is that, as increasing amounts of multivariate genomic
data become available, there is a growing need to develop more sophisticated analytical
methods for handling these types of data and to enhance our knowledge of the genetic
basis of schizophrenia. As a result, schizophrenia will continue to be one of the

most challenging psychiatric disorders to study genetically due to both its multi-gene
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nature and its very complicated interplay between genetic and environmental factors.
Developing accurate predictive models that rely on genomic data may facilitate a better
understanding of the relative risk of developing schizophrenia as well as future strategies

for early diagnosis and individualized medicine.

1.2.3 Practical significance of the study

The practical significance of the study lies in the selection, development, and evaluation
of machine learning methods that will support clinicians in the early detection and
diagnosis of schizophrenia, potentially enabling earlier intervention strategies. These
machine learning methods can be used to find associations between genetic markers
and schizophrenia. The predictive models based on SNP profiles may provide future
prognostic tools for assessing schizophrenia risk across multiple populations. Also,
from a practical perspective, the study provides a valuable addition to ongoing effort
to develop predictive models that can eventually support precision psychiatry. This
research’s meaningful aspect is the explicit consideration of population heterogeneity.
The study builds ethnicity- and gender-specific predictive models, namely European-
American female (EA-F), European-American male (EA-M), African-American female
(AA-F), and African-American male (AA-M) subgroups, the study illustrates that
genetic risk is not the same in all groups within a population. This approach helps to
reduce confounding effects that often arise in GWAS due to population stratification
and demographic differences. In practical terms, such stratified modeling may lead
to more robust and interpretable predictions within specific subpopulations. It is also
consistent with a broader trend in biomedical research toward more representative
analyses, particularly given the historical underrepresentation of certain ethnic groups
in genetic studies. The developed models in this work provide a methodological

foundation for future translational research.

1.2.4 The scientific novelty of the project

The scientific novelty of the project is to use the power of various mathematical-
statistical machineries that suit high-dimensional data analytics in analyzing GWA data.
Prognostic models developed in this project can serve as clinical tools to assess the
risk of the development of psychiatric disorders in individuals based on their genetic
variants. Identifying genetic variants is a main step in improving disease diagnosis.
This is because it helps us understand the genetic basis of complex disorders. It also
allows us to identify individuals at higher risk, supporting earlier detection and execute
personalized clinical decision-making. Furthermore, we aim to estimate the degree
of shared genetic risks and to perform the computational framework for identifying

biological pathways and processes that significantly discriminate phenotypic groups.
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This would have the potential to nominate new therapeutic targets that would be used

for pharmaceutical treatments and have immediate clinical and public health benefits.

1.3 Thesis outline

This thesis consists of several chapters, each addressing a distinct theoretical,
methodological and analytical aspect of schizophrenia prediction based on the GWAS
data and machine learning approaches.

Chapter 1 introduces the research context and provides the general background
of the study, outlines the research motivation, identifies the existing research gaps in
schizophrenia prediction methods, and then formulates the hypothesis and objectives. It
also highlights the significance and novelty of the work.

Chapter 2 presents the theoretical background and literature review. It introduces
genome-wide association studies (GWAS), single-nucleotide polymorphisms, and
schizophrenia as a complex disorder. In addition, it reviews machine learning techniques
relevant to this study, including classification methods, feature selection approaches in
GWAS, cross-validation strategies, and bioinformatics tools such as PLINK.

Chapter 3 outlines the methodology used in this research. It describes the datasets,
particularly the GAIN schizophrenia dataset, and details the data preprocessing steps,
statistical analyses, and the overall analytical pipeline used for model development.

Chapter 4 focuses on external validation and independent replication analyses
using the Molecular Genetics of Schizophrenia (MGS) dataset. It presents both the
direct application of models trained on the GAIN dataset and the replication approach,
in which models are retrained on the independent dataset to assess robustness and
generalizability.

Chapter 5 presents the LASSO and Group LASSO classification analyses applied
to the GAIN schizophrenia data. This chapter describes data preparation, model
construction, hyperparameter tuning using 5-fold cross-validation, and feature selection.
It also evaluates the predictive performance and interpretability of these sparse
regression methods.

Chapter 6 presents the results and discussion of the study. It includes prediction
results for the GAIN dataset, outcomes of external validation and replication analyses
using the MGS_nonGAIN dataset, and results of the LASSO and Group LASSO models.
This chapter also discusses the findings in the context of existing research.

Finally, Chapter 7 summarizes the main conclusions of the thesis. It addresses the
research questions, outlines the study’s limitations, and suggests directions for future

research.
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1.4 Contributions

This thesis makes the following contributions:

C1: Development of machine learning algorithms for schizophrenia prediction
A number of predictive models have been developed to predict schizophrenia among
individuals based on high dimensional SNP data derived from GWAS studies.

C2: Ethnicity-gender subgroup analysis Ethnically and gender stratified models
have been developed to account for genetic heterogeneity in the genomics of
schizophrenia between different population subgroups as a means to improve prediction
accuracy and identify ethnicity and gender specific associations with schizophrenia.

C3: Integration of statistical association test and machine learning methods
Statistical association tests for use in GWAS studies have been combined with machine
learning algorithms as a means of improving feature selection and providing stable
predictive models for schizophrenia.

C4: External validation and replication of predictive models The stability and
validity of the predictive models has been established using an independent dataset to
evaluate model transferability and external replication.

CS: Evaluation of sparsity-based regression methods for genomic data LASSO
and Group LASSO regression techniques for use with GWAS data have been used
to assess the effect of using a regularization approach for feature selection to predict

schizophrenia on the accuracy and interpretability of the predictive models.

1.5 Publications

The following main peer-reviewed publication related to this thesis:

P1. Ramazanova, Z., Matkarimov, B., Nabavi, S., Crape, B., & Zollanvari, A.
SNP-based prediction of schizophrenia using machine learning. Bioinformatics
Advances, 6(1), vbaf219, 2026. https://doi.org/10.1093/bioadv/vbaf219

Other peer-reviewed publications completed during the PhD program:

P2. Ramazanova, Z., Alikul, A., Begimbetova, D., Taipakova, S., Matkarimov, B. T.,
& Saparbaev, M. (2025). Study of the Patterns of DNA Methylation in Human
Cells Through the Prism of Intra-Strand DNA Symmetry. International Journal
of Molecular Sciences 26(19), 9504. https://doi.org/10.3390/ijms26199504

P3. Ramazanova, Z., Baiken, Y., Matkarimov, B., Baimagambet, Z., Aituov, B.,
Myngbay, A., & Urazbaev, A. (2025). Revolutionizing breast cancer detection
with artificial intelligence and machine learning breakthroughs in imaging and
diagnosis: Literature review. Engineered Science, 38, 1859. https://doi.org/10.
30919/es1859


https://doi.org/10.1093/bioadv/vbaf219
https://doi.org/10.3390/ijms26199504
https://doi.org/10.30919/es1859
https://doi.org/10.30919/es1859

Publications

P4. Urazbayev, A., Issakhanova, B. A., Baimagambet, Z., Ramazanova, Z., Baiken,
Y., & Myngbay, A. (2026). ML in breast cancer IHC: Pilot evaluation on non-
ideal slides in Kazakhstan. EElectronic Journal of General Medicine, 23(3),
em?732. https://doi.org/10.29333/ejgm/18520

P5. Ramazanova, Z., Baiken, Y., Matkarimov, B., Urazbayev, A., Myngbay, A., &
Aituov, B. (2025). An information technology approach to predict breast cancer

using machine learning. Scientific Journal of Astana IT University, 24, 36—48.
https://doi.org/10.37943/24UTRW4400

P6. Insepov, Z., Ramazanova, Z., Zhakiyev, N., & Tynyshtykbayev, K. (2021). Water
droplet motion under the influence of surface acoustic waves (SAW). Journal
of Physics Communications, 5(3), 035009. https://doi.org/10.1088/2399-
6528/abdai3

Individual contribution:

Publication P1 constitutes the principal peer-reviewed publication arising from
this thesis and forms the scientific basis for the methodological framework, machine
learning prediction results, discussion, and conclusions presented in Chapters 3-7.
I was the first author and corresponding author of this publication. My individual
contributions included the conception of the study, research design, data acquisition
and preprocessing, implementation of the machine learning pipeline, feature selection,
statistical analyses, model development, external validation and independent replication
analyses, biological interpretation of the identified SNPs, visualization of the results,
preparation of the manuscript, revision of the manuscript, and correspondence with the
journal throughout the peer-review and publication process.

Publications P2—P6 were conducted during my PhD program but do not included
as part of the scientific contributions of this thesis. These publications represent col-
laborative research in related areas of machine learning, bioinformatics, computational
biology, and medical imaging, including DNA methylation analysis, breast cancer
prediction, and biomedical applications of artificial intelligence. Although they demon-
strate the breadth of my research activities during the PhD program and contributed
to the development of my research experience in high-dimensional data analytics and
machine learning, they are independent of the schizophrenia GWAS research presented

in this dissertation.


https://doi.org/10.29333/ejgm/18520
https://doi.org/10.37943/24UTRW4400
https://doi.org/10.1088/2399-6528/abda13
https://doi.org/10.1088/2399-6528/abda13

BLANK



Chapter 2

Theoretical background and

literature review

This chapter provides theoretical background and important concepts for this research
study. It provides an overview of the topics of genome-wide association studies (GWAS),
single nucleotide polymorphisms (SNPs), about the characteristics of schizophrenia
disorder, and the major challenges associated with analyzing high-dimensional genetic
data. In addition, this chapter reviews previous GWAS studies of schizophrenia and
identifies major findings and limitations of each of the research studies. The first
two sections of this chapter will introduce the basic concepts of GWAS and SNPs,
which serve as the basis for further analysis.Section 2.3 will discuss the criteria of
schizophrenia and symptoms. Section 2.4 will outline important discoveries and
conclusions drawn from past research in this area. Sections 2.5-2.7 will present
machine learning techniques and methods used in this study and will discuss important
methodological elements including cross-validation and feature selection. These
sections will provide the necessary background for using machine learning predictive
models applied to genomic data. Section 2.8 will present information on the PLINK
program, which is used as a tool in the makeup of the GWAS database, to preprocess
and manage the data for this study. This chapter provides the supporting foundation for
the use of machine learning methodologies to GWAS database explored in subsequent

chapters.

2.1 Genome-wide association studies

Genome-wide association studies are a relatively recent approach for researchers to
identify genes involved in human disease. Genome-wide association studies (GWAS),
also known as whole-genome association studies, compare the genomic differences
between case and control groups across the entire genome at high coverage to detect
genetic variations by identifying associated markers, specifically single-nucleotide
polymorphisms (SNPs). Detecting genetic variants is an important step toward
improving the diagnosis. GWAS design is shown in Fig. 2.1, allows to test hundreds of
thousands to millions of genetic variants across the genomes of many individuals to

identify associations between genotypes and phenotypes has transformed the field of



2. Theoretical background and literature review

complex disease genetics over the last ten years [1,5,30]. A GWAS aims to identify
all single-nucleotide polymorphisms (SNPs) that are relevant to the diseases. Initially,
a GWAS identifies the disease or trait to investigate and chooses a suitable study
population, such as cases and controls for a disease or a random population sample for
a trait. Genotyping is typically conducted using single-nucleotide polymorphism (SNP)
arrays with imputation or whole-genome sequencing (WGS). To find genomic regions
related to the phenotype of interest at a genome-wide level of significance, association
tests are performed. Meta-analysis is often employed to enhance the statistical power to
detect these associations. Statistical tests are then performed across all chromosomes
to identify variants significantly associated with the phenotype, typically visualized
in a Manhattan plot. Typically, the causal variants are not directly genotyped but are

inferred through linkage disequilibrium with the genotyped SNPs [30].

Disease Trait
&
Population zj m
Controls Cases Unselected sample

Genotyping method

Meta-analysis SNF array and
imputation WGS

Statistical
association

-log, (P value)

Linkage
disequilibrium

Figure 2.1: GWAS design (from [1]).
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The first GWAS for age-related macular degeneration (AMD) was carried out in
2005 that identified two SNPs associated with this disease [31]. But before GWAS
were developed, genetic linkage studies were highly effective at identifying single-gene
diseases [32,33]. Linkage studies confirmed that Huntington’s disease and Alzheimer’s
disease are inherited and enabled scientists to identify the genes responsible for these
two diseases [34, 35]. However, on the other hand, when analyzing more complex
disorders such as schizophrenia, bipolar disorder, or diabetes using linkage studies,
researchers have been unable to identify any specific genes associated with those
disorders. In 1996, Risch conducted a study to determine if there had been a final
limit to genetic research on complex diseases. He suggested that genetic research in
complex diseases should be performed using an association approach because results
from linkage studies have not been successfully replicated between multiple complex
diseases and their associated loci, and based his argument for an association approach,
using statistical analyses to support his hypothesis [36]. The results of the human
genome project, the creation of biobanks, and the completion of the International
HapMap Project have facilitated the progress of GWAS [37].

GWAS is suitable for ‘complex’ diseases. Genetic variations detected by GWAS can
identify individuals who have an increased susceptibility to specific diseases, hence
supporting improved patient outcomes through early diagnosis, preventive strategies
and more targeted therapeutic interventions. An allele’s frequency in the population
and its risk associated with complex diseases are important factors to be taken into
consideration while designing a genetic study; as such, they will influence the type of
technology required for obtaining genetic data and the number of samples required to
find statistically significant genetic effects. The potential range of genetic effects can be
categorized by their effect size and the allele frequency (see Fig. 2.2).

In Fig. 2.2, Mendelian diseases, such as those shown in the top left circle, have
a significant impact on individuals, but mutations of this type are very rare in the
population. Similarly, very rare variants with small effects, represented in the bottom
left circle, are also present. These factors limit the ability to establish a reliable
correlation between phenotype and genotype. GWAS aims to identify many genetic
variants, which can be categorized as (i) common variants with high effect sizes (top
right circle) and (i1)) common alleles that appear to have very little impact on human
health (bottom right circle). To detect genetic variants residing in the sample size must
be large for two reasons. Firstly, to observe rare variants in a set of individuals, and
secondly, to have enough power to estimate low effect sizes.

The use of genome-wide association studies has greatly increased the understanding
of the genetics of complex traits by providing a methodical way to identify genotype-
phenotype associations across the entire genome. One of the main advantages of
GWAS is that they are able to detect many reproducible risk loci that have led to the
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Figure 2.2: A schematic representation of the ability to identify genetic variants based
on the risk allele frequency and the strength of the effect size (adapted from [38]).

identification of unknown biological pathways and mechanisms of disease [30, 38].
To date, GWAS have identified lots of SNPs that are associated with psychiatric
disorders, including schizophrenia [16,22,24], depressive disorder [39,40], and bipolar
disorder [41,42]. These discoveries have also proven to have translation value because
they are used for risk prediction, the development of biomarkers, and identifying
potential therapeutic targets. GWAS are organized in a way that allows for them to be
scaled, which will allow for an increase in the discovery of risk loci as sample sizes
continue to grow with no signs of saturation.

Despite these advantages, GWAS present several important limitations. One
limitation is that most of the genetic variants identified through GWAS only account
for a small fraction of the heritability observed in traits that are influenced by many
genes [43]. Additionally, GWAS results do not provide direct evidence of the biological
mechanisms for the genetic variants because of linkages in the genome. This means that
extensive laboratory studies will be needed to determine the mechanisms for GWAS
results [1,44]. Furthermore, a large number of estimates must be made when conducting
GWAS and therefore researchers use strict significance levels that may reduce their
ability to detect genetic variants that facilitate to risk for complex conditions, since there
are many fewer studies published reporting small effects than there are studies with large
effects [43,45]. While GWAS are not intended to identify very rare genetic variants,
various other factors may diminish their efficacy to identify very rare genetic variants,
as well as gene-gene and gene-environment interactions, which may contribute to
increased risk of developing complex conditions, when performing GWAS [19,46,47].
Additional methodologic limitations associated with GWAS are present, including
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potential confounding due to population stratification and the limited clinical predictive
value of identified variants, further restrict the applicability of GWAS findings in

research and clinical contexts [48—50].

2.2 Single-nucleotide polymorphisms

Single-nucleotide polymorphisms (SNPs) are variations in a single nucleotide occurring
at a specific genomic location. These changes or variations are common throughout
a person’s deoxyribonucleic acid (DNA) and are the most frequent type of genetic
variation among people. Figure 2.3 illustrates a SNP, which is a variation in the base
at a specific site in the DNA sequence between chromosomes. Each SNP reflects a
variation in a single nucleotide, which is one of the fundamental building blocks of
DNA. For instance, a SNP may involve the substitution of cytosine (C) with thymine
(T) within a particular DNA sequence. SNPs can occur in coding regions of genes,
non-coding regions, or in the intergenic regions between genes. While many SNPs
have no effect on health or development, some can directly contribute to disease or
influence the risk of disease and other health-related traits. SNPs constitute 90 % of
genomic variations [51]. These variations can lead to changes in an individual’s traits,

from susceptibility to diseases to physical characteristics.

SNP SNP SNP
SNPs |
v v v
Chromosome1 AACACGCCA.... TTCGGGGTC.... AGTCGACCG....

Chromosome 2
Chromosome 3
Chromosome 4

AACACGCCA....
AACATGCCA....
AACACGCCA....

TTCGAGGTC....
TTCGGGGTC. ...«
TTCGCEGGTC....

AGTCA ACCG....
AGTCA ACCG....

AGTCCACCG....

Figure 2.3: SNPs. A brief segment of DNA from four variations of the same
chromosomal region in different individuals. While most of the DNA sequence is the
same across these chromosomes, there are three bases where differences are observed.
Each SNP has two potential alleles; for example, the first SNP in panel a feature the
alleles C and T (adapted from [37]).

The location of an SNP can determine its various applications in medicine and
research. Coding SNPs associated with a single-gene disorder can be used to predict
whether a person will develop the disorder they represent and can be used in approaches
to gene therapy. Additionally, SNPs may be useful when studying how a variation
of an SNP produces a change in the amino acid sequence of proteins that have a role
in drug metabolism [52]. Also, the great numbers of SNPs that have been identified
indicate that they are important. Also, because of their relatively low mutation rate,
SNPs are ideal markers for use in genomics studies, considering that they demonstrate

the historical (evolutionary) development of the human genome [53].
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There is currently a high amount of research activity directed towards the
identification of profiles of SNPs associated with diseases; as a result, genome-wide
studies have improved the ability to identify variation in genetic material as well as
developing ways for using this information to identify certain diseases, to prevent illness

as well as treat illnesses, and has created additional research opportunities [54].

2.3 Schizophrenia disorder

Schizophrenia is considered to be a heritable mental illness, resulting from a complicated
interaction between the individual’s genetic predisposition and the environment in which
they live [55]. Positive and negative symptoms characterize schizophrenia. The positive
symptoms include the presence of hallucinations and delusions, whereas the negative
symptoms are the absence of emotions and interests and manifest as disorganized
thinking and behavior [55]. People with schizophrenia have an average lifetime risk of
developing the disorder of approximately 1%. Schizophrenia is associated with a high
level of morbidity and mortality and carries a considerable cost both to the individual
and to society [16, 56]. Schizophrenia has been known to have a genetic basis for
a long time, primarily because the disorder tends to run in families. However, the
best evidence for the relationship between schizophrenia pathogenesis and genetic risk
factors is derived from adoption studies and twin studies [57]. Schizophrenia carries a
large genetic component, as evidenced by the heritability estimates from twin studies,
which range from approximately 83%-87% [58].

Disorganization is made up of two symptoms: loosening of associates and inability
to maintain an ongoing line of thinking. However, it may not be true that the three-
dimensional model has the best characterization of the various symptoms of this
disease [59]. It is also possible that it does not accurately reflect the patterns of
the co-occurrence of the symptoms that we have seen in patients [60,61].

Cognitive deficits are one of the most prominent symptoms associated with
schizophrenia. Symptoms can include difficulty sustaining attention or concentration,
executive dysfunction, and memory impairment [62]. On average, people with
schizophrenia score lower than healthy controls on cognitive performance tests; however,
because cognitive performance varies widely among people with schizophrenia, they
are more heterogeneously distributed in their performance than people without the
disorder. In one of the published studies of cognitive impairments associated with
schizophrenia, 2 of the top-scoring individuals on a specific cognitive ability measure
were people with schizophrenia [63]. Overall, the individual and societal consequences

of these disorders are very significant.
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2.4 Genome-wide association study of schizophrenia

Potentially utilizing GWAS to identify possible genetic variants for psychiatric and
other disorders has made significant progress in the last few years [2,5-9]. Assessing
GWAS has confirmed that schizophrenia has a polygenic basis, i.e., numerous gene
risk variations are typically seen in the form of SNPs [64]. So far, 108 genetic loci
associated with schizophrenia have been observed with a sample of 36,989 patients and
113,075 controls [16]. Pardinas at al. identified over 250 additional loci involved in
the development of schizophrenia [22]. This work [65] applied a combined sample of
409 families with schizophrenia (263 European-American and 146 African-American
populations). The families in this study needed to have an affected proband with
this trait and multiple siblings of the proband with schizophrenia or a schizophrenic
disease. Associations were found for the previously listed chromosomal locations via
nonparametric multipoint linkage analysis of all families [65]. A new location associated
with schizophrenia was found in this study [66]. The loci are located nearby in the
pseudo autosomal area, and adjacent to the colony-stimulating factor receptor 2 alpha
(CSF2RA) gene which is responsible for encoding a protein. According to some GWA
studies, differences in the copy number variations (CNVs) of certain chromosomes are
associated with a higher degree of risk in developing certain forms of schizophrenia
and other psychiatric disorders [67, 68]. A two-phase GWA study was performed
in [67] to study differences between CNVs that were present in both phases of the
analysis. They reported a nominal association between CNVs at three specific locations:
1g21.1, 15gq11.2 and 15q13.3 and the developing schizophrenia. As candidate genes
ZNF804A, MYO18B and NOTCH for schizophrenia were reported [21,27], consistent
with the finding of an O’Donovan et al. study that showed evidence for an association
of ZNF804A with schizophrenia in a GWAS [23]. In one year, O’Donovan et al.
conducted a meta-analysis that resulted in the identification of fibroblast growth factor
receptor 2 (FGFR2) as a susceptibility gene for schizophrenia, located on chromosome
10g25-g26 [69]. The study was conducted in a Norwegian discovery sample with 201
patients and 305 controls, and subsequently conducted focused replication analyses in a
European sample with 2,663 patients and 13,780 controls and found that PLAA, ACSM1
and ANK3 were also associated with schizophrenia as result of GWAS [70]. Many
studies show that schizophrenia is not a simple recessive disorder. Additionally, healthy
individuals can carry silent genes that make them more susceptible to schizophrenia [71].
Therefore, similar to other complex genetic disorders, there is widespread agreement
that numerous different genetic variants interact to create varying levels of risk for

developing schizophrenia, with each variant likely having a small effect size [72].
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2.5 Machine learning techniques

The mechanisms underlying the cognitive impairment associated with schizophrenia
remain poorly understood. This is due mainly to the heterogeneous nature of the deficits,
as well as to the greater complexity and heterogeneity of the overall psychopathology.
The area of research also involves the collection of an enormous amount of many
dimensional data, which consists of behavioral performance, social factors and
environmental factors, complex neuronal pathways that are continuously interacting
and cannot be easily analyzed using classical statistical methodologies [73]. However,
with the rapidly increasing capabilities of computers, machine learning techniques
have become increasingly adept at addressing these methodological challenges [74].
Consequently, there has been a dramatic increase in the use of machine learning
(ML) within the field of schizophrenia research, particularly in neuroimaging [75].
Additionally, GWAS that incorporate machine learning methodologies [76] and those
that utilize different study designs (e.g., case-control, family study, hypothesis-driven
design, intervention) [77] and newer methodologies offers solution to assistance with
increased statistical power from schizophrenia associated trait research.

In this thesis, we will use ML to build SNP-based predictive models of schizophrenia
that are specific to the ethnicity-gender population. In this thesis, supervised learning
methods will be discussed. The next subsection introduces machine learning (ML),
defines relevant core concepts, discusses the different classification techniques that
were used throughout this study, and provides a brief overview of previously completed

studies associated with schizophrenia that utilized ML techniques.

2.5.1 Machine learning concepts

Machine learning (ML), as part of artificial intelligence (Al), focuses on ways to provide
computers with the capability to learn through experience rather than through explicit
programming [78]. The growth of machine-learning’s predictive power, combined
with its capability of extracting insight from complex relationships found within large
amounts of data, has made machine-learning an increasingly popular technique [79].
Although ML is a part of computer science, it is closely related with math disciplines
of statistics, optimization, and information theory. Machine learning is thought to
be a way to enhance human cognition through automated algorithmic processing and
analysis by identifying important relationships that may not have been observable
through traditional manual inspection of data [80]. Different subfields of ML utilize
different methods to learn and solve problems as well as various types of data.

The ML methods are classified into three major categories, namely: a. supervised
learning (binary or multiclass classification), b. unsupervised learning (dimension reduc-

tion), and c. reinforcement (reinforcing learning through immediate reward/penalties).
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Reinforcement is used primarily in robotics [75,81]. Supervised learning uses input
data that has been categorized into sets of features and corresponding labels (i.e. the
predicted outcome). The data is sometimes split into train and test datasets and the
corresponding labels recorded on each of those datasets have been removed. The
relationship between the features and their corresponding labels are obtained from the
training dataset and will then be validated against the test dataset. On the other hand,
when working with an unsupervised method we are trying to find some sort of pattern
or structure in a dataset that has not already been categorized with labels.

Analyzing data with machine learning algorithms consists of three major stages: (1)
preparing data (data preprocessing and division data into a training and test subset),
(2) learning (parameter selection, model turning, and regularization of estimator
parameters), and (3) evaluating the model performance (applying parameters to the
test set) [75]. In particular, algorithms employ pattern recognition methods to identify
patterns in large quantities of data by testing many commonsense assumptions about
how the data is organized. Then learn from these assumptions by comparing them and
adjusting just one of the factors that make up a model(s). Thus, the process involves
many repeats of thoroughly estimating parameters, assessing performance, analyzing

errors, and correcting them until the model achieves maximum accuracy [74,75].

2.5.2 Classification algorithms

This study applies several supervised machine learning classification models, such as
Naive Bayes, Tree-Augmented Naive Bayes, Random Forest, Logistic Regression with
L2 ridge penalty, Lasso (or L1 regularization), and Group Lasso are used to analyze
the GWAS data. These models were chosen to examine different methodological
approaches, including probabilistic, logistic, sparse, and ensemble-based techniques,

particularly applicable for high-dimensional GWAS data in schizophrenia’s research.

Naive Bayes (NB)

Naive Bayes (NB) is a ML classification algorithm that predicts the categorical
response of a data point using probability. The primary concept of NB is to apply
Bayes’ theorem for classifying new observations based on the probabilities associated
with various classes in relation to a set of features [82]. In other words, Naive Bayes
classification assumes that the value of one feature does not influence the value of
another feature given the value of the class variable. Typically used for classifying
high-dimensional datasets, there is significant interest and work with NB [83]. The
probability of a class Cj, label given a feature vector x = (z1,...,x,) is defined as
Bayes’ theorem:

2.1
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Under the independence assumption, the likelihood term can be factorized as:

P(x | Cy) = ﬁ P(z; | Cy) (2.2)

i=1
Thus, the classification decision rule is:

n

C* = arg max P(Cy) I P(z; | Ck) (2.3)

i=1

So, equation 2.3, becomes NB classifier.

The NB algorithm will often work efficiently processing high-dimensional of
variables found within genomic datasets. Mostly, NB algorithm is used consistently
in the areas of medicine to predict the probability (likelihood) of a person having a
specific disease by evaluating the amount and type of their presenting symptoms, in
filtering out spam e-mail, for classifying different types of text, predicting the weather,

and many other areas as well.

Tree-Augmented Naive Bayes (TAN)

The Tree-Augmented Naive Bayes (TAN) model builds on the standard Naive Bayes
model by allowing for inter-feature correlations [82,84]. In this sense, the TAN structure-
learning method is a semi-naive structure-learning method utilized in conjunction with
a Bayesian search approach, which is described in [82] and has demonstrated superior
effectiveness as a structure-learning algorithm compared to the NB model. The TAN
algorithm assumes that all the attributes are conditionally independent given the class
attribute. This is done using the class as the only parent of all other attributes. The
TAN algorithm then incorporates edges between the attributes to capture the potential
dependencies between attribute pairs, given that the class is a parent of all attributes.
The TAN also restricts dependencies to one parent other than the class attribute for any
given attribute. The NB model assumes that all variables are independent given the
class attribute, which can create problems if this assumption does not hold. Studies
show that TAN performs better than NB [85].

In a TAN, features will depend on the class variable and no more than one other
feature, producing a tree structure. We formulate the joint probability distribution as
follows [85]:

P(C,X1,...,X,) = P(C) ﬁ P(X; | C, Pa(Xy)) (2.4)

i=1
where Pa(X;) denotes the parent node of feature X;.
The TAN model is useful for modeling the relationships among genetic variants that

may have a combined effect on an individual’s risk of developing schizophrenia.

Random Forest (RF)
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Random Forest (RF) is an ensemble machine learning algorithm which combines
many decision trees to create a better prediction model [86, 87]. The RF algorithm
builds multiple decision trees using randomly selected subsets of the training sample
and then combines the predictions from each of the individual trees by using majority
voting to produce the final output. Using RF improves accuracy and reduces the chances
of making predictions that are incorrect. A bootstrap sample of the training dataset is
utilized to train each tree in the dataset, with randomly selected features at each split. A

majority voting is used for predicting outcomes in classification tasks [85]:

§ = mode{h(x), ho(x), ..., hy(x)} (2.5)

where h, () is the prediction of the ¢-th decision tree (¢ = 1,2,...,7T); T is the total
number of trees in the RF; mode(-) denotes the most frequent class label among all tree
predictions; ¢ is the final predicted class label for the input variable .

The Gini importance score is calculated for each individual feature by RF to show
how much difference that variable had on differentiating between classes (in the case
of classifying trees) as opposed to just using the overall outcome of all the classes
together [88]. As such, RF can be used for both classification as well as exploration of

each of the individual features [86].

Logistic Regression with L2 ridge penalty

Logistic regression (LR) models can use penalization (or regularization of the
coefficients). The effect of these procedures is to shrink the coefficients towards
zero, relative to the maximum likelihood estimates. The L; and L, penalties associated
with model fitting are the most common forms of regularization in machine learning.
In linear algebra, there are two different types of penalty norms: L; and L, penalty.
Norms provide a measure of how large a vector is based on the distance from the origin
to the location of the vector [85]. LR uses the logistic function to represent a binary

response variable by estimating the probability of a binary outcome of interest [89]:

1

P =tle) = e

(2.6)

the log-likelihood function of the logistic regression model with L, penalty becomes:

N
Z Yi Ingz 1 - yz) log 1 - pz —A Z 62 (27)

=1
where p; = P(y; = 1 | x;) is the predicted probability that the i-th observation belongs
to class 1, 3 is the vector of regression coefficients (excluding the intercept), and A is a
regularization parameter controlling the strength of the penalty term. The term Z?Zl @2

represents the squared L, norm of the coefficient vector.
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This shrinks the effect sizes of covariates (coefficients) towards zero, resulting in
better generalizability and stability of models constructed on high-dimensional data
generated from GWAS [85].

LASSO (L, regularization)

LASSO (Least Absolute Shrinkage and Selection Operator), also known as L1,
regularization that results in sparsity for the models’ coefficients. L; regularization
can shrink, or set to zero, many of the coefficients in the least-squares estimate,
which enables the elimination of uninformative predictors or selection of relevant
features. Then the penalized log-likelihood of the LASSO logistic regression model or

L4 regularization is defined:

N
= [yilogp; + (1 — y;) log(1 — p;)] AZ 1351 (2.8)
=1

where ) is a regularization parameter controlling the strength of the penalty term.
The term >°%_, | 3;| represents the L, norm of the coefficient vector.

Unlike LR with L, penalty, the LASSO encourages sparsity by shrinking some
regression coefficients exactly to zero, thereby performing automatic feature selection.
First, the Lasso was introduced by Tibshirani [90]. This is advantageous when modeling
GWAS data, since the number of SNPs will usually be considerably greater than the

number of subject samples.

Group Lasso

Group Lasso extends LASSO to cases where the predictors can be divided into a
priori defined groups. Group LASSO enhances the LASSO framework via variable
selection at the level of predetermined groups of variables rather than individual
predictor variables. In a GWAS, the groups can correspond to genes, pathways, or
genomic regions.

The penalized log-likelihood function is defined as:

N
=Y [yilogpi + (1 — y;) log(1 — p;)] AZHB 2 (2.9)
=1

where G is the number of predefined groups, B, is the vector of coefficients

corresponding to group g, and ||3,||> denotes the L, norm of group g, defined as

\/ E]Eg 5]2
1B,lle = [ 52

Group LASSO employs the L, norm within each group. This is because sparsity is
imposed at the group rather than at the individual predictor level. The L, norm assesses

the total magnitude of the group coefficients without having to constrain individual
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coefficients to zero, whereas the outer group-wise summation essentially functions as
an L;-type penalty. Thus, the Group LASSO method retains or removes entire groups
of variables. This property is particularly advantageous for GWAS data, as SNPs can be
easily grouped by genes or pathways, thereby providing more meaningful, biologically

relevant interpretation [85].

2.5.3 Machine learning application in schizophrenia research

ML has been successfully applied in the area of schizophrenia for diagnosis, clinical
prognosis, and treatment [74]. For example, the effectiveness of utilizing multivariate
pattern recognition analysis on neuroimaging data to separate those suffering from
schizophrenia and non-sufferers is demonstrated by a meta-analysis that combined 38
studies, where patterns of sensitivity and specificity for separation were found to be
approximately 80% [91]. The development of schizophrenia prediction using human
germline genetic materials from the UK Biobank database has been studied in the
research [92]. Therein, a range of predictive models has been generated using many
machine learning techniques, including distributed random forests, gradient boosting
regression trees, XGBoost, GLMs, and stacking techniques that combine the models
mentioned above. In terms of performance, the stacked ensemble model performed best
and produced an accuracy of 54.5%. In addition, a systematic review [93] demonstrated
good potential for diagnosing schizophrenia via machine learning analyses of functional
and structural MRI data with accuracy 60-80 %. It was also suggested that with the use
of various machine learning methods/tactics, it would be possible to further improve
upon current accuracies. In a study [94], researchers used minor alleles from publicly
available databases to predict schizophrenia. They found that their predictions were
accurate for 3.14 % of patients using a receiver operating characteristic curve (ROC
AUC), using 10-fold cross-validation. In another study [95], researchers trained four
types of machine learning classifiers (naive Bayes, support vector machine (SVM),
random forest and gradient boosting) to classify cases of schizophrenia versus healthy
controls; the best-performing classifiers were the random forest with a mean accuracy
of 68.6 % and AUC of 60.8%. These studies demonstrate that machine learning
techniques may be effective in identifying patients with a diagnosis of schizophrenia
based on genetics alone, although more research is needed in this area. In a study [96],
it was found that patients who had compromised and spared cognitive functioning
were classified correctly < 60 %, but that increased to 83 % when using the same
sample but looking only at females. Additionally, machine learning algorithms have
been shown to be able to predict the outcome of treatment and/or clinical course in
patients with schizophrenia across various studies. Specifically, these algorithms have
shown to have > 70% (e.g. predicting the outcome of first-episode psychosis) [97]

and 85 % (e.g. predicting response to repetitive transcranial magnetic stimulation) [98]
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accuracy in predicting outcomes from various types of treatments. Other studies have
looked at the potential value of using polygenic scores (PGSs) from genetically related
disorders and phenotypes as predictors for schizophrenia risk using both LR and deep
neural network (DNN) models [56,99]. The Molecular Genetics of Schizophrenia
(MGS) [56, 100] combined with the Swedish Schizophrenia Case-Control Dataset
(SSCCS) [56, 101] were used for training and testing, while the Clinical Antipsychotic
Trials for Intervention Effectiveness (CATIE) dataset was evaluated further [56,102,103].
DNN models based on the MGS + SSCCS data containing 19 PGS predictors gave an
accuracy of 81.3% and AUC of 90.5%, while the CATIE datasets contributed to accuracy
(72.1%) and AUC (74.7%) upon model construction. It has been shown that RF model
analyses of electroencephalogram (EEG) data can differentiate between patients having
schizophrenia and healthy subjects with an accuracy up to 100% [104]. In addition, RF
models have been developed with strong predictive accuracy when predicting cognitive
subtypes of schizophrenia based on their associated genomic profiles [105].

While ML approaches in schizophrenia research indicate supportive outcomes,
careful consideration is needed before implementing them because of problems
including: bias in selection of participants subsequently tested, overfitting of data
with the model, having subjects who had been previously identified with a similar
diagnosis characterized differently in their original diagnosis, a clinical population
with varying levels of knowledge about computation and computer-based approaches
to assessing patients’ functioning, and a lack of sufficient details associated with the
presentation of the model and data [74,75, 106].

2.5.4 Recent advances in deep learning for genomic and

multi-omics data

In recent years, deep learning has become an important research direction in
computational genomics. While traditional machine learning algorithms such as RF,
LR, SVM, and NB remain widely used for structured GWAS datasets, recent studies
increasingly employ deep neural networks to analyze large-scale genomic and multi-
omics data. These approaches enable learning of complex nonlinear relationships and
interactions among different molecular layers.

Recent developments in complex disease studies have highlighted the importance of
multi-omics approaches, which integrate different types of omics data, such as genomics
(genetic variation including SNPs and DNA sequence), transcriptomics (RNA),
epigenomics (like DNA methylation or histone changes), proteomics (proteins), and
metabolomics data, that are all used to investigate a more comprehensive understanding
of disease mechanisms. Unlike traditional GWAS analyses based solely on SNP array

data, multi-omics approaches integrate multiple molecular layers and determinants of
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latent biological interactions associated with disease susceptibility. Unlike single-omics
studies, multimodal learning approaches are capable of capturing complex biological
interactions that may remain undetected in single-omics analyses.

In parallel, multimodal deep learning has emerged as a promising computational
framework for integrating heterogeneous omics data. Deep neural networks, including
deep learning architectures such as genomic and transcriptomic foundation models
HyenaDNA, Geneformer, DNABERT, Enformer and scGPT have demonstrated the
ability to learn complex genomic representations directly from DNA sequences and
large-scale omics datasets. These foundation models are pre-trained on large-scale
genomic or transcriptomic data and can be fine-tuned for downstream tasks such as
variant prioritization, gene regulation prediction, cell-type annotation, and disease
classification. Their ability to learn transferable biological representations has made
them an important direction in computational genomics and precision medicine.
These models may facilitate the discovery of novel biological mechanisms underlying
schizophrenia and other highly polygenic disorders. Although these models have
demonstrated promising performance, their application generally requires large-scale
sequencing or multi-omics datasets that differ substantially from the SNP-array GWAS
data used in the present study.

Compared with classical machine learning algorithms, deep learning models
automatically learn hierarchical feature representations from raw input data and
generally achieve the greatest benefit when trained on very large sequencing or
multi-omics datasets. In contrast, classical machine learning algorithms such as
Random Forest operate directly on structured SNP variables and are better suited
to high-dimensional tabular GWAS datasets with relatively limited sample sizes.
Moreover, Random Forest provides feature importance measures that facilitate
biological interpretation of disease-associated SNPs, whereas deep learning models
often require additional explainability techniques to interpret their predictions.

However, the current research focuses on SNP-based GWAS datasets. These datasets
contain genotyping information only and do not include additional transcriptomic,
epigenomic, proteomic, or other omics modalities required for multimodal deep learning.
Furthermore, after ethnicity- and gender-specific stratification, the available sample sizes
within each ethnicity—gender subgroup were relatively limited for training large deep
neural networks. Under these conditions, deep learning models are more susceptible to
overfitting and may exhibit reduced generalization performance because the number
of trainable parameters substantially exceeds the amount of available training data.
Therefore, considering the characteristics of the available SNP-array GWAS data,
the relatively limited subgroup sample sizes, and the need to preserve biological
interpretability, random forest was considered more appropriate than deep learning

models for the objectives of the present study. Random forest is particularly well
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suited for structured high-dimensional SNP-array GWAS data because it effectively
captures nonlinear relationships while remaining relatively robust to overfitting through
bootstrap aggregation and random feature selection. Furthermore, the algorithm
provides measures of feature importance that facilitate the biological interpretation of

selected SNPs, which was one of the main objectives of the present study.

2.6 K-fold cross-validation

K-fold cross-validation (CV) is a common resampling procedure for evaluating the
performance and generalizability of ML models. K-fold CV works by dividing your
data into k separate equal-sized subsets (or folds). During each of the k iterations of
the CV process, one-fold is used as a validation set, while the other remaining k£ — 1
folds are used for training set. This process is repeated k times, ensuring that each data
point is used for both training and validation at least once. In this thesis stratified 5-fold
cross-validation was utilized in order to keep the ratio of samples within each fold equal
between the cases and controls. This is especially important when conducting genetic
studies as class imbalance can affect the accuracy of classification models. Additionally,
CV can be used to reduce the risk of overfitting and produce a better estimate of the
performance of your model using new data (unseen samples). There was both model
selection and hyperparametric tuning completed based on the mean results of each of

the folds to produce robust predictive models [85].

2.7 Feature selection in GWAS

Feature selection is a crucial step in GWAS, particularly because genomic data is often
high-dimensional. This means the number of SNPs can be very large, sometimes
reaching hundreds of thousands or even millions. The purpose of applying feature
selection is to reduce the dimensionality of a given training dataset by selecting the
most relevant features for the phenotype being analyzed. The choice of feature selection
is crucial to create a model that generalizes well to unmeasured cohorts. Typically, one
of the methods used for selecting which features should be included in the predictive
models is to reduce the number of dimensions in the training data by excluding those
SNPs that either: a) provide little or no predictive power for the phenotype class, and
b) have redundant information to one another [107]. When done effectively, feature
selection will improve both the efficiency of the learning process and the accuracy of
the predicted values, as well as simplify the complexity of the learned results [108, 109].

In this study, we used feature selection to identify subsets of informative SNPs
associated with schizophrenia. Feature selection was done using a statistical association

test which evaluated each SNP for an association to case-control status.
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2.8 PLINK

PLINK is a widely used open-source software program designed for the analysis of
large-scale genotype and phenotypic data. Use of PLINK [110] allows researchers to
efficiently perform data management, quality control, and statistical analysis in GWAS
data. Consequently, PLINK generally works with two main types of genetic data files:
VCF and binary files (.bed, .fam, and .bim).

In the thesis, PLINK 1.9 was used for the preprocessing and analysis of SNP
data. Specifically, PLINK was used to conduct quality control (QC) procedures,
including the filtering of SNPs and individuals based on missing data, missing allele
frequency (MAF), and Hardy-Weinberg Equilibrium (HWE) prior to SNP association
analyses with schizophrenia status in order to produce the statistical values necessary
for subsequent feature selection. By using PLINK within the analysis workflow,
we efficiently processed high-dimensional genomic data while utilizing standardized

methods for data preparation before ML modeling [85].
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Chapter 3

Methodology

This chapter explains of the methodological framework at the core of this thesis to
analyze GWAS data and develop predictive models for schizophrenia. It describes the

overall analytical pipeline, starting from data preparation to model evaluation.

3.1 Data description

3.1.1 Database of genotypes and phenotype (dbGAP)

The U.S. National Center for Biotechnology Information (NCBI) has developed a public
repository known as the Database of Genotypes and Phenotypes (dbGaP) [111], which
is a central location for storing, archiving, and sharing research data that studies the
relationship between genotype and phenotype. dbGaP was created to meet a need to
create a standardized repository to archive large genomic databases, including data
from GWAS, sequencing projects, and clinical trials. dbGaP contains two types of
information: genotype data and phenotype data. Genotype data consist of variations
in DNA sequence such as SNPs while phenotype data consist of measurements of
an individual’s phenotype (such as health status, physical characteristic, or treatment
response). dbGaP houses individual-level data on phenotypes, exposures, genotypes,
and sequences, along with their interrelationships. Each study within the database, as
well as subsets of information from these studies have a unique identification number.
This allows published studies to reference or cite the primary data in a precise manner.
A dbGaP offers two types of access for users. Open-access data permits researchers to
examine documents related to summary data on specific phenotypic variables, statistical
summaries of genetic information, and the genomic positions of published associations.

However, accessing individual-level data requires authorized access [112].

3.1.2 Genetic Association Information Network (GAIN)
schizophrenia GWAS dataset

The GAIN schizophrenia GWAS data (accession number phs000021.v3.p2) [19, 21,

23,65] was used in this thesis project which was obtained from NCBI of the database

of Genotypes and Phenotypes (dbGap). The GAIN was established to improve the
detection of genetic causes of complex diseases through large-scale GWAS. The GAIN
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initiative is supported by both the National Institutes of Health (NIH) and industry
partners, offering researchers a way to develop genotypic and phenotypic datasets
accessible to the scientific community via publicly available repositories such as
dbGaP [112]. This dataset is specifically designed to identify genetic loci for genome-
wide association studies. The overall goal of the GAIN Schizophrenia GWAS on
the dbGaP site is to identify susceptibility genes associated with the development of
schizophrenia. The focus of the participant recruitment was based on an individual’s
ancestry, with participants of European-American (EA) ancestry and African-American
(AA) ancestry. The dataset contains both genotype and phenotype data based on
interviews conducted to establish diagnostic criteria, epidemiological questionnaires
that assess family relationships, and a variety of demographic information obtained
during the study. The criteria included adults, 18 years of age or older, diagnosed with
schizoaffective disease or schizophrenia that meet DSM-IV criteria. The participants
must have been symptomatic for at least six months and must provide informed consent.
To meet these criteria, the participant must have a family member or close friend who
can confirm the participant’s diagnosis. Participants who do not meet the requirements
will be excluded from the sample (i.e., they do not communicate sufficiently in English).
Participants who are experiencing psychosis based on a substance use disorder or
neurological disorder (e.g., seizure disorder) or have significant cognitive deficits, such
as a severe cognitive deficit, would also not meet the inclusion criteria. In addition, a
mild cognitive deficit (/) > 55) would not be included unless there is a clear indication
of schizophrenia [56].

The data used in this dataset were collected using the Affymetrix platform and
are based on the use of the Genome-Wide Human SNP Array 6.0. The Affymetrix
Genome-Wide Human SNP Array 6.0, often referred to as the Affy 6.0, includes a total
of 1.8 million genetic markers, comprising over 906,600 SNPs and in excess of 946,000
probes designed to detect copy number variations (CNV). The platform additionally
provides analysis tools that effectively integrate copy number and association data using
a high-resolution reference map, as well as a copy number polymorphism (CNP) calling
method worked out by the Broad Institute [113].

The GAIN schizophrenia dataset includes 906,600 SNPs and 1,983 African-
American and 2,710 European-American individuals, further description re-
garding the initial unprocessed sample characteristics of schizophrenia GAIN
(phs000021:phg000013 (EA), phs000021:phg000014 (AA)) is provided in Table 3.1

Table 3.1: The initial unprocessed GAIN data information (adapted from [56]).

Populations Individuals SNPs Controls Cases Missing

African-American 1983 906600 979 953 51
European-American 2710 906600 1442 1215 53
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In this study, we separated the data by ethnicity and gender, which helps us to find
genetic variants that might be missed in larger studies that mostly include European
populations. To avoid the confounding effects of ethnicity and gender on the results of
GWAS [114-117], we constructed population-stratified SNP-based predictive models
of schizophrenia, that is, the models are specific to EA-F, EA-M, AA-F, and AA-
M populations, where "F" is female, and "M" is male populations. Although both
ethnicities may possess distinct genetic loci that make them susceptible to developing
schizophrenia [118], males are widely recognized to possess increased risk factors
associated with schizophrenia [119].

Table 3.2 shows the number of samples in each subpopulation in the data. All
subjects selected for analysis were European-American (male and female samples) and

African-American (male and female samples).

Table 3.2: The number of individuals in each group in the GAIN dataset (from [56]).

Population Individuals Controls Cases Missing
African-American females 996 609 359 28
African-American males 987 370 594 23
European-American females 1162 774 365 23
European-American males 1548 668 850 30

The GAIN schizophrenia dataset was selected as the primary model-development
dataset because it provides publicly accessible, well-characterized case-control GWAS
data collected using a common SNP-based platform. The dataset includes participants
of both African-American and European-American ancestry, together with information
on sex and diagnostic status, allowing the development and evaluation of ethnicity-
and gender-specific prediction models. The initial dataset comprised 4,693 individuals
and 906,600 SNPs, providing a suitable high-dimensional setting for investigating
whether combinations of genetic variants can distinguish schizophrenia cases from
controls. Its large sample size, consistent genotyping platform, detailed phenotype
information, and diverse population made the GAIN dataset suitable for the objectives of
this thesis. In addition, the availability of an independent schizophrenia GWAS dataset
enabled subsequent assessment of model transferability through external validation and

replication analyses.

3.2 GAIN schizophrenia data analysis

3.2.1 Data preprocessing and statistical analysis

Before model development, we performed preprocessing and statistical analysis

to ensure data quality and identify informative genetic variants associated with
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schizophrenia. Due to the high dimensionality and complex biological nature of GWAS
data, preprocessing is crucial to improve the reliability of subsequent analyses. To
eliminate any artifacts from imputation methods before final analyses, we applied the
following criteria to exclude all those SNPs with a minor allele frequency < 10%, a
genotyping rate < 90%, and a missing data rate < 5%; SNPs with HWE (p-value <
0.0005) were also removed. The PLINK tool [110] was applied for the quality control to
exclude low-quality SNPs and samples in accordance with the general recommendations
from NCBI. The data pre-processing steps via the PLINK command included next:

1) Individuals were filtered to the separate groups of males and females. The analysis

for each group was done separately.

PLINK commands:

plink —bfile path/to/files (bed, bim, fam) —filter-males —make-bed —out output_file
—bfile path/toffiles (bed, bim, fam) —filter-females —m—make-bed —out output_file

2) Individuals with missing phenotypes were removed.
PLINK commands:
plink —bfile path/to/files (bed, bim, fam) —prune —make-bed —out output file
3) Genetic variants that failed Hardy Weinberg Equilibrium test with a significance
threshold of p < 0.0005 were removed.
PLINK commands:
plink —bfile path/to/files (bed, bim, fam) —hwe 0.0005 —make-bed —out output file

4) Genetic variants with the genotyping rate less than 90% were removed.
PLINK commands:
plink —bfile path/to/files (bed, bim, fam) —geno 0.1 —make-bed —out output file

5) Genetic variants with minor allele frequency (MAF) less than 10% were removed.
PLINK commands:
plink —bfile path/to/files (bed, bim, fam) —maf 0.01 —make-bed —out output file

6) Individuals with too much missing genotype data (more than 10%) were removed.
PLINK commands:
plink —bfile path/to/files (bed, bim, fam) —mind 0.1 —make-bed — out output file

After completing these quality control steps, we split the dataset into four

subpopulations based upon ethnicity and gender which is shown in Table 3.3.
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Table 3.3: The characteristics of populations after quality control (adapted from [56]).

Population Individuals SNPs
African-American females 968 871,174
(359 cases, 609 controls) ’
) ) 964
African-American males (594 cases, 370 controls) 873,935
) 1,139
European-American females (365 cases, 774 controls) 750,066
European-American males 1,518 752,739

(850 cases, 668 controls)

Further, we split each ethnicity-gender-specific dataset into training (80%) and
test (20%) sets using stratified random sampling to preserve the proportions of each
subgroup within the entire dataset. The training set was used to create and train
classification models, while the test set (comprising 20%) was solely used to evaluate
model performance. The number of training and test samples for four ethnicity-gender

group is provided in Table 3.4.

Table 3.4: The number of individuals that were used for training and testing purposes
(adapted from [56]).

Population Training set (80%) Test set (20%)
African-American females (AA-F) 777 191
African-American males (AA-M) 776 188
European-American females (EA-F) 910 229
European-American males (EA-M) 1,209 309

Following quality control, 4,589 individuals remained across the four ethnicity-
and gender-specific subgroups, with approximately 750,000-874,000 SNPs retained
depending on the subgroup. In general, the resulting dataset represents a high-
dimensional classification problem in which hundreds of thousands of SNP variables
are analyzed within relatively small ethnicity- and gender-specific subgroups. These
characteristics necessitate the use of feature selection, cross-validation, and robust
machine learning algorithms are analyzed within relatively small ethnicity- and gender-
specific subgroups.

Across all analyses, association analysis at each stage was performed using the
Cochran-Mantel-Haenszel (CMH) test [114, 120] using the PLINK. The CMH test is
a statistical technique utilized for analyzing the relationship between two categorical
variables while also accounting for some additional variable that may potentially affect
the association found. In this study the use of the CMH test was beneficial in estimating

associations between SNPs and diseases across strata while simultaneously being able
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to control for potential differences between the subgroups. After the CMH tests were

performed, the resulting p-values were utilized for feature selection purposes.

3.2.2 Model construction and validation

It is highly important to keep training and test datasets separate to properly assess the
predictive capacity of a constructed model. After cleaning data, we randomly divided
data into training and test data. We used the selected SNPs as the initial list of SNPs
to design the models which contained the ethnicity and gender nodes. To correct for
possible selection of SNPs, we performed the 5-fold cross-validation procedure [121].
Stratified 5-fold cross-validation (5-CV) was used along with model evaluation and
hyperparameter tuning to select a model for each ethnicity-gender training dataset. We
developed our own pipeline that used for model construction and a 5-CV is provided
in Fig. 3.1 that indicates how this method can be implemented on population specific
training data. After preprocessing process and dividing each ethnicity-gender subgroup
data into training and test sets, the training dataset was randomly splitted (stratified) into
5 non-overlapping subsets (folds), with all folds having approximately equal sizes. In
each round of 5-fold CV, one-fold was held out for a validation set, and the remaining
four folds were used for feature selection and model training.

To reduce dimensionality and identify informative SNPs for classification, we applied
a feature selection procedure within each gender-ethnicity subgroup. Feature selection
was done using the CMH test. This method accounts for stratification and ranks SNPs
based on their connection to schizophrenia while also adjusting for group-specific
structures. The testing dataset was not used for feature selection purposes and will
be used for evaluating the model built from the training dataset. Feature selection
and model construction used 4 of the 5-fold and 1-fold was set aside as a validation
set. Within each training split, we applied CMH test to the four merged folds to rank
SNPs significantly associated with schizophrenia while adjusting for stratification. The
features (SNPs) were selected based on a Benjamini-Hochberg False Discovery Rate
(BH-FDR) [122] less than thresholds T of {0.01, 0.05, 0.1}, where T was considered
a hyperparameter during the model selection phase. For each iteration, the selected
SNPs were used to train a surrogate classifier, and the held-out fold was used to validate
model performance. For example, SNPs from folds 2-5 were stored as set X; when
fold 1 was excluded. This process was repeated using each fold in turn. Thus sets X;
through X5 were created, providing an overall assessment of the stability and overlap
of selected SNPs across different training sets. SNPs that had a significant association
were retained in the training datasets while those without a significant association were
removed from them. The area under the curve (AUC) was calculated based on model
classifiers that had been built using the training datasets. This process was repeated
for each of the 5 subsets and the average AUC was calculated. The total AUC was
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also calculated. The maximum CV AUC occurred when 7<0.1, thus the final classifier
was built using the complete training set (i.e., 776 samples from the AA-M group) and
measured only those SNPs with FDR-BH<0.1.

The "best model” as determined by AUC on the training data based on cross-
validation was the highest AUC model found on the training data by cross-validation.
Feature selection approaches were conducted separately on each of the four sub-groups:
AA-M, AA-F, EA-M, and EA-F. This gives us the ability to create population-specific
models based on the most consistently associated single-nucleotide polymorphisms
(SNPs) with schizophrenia within each of sub-groups. All analysis, the entire model
training and evaluation were performed through the PLINK tool, R language, Python
packages as a Pandas, Scikit-learn module for model classification. The code for
reproducing the results is located in our GitHub repository. All code to reproduce
the 5-fold CV and model classification is available in the https://github.com/Zam-
gif/Prediction-Models-of-Schizophrenia/tree/main. More detailed information
regarding feature as well model selection is provided in the README.md file in
the GitHub repository.

3.2.3 Model Selection

For the purpose of developing ethnicity-gender predictive models for schizophrenia
(SCZ), we used four classification approaches, such as Naive Bayes (NB) [82], Tree-
Augmented Naive Bayes (TAN) [82, 84], Logistic Regression with L, ridge penalty
(LR) [89], and Random Forest (RF) [86]. The NB and TAN models were chosen for
their interpretability and performance on high-dimensional datasets, while the LR and
RF models were chosen for their predictive capability [123]. For the LR model, the
regularization hyperparameter was varied in A € {0.001,0.01, 0.1}, and the RF model’s
number of base estimators and maximum depth of decision trees were varied in {10,
100, 1000, 10000} and {2, 5, 10, 20, 50, 100}, respectively [56].

The AUC was used as the performance metric for selecting the best model.
Additionally, the accuracy (indicated by "Acc") for each model was also evaluated. The
5-fold CV AUC and Acc values for each model classifier and its hyperparameters are
provided in Appendix Tables A.1-A.4 (see Appendix A). These tables indicate the
results due to 7=0.1 being the best T value found for each model classifier and training
dataset; only the results for 7=0.1 were reported in those tables. Table 3.5 summarizes
the AUCs by model classifier for each combination of hyperparameters to present how
each model classifier compared to one another with respect to AUC. The results indicate
that across all four ethnicity-gender populations, the RF classifier had the highest AUC.

As Table 3.5 shows, the bold line indicates that RF achieved the highest AUC
value across all four ethnic-gender groups. At the same time, 7=0.1 was consistently

remained the best choice for BH-FDR across all ethnicity-gender populations.
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Figure 3.1: A pipeline showing the general steps for data splitting, feature/model
selection, and the cross-validation processing for training sets that are specific to each

population (adapted from [56]).
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Table 3.5: The best 5-CV AUC achieved by each classifier based on all previously
discussed hyperparameter values across each ethnic-gender-specific training set
(adapted from [56]).

Model AA-F AA-M EA-F EA-M
AUC Accuracy AUC Accuracy AUC Accuracy AUC Accuracy

NB 73.3% 73.2% 67.3% 66.7% 79.0% 79.6% 79.7% 71.7%
TAN 72.3% 73.1% 69.5% 69.8% 80.8% 80.7% 81.2% 71.6%
RF 798% 781% 703% 70.0% 89.2% 84.1% 90.7%  80.0%
LR 71.9% 71.4% 68.6% 69.7% 79.0% 80.7% 81.2% 71.5%

3.2.4 Model training and evaluation

Based on the model selection step which is described in the Methodology Section 3.2.3,
across all ethnicity-gender groups, random forest is the preferred model. We trained
one last model on each training dataset using the RF hyperparameters values that were
identified during the model. In this respect, SNPs specific to each population were
established using the CMH test and BH-FDR with a 7=0. 1, which is the ‘optimal’ value
identified from the model selection step (see Section 3.2.3 Model Selection). Table 3.6
indicates how many SNPs were selected for each ethnic-gender training set. The RF
models constructed from the selected SNPs were then evaluated on the ethnicity-gender

test (held-out data) set.

Table 3.6: Selected SNPs number for random forest classifier using 7=0.1 (adapted
from [56]).

Population Number of SNPs

AA-F 7
AA-M 7
EA-F 18
EA-M 37

To mitigate the risk of overfitting, we used 5-fold cross-validation during model
training and evaluated model performance on held-out test sets. We also ensured feature
selection was performed within the cross-validation loop to avoid information leakage
from the test data and ensure a fair estimation of performance.

This chapter describes only the methodological framework, which consists of data
preprocessing; statistical analysis; feature and model selection, and development
strategies. The proposed pipeline evaluates the effectiveness of various SNP sets
in distinguishing schizophrenia cases from controls by incorporating subgroup-specific
variability into the predictive analysis.

Several methodological safeguards were incorporated into the proposed pipeline

to minimize overfitting and prevent information leakage. Data preprocessing, feature
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selection, model selection, and hyperparameter tuning were performed exclusively
using the training data within a stratified 5-fold cross-validation framework, while
the independent test set remained completely isolated until the final model evaluation.
Furthermore, external validation and independent replication analyses using the MGS
dataset were conducted to assess the robustness and generalizability of the developed
models beyond the original training population. Together, these procedures were
designed to obtain unbiased estimates of predictive performance and reduce optimistic
performance bias.

The results will be provided in Chapter 6, which consists of analysis and evaluation
of the proposed pipeline on test sets, mapping of selected SNPs to genes, prediction

analyses based on groupings of different SNPs, and cross-population evaluations.
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Chapter 4

External validation and
independent replication analyses
in the Molecular Genetics of

Schizophrenia dataset

This chapter examines how well the predictive models and genetic correlations identified
using the GAIN schizophrenia dataset generalize to other independent external datasets.
An independent dataset, Molecular Genetics of Schizophrenia (MGS) was used for
external validation and replication analysis of this relationship. Two approaches will be
used to evaluate the transferability of predictive models trained on the GAIN dataset to
the MGS dataset.

The first approach is the predictive models tested on the MGS dataset to evaluate
their transferability to a new comparable population. The second approach will be a
complete replication analysis from scratch with the MGS data, following the same steps
as with the GAIN data to ensure comparable results.

This analysis aims to define the degree of reproducibility of the identified SNP-based
signals and predictive models across different datasets. The results of these analyses
allow us to assess the stability of the proposed models and their likelihood of being

used as valuable tools in schizophrenia genetic studies.

4.1 External validation analysis

4.1.1 Molecular Genetics of Schizophrenia data

The independent external dataset, Molecular Genetics of Schizophrenia - nonGAIN
Sample (MGS_nonGAIN) was downloaded from the database of Genotypes and
Phenotypes (dbGaP) with an accession number phs000167.v1 [112, 124]. The
MGS_nonGAIN dataset provides genotype and phenotype details on 2671 participants
who are consenting for General Research Use (GRU) of which there are 1,265
schizophrenia cases, 1,406 controls and 906,600 SNPs. However, it should be noted
that the MGS_nonGAIN cohort is different than the GAIN schizophrenia dataset in
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terms of the participants making up the cohort and in the clinical spectrum of the cases
(no patient overlap). The difference between two GAIN and non-GAIN datasets is
that the case and control subjects were genotyped in two phases which are GAIN and
NonGAIN genotyping phases. Here approximately half of the EA sample and 95% of
the entire AA sample were genotyped within GAIN with the Affymetrix 6.0 platform.
The remaining samples were also genotyped with the same platform and referred as
nonGAIN sample. The GAIN cohort comprises primarily of individuals who meet
DSM-1V criteria to diagnose schizophrenia or closely related psychotic disorders using
standardized and harmonized protocols to recruit these individuals. In contrast, although
most subjects included in the MGS_nonGAIN dataset meet DSM-1V criteria to diagnose
schizophrenia or closely related psychotic disorders, the data collected includes three
distinct recruiting efforts (i.e., SGI, MGS1, and MGS2). This approach results in
different data from each recruitment effort being used in analyzing outcomes derived
from both GAIN and MGS_nonGAIN patients. Control participants in MGS data had
to provide a brief screening assessment to exclude them based on any known history of
psychiatric illness. To qualify for MGS_nonGAIN, exclusionary criteria were defined
for the GAIN study group versus the MGS_nonGAIN. The differences in diagnostic
definitions between the DSM-III-R and DSM-1V, the inclusion/exclusion criteria for
schizoaffective disorder, and the heterogeneous recruitment for both studies suggest
that MGS_nonGAIN had a more heterogeneous population (clinical and etiological)
than the group based on GAIN criteria. This heterogeneity and variability of ancestry
composition, coupled with location differences in which individuals were recruited
from, have the potential to affect baseline allele frequency and to change the structure
of linkage disequilibrium. Thus, for example, SNPs that show strong case—control
differentiation in the GAIN portion of the sample may be neutral in the MGS_nonGAIN

portion, even though they tag the same genomic regions [56].

4.1.2 External evaluation

Here, we conducted an external testing of our findings using the independent MGS
dataset. At first, we used the same RF classification model trained on the GAIN
dataset and assess how they perform when put through the MGS dataset using the same
evaluation metrics (i.e., external validation). A stratification of the MGS_nonGAIN
dataset into subpopulations of ethnicity-gender was accomplished using databases from
the dbGaP to allow for direct comparison to the GAIN groups. The MGS_nonGAIN
sample included mixed-ethnicity (i.e., African-American vs. European-American)
populations before stratification. Conversely, the GAIN dataset contained relatively
equal populations of AA and EA individuals. The sample sizes of the nonGAIN data
after stratification were considerably lower than those of the GAIN dataset where the

numbers of cases were 33 and 21 controls for AA-F, 52 cases and 21 controls for AA-M,
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356 cases and 685 controls for EA-F, 824 cases and 679 controls EA-M.

All groups were evaluated using the same set of SNPs as identified in GAIN (i.e., 7
SNPs for both AA-F and AA-M, 18 SNPs for EA-F and 37 SNPs for EA-M). So first,
the SNPs from the non-GAIN cohort were extracted using the same allele coding that
was used for the GAIN dataset. Then, we used the GAIN RF model to predict labels for
the non-GAIN subjects and compared those predictions with actual labels in that cohort.
This process allows us to evaluate how well the model’s performance translates to the
new comparable cohort. All SNPs identified by GAIN RF model were also contained
within a corresponding subgroup of non-GAIN subjects [56].

The results obtained from external validation are presented in Chapter 6.

4.2 External replication analysis

In the second approach, we built new models from scratch with the MGS_nonGAIN data,
following the same steps as with GAIN data, which we discussed in Chapter 2, including
preprocessing, feature selection BH-FDR < {0.1, 0.05, 0.01}, and hyperparameter
tuning to ensure comparable results. A cross-validation process was performed to
train and validate the models, using a stratified 5-fold CV approach to ensure model
robustness. We handled a full non-GAIN sample 5-fold CV procedure for testing
because we do not want to use the same sample in both training and test data. Here,
we only picked up the same SNPs that were part of the classifier, which was developed
in the GAIN dataset, and used the same exact classifiers trained on the GAIN dataset
to predict schizophrenia in the non-GAIN dataset, because we do not need other new
classifier models. Table 4.1 shows a 5-fold CV AUC and accuracies for each classifier
model, all the above-mentioned hyperparameter values, and EA-F, EA-M, and AA-F,
AA-M samples. Models were developed and validated against multiple independent
datasets, specifically the GAIN schizophrenia patient cohort and the MGS_nonGAIN
cohort, to facilitate direct comparison of algorithm performance across these datasets.
In terms of predictive accuracy on the GAIN dataset, the RF classifier proved to be the
highest-performing classifier with respect to the association CMH test and BH-FDR,
with a threshold of 7' < 0.1.

Table 4.1: The 5-fold CV prediction results on the training set with different models
that are estimated via AUC and accuracy values for AA and EA subjects.

Model AA-Females AA-Males EA-Females EA-Males
AUC Acc. AUC Acc. AUC Acc. AUC Acc.
Naive Bayes 73.1% 732% 67.3% 66.7% 79.0% 79.6% 792% T1.2%
TAN 723% 73.1% 69.5% 69.9% 80.8% 80.7% 80.5% 71.5%
Random Forest 744% 75.2% 700% 704% 863% 81.2% 93.0% 83.9%
Logistic Regression 71.9% 71.4% 68.6% 69.7% 87.8% 85.1% 80.6% 70.8%
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Here is in Table 4.1, the highest predictive potential has been shown in the random
forest model, which achieved the best performance. All the SNPs that were identified
from the GAIN database were also matched across all four subgroups at the genotyping
level of all non-GAIN databases. However, overlapping SNPs were retained only in the
AA-F and EA-F subgroups at the FDR < 0.1 significance level for association analysis.
There is no overlap with either the AA-male or the EA-male subgroups at this threshold.
However, there is substantial evidence that the appropriate SNPs are present within the
non-GAIN dataset.

The results of the external replication analysis on the test set are detailed in the
Results & discussion section of this thesis.

Regarding the external replication, we found that differences between the GAIN and
MGS_nonGAIN top SNP lists stem from population-specific allele frequency variation
and sampling effects, not from algorithmic limitations. Our algorithm reliably identifies
SNPs associated with the disease across independent datasets, confirming its robustness.
While genotype overlap exists among all subgroups that overlap only remains under
the FDR < 0.10 level for AA-F and EA-F. The changes in statistical significance
observed at lower levels of significance are due to changes in allele frequencies and not
representative of the lack of these variants.

To clarify this situation, allelic frequencies were calculated separately for both case
and control groups in the datasets for AA-M and EA-M. Minor allelic frequencies
(MAF) between case and control groups were compared. The difference between case
and control frequencies was determined in the GAIN and MGS_nonGAIN datasets.
There was a statistically significant difference in allele frequencies between controls and
cases, and in some instances. It was determined that the differences are due to random
variation across the sample populations, such that certain SNP alleles may appear to be
more commonly found in cases than in controls as a consequence of sample-specific
effects and not because of true association with disease. A true genetic association
with disease would yield a higher MAF in the case samples than in the control samples.
However, across our results, one SNP may have high case frequencies in GAIN and
low ones in MGS_nonGAIN or vice versa.

To obtain biological validity, we employed rigorous filtering, eliminating SNPs that
occur frequently in controls (>1%) and therefore focusing our efforts on SNPs that
are consistently enriched in cases across both datasets. This filtering process removes
population artifacts and helps identify SNPs that are more likely to be true biological
risk factors for schizophrenia. Additionally, our filtering method has the potential to
increase the chances that our final SNP set is comprised of variants that have consistent
enrichment in cases across populations. As a result, the likelihood increases that our
final variant set represents biological contributors to schizophrenia instead of artifacts

of the composition of the samples. This shows that our algorithm works reliably both
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statistically and biologically.

Also, to visualize the distribution of association statistics, we generated quan-
tile—quantile (QQ) plots for the GAIN EA-M and non-GAIN EA-M datasets for com-
parison; see Fig. 4.1. The QQ plot for GAIN reveals a marked deviation from the null
expectation in the tail of the distribution, indicating an enrichment of low p-values and
suggesting the presence of genuine genetic associations.
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Figure 4.1: QQ plots observed vs. expected p-values for the EA-M subgroup in GAIN
and MGS_nonGAIN datasets.

As we can see in Fig. 4.1, the QQ-plot of our dataset is very close to the null
distribution of MGS_nonGAIN data. There is a strong apparent contrast in results
between the two datasets, showing that the lack of significant SNPs in MGS_nonGAIN
is not due to the analysis or methodology but is a true reflection of actual differences
between the participant populations, differences in the distributions of allele frequencies,
and possibly the strength of linkage disequilibrium in this cohort. The lack of signal in
MGS_nonGAIN could be due to differences in proportions of ancestry, sample size, or
types of disease represented by the sample, which may produce statistical power that is
low enough to produce valid associations or dilute the associated significance of the
true association. In GAIN, we found significant signals that indicate our analysis is able
to identify meaningful variations in biology in enough quantities to detect them within
the dataset, while the failure of replication in MGS_nonGAIN is due to dataset-related
issues, not a limit of methodology.

Overall, the results of this study indicate that application of the modeling pipeline
(preprocessing, feature selection, classification) is fairly robust across multiple datasets
with similar genetic architectures. However, the degree of replication depends critically
on the consistency of the underlying data, which in this case varied substantially across
certain subgroups. Thus, our model does not merely detect statistical outliers. It isolates
variants whose allele frequency shifts between cases and controls are consistent with true
disease biology. The presence of strong signals from GAIN but the absence of strong

signals from MGS_nonGAIN supports the conclusion that the differences observed
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between these two datasets are due to actual biological differences in populations, rather

than methodological artifacts.
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Chapter 5

Lasso and group lasso
classification analysis for GAIN

schizophrenia data

In this chapter, we use two sparsity-based regularized regression techniques such
as the lasso and group lasso in analyzing high-dimensional genetic data from a
GWAS associated with schizophrenia. Whereas traditional statistical methods failed
to adequately deal with the "large p, small n" problem that arises when there is a large
number of variables (p, or features) and a limited number of observations (n, or samples),
penalized regression models can provide an effective framework for performing both
feature selection and prediction at the same time. The research focuses on two model-
building techniques: the least absolute shrinkage and selection operator (lasso) and
group lasso, which use regularization to reduce the model complexity but differ in
how they create strictly sparse solutions (sparsity). The lasso creates an L, penalty for
each of the individual variables (coefficients) with the intention of providing a sparse
solution by focusing on individual SNPs, whereas the group lasso as extension of lasso
and takes this one step further by grouping variables or SNPs within the analysis to
allow for structured feature selection, such as grouping SNPs by genes. The primary
purpose of this chapter is to evaluate the effectiveness and compare both approaches
for predicting outcomes and with the previous classification models, feature selection
behavior, and providing meaningful biological interpretations using to schizophrenia
SNP-based data. The theoretical details about two of these regularization techniques,

we described in Chapter 2 (see Subsection 2.5.2).

5.1 Data description and model construction

We used the GAIN schizophrenia data as discussed in Chapter 3, particularly in
Subsection 3.1.2 Genetic Association Information Network (GAIN) schizophrenia
GWAS dataset for analysis of the lasso and group lasso. The analysis was conducted
separately for four ethnicity-gender-specific subpopulations: AA-F, AA-M, EA-F, and
EA-M. After QC, the dataset, given in Table 3.3 (see subsection 3.2.1 Data preprocessing
and statistical analysis), had an initial number of SNPs ranging from 750,066 to 873,935
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across groups.

High dimensional datasets present a few challenges and issues, one of which is
the dimensionality reduction of high dimensional datasets. This is especially true in
high dimensional biomedical research since the dataset’s number of features can be
extensive (e.g., up to millions of variables). For performing this task, both feature
selection and feature extraction methods are typically used to reduce the complexity of
a dataset, while still preserving its most critical elements. For this reason, the linkage
disequilibrium (LD) pruning was applied to the dataset. We performed LD pruning
because a large number of SNPs in GWAS datasets are highly correlated due to LD.
Therefore, LD pruning was done prior to model fitting to reduce redundancy associated
with SNPs and to enhance the stability of penalized regression models. After LD

pruning, the reduced number of SNPs is shown in Table 5.1 for each subgroup.

Table 5.1: Population and number of SNPs after LD pruning.

Population Individuals SNPs

AA-F 968 (359 cases, 609 controls) 258,378
AA-M 964 (594 cases, 370 controls) 214,614
EA-F 1,139 (365 cases, 774 controls) 123,342
EA-M 1,518 (850 cases, 668 controls) 74,742

Despite remaining significantly large feature spaces, this reduction is very pro-
nounced and therefore provides lower and more stable outcomes from future penalized
modeling than would otherwise be possible. Before model fitting, the genotype data
have been placed into a predictor matrix X and binary outcome vector y, with the
response variable being the case-control schizophrenia status. Due to SNPs genotypes
are represented with categorical features reflecting pairs of alleles, these were converted
into numeric representations using Python open-source scikit-learn library [125], so
they could be used directly by the machine learning algorithms. Using the scikit-learn
OneHotEncoder, the numerical representations of SNP genotypes (e.g., AA, AT, TT)
are realized. The majority of the approaches that deal with SNPs involve the counting
of minor alleles (ie., AA=0, AT=1, TT=2) for binary encoding. The numerical repre-
sentation of the biological nature of the DNA variants enabled the models to continue
capturing the biological nature of the DNA variants while still permitting the models to
be applied to quantitative genotype values. Missing values (if any) were handled during
preprocessing, and the predictors were standardized as necessary so that differences in
variable scale wouldn’t affect the values used in the penalty terms for the regularized
models.

The implementation was conducted using a structured pipeline. In the first step
necessary Python libraries were imported and data for each sub-groups collected which

included both genotype and phenotype. In the second step both the outcome variable
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and predictor matrix were established, with schizophrenia case-control status being the
output of interest SNP genotypes as predictors. The third step, the data was splitted
into training and test sets with 80% and 20% of the dataset size respectively. The
final step of the implementation was performing all required preprocessing steps which
included encoding genotype data, handling missing genotype data if necessary, and
standardizing predictor variables (by subtracting the mean from each value and dividing
by the standard deviation of all values).

Two regularized logistic regression frameworks were viewed. The first approach is
lasso logistic regression, which has an L, penalty on the regression coefficients and
reduces many of those coefficients exactly to zero, resulting in sparse models at the SNP
level and allowing for embedded feature selection during model training. The second
approach is group lasso logistic regression, which uses group-level regularization.
Therefore, if one predictor in a particular group is retained, all predictors in that group
will also be retained, and if one predictor is removed from that group, all predictors in
that group will share the same fate as the removed predictor. The comparison is critical
since the two techniques differ in their respective approaches to achieving sparsity. The
lasso method examines each SNP separately, lending itself to greater flexibility should
the true predictive signal appear to be approximately evenly distributed among several
loci. The group lasso method produces an appealing option when developers organize
predictors into logically grouped biological clusters. However, it is less flexible than
the lasso methodology to the degree the grouping is not representative of the actual
underlying disease architecture that governs signal creation across many SNPs.

The lasso logistic regression model was trained on the training dataset. The key
tuning hyperparameter in lasso is the regularization strength that is denoted as A or
equivalently by its inverse C=1/\. When A\=0, the model reduces to a standard logistic
regression. As \ increases, the degree of shrinkage becomes stronger, which forces
more coefficients equal to 0. If the value of \ is too high, then many of the predictor
variables would no longer be included in the final model. Therefore, the choice of tuning
hyperparameter is critical for finding an appropriate balance between bias, variance,
and predictive power.

The group lasso framework was also developed based on this principle. However, in
this case, the penalty-controlled sparsity over defined groups of variables was defined
on the basis of SNP phenotypes (groups of individuals with similar traits) instead of

SNPs. In both cases, hyperparameters were systematically tuned via cross-validation.
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5.2 Hyperparameter tuning using 5-fold

cross-validation

To define the optimal regularization strengths, stratified 5-fold cross-validation method
was used separately for each ethnicity-gender-specific training set. Training set is
splitted into 5 folds of equal size. During each iteration process, four folds were used for
training the model and the remaining fold was used as a validation set. After performing
this procedure five times, each fold had functioned as the validation set once. The mean
of the validation performance across all five folds was used to select and determine a
model performance measure. Each regularization parameter A selected value determined
a predetermined grid and were examined. Thus, it covered many regularity penalty
options including in A € {107%,107%,1073,1072,10~!, 1}. The purpose of using this
range of regularization level is to establish bounds of very little regularization (keeping
many SNPs in the model) through to very high levels of regularization (giving very
sparse model solutions).

For the lasso model, the inverse regularization parameter C=1/\ was tuned across
candidate values. As a result, large values of C represent lower degrees of regularization
and weakly penalize any deviation from the regression line. Conversely, small values of
C correspond to high degree of regularization and thus, strict penalties on deviations
from the regression line. For the group lasso model, the regularization parameter \ and
the corresponding best decision threshold were selected. Cross-validation performance
is reported in Table 5.2.

Table 5.2: The highest 5-fold CV AUC achieved by each classifier across all
aforementioned hyperparameter values for each ethnicity-gender-specific training set.

Model AA-F AA-M EA-F EA-M
AUC Acc AUC Acc AUC Acc AUC Acc
Lasso 93.2% 86.1% 93.6% 86.5% 90.0% 859% 92.7% 84.7%

Group lasso  88.6% 65.6% 90.4% 67.7% 809% 73.9% 783% 69.4%

Lasso model shows consistently strong performance with AUC and accuracy
values in all four subpopulations. The lasso model implemented in this investigation
identified its optimal parameter through use of cross-validation was C=3.16228, which
corresponds to A = 0.316. This value of C is not included as a predefined grid value
in the current analysis, rather, it is derived from a logarithmic scale of C’s value and
the function of C and the location within the logarithmic scale as defined during cross-
validation. The outcome demonstrates that a moderate level of regularization produces
the best balance between predictive accuracy and model sparsity, which will prevent
both underfitting (occurs when A is very high) and overfitting (occurs when A is very

low).
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For the group lasso model, the best predictive performance was achieved at A=0.1 as
measured by the highest cross-validated AUC. Therefore, moderate regularization is
optimal for group-based feature selection. However, in comparison with the lasso model,
the group lasso is more susceptible to different parameter choices. Hyperparameters
that were obtained from performing cross-validation were then applied to the final
training dataset for the purposes of building final models. The optimized models were
evaluated on independent test sets in order to compare generalization performance to

the final models. Chapter 6 presents and discusses those results.

5.3 Feature selection

One of the primary advantages associated with the penalized regression modeling
technique is that feature selection is an integrated aspect of model fitting. To determine
the optimal level of regularization, the hyperparameters of both models were tuned
using stratified 5-fold cross-validation. After identifying the optimal value for the
tuning parameter, the final models were retrained on the full training sets using the
chosen hyperparameters. The logistic model trained with the optimal C on the full
training set inherently performed feature selection due to the LASSO penalty. Many
SNP coefficients were shrunk all the way to zero, eliminating those features from the
model. We examined the fitted model’s coefficients and counted the number of SNP
features with non-zero weights. The resulting non-zero fixed effects then corresponded
to SNPs retained in the model. The remaining SNPs were shrunk to zero and discarded
from the analysis through the regularization process. The substantial reduction in the
number of features demonstrates that LASSO imposes sparsity and identifies a selective
set of predictors. The number of selected SNPs for the lasso model with the optimal
value C=3.16228 is shown in Table 5.3.

Table 5.3: The number of selected SNPs for the lasso model with optimal parameter.

Population Selected SNPs C

AA-F 1,271 3.16228
AA-M 1,209 3.16228
EA-F 1,514 3.16228
EA-M 1,890 3.16228

These values show that lasso reduced the size of the predictor space, and still
managed to keep enough variants reflecting the polygenic nature of schizophrenia.
For group lasso, the selected feature counts with the optimal values of A were 0.1 in

all subgroup-specific thresholds also selected during tuning shown in Table 5.4.
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Table 5.4: The number of selected SNPs for the group lasso model with optimal
parameter.

Population Selected SNPs A\

AA-F 1,530 0.1
AA-M 1,064 0.1
EA-F 1,199 0.1
EA-M 1,040 0.1

Despite both approaches achieving substantial dimensionality reductions, the lasso
regression model was selected as the best analytical framework for future interpretation
due to its superior and consistent CV performance across each of the four subpopulations.
That consistency is important. In high-dimensional genetic data, a method that performs
consistently across matched analyses is usually more reliable than one that has an
excellent performance in a single subgroup but has a vastly different performance in
another subgroup.
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Chapter 6

Results and Discussion

This chapter represents more detailed findings from the GWAS analyses of schizophre-
nia that were performed within this study based on two separate datasets: the GAIN
and MGS_nonGAIN datasets. The methods described in Chapter 3 and Chapter 4 were
utilized in both datasets, with the findings from the analyses of GWAS and the results
of external validation and replication with MGS_nonGAIN will be presented. Finally,
the findings from the LASSO and Group LASSO algorithms, including their predictive

accuracy and biological relevance, will also be provided.

6.1 Results of prediction of schizophrenia for GAIN
data

6.1.1 The test-set performance of the population-specific models

The predictive performance presented in this chapter was obtained using the method-
ological framework described in Chapter Chapter 3, in which strict separation of training
and test data, feature selection within stratified 5-fold cross-validation, and independent
test evaluation were implemented to minimize overfitting and prevent information
leakage. The AUC, accuracy, sensitivity, and specificity for each trained ethnicity-
and gender-specific RF model on the test set is presented in Table 6.1 below. We have
provided a 95% CI to help assess the robustness of the AUC estimates. We have added
95% CI for the AUC values using the non-parametric bootstrap method (1,000 resam-
ples) on the independent test set. We believe this addition offers a clearer interpretation

of the model’s discriminative performance across subgroups.
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Table 6.1: The AUC (95% CI using 1000 bootstrap resamples), accuracy, sensitivity
and specificity of the RF model on the independent test set (adapted from [56]).

RF AUC Accuracy Sensitivity Specificity
69.5%

AA-F (95% CI: 63.4%-75.2%) 68.6% 85.6% 41.1%
74.0%

AA-M (95% CI: 68.1%-79.4%) 73.9% 39.7% 93.3%
69.2%

EA-F (95% CI: 63.3%-75.0%) 75.1% 95.4% 34.2%

EA-M 74.3% 65.4% 73.6% 58.6%

(95% CI: 63.3%—75.0%)

The results demonstrated that ethnicity-gender-specific trained random forests
perform extremely well against on corresponding test sets. This finding is the highest
level of performance achieved to date in predicting schizophrenia using SNP profiles.

Table 6.2 provides the confusion matrices produced by the constructed RF model.

Table 6.2: Confusion matrices for each ethnicity and gender group, trained RF classifier
evaluated on their own test sets (adapted from [56]).

True class True class
case ctrl case ctrl

L L

2 101 43 PPV g= 27 8 PPV
.g é (TP) (FP) 70.1% .g é (TP) (FP) 77.1%
B2 B
.% k= 17 30 NPV % g 41 112 NPV
& %ﬂ (FN) (TN) 63.8% & Z%D (FN) (TN) 73.2%

Sensitivity Specificity | Accuracy Sensitivity Specificity | Aeccuracy
85.6% 41.1% 68.6% 39.7% 93.3% 73.9%
191 188
AA Female AA Male
True class True class
case ctrl case ctrl

v v

g 146 50 PPV 8 103 70 PPV

L] S0 ul O S0
p | 2| (OP) (FP) 74.5% a | S| (TP (FP) 59.5%
L L
(%] (%]
I E HE
: 2 7 26 NPV : g 37 99 NPV
E %” (FN) (TN) 78.8% E %“ (FN) (TN) 72.8%

Sensitivity Specificity | Accuracy Sensitivity Specificity | Accuracy
95 4% 34.2% 75.1% 73.6% 58.6% 65.4%
229 309
EA Female EA Male

6.1.2 Mapping single-nucleotide polymorphisms to genes

Then we mapped the identified variants (SNPs) to corresponding gene loci using public
resources such as GeneCards [126] and the UCSC Genome Browser database [127]
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to confirm biological relevance. Mapping SNPs to genes is a common step in
genetic research - especially for genome-wide association studies (GWAS), variant
annotation, and functional genomics analyses. It generally involves identifying which
gene(s) are potentially affected by a given SNP. Furthermore, the same SNPs were
also mapped to the corresponding genes by using the Gene Data Viewer tool [111]
from the NCBI provided by the Affymetrix SNP Array 6.0 platform. This process
yielded a set of genes for each group that significantly contributed to predicting
the phenotype. Several selected genes, such as ARHGAP26, TEK, SLC44Al,
and ERCC6 have been previously associated with schizophrenia-related biological
processes, including neurodevelopment, synaptic signaling, and immune function, all
of which are biologically relevant to schizophrenia [24,42,94,128-134]. However,
we also recognized 10 genes (MTCO1P53, TUBB4BP8, BAG1P1, LOC107986270,
LOC10192694, LOC107985674, RPL21P71, RNASSP181, C120rf45, and ATG4AP1)
that have not been reported before. The selected 12 SNPs identified by the CMH
association test for each ethnicity-gender population, their DNA locations, and
corresponding genes are presented in Table 6.3. In our findings, these SNPs were
identified in at least two subpopulations (see Table 6.3). Also, other identified SNPs
with the mapped genes for each ethnicity-gender population are provided in Appendix
Table A.5.

Table 6.3: Common 12 SNPs and genes among four ethnicity-gender populations
(from [56]).

# Chr Position SNP ID Between ethnicity-gender Gene

1 3 chr3:8872402 rs11131152 EA-F and EA-M RADI18

2 5 chr5:143170695 15224494 EA-F and EA-M ARHGAP26
3 6 chr6:45040800  rs588291 EA-F and EA-M SUPT3H
4 8 chr8:145041048 1s7816088  EA-F and EA-M PLEC

5 9 chr9:27162125 rs10116212 EA-F and EA-M TEK

6 9 chr9:107117818 1510991619 EA-F and EA-M SLC44A1
7 10  chr10:27707473 1s2992009 EA-F and EA-M MKX

8 10  chr10:50351163 1rs4253197 AA-F and AA-M ERCC6

9 11  chrl1:78741369 1s498820 EA-F and EA-M TENM4
10 20  chr20:3535400  rs658709 EA-F and EA-M ATRN

11 22 chr22:45486452 152111399  EA-F and EA-M CERK

12 23 chr23:89022317 1s2552707 AA-M and EA-M TGIF2LX

We also examined the functional categories of the SNPs and found that intronic
SNPs were the most predictive, consistent with what is already known about their role
in gene regulation. Our methodology highlights the importance of keeping feature
selection, model training, and validation as separate steps. This separation is a key part
of our study design and helps ensure that the models are reliable, perform well on new

data, and are not overfit.
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6.1.3 Prognostic impact of different types of SNPs

We performed a predictive analysis to evaluate the potential causal relationships between
different types of SNPs, such as those found in introns, exons, missense, upstream,
and downstream regions. For each SNP-type classification, we created a random
forest classifier model for each population-specific dataset (because RF was the best
model in model selection in the Methodology section), where a specific SNP type
was used to train the classifier. We used a 5-fold cross-validation procedure during
hyperparameter optimization of each random forest model for each SNP type. The
results from the analysis of the SNPs indicated that intronic SNPs are the most predictive
of schizophrenia (see Table 6.4). This was not surprising given that the majority of
the SNPs identified for each population were intron SNPs. The predictive accuracy
measured by AUROC for 5-fold CV and test dataset. At the bottom, the accuracy of the

models designed in different scenarios is presented in Table 6.4.

Table 6.4: Prediction performance of different types of SNPs with RF model for a)
AA-F, b) AA-M, ¢) EA-F and d) EA-M individuals.

Type SNP CV Accuracy CV AUC Test Accuracy Test AUC
Intron 6 72.9% 71.8% 67.2% 69.5%
Upstream 1 64.1% 61.0% 63.9% 57.6%

a) AA-F — Random Forest model (max depth: 20; n_estimator: 100)

Type SNP CV Accuracy CV AUC Test Accuracy Test AUC
Intron 4 69.8% 67.7% 74.4% 64.6%
Upstream 3 68.2% 61.8% 68.1% 59.9%

b) AA-M — Random Forest model (max depth: 10; n_estimator: 10)

Type SNP CV Accuracy CV AUC Test Accuracy Test AUC
Intron 14 82.4% 83.7% 71.2% 68.9 %
Upstream 2 72.7% 56.9% 67.3% 57.9%
Downstream 1 70.8% 54.0% 66.1% 53.9%
Missense 1 70.4% 55.0% 65.1% 53.9%

¢) EA-F — Random Forest model (max depth: 50; n_estimator: 100)

Type SNP CV Accuracy CV AUC Test Accuracy Test AUC
Intron 21 71.1% 81.2% 65.4% 68.3%
Upstream 5 62.4% 68.7% 57.6% 63.6%
Downstream 10 66.4% 73.9% 64.7% 71.6%
Exon 1 56.3% 55.0% 54.6% 55.5%

d) EA-M — Random Forest model (max depth: 50; n_estimator: 100)
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6.1.4 Cross-population evaluation

Cross-population evaluation (CPE) is a type of evaluation to assess the effectiveness
and accuracy of a given model within a specific population, based on performance
data from another population. This method allows us to identify biases that arise when
generalizing results to different populations. It provides researchers with valuable
insight into how well-developed predictive models are when applied to other groups.
CPE will be highly valuable for genomics research, as genetic and environmental factors
between populations may produce significantly different results across various groups.

To assess the ability of trained RFs for the ethnicity-gender group explored, we
performed a complementary analysis to determine the effectiveness of each RF’s
ethnicity-gender combination when applied to other populations. The results of the
cross-population analysis are shown in Table 6.5 in terms of AUC and accuracy. This
clearly demonstrates that almost all trained random forests show a significant decrease
in predictive power when applied to other populations, thus confirming the specificity

of each trained random forest to its own population.

Table 6.5: The AUC and accuracy of each ethnicity-gender-specific RF model when
evaluated on test sets from other populations (adapted from [56]).

Population AA-F AA-M EA-F EA-M

Model AUC (%) Acc (%) AUC (%) Acc(%) AUC (%) Acc(%) AUC (%) Acc (%)
AA-F 69.5 68.6 68.2 65.9 554 63.7 53.9 56.9
AA-M 70.0 72.6 74.0 73.9 60.5 68.6 68.9 71.2
EA-F 68.2 69.7 68.0 68.5 69.2 75.1 67.6 68.3
EA-M 70.8 64.6 69.2 63.6 65.4 62.7 74.3 65.4

6.2 Results of external validation

External validation analyses allow us to evaluate whether the predictive structure
obtained in GAIN remains stable when applied to an independent but genetically
matched cohort. So, we validated the results, assessed the model’s performance and
compared the model’s performance to our original results. The results of external

validation are presented in Table 6.6.
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Table 6.6: The AUC (95% CI using 1000 bootstrap resamples), accuracy, sensitivity
and specificity of each ethnicity-gender-specific RF model on the external non-GAIN
data.

RF AUC (95% CI) Accuracy Sensitivity Specificity
76.2%

AA-F (59.3%-86.7%) 45.1% 41.3% 80.0%
58.4%

AA-M (50.8%-75.0%) 42.5% 31.4% 75.0%
62.5%

EA-F (63.3%—75.0%) 55.6% 85.6% 18.3%

EA-M 30.2% 50.4% 55.2% 45.3%

(47.1%-53.0%)

While there was a decrease in accuracy and sensitivity for AA-females in the external
sample, but AUC increased. One likely reason for this is that there was only a small
sample size in the external sample (n = 51). This decrease may also have been partly due
to the different size of the external sample, which lowers statistical power. The results
from the performance of the male subgroups and EA female subgroups decreased from
their respective GAIN evaluation to the external population because of cohort-specific

differences in the distribution of allele frequencies (see Section 6.5 below).

6.3 Results of external replication for MGS_nonGAIN
data

The results of the external replication analyses that we discussed in Chapter 4 and
particularly in Section 4.2: “External replication analyses” include SNPs identified
from the GAIN cohort in the AA-F and EA-F cases. For instance, 27 SNPs passed the
FDR < 0.1 threshold in the AA-F case and 5 SNPs of them (more than 50%) matched the
SNP set identified through the GAIN-trained model. This observation clearly supports
the validity of the SNPs identified by our models. In the same way, the EA-F subgroup
also had 36 SNPs pass the same cutoff level, of which 18 SNPs (100%) overlapped with
the selected SNPs from GAIN data. However, no SNPs could be modeled for the AA-M
and EA-M subgroups due to FDR < 0.1 (the minimum FDR is ~ 0.9) not falling within
statistical power. Table 6.7 shows the results of the RF external replication study for the
test group from these studies. For the AA-M and EA-M subgroups, not a single SNP
passed the FDR < 0.1 test (the minimum FDR is ~ 0.9), preventing model construction.

Here, we see that the confidence interval is incomplete due to the limited sample size.
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Table 6.7: RF model performance on the test set for the external non-GAIN data
(adapted from [56]).

RF AUC Accuracy Sensitivity Specificity

AA-F 71.4%  63.6% 50.0% 80.0%
EA-F 515%  60.2% 62.1% 47.6%

As we discussed before, to identify the discrepancy for AA-M and EA-M, we
calculated allele frequencies and found no SNPs with FDR < 0.1. One example of
how two datasets can yield very different observations through comparisons of minor
allele frequencies is the comparison between the GAIN and MGS_nonGAIN datasets.
In the GAIN dataset, we can see minor alleles that are more common in cases than
controls, and in the MGS_nonGAIN dataset, the same minor alleles are more common
in controls than cases. These differences can occur based on differences in sample sizes,
population structure, or random chance within a smaller sample. The GAIN dataset
showed significant associations between 37 SNPs (EA-M subgroup) at an FDR of less
than 0.1, while there were no associations observed in the MGS_nonGAIN dataset,
which emphasizes that the associations are very sample-dependent.

The significance of these findings has been attributed to the presence of randomly
overrepresented SNP variants appearing more frequently in cases in one of the datasets
solely due to sampling composition, rather than actual biological association with the
disease. In our current analysis, we evaluated the same SNPs present across both
datasets, evaluated the case-control frequency differences of those SNPs between the
two study populations, and determined that in GAIN, there were some SNPs strongly
enriched in cases, whereas in MGS_nonGAIN the SNPs were not, and vice versa.

The patients included within the datasets used do not include any overlap by
population subtype. There was observed no overlap within the SNPs only when looking
at the AA-female vs. EA-female. Contrarily, comparisons made between AA and EA
males show no SNPs overlapping at a FDR < 0.1, with all SNPs present in the data of
the nonGAIN population. Therefore, the allele frequency profiles between these two
populations (AA-M and EA-M) are substantially different from one another.

6.4 Results of lasso and group lasso regression analysis

The implementation and results of a schizophrenia classification pipeline using LASSO
and Group LASSO-regularized logistic regression models on GAIN GWAS data were
provided. The final model with the selected SNPs for each subgroup and their learned
coefficients was evaluated on the held-out test set. Accuracy, AUC, sensitivity, and

specificity were used to assess model performance on the test set. Table 6.8 and
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Table 6.9 show the evaluation performance of the lasso and group lasso models on the

test set.

Table 6.8: Lasso model performance on the test set for the GAIN data.

Population AUC Accuracy Sensitivity Specificity

AA-F 83.8%  153% 61.1% 83.6%
AA-M 83.5%  75.6% 83.2% 63.5%
EA-F 832%  82.0% 64.4% 90.3%
EA-M 85.4%  T7.0% 77.6% 76.1%

Table 6.9: Group lasso model performance on the test set for the GAIN data.

Population AUC Accuracy Sensitivity Specificity

AA-F 91.5%  86.6% 79.2% 91.0%
AA-M 85.6%  78.2% 94.1% 52.7%
EA-F 77.3%  68.3% 86.3% 50.3%
EA-M 781%  65.5% 87.6% 43.3%

The AUC for the lasso model ranged from 83.2% to 85.4% while the overall accuracy
range was between 75.3% - 82.0%. The maximum AUC was found in the EA-M
(85.4%) subgroup and the greatest accuracy was associated with the EA-F (82.0%)
subgroup. The sensitivity and specificity also showed an evenly distributed classification
performance, with some subgroup-specific variation present. Group lasso showed mixed
results on the test set. In AA-F, group lasso produced strong performance, with an AUC
of 91.5% and an accuracy of 86.6%. However, in the other subgroups, its performance
was less stable, particularly with respect to specificity, which dropped to 52.7% in
AA-M, 50.3% in EA-F, and 43.3% in EA-M. Overall, although group lasso performed
well in one subgroup, the lasso approach demonstrated more consistent behavior across
all four populations.

The selected SNPs in the LASSO model were then mapped to nearby genes for the
purpose of examining biological significance. The resulting gene counts and overlaps

are summarized in Table 6.10 .
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Table 6.10: Lasso-based SNP selection: subpopulation-specific interpretation and gene
overlap analysis.

Comparison Gene Count
AA Female genes 711
AA Male genes 663
EA Female genes 835
EA Male genes 1015
AA Female N AA Male 83
AA Female N EA Female 108
AA Female N EA Male 131
AA Male N EA Female 99
AA Male N EA Male 120
EA Female N EA Male 178
Overlap across all 4 groups 16

At the gene level, there were both specific signals of the subgroups and their shared
genetic uniqueness from one another. While there were numerous unique genes per
subgroup. There was also an overlap of genes across populations, with a total of 16
genes overlapping all four of the subgroups. These results support the conclusion that
there is no single cause for schizophrenia; rather, it is caused by a combination of
both common polymorphic and population-specific genetic variants. The existence
of 16 genes common to all groups’ points to a core set of loci that may contribute
broadly to schizophrenia risk, while the larger number of subgroup-specific genes
indicates heterogeneity related to ancestry and sex. That is not surprising in a disorder
as genetically complex as schizophrenia, but it is still useful to see it emerge so clearly
from the selected features.

We performed pairwise linkage disequilibrium (LD) analysis further to characterize
the genomic architecture of the lasso-selected SNPs using the PLINK tool. The purpose
of this analysis was to evaluate correlations among the predictive SNPs within each
ethnicity and gender subgroup. The R? metric was used to measure LD, with higher
values indicating greater co-inheritance among SNPs.

The LD analysis for the different subpopulations presents in Table 6.11.

Table 6.11: LD analysis for all subpopulations.

Population Total Pairs Mean R? Median 22 Max B2 R?>0.8 R?>0.5

AA-F 3,770 0.279 0.233 1.000 27 221
AA-M 1,956 0.249 0.206 0.951 7 58
EA-F 2911 0.330 0.273 0.948 36 388
EA-M 1,956 0.249 0.206 0.951 7 58

As shown in Table 6.11, the EA-Females case had the highest average LD value

(mean R? = 0.33) and the greatest number of strong correlations between SNP pairs
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(388 pairs with 22 > 0.5), indicating a greater concentration of haplotype blocks. Both
AA-M and EA-M had lower overall LD values, indicating lower correlation between
nearby SNPs. Differences in LD structure across different populations can influence
both the sparsity of the model and its interpretation.

The findings presented throughout this chapter have illustrated that sparsely
regularized logistic regression analysis is an effective analysis for predicting an
individual’s diagnosis of schizophrenia using high-dimensional GWAS data. The Lasso
provides a strong and consistent classification framework for schizophrenia prediction
using high-dimensional GWAS data. These findings are comparative when compared
with previously published results from research on schizophrenia utilizing machine
learning approach. For example, multimodal machine learning models that incorporate
genetic and imaging data report AUC values from 0.76 to 0.92 [135], whereas there
are other classification methodologies that utilize clinical and imaging features that
have reported an approximately 90% accuracy but have been developed using different
data and feature sets [136]. The research conducted by Ma et al. [137] established that
LASSO was superior to standard logistic regression and various other classification
methods for disease prediction through genetic association studies (GWAS) when a
large number of SNPs, which were highly correlated, were present. By performing
simultaneous shrinkage and feature selection, LASSO reduced the effect of noise from
non-informative genetic variants; thus, allowing for an increase in the accuracy of
the classifications. Work conducted by Wu et al. [138] has been presented to indicate
that feature selection and enhancing predictive power via GWAS data through LASSO
penalised logistic regression provides improved results over traditional methods. This is
supported in the current study through demonstration of a greater AUC value for LASSO
compared to other algorithms, thereby illustrating the advantage obtained through
combining techniques of regularisation with tailored preprocessing and subgroup
analysis. Another major finding of this study is associated with the ability of biological
interpretability of the models. Unlike ML methods based on feature extraction or
transformation, the use of embedded feature selection methods allowed the original
SNP variables to be preserved. This allowed us to directly map the selected variants to
genes and execute overlap analysis across different subpopulations. The identification
of both shared genes and subgroup-specific genes which can contribute to elucidate the

polygenic and heterogeneous nature of schizophrenia.

6.5 Discussion

This research was conducted to establish the capability of high-dimensional machine-
learning approaches to predict risk for schizophrenia disorder using SNP data across the

entire genome. Moreover, it also measured the strength and applicability of predictive
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models for schizophrenia across independent data sources. The results provide many
valuable insights regarding both methodological issues associated with predicting
schizophrenia and biological influences on the prediction of schizophrenia.

The choice of Random Forest in this study was determined by the characteristics of
the available GWAS SNP-array data, the study objectives, and the need to preserve the
biological interpretability of SNP predictors rather than by the complexity or novelty
of the classification algorithm. Considering the relatively limited sample sizes after
ethnicity- and gender-specific stratification, together with the high dimensionality of the
SNP data, random forest provided a robust and appropriate solution for the objectives of
this research. The predictive performance observed across the analyzed datasets further
supports the suitability of Random Forest for structured high-dimensional GWAS data.
These findings demonstrate that classical machine learning approaches remain effective
for SNP-array-based schizophrenia prediction under the characteristics of the datasets
analyzed in this study.

Numerous genetic factors commonly underpin complex traits such as schizophrenia,
each having a small effect size [151]. During our investigations, it was shown that it
is possible to predict schizophrenia using machine learning techniques based on the
single-nucleotide polymorphisms (SNPs). Due to this, we stratified data according to
ethnicity and gender to prevent demographic stratification [114—117]. As shown in
the GAIN dataset analysis, in Chapter 3, after completing extensive model selection, a
singular model was selected and constructed using training data of ethnicity-gender-
based determinants. The results from the various trials of the model selection confirmed
the random forest algorithm, in each trial, as the appropriate approach to create the
selected model. The overall classification accuracy (AUC, sensitivity, and specificity)
from the developed random forest models for four groups, AA-F, AA-M, EA-F, and EA-
M, was 68.6% (69.5%, 85.6%, 41.1%), 73.9% (74.0%, 39.7%, 93.3%), 75.1% (69.2%,
95.4%, 34.2%), and 65.4% (74.3%, 73.6%, 58.6%), respectively. The classification
accuracy was evaluated on independent test sets comprised of individuals of similar
ethnicity and gender as those in the study. To our knowledge, these findings represent
the highest prediction accuracy to date for schizophrenia using SNPs. Meaningful
discrimination power because the genetic risk of developing schizophrenia is made
up of many different risk variants with small individual effect sizes. Regarding the
limited sample size, that said, schizophrenia is not a very common disease in the general
population, which makes it harder to collect large and balanced datasets of cases and
controls, especially for stratified analyses across ethnic ethnicity-gender subgroups. We
know that the sample size in our study is not large, even though it is comparable to
some other GWAS studies [94,95].

To mitigate the challenges posed by sample size, we implemented 1) population-

stratified modeling (by ethnicity-gender) to avoid confounding and improve signal-
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to-noise ratio; 2) 5-fold cross-validation and held-out test set evaluation to reduce
overfitting; and 3) FDR-controlled feature (SNP) selection to limit inclusion of noise
variables. We used the BH-FDR method to control for the large number of tests and
lower the risk of false positives when picking SNPs. This approach helped us strike
a balance by identifying SNPs that are likely associated with schizophrenia while
minimizing the inclusion of too many false positives.

We do not view our models as the ultimate predictors of the disease but rather as
a proof of concept showing that SNP-based classification models can still achieve
reasonable prognostic efficacy (AUC ~ 69-74% and accuracy ~ 65-75%), even though
schizophrenia is highly polygenic, and our sample size is limited. These models still
need to be tested on larger and more diverse datasets before they can be used in real
clinical settings. The low specificity of the EA model means that sensitivity and
specificity are less useful for accurate diagnosis. However, it may be useful for profiling
an individual at an early stage, i.e., as a first step to identifying individuals who may
require further examination.

We agree that schizophrenia involves many genetic variants (SNPs), each having
a small effect size. Because of this, large sample sizes are usually needed to detect
strong genome-wide associations. Our study included about 4,700 individuals, so we
recognize that the power to identify new common SNPs meeting strict GWAS thresholds
is limited.

While these SNPs may not meet classical GWAS thresholds, they could still be
biologically meaningful and worth further study. In our study, we separate the data
by ethnicity and gender, which helps us find genetic variants that might be missed in
larger studies that mostly include European populations. It is also important to note
that our goal is not to discover new associations, but to build predictive models using a
combination of SNPs.

Nevertheless, we mapped the selected SNPs to genes and found several that had
not previously been associated with schizophrenia in the GWAS literature. These may
reflect population-specific variants, particularly within the African ancestry subgroups,
which are historically underrepresented in psychiatric genetics studies. We acknowledge
that these novels identified variants require replication and functional validation. We
include this as a limitation and call for expanded studies in diverse populations to further
explore ancestry-specific genomic risk factors. Furthermore, in our study, we focused
on autosomal SNPs. We did not include sex chromosomes due to the complexities
they introduce in GWAS, such as dosage differences, inheritance patterns, and platform
issues, which make it more complicated.

In total, we identified 67 SNPs which used four trained classification models
across four ethnic and gender groups. The 67 SNPs were then mapped to genes,
which resulted in 12 common SNPs (rs11131152, rs224494, rs588291, rs7816088,
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rs10116212, rs10991619, rs2992009, rs4253197, rs498820, rs658709, rs2111399)
and common genes (RAD18, ARHGAP26, SUPT3H, PLEC, TEK, SLC44A1, MKX,
ERCC6, TENM4, ATRN, CERK and TGIF2LX) that were associated with at least
two out of the four ethnicity and gender-specific individuals. Due to the data-driven
nature of our study design, we did not prioritize human leukocyte antigen (HLA)
variants because they did not meet the BH-FDR threshold during our feature selection
methodology. There are a few reasons why we didn’t find HLA variants in our results.
The main one is that there were not enough people in this study for researchers to find
links between HLA variants and other things, especially ones that have smaller links
or have specific effects on the population. Second, the multiple-testing correction that
is rigorous (BH-FDR threshold of T<0.1) may require excluding genetic variants of
HLA with associations weakened in the analytic model due to sample size or other
variables unique to that sample. Lastly, due to our modeling strategy emphasizing
ethnic and gender-specific subgroups (AA-F, AA-M, EA-F, EA-M), it is possible that
we prioritized SNPs that had a stronger subgroup-specific association compared to
SNPs with broader associations such as those observed within the HLA region.

In our models, several genes are previously identified as associated with schizophre-
nia. Examples of genes we found include RAD18, which is at 3p25.3 (distance=20978),
ARHGAP26 at 5q31.3, SUPT3H at 6p21.1, TEK (also known as TIE2) at 9p21.2,
and SLC44A1 at 9q31.1 (distance=305711), MKX on 10p12.1, ERCC6 at 10q11.23,
TENM4 at 11q14.1, ATRN on 20p13 and CERK at 22q13.31, which have all been
previously identified associated with a risk for developing schizophrenia [94]. Another
study [128] identified a correlation between ARHGAP26 and schizophrenia based
upon the results from investigations using DNA methylation [128]. The study also
identified 2 genes involved in psychomotor behavior associated with schizophrenia can
be found within the following 2 genes: PLEC and ERCC6 [129]. Previous studies have
shown associations between TEK [130], SLC44A1 [130], ERCC6 [140], TENM4 [131],
ATRN [141], CERK [132], and TGIF2LX [133, 134] genes and schizophrenia, which
was also confirmed in our analysis. We have discovered 10 gene loci that have never
been associated with schizophrenia in other studies. Therefore, this finding implies
that the ethnicity-gender-specific models developed in this study are novel and cur-
rently relevant. Supporting evidence for this conclusion includes gene loci, including:
MTCO1P53, TUBB4BP8, BAG1P1, LOC107986270, LOC107985674, RPL21P71,
RNASSP181, C120rf45, and ATG4API.

SNP 154253197 has been noted as a covariance between BP and alcohol use
through a cross-sectional design study [142, 143]. For schizophrenia and alcohol
dependence [144], some genetic variants and loci may have evidence of covariance. This
SNP could potentially be the first association of a novel SNV with BP traits [143] for
individuals with African ancestry. Researchers have identified marker SNP rs9629977
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using clustered SNPs found in GWA studies related to alcohol dependence conducted
on subjects of African American ethnicity [145].

To analyze marker SNPs together, we first examined the relative weights functional
categories of the SNPs and found that intronic SNPs were the most predictive, which
matches what is already known about their role in gene regulation (see Table 6.4). Our
methodology highlights the importance of keeping feature selection, model training, and
validation as separate steps. This separation is an important part of our study design, and
it helps ensure that the models are reliable, work well on new data and are not overfitted.
After each model for ethnicity-gender-SNP was trained on the appropriate training sets,
then the model was tested on their respective test sets. Results of the evaluation can be
found in Table 6.12. The majority of identified SNPs in the results of Table 6.12 were
found to be intron. Furthermore, they also produced the greatest amount of predictive
capability for schizophrenia. The finding confirms previous research has indicated that

intron regions play a vital role in predicting schizophrenia [23, 139, 146—148].

Table 6.12: The AUC values for functional categories of the SNP type model on the
test set [56].

Type AA-F AUC AA-M AUC EA-FAUC EA-M AUC
Intron 69.5% 64.6% 68.9% 68.3%
Upstream 57.6% 59.9% 57.9% 63.6%
Downstream - - 53.9% 71.6%
Missense - - 53.9% -
Exon - - - 55.5%

For the purpose of avoiding batch effects and familial substructures, we also
assessed pairwise genetic distances (pairwise identity-by-state (IBS) distances among
all individuals within each subgroup. In our analysis, we found no evidence of such
confounding. Instead, our data reveal significant genetic heterogeneity and an absence
of familial clustering in the schizophrenia cohort. Table 6.13 shows the pairwise IBS

distances.

Table 6.13: Summary of pairwise genetic distance [56].

Population Mean Distance Standard Deviation Minimum Maximum

AA Female 0.2483 0.0046 0.2179 0.2924
AA Male 0.2694 0.0039 0.2339 0.3151
EA Male 0.2571 0.0021 0.2380 0.2777
EA Female 0.2569 0.0019 0.2473 0.2777

The results show that the average pairwise genetic distance was high, with a small
standard deviation. This means that a sample was genetically heterogeneous with no

close relatives or tight sub-clusters. Histogram plotting pairwise distance in Fig. 6.1
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indicates a single smooth distribution, and no pairwise distances approach zero, which
would suggest close relatives or the presence of population substructure. Variation of
AA cohorts (Fig. 6.1 a&b) appear to have somewhat greater variation than expected;
this is consistent with the high amount of genetic variation found in populations of
African ancestry. Conversely, there is limited variation in the subgroups of European
ancestry (Fig. 6.1 c&d), as predicted, and thus, there is adequate variation within these

subgroups and no evidence of family clustering or unusual genetics.
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Figure 6.1: IBS pairwise genetic distances for each sub-population [56].

Moreover, in accordance with the GAIN data documentation, the phenotypic data are
gathered from many clinical sites utilizing different assessment protocols. The presence
of multiple methodologies significantly reduces the likelihood that the identified genetic
signals are artifacts of or a single run of experiments or batch.

Thus, we can conclude that collectively, these results confirm our samples are
genetically heterogeneous, do not contain large clusters of genetic relatedness, and that
diagnoses were obtained in different clinics using various testing protocols. Therefore,
the batch effect will not play any role.

Next, we used another schizophrenia SNP-based GWAS dataset to replicate our
results from GAIN data which is presented in Chapter 4. The independent external
dataset was Molecular Genetics of Schizophrenia - nonGAIN (MGS_nonGAIN)
sample. The results of the external validation and replicated analysis give additional
understanding to their interpretations. When using models derived from the GAIN
database to test independently collected data (MGS_nongain), performance decreased

compared to the corresponding model. It is known that genetic models do not
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always transfer accurately between cohorts. Variations in allele frequency, linkage
disequilibrium structure, diagnostic criteria, and the sample composition are just some
examples of how predictive power can differ among datasets. The lower performance
recorded in external validation shows the dependence of machine learning models
on features of the particular data set being used and that there are limits to relying
on only internal validation criteria. Indeed, the fact that some sub-cohorts have no
overlapping statistically significant SNPs within a specified FDR cut-off indicates the
degree to which these signals are dependent upon the specific dataset being studied.
The presence of a significant degree of overlap between the AA-female and EA-female
subgroups provides some degree of reassurance. It indicates that at a minimum, some
of the identified variants are stable genetic signals and not merely random variations.
However, the overall interpretation remains limited in terms of its ability to generalize
across populations; this is a fundamental barrier to translating GWAS-derived predictive
models into clinical settings.

In support of the validity of the original results, we performed a replication analysis
with the resampling method of the MGS_nonGAIN (nonGAIN) training set. While
the predictive performance of the classifiers was not as strong as that seen with GAIN
(i.e., the predictive accuracy of the benchmark classifier was lower than it had been
during the initial analyses), random forest was once again determined to be the best
performing classifier. This consistency indicates that the algorithm itself is robust to
different datasets, even when the specific predictive features differ.

The external validation and the replication analyses highlight both the strengths and
weaknesses of this proposed method. On one hand, they show that machine learning
algorithms can capture important genetic information associated with schizophrenia.

The reduction in predictive performance observed during external validation should
be interpreted in the context of evaluating the developed models on an independent
cohort rather than as evidence of model overfitting. Although both the GAIN and
MGS datasets investigate schizophrenia, they differ in participant recruitment strategies,
diagnostic criteria, ancestry composition, allele frequency distributions, and sample
characteristics. Furthermore, schizophrenia is a highly polygenic and genetically
heterogeneous disorder, in which numerous variants contribute only small individual
effects. Consequently, predictive SNP sets identified in one cohort are not expected to
transfer perfectly to another independent population. Therefore, a moderate decrease
in predictive performance during external validation is an anticipated outcome that
reflects biological and cohort-specific variability rather than limitations of the proposed
modeling framework. Importantly, despite the observed reduction in predictive
performance, the consistent application of the proposed analytical pipeline across
independent datasets demonstrates the robustness of the methodology. The external

validation and independent replication analyses therefore provide evidence that the
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proposed framework remains applicable across different cohorts, even though the
specific predictive variants and their effect sizes may vary between populations.

The research findings support the common biological viewpoint that schizophrenia
is a highly polygenic and heterogeneous disorder, which is well-known in the field. The
locating of both previously identified genes, and possibly unique loci provides further
support for the idea that there are multiple genetic pathways involved in the risk of
developing the disorder.

While RF classifier showed the best performance in the main pipeline of GAIN data,
the predictive performance of the lasso-based models during Chapter 5 showed that
differed modeling types, capture different genetic features from DNA. This suggests that
different modeling paradigms can reveal different aspects of the genetic signal. Tree-
based techniques are the better choice for modeling nonlinear interactions among SNPs,
while LASSO would allow one to find multiple sparsely populated interpretable solution
sets by selecting a smaller list of the predictive variant genes. For high-dimensional
genome data, it seems that individual SNP level sparsity through lasso does better than
a group lasso penalty system. Group lasso model, while interesting from a biological
standpoint, did not perform consistently across different subpopulations. This difference
might be due to the fact that schizophrenia associated variants are dispersed throughout
the genome rather than nicely grouped into some predetermined category. Therefore,
biology does not always conform to the organization structure we impose in our models.

Compared with previous schizophrenia studies that incorporated lasso, our lasso test
performance is clearly competitive and, in several cases, stronger. Chen et al. [99] used
a lasso model to select polygenic score (PGS) predictors and then built downstream
prediction models. In their combined MGS+SSCS sample, the best model achieved an
accuracy = 0.813 and an AUC = 0.905, while in external CATIE validation, it dropped
to an accuracy = 0.721 and an AUC = 0.747. Relative to those results, our lasso models
show similar or slightly higher accuracy on the held-out test sets in some subgroups and
consistently higher test AUC than their external validation results. Their best internal
AUC remains somewhat higher than our held-out GWAS SNP-based lasso test AUCs.
This is actually a meaningful comparison because their study did not use raw SNP
predictors in the same way, but rather lasso-selected PGS-based predictors.

A second important comparison is the study by Wang et al. [149], which created
logistic and lasso-based nomograms to estimate the risk of schizophrenia using minor
physical abnormalities (MPAs) instead of genomic variants. Their lasso validation
performance was AUC = 0.85 and accuracy = 80.5%, with sex-stratified AUCs of 0.89
in males and 0.91 in females. Against that benchmark, our lasso model is remarkably
close in overall test accuracy and very similar in AUC, despite relying on a much harder
input space, namely high-dimensional GWAS SNP data instead of phenotypic anomaly

measures. In that sense, our results support the idea that sparse genomic models can
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reach performance levels comparable to non-genetic schizophrenia classifiers while
retaining direct biological interpretability at the SNP level.

For group lasso model, direct schizophrenia diagnosis studies with fully reported
AUC and accuracy are even rarer. One of the clearest related examples is the sparse-
group-lasso neuroimaging study by Xiang et al. [150], where grouped feature selection
was combined with an SVM classifier and achieved 93.1% accuracy for schizophrenia
identification using fMRI-derived graph measures. Our best group lasso result, in AA-F
(AUC = 0.915, accuracy = 86.6%), is somewhat lower than that neuroimaging-based
accuracy benchmark, but it remains strong given that our model operates on GWAS data
alone. At the same time, the fact that our group lasso performance drops substantially in
the other subgroups suggests that group-structured sparsity is less stable than SNP-wise
sparsity for this dataset, likely because schizophrenia risk variants are widely distributed
and do not always align cleanly with predefined groups.

The comparison suggests three conclusions. First, our lasso results are strong by
schizophrenia-prediction standards, especially because they are based on GWAS SNP
data and evaluated on held-out test sets. Second, our group lasso results show promise
but are less consistent, which agrees with the broader intuition that grouped penalties
help only when the grouping structure reflects the underlying biology. Third, while some
published studies report higher performance. Those models often use richer or less noisy
modalities such as neuroimaging or clinical phenotypes. So, their results are not directly
equivalent to SNP-only prediction. From that perspective, our lasso findings are not
only competitive but methodologically important, because they show that interpretable
sparse genomic models can achieve meaningful schizophrenia classification without

abandoning the original biological features.
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Chapter 7

Conclusions

In this concluding chapter of the thesis, we summarize the findings about the
research questions set forth at the beginning (in Chapter 1), including future research

opportunities.

7.1 Addressing the research questions

The primary aim of the thesis was to determine whether high-dimensional machine
learning methods can effectively predict schizophrenia risk using GWAS SNP data.
Additionally, determine whether these predictive models generalize across independent
datasets. This study also examined the comparative performance of different type
of modeling approaches (probabilistic models, ensemble methods, and regularized
regression techniques) for predicting schizophrenia risk within this context. The
obtained results provide answers to the research questions.

First, the results show that the schizophrenia risk can be predicted from GWAS
SNP data with reasonable accuracy. Across the entire GAIN dataset, machine learning
models demonstrated moderate but consistent predictive performance, confirming that
genetic variation itself contains detectable signals associated with disease status. Among
the evaluated methods, the RF model showed the best overall results, suggesting an
important role of nonlinear relationships and interactions between SNPs in determining
the schizophrenia risk.

The second part of this research indicates how algorithm selection and feature
selection will highly affect how well a model performs. Regularized regression
techniques also work well in high-dimensional feature spaces, especially lasso
regularization. The models provided strong classification efficiency as well as a selecting
list of informative SNPs. On the other hand, group lasso exhibited a more variable and
less stable performance across the subpopulations, suggesting that group-based sparsity
is not fully align of the distributed genetic architecture of schizophrenia.

The analysis further emphasizes the importance of feature selection in GWAS-based
prediction. By preserving the original SNP variables, the proposed approach provides
biological interpretability and allows for further analysis such as gene mapping and
overlap analysis. Since schizophrenia is a complex disease, understanding the biological

basis of prediction is just as important as achieving strong.
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Fourthly, the analyses of the external validity and replication provide evidence on
generalizability of models. On the independent MGS_nonGAIN dataset, the predictive
performance of the models decreased, thus suggesting limited transferability across
datasets. However, the consistent use of the RF model as the best classifier among
both datasets indicates that certain modeling strategies remain robust even when the
underlying genetic signals change. The results indicated that although predictive
strategies can be generalized, the specific SNPs driving the predictions are often dataset
dependent.

Lastly, the analysis of SNP functional categories revealed that intronic variants have
the highest contribution to the prediction of schizophrenia.

In this thesis, we do not employ deep leaning techniques in schizophrenia prediction
using SNP-based data. It was motivated by next considerations. First, one of the goals
of this study was to maintain biological interpretability of the predictors. Since SNPs
are specific types of genetic variants, when analyzing SNP data, it is important to keep
their physical nature of our features, which are SNPs. For this reason, feature selection
methods were preferred over feature extraction methods. In contrast with deep learning,
where the model depends on automatic extraction and manipulation of features prior
to transforming into a latent representation for prediction, the approaches analyzed
here use original SNP variables, resulting in a much more interpretable output, and
enabling downstream biological studies such as gene mapping. At the same time, and
perhaps more importantly, our samples consist of genetic profiles of individuals. As
a result, we do not have a sufficiently large sample size, which is generally required
to train accurate deep learning models. Nevertheless, this does not mean that deep
learning methods cannot be applied. It would still be possible to use dimensionality
reduction techniques in combination with deep learning. However, the limited sample
size remains a significant constraint.

To summarize, the identification of genetic variants is critical to enhancing the
diagnosis of schizophrenia. Genomic data included in ML algorithms enables deeper
understanding of the complex disorders like schizophrenia, thereby allowing significant
advances to be made within the precision medicine domain. The ML-based predictive
models enhanced in this thesis have the potential to be used as adjunctive clinical tools
to assess the schizophrenia risk in individuals of EA and AA population using their
SNPs.

7.2 Limitations

The thesis has several limitations. One such limitation is that the study was unable
to control for any of the key risk factors outside of genetic risk factors, such as

environmental factors (e.g., factors in early life that may be impacted by one’s
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environment), behavioral factors (e.g., the amount of smoking one does), and also,
epigenetic factors (e.g., how the environment impacts the genetics of an individual).
Therefore, the current models that we developed are not representative of all of the
potential risk factors that are associated with the disease. Thus, there may be some
limitations in terms of how effective the current models may be when applied in clinical
practice. We used one of the largest publicly available the GAIN study from dbGaP
databases on schizophrenia. However, the number of participants is still less than ideal
for a genetic study of this nature. This limitation becomes more pronounced when
dividing data by ethnicity and gender. Further reduces the sample size for each group,
meaning the results may be less stable and reliable.

As a result of both the stratification of the sample and the polygenic nature of
schizophrenia, it is possible that our results are subject to false positives especially with
regard to searching for novel SNPs with small effect sizes. However, the BH-FDR
method was implemented to control for multiple testing and reduce the likelihood of
identifying false-positive SNPs; yet we acknowledge that many of the SNPs we have
identified have not yet been validated biochemically. For instance, locations that have
previously been associated with schizophrenia, like the HLA locus, were not seen in
the results of our assumptions. This might suggest that our choice of texts creates a
vulnerability to sample based signals.

This research illustrates that GWAS data-based predictive modeling techniques
can still support complex psychiatric disorders, even with certain limitations. By
merging genetic data with demographic covariate variables (e.g. gender, ethnicity), we
were able to construct individual models for diverse subgroups. This may help better
understand how schizophrenia manifests in different ethnicities. Predictive modeling
over traditional GWAS approaches provides several advantages: 1) the identification of
polygenic signatures involving both nonlinear and higher order interactions between
markers, and 2) suitability to translational applications where a prediction is desired for
risk at the individual level. Also, population stratification, stringent feature selection,
cross-validation, and separate test evaluation are key components of our methods which
provide a valid pathway to evaluate predictive power without giving any opportunity
for data leakage or overfitting to occur.

7.3 Future studies

Future research needs to look at various types of biological information that can
be obtained from multi-omics data like gene expression, epigenetic modifications,
and environmental action. When combined together with GWAS SNP data, it will
give a clear picture of what goes on with certain molecules that are involved in the

pathogenesis of schizophrenia. These molecular data sets will allow for improving
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predictive accuracy and potentially usefulness for patient care. In future research, we
could also develop a unified view of genotype and phenotype through a combination of
data mining methodologies for optimal usage within a single decision support system.
Also, future directions might be developing an integration of a unified view of genotype
and phenotype through a combination of data mining methodologies for optimal usage
within a single decision support system.

Future studies can build upon the proposed framework by employing multi-
omics data and multimodal deep learning methods together with genome-wide SNP
information. The application of multimodal deep learning together with genomic
foundation models and the integration of multiple omics disciplines may facilitate
the discovery of latent genetic mechanisms underlying schizophrenia and improve
predictive performance when sufficiently large multi-omics datasets become available.

Another important area is to develop models in which population heterogeneity is
explicitly considered. The use of transfer learning, domain adaptation, and multi-task
learning are examples of techniques that may improve the generalizability of models
from one set of data or population to another.

Finally, extending the analysis to clinical practice, such as early detection of disease
risk and personalized treatment plans will be critical for the eventual application of our
findings. This will involve not only enhancing the level of predictive accuracy but also

carefully considering ethical, clinical, and population-specific considerations.
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Appendix A

Explanatory notes

The present study applies the Cochran-Mantel-Haenszel (CMH) test to rank the SNPs
using a 5-fold cross-validation training dataset. Specifically, we consider those SNPs
with a Benjamini-Hochberg False Discovery Rate (BH-FDR) less than a threshold T,
where T was treated as a hyperparameter of the learning rule. To this end, we investigate
the performance of the learning rule for different values of T in 0.01, 0.05, 0.1. Our
results demonstrate that T=0.1 consistently yielded the best performance of a BH-FDR
threshold for all ethnicity-gender populations.

]

Table A.1: The estimated 5-CV AUC and accuracy for the Naive Bayes classifier across
all ethnicity-gender populations.

Model AA-F AA-M EA-F EA-M
AUC Acc | AUC Acc | AUC Acec | AUC Acc
NB | 733% 732% | 67.3% 66.7% | 79.0% 79.6% | 79.7% 71.7%

Table A.2: The estimated 5-CV AUC and accuracy for the Tree-Augmented Naive
Bayes (TAN) classifier across all ethnicity-gender populations.

Model AA-F AA-M EA-F EA-M
AUC Acc AUC Acc AUC Acc AUC Acc
TAN | 723% 73.1% | 69.5% 69.8% | 80.8% 80.7% | 81.2% 71.6%
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Table A.3: The estimated 5-CV AUC and accuracy for the Random Forest classifier
with the number of base estimators in {10, 100, 1000, 10000} and maximum depth
of decision trees in {2, 5, 10, 20, 50, 100} across all ethnicity-gender populations.
Numbers identified by bold indicate the highest accuracy of the model.

a) AA-F population with 777 samples and 7 SNPs

N estimator 2 5 10 20 50 100
AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%)
10 72.7 71.7 76.1 75.5 79.3 78.0 79.5 78.0 79.5 78.0 79.5 78.0
100 75.0 70.7 76.4 75.9 79.4 78.0 79.8 78.1 79.8 78.1 79.8 78.1
1000 74.7 70.7 76.3 76.1 79.5 78.0 79.8 78.1 79.8 78.1 79.8 78.1
10000 75.0 70.7 76.3 76.1 79.4 78.0 79.8 78.1 79.8 78.1 79.8 78.1
b) AA-M population with 776 samples and 7 SNPs
N estimator 2 5 10 20 50 100
AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%)
10 67.8 68.4 70.3 70.3 70.9 70.4 70.8 70.3 70.9 71.3 70.1 70.3
100 68.7 68.8 70.3 70.9 70.3 70.9 70.3 70.9 70.3 70.9 70.3 70.9
1000 68.6 68.6 70.0 70.3 70.3 70.9 70.3 70.9 70.3 70.9 70.3 70.9
10000 68.6 68.4 70.0 70.3 70.3 70.9 70.3 70.9 70.3 70.9 70.3 70.9
¢) EA-F population with 910 samples and 18 SNPs
N estimator 2 5 10 20 50 100
g AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%)
10 75.4 76.0 82.8 80.2 86.3 84.3 87.2 84.0 87.2 84.0 87.8 84.0
100 76.3 75.9 83.6 80.6 88.9 83.7 87.8 84.9 89.2 84.1 89.2 84.1
1000 76.6 75.8 83.8 80.8 87.0 843 87.8 84.0 87.8 84.0 87.8 84.0
10000 76.5 75.8 83.8 80.8 87.0 84.5 87.7 84.0 87.8 84.0 87.8 84.0
d) EA-M population with 1209 samples and 37 SNPs
N estimator 2 5 10 20 50 100
AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%) | AUC (%) Acc. (%)
10 75.4 64.6 81.8 72.6 88.1 71.9 82.3 72.0 82.4 72.7 824 72.7
100 75.5 66.0 82.9 73.3 88.1 71.9 833 74.0 84.4 80.0 84.4 80.0
1000 76.0 66.7 83.1 74.0 89.3 80.3 834 74.2 83.4 74.2 834 74.2
10000 76.3 66.5 83.0 74.1 89.3 80.5 83.4 74.1 83.4 74.2 83.4 74.2
Table A.4: The estimated 5-CV AUC and accuracy for LR and values of A:

{107%,107%, 1} across all ethnicity-gender populations.

Parameter 1e-08 le-04 1

Population | AUC Acc. | AUC Acc. | AUC Acc.
AA-F 719% 71.4% | 711.9% 71.4% | 711.9% 71.4%
AA-M 68.6% 69.7% | 68.6% 69.7% | 68.6% 69.7%
EA-F 79.0% 80.7% | 79.0% 80.7% | 79.0% 80.7%
EA-M 81.2% 71.4% | 81.2% 71.4% | 81.2% 71.5%
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Table A.5: Selected SNPs (by CMH association test) for each ethnicity-gender
population, their DNA locations, and corresponding genes for each sub-population.

AA Female
Chr Position SNP ID p-value Gene Cytoband Type
3 | chr3:170679343 | rs16835806 | 1.758e-12 MECOM q26.2 intron
4 chr4:34338833 | rs2125679 | 8.29e-10 | LOC107986270 | pl5.1 intron
8 chr8:6430547 rs17077609 | 2.648e-9 MCPH1 p23.1 intron
10 | chr10:50351163 | rs4253197 1.02e-8 ERCC6 qll.23 intron
10 | chr10:135209148 | rs9629977 | 1.021e-6 SYCEI q26.3 intron
14 | chr14:88274566 | rs4451888 | 9.528e-10 EMLS q31.3 intron
23 | chr23:65146471 | rs3903921 | 1.641e-9 MIR223 ql2 upstream
AA Male
Chr Position SNP ID p-value Gene Cytoband Type
5 | chr5:141817918 | rs6879787 | 2.708e-15 SPRY4-AS1 q31.3 intron
10 | chr10:50351163 | rs4253197 | 2.259¢-9 ERCC6 qll.23 intron
12 | chrl12:1380766 | rs10773943 | 1.177e-5 ERC1 pl3.33 intron
23 | chr23:34263564 | rs5973152 | 2.208e-8 | LOC107985674 p21.1 intron
23 | chr23:63725979 | 1s5964816 | 4.468e-8 YWHAZ qll.2 upstream
23 | chr23:84791655 | rs6617104 | 7.613e-11 POF1B q21.2 upstream
23 | chr23:89022317 | rs2552707 | 2.75e-10 TGIF2LX g21.31 | upstream
EA Female
Chr Position SNP ID p-value Gene Cytoband Type
2 | chr2:47887055 | rs3136367 | 1.011e-14 MSH6 pl6.3 intron
3 chr3:8872402 | rs11131152 | 3.556e-10 RADI18 p25.3 intron
3 chr3:61563456 | rs9821410 | 1.32e-12 PTPRG pl4.2 intron
3 | chr3:148380315 | rs867829 1.075e-9 | RPL21P71 q24 intron
5 chr5:36438538 | rs16902998 | 3.507e-7 | RNASSP181 pl3.2 upstream
5 chr5:66496146 | rs17221458 | 8.023e-8 MAST4 ql2.3 missense
5 | chr5:143170695 | 15224494 | 5.244e-8 | ARHGAP26 q31.3 intron
6 | chr6:45040800 | 1s588291 1.56e-15 SUPT3H p21.1 intron
8 | chr8:145041048 | rs7816088 | 1.598e-20 PLEC q24.3 downstream
9 chr9:27162125 | rs10116212 | 3.165e-16 TEK p21.2 intron
9 | chr9:72954661 | rs11142704 | 3.64e-8 TRPM3 q21.12 intron
9 | chr9:107117818 | rs10991619 | 5.73e-9 SLC44A1 q31.1 intron
10 | chr10:27707473 | 1rs2992009 | 1.378e-12 MKX pl2.1 upstream
11 | chr11:78741369 | 1s498820 7.124e-9 TENM4 qlé.1 intron
12 | chr12:26581832 | rs10842750 | 4.172e-6 ITPR2 pl1.23 intron
13 | chr13:51700800 | rs2478955 | 3.842e-11 | TPTE2P2 ql4.3 intron
20 | chr20:3535400 | rs658709 | 4.785e-13 ATRN pl3 intron
22 | chr22:45486452 | rs2111399 | 1.612e-21 CERK ql3.31 intron
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EA Male
Chr Position SNP ID p-value Gene Cytoband Type

2 chr2:18372735 | rs16983718 | 4.313e-14 KCNI3 p24.2 intron

3 chr3:8872402 rs11131152 | 8.922e-8 RADI18 p25.3 intron

4 chr4:62454313 | rs41431344 | 8.592e-13 ADHIB ql3.1 intron

5 chr5:36479023 | rs1692969 | 1.246e-7 | ATP6APIL qld.2 downstream
5 chr5:143170695 | 15224494 2.784e-9 | ARHGAP26 q31.3 intron

6 chr6:45040800 rs588291 | 2.349e-19 SUPT3H p21.1 intron

7 chr7:155696974 | rs10230201 | 1.039e-5 UBEC3 q36.3 upstream
8 chr8:55583779 | rs17400501 | 2.831e-15 SEC11B ql1.23 | downstream
8 chr8:145041048 | rs7816088 | 2.221e-21 PLEC q24.3 downstream
9 chr9:27162125 | rs10116212 | 8.656e-17 TEK p21.2 intron

9 | chr9:107117818 | rs10991619 | 1.276e-14 | SLC44A1 q31.1 intron

10 | chr10:27707473 | 1s2992009 1.85e-8 MKX pl2.1 upstream
10 | chr10:82445290 | rs460820 | 1.114e-11 TENMA4 ql4.1 intron

12 | chr12:130911503 | rs17035656 | 1.214e-11 C12o0rt45 q24.33 intron
13 | chrl3:52112748 | rs1925135 | 2.428e-10 | HNRNPALI ql4.3 intron
14 | chr14:79107235 | rs1109473 | 5.524e-8 | KIAA0743 q31.1 intron

16 | chr16:20452780 | rs2359518 | 4.341e-8 | ANKRD26 pl2.3 intron
20 | chr20:3535400 rs658709 | 7.746e-9 ATRN pl3 intron
22 | chr22:45486452 | rs2111399 | 4.33e-19 CERK ql3.31 intron
23 | chr23:53883679 | rs6692477 | 3.631e-8 KALI p22.32 intron

23 | chr23:22779838 | rs7892006 | 2.352¢-9 | PTCHDI-AS | p22.11 intron
23 | chr23:85431953 | rs5858382 | 3.882e-9 | ILIRAPLI p21.3 intron
23 chr23:4499821 rs7063812 | 2.648e-6 TMEM47 p21.1 downstream
23 | chr23:38198733 | rs12012951 | 2.225e-6 BAIAP1 pll4 intron
23 | chr23:50762073 | rs41493148 | 2.346e-6 | SHROOM4 pl1.22 intron

23 | chr23:30227100 | rs12014069 | 5.173e-9 KLF8 pll.21 intron

23 | chr23:63312128 | rs6524865 | 3.349e-8 MAMLDI1 qll.2 upstream
23 chr23:2078700 rs5080003 | 4.339e-12 A1G4A1 q21.1 downstream
23 | chr23:8611613 | rs2369639 | 1.003e-9 DACH2 q21.31 intron

23 | chr23:69022317 | rs2552707 | 6.827e-8 TGIF2LX q21.31 upstream
23 | chr23:93360197 | rs4892992 2.4e-9 TUBB4B q21.32 intron

23 | chr23:104505600 | rs6523841 | 1.019e-8 | ILIRAPL2 q22.3 intron

23 | chr23:10948720 | 1s197027 3.696e-9 CHRD1 q25 intron

23 | chr23:123434000 | rs5931057 | 3.688e-11 COLA4AS q25 exon

23 | chr23:128712780 | 1s5932359 | 4.087e-7 MTH1 q25 downstream
23 | chr23:148174643 | 1rs5980432 | 2.542e-24 AFF2 q28 upstream
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