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VISUALIZATION BASED ANALYSIS OF GENE NETWORKS USING
HIGH DIMENSIONAL MODEL REPRESENTATION

SUMMARY

Genetic studies have revolutionized our understanding of the biological mechanisms
underlying health and disease. By exploring the intricate details of the human genome,
researchers can identify genetic variations that contribute to various phenotypic
outcomes. One of the key advancements in this field is gene network analysis,
which examines the complex interactions between genes and how they regulate
cellular processes. This approach provides a comprehensive view of the biological
systems and uncovers the pathways involved in disease mechanisms. Genome-Wide
Association Studies (GWAS) play a pivotal role among the methodologies utilized in
gene network analysis. GWAS involves scanning the genome for slight variations,
known as single nucleotide polymorphisms (SNPs), that occur more frequently in
individuals with a particular disease or trait than in those without. By identifying
these associations, GWAS helps pinpoint genetic factors contributing to disease
susceptibility and progression, paving the way for personalized medicine and targeted
therapeutic strategies. By integrating various variant analysis techniques, researchers
can develop a deeper understanding of the genetic architecture of diseases, leading to
significant advancements in diagnostics, treatment, and prevention.

Gene network and pathway analyses are essential components of genetic studies,
offering insights into genes’ complex interactions and functions within a biological
systems. However, both face significant computational challenges, mainly when
dealing with high-dimensional genomic data. Analyzing vast datasets containing
gene expression profiles and genetic variations demands sophisticated computational
methods capable of handling their scale and complexity. Conventional statistical
methods frequently require assistance to become effective, demanding complex
computational approaches like data visualization, network modeling, and machine
learning algorithms. In addition, the complexity of biological networks and
pathways makes analysis even more complicated, necessitating the use of powerful
computational tools to interpret regulatory mechanisms and simulate complex
biological processes correctly. Overcoming these challenges is crucial for gaining
deeper insights into gene networks and pathways, thereby advancing our understanding
of their roles in health and disease. In pathway analysis, scientists employ data
collected from many sources, such as Genome-Wide Association Studies (GWAS), to
identify target genes and connect them to known pathways using Kyoto Encyclopedia
of Genes and Genomes (KEGG) databases. However, pathway analysis presents major
computing challenges, especially when large, high-dimensional genomic datasets are
involved. Researchers have developed innovative methods such as High Dimensional
Model Representation (HDMR), Chaos Game Representation (CGR), and visual
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analysis of DNA sequences based on a variant logic construction method called
VARCH to overcome these challenges. By mapping genetic sequences into visual
representations, these innovative approaches can help identify potential genetic
markers and better understand biological processes. These computational methods
must be included in gene network and pathway investigations to fully understand the
complex architecture of genetic interactions and how they affect health and diseases.

In this thesis, we harnessed three sophisticated computational methodologies: Chaos
Game Representation, visual analysis of DNA sequences based on variant logic
construction called VARCH, and High Dimensional Model Representation, each
offering unique contributions to the variant analysis, respectively CGR, a prevalent
technique in bioinformatics, translates genetic sequences into visually interpretable
diagrams, clarifying complex structures and patterns in the sequences. On the other
hand, VARCH converts sequences into a feature space, successfully capturing each
aspect of their complexity and uncertainty. These techniques are effective instruments
in our search for potential genetic markers that might help us distinguish between the
patient and control groups in our investigation. Furthermore, we utilized HDMR for
dimension reduction, an essential technique for simplifying the complex structure in
high-dimensional genomic data. By condensing data dimensions, HDMR facilitated
more efficient and accurate classification, enabling us to uncover sensitive genetic
relationships and patterns that might have remained hidden otherwise. Integrating
these computational techniques provided robust solutions for analyzing genetic data
from the mTOR pathway, enriching our comprehension of the genetic mechanisms
supporting various phenotypic outcomes.

In our study, we begin on a mission to deepen our comprehension of the intricate
genetic patterns intertwined with diverse phenotypic outcomes. Focusing on genetic
data sourced from the mTOR pathway, we leveraged state-of-the-art computational
methodologies to unravel hidden insights. Our primary objective was to assess the
efficacy of CGR, VARCH, and HDMR in gene network analyses. As we analyzed
the data, the results were quite compelling. Both CGR and VARCH methods
demonstrated notable accuracy in genetic classification, with VARCH exhibiting
a significant edge over CGR in terms of accuracy and sensitivity metrics. This
superiority was underscored by VARCH’s ability to considerably minimize binary
cross-entropy (BCE) loss values, demonstrating the ability to reduce errors in
predictions. However, we examined the computing overheads associated with each
methodology in detail, providing insight into the challenging trade-off between
computational complexity and accuracy. Despite the more significant parameters,
VARCH’s computational requirements were apparent, although its performance was
better than CGR’s. Our study demonstrates the potential of computational tools for
unraveling gene complexities while also acting as an essential reminder of how crucial
it is to overcome the complex environment of computational constraints carefully,
helping researchers search for the best possible method selection and optimization.

XXil



YUKSEK BOYUTLU MODEL GOSTERILIM KULLANILARAK
GEN AGLARININ GORSELLESTIRME TABANLI ANALIZi

OZET

Genetik caligmalar, hastaliklarda altta yatan biyolojik mekanizmalarin anlagilmasinda
devrim niteliginde ilerlemeler saglamistir. Bu ilerlemeler, genetik bilgilere dayali
saglik hizmetlerinin kisisellestirilmesinde 6nemli bir rol oynamaktadir. Arastirmacilar,
insan genomunun karmasik mekanizmalarim1 kesfederek, cesitli fenotipik sonuclara
katkida bulunan genetik varyasyonlar1 tespit edebilirler. Bu kesifler, hastaliklarin
genetik temellerini anlamada ve bu sayede risk grubunda yer alan bireylerin erken
tespitinde ve ayn1 zamanda yeni tedavi stratejileri gelistirmede kritik 6neme sahiptir.
Bu alandaki temel ilerlemelerden biri, gen ag analizidir. Bu yaklagim genler arasindaki
karmasik etkilesimleri ve hiicresel siirecleri nasil diizenlediklerini inceler. Gen ag
analizleri, genlerin birbirleriyle olan iligkilerini ve bu iligkilerin biyolojik fonksiyonlar
tizerindeki etkilerini ortaya ¢ikartarak daha kapsamli bir biyolojik anlayis saglar ve
bu sayede hastalik mekanizmalarinda yer alan yollar agia ¢ikarir. Genom ¢apinda
birlesim ¢alismalar1 (GWAS), gen ag analizinde kullanilan metodlar arasinda kilit bir
rol oynamaktadir. GWAS, biiyiik 6l¢ekli veri setlerinden genetik iligkileri belirlemek
icin kullanilan giiglii bir aractir. GWAS, belirli bir hastalif1 veya hastaliga ait genetik
ozelligine sahip olan bireylerde daha sik goriilen kiiciik varyasyonlari, tek niikleotid
polimorfizmleri (SNP’ler), genom ¢apinda taramay1 igcermektedir. Bu iligkileri ayirt
ederek, GWAS hastalik duyarliligini ve ilerlemesine katkida bulunan genetik faktorleri
belirler ve kisisellestirilmis tip hizmetlerine ve hedefe yonelik tedaviler icin temel
olusturur. Kisisellestirilmis tip, bireylerin genetik profillerine dayali olarak daha etkili
tedavi yaklagimlar1 gelistirmeyi miimkiin kilar. Farkli genetik analiz tekniklerinin bir
araya getirilmesi, arastirmacilarin hastaliklarin genetik yapilarini daha iyi anlamalarini
saglar ve bu da teshis, tedavi ve Onleme alanlarinda 6nemli ilerlemelere yol acar. Bu
entegrasyon, genetik bilgilerin klinik uygulamalarda nasil kullanilabilecegini belirler
ve saglik alanindaki yenilik¢i ¢oziimler i¢in temel olusturur.

Gen aglan analizi ve yol analizi, genetik calismalarin vazgecilmez bilesenleridir
ve biyolojik sistemler icindeki genlerin karmagsik etkilesimlerini ve fonksiyonlarini
aciklar. ~ Bu yontemler, genetik arastirmalarda derinlemesine bilgi sa8lar ve
hastaliklarin molekiiler temelini aydinlatmada biiyiik bir rol oynar. Ancak, her
iki yontemde de ozellikle yiiksek boyutlu genom verileriyle ugrasirken 6nemli
hesaplama zorluklariyla kargilasilir. Bu zorluklar, verilerin karmasikligi ve veri
setlerinin biiyiikliigli nedeniyle ortaya c¢ikar. Bu sebepler nedeniyle veri analizi
stireci olduk¢a karmasik hale gelmektedir. Gen profilleri ve genetik varyasyonlar
iceren genis veri kiimelerinin analizi, 6lcegini ve karmasikligin1 yonetebilen gelismis
hesaplama yontemlerini gerektirir. Geleneksel istatistiksel yontemler yerine veri
gorsellestirme, ag modelleme ve makine Ogrenimi algoritmalari gibi karmagsik
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hesaplama yaklasimlarini gerektirir. Bu yontemler, verilerin daha etkin bir sekilde
analiz edilmesini ve yorumlanmasini saglar.

Gen aglarinin karmagikli§i ve gen regiilasyon mekanizmalarin1 anlamak, karmagik
biyolojik siirecleri dogru bir sekilde simiile etmek icin giicli hesaplama araclari
gerektirir; bu zorluklar1 agmak, gen aglarinin ve yollarimin saghk ve hastalik
lizerindeki rollerini daha derinlemesine anlamamiza olanak tanir. Ozellikle kompleks
hastaliklarin incelenmesinde, gen aglarinin dogru bir sekilde modellenmesi ve analiz
edilmesi kritik bir oneme sahiptir. Yol analizinde, arastirmacilar, GWAS gibi ¢esitli
kaynaklardan elde edilen verileri kullanarak hedef genleri belirler ve Kyoto Genlerin
ve Genomlarin Ansiklopedisi (KEGG) veritabanlarini kullanarak bu genleri bilinen
yollarla iligkilendirirler. KEGG veritabani, biyolojik yollar1 ve bunlarin genlerle
olan iligkilerini anlamada 6nemli bir kaynaktir. Ancak, 6zellikle yiiksek boyutlu ve
biiylik genom veri kiimeleriyle calisildiginda, yol analizi ¢alismalar1 6nemli hesaplama
zorluklariyla kargilagir. Bu zorluklarin iistesinden gelmek i¢cin DNA dizilerinin gorsel
analizini iceren yenilik¢i yOntemler gelistirilmigtir; bunlar arasinda Kaos Oyunu
Temsili (CGR) ve varyant mantik yapisina dayalt DNA dizilerinin gorsel analiz
yontemi olan VARCH bulunmaktadir.

Genetik dizilerin gorsel temsili, potansiyel genetik sinyal yollar1 belirlemeye ve
biyolojik siirecleri daha iyi anlamaya yardimci olur. Gorsel analiz yontemleri,
karmasik genetik verilerin anlasilmasim1 kolaylastirir ve genetik arastirmalarda yeni
perspektifler sunar. Bu hesaplama yontemlerinin gen aglar1 ve yol analizlerine entegre
edilmesi, genetik etkilesimlerin karmagik yapisim1 tam olarak anlamak ve bunlarin
hastaliklar iizerindeki etkilerini anlamak i¢in hayati 6neme sahiptir. Boylece, genetik
arastirmalarda daha hassas ve dogru sonuglar elde edilir.

Tez kapsaminda, gen aglari analizimize katkilar sunan iki adet gorsellestirme ve
bir data ayrisirma yoOntemi kullanildi.  Bu yontemler, genetik verilerin daha
iyl anlagilmasim1 ve analiz edilmesini saglayan giiclii araglardir.  Kaos Oyunu
Temsili, varyant mantik yapisina dayali DNA dizilerinin gorsel analizi olan VARCH
ve Yiiksek Boyutlu Model Gosterilim (HDMR) yontemlerini kullandik. CGR,
biyoinformatikte yaygin kullanilan bir yontem olup, genetik dizileri gorsel olarak
yorumlanabilir diyagramlara cevirerek dizilerdeki karmasik yapilart ve desenleri
aciklar. CGR yontemi, genetik dizilerin gorsellestirilmesi ile biiyiik veri setlerindeki
yapisal ozellikleri ortaya cikarir. Ote yandan, VARCH, gen sekanslarini bir dzellik
vektoriine doniistiirerek, bu sekanslarin karmagik yapilarini bagariyla yakalamaktadir.
VARCH, genetik verilerin detayli analizini miimkiin kilarak, aragtirmacilarin gen
sekanslarindaki Onemli paternleri tespit etmelerini saglar. Her iki yontem de,
arastirmamizda hasta ve kontrol gruplarimi ayirt edebilecek potansiyel genetik
nitelikleri aramamizda etkili olmustur. Bu sayede, belirli hastalik fenotiplerine 6zgii
genetik isaret¢ileri daha kolay belirleyebildik.

Bunun ile birlikte, genlerin karmagik yapilarinin basitlestirilmesi i¢in kullanilabilecek
onemli bir teknik olan boyut indirgeme i¢cin HDMR methodunu kullandik. HDMR,
yiiksek boyutlu veri setlerinde 6nemli bilgileri koruyarak veri boyutunu azaltmak
icin etkili bir yontemdir. Kullanilan mTOR veri setindeki verilerin gorsellestirme
yontemlerinden elde edilen N boyutlu tensorlere uygulanan HDMR, hesaplama
acisindan belirgin bir verimlilik saglamig ve ayni zamanda yiiksek siiflandirma
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performans1 gostermistir. Bu teknik, biiyiik veri setlerinde hizli ve dogru analiz
yapmay! miimkiin kilarak arastirma siirecini hizlandirmistir. Buna ek olarak, gizli
kalan genetik iliskileri ve desenlerin ortaya ¢ikarilmasina olanak tanimistir. Bu sayede,
genetik verilerin derinlemesine analizi ile hasta ve kontrol gruplarina ait verilerin
yiiksek dogruluk yiizdesiyle siniflandirilmasina dair bulgular elde edilmistir. Bu
hesaplama tekniklerinin entegrasyonu, mTOR yolu genetik verilerinin analizinde tu-
tarli coziimler sunarak, cesitli fenotipik sonuglar1 destekleyen genetik mekanizmalarin
daha iyi anlagilmasini saglamistir. Sonug olarak, bu yontemler, genetik arastirmalarda
daha derinlemesine ve kapsamli analizler yapmamiza olanak taniyarak, genetik
varyasyonlarin hastaliklar iizerindeki etkilerini daha iyi kavramamizi saglamagtir.

Tez kapsaminda, c¢esitli fenotipik sonuglarla iligkilendirilen karmagsik genetik
desenlerin daha derinlemesine anlasilmasina katki saglayacak ve yiiksek siniflandirma
performansi saglayacak hesaplama yontemlerin incelenmesi amaglanmistir.  Bu
kapsamda, mTOR yolu ile iligkili genetik verilerin analizi i¢in giincel hesaplama
teknikleri kullanilarak daha ayrintili sonuclar elde edilmeye calisiimisti. mTOR yolu
kaynakli genetik verilere odaklanilarak, genlere ait nitelikleri agiga c¢ikarmak igin
giincel hesaplama metodlarini kullanilmigtir. Temel amag¢, CGR, VARCH ve HDMR
yontemlerinin gen ag analizlerindeki etkinligini degerlendirmek olup bu yontemlerin
etkinligini degerlendirirken, her birinin genetik verileri ne kadar yiiksek oranda temsil
edebildigi ve analiz sonuglarinin dogrulugunun incelenmesidir. Elde edilen genetik
veriler simiflandirma yontemi ile analiz edildiginde, 6nemli sonuglar elde edildigi
gozlemlenmigtir. Hem CGR hem de VARCH yontemleri genetik siniflamada dikkate
deger bir dogruluk gosterdi. Bu dogruluk oranlari, genetik varyasyonlarin dogru bir
sekilde tespit edilmesi ve siniflandirilmasi acgisindan 6nemli bir basaridir. VARCH
metodu hem dengeli dagilmig datasetinde hem de dengesiz (imbalanced) datasetlerle,
dogruluk ve hassasiyet metrikleri agisindan CGR’ye gore belirgin bir avantaj sagladi.
VARCH yontemi bu istiinliigli, genetik verilerin daha hassas ve detayl bir sekilde
analiz edilmesine olanak tanimaktadir. Bu {iistiinliikk, VARCH y06ntemi hata oranlarim
onemli 6lciide azaltma yetenegi ile daha da vurgulandi. Ozellikle, genetik hastaliklarin
erken teshisi ve tedavi stratejilerinin gelistirilmesinde VARCH yontemi kritik bir rol
oynayabilir. Bununla birlikte, her yontemin iligkilendirilen hesaplama maliyetlerini
detayli olarak inceledik ve hesaplama karmagikligi ile dogruluk arasindaki denge
hakkinda bir anlayis sagladik. Bu denge, yontemlerin pratik uygulamalarda ne
kadar verimli olabilecegini ve biiyiik veri setleriyle calisirken hangi yontemin daha
uygun olacagim belirlememize yardimci oldu. Optimize edilecek parametrelerin
daha fazla ve performanst CGR’den daha iyi olmasina karsin VARCH’1n hesaplama
gereksinimleri acik bir sekilde ortaya konmustur. Bu ¢alisma, gen karmagikliklarim
cozme konusunda hesaplama araglarinin potansiyelini ortaya koyarken, hesaplama
kisitlamalarini dikkatlice asmanin énemini vurgulamakta ve arastirmacilarin en uygun
yontemi se¢gme ve optimize etme konusunda rehberlik etmektedir.
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1. INTRODUCTION

Human genetic data, including all of an individual’s genetic information in DNA,
are the key to understanding the underlying principles of heredity, genetic variation,
and disease susceptibility. Human genome data is the entire collection of genetic
information encoded in a human organism’s DNA. This contains all the genes (coding
sections) and non-coding DNA regions, such as regulatory sequences and repetitive
patterns, that comprise the whole genome [1]. In conclusion, human genetic data
focuses on particular variants or sequences within the genome, whereas human genome
data includes an individual’s or species’ complete genetic blueprint. Multimodal
data collection is a critical component in unraveling the complicated fabric of human
biology, providing essential insights into the genetic drivers of many phenotypic

characteristics, complex illnesses, and fundamental biological processes [2].

Human genetic and gene data studies are widely investigating the genetic composition
of individuals or groups to understand the complexities of genetics and genomics and
its implications for health and diseases. These extensive studies explore the depths of
genetic data to identify distinct genetic variants, such as mutations or single nucleotide
polymorphisms (SNPs), and their relationships to specific phenotypes, illnesses, or
behaviors [3]. Complex genotyping techniques, high-throughput genomic sequencing,
and intricate bioinformatics analyses are just a few sophisticated tools and techniques
that researchers have used to carefully examine the unique structure, functionality, and

diversity of the human genome.

Genome-Wide Association Studies (GWAS) are a prominent method to identify
genetic variations linked to complicated disorders. The early 2000s saw the rise
in popularity of GWAS. Since then, GWAS have gained popularity as a method
for locating genetic variations linked to both standard and complicated disorders
[4] [5]. GWAS examines all genetic differences in the genome to determine

the potential relationship between these variations and the likelihood of acquiring



particular characteristics or diseases. In order to discover information about the
genetic components of complex disorders, GWAS uses SNPs to locate and map
genetic variations linked to various traits and diseases. For that purpose, researchers
have used large databases of SNPs to investigate gene-gene and gene-environment
interactions and evaluate associations between genetic variations and diseases. GWAS
have proven helpful in locating shared genomic variations associated with different
traits and illnesses [5] [6]. The knowledge gained from these initiatives also opens the
door for creating and applying personalized medicine strategies that target customizing
medical interventions and treatments to each patient’s unique genetic profile. This

enables healthcare delivery and enhance patient outcomes.

In genomics research, pathways analysis is performed to examine the connections and
interactions between genes and the outputs they produce within biological pathways
[7]. These pathways are sets of chemical reactions or signaling cascades that
control several aspects of the cell, including metabolism, cell cycle, and the immune
system. Genes are categorized in route analysis according to their biological roles or
participation in particular pathways. This arrangement enables scientists to evaluate
the collective activity of genes within a pathway and to comprehend the potential
effects of genetic variants or changes in gene expression on biological processes.
Pathway analysis frequently integrates omics data such as gene expression, SNP data,

or protein-protein interactions to identify dysregulated pathways linked to diseases.

The growing number of GWAS has necessitated advances in computing techniques and
processes used to analyze large amounts of data. This mutually beneficial development
have been emerged necessary by the increasing intricacy of genetic research and
the urgent need for increased analytical precision. For this reasons, advancements
in computational techniques and computers have been a significant factor in the
success of human genetic research. Computational developments have sped up the
processing and interpreting of enormous volumes of genomic data, starting with early
computational models and statistical methods and continuing with high-performance
computing and machine learning techniques [8] [9] [10]. The development of
genome browsers, data visualization platforms, and bioinformatic tools has facilitated

the finding of new information in human genetics [11] [12]. Additionally, these



technologies have simplified data mining and integration. Furthermore, open-access
data repositories and computational tools have expedited scientific discoveries and
encouraged collaborative research, contributing to the globalization of genetic data

access.

Initially, GWAS used traditional statistical techniques to determine the relationships
between genetic variations and phenotypic characteristics. These approaches usually
require the evaluation of hypotheses using methods such as logistic regression or
chi-squared tests [13] [14]. However, as datasets became larger and more complicated,
traditional statistical methods found it difficult to handle the entire volume of genetic
data and account for confounding variables such as population segmentation and

repeated testing modifications.

In GWAS, logistic regression with LASSO regularization is commonly used for SNP
preselection and has proven effective in classifying especially Crohn’s Disease patients
[15]. This involves using penalized regression algorithms like LASSO (L1 penalty)
and ridge regression (L2 penalty) to model phenotypes as a linear sum of genetic
variants, with regularization in place to limit coefficient magnitude. Ensemble learning
algorithms such as Random Forest play a valuable role in genetic data analysis by
capturing complex genetic relationships and identifying significant variants [16] [17].
In addition, recent studies have highlighted the effectiveness of neural networks in
GWAS. For instance, CNN architecture is used to predict phenotypes [18] [19], and
dense neural networks are used to distinguish between patients and controls [15].
These methods show potential in identifying significant genetic markers and predicting

disease phenotypes.

1.1 Purpose of the Thesis

Variant analyses are essential in biomedical research because they help us comprehend
various biological processes and disorders. Researchers can get critical insights into
the genetic foundation of illnesses and responsiveness to therapies by analyzing an
individual’s genetic composition. Furthermore, genome analysis makes it possible to
identify genetic variants, mutations, and biomarkers linked to the development or risk

of disease. Personalized medicine benefits greatly from this knowledge as it enables



medical professionals to customize interventions and therapies based on a patient’s
genetic profile. Additionally, variant analysis aids in the discovery of new therapeutic
targets and the creation of focused medicines, both of which eventually enhance patient

outcomes.

GWAS often face several challenges. Firstly, the significant computational costs,
especially with multidimensional data, can be an obstacle. Genetic data analysis
usually involves numerous variables, leading to computational complexities requiring
substantial resources and time. Secondly, the high dimensionality of genetic datasets
exacerbates these issues. The immense volume of data increases the computational
burden and can obstruct efficient analysis. Additionally, these factors may affect
classification accuracy rates in variant analyses. The complexity of the data and
computational constraints can impair the effectiveness of classification algorithms.
This can result in low-accurate classification into different groups, potentially leading
to suboptimal performance and reduced classification accuracy. Addressing these
issues is crucial for improving variant analysis techniques’ effectiveness, accuracy,
and scalability. Ultimately, this will enhance our understanding of genetic phenomena

and their impacts on health and disease.

In this thesis, we study utilized two genetic visualization tools and a multidimensional
data decomposition method called High Dimensional Model Representation to
enable gene classification between patient and control groups. The aim was to
understand better genetic patterns associated with different phenotypic outcomes.
The visualization tools enabled us to identify potential biological indicators or
genetic signatures that distinguish between the two groups by providing insights into
the genome data’s underlying structure. The multidimensional data decomposition
technique helped manage the complexity of the genome datasets, making our
classification study more accurate and efficient. The combined use of these techniques
facilitated the examination and categorization of gene sequences, advancing the field

of genetics and paving the way for personalized therapy and disease diagnosis.

As the proposed method, we used the Chaos Game Representation (CGR) as our

visualization technique. This method allowed us to create CGR images by adjusting



the resolution according to the chosen k-mer value [20]. We aligned the CGR images
of each individual within their respective patient and control groups, which resulted
in two tensors, one for each group. These 3-D tensors served as the basis for further

genetic data analysis, aiding in identifying trends and differences between the groups.

The second visualization technique we utilized is the VARCH method [21]. This
method transformed the input gene sequences into VARCH images based on four
parameters that control the representations’ accuracy. We tested if these parameters
could enhance accuracy compared to CGR. Similar to CGR, VARCH produced
two tensors, each representing a group. These tensors were also used for further
comparative analysis and for exploring genetic patterns related to different phenotypic

outcomes.

In both methods, we used the High Dimensional Model Representation (HDMR)
for data decorrelation, dimension reduction, and feature extraction tasks [22]. After
applying HDMR, we transformed the individual images into three vectors and
combined them into a single vector for each participant. This resulted in one feature
vector for each sample in the patient and control groups. We then employed a Support
Vector Machines (SVM) algorithm on these feature vectors to classify individuals into

their groups based on extracted genetic data.

Finally, we analyzed the feature matrices using the SVM algorithm and compared
the classification accuracy of the visualization methods. We also fine-tuned the
method parameters to observe their impact on results. Besides classification accuracy,
we considered other machine learning metrics such as F1 score, sensitivity, and
binary cross-entropy (BCE) loss. We evaluated computational costs throughout these
processes, aiming to assess the performance of the visualization methods in terms of
classification accuracy and their efficacy in capturing relevant patterns and optimizing

model performance.

The results from the analyses are discussed in detail in Section 4. This section
also explores the implications of these findings and suggests potential areas for
future research. Section 5 focuses on addressing the limitations of the proposed

method and suggesting directions for further investigation, which involves refining the



methodologies used, exploring additional parameters or techniques, and broadening
the scope of analysis to fill any remaining gaps or uncertainties. In highlighting these
areas for improvement and future exploration, the study aims to contribute to ongoing

advancements in the field and inspire further research.

1.2 Literature Review

Advancements in genomic research, mainly through GWAS, have significantly
enhanced our understanding of genetic variations and their impact on human health and
diseases. GWAS focuses on identifying genetic variations associated with diseases.
These studies analyze genetic markers, especially SNPs, across the entire genome to
uncover how these variations may influence disease risk [3] [4]. The methodology of
GWAS involves comparing the genomes of individuals with a specific disease to those
without, aiming to detect correlations between specific genetic variants and disease
presence. This approach helps pinpoint specific genetic variances linked to diseases.

To ensure the associations’ reliability, GWAS requires analyzing many individuals.

One of the strengths of GWAS is its use of statistical methods to determine the
importance of genetic associations. Furthermore, GWAS often includes diverse
populations to capture the full spectrum of genetic variations across different ethnic
groups, enhancing the generalizability of the findings [4]. The implications of GWAS
are profound for precision medicine. Findings from these studies contribute to
risk prediction, improve diagnostic accuracy, and prepare for personalized treatment
strategies. By understanding the genetic basis of diseases, medical professionals can
develop more targeted therapies tailored to an individual’s genetic makeup, thereby

increasing efficacy and reducing side effects.

Despite the transformative potential of GWAS, it has its own set of difficulties.
A significant challenge is the need for large sample sizes to detect meaningful
genetic associations, especially for complex diseases influenced by multiple genetic
and environmental factors. Additionally, understanding the complexities of genetic
interactions and their contributions to diseases remains challenging, as these

interactions often involve multiple genes and pathways.



Also, to better understand the SNPs that are the subject of GWAS, SNPs are common
genetic variations that occur when a single nucleotide (A, T, C, or G) at a specific
position in the genome differs among individuals in a population. They are the
most abundant form of genetic variation in the human genome and play a significant
role in determining an individual’s traits, susceptibility to diseases, and response to
medications. The interrelationship between SNPs and pathway analysis is crucial for
understanding the genetic basis of complex characteristics and disorders. Pathway
analysis is a technique that elucidates how genetic variations impact biological
processes. This is achieved by mapping SNPs to genes and subsequently performing
gene-set enrichment analysis [3]. Considering the cumulative effects of many SNPs
within pathways, this technique significantly improves statistical power and sheds
light on the biological processes driving genetic relationships. Key points about SNPs

include:

Genetic Variation: SNPs represent variations in a single nucleotide within the DNA

sequence.

* Biological Significance: SNPs can influence gene expression, protein function,
and overall phenotype. They are associated with various traits, diseases, and drug

responses.

* GWAS: SNPs are commonly used as genetic markers in GWAS to identify

associations between specific genetic variants and diseases or traits.

* Population Genetics: SNPs can vary in frequency across different populations,

providing insights into genetic diversity and evolutionary relationships.

* Clinical Applications: Understanding SNPs is crucial in personalized medicine, as
specific SNPs can impact an individual’s risk of developing related diseases or their

response to specific treatments.

Gene networks, also called gene regulatory networks, represent a comprehensive
assembly of genes and their interactions dictating the expression levels of genes

within a cell or organism [19]. These networks show the connections among genes,



transcription factors, and regulatory molecules and how their interactions affect
their expression. They provide insights into complex regulatory mechanisms that
control cellular functions such as development and response to environmental triggers.
Through mapping these relationships, researchers can better understand how genes
work together to sustain biological functions and how variations to the network result
in disease. With their comprehensive perspective on gene regulation, gene networks

are crucial for understanding molecular pathways in biology and diseases.

For a better understanding of the gene network-based approaches, some datasets will
be mentioned: Protein-Protein interaction(PPI) databases such as BioGRID, IntAct,
and STRING are valuable for understanding protein functions and cellular processes
[23]. Researchers investigate these processes by documenting physical interactions
among proteins. Gene expression datasets are derived from microarray or RNA
sequencing studies and determine co-expression relationships among genes, which
suggest potential regulatory connections [24]. Transcription factor binding datasets
obtained from chromatin immunoprecipitation (ChIP) experiments disclose regulatory
interactions between transcription factors and their target genes [25]. MicroRNA
target databases contain predicted and experimentally validated interactions between
microRNAs and target genes, providing insight into post-transcriptional gene
regulation [26].  Disease-specific datasets incorporate information on genetic
mutations, gene expression alterations, and phenotypic changes. These facilitate

investigating how gene networks are disturbed in disease conditions.

Scientists use datasets from diverse experimental strategies to construct and analyze
gene networks. Integration and analysis of these diverse datasets are pivotal in
constructing comprehensive gene regulatory networks that facilitate unraveling the
intricate complexities of gene regulation and cellular processes. Various computational
and statistical methods are employed in this endeavor. Network inference algorithms,
such as Bayesian networks and mutual information-based methods, leverage gene
expression data to infer regulatory interactions between considered genes [27].
Clustering algorithms aid in identifying functional modules within the network by
grouping genes with similar expression patterns. Network topology analysis entails

studying the structural properties of the network, such as centrality measures and



degree distribution to comprehend its organization and dynamics. Pathway analysis
identifies biological pathways enriched with genes of interest, providing crucial
insights into the functional roles of gene networks [28]. By combining these
methodological approaches, researchers can explain the regulatory relationships within
gene networks, uncover vital regulatory mechanisms, and understand how genes
coordinate their activities to govern cellular processes. Gene networks thus serve
as essential tools in interpreting the molecular mechanisms supporting biological
processes and diseases, offering a holistic perspective on gene regulation within

biological systems.

Considering all this information, that is a known fact that many common disorders are
known to be polygenic today, yet the specific genetic variant combinations remain
unidentified [29]. An individual’s genetic risk for a particular trait or disease is
measured by polygenic risk scores (PRS), commonly calculated by summing the
weighted effect sizes of risk alleles at multiple genetic variants [30]. The search
for those variants and their combined effects presents significant challenges due to
the many possible combinations. Also, incomplete genetic variant information and
imprecise effect sizes can affect the accuracy of PRS. Moreover, tagging SNPs instead
of causal variants limits the precision of PRS. Given that the current catalog of genetic
variants associated with various disorders is incomplete, substantial improvements
are necessary to enhance the accuracy of PRS calculations. New methodologies are
being developed to address these challenges, such as Bayesian LDpred [31], which
incorporates Linkage Disequilibrium (LD), and SBayesR [32], which uses Bayesian
multiple regression on summary statistics. Ongoing research aims to improve PRS for
disease risk prediction and individualized healthcare strategies by strengthening their

clinical utility and dependability.

As mentioned, in gene studies, datasets are generally subjected to statistical
analysis. These techniques include population stratification control, association
testing, meta-analysis, imputation, mixed-effects models, and data quality control
[8] [33] [34] [35] [36] [37]. While these methods have yielded remarkable results,
they have limitations: population stratification risks false associations, multiple testing

increases false positives, small samples hinder detection, missing heritability suggests



incomplete understanding, focusing on common variants may overlook rare ones, and
analyzing gene-environment interactions is complex. The complexity of the analysis
and computational cost necessitates exploring new solutions, especially considering

the size of the genome data.

Converting genetic sequences into 2D images represents a promising solution to
address the challenges posed by multidimensional computations and data complexities
in genome studies. These techniques involve representing genetic sequences as visual
images, simplifying the computational analysis and interpretation of complex genomic
data. Several studies have highlighted the efficacy of this approach, demonstrating
that the transformation of genetic sequences into 2D images can lead to acceptable
classification accuracies [38]. Researchers have analyzed patient/control genotype
data as transformed images using 1D Convolutional Neural Network (1IDCNN) and
2D Convolutional Neural Network (2DCNN) architectures. The ability of these neural
network algorithms to recognize characteristics and patterns in images allows for

accurate genome data classification [19].

High Dimensional Model Representation (HDMR) is a powerful tool for managing and
analyzing complex systems. This thesis uses this method to handle the converted 2D
images of gene sequences. This method has been extensively applied in engineering,
environmental sciences, finance, and biological systems [39]. In gene networks,
HDMR presents comprehensive and network-specific gene variant analyses. It is
proven that the effectiveness of HDMR as a method for analyzing genetic data and
establishes a foundation for future applications of this approach to diploid sequencing

data [40].
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2. METHODS

2.1 Chaos Game Representation

The Chaos Game Representation approach uses ideas from chaotic systems and
nonlinear dynamics to represent genetic sequences visually [20]. An elaborate pattern
known as an attractor is produced by the Chaos Game algorithm, which assigns DNA
bases to vertices inside a square grid. These attractors reveal the basic structural
features inherent in DNA sequences, making it possible to observe the patterns of both
localized and global sequences. The CGRs exhibited self-similar patterns recurring
at different scales. This similarity highlights gene sequences with repeating motifs.
Furthermore, every point on CGR represents a distinct DNA subsequence, making it

easier to identify sequence trends.

1. Initialization: In a two-dimensional Cartesian coordinate system, the origin (0, 0)

is where the Chaos Game Representation (CGR) begins.

2. Nucleotide Assignment: Adenine (A), thymine (T), guanine (G), and cytosine (C)
were assigned specific coordinates. Adenine (A) is linked to (-1, 1) and is positioned
in the upper-left quadrant. Thymine (T) is represented by (1, -1) in the lower right
quadrant. Guanine (G) occupies (1, 1) and is in the upper-right quadrant. Cytosine

(C), found in the lower-left quadrant, was designated as (-1,-1).

3. Iterative Process: The nucleotide sequences of genes were processed iteratively
using the CGR algorithm. Like k — mer tables or forward Markov chain analysis,
this is frequently performed in reverse order. The actions listed here were performed
for each nucleotide. The halfway point is located between the current position and
the designated coordinate. The new location is then marked by moving to this

halfway point.

11



Chaos game representation for 5-mers Chaos game representation for 5-mers

10 4

15 4

201 |

25 A

Chaos game representation for 5-mers

10+

15+

201

254

30 4

Figure 2.1 : 32x32 CGR images of mTOR gene: GSK3B (top-left), RICTOR (top-
right), SLC38A9 (bottom-left), MTOR (bottom-right).
4. Repetitive Process: This procedure is reiterated for each nucleotide in the gene

sequence until all nucleotides have been addressed.

An example of some CGR images represented in Figure 2.1 belongs to the mTOR gene
network. A subsequence of length in an RNA or DNA sequence is known as a k — mer,
an essential building block for analyzing and comprehending genomic sequences in
computational biology and bioinformatics. DNA sequences of different lengths may
be seen owing to the resolution of the kK — mer method, which provides information on
the composition and structure of the sequences. Furthermore, the correlation between

CGR points and sequences shows that mathematical representations of CGR reflect
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Figure 2.2 : CGR process of genomic sequence data.

features of the underlying DNA sequence, making it easier to analyze sequential and

statistical qualities [41].

In our study, we systematically explored a range of k — mer lengths within the range
of: k—mer={3,4,5,6,7,8,9}. Moreover, evaluated their impact on the analytical
outcomes. To achieve this, we assessed the classification accuracy of the control and
patient groups. By analyzing the performance of different k — mer lengths, we aimed
to identify the optimal parameter that enhances the accuracy of distinguishing between
these groups. This comprehensive evaluation involved comparing the classification
results to determine how variations in k — mer length influence the overall effectiveness

of the analysis.

Following determining the optimal k — mer length, a CGR tensor was constructed
through the alignment of the CGR images extracted from all sequences within the
patient group. This iterative process was replicated for the control group. Thus, our
analysis yielded two distinct CGR tensor classes, representing the patient and control

groups.

As represented in Figure 2.2, after the conversion of genomic sequences into FASTA
format, CGR images were produced based on the designated k — mer count. The CGR
images, corresponding to each respective group, control, and patient, were then aligned

in identical sequences to form CGR tensors.
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2.2 VARCH

VARCH is a novel method that uses a variant map, which is essential for constructing
variant logic and visualizing DNA sequences. This approach counts the frequency of
base pairings inside each DNA subsequence, making the visualization process easier
to understand. These combinations are then used to create a matrix projected onto a
two-dimensional coordinate plane to represent DNA sequences visually. Compared
to traditional techniques, VARCH methodology provides a more intuitive and easily

interpretable representation of DNA sequence properties [21].

A new logical construct, Variant Logic, was developed to broaden the scope of Boolean
functions. It incorporates four fundamental relationships, which signify the primary
types of change patterns: 0 to 0, O to 1, 1 to 0, and 1 to 1 [42]. The meta-operators
represent these relationships ({_L,+,—, T}) in the Variant Logic Constructor (VLC),
which corresponds to the mentioned meta change patterns as represented in Table 2.1

[21].

Table 2.1 : The relationships in variant logic construction.

Input Output Truth False Variant Invariant Operator

0 0 0 1 0 1 L
0 1 1 0 1 0 +
1 0 0 1 1 0 —
1 1 1 0 0 1 T

As shown in Table 2.2, the four meta-operators may be used in various ways to
provide 16 distinct combinations, which provides a more thorough understanding.
Each combination provides a strong foundation for examining and extending the
logical domain of Boolean functions, which reflects a different application of the meta
operators. The VLC may be used to precisely characterize and manipulate logical

connections and alter patterns thanks to this extensive collection of combinations.

The primary constraint faced with implementing this method is the inconsistency in the
lengths of data sequences. It is a common observation, not just within our investigation
but also across various species, that the lengths of DNA sequences display substantial

variation when multiple genes are analyzed collectively to yield a comprehensive
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Table 2.2 : The relationship between subsets and values.

Name Value Base
Ty ] 0
T, N, N¢
1> N Ny
T; N_ Ny
Ty N+ Ng
Ts N| + N+ Nc + Ny
Ts N, +N_ Nc + Nt
T, N| + N+ Nc + Ng
Ts N+ + N_ Ns + Nt
Ty N4 + N+ Ny + Ng
Tro N_ + N+ Nt + Ng
T;; N +Ny+N_ Nc + Ny + Nt
T N +N; + N+ Nc + Ny + Ng
T3 N| +N_+ N+~ Ng + Nc + Nt
T4 N+ +N_+ Nt Na+ N7 + Ng

T;s N, +Ny+N_+ Ny Nc + Njy + Nt + Ng

variant analysis. This inconsistency in data length presents a significant challenge
in achieving a reliable and accurate analysis. In the subsequent steps of our study, as
we examine the 16 unique combinations and look for accurate matches, we will be
partitioning the DNA sequences into equal sub-lengths. This division aims to achieve
a more balanced and equal data distribution for the further analysis. Following the
methodology adopted in the original study introducing the VARCH method, a single
division process will be employed to derive first-degree subsequences of equal length.
By doing so, we aim to overcome the inherent challenges of variable data length,

thereby improving the reliability and accuracy of our analytical outcomes.

The connection may be written as in Equation 2.1, if the length of a DNA sequence is
represented by &V, the length of a subsequence by Len, and the number of subsequences

by m.

N =Lenxm 2.1)
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1.st subsequence 2.nd subsequence 3.rd subsequence m.th subsequence

Figure 2.3 : Subsegmentation of the genomic sequence data.

Every participant in our study has had their gene sequences subjected to this
procedure, which guarantees that the total length of the subsequence is divided into
the subsegment’s length, as seen in Figure 2.3. This methodological technique makes
accurate comparisons and thorough analyses possible by enabling a uniform and

consistent study across all DNA sequences.

After the initial step of obtaining the subsequences from the main dataset, we can
proceed to the calculation of the matrix, Mat(A). This is achieved by utilizing the
corresponding subset numbers associated with each subsequence. It is important to
note that there are 16 unique configurations, denoted from 7j to 7T15. Additionally, we

have a number of subsequences derived from the original data.

Considering these variables, the resulting matrix, Mat(A) € R will have
dimensions of m x 16 a relationship clearly illustrated in Equation 2.1. This
configuration was chosen because it allows for a comprehensive and complete data
representation. It successfully captures the full range of possible combinations
within the subsequences, thus providing a solid foundation for further analysis and

interpretation of the data.

Ty T} T Tjs]
Iy 17 T} Tfy

Mat(A) = WoT e T T (2.2)
To" 1" T Ty
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Equation 2.2 represents how matrix A, comprehensively compiles all potential
combinations. The task at hand is to choose a pair of Ty and 7j that will be
used to construct the visualization matrix Mat(B) based on the accuracy findings.
The challenge lies in determining which alpha (@) and beta () combination most
effectively encapsulates the patterns and information embedded within the DNA

sequence.

Given the complexity of this task, a comprehensive approach was taken. Every possible
pair, every Mat(B) combination, has been created. The performance of these matches
was then evaluated for classification accuracy, providing a quantifiable measure to

determine their effectiveness.

After careful analysis that examined accuracy, F1 score, recall, and loss results, the
Ty and Tp pairing that provided the highest performance was selected. Once this
pair was identified, the process moved on to the next step. This involved recording
the frequency information into Mat(B) as Equation 2.3 represented. The information
on how many pairs (T ,7p) are present in the corresponding elements can be called
frequency information, the order, and the number of matches associated with this
selected (T ’TB) pair in the resulting Mat(A) are also documented. This comprehensive
approach allows us to capture the most accurate and detailed representation of the gene

sequence.

[b11 b1y -+ b bin |
by by o by by

Mat(B) = biv b - b+ bim (23)
_bml me T bmh'” bmm_

where (Té ,Tﬁh) coordinate’s frequency value is b;;. The coordinate (Té ,Té’) denotes
that the two configurations align with specific elements within the matrix Mat(A) as

(T, ,Tﬁl), (T Tg" . ..., (T}, ,Té’) while 1 <i<m,1<h<m]21].

For an example, as shown in Figure 2.4 the mTOR gene sequence VARCH images,
represented with heatmap data visualizationn tool, varying with the 7y and Tp values

show that there is a symmetry between the four bases and 16 configurations.

17



To

10

\I

| | i i |
i ;‘ ; ; | o
i i i i i i
| | i ~
i i d i i i
i i i i |
| | ' ! ! ©
-
? : | =)

Figure 2.4 : VARCH images of varying Ty, and T values (Len = 10, m = 200).

Our primary focus is to maximize the amount of vital information that can be extracted
from this step. Doing so can significantly support generalization performance, leading
to more accurate and reliable results that can further our understanding. In light of
this, we have decided to limit the gene sequence length. This decision ensured that the

sequence length matched the shortest gene sequence’s length in our mTOR dataset.

The equation that has been the subject of our study is represented as Equation 2.1
and involves two variable parameters, which must be adjusted during the calculation
process. These parameters are specifically referred to as parameters Len and m. The
pivotal element within this equation is the Len parameter, which is the subsequence
length parameter. Its significance and integral role in determining the outcomes of our
calculations were thoroughly proven and elaborated upon in our work. This finding
is demonstrated through the accuracy of a Support Vector Machines classification,
discussed in Section 4. This section comprehensively analyzes the Len parameter’s

role and impact on the outcome, further underlining its importance in our research.
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After performing a series of computations, we generated two tensors of size [m x m] for
the patient and control groups. These were created by collating the VARCH images.
It is important to note that the size of these tensors varies according to the content of
the datasets used in each study. This variation is solely determined by the number of
subsequences examined in the study. The VARCH tensor is obtained by aligning the
frequency matrices B, Mat(B), which we obtained, with the data from the patient and
control groups. These tensors will be input into the HDMR method similarly to the
CGR tensor.

2.3 High Dimensional Model Representation

High Dimensional model representation (HDMR) is a technique used to predict
complex relationships between input and output variables in high dimensional systems
[22] [39]. High Dimensional Model Representation allows for the representation
of a multivariate function f(xy,xp,...,xy) as a finite sum of functions that have
fewer independent variables and are mutually orthogonal. This method, which
assumes minimal high-order interaction effects, breaks down the output function into
hierarchical components. This allows it to represent the independent or combined
effects of the input variables. The computational efficiency of HDMR remains
constant regardless of the size of the function by utilizing sampling methods, such
as Monte Carlo integration, to handle dispersed data points effectively. Error analysis
and comparison with the test datasets are used for validation and assessment. The
procedure comprises choosing basis functions, determining sample sizes, and using
predetermined computational techniques. Overall, a high dimensional multivariate

representation of functions offers a methodical and efficient option.

Finding patterns and demonstrating relationships in genetic operational analysis
research is computationally expensive owing to its large dimensionality and
complicated challenges. However, the HDMR method should be considered a solution
for these problems in gene research [43] [44]. The HDMR operates by splitting a

multivariate function into a sum of hierarchical functions [22].
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N N
f(x17"'7-xN):f0+Zﬁl(xi1)+ Z filiz(-xip-xiz)+"'+f124..N(x17'"7XN) (24)

i1=1 i1,ib=1
11 <ip

This expansion represents a finite summation involving constant, univariate, bivariate,

and up to N-variate functions. On the right-hand side of the expansion, the expression

includes a singular constant function (fp), N univariate functions (fi,f2,...,fn),
N(N=1) . . . :
( 5 ), bivariate functions (fi2, fi3,-- ., fin, f23, f24,- - - fan,- - -, fn.n, ), and contin-

ues in this manner up to a total of 2V functions. These terms are categorized as the
constant term, univariate terms, bivariate terms, and extending to N-variate terms.
Each univariate term quantifies the influence of its corresponding independent variable
within the function’s structure, whereas each bivariate term captures the interactive
effects of the involved independent variables. By selecting a suitable subset of terms
from this expansion, one can approximate the multivariate function f(xp,...,xy) with

the desired degree of precision.

For example, considering solely the constant term and ignoring all higher-order terms
yields a zeroth-order approximation. This approximation corresponds to the average
value of the function over the hyperprism [a,b]V. The hyperprism [a,b]" = [a1,b;] x

-+ X [an, by] is defined as the Cartesian product of the individual intervals.

When the function being approximated is constant, the zeroth-order approximation
accurately represents this value. In cases where terms involving two or more variables
are disregarded, the result is a first-order approximation. Similarly, excluding terms
that involve three or more variables in the Equation 2.4 produces a second-order
approximation. This approach enables the multivariate function to be approximated

by focusing on functions that involve fewer variables.

If HDMR and its components will be theoretically examined the weight function is

defined as a completely multiplicative function:

N
W(xl,...,xN) ZHW,'(X,') (25)
i=1

Each factor w;(x;)is chosen so that its integral over the interval [a;, b;] is equal to 1:
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b;
/ wi(xi)dxi =1 (26)

If this integral equals a constant ¢, then the corresponding factor is scaled by 1/c¢ to

ensure that Equation 2.6 is satisfied.

Each HDMR component is such that x; € {x;,,Xj,,...,X;, },

b;
/ Wi(xi)ﬁ1i2...ik(xi17xi27"'7xik)d-xi =0, i€ {i17i27"'7ik} (27)
a;

For each HDMR component to be uniquely defined, it must adhere to the "vanishing
under integration" condition, which requires the Equation 2.7 is sufficient for the

unique determination of HDMR components.

Given these conditions, the HDMR components can be uniquely identified. To present
these components more systematically, we first need to introduce some definitions. Let
dx' represent the differential operator with respect to all variables except x;, and dx'/
denote the differential operator with respect to all variables other than x; and x;. These

operators are defined as follow in Equation 2.8, 2.9 and 2.10:

dx=dxy- -dxy (2.8)

dx' =dxy - -dxi_idxiy1 - -dxy (2.9)

dx' = dxy---dxi 1 dxipy--dxj_ydxjyy---dxy (2.10)

Employing these definitions, the components of the multivariate function f(xi,...,xy)

can be represented as in Equation 2.11 :

Constant Component fj:

by by N
fo= wi () f (1, -+ xn ) dx (2.11)
0 /al /aN 11 k(X ) f (%1 N

Univariate Components f;(x;):
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by bi1 rbit by N .
fi(xi)Z/a1 ”-/ail /ai+1 /aN kl;llwk(xk)f(xl,...,xN)dx’—fO (2.12)
Iti

Bivariate Components f;;(x;,x;):

b i—1 i+1 j—1 ]+l by N
s = [ / [ / [ [ T e
ait] aj+1 aN k=1

ki,

><f(xl,...,xN)dxij—fo—fi(xi) — fi(x))

Each component is computed accordingly. The zeroth, first, and generally k-th order

(2.13)

HDMR approximations are expressed as in the Equation 2.14, 2.15 and 2.16:

50 = fo (2.14)
N
si=s0+ Y fi(x) (2.15)
i=1
N
Sk = Sk—1+ Z filiz...ik(xil,xiz,...,xik) (216)
ilinneip=1
i <ipg<---<iy

Equation 2.7 shows that the HDMR components can be shown to be orthogonal to each
other. According to this equality, for 1 <ij <ip << <N, 1<ji<p<---<
jISN, 1<k<I<N,

by
/ / Hwk X) Fivigvie (Kiys X+ 5 Xig) [ joejy (X s Xy X ) dx =0 (2.17)

the Equation 2.17 must hold true, indicating that all HDMR components are mutually
orthogonal. This orthogonality simplifies the calculation of the components and allows

for the definition of an inner product. The inner product can be expressed as follows:
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by N
(flllz lk>fJ1J2 Jl / / Hwk Xk flll2 lk('x117x127 xzk)x

ijljz"'jz(xijjz""7xj1)dx (2.18)

Using this inner product, a norm can be defined for a function f(xj,...,xy) that is

integrable in the square as follows:

Hflllz lk||2 (flllz lk7,flllz zk) (219)

If the Equation 2.4 is multiplied on both sides by itself and by the weights, and then
integrated over the corresponding ranges for all variables, the Equation 2.20 is obtained

with the zeros resulting from the orthogonality condition in Equation 2.17.

LA = 1ol + Z AR + 3 1l izl (2.20)
llj<]1
Thus, it is concluded that the square of the norm of f(x,...,xy) is equal to the sum of

the squares of the norms of its components. If both sides of this equality are divided

by ||f]|> , we get the Equation 2.21:

HfOH2 1 2 2 2
= i i 2.21
e TR LM e U el @20

i,j=1
i<j

By appropriately making cuts at the desired levels, we get these equations:

_ lIAl?
||f||2’
o= HfHZZHf’” oo (2.22)
oy = |2||f12 NI+ onvo1

/]

Here, o; is referred to as the i-th order summability measure. These measures form

a well-ordered sequence that takes values between 0 and 1. As can be seen in the
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Equation 2.23, the closer the value of o; is to 1, the closer the approximation is to the

actual result.

0<o <o <---<oy=1 (223)

To summarize the preceding information, Equation 2.4 demonstrates that the HDMR
method can be effectively applied to N-dimensional data. In the context of this thesis,
the N-dimensional tensors obtained through the visualization steps of the VARCH and
CGR methods were subjected to the HDMR method for further analysis.

However, it should be noted that the objective of this thesis was not merely to
reconstruct the tensors as mentioned above in the same N-dimensional format. Instead,
the primary goal was to utilize the inherent functionalities of the HDMR method
for data decorrelation, dimension reduction and also feature extraction. These
functionalities are of significant importance for data analysis and representation and
can significantly contribute to the clarity and comprehensibility of the findings.
Therefore, we employed only zeroth and first order components of HDMR was
implemented in this thesis, providing a comprehensive overview of the process and
its applications. This implementation not only facilitates the understanding of the
data but also enhances the method’s potential in the context of data representation

and interpretation.

After calculating the zeroth-order and first-order terms, we will only vertically
concatenate the obtained first-order components f|, f>, and f3 to create our feature
matrix for patient and control groups. We utilized the zeroth-order term only during
the computation of the first-order components. Even with identical mTOR datasets,
two approaches, CGR and VARCH, produce tensors with different dimensions.
Calculations will be made using the following equations. First, the zeroth-order

component is determined as in Equation 2.26,

fx) =~ fo+ Y filx) (2.24)
=1
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ny ny n3

Y ) Z Hijk (2.25)

n1n2n3

i=1j=1k=
np n3
Z Z H;ji— fo (2.26)
n2n3 J=1k=
ny nj3
:_ZZHz]k_fO (2.27)
mn3 ;21 k=
ny np
= Z Z Hijx — fo (2.28)
l’llnzl 1j=

where ny,ny and n3 are the dimension of the CGR tensor under consideration. The
first-order components calculations are represented in Equations 2.26, 2.28, and 2.28

[22],

First-order hierarchical functions fi,f> and f3 were calculated by subtracting the
contribution of lower-order terms from that of higher-order terms. From now on we are
going to call f1, f> and f3 functions as h\, h» and h3 vectors for clarification. Finally, the
features obtained from the hierarchical functions are concatenated into a single feature
vector for further analysis. Vectors i?l,i?z and 53 were obtained for each individual,
corresponding to their gene sequences. Depending on the visualization method used,
the information contained within these tensors, that is, their dimensions, varies.
However, the vectors obtained from the two methods were concatenated vertically and
recorded in a single column for each individual’s information, as illustrated in Equation

2.29,

hig hip -+ hiaoo
Feature Matrix = h271 hap -+ hoa00 (2.29)
h3n h3p -+ h3400

where /; ; contains i = {1,2,3} and j = {1,2,..,400}, while there are 400 individuals
for each patient and control groups. A feature matrix, a design or predictor matrix, is a
structured data representation used in statistical modeling and machine learning. Each
row typically represents a sample, and each column represents a feature. The value of

each characteristic for a specific sample is in a cell within the matrix. This arrangement
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is vital for computational analysis, modeling tasks, training machine learning models,
and conducting statistical analyses. HDMR method outcomes two feature matrices:

one for the patient group and one for the control group.

2.4 Support Vector Machines

Support Vector Machines is a machine learning technique widely utilized in
classification problems constructed over high-dimensional feature spaces. This
method falls under supervised learning algorithms primarily used for regression and

classification tasks, which are fundamental to data science and machine learning.

The SVM algorithm determines the best hyperplane that divides various classes in
the feature space. The aim is to maximize the margin, the distance between the
hyperplane, and the nearest data points in each class. By increasing this margin, SVM
algorithm improve generalization performance when categorizing fresh data points.
SVM algorithm is well known for its capacity to handle high dimensional data and

solve challenging classification tasks [45].

The primary purpose of this study is to classify the two groups by using information
about the patient and control groups. In the dataset, data from both the patient and
control groups were labeled and utilized for training purposes. Subsequently, the
model’s performance in classifying new data was evaluated by examining information
from various individuals within the same dataset. The upmost importance in this

process is the proper selection of an appropriate kernel function [46].

This thesis focused on a classification task involving two distinct and clearly defined
classes. These classes are represented by the binary outcomes 1 and 0, as the ideal
classification with 100% accuracy illustrated in the Figure 2.5 which represent control

and patient classifications as, respectively, in the context of this thesis.

The choice of the kernel for this classification task was crucial, and after careful
deliberation, the linear kernel was selected. This decision was primarily based on
the inherent assumption of linear separability in the dataset of the linear kernel. This

assumption aligns with the nature of the data used in this study. Furthermore, the
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Figure 2.5 : Binary classification using SVM linear kernel.

optimal kernel was selected to enhance our model’s generalization capabilities for

unseen data, ensure a high accuracy level, and maintain computational efficiency.

The input data for this study can be represented using two feature vectors: X and y. The

calculation of linear kernel K exists between these two vectors, as in Equation 2.30,

K(Xy) =%y (2.30)

This dot product operation is utilized to calculate the similarity between feature
vectors. Consequently, larger dot product values indicate higher degrees of similarity
between feature vectors. Evaluating the trained model’s performance involves
assessing its generalization capabilities and accuracy levels. This evaluation was
conducted using the training and test datasets subjected to various ratio conditions. The
classification of these datasets into imbalanced and balanced categories was performed

based on the detailed explanation provided in Section 4.
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3. IMPLEMENTATION

3.1 mTOR Dataset

This study used mTOR [47] pathway genes as a dataset, which was selected
based on the KEGG database (https://www.genome.jp/kegg/). = The genomic
sequences of these pathway genes were retrieved from the GRCh37 human
genome database, using their genomic coordinates recorded in the NCBI database
(https://www.ncbi.nlm.nih.gov/projects/genome/guide/human/index.shtml). ~ Specifi-
cally, the dataset consisted of 400 instances each from the patient and control
groups, strategically selected to facilitate investigations across different research
disciplines.  This dataset is a foundational resource for endeavors to refine
analytical methodologies, uncover underlying patterns, and foster advancements in
cancer research, metabolic disorders, neurodegenerative diseases, immunology, and

developmental biology [40].

mTOR, a mammalian Target of Rapamycin, is a critical protein kinase that controls
various cellular processes, such as cell growth, proliferation, metabolism, and survival
[48]. It acts as a central regulator of signaling pathways in response to environmental
cues, such as nutrients, growth factors, and stressors [49]. mTOR also coordinates
cellular responses to nutrient availability and energy status changes. Dysregulation of
mTOR signaling has been associated with numerous human diseases, including cancer,
metabolic disorders, neurodegenerative diseases, and aging. Because of its crucial
role in these pathways and diseases, mTOR is an important target for therapeutic

interventions in various medical fields.

Studies involving mTOR span diverse fields of biomedical research owing to its crucial
role in controlling cellular processes. The role of mTOR in tumor development and
progression has been extensively studied, focusing on mTOR inhibitors as potential
anticancer agents [50]. mTOR dysregulation is also associated with metabolic

disorders, such as obesity and type 2 diabetes, prompting research into mTOR-targeted
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therapies for these conditions [S51]. The role of mTOR in neuronal function and
survival is under investigation in neurodegenerative diseases such as Alzheimer’s and
Parkinson’s, offering insights into potential therapeutic strategies. Furthermore, the
association between mTOR and the aging process has sparked studies on anti-aging
interventions. In immunology, mTOR signaling affects immune cell function
and response, with implications for immune-related diseases and immunotherapy.
Finally, developmental biology studies have investigated mTOR’s role of mTOR
in embryogenesis, tissue regeneration, and developmental disorders. Thus, mTOR
research covers diverse areas and continues to reveal its multifaceted functions and

implications for health and disease.

mTORCI1 and mTORC?2 are distinct protein complexes within the mTOR signaling
pathway. mTORC1 primarily promotes cell growth and proliferation by stimulating
protein synthesis and inhibiting autophagy. It responds to nutrients and growth signals.
mTORC?2 regulates cell survival and metabolism. Both complexes are critical for
cellular homeostasis, and their dysregulation is linked to diseases such as cancer
and metabolic disorders. Understanding their roles is vital for developing targeted
therapies. Maintaining optimal activity of mTORC1 and mTORC?2 is crucial for

sustaining metabolic homeostasis and preventing diseases [52].

3.2 Numerical Experiments

3.2.1 Balanced dataset

A balanced dataset is one in which each class or category has approximately the same
number of samples. The distribution of classes was approximately equal, without a
significant skew towards any class. For instance, in a binary classification problem, a
balanced dataset has an approximately equal instance for each class. In multiclass
classification, each class has a similar number of samples. Balanced datasets are
preferred for machine learning tasks because they prevent biases towards the majority
class, ensuring that the model learns from ample examples of each class, resulting in

more accurate and reliable predictions.
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Balanced datasets are essential in machine learning to minimize biases, improve model
performance, promote fairness, aid in effective learning, and enhance interpretability.
By providing an equal representation of each class, these datasets prevent models from
favoring the majority class, leading to more accurate predictions. This balance enables
fair treatment of all classes, effectively allowing models to learn underlying patterns.
Ultimately, balanced datasets contribute to the reliability and effectiveness of machine

learning models in various domains.

In this thesis, conforming to the balanced dataset practice, 400/400 patients were
deployed as control training and test data. For imbalanced and balanced datasets, we

used half of the data for testing and the other half for training.

3.2.2 Imbalanced dataset

An imbalanced dataset is one in which the class distribution is skewed, meaning
that one class has significantly more instances than the others. This imbalance can
challenge machine learning algorithms, especially in classification tasks, as they may
struggle to predict minority classes or classes accurately. Consequently, models trained
on such datasets may display biases towards the majority class, leading to suboptimal

performance and decreased predictive accuracy.

Imbalanced datasets are particularly relevant in gene analysis studies. These datasets
often show imbalanced distributions, in which specific genetic variations may be
much rarer than others. This imbalance could result in biased models that overlook
important genetic markers if not adequately addressed. Accurate classification of
genetic variations is critical for understanding their role in disease susceptibility and
treatment response. The reliable classification of genetic variants is essential in
personalized medicine and genomic healthcare, where treatment decisions are guided
by genetic information. Addressing this issue can involve resampling methods, class
weighting, or algorithmic adjustments to mitigate the impact of class imbalance and

improve the model performance.

In this context, we aimed to use a dataset of 400 patients and 400 control individual

data to minimize the computational cost and maximize the classification accuracy. This
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will facilitate advances in precision medicine and genomic research. Data selection for

this section consists of 500 instances distributed as 400 controls and 100 patients.
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4. RESULTS

In this section, we will examine the results of our analysis using the mTOR dataset,
whose specifications were provided in Section 3. We will focus on the classification
accuracy performances obtained through the CGR, VARCH, and HDMR methods,

facilitated by an SVM algorithm. The entire process is shown in Figure 4.1.

As outlined in previous sections, our objective was to minimize computational costs
while maximizing accuracy across the methods. To this end, we systematically
explored the variations in different parameters for each method and elucidated the
rationale behind our parameter selections alongside the results. Furthermore, we
discussed the impact of using imbalanced and balanced datasets on these results.
By providing a comprehensive overview of the parameter adjustments and dataset
considerations, we aimed to shed light on the optimization process and the factors
influencing classification accuracy. This analysis serves to enhance our understanding
of the performance of each method and their applicability in variant analysis,

ultimately contributing to advancements in the field.
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Figure 4.1 : Flowchart of the proposed Gene Network Analysis Process.
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Figure 4.2 : Classification accuracies depending on k — mer parameter for CGR and
HDMR (400 patient/control data).

The k — mer parameter in the CGR method acts as the resolution element. As
represented in Figure 4.2, the accuracy changes when applying the CGR and HDMR
methods to data with a linear kernel SVM, depending on the k — mer parameter. If
we view the k — mer parameter as a resolution, we might expect the data within the
images to become more abundant as the resolution increases. However, we observed
an increase in accuracy up to n = 5, followed by a decline. This could be attributed to
two reasons. First, smaller k — mer values result in a shorter, more abundant series of
k — mers, providing higher-resolution CGR images in more detail. However, this high
resolution can make the interpretation challenging. On the other hand, larger k — mer
values yield a longer, less abundant series of k — mers, leading to lower-resolution
CGR images that are easier to interpret. Therefore, in our experiments with the mTOR
genomic dataset, an ideal kK — mer parameter of 5 was observed. All future experiments

will be performed using this parameter as a standard.

Similarly, the VARCH method requires several trials to determine optimal parameters.
One challenge is the variability in gene sequence length within the mTOR dataset. This

is because sequence data are stored as matrices, where each gene sequence’s data are
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stored in a matrix row. Hence, all the gene sequences must be of the same length. The
shortest sequence length among the gene sequences determines the sequence length,
meaning the Len parameter is dictated by the shortest genome sequence in our mTOR
dataset. Although this varies depending on the dataset, it often may lead to a significant
data loss. After determining this parameter, we can analyze the subsequence length
and the number of subsequences. The subsequence length is similar to the k — mer
parameter in the CGR method, which affects resolution. The predefined Len parameter

and subsequence length determine the number of subsequences.

We evaluated the VARCH method’s output as input for the HDMR method, which
could increase classification accuracy, considering trade-offs with computational cost.
Experiments were limited to the shortest gene sequence length, 1600 in this study, and
various parameter settings, as shown in Figure 4.3. For the VARCH method, several
trials were conducted to determine the optimal parameters. Therefore, depending on
the dataset, the shortest gene sequence dictates the Len parameter, which can lead to

substantial data loss.
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Figure 4.3 : Varying effects of VARCH’s sequence length on accuracy, F1 score,
recall and BCE loss.
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As expected, increasing the total sequence length reduced data loss and enabled
training with larger datasets, leading to more accurate results. A detailed analysis
reveals that accuracy and F1 score positively correlate with sequence length. Similarly,

as anticipated, the BCE loss decreased with increasing sequence length.

Since the sequence length is set, the other parameter, the number of subsequences, is
determined by the predefined Len parameter and the subsequence length. Experiments
were conducted with Len values of 40, 20, and 10 to increase the resolution and discuss
the results. However, because the method relies on searching for the 16 combinations
shown in Table 2.2 within each subsequence, the subsequence lengths cannot be shorter
than the combinations. Thus, we selected ten as the minimum subsequence length.
The classification accuracy, F1 score, sensitivity (recall), and binary cross-entropy loss

results are recorded in Table 4.1,

Table 4.1 : VARCH results for varying Len and m parameters (To, = 9, Tg = 6).
Len =40, m =40 Len =20, m =80 Len =10, m = 160

Accuracy 0.9425 0.9775 0.9875
F1 Score 0.9426 0.9772 0.9874

Sensitivity 0.945 0.96 0.98
BCE Loss 0.156 0.1499 0.1694

The VARCH method also involves two other performance-affecting parameters: Ty
and Tg. After constructing Mat(B), we must determine this pair, which specifies the
pairs for constructing the frequency matrix. We tested all combinations of Ty and 7j
values from 4 to 14. The experiments involved converting the VARCH images into
tensors, applying HDMR to these tensors, and using feature matrices with an SVM
algorithm for classification accuracy. The results of these parameter trials and their

impact on classification performance are shown in Table 4.2,

After testing all possible Ty and Tp pairs with short sequence lengths. We highlight
the best results for each value for T, = {5, .., 14} . We determined that the optimal pair
was Tg, = 9 and TB = 6, which has the underlined results of 87.5 value. This means
that once matrix A is constructed, the element in the 10-th row is selected as the x-axis,
and the element in the 7-th column is selected as the y-axis. By doing this, we can also

gain insights into the distribution of the best 7, and T pairs. The top performances,

37



Table 4.2 : Classification accuracy performances of Ty, and T pairs
(Len = 20,m = 20).

TolTp 5 6 7 8 9 10 11 12 13

5 80 87 81 86 80 82 83 84 81
6 85 82 80 80 86 84 81 86 85
7 79 81 82 84 81 77 80 80 82
8 83 84 82 81 84 82 82 82 85
9 81 875 82 85 82 82 80 82 82

10 77 84 75 82 80 80 82 78 76

11 80.5 845 77 80 81 80 82 82  80.25
12 81.2 86.2 80 84.75 82 81.75 83.7 81 79.2
13 78.5 8725 82 84 80.7 77 81.7 79 815

both for o and 3, are observed for the values within the range of {5,..,14}. Table
4.2 shows that these results indicate that the combinations of two bases, specifically
Nc + N7 and Ny + Ng in our scenario, contain more information than single three-base
and four-base combinations.

Table 4.3 : VARCH (Len = 10, m = 160) and CGR (n = 5) results of 400
patient/control data.

CGR VARCH

Accuracy 0.97 0.9875
F1 Score 0.9701 0.9874
Recall 0.95 0.98
BCE Loss 0.69 0.1694

Based on the parameters obtained from these experiments, comparisons of CGR and
VARCH methods were made. Initially, a balanced dataset from 400 patients and 400
controls was used. For the CGR method, the parameter n = 5 was chosen, and for
the VARCH method, the parameters 7o, = 9 and Tlg =6, Len = 10, and m = 160 were
selected. The HDMR method was not re-explained as it was applied similarly to the

tensors obtained from both processes.

As seen in Table 4.3, in the balanced dataset experiments, the highest accuracy value
for the CGR method was 0.97, while the VARCH method achieved an accuracy of
0.9875. This indicates that the VARCH method can better determine whether a gene
sequence belongs to a diseased or healthy individual 1.7%. In these studies, the

most critical outcome is likely to be the false negatives, where genuinely diseased
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individuals are overlooked and classified as healthy. This is identified under recall
calculations. In the opposite scenarios, where healthy individuals are classified
as diseased, subsequent examinations will rectify this situation. Therefore, recall
calculations were also considered. Results shows recall values were higher by 0.5% in

the VARCH method.

We have also calculated the loss values using binary cross-entropy. When measuring
prediction accuracy in binary classification, binary cross-entropy is a loss function
that compares predicted probabilities to proper labels. VARCH method’s loss value
is significantly lower than the CGR result such as, 0.69 while other is 0.16. Lower
numbers indicate better alignment between actual labels and predictions. In spam
detection and disease diagnosis applications, it helps maximize model performance by

ensuring accurate and trustworthy probability estimations [33].

The accuracy performance of the linear kernel SVM did not meet our expectations with
imbalanced datasets, so we also conducted experiments using the RBF kernel instead

of linear.

Table 4.4 : VARCH (Len = 10,m = 160) and CGR (n = 5) results of 100 patient/400
control data.

CGR VARCH
Accuracy 0.9125 0.976
F1 Score 0.8147 0.9375
Recall 0.75 0.9
BCE Loss 0.76 0.21

As seen in Table 4.4, in the experiments with the imbalanced dataset, the highest
accuracy value for the CGR method was 0.9125, while the VARCH method achieved
an accuracy of 0.976. This indicates that similar to the balanced dataset results, the
VARCH method is better at determining whether a gene sequence belongs to a diseased
or healthy individual in the imbalanced dataset. Recall values are also higher for the

VARCH method, and as expected, the BCE loss is lower than the CGR.

Although accuracy, F1 score, and sensitivity values are very close in both methods,
the loss values are significantly lower in the VARCH method. While the CGR

method reduced the loss to 0.76, the VARCH method managed to reduce it to 0.21 on
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imbalanced dataset. This is a significant difference but on the other hand computational
cost is the most crucial aspect. The more successful and accurate results obtained
with the VARCH method suggest that this method should be preferred. However,
the comparison of computational cost and computational complexity also needs to be

evaluated to determine which method is more advantageous and practical.

The overall complexity of the CGR method is primarily determined by the
chaos_game_representation function due to its O(4* + pk) complexity. Here,
k represents the length of the k — mers, which are substrings of length k£ within a DNA
sequence, while p denotes the number of unique k — mers in the input sequence, a

factor that depends on the sequence’s length and composition.

This complexity makes the algorithm computationally intensive for large k values.
However, it remains efficient in other areas with linear or near-linear complexity.
Provided k is not exceedingly large, k=5 in this study, the key term to consider is

O(pk), where p is the number of distinct k — mers.

In contrast, the VARCH method has an O(n+ N -c-s+ m*) complexity. The
Calculate_Varch function largely dictates this complexity due to the O(m*) term,
making it computationally demanding for large m values. Thus, the computational
cost increases significantly when we minimize the parameter Len and maximize m to
achieve the best accuracy. This method could be enhanced in the future to maintain
high accuracy performance while keeping the computational cost acceptable. From
this standpoint, the CGR method is more feasible for real applications with large

datasets.
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5. CONCLUSION

Gene network studies aim to decode an individual’s genetic composition, allowing
for a better understanding of health and disease implications. Advanced techniques,
such as genotyping, high-throughput sequencing, and bioinformatics, have been used
to study the human genome’s structure, functionality, and diversity. Gene network
analysis is critical in understanding how genes interact with and regulate cellular
processes. This knowledge is crucial in uncovering disease mechanisms, identifying
therapeutic targets, and advancing personalized medicine. Gene networks provide a
comprehensive view of biological systems, offering insights into disease complexity

and aiding the development of innovative treatment strategies.

In this thesis, our primary goal was to improve our understanding of the genetic
patterns associated with different phenotypes. Advanced genetic visualization tools
and digh dimensional data decomposition methods were used for the gene network
analysis. The CGR and VARCH methods were used to visually represent genetic
sequences, enabling the identification of potential genetic signatures that differentiate
between the patient and control groups. We also compared the performances of these
two methods. Applying the High Dimensional Model Representation (HDMR) method
further simplifies the data, allowing for more accurate and efficient classification. By
combining these visual and analytical approaches and using a Support Vector Machines
(SVM) algorithm for classification, we aimed to enhance the accuracy of the gene
classification. This could advance genetics and contribute to the development of

personalized therapies and disease diagnosis.

This thesis presents the results of an analysis using an mTOR dataset. We focused on
the classification accuracy obtained through the CGR, VARCH, and HDMR methods
facilitated by the SVM algorithm. Our findings showed that the CGR and VARCH
methods had high accuracy in classifying genetic data, with the VARCH method

outperforming the CGR method. When considering recall values, which are crucial
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for identifying false negatives, the VARCH method demonstrated a better performance.
We also observed significantly lower BCE loss values with the VARCH method, further

highlighting its effectiveness for inaccurate predictions.

The computational cost of each method was also evaluated. Although the CGR method
demonstrated computational efficiency, its complexity increased with larger k — mer
values, affecting its practicality for large datasets. The VARCH method has higher
computational demands, especially with larger parameter values, potentially limiting
its use in extensive genomic analyses. Therefore, although both methods provide
promising accuracy, computational complexity, and efficiency considerations are vital

for their practical implementation in variant analysis workflows.

Future gene network analysis research could focus on optimizing methods like VARCH
to maintain high accuracy while reducing computational complexity. Integrating deep
learning techniques to improve performance and exploring hybrid approaches that
combine methods such as CGR and VARCH could also be beneficial. Furthermore,
thorough benchmark studies and method validation across diverse datasets will provide
a more comprehensive evaluation. Finally, although we used HDMR for dimension
reduction, starting from second-order terms, further benefits could be derived from the

HDMR method.
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