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ABSTRACT

A ROBUST APPROACH FOR PREDICTING MUTATION EFFECTS ON
TRANSCRIPTION FACTOR BINDING: INSIGHTS FROM MUTATIONAL

SIGNATURES IN 560 BREAST CANCER SAMPLES

Kılınç, Hüseyin Hilmi

M.S., Department of Bioinformatics

Supervisor: Assist. Prof. Dr. Burçak Otlu Sarıtaş

JANUARY 2025, 82 pages

Somatic mutations, particularly in non-coding regions, can perturb transcription fac-
tor (TF)-DNA interactions, influencing gene regulatory networks and contributing to
cancer development. Thus, they require further comprehensive analysis to explore
their effect on this regulatory interplay. In this study, we developed an in silico
pipeline that assesses the impact of these somatic mutations on TF-binding affini-
ties. In our computational framework, we built k-mer-based linear regression mod-
els for 403 human TFs trained on high-throughput in vivo (ChIP-seq) and in vitro
protein-binding microarray (PBM) datasets employing the stochastic gradient descent
(SGD) algorithm. Applying our predictive TF models to somatic mutations of 560
breast cancer samples from a large cohort study, we quantitatively predicted changes
in TF binding affinities, assigning them gain of function (GOF) or loss of function
(LOF) effects. We further explored the perturbations of TF family-wide trends due
to certain mutational signatures imprinted by distinct mutational processes. These
TF binding changes were integrated with putative enhancer-target gene maps derived
from the activity-by-contact (ABC) model, linking potential dysregulations affecting
oncogenes and tumor suppressor genes in breast cancer. We also conducted subtype-
specific analyses to explore distinct patterns of TF perturbations across breast cancer
molecular subtypes. Finally, the 560 breast cancer datasets were simulated 100 times
using the SigProfilerSimulator tool which constructs a tailored null hypothesis for
statistical analysis of our observed patterns. Consequently, our pipeline can prioritize
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somatic mutations with potential regulatory effects in cancer genomics, advancing
our understanding of non-coding mutations and their role in cancer genomics.

Keywords: Transcription Factors, Machine Learning, Cancer Genomics, Mutational
Signatures, Breast Cancer
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ÖZ

TRANSKRİPSİYON FAKTÖRÜ BAĞLANMASI ÜZERİNDEKİ MUTASYON
ETKİLERİNİ TAHMİN ETMEK İÇİN SAĞLAM BİR YAKLAŞIM: 560
MEME KANSERİ ÖRNEĞİNDEKİ MUTASYONEL İMZALARINDAN

ÇIKARIMLAR

Kılınç, Hüseyin Hilmi

Yüksek Lisans, Bioinformatik Bölümü

Tez Yöneticisi: Dr. Öğr. Üyesi. Burçak Otlu Sarıtaş

Ocak 2025, 82 sayfa

Somatik mutasyonlar, özellikle kodlamayan bölgelerde, transkripsiyon faktörü (TF)-
DNA etkileşimlerini bozarak gen düzenleyici ağları etkileyebilir ve kanser gelişimine
katkıda bulunabilir. Bu nedenle, bu mutasyonların düzenleyici etkileşimler üzerindeki
etkilerini keşfetmek için kapsamlı bir analize ihtiyaç vardır. Bu çalışmada, bu somatik
mutasyonların TF bağlanma afiniteleri üzerindeki etkisini değerlendiren bir in silico
bir analiz hattı geliştirdik. Hesaplama çerçevemizde, 403 insan TF’si için yüksek ve-
rimli in vivo (ChIP-seq) ve in vitro protein bağlama mikroarray (PBM) verilerine
dayalı olarak, k-mer tabanlı lineer regresyon modelleri oluşturduk. Bu modelleri, sto-
kastik gradyan iniş (SGD) algoritması kullanarak eğittik. Geliştirdiğimiz öngörücü
TF modellerini, 560 meme kanseri örneğinden oluşan büyük bir kohort çalışmasın-
daki somatik mutasyonlara uygulayarak TF bağlanma afinitelerindeki değişiklikleri
nicel olarak tahmin ettik ve bu değişiklikleri bağlanma kazanımı (GOF) veya bağ-
lanma kaybı (LOF) etkileri olarak sınıflandırdık. Ayrıca, farklı mutasyonel süreçlerin
bıraktığı mutasyonel imzalar nedeniyle TF aile genelindeki eğilimlerdeki bozulmaları
inceledik. Bu TF bağlanma değişiklikleri, meme kanserinde onkogenler ve tümör bas-
kılayıcı genleri etkileyen potansiyel düzensizlikleri ilişkilendiren, activity-by-contact
(ABC) modeli ile türetilmiş muhtemel enhancer-hedef gen haritalarıyla birleştirdik.
Meme kanseri moleküler alt tiplerinde TF bozulmalarının farklı desenlerini keşfet-
mek için alt tipe özgü analizler de gerçekleştirdik. Son olarak, SigProfilerSimulator
aracı kullanılarak 560 meme kanseri verisi 100 kez simüle ettik. Bu araç ile sonuçları-
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mızın istatistiksel önemini değerlendirdik. Sonuç olarak, oluşturduğumuz analiz hattı,
kansere özgü genomlarda düzenleyici etkisi olabilecek somatik mutasyonları önce-
liklendirerek, kodlamayan mutasyonların kansere olan etkilerini anlamada önemli bir
adım sunmaktadır.

Anahtar Kelimeler: Transkripsiyon Faktörleri, Makine Öğrenimi, Kanser Genomiği,
Mutasyon İmzaları, Meme Kanseri
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De�nition

Somatic mutations are alterations in the genomic DNA that frequently occur and can
accumulate over an individual's lifetime. These mutations are pivotal contributors
to the progression of complex diseases, including neurodegenerative disorders and
various forms of cancer [4]. These genetic variants perturb the nature of gene products
in two distinct mechanisms.

The �rst mechanism involves mutations that occur in protein-coding regions, directly
bearing potential effects on the gene product or protein function. These mutations
are relatively easier to interpret because their impacts often involve changes in the
amino acid sequence. The second involves mutations within non-coding regions com-
prising approximately 98% of the human genome, which indirectly in�uences gene
regulatory elements, such as promoters, enhancers, or insulator regions [5]. Signi�-
cant strides have been made in predicting the functional consequences of the former
mechanism due to the fact that these mutations can directly alter protein products,
making their impacts more straightforward to assess through established functional
annotation tools, such as PolyPhen-2, SIFT, and MutationTaster [6, 7, 8].

Moreover, the mutations in coding regions have been studied experimentally in model
systems to directly observe changes in the corresponding protein activity, stability, or
localization. However, deciphering the functional impacts of the latter mechanism
often remains a challenging and elusive frontier, primarily due to the limited annota-
tions of non-coding regions in the genome and their complex regulatory roles. These
non-coding mutations can disrupt the gene regulatory network by affecting interac-
tions between transcription factors (TFs), essential regulatory modules in the non-
coding part, and their genomic target sites, thereby altering transcriptional activity
and downstream gene expression.

Many studies have also shown that most disease-associated variants systematically
lie within non-coding regions of the genome [9]. Although prior studies have also as-
sessed the effect of mutations on TF binding, most of their computational approaches
often fall short in statistically evaluating how these mutations affect potential TF bind-
ing sites. This knowledge gap underscores the primary motivation for this study, em-
phasizing the need to assess the impact of mutations on TF bindings.
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1.1.1 Limitations

Traditional approaches for predicting the TF binding sites (TFBSs) predominantly
rely on position weight matrix (PWM)-based models, such as RSAT [10], ChIP-
Munk [11], and PWMScan [12]. PWM represents TF-speci�c motifs as consensus
sequences within a matrix of scores indicating the probability of each nucleotide at
speci�c base positions in that motif [13]. Despite their widespread use, PWM-based
methods have notable limitations that undermine their predictive accuracy [14, 15].

First, they are prone to high false positive rates, which can compromise the reliability
of computational predictions [16, 17]. The statistical resemblance between numerous
regions in the genome and PWM motifs indeed leads to the identi�cation of non-
functional sites as potential TF binding sites. Second, these models operate under the
assumption that individual nucleotides within binding sites contribute independently
to the overall binding af�nity. However, this is contradicted by substantial evidence
that suggests nucleotides in TF binding sites interact in a context-dependent manner
[18]. Third, PWM models lack precision in capturing low-af�nity TF-DNA interac-
tions, particularly in scenarios where mutations induce subtle changes [9]. Fourth,
a wide variety of PWM-based prediction models exist in the literature, supported by
well-established TF databases such as HOCOMOCO [19], TRANSFAC [20], JAS-
PAR [21], and UniPROBE [22]. However, these PWM motifs for the same TF often
produce con�icting predictions regarding the effects of mutation on TF binding and
lack robust quality metrics for validation. Other alternative studies using conventional
TF binding frameworks have also emerged, however, they often lack an assessment
of the predictive model's qualities along with the conferring statistical signi�cance of
binding change predicted by the corresponding model.

1.2 Proposed Methods and Models

For this purpose, we introduce a pipeline incorporating a novelin-silico method for
predicting the effect of somatic mutations on TF-target DNA interplay. The ap-
proach leverages a k-mer-based regression model optimized via stochastic gradient
descent (SGD) to estimate parameters of TF-binding speci�cities. In constructing
the regression models, we utilize high-throughputin vivo andin vitro datasets, chro-
matin immunoprecipitation sequencing (ChIP-seq), and protein-binding microarray
(PBM) data, respectively. Hence, the model datasets can capture both the biological
relevance within the cellular context and the high-resolution TF binding speci�city
from well-designed conditions, providing a robust representation of TF-DNA bind-
ing dynamics. The pipeline computationally quanti�es the binding af�nity change
between TF and target genomic DNA due to the genetic variants. Furthermore, the
Activity-by-Contact (ABC) model from the previous study provides the putative dis-
tal element-target gene map to link mutations affecting TF bindings to genes [23].
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1.3 Contributions and Novelties

This study makes signi�cant contributions to prioritizing somatic mutations that po-
tentially perturb cis-regulatory elements, which are the main binding sites for tran-
scription factors. In this pipeline, a machine learning-based approach is used to gen-
erate predictive models of TF binding speci�cities and use them to quantitatively
predict the binding af�nity change of these TFs, along with their statistical signi�-
cance for any mutation types. Here, to address these limitations as mentioned above,
we adopted the SGD algorithm to train k-mer-based regression models of human TFs
using comprehensive experimental datasets. The use of SGD optimization facilitates
ef�cient parameter estimation across massive datasets. Diverse high-throughputin
vivo andin vitro TF datasets are included to overcome biases inherent in using a sin-
gle data type. This method enables us to capture biologically meaningful patterns and
generalize better robust models of TF binding speci�cities, and then the selected pre-
dictive models become ready to quantify the effect of the somatic mutations. We not
only examine their impact but also integrate these mutations into an additional layer
of biological context, incorporating the signatures of mutational processes to pro-
vide a holistic view of how TF and TF family perturbations in�uence carcinogenesis.
This integration allows us to assess how extracted mutational signatures preferen-
tially affect TF binding functions, revealing whether certain TFs are more susceptible
to gain-of-function (GOF) or loss-of-function (LOF) effects in response to speci�c
mutational signatures.

Furthermore, predicting their oncogenic effects on TF function can also leave room
for delving into the role of these mutations in cancer and elucidating the connection
between perturbed TFs and their target driver genes. A key novelty of our study
lies in the utilization of enhancer-gene map predictions to link mutations in potential
enhancer regions to their target genes. Many previous studies have focused solely on
mutations in non-coding regions without establishing connections to the regulatory
elements and their associated genes. By employing enhancer-gene maps, such as
those predicted by the Activity-by-Contact (ABC) model [23], we not only assign
the effect of mutation on TF bindings but also establish TF-associated connections
between putative enhancers and their target genes. This additional framework offers
a more comprehensive understanding of how mutations in regulatory elements can
lead to alterations in target gene activity, contributing to cancer initiation.

The whole pipeline was applied to somatic mutations identi�ed in 560 breast cancer
samples as a case study [24]. Therefore, we systematically present a robust and com-
prehensive analysis that integrates mutational signature–based pro�ling—capturing
distinct patterns of mutational processes within breast cancer samples—with TF fam-
ily–based investigations. By focusing on both the overarching mutational landscapes
and the interconnected TF families, we reveal how speci�c oncogenes and tumor
suppressor genes can be altered via prioritized somatic mutations, resulting in broad
regulatory perturbations. This two-tiered approach—encompassing signature-based
categorization of mutations and TF family–oriented functional insights—provides a
deeper understanding of cooperative or compensatory mechanisms driving breast tu-
morigenesis. Overall, our pipeline contributes additional meaningful downstream
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analyses for elucidating the broader impact of these prioritized mutations on TF bind-
ing events and their oncogenic links, thereby enriching future research in breast can-
cer genomics and other cancer types.

1.4 Organization of the Thesis

The remainder of this thesis is organized into the following sections:

In Chapter 2, the existing literature reviews of the key concepts, including the biolog-
ical and computational background of this study, are provided.

In Chapter 3, the methodology steps employed during the thesis work, including data
collection, preprocessing, model training, and the integration of additional biological
layers, are elaborated.

In Chapter 4, the application of our pipeline to breast cancer samples is presented,
highlighting our key �ndings and functional implications,

In Chapter 5, the signi�cance of the �ndings is discussed, considering the poten-
tial implications, limitations of our pipeline, and potential future directions are pro-
posed.
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CHAPTER 2

LITERATURE REVIEW

2.1 Mutations and Cancers

Somatic mutations, de�ned as genetic variations acquired by non-germline cells arise
from a variety of endogenous and exogenous factors [25]. Endogenous processes
typically comprise errors in DNA replication and repair mechanisms, spontaneous
deamination of cytosines, oxidative stress, and transposon activity, while exogenous
ones involve UV radiation, tobacco smoke, infections, chemical therapies, and muta-
gen exposures. These activities play a crucial role in contributing to the mutational
landscape of a cell. Mutations that fall into coding regions can result in missense
or nonsense mutations, leading to aberrant gene products, whereas non-coding mu-
tations can alter the genetic information indirectly by perturbing cis-regulatory ele-
ments, chromatin accessibility, or other regulatory regions.

Somatic mutations occur during the individual's lifetime, but they do not necessarily
lead to functional consequences in cellular activity. Although most of them have neu-
tral effects, their gradual accumulation over the generation of somatic cells disrupts
the organization of cellular homeostasis by increasing the clonal growth advantage.
These mutations can gain driver effects by directly or indirectly targeting tumor sup-
pressor genes and oncogenes that promote uncontrolled cell proliferation, leading to
a heterogeneous disease called cancer. It is a complex group of diseases that have
the ability to invade surrounding tissues and metastasize to distant sites ([26]). The
six hallmarks of cancer outlined by Douglas Hanahan and Robert Weinberg describe
the essential traits of tumor development and progression: the ability to maintain un-
controlled growth, avoidance of inhibitory signals that stall proliferation, resist pro-
grammed cell death, replicate inde�nitely, stimulate angiogenesis, and lastly spread
to distant tissues via invasion and metastasis.

2.2 Mutational Signatures

The underlying hallmarks of cancer described above are driven by genome instability,
marked by the accumulation of somatic mutations in the genome [27]. This instability
results from incidental byproducts of different endogenous and exogenous mutational
processes. These mutational processes often leave behind distinct characteristic foot-
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prints of DNA damage, known as mutational signatures [28]. Mutational signatures
can be de�ned by the different types of mutations, such as single or doublet base sub-
stitutions, indels, copy number variations (CNV), and structural variants (SV) within
the corresponding sequence context. For instance, considering the pyrimidines of the
Watson -Crick base pairs, single base substitutions (SBS) can be biologically further
subclassi�ed into six operative subtypes: C>A, C>G, C>T, T>A, and T>C, T>G mu-
tations, which are equivalent to G>T, G>C, G>A, A>T, A>G and A>C mutations,
respectively. By incorporating the +/-1 �anking bases (5' and 3') of each mutated
base, we can evaluate SBS signatures at a SBS-96-trinucleotide resolution, encom-
passing all possible mutation contexts. Similar approaches could be applied to other
major categories of somatic mutations [29]. The �ne-grained categorization allows
for the de novo identi�cation of mutational signatures by comparing the mutation pat-
terns to the established signatures documented in the widely recognized Catalogue of
Somatic Mutations in Cancer (COSMIC) database [30]. For example, the APOBEC
family of cytidine deaminases imprints a characteristic C>T or C>G mutations in a
speci�c sequence context. SBS2 and SBS13 signatures are known to be enriched for
these mutations due to this APOBEC activity [31].

2.3 Breast Cancer

Breast cancer is the one of the most diagnosed malignancies worldwide, with over
99% of cases occurring in women, whereas the the disease is comparatively rare
in men [32, 33]. Signi�cant heterogeneity at the molecular and clinical levels has
been observed in breast cancer [34]. The Cancer Genome Atlas (TCGA) [35] and
METABRIC [36] project have identi�ed recurrent mutations in key oncogenes (HER2,
PIK3CA) and tumor suppressor genes (TP53, BRCA1andBRCA2). Besides this, so-
matic mutations in breast cancer are often associated with distinct mutational signa-
tures, such as SBS2 and SBS13, attributed to APOBEC signatures [37]. Notably,
breast cancer also harbors a substantial burden of mutations that fall into non-coding
regulatory elements, including enhancer and promoter regions. Breast cancer can be
classi�ed into four major molecular subtypes based on their gene expression pro�les
and receptor status, as follows in the order of prognosis from best to worst:

Luminal A is the most common and least aggressive type of breast cancer type, char-
acterized by hormone positivity (estrogen receptor (ER) or progesterone receptor
(PR) ) and negativity of human epidermal growth factor receptor 2 (HER2) [38].
This type often bears better prognoses and responds well to cancer therapy. On the
other hand, triple-negative breast cancer (TNBC) is the most aggressive subtype in
which the expression level of all related receptors is absent. It is marked by signi�-
cant heterogeneity, including the presence of basal-like phenotypes, which refer to the
molecular and histopathological features similar to the basal (or myoepithelial) layer
of the mammary gland, often expressing cytokeratins such as CK5/6 and CK17, while
lacking ER, PR, and HER2 [39]. Such basal-like properties contribute to TNBC's ag-
gressive behavior, marked by higher histological grade, elevated proliferation, and
poorer prognosis [40].
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Figure 2.1: Schematic representation of TF domains and their modulation [1].

2.4 Biological Role of Transcription Factors

Transcription factors (TFs) are specialized regulatory proteins that govern the rate
of gene expression by docking at speci�c genomic DNA elements near promoter
or enhancer regions. These regulatory regions are well-characterized types of cis-
regulatory elements (CREs) found in the vicinity of the target genes. By recognizing
these regions, TFs act as master switches, promoting or repressing transcription of the
gene, thereby these regulatory modules ensure that gene activities are orchestrated at
the right cell, time, and quantity. This orchestration maintains cellular homeosta-
sis and biological functions, including development, cellular differentiation, and re-
sponse to environmental stimuli.

The typical TF-mediated gene regulation begins when the cell receives a stimulus,
like a growth factor, hormone, or external signal. The post-translational modi�ca-
tions, ligand binding to nuclear receptors, or interaction with other coactivators can
trigger TF activation, and then TF preferentially binds to enhancers or other CRE
sites. This recruits the other co-regulators and DNA-bending proteins, such as High
Mobility Group (HMG) proteins, that induce structural changes facilitating the DNA-
looping to bring these distal regulatory players into physical proximity with the core
promoter. After the assembly of the transcription machinery, the recruitment of RNA
polymerase II forms the pre-initiation complex (PIC) at the transcription start site
[41]. Herewith, the transcription of the target gene is initiated by this complex.

2.4.1 Domains of TFs

Transcription factors bear a modular structure consisting of distinct function domains
represented in Figure 2.2 [42]:

A. DNA-binding domain (DBD): This domain is the most essential component,
where TF speci�cally recognizes and binds to short response sequences where
CREs exist.
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Figure 2.2: Structural domains of various TFs.

B. Transactivation Domain (TAD): This domain includes binding sites to recruit
other co-regulators called general transcription factors involved in the assembly
of the PIC. The PIC speci�cally binds to this domain to modulate and stabilize
the co-regulators [43].

C. Signal-sensing Domain (SSD): This domain receives external and intracellular
signals, such as phosphorylation and ligand binding, to initiate the activity of
TF.

D. Dimerization Domain (DD): This domain facilitates the formation of homo- or
heterodimers for DNA binding stability

For most TFs, the �rst (recognizer) and second domains (effector), as shown in Fig-
ure 2.1, are mainly distinguished, whereas the last two components above may vary
in various TF types. Furthermore, TFs can function in complexes, interacting with
co-regulators and other TFs to �ne-tune gene expression [44]. This combinatorial
mechanism enables a �exible and dynamic regulatory network for various signals
[45].

2.4.2 Classi�cation of TFs

In terms of the mechanistic way, there are two classes of TFs: general transcription
factors (GTFs) and sequence-speci�c TFs. GTFs play a role in the formation of the
preinitiation complex in the core promoter region for basal transcription regulation.
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Figure 2.3: Distribution of TF classi�cations based on their DBD family with motif
status[1].

On the other hand, sequence-speci�c TFs are upstream TFs that are key to gene-
speci�c regulations as they bind to response elements, CREs [46].

Another classi�cation of TFs is based on sequence homology. Each TF has its char-
acteristic DNA-binding domain (DBD) bearing a high degree of speci�city toward a
target DNA sequence, typically 6-12 base pairs in length [47]. Therefore, TFs can be
grouped according to their DBDs, re�ecting their structural features and evolution-
ary relationships [48]. A four-level taxonomy that comprises the rank of superclass,
class, family, and sub-family is proposed. TFs are predominantly evaluated within
the category of families, making it easier to predict their biological behaviors [49].
Figure 2.3 illustrates the number of TF distributions across different TF families hav-
ing moderate or complete coverage, whereas a few still include signi�cant gaps. For
instance, the homeodomain family bears highly known motifs or inferred motifs from
sequence homology because their motifs are mostly evolutionary conserved, facilitat-
ing in vitro inference by their similarity. However, in the inset, the C2H2-ZF family,
including various effector domains, is missing motifs for a signi�cant number of TFs
since these proteins are more complex to analyzein vitro and this class has limited
conservation among many members [50].

2.4.3 TF Binding Sites (TFBSs)

The functional roles of these TFs cannot be fully understood without a thorough un-
derstanding of the DNA sequence they bind. TF binding speci�cities are often rep-
resented as “motifs”, which are consensus sequences used to detect potential binding
sites. Therefore, the assignment of these motifs is a pivotal step to delve into the
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TF functions. Motifs are conventionally �gured as sequence logos [51]. However,
actual binding sites often exhibit variability, and TFs can tolerate certain deviations
from the consensus sequence while still binding effectively. Recently, it has been
replaced by PWM for capturing this variability and relative preference of the TFs.
Over the past decade, advancements in techniques for detecting TF motifs have sig-
ni�cantly expanded our knowledge by providing numerous databases. The human
genome encodes approximately 2000 transcriptional regulatory proteins, including
1600 sequence-speci�c TFs that recognize speci�c motifs for gene regulation [3].
The informative table in 2.1 compiles catalogs of TF binding motifs and TF-related
databases.

2.5 TF Motif Discovery

Numerous experimental and computational strategies are available to predict TF-
DNA speci�cities.

2.5.1 Experimental Strategies

In the experimental course, two different types of approaches exist:

1. In vivo-based Methods

These approaches confer a cellular context involving chromatin state and co-
factors for a speci�c tissue.

� Chromatin immunoprecipitation (ChIP)-based experiments like ChIP-seq
and ChIP-chip can mapin vivo TF- binding sites in the epigenetic active
site of the genome by cross-linking TF-DNA, followed by sequencing and
identifying peaks.

� DNase-seq and ATAC-seq are other high-throughput sequencing assays
to reveal potential TF binding regions, examining open chromatin regions
accessible to them.

� DamID is an alternate protocol to those mentioned above for inferring TF
occupancy by fusing the TF of interest with DNA adenine methyltrans-
ferase in living cells [52].

2. In vitro-based Methods

These methods are generally based on binding site enrichment by DNA mi-
croarrays and micro�uidic systems [53].

� Protein-binding microarray (PBM) is one of them. It measures the binding
af�nity of TF of interest across nearly all possible DNA k-mers immobi-
lized in tons of dsDNA microarrays on a chip by detecting signals from
�uorescently tagged TF-DNA interplays [54].
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� High-throughput systematic evolution of ligands by exponential enrich-
ment (HT-SELEX) is a technique that involves an iterative cycle of bind-
ing, selection, ampli�cation, and sequencing to determine the enriched
motif preferred by the TF of interest [55].

� Mechanically Induced Trapping of Molecular Interactions (MITOMI) is
a micro�uidic system-based technique used to detect binding kinetics be-
tween transcription factors (TFs) and their cognate DNA sites. Unlike the
PBM method, MITOMI can also identify low-af�nity TF-DNA interac-
tions, providing more robust quantitative data [56].

2.5.2 Computational Strategies

In the computational course, two major paradigms dominate this �eld using the em-
pirical data of experimental methods:

1. Position Weight Matrices (PWMs):
PWMs are classical models like FABIAN-variant [57] that quantify the interac-
tion probability between the binding af�nity of TF-DNA for short sequences. It
mainly assigns log-likelihood scores to each nucleotide at each position, which
is widely used due to computational ef�ciency. However, they often oversim-
plify TF binding by assuming independence among nucleotide positions, which
may not fully capture complex context-dependent interactions.

2. Classical Machine Learning (ML) Models:
Currently, a myriad of machine learning-based frameworks have been devel-
oped to advance TF binding site prediction by utilizing the power of experi-
mental datasets. Classical ML models (random forest, ordinary least squares,
support vector machines for regression tasks) incorporate features, such as short
nucleotides (k-mers), GC content, or evolutionary conversation [58]. While in-
terpretable, these features can be limited in capturing the full complexity of
TF-DNA interactions.

3. Deep Learning with Convolutional or Recurrent Neural Networks (CNN or
RNN):
CNN-based tools such as DeepBind [59], DeepSEA[60], and BPNet [61], can
utilize raw sequences data to capture complex dependencies and intricate pat-
terns within genomic sequences for TF-DNA interactions.

4. Transformer-based and Large Language Model (LLM) Approaches:
In recent years, there has been a surge in transformer-based approaches, origi-
nally popularized in natural language processing (NLP), adapted for analyzing
genomic sequences. For instance, DNABERT[62], the Nucleotide Transformer,[63]
and GROVER [64] are some of the DNA language models trained on large ge-
nomic corpora to extract high-level abstract features from genomic sequence
and discover entirely new predictive signatures. BERT-TFBS [65] further ex-
tends this paradigm by applying a BERT-based architecture with transfer learn-
ing, speci�cally tailored to predict transcription factor binding sites (TFBSs),
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thereby enhancing TFBS detection through learned contextual embeddings.
Enformer [66] is another transformer-based architecture that employs a self-
attention mechanism over longer sequence contexts, enabling the model to pre-
dict regulatory interaction. More recently, EpiGePT [67] also demonstrates
the potential of transformer-based language models by integrating transcription
factor activities and 3D genome organization to predict epigenomic signals in
a cell-type-speci�c manner.

This diversi�cation of strategies—from PWMs to advanced deep learning and trans-
former/LLM models—re�ects the growing emphasis on capturing the true biological
complexity of TF-DNA interactions, ultimately improving TF binding site prediction
accuracy.

Table 2.1: Summary of well-established TF databases.

Database
Name

Description Species
Coverage

Number of Human
TF Datasets

Accessibility Reference

JASPAR Curated TF binding pro�les
derived from published
experimental data.

Multiple species 746 TF motifs
(JASPAR 2020
release)

Open-access [21]

HOCOMOCO High-quality, annotated
PWMs based on ChIP-seq
data.

Human, Mouse 949 TF motifs Open-access [19]

CIS-BP Datasets from various
sources including
experimentally determined
and inferred motifs.

Multiple species 2,162 TF motifs,
over 300 PBM
intensities

Open-access [68]

TRANSFAC TF-binding sites and pro�les. Multiple species Over 1,000 TF
motifs

Subscription-
based
(commercial)

[20]

ENCODE TF
ChIP-seq

Collection of TF ChIP-seq
datasets across various
species.

Multiple species Over 2500 TFs with
ChIP-seq data

Open-access [69]

Factorbook Comprehensive annotations
of TF binding motifs
generated by the ENCODE
project.

Human, Mouse 881 TF motifs Open-access [3]

UniPROBE PBM datasets collected from
multiple publications.

Multiple species Over 190 PBM
intensities

Open-access [22]

SwissRegulon Genome-wide annotations of
regulatory sites and TF
binding motifs.

Multiple species Over 600 TF motifs Open-access [70]

ReMap An integrative database of
transcriptional regulatory
elements.

Multiple species 585 TFs with
ChIP-seq data

Open-access [71]

HumanTFDB Classi�cations, functional
annotations, and expression
pro�les of human TFs.

Human 1,639 TF
annotations

Open-access [1]
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CHAPTER 3

MATERIALS AND METHODS

3.1 Overview

In this study, the pipeline was developed as an integrative computational framework
to systematically assess the impact of somatic mutations on TF-DNA interactions
and evaluate their functional integration with other biological processes. The pipeline
combines a k-mer-based regression model with stochastic gradient descent (SGD)
optimization to quantitatively predict af�nity changes in TF binding speci�city. This
chapter comprises several key steps: data collection, feature engineering, model train-
ing, predictions with precomputed models, integration of mutational signatures, and
functional annotations.

3.2 Data Collection

In the predictive model part of the pipeline, diverse high-throughput experimentalin
vivoandin vitro datasets were utilized.

3.2.1 In vivo data: TF ChIP-seq Datasets

High-throughput TF-ChIP-seq data were sourced from the ENCODE Project, a well-
established database that includes the catalogue of functional elements in the human
genome [69]. In the ENCODE portal, TF-ChIP-seq experiments provide �les in var-
ious formats, among which the bed narrowPeak �le format was speci�cally consid-
ered. The bed narrowPeak �le is an extended bed format to store information about
peaks (genomic regions of enrichments) identi�ed in the ChIP-seq experiment, along
with "signalValue" column, which indicates the intensity score of corresponding en-
richment. Therefore, bed narrowPeak �les of all human TF-ChIP-seq experiments
available in this database were downloaded. Within the collected dataset, only �les
that were fully “released” or, in other words, approved by ENCODE were retained.
In addition to that, �les with red �ags in the “audit category” section, indicating is-
sues such as “extremely low read depth and length”, “missing control alignments”,
or “non-compliant biosample characterization” were excluded based on their severity
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of data. All remaining 2557 bed narrowPeak �les for different biosamples, including
cell lines, primary, and tissue cells meeting these criteria, were processed for down-
stream analysis.

3.2.2 In vitro data: TF PBM Datasets

The PBM assays confer high-throughputin vitro data for DNA binding speci�cities
of TFs. The protocol is initiated with the synthesis of double-stranded DNA immo-
bilized on a microarray constructed with independent de Bruijn sequences to include
all possible 10-mers exactly once [54]. Each custom-designed microarray covers in
the range of 40,000-44,000 single-stranded DNA (probes), and each de Bruijn probe
is typically 60 nucleotides (nt) long, consisting of a 36-nt variable sequence joined
to a constant 24-nt primer sequence. This well-designed microarray is incubated
with a puri�ed TF of interest that is tagged with an epitope, such as glutathione S-
transferase (GST) or His-tag. A �uorophore-conjugated antibody speci�c to the TF's
epitope tag is then applied to the microarray, enabling the quantitative measurement
of the �uorescence intensities corresponding to the amount of TF bound at each spot
[72]. This eventually provides a signal-intensity output �le including two columns,
�uorescent signal scores, and 60-nt de Bruijn sequences. In this study, universal
protein-binding microarray (uPBM) datasets were sourced from the UniPROBE and
CIS-BP databases covered in Table 2.1. The 588 PBM signal intensity �les for dif-
ferent human TF experiments were utilized for further analysis.

3.3 Model Development and Training

The pipeline uses a k-mer-based linear regression model to predict TF binding speci-
�city. In this model, k-mers, de�ned as contiguous short DNA sequences of length k,
serve as features that capture sequence-speci�c contributions to TF binding. In other
words, each k-mer re�ects a potential binding motif or part of a motif for TFs. There-
fore, determining the optimal k value is one of the key challenges, as it is crucial for
developing robust and reliable predictive TF models.

3.3.1 Selection of k Value for Features

For the choice of optimal k value selection during the feature engineering process,
we prioritized two critical factors: biological relevance and computational ef�ciency.
First, the selected k-mer length must be adequate to effectively represent most TF
motifs which typically span speci�c sequence 6 to 12 base pairs [73]. A k-mer length
that is too short may fail to provide suf�cient resolution to capture the speci�c nu-
cleotide interactions involved in binding, whereas an excessively long k-mer length
may result in overly high speci�city, potentially compromising the model's general-
izability. Second, computational considerations must be addressed to balance model
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complexity and feasibility. These considerations are largely in�uenced by the number
of features, which is determined based on three key factors:

1. Four different bases are available in the DNA context: A (adenine), T (thymine),
C (cytosine), and G (guanine).

2. The possible combination of unique k-mer sequences within the DNA context.

3. A k-mer sequence and its reverse complement are considered the same feature
due to the fact that the nature of TF-bindings to the dsDNA is not strand-speci�c
[74].

Given the factors above, we can de�ne the number of features for the k-mer model as
follows:

f (k) =

8
<

:

4k � 2k

2 + 2 k if k%2 = 0

4k

2 if k%26= 0

According to the given formula,

� k < = 5 cases with less than or equal to 512 features would not be enough
attributes to generalize TF binding models effectively, as it is insuf�cient to
capture the variability of TF motifs, which often span longer sequences. Such a
limited number of features may overlook essential nucleotide patterns, leading
to under�tting and poor model performance.

� k > = 7 models dramatically increase the feature space size to 8192 features
for k = 7 and exponentially more for higher k values (e.g., 32,896 fork = 8).
This expansion introduced several challenges:

1. Over�tting problem: the model is prone to over�tting, especially when the
number of features (p) approaches or exceeds the number of observations
(n). The datasets were limited in terms of peak size, with most rang-
ing from 2,080 to 100,000 observations (peaks) as shown in Figure 3.1.
Consequently, over�tting caused the model to capture noise rather than
underlying patterns, thereby reducing its ability to generalize to new data.

2. Curse of Dimensionality: According to the pie chart in Figure 3.1, a fea-
ture set exceeding this range violates the principle that the model requires
a favorable ratio of observations to features. The constructed models be-
yond this set (k > = 7) exacerbate the curse of the dimensionality prob-
lem, contributing to over�tting by increasing data sparsity [75].

3. Computational Intensity: Training models with such high-dimensional
data is computationally intensive. These models also lead to increased
processing time and resource consumption.
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Figure 3.1: Pie chart that shows the distribution of available TF datasets across ob-
servational sequence (Peak) ranges.

� k = 6 model results in a total of 2080 features by the conditional formula above.
In the 6-mer model, we could minimize data loss by �ltering out only datasets
(#265) with fewer than 2,080 peaks. This approach not only enables us to utilize
approximately 90% of our TF datasets effectively but also helps mitigate the
curse of dimensionality and the resulting risk of over�tting problems. Thus,
6-mer TF models �t better in overall frameworks.

In summary, we employed the 6-mer-based regression model that provides an opti-
mal trade-off between capturing the necessary biological relevance of TF motifs and
adhering to computational principles in machine learning.

3.3.2 Feature Construction Using 6-mer

In our models, the number of features (a total of 2080) is the combination of all pos-
sible unique 6-mer DNA base compositions (A/T/C/G). According to that, each 60-nt
observational DNA sequence from the experimental outputs is transformed into nor-
malized frequency matrices, which store the count of the occurrence of each possible
6-mer by sliding window approach. While counting occurrences, each 60-nucleotide
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sequence contains60� k + 1 overlapping k-mers. Fork = 6, this results in a max-
imum of 55 possible 6-mers per sequence. Given that there are 2,080 distinct 6-mer
features in total, most of these features will have zero counts in any individual se-
quence, leading to inherently sparse feature vectors. We employed the frequency
of all possible 6-mer sequences within the 60-nt DNA sequences as input features,
and the natural log2-transformed signal intensity values served as the target (output)
variable. For the input set, we also implemented min-max normalization for feature
scaling to improve the model's performance.

In the implementation part, each sequence is encoded in binary format by speci�cally
mapping each base to a two-bit representation and storing the result as a decimal
integer value for ef�cient storage and computational purposes. According to this
conversion, each 6-mer feature name (a DNA string) is represented as an integer
value.

3.3.3 Model De�nition

The relationship between the output and the input variables is modeled as:

Y = X � + " (3.1)

whereY is a vector of observed signal intensities,X is the normalized frequency
matrix of 6-mer features,� is a vector of coef�cients (weights) representing the con-
tribution of each 6-mer to TF binding af�nity, and" is an error term.

3.3.4 Stochastic Gradient Descent

We employed stochastic gradient descent (SGD), an optimization algorithm to train
the regression model. SGD offers several signi�cant advantages for our model train-
ing. First, unlike the other machine learning approaches, which require processing
and loading the entire dataset into memory, SGD ef�ciently handles such large-scale
TF data because it randomly considers one sample at a time and updates the model
parameters incrementally, providing faster convergence and reducing computational
overhead with memory usage. This is particularly bene�cial given our datasets com-
prise tens of thousands of observations, where traditional optimization techniques
would be computationally intensive. Second, our features are derived from an in-
herently sparse count matrix since each observational sequence can only contain a
small subset of possible 6-mers (maximum of 55 out of 2080 features). This is a
challenge often encountered in natural language processing and text classi�cation,
however, SGD is well-suited to such sparse data by focusing computations on non-
zero elements of our feature matrix. Therefore, the choice of SGD as the optimization
algorithm was instrumental due to its ef�ciency in handling the substantial number of
features and observations involved. SGDRegressor via scikit-learn python package
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was used, and well-tuned hyperparameters used for the model training are shown in
Table 3.1.

Table 3.1: Tuned Hyperparameters of Stochastic Gradient Descent

Parameter Value Explanation

loss squared_error The loss function used is the
squared error (linear regression).

alpha 0.0001 The regularization strength; smaller
values result in less regularization.

max_iter 1000 The maximum number of iterations
over the dataset for training.

tol 0.001 The tolerance for stopping crite-
ria; training stops when changes are
smaller than this value.

penalty None No regularization applied (e.g., L1
or L2).

eta0 0.1 The initial learning rate for the
model.

random_state 25 Random seed to ensure repro-
ducibility.

Other parameters Default Parameters not explicitly speci�ed
retain their default values.

3.3.5 Model Training

The matrix form of the multiple linear regression, as shown in Equation (3.1), can be
de�ned for an individual observation as follows:

h� (x) = � 0 + � 1x i 1 + � 2x i 2 + � � � + � px ip (3.2)

In this regression equation, the hypothesis functionh� (x) which is the predicted sig-
nal score for thei -th training sample, is typically represented as a linear combina-
tion of 6-mer featuresx i , and the regression coef�cients of each 6-mer features�
(p = 2080).

The cost functionJ (� ) for the 6-mer regression task can be de�ned as a mean squared
error (MSE):

J (� ) =
1

2n

 
nX

i =1

(h� (x i ) � yi )
2

!

(3.3)

where:
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� J (� ) is a cost function dependent on the model parameters� ,

� yi is the actual value,

� h� (x i ) is the predicted value.

In the optimization process of the cost function, Stochastic Gradient Descent (SGD)
iteratively updates the parameters for each 6-mer feature. The update rule for the
parameters� at iterationt is given by:

� t+1 = � t � � r J (� t ) (3.4)

where:

� � t is the parameter vector at iterationt,

� � is the learning rate,

� r J (� t ) is the gradient of the cost function with respect to the parameters.

By applying these rules, the SGD algorithm estimated the best coef�cient for all 6-
mers. Using coef�cient estimates, we can further calculate the covariance matrix (� )
of linear combination. The equation (3.5) �rstly estimates the residual variance which
re�ects the uncertainty of the model predictions. The denominator represents the
degrees of freedom, wheren denotes the total number of observations (sequences).
Notably, the value ofn varies depending on the speci�c TF dataset.

�̂ 2 =
(Y � X �̂ )> (Y � X �̂ )

n � p
(3.5)

Using this residual variance above, the covariance matrix of the coef�cient estimates
is then derived as:

�̂ = ^ � 2(X > X )� 1 (3.6)

This p � p matrix captures the variances and covariances of the coef�cient estimates
(�̂ ). Its diagonal elements correspond to variance in the 2080 estimated coef�cients.

3.3.6 Evaluation of Human TF models

Following the de�nition of the 6-mer-based regression model integrated with the
SGD algorithm, we embarked on training it across an extensive collection of high-
throughput TF datasets. Speci�cally, a total of 3145 TF-speci�c datasets, comprising
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588in vitro PBM and 2557in vivo ChIP-seq datasets, were compiled. However, 265
TF datasets from the ChIP-seq set were excluded before the training step as men-
tioned in section 3.2. These datasets encompass a wide range of human TFs. During
the training phase with SGD, each TF dataset was utilized to �t an individual regres-
sion model. The coef�cient of determination, commonly known as the R², score was
used as an evaluation metric to assess the goodness-of-�t of each TF model that we
had trained, and this metric re�ects the extent to which the input variables account
for the variation in the outcome. For this manner, the 10-fold cross-validation method
was utilized. Each TF dataset was randomly partitioned into ten approximately equal
subsets or folds in this approach. The model was trained iteratively on nine folds and
validated on the remaining one, cycling through all ten possible combinations. This
method ensures that every data point is used for training and validation, comprehen-
sively evaluating the model's ability to generalize unseen data.

3.3.7 Selection of Unique TF Models

The mean R² score across the ten validation folds was then computed to obtain a
robust estimate of the model's predictive performance. To account for inherent vari-
ability in data quality, an R² threshold of 0.1 was set for models trained on ChIP-seq
datasets, while a stricter threshold of 0.2 was applied to models trained on PBM
datasets. We established these thresholds as the criterion for model acceptance. Upon
the evaluation, a total of 436 TF models from the 187 ChIP seq datasets and 249 PBM
datasets surpassed this R² threshold. We retained the models with the highest mean
R² score to ensure the best representation of each unique human TF model, resulting
in a �nal set of 403 unique TF models. The majority ofin vivo ChIP-seq datasets
failed to meet the R² threshold due to their higher susceptibility to noise and lower
data quality compared to thein vitro datasets, which are inherently more controlled
and less prone to experimental variability. In summary, we distilled our initial pool
of 3,145 TF datasets down to 403 distinct predictive models to be employed in down-
stream analyses. The SGD estimates (�̂ ) together with their covariance matrices (�̂ )
estimated based on the model's residual variance in Equation (3.6) for these 403 TF
models were stored to quantify binding changes and assess the statistical signi�cance
of the predicted changes for any given mutations.

3.4 Quantifying Binding Changes for 403 TFs

The SGD method was employed to determine the optimal weights for each 6-mer fea-
ture. These pre-estimated coef�cients for the curated models of 403 TF speci�cities
can be utilized to quantify the change in the TF binding af�nity. Here, the binding
change function for a TF model is de�ned as follows:

� B = f (Fmutated; �̂ ) � f (Fwt; �̂ ) (3.7)
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where�̂ is a vector including the estimated coef�cients (weights) for all 2080 6-mer
features, andF -seq is another vector of the same length including frequencies for
each 6-mer variable. The functionf in Equation (3.5) can predict the binding af�nity
score of a sequence for a speci�c TF, by leveraging only the SGD estimates (�̂ ). The
metric � B quanti�es the difference in binding af�nity between mutated and wild-
type sequences, providing a precise measure of the mutation's impact at the center of
the sequence window.

3.4.1 The Window Size of Mutation Effect

The core idea behind the k-mer-based regression model revolves around evaluating
how mutations perturb k-mer frequencies, which are critical features for predicting
changes in TF binding af�nity� B . To systematically capture the local contribu-
tion of mutation within a DNA sequence, we de�ne a mutation-centered window
and quantify the number of overlapping perturbed k-mers in�uenced by the mutation
point.

For a mutation spanningL bases, the total mutation-centered window size needed to
encompass all overlapping k-mers can be generalized as:

(k � 1) + L + ( k � 1);

where (k � 1) represents bases upstream and downstream of the mutation to form a
complete k-mer. Thus, the mutation-centered window grows with the mutation length
( L), ensuring that all k-mers overlapping the mutation are captured.

The number ofk-mers perturbed by a mutation is derived as follows:

(L + k � 1);

where the value ofk is 6, as our models are based on 6-mers.

For instance, a doublet mutation (L = 2) would result in an affected window size of
12 bp, encompassing 7 perturbedk-mers. Indel (insertion or deletions) cases intro-
duce a frameshift in the corresponding sequence, leading to more extensive pertur-
bations than substitutions. In other words, the downstream shifts from indels cause
cumulative detrimental disruptions. However, in this study, we focus solely on single
base substitutions (L = 1). In such cases, an 11-bp window centered at the mutation
site is suf�cient to capture the frequency differences, as the effect of the mutation
on 6-mers does not extend beyond this range. In other words, beyond this window,
the frequency differences for 6-mers become null, ensuring a precise and localized
assessment of mutation effects.

� Single-Base Substitution Representation (L = 1)

Sequence: NNNNN--* --NNNNN
Overlapping 6-mers: [NNNNN* ]; [NNNN* N]; [NNN* NN];

[NN* NNN]; [N* NNNN]; [* NNNNN]
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The count vector used in the binding change function re�ects the frequency of the
perturbed k-mers within the mutation-centered window. This frequency vectorF is
compared between the reference (wild-type) and mutated sequences. The changes in
6-mer frequencies form an input for predicting changes in TF binding af�nity. This
contrast vector can also be represented as:

� F = Fmutated� Fwt (3.8)

This contrast vector is weighted by model estimates (�̂ ) for the 6-mers. The� B can
be alternatively stated as a linear combination of the estimated coef�cients:

� B = � F > �̂ (3.9)

Therefore, the� B in Equation (3.9) above provides a quantitative score that re�ects
the change in TF-speci�c binding af�nity caused by the mutation within a certain
window. A positive� B value indicates a potential gain of binding for the TF af�nity,
whereas a negative value suggests a potential loss of binding for that af�nity.

3.5 Statistical Signi�cance of Individual Predictions

The statistical signi�cance of the binding changes was evaluated using a t-test, with
the null hypothesis assuming that the mutation has no effect on binding af�nity. This
analysis relied on the assumption of normality for the error vector� � N (0; � 2I ).

� Null Hypothesis (H0): The predicted binding change is zero:

H0 : � B = 0

� Alternative Hypothesis (H1): The predicted binding change is not zero:

H1 : � B 6= 0

The estimated regression coef�cients, as well as the covariance matrix, can be uti-
lized to calculate a z-score and corresponding p-value, which indicate the statistical
signi�cance of� B in the binding af�nity score. In order to test this, the t-statistic for
the binding change function can be designed as follows:

t =
� B

q
Var(� F > �̂ )

(3.10)
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Given the large number of observations (n � p)in our regression task, the t-distribution
closely approximates the standard normal distribution. Consequently, the resulting t-
statistics can be interpreted as z-scores, effectively representing the normalized� B
scores for TF binding.

The denominator expression in Equation (3.10) represents the standard error of the
predicted binding change (SE(� B )). The variance of the linear combination of coef-
�cient estimates is mathematically expressed by:

Var(� F > �̂ ) =
X

j

X

k

� Fj � FkCov(�̂ j ; �̂ k) (3.11)

This variance of a weighted sum of linear combination depends on both:

� Thevariancesof the individual coef�cients (̂� jj , diagonal elements).

� Thecovariancesbetween the coef�cients (̂� jk , off-diagonal elements).

Using a matrix notation, this becomes:

Var(� F > �̂ ) = � F > �̂� F (3.12)

where (̂� ) is the estimated covariance matrix, capturing their variances and covari-
ances for each TF model. In this way, the denominator of expression in Equa-
tion (3.10) ensures that the test statistic re�ects the overall uncertainty of the predicted
binding change.

In fact, our methodology inherently considers the quality of both the predictive model
and the training data. Poor predictive models will have a larger residual (� 2) desig-
nated in (3.5), which directly increases the standard error (SE(� B )). As a result,
mutations need to induce a larger binding change (� B ) to be considered statistically
signi�cant. This approach takes into account the model's uncertainty and ensures
reliable predictions for downstream analysis.

3.6 A Case Study on 560 Breast Cancer Samples

Our pipeline involving the trained models for 403 human TFs can be applied to any
mutation �le. To demonstrate our pipeline in a case study, we analyzed a comprehen-
sive dataset of somatic mutations identi�ed in 560 breast cancer samples from a prior
study [24]. This dataset included the whole-genome sequences of 556 female and
4 male breast cancer patients, resulting in the identi�cation of 3,479,652 single-base
substitutions. For each mutation, we computed the� B score to quantify its functional
impact on TF binding af�nity. These� B scores were further used to categorize mu-
tations as either gain-of-function (GOF) or loss-of-function (LOF) events, enabling
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Figure 3.2: Integration of ABC model predictions with signi�cant mutations.

a detailed assessment of the regulatory disruptions caused by somatic mutations in
breast cancer.

3.7 Activity-by-Contact (ABC) Model for Enhancer-Target Gene Mapping

Enhancers are critical cis-regulatory elements that serve as primary targets of tran-
scription factors (TFs) and modulate the activity of corresponding genes in a cell-
speci�c manner. To address the regulatory impact of signi�cant mutations that perturb
the binding site of TFs, we utilized the Activity-by-Contact (ABC) model from a prior
study, which provides a systematic framework to map and predict putative enhancer-
gene links across various cell types [76]. The ABC model integrates experimental
chromatin accessibility data (e.g., DNase-seq or ATAC-seq) with 3D genome contact
data (e.g., Hi-C) to estimate enhancer activity along with the physical interactions
with target genes. This study predicted genome-wide enhancer-gene maps for 131
human biosamples, offering an essential resource for linking noncoding mutations to
their functional distal elements [23].

For this study, we leveraged pre-computed predictions of enhancer-gene connections
from breast cancer-related biosamples, including cell lines such as MDA-MB-231 and
MCF-7, to ensure relevance to the cellular context of enhancer activities. Figure 3.2
depicts the work�ow of mutation-integrated enhancer-target gene mapping via the
ABC model. Signi�cant mutations affecting TF binding sites (TFBSs) are �rst iden-
ti�ed and mapped to putative enhancer regions in relevant cell lines. Enhancer-target
gene connections are established based on ABC predictions, highlighting how mu-
tations that fall into enhancers can affect downstream target genes. In the �nal step,
target genes linked to these enhancers are �ltered to identify known driver genes from
the OncoKB database, providing a re�ned view of the regulatory impact of mutations
on key oncogenes (OGs) and tumor suppressor genes (TSGs).
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Figure 3.3: Illustration of simulation of mutational landscapes via Sigpro�lerSimu-
lator, showing that simulated mutations maintain the overall mutation spectrum ob-
served on each chromosome in each breast cancer sample [2].

3.8 Utilization of SigPro�ler Tools for Analysis of 560 Breast Cancer Samples

In the analysis of our case study, we utilized SigPro�ler tools, a computational suite
for mutational signature analysis and simulation of mutational landscapes of cancer
genomes. The pipeline involved two key steps:

1. Extraction of Mutational Signatures:
The SigPro�lerExtractor tool [77] was utilized to de novo extract mutational
signatures across all 560 breast cancer samples. This analysis identi�ed the
underlying mutational processes driving somatic mutations by assigning prob-
abilities of signature contributions to each mutation in the dataset.

2. Simulation of Mutational Landscapes:
The SigPro�lerSimulator tool [2] illustrated in Figure 3.3 was employed to
randomly shuf�e somatic mutation distributions while preserving the existing
mutational burden, sequence context (e.g., trinucleotide context), and genomic
features. This enabled the construction of a tailored null hypothesis for down-
stream statistical testing, allowing us to assess the signi�cance of observed real
�ndings.
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3.9 Computational Framework

The computational implementation of the pipeline relied on Python-based libraries
for ef�ciency and scalability. The SGDRegressor module from the scikit-learn pack-
age was utilized to implement the stochastic gradient descent (SGD) algorithm for
training k-mer-based regression models. Other Python libraries, such as NumPy and
pandas, were employed for data manipulation and preprocessing, while SciPy and
statsmodels were used for statistical testing. Visualization and result interpretation
were facilitated using Matplotlib, Seaborn, and Plotly. This Python-based framework
ensured reproducibility and �exibility, enabling the application of the pipeline to large
genomic datasets with high computational ef�ciency.
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CHAPTER 4

RESULTS

4.1 Overview

This chapter presents the �ndings derived from the designed pipeline, which quanti-
�es the effects of somatic mutations on TF-DNA binding af�nity and explores their
broader implications in breast cancer genomics. Key results include (i) the impact
of breast cancer mutations on TF binding af�nity, (ii ) the integration of mutational
signatures with TF perturbations, (iii ) insights into the enrichment of differentially
perturbed transcription factor families, and (iv) the mapping of signi�cant mutations
to enhancer-gene interactions, driver genes, and delving into relationships between
molecular subtypes of breast cancer.

4.2 Performance of TF predictive Models

To quantify the predictive performance of our 6-mer-based regression models, we
evaluated 403 distinct TF models, trained on high-throughput PBM and ChIP-seq
datasets, and validated with a 10-fold cross-validation method. The histogram in
Figure 4.1 shows the R² scores of the TF models that represent the proportion of
variance in the data explained by each model. The red dashed line indicates the mean
R² value (0.39), while the green dashed line represents the median R² value (0.35) of
403 TF models.

Table sets shown in Appendix A section (A.1-A.9) provide full detailed performance
results, including each model's TF-TF family, number of peaks used in training, R²
score, and standard deviations. Many of the lower R² scores were observed in models
trained on ChIP-seq datasets. ChIP-seq data, due to its inherent noisiness and variable
quality, often leads to reduced predictive power in derived models compared to PBM
datasets. Recognizing these differences, we implemented dataset-speci�c thresholds
to evaluate model quality. For ChIP-seq-based models, the threshold was set at R²
> 0.1, acknowledging their inherent limitations. In contrast, PBM-based models,
derived from more controlled experimental conditions, were evaluated using a higher
threshold of R² > 0.2.
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Figure 4.1: Distribution of model R² scores for 403 TF models using 10-fold cross-
validation.

The bar plot in Figure 4.2 displays the mean R² scores for models grouped by their
respective TF families, highlighting the performance variability among DNA-binding
domain classes. In terms of TF-family-based performance trends, the TF family TBP
exhibits the highest mean R² score ( 0.7), re�ecting strong model performance. Fami-
lies bearing crowded TF members such as Homeodomain, Ets, and CxxC also demon-
strate high mean R² values, indicating well-predictive models within these groups. In
contrast, families like TEA, MYM-type ZF, and SMAD exhibit lower mean R² scores,
suggesting challenges in modeling TF members from these families.

4.3 TF Binding Perturbations Across 560 Breast Cancer Somatic Mutations

Our computational framework, including evaluated 403 predictive TF models, was
applied to about 3.5 million somatic mutations identi�ed in 560 breast cancer genomes
from a large cohort study [24]. Using the� B score metric, the impact of each muta-
tion on the binding af�nity of such 403 TFs was quantitatively predicted. The statisti-
cal signi�cance of these predicted binding changes for each TF was also evaluated by
conducting the Bonferroni-corrected t-tests as mentioned in the method part in depth.

Figure 4.3 illustrates two speci�c mutations observed in breast cancer samples, PD4976a
and PD7322a, showcasing the impact of these substitutions on the MYBL2 TF and
ETS1 TF motifs, respectively. Here, the� B scores quantify the difference in binding
af�nity between the reference and the mutated sequence, calculated using the esti-
mated coef�cients of the 6-mer-based MYBL2 and ETS1 models. The signi�cance
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Figure 4.2: Mean model R² scores grouped by TF DBD family.

of the binding changes is assessed using a t-test, followed by Bonferroni correction
to account for multiple testing, as detailed in the Methods section. In Figure A, a
statistically signi�cant positive delta score indicates the gain of binding for MYBL2,
whereas Figure B demonstrates potentially disrupted ETS1 binding as predicted by
a statistically signi�cant negative� B score. These curated motifs obtained from
the Factorbook database align with our predictions, suggesting that the speci�c loci
where the mutations are located are likely to have a substantial impact on these TF
bindings. This example is just for the MYBL2 (Myb/SANT family) and ETS1 (Ets
family). In this study, we predicted the binding change scores (� B ) of all mutations
with their corresponding adjusted-p values for the behavior of 403 TFs.

4.4 Assignment of Mutational Signatures

De novoextraction of mutational signatures within the 560 breast cancer samples was
performed using the SigPro�lerExtractor tool. We initiated the extraction process by
setting the maximum number of signatures to 25 and identi�ed the operative muta-
tional signatures from scratch. The tool essentially suggests an optimum solution by
iteratively testing different numbers of operative signatures, up to a maximum of 25.

4.4.1 Suggested Solution for SBS96 Context

Accordingly, the tool estimated 12 as the optimal number of signatures based on the
evaluation metrics. This selection is visualized in the Figure 4.4. These metrics were
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(A) Gain of Function (B) Loss of Function

Figure 4.3: Single base substitution from 560 breast cancer samples (COSMIC
ID: PD4976a) matches the MYBL2 reference sequence logo from the Factorbook
database [3] (A) An example case of gain of binding due to the A to C point mutation
overlapping a binding site for TF MYBL2. This change indicates a statistically sig-
ni�cant decrease in MYBL2 binding af�nity, with the adjusted p-value derived from a
t-test combined with a Bonferroni correction for the multiple testing. (B) An example
case of loss of binding due to the C to T, indicating a statistically signi�cant decrease
in ETS1 binding af�nity.

plotted against the total number of tested signatures (ranging from 1 to 25), with a
vertical gray bar indicating the selected solution at 12 signatures. This suggested so-
lution is based on achieving a balance between minimizing the reconstruction error
and maximizing the stability of signatures. In the cosine distance trend (red dotted
line), the mean sample cosine distance decreases signi�cantly as the number of sig-
natures increases from 1 to 12, which suggests that adding more signatures improves
the accuracy of mutational pro�le reconstruction. However, beyond 12 signatures,
it reaches a plateau, indicating diminishing returns in reconstruction accuracy. On
the other hand, in the stability trend (blue dotted line), stability begins to decline
slightly as more signatures are added after 11. This decline even becomes more pro-
nounced beyond 12 signatures, likely due to over�tting or the inclusion of signatures
that are not biologically relevant. In conclusion, the optimal selection at 12 signa-
tures suggests that adding more signatures beyond this point introduces unnecessary
complexity without substantial improvements in accuracy, likely over�tting the data.

4.4.2 Decomposed COSMIC Signatures

The extractedde novo12 mutational signatures were subsequently decomposed into
their closest matches using the latest available version of the COSMIC (v3.4) mu-
tational signature database. From this decomposition, the SigPro�lerExtractor also
mapped 18 COSMIC signatures tode novoextracted signatures. To further investi-
gate the contribution of each COSMIC signature to the mutational landscape, a tumor
mutational burden (TMB) plot was generated in Figure 4.5, illustrating the mutation
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Figure 4.4: Selection plot generated by SigPro�lerExtractor showing the optimal
number of signatures as 12.

density across 560 breast cancer samples, strati�ed by the contributions of 16 ac-
tive COSMIC signatures. The y-axis represents the number of somatic mutations per
megabase, plotted on a logarithmic scale to capture the wide range of TMB values
across samples. The x-axis indicates the number of samples in which the COSMIC
signature contributes mutations over the total number of samples (560). Each dot
signi�es a sample from breast cancer, while the red horizontal line indicates the av-
erage mutations per megabase. The TMB analysis revealed 16 COSMIC signatures.
Some signatures, such as SBS2, SBS5, and SBS13 were highly active, contributing
to a large fraction of the samples, with mutational burdens spanning several orders of
magnitude, whereas SBS10d, SBS17a, and SBS21 exhibited relatively lower activity
across samples. There were also two completely inactive signatures (SBS22b and
SBS98), which showed no measurable burden in any sample. Despite their inclusion
in the overall decomposition result, these two signatures had zero contributions in the
activity matrix, possibly indicating over�tting in the NMF process or resulting from
artifacts. Therefore, we considered other 16 COSMIC signatures in our downstream
analysis. However, some signatures such as SBS17a and SBS21 were also excluded
from the set of the extracted signatures due to their low probability assignments, thus,
the �nal set resulted in 14 COSMIC Signatures as shown in 4.1. These signatures
were subsequently integrated into our pipeline to evaluate how speci�c mutational
signatures affect TF/TF family bindings.
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Figure 4.5: TMB plot illustrating the contribution of each mutational signature across
samples.
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Figure 4.6: Distribution of SBS types across different subtypes of 560 breast cancer
samples.

4.5 Molecular Subtype-Speci�c Distribution of SBS Signatures

The molecular classi�cation of breast cancer is typically comprised of four main sub-
types, as mentioned previously in detail. In our case study, each of the 560 breast
cancer sample was attributed to one of those subtypes distinguished according to the
clinicopathological characteristics of patients. In other words, each cancer sample
carrying expression pro�les of speci�c receptors, including hormone receptors, was
assigned to certain subtypes.

The stacked bar plot in Figure 4.6 illustrates the distribution of single base substitution
(SBS) alongside the spread of overall mutations across the four breast cancer molec-
ular subtypes (Luminal A, Luminal B, HER2-Enriched, and TNBC). Luminal A ac-
counts for 57.5% of all samples, dominating the cohort, followed by triple-negative
breast cancer samples (29.9%). In the SBS trends, SBS 5, a clock-like signature, is the
most prevalent mutational signature across all subtypes but slightly more pronounced
in Luminal A. SBS2 and SBS13, attributed to APOBEC activity show similar pat-
terns to each other. SBS 3 linked to homologous recombination repair de�ciency is
enriched in TNBC. Some of the signatures, such as SBS8, SBS17b, SBS30, SBS39,
and SBS44, exhibit minimal contributions but were slightly dominated by TNBC.
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4.6 The Signi�cant Effect of SBS Signatures on TF Bindings

We explored the impact of single base substitution (SBS) mutational signatures on
the binding af�nities of 403 TFs across 560 breast cancer samples. Each somatic
mutation was probabilistically assigned to a speci�c SBS signature, with a threshold
of 75% (i.e., a mutation is attributed to an SBS signature only if the probability of the
assignment is greater than 0.75). This ensured a robust assignment of mutations to
their most likely mutational signatures.

Table 4.1 summarizes 14 mutational signatures that meet the probability criteria,
along with their proposed etiologies and the statistics of binding change prediction
for the 403 TFs. Many mutational signatures of mutational processes have been ex-
tensively studied and experimentally validated. Yet, some signatures of mutational
processes still have unknown etiologies, according to the COSMIC database [69].

Table 4.1: Summary of mutational signatures with integrated somatic mutations from
560 breast cancer samples.

Signature Etiology/Process Total number of mutations Total number of TFs Predicted GOF TFs Predicted LOF TFs Neutral TFs

SBS1 Spontaneous deamination of 5-methylcytosine 146118 403 180 117 106
SBS2 APOBEC activity 361798 403 186 114 103
SBS3 HR de�ciency 262069 403 149 44 210
SBS5 (Unknown) Clock-like signature 633021 403 117 102 184
SBS8 (Unclear) HR de�ciency / NER de�ciency 47897 403 194 55 154
SBS10d POLE mutation 177 403 77 1 325
SBS13 APOBEC activity 423962 403 206 67 130
SBS17b (Unclear) Damage by ROS 14314 403 98 123 182
SBS18 Damage by ROS 22429 403 184 45 174
SBS26 MMR de�ciency 3921 403 49 129 225
SBS30 BER de�ciency 3488 403 115 45 243
SBS39 Unknown 17622 403 57 60 286
SBS41 Unknown 924 403 4 6 393
SBS44 MMR de�ciency 65099 403 222 45 136

* Mutations in the major classes dominated by SBS prob > 0.75.

To assess the in�uence of speci�c SBS signatures on TF binding, we generalized the
gain-of-function (GOF) or loss-of-function (LOF) occurrences associated with each
TF. Statistical signi�cance was evaluated using Fisher's exact test, as this approach is
well-suited for determining associations. To determine this association between SBS
signatures and overall changes in TF binding, the observed (predicted) and expected
counts of GOF and LOF events for each TF were calculated. The null hypothesis
assumes no relationship between the SBS signature and the TF binding tendency,
implying that the likelihood of mutations causing GOF and LOF events is independent
of the SBS signature.

Table 4.2: Observed vs. Expected SBS13 Impact on MYBL2 TF Binding.

SBS13 / TF - MYBL2 # Gain (q < 0.01) # Loss (q < 0.01) # Total
Observed (SBS Effect) 5566 476 6042
Expected (No SBS Effect) 3021 3021 6042

The example case in Table 4.2 demonstrates the application of Fisher's exact test for
SBS13 and MYBL2 TF binding changes. The result of this speci�c case indicates
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a highly signi�cant enrichment of gain-of-function events for MYBL2 TF binding
driven by SBS13 mutations, with a log2 fold change of 3.55 and an adjusted p-value
as shown in Table 4.3. All statistical tests like this case were corrected for multiple
comparisons using the Bonferroni method. The observed results from the downstream
analysis were deemed signi�cant if they satis�ed the criteria of an adjusted p-value
< 0.05 and an absolute log2 fold change(gain/loss), abs(log2FC) > 0.25, while those
failing to meet these thresholds were categorized as non-signi�cant. This example
case strongly suggests a functional association between SBS13 mutations and in-
creased MYBL2 TF activity. Consequently, the systematic use of Fisher's exact test
across 403 TF results provides a comprehensive framework for identifying signi�cant
SBS-TF associations.

Table 4.3: Statistical Outputs of SBS13&MYBL2 from Fisher's Exact Test.

Metric Value
FC (#Gain/#Loss) 11.69
log2FC 3.55
Adjusted p-value 1.09E-320

4.7 TF Family-Based Enrichment Analysis

The TF-speci�c analysis provided valuable insights into the effects of SBS signatures
on individual TFs, however, they may overlook broader trends that emerge at the TF
family level. As mentioned in Chapter 2, TFs are typically categorized based on their
DNA-binding domains (DBDs), which re�ect shared characteristics. Therefore, these
family-level analyses may provide a comprehensive view of the impact of mutational
signatures. The distinct 403 TFs analyzed in this study were classi�ed according to
their DBD families cataloged in the humanTFs database [1].

In this analysis, we explored whether TFs belonging to the same DBD family exhibit
comparable functional changes—either gain of function (GOF) or loss of function
(LOF)—in response to the same mutational signature. The primary DBD families
associated with the TFs analyzed in our study include the homeodomain, C2H2 zinc
�nger (ZF), bHLH, bZIP, ETS, and Forkhead families, along with other TF families
that have a limited number of members.

Figure 4.7 summarizes our �ndings, providing an overarching view of the impact of
mutational signatures on multiple TF families, represented as pie charts in a heatmap
format. For each TF family and SBS signature pair in a pie chart, we examined the
proportion of overall TF behaviors within that family showing signi�cant GOF, LOF,
or no effect in response to mutations attributed to a certain SBS signature. A red
segment in the pie chart re�ects the number of TF members in which the signature
mutations have a gain of function. A blue segment in the pie chart demonstrates the
number of TF members in which the signature mutations have a loss of function. The
gray segment corresponds to TFs that remain unaffected by the mutations, showing
neither gain nor loss of function, as determined by the previously mentioned criteria.
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This allowed us to identify SBS signatures with a predominant impact on speci�c TF
families.

4.8 Impact of APOBEC Signatures on TF Family Bindings

Notable enrichments of differentially perturbed TF families were observed for cer-
tain signatures of mutational processes. Mutational signatures SBS2 and SBS13 are
typically attributed to the aberrant activity of APOBEC cytidine deaminases inducing
C>T and C>G substitutions in a TpC context and these mutations are commonly en-
riched in breast cancer genomes [78]. Our analysis revealed that somatic mutations
characterized by APOBEC signatures preferentially perturb MYB-like binding fam-
ilies (Myb/SANT), as well as certain TF families such as forkhead, homeodomain,
and homeodomain; POU.

Figure 4.8 illustrates the volcano plots for SBS2 and SBS13 (APOBEC signatures)
by focusing only on members of the MYB-like family. Each data point represents
the overall disposition of TFs, with its x-axis position corresponding to the log2 fold
change (log2FC) and its y-axis showing the log-scaled adjusted p-value calculated as
described in Table 4.3.

� Red segments (GOF): Signi�cant gain-of-function events (adjusted p-value <
0.05 and log2FC > 0.25).

� Blue segments (LOF): Signi�cant loss-of-function events (adjusted p-value <
0.05 and log2FC < -0.25).

� Gray segments: TFs that were not signi�cantly affected by the mutational sig-
nature.

In both SBS2 and SBS13 volcano plots, the majority of Myb/SANT family members
were enriched for GOF events with high fold change values and statistically signi�-
cant adjusted p-values. In addition to volcano plots, the preferential effects of GOF on
this family members due to APOBEC-induced mutations were also consistent with
previous studies. Li et al. [79] experimentally demonstrated that APOBEC signa-
ture mutations can createde novoMYB-like binding sites promoting the aberrant
enhancer activity that facilitates overexpression of oncogenes likeLMO1. Further-
more, our �ndings also align with other recent studies proposing similar implications
of APOBEC activity in MYB-like TF families [80, 81].

Furthermore, a similar trend was observed in the impact of APOBEC-related signa-
tures on members of the forkhead or forkhead box (FOX) family—a critical group
of regulators involved in cell cycle regulation and DNA repair [82]. Unlike our
MYB-like observations, we did not encounter previous studies reporting this spe-
ci�c APOBEC-mediated enrichment in FOX family members, making our �nding
a potentially novel contribution to the �eld. Figures 4.9 illustrate the same volcano
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Figure 4.7: Heatmap with pie charts that re�ect the relationship between DBD fami-
lies of TFs and mutational signatures.
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A: SBS2-MYB/SANT family members

B: SBS13-MYB/SANT family members

Figure 4.8: Volcano plots of APOBEC signature effects on MYB/SANT family mem-
bers. TF-MYBL2 is highlighted in red to indicate its signi�cantly enriched GOF
effect (as demonstrated by the real-case example in Table 4.3). Only MYB/SANT
family members are annotated in this plot.
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