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Abstract

The identification of gene promoter regions is crucial for understanding transcrip-
tional regulation, yet computational methods often struggle to effectively integrate
the diverse biological signals involved. Existing approaches typically focus on a sin-
gle data modality, such as the DNA sequence, or employ simple fusion techniques
that fail to leverage explicit biological knowledge. To address these limitations,
we present BWAF-Net, a novel multi-modal deep learning framework for the
identification of human promoters.

BWAF-Net integrates three data streams: DNA sequences processed by a
Transformer to capture long-range dependencies; gene regulatory context from
36 tissue-specific networks modeled by a Graph Attention Network (GAT);
and explicit domain knowledge in the form of 11 quantified biological motif counts
(priors). The framework’s central innovation is the Biologically Weighted At-
tention Fusion (BWAF) layer, which uses the biological priors to learn dynamic
attention weights that modulate the fusion of the sequence and network represen-
tations.

Evaluated on a balanced dataset of 40,056 human promoter and non-
promoter sequences, BWAF-Net achieved outstanding performance, with 99.87%
accuracy, 99.99% AUC-ROC, and 100% precision on the held-out test set.
The proposed framework significantly outperformed a replicated state-of-the-art,
sequence-only baseline as well as a series of ablated models. Our ablation studies
confirm that naive feature concatenation is a suboptimal fusion strategy, validating
the necessity of the intelligent BWAF mechanism. By providing a framework that
is highly accurate, parameter-efficient, and interpretable, this work presents a

significant advance in multi-modal Al for regulatory genomics.

Keywords: Promoter Identification, Multi-Modal Deep Learning, Attention Fu-
sion, Transformer, Graph Attention Network (GAT), Gene Regulatory Networks,
Biological Priors, Explainable AT (XAI).
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Chapter 1

Introduction

1.1 Background

Gene regulation is a fundamental biological process that orchestrates the precise
expression of genes, defining cellular identity, function, and response to stimuli.
At the heart of this process lie promoters, specific DNA regions that serve as
the primary control points for initiating gene transcription [1-6]. The accurate
identification and characterization of these promoters are therefore essential for
deciphering the complex logic of gene regulatory networks, understanding devel-
opmental pathways, and elucidating the molecular basis of human diseases [7-12].
The function of a promoter is not determined by its DNA sequence in isolation
but is profoundly influenced by a multi-layered regulatory landscape, including
the three-dimensional chromatin architecture, the binding of transcription factors
(TFs), and tissue-specific interactions within gene regulatory networks (GRNs) [5,
13-18|.

Historically, understanding promoter function has been driven by a combi-
nation of experimental and computational technologies. Experimental techniques
such as chromatin immunoprecipitation sequencing (ChIP-seq) have been instru-
mental in mapping TF binding sites, while methods like Cap Analysis of Gene
Expression (CAGE) provide precise locations of transcription start sites (TSSs)
[19-21]. Computationally, early efforts to predict promoters relied on identifying
conserved sequence motifs, such as the TATA box, through statistical methods
like Position Weight Matrices (PWMs) and Hidden Markov Models (HMMs) [21].
While foundational, these approaches often struggled with the sequence variability
and contextual dependencies inherent in complex genomes.

The advent of high-throughput sequencing has generated a wealth of
multi-modal biological data, offering an unprecedented opportunity to model this

complexity. In response, the field of computational genomics has increasingly
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turned to Artificial Intelligence (AI), particularly deep learning [22-26]. Ad-
vanced architectures like Transformers and Graph Attention Networks (GATS)
have demonstrated significant success in learning intricate patterns from sequence
and network data, respectively [24, 27-31]. Transformers, with their self-attention
mechanism, excel at capturing long-range dependencies in DNA [22, 29-32|, while
GATs are adept at modeling the relational information in biological networks [28].
These technologies form the technical foundation upon which modern, more so-

phisticated promoter prediction models are built.

1.2 Motivation

our motivation for this research stems from a recognized gap between the capabil-
ities of modern Al and the complexities of biological systems. While observing the
remarkable success of deep learning models in various domains, We noted that in
genomics, many state-of-the-art approaches still operate on a single data modality,
typically the DNA sequence. This seemed insufficient, as biological reality is in-
herently multi-modal; a promoter’s function is not just a property of its sequence
but is deeply embedded in its cellular and network context. We was particularly
interested in the challenge of integrating the linear, syntactic information of DNA
with the relational, contextual information of gene regulatory networks.
Furthermore, We observed that many deep learning applications discard
decades of accumulated biological knowledge in favor of a purely data-driven,
end-to-end learning approach. This felt like a missed opportunity. Our work
is driven by the conviction that a more powerful and trustworthy model could
be built by explicitly incorporating this hard-won biological knowledge such as
the roles of specific regulatory motifs into the model’s architecture. We wanted
to design a framework that learns from data but is also guided by established
biological principles. This desire to bridge the gap between purely data-driven Al
and biologically-informed modeling, specifically for the crucial task of promoter

identification, is the core motivation for this thesis.

1.3 Problem Statement

The accurate identification of human gene promoters is a critical yet unsolved
challenge in computational genomics. In recent years, significant efforts have been
made using advanced deep learning models to address this problem. Transformer-
based architectures, such as ‘msBERT-Promoter‘, have achieved high accuracy by
leveraging powerful self-attention mechanisms to learn from DNA sequences alone

[9]. However, this single-modality focus represents a key technical challenge, as
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it inherently ignores the rich contextual information provided by gene regulatory
networks, which are known to be crucial for tissue-specific gene expression|[33-35].
On the other hand, Graph Neural Networks (GNNs) have been successfully applied
to model these biological networks for tasks like cancer driver gene identification,
but they often lack a sophisticated mechanism for integrating fine-grained sequence
features |28, 34].

Attempts to create multi-modal models often face a second technical chal-
lenge: suboptimal fusion. The most common strategy is simple feature concatena-
tion, where learned representations from different branches are merged and passed
to a classifier. As will be demonstrated empirically in Chapter 4 of this thesis,
this naive approach can paradoxically degrade performance, as the strong signal
from low-dimensional, high-value features (like biological priors) can be diluted by
higher-dimensional, more complex features from deep learning branches. A third
challenge, therefore, is the lack of a fusion methodology that can intelligently
and dynamically weigh the contributions of different data modalities. Specifically,
there is a significant research gap in methods that use explicit, quantitative bio-
logical knowledge (such as motif counts) not just as another input feature, but as
an active controller to guide the fusion process itself. This limitation results in a
performance ceiling for current models and hinders their biological interpretabil-
ity. This thesis proposes a novel architecture designed to directly address these

technical challenges by introducing a prior-guided dynamic fusion mechanism.

1.4 Research Questions

To address the problems outlined above, this research is guided by two primary

questions:

1. How can a multi-modal deep learning architecture be designed to synergis-
tically integrate distinct data types specifically DNA sequences and multi-

tissue gene regulatory networks for human promoter identification?

2. To what extent does using explicit biological priors to dynamically guide
the fusion of learned features improve performance and interpretability over

static fusion methods?
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1.5 Objectives of the Study

1.5.1 General Objective

The general objective of this research is to develop a multi-modal deep learning
framework, BWAF-Net, for improving the accuracy of human promoter identifi-

cation.

1.5.2 Specific Objectives

To achieve the general objective, this research pursued the following specific ob-

jectives:

1. To design and implement a novel deep learning architecture that integrates
a Transformer branch for sequence analysis, a Graph Attention Network
(GAT) branch for network context, and a Biologically Weighted Attention
Fusion (BWAF) layer guided by explicit biological priors.

2. To empirically evaluate the performance of the proposed BWAF-Net model
against a state-of-the-art baseline and a series of ablated models to vali-
date the contribution of each architectural component and the novel fusion

mechanism.

3. To analyze the trained model to gain interpretable insights into its decision-
making process, linking its learned fusion strategy back to known biological

principles.

1.6 Contribution of the Study

This thesis presents contributions to the fields of Artificial Intelligence and Com-
putational Genomics. The primary methodological contribution is the implemen-
tation of the Biologically Weighted Attention Fusion (BWAF) mechanism.
This represents an architectural paradigm for multi-modal learning where explicit
domain knowledge is used as an active controller of information flow between
specialized deep learning modules.

For the field of computational genomics, this work contributes BWAF-
Net, a computational framework for human promoter identification. The model
achieves an improved performance (99.87% accuracy and 100% precision on the
test set) while being significantly more parameter-efficient than comparable state-
of-the-art ensemble models. Furthermore, this thesis provides empirical evidence

on the nature of multi-modal fusion in genomics. The ablation studies reveal that
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while biological priors are highly predictive, naive fusion strategies like simple
concatenation can degrade performance. The success of the BWAF mechanism
provides a validated solution to this challenge, demonstrating that an intelligent,
prior-guided fusion strategy is essential for unlocking the full synergistic potential

of multi-modal data.

1.7 Scope and Delimitation

1.7.1 Scope

The scope of this study is to develop a deep learning framework for promoter

prediction within the human genome. The model integrates three specific data
types:

e Sequence Data: 2000bp DNA sequences upstream of the T'SS of protein-

coding genes from the GRCh38 human reference genome.

e Network Data: 36 normal human tissue-specific GRNs sourced from the
GRAND database.

e Biological Priors: Quantitative counts of 11 well-characterized regulatory
DNA motifs.

The study utilizes publicly available human genomic and regulatory datasets and
focuses on developing an interpretable, multi-modal architecture for binary clas-

sification (promoter vs. non-promoter).

1.7.2 Delimitations

The research is confined to the human genome and focuses exclusively on pro-
moters of protein-coding genes located on the primary chromosomes (1-22, X, Y).
Other regulatory elements such as enhancers, silencers, or insulators are not con-
sidered. Additionally, only the three specified data types were used; other omics
data like proteomics or metabolomics are excluded. The study is computational
in nature, and no experimental (wet-lab) validation of the model’s predictions is
conducted. The model’s applicability to other species or to predicting promoter

strength remains outside the present scope.

1.8 Thesis Outline

The remainder of this thesis is organized as follows. Chapter 2 provides a compre-

hensive review of the literature, covering the biological foundations of promoters
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and the evolution of computational prediction methods, thereby establishing the
research gap this thesis addresses. Chapter 3 details the complete methodology,
including the Design Science Research approach, the curation and preprocessing
of all data modalities, the mathematical formulation of the BWAF architecture,
and the full experimental design. Chapter 4 presents and analyzes the experi-
mental results, detailing the performance of the full BWAF model, its comparison
against the replicated state-of-the-art baseline, and the insights gained from the
ablation studies and interpretability analysis. Finally, Chapter 5 summarizes the
key findings and contributions of the thesis and proposes promising directions for

future research.



Chapter 2
Literature Review

This chapter establishes the theoretical and empirical foundation for the thesis
by providing a comprehensive review of the scientific literature. We begin by
defining the biological significance of promoters to contextualize the prediction
challenge, then trace the evolution of computational methods from early statisti-
cal approaches to classical machine learning. The review then transitions to the
modern deep learning era, surveying the impact of foundational architectures like
Convolutional and Recurrent Neural Networks before focusing on state-of-the-art
models, including Transformers for sequence analysis and Graph Attention Net-
works (GATs) for modeling regulatory context. Finally, we critically analyze the
frontier of multi-modal data fusion and the integration of biological priors into Al
models. This culminates in a precise articulation of the specific research gap this
thesis addresses: the lack of a framework that uses quantitative biological knowl-
edge to dynamically guide the fusion of learned representations from distinct deep
learning branches, thereby justifying the need for the novel Biologically Weighted
Attention Fusion (BWAF) model.

2.1 Biological Foundations of Gene Regulation

To understand the challenge of promoter identification, it is essential to first review
the fundamental principles of molecular biology that govern how genetic informa-
tion is transcribed and expressed. This section provides a background on the key

biological molecules and the central process of gene transcription.

2.1.1 Key Biological Molecules and the Genome

The blueprint of life is stored within Deoxyribonucleic Acid (DNA), a double-
helix molecule composed of a sequence of four chemical bases, or nucleotides:
Adenine (A), Guanine (G), Cytosine (C), and Thymine (T). The entire set of
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DNA instructions in an organism is known as its genome |36, 37|. Genomics is
the field dedicated to studying the structure, function, evolution, and mapping of
genomes|38].

Specific segments of DNA that contain the instructions for building func-
tional products are called genes. These products are typically proteins, which
are complex molecules that perform a vast array of tasks within a cell, or func-
tional Ribonucleic Acid (RNA) molecules. The journey from a gene’s DNA
sequence to a functional protein is the core of gene expression and follows the
central dogma of molecular biology: DNA — RNA — Protein[39-43|.

2.1.2 Gene Transcription and Expression

Gene expression is the process by which information from a gene is used in the
synthesis of a functional gene product. The first and most highly regulated step
of this process is transcription, where a specific segment of DNA is copied into
an RNA molecule by an enzyme called RNA Polymerase[44, 45].

The transcription process, as illustrated in Figure 2.1, is initiated at a spe-
cific region of DNA upstream of a gene known as the promoter. This region acts
as a binding site for RNA Polymerase and a suite of proteins called transcrip-
tion factors (TFs). TFs recognize and bind to short, specific DNA sequences
within the promoter called motifs or transcription factor binding sites (TFBSs).
The coordinated binding of these TFs helps to recruit RNA Polymerase to the pro-
moter and initiate transcription at a precise location known as the Transcription
Start Site (TSS). Once initiated, the RNA Polymerase moves along the DNA,
synthesizing a complementary RNA strand. This RNA molecule is then processed
and, if it codes for a protein (as messenger RNA or mRNA), is translated into a

protein by the cell’s machinery (ribosomes)[4, 16, 46].
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Figure 2.1: A schematic of eukaryotic gene transcription initiation. Transcrip-
tion factors (TFs) bind to specific DNA motifs within the promoter region. This
complex recruits RNA Polymerase II, which then initiates the synthesis of an
RNA transcript from the DNA template starting at the Transcription Start Site
(TSS)|[46].

The regulation of this process is incredibly complex. The presence, com-
bination, and spacing of different motifs within a promoter determine which TFs
can bind, how strongly they bind, and ultimately, the rate of transcription|47].

This regulatory grammar is what our computational model aims to learn.

2.2 Traditional Computational Methods for Pro-

moter Prediction

Before the widespread adoption of machine learning, computational promoter pre-
diction was dominated by methods that attempted to model the known biological
features of promoters directly through rule-based or statistical approaches. These
early methods were foundational but were ultimately limited by their inability to

capture the full complexity and variability of regulatory sequences|48].

2.2.1 Rule-Based and Consensus Sequence Methods

The earliest computational approaches were essentially "handcrafted rule" sys-

tems based on direct biological observations. Researchers knew that certain DNA
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motifs, such as the TATA box (consensus sequence TATAAT) in prokaryotes or the
TATA box (consensus TATAAAA) and Initiator element (Inr) in eukaryotes, were
frequently found at specific distances from the TSS[49].

These methods involved scanning a genome for occurrences that matched
a strict consensus sequence or a set of predefined rules about the presence and
spacing of these motifs. While effective for identifying promoters with highly con-
served, canonical structures, these rule-based systems suffered from extremely high
false-positive and false-negative rates. They lacked the flexibility to account for
the significant sequence variability observed in functional, non-canonical promot-
ers and could not easily integrate information from weaker, less-conserved motifs

[50, 51].

2.2.2 Statistical Pattern-Matching Methods

To address the rigidity of consensus sequences, statistical methods were developed
to model the variability of promoter elements probabilistically. These approaches
moved from deterministic rules to scoring sequences based on their likelihood of

being a functional site[49].

Position Weight Matrices (PWMs)

A significant improvement over consensus matching was the Position Weight
Matrix (PWM), also known as a Position-Specific Scoring Matrix (PSSM). A
PWM is a matrix that stores the probability (or log-odds score) of observing each
of the four nucleotides (A, C, G, T) at each position within a known motif [49,
52].

Given an alignment of N known binding site sequences of length L, the
frequency matrix [’ is first constructed, where Fj, ; is the count of nucleotide b at
position j. The probability matrix P, where P, ; = Fy, ;/N, is then converted into
a log-odds PWM, M. The score M, ; for nucleotide b at position j is given by:

P .
Mp,; = log, (ﬂ> (2.1)
Py

where p, is the background probability of observing nucleotide b in the genome
(e.g., 0.25). To score a new sequence S = s159...51, the scores are summed across

its length:
L

Score(S) = Z M, ; (2.2)

j=1
A sequence is predicted to be a promoter element if its score exceeds a predefined

threshold. While PWMs account for nucleotide frequency at each position, they
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make a strong simplifying assumption of positional independence, meaning they
cannot model dependencies between nucleotides at different positions within the

motif [53]. This limitation contributes to their high false-positive rates.

Hidden Markov Models (HMMs)

Hidden Markov Models (HMMs) were introduced to model the sequential
structure of genomic regions, including promoters. An HMM is a statistical model
that assumes a system is a Markov process with unobserved ("hidden") states. In

genomics, these hidden states can represent different functional regions, such as

nn non;

exon," "intron,"

"promoter, or "intergenic."|54]

An HMM is defined by a set of states, a set of emission probabilities
(the probability of observing a nucleotide given a certain state), and a set of
transition probabilities (the probability of moving from one state to another). For
promoter prediction, one could design an HMM with states representing the core
promoter, proximal elements, and flanking regions. The model can then calculate
the most likely path of hidden states for a given DNA sequence using algorithms
like the Viterbi algorithm. While HMMs can model dependencies between adjacent
states, their ability to capture the long-range interactions common in eukaryotic
promoters is limited, and they often struggle to generalize across diverse genomic

contexts without complex, manually designed state architectures [55].

Advanced Statistical Models

Later methods built upon these statistical foundations. For instance, TSSFinder
integrated Local-context Conditional Random Fields (LCCRFs), which are dis-
criminative models that can handle more complex dependencies than generative
models like HMMSs, to better capture the positional context of core promoter ele-
ments [56]. Other approaches incorporated thermodynamic features, such as DNA
duplex stability, into their statistical frameworks to improve prediction in specific
organisms like archaea [57]. Despite these improvements, all of these traditional
methods are fundamentally limited by their reliance on pre-defined features and
statistical assumptions, a challenge that machine learning and deep learning ap-

proaches would later address.

2.3 The Rise of Machine Learning in Promoter

Prediction

The limitations of statistical pattern-matching methods prompted a shift towards

classical Machine Learning (ML) approaches. These models represented a sig-
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nificant step forward by introducing algorithmic learning from data, but were
characterized by their reliance on a two-step process: manual feature engineering
followed by classification|58-60)].

2.3.1 Early ML Models

Early ML approaches treated promoter prediction as a standard binary classifica-
tion problem. The core of this paradigm was the process of handcrafted feature
engineering, which involves a researcher using their domain expertise to manu-
ally design and extract a set of numerical features from the raw DNA sequence.
These features, which could include nucleotide frequencies, k-mer counts, DNA
physicochemical properties (like melting temperature or bendability), or motif hit
scores, were compiled into a fixed-length feature vector for each sequence. This
vector was then used as input for a classical classifier to learn a decision boundary

between promoter and non-promoter classes|61, 62].

Support Vector Machines (SVMs)

Support Vector Machines (SVMs) were a highly popular choice for this task [62,
63]. An SVM is a supervised learning algorithm that aims to find an optimal
hyperplane that best separates data points belonging to different classes in a high-
dimensional space[61, 64]. For a given set of training data {(x;,v;)}~,, where
x; € R? is the feature vector and y; € {—1,1} is the class label, the SVM seeks to
find a hyperplane defined by a weight vector w and a bias b.

The decision function is given by:
f(x) = sign(w'x + b) (2.3)

The optimal hyperplane is the one that maximizes the margin, or the distance
between the hyperplane and the nearest data points (the support vectors) from

each class. This is formulated as a constrained optimization problem:

1
mllI)1§||W||2 subject to y;(Wix; +0) > 1 Vi (2.4)
To handle non-linearly separable data, SVMs employ the "kernel trick," which
uses a kernel function K(x;,x;) = ¢(x;)7¢(x;) to map the data into a higher-
dimensional feature space where a linear separation is possible, without explicitly
computing the transformation ¢. Common kernels in genomics include the linear,

polynomial, and Radial Basis Function (RBF) kernels.
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Random Forests (RFs)

Random Forests (RFs) were another widely used method, valued for their robust-
ness and ability to handle high-dimensional feature spaces [60, 63]. An RF is an
ensemble learning method that constructs a multitude of decision trees at training
time.

During training, for each of the B trees in the forest, a bootstrap sample
(a random sample with replacement) is drawn from the training data. Then, at
each node of the tree, a random subset of m features (where m < d) is selected,
and the best split among these features is used to partition the data. This dual
randomization (bagging of samples and random feature subspaces) helps to de-
correlate the individual trees[62].

For a new input x, the final prediction is made by aggregating the pre-

dictions of all B trees. For classification, this is typically done by majority vote:

f(x) = argmax, Z I(fp(x) =¢) (2.5)

where f,(x) is the prediction of the b-th tree and /() is the indicator function. The
strength of RFs lies in their ability to reduce the variance of individual decision
trees, making them less prone to overfitting.

Despite the advances offered by models like SVMs and RFs, these early ML
methods were fundamentally constrained by their reliance on the initial feature en-
gineering step. The quality of the handcrafted features directly limited the model’s
performance, and these features often failed to capture complex, higher-order de-
pendencies or long-range interactions within the DNA sequence a limitation that

would later be addressed by end-to-end deep learning models [58].

2.3.2 Recent Advances in ML

More recent research continues to leverage classical ML models but often with
more sophisticated feature sets or in combination with deep learning compo-
nents. The focus has increasingly shifted towards improving interpretability and
assessing cross-species or cross-condition generalizability. For example, MLDSPP
[65] combines DNA structural attributes with sequence encoding in an XGBoost
model, demonstrating strong performance across multiple bacterial genomes. Sim-
ilarly, other studies have used ML pipelines for predicting promoter strength
from synthetic libraries [66] or for identifying specific epigenetic marks like 5-
methylcytosine within promoter regions [67].

A recurring theme in these recent studies is the challenge of generaliz-
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ability. While models often perform well on their specific benchmark datasets,
performance can degrade when applied to different species or even different tis-
sues within the same species, as highlighted by comparative studies [68, 69]. This
underscores the need for models that can learn more fundamental and transferable
regulatory principles, a key motivation for the multi-modal approach proposed in
this thesis. The table below summarizes several recent studies, focusing on their

generalizability assessments.

Table 2.1: Summary of Machine Learning-Based Promoter Prediction Studies with

a Focus on Generalizability

Study

Methodology Summary

Generalizability Assessment

MLDSPP [65]

Zhao et al. (2021) [66]

BERT-Promoter [27]

Bhandari et al.

(2021) [68]

DeepPHIiC [69]

Nguyen et al. (2021) [67]

Hybrid model combining DNA structural
attributes and one-hot sequence encoding
using XGBoost; incorporated explainable
Al for interpretability.

Built a synthetic promoter library to
train an XGBoost-based predictor for
promoter strength.

Applied BERT embeddings with
SHAP-based feature selection for
promoter classification.

Comparative analysis of ML and DL
models, identifying CNNs as top
performers.

Deep learning framework for predicting
promoter-centered chromatin interactions
from Hi-C data.

Trained ML models to predict
genome-wide 5mC methylation sites in
promoter regions.

Demonstrated robust performance across 12
bacterial genomes, indicating strong
intra-prokaryotic transferability.

Mentioned cross-context applicability, but
lacked comprehensive validation on native
biological datasets.

Achieved strong performance on benchmark
datasets; however, cross-species testing was
not conducted.

Observed a drop in accuracy during
cross-species evaluations due to differences
in sequence motifs.

Generalized well across tissue types with
sufficient data; struggled with sparse
datasets.

Performed well on internal test sets;
species-specific generalization was not
extensively addressed.

2.4 Deep Learning for Sequence-Based Promoter

Prediction

The limitations of classical machine learning, particularly its reliance on man-
ual feature engineering, motivated the adoption of the deep learning (DL)
paradigm. Unlike their predecessors, deep learning models are capable of end-
to-end learning, automatically discovering hierarchical feature representations di-
rectly from raw input data, such as one-hot encoded DNA sequences. This section
details the progression of foundational DL architectures specifically Convolutional
and Recurrent Neural Networks and culminates in the current state-of-the-art,
Transformer-based models, explaining their mechanisms and applications in reg-

ulatory genomics|24, 70].
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2.4.1 Foundational Architectures: CINNs and RNNs

Deep learning was first successfully applied to promoter prediction through two
main architectural families: Convolutional Neural Networks (CNNs), which excel
at detecting local spatial patterns, and Recurrent Neural Networks (RNNs), which

are designed to model sequential dependencies|12, 71, 72].

Convolutional Neural Networks (CNNs) for Motif Detection

A Convolutional Neural Network (CNN) is a class of neural network particularly
adept at identifying local, position-invariant patterns. In genomics, this capability
is leveraged to automatically detect sequence motifs, akin to how a Position Weight
Matrix (PWM) operates but in a more flexible and data-driven manner [71, 73,
74].

A typical CNN layer processes an input sequence (e.g., a one-hot encoded
matrix of shape L x 4) by sliding a set of learnable filters (or kernels) across it.
Each filter is a small matrix of weights trained to recognize a specific pattern,
such as a TFBS. The convolution operation at each position involves computing
the dot product between the filter and the corresponding segment of the input
sequence. For a 1D convolution on a sequence X with a filter W of length k, the

output feature map ¢; at position 7 is:

k-1
¢ =f (Z Wi - Xip; + b) (2.6)

Jj=0

where f is a non-linear activation function (typically ReLLU) and b is a bias term.
By using multiple filters, a CNN can learn to detect a rich vocabulary of motifs
simultaneously. The output of a convolutional layer is often passed through a
pooling layer (e.g., max pooling) to create a down-sampled representation that
captures the presence of detected motifs regardless of their exact position. Models
like DeepBend demonstrated this principle by using a CNN to predict DNA bend-
ability, a structural property relevant to promoter function, directly from sequence
[75].

Recurrent Neural Networks (RNNs) for Sequential Context

While CNNs are powerful for local motif detection, they have a limited receptive
field. Recurrent Neural Networks (RNNs), and their more advanced variants like
Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks,
were developed to model sequential data and capture long-range dependencies|71,
74].
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An RNN processes a sequence one element at a time, maintaining a hidden
state h; that serves as a memory of the preceding elements. The hidden state at

timestep t is a function of the current input x; and the previous hidden state h;_;:
he = f(Whnhi—1 + Wanay + bn) (2.7)

where W}, and W, are learned weight matrices. Standard RNNs suffer from the
vanishing gradient problem, making it difficult to learn long-range dependencies.
LSTMs and GRUs overcome this with a gating mechanism a series of neural net-
works that learn to control the flow of information, deciding what to remember
from the past and what to forget. In promoter prediction, RNNs are used to model
the syntax of regulatory elements, understanding that the functional impact of a

motif can depend on its context and its distance from other elements [76].

Hybrid CNN-RNN Architectures

Recognizing the complementary strengths of these architectures, many successful
promoter prediction models have adopted hybrid designs. In these models, a
CNN layer is typically used first to extract local motif-like features from the raw
sequence. The resulting feature map, which represents a higher-level abstraction
of the sequence, is then fed into an RNN (often a Bidirectional LSTM or Bi-GRU)
to model the sequential dependencies between these learned motifs. This synergy
allows the model to learn both "what" (motifs, via CNN) and "where/in what
order" (context, via RNN) the important regulatory signals are. For example, a
model by Amjad et al. [77| leveraged multi-scale convolutional filters followed by
Bi-GRUs to effectively capture both local and long-range patterns for promoter
identification. Similarly, Zhou et al. [78] developed DeeReCT-TSS by integrating
CNNs with an attention mechanism to prioritize regulatory features learned from
the sequence. Table 2.2 provides a comparative summary of several such deep

learning models.

2.4.2 State-of-the-Art: Transformer-Based Models

While RNNs can model long-range dependencies, they are inherently sequential
and can struggle to parallelize computations. Transformer-based architectures,
originally developed for natural language processing, have emerged as the state-
of-the-art for sequence analysis by overcoming these limitations through the self-
attention mechanism [80]. Transformers operate without an inherent locality bias,
allowing every position in a sequence to directly attend to every other position,

making them exceptionally well-suited for modeling the complex, long-distance
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Table 2.2: Comparative Analysis of Foundational Deep Learning Models for Reg-
ulatory Element Prediction

Study Architecture Seq. Input Rep. Motif Target Type
Length Discovery
Bhandari et CNN + Bi-GRU 600 bp One-hot Yes Promoter
al. (2021) [77] (Convolution)
Zeng et al. CNN + 1,000 bp One-hot + Yes (Saliency TSS
(2021) [78] Attention CAGE Maps) (Promoter)
Kaur et al. Hybrid 300 bp Multi-Feature Yes Enhancer
(2022) [79] CNN-LSTM (k-mer, (Convolution)
word2vec,
shape)
Kaur et al. Hybrid CNN + 3000 bp dna2vec for Yes Enhancer-
(2022) [29] Transformer and sequence (Convolution promoter
2000bp re- embedding, and interaction
spectively 2-layer CNN for  Transformer) prediction
features,
Transformer for
high-level
extraction.

interactions between regulatory elements in genomic DNA.

A key innovation in this area is the adaptation of the BERT model for
genomics, exemplified by DNABERT (81|, which is pre-trained on vast amounts
of DNA sequence data. This pre-training allows the model to learn a fundamental
language of DNA. Subsequent models then fine-tune this pre-trained knowledge
for specific downstream tasks. The BERT-Promoter model, for instance, fine-tunes
a BERT model for promoter classification and uses SHAP for interpretability [27].

Building on this, msBERT-Promoter [82] established a new benchmark by
introducing two key innovations. The first is a multi-scale tokenization strat-
egy, where sequences are processed not as individual nucleotides but as k-mers of
varying lengths (k=3 to 6). This allows the model to capture both fine-grained
motifs and broader sequence patterns. The second is a two-stage prediction
framework: the first stage identifies promoters versus non-promoters, and the
second stage classifies those promoters as strong or weak. To achieve this, the au-
thors train an ensemble of DNABERT models, one for each k-mer representa-
tion, and combine their predictions via soft-voting. Given its strong performance,
advanced architecture, and its status as a sequence-only ensemble, we selected the
first stage of this methodology as the primary state-of-the-art baseline to replicate
and compare against our proposed multi-modal framework.

The power of Transformers has also been applied to related regulatory
problems. In enhancer-promoter interaction (EPI) modeling, models like EPI-Trans
[29] and TF-EPI [83] use Transformers to jointly model enhancer and promoter se-
quences, capturing the contextual information necessary for predicting physical or
functional links. Similarly, Proformer [30] uses a specialized Transformer architec-

ture to predict gene expression levels directly from promoter sequences. Table 2.3
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provides a comparative summary of these advanced approaches.

Table 2.3: Summary of Recent Transformer-Based Models for Promoter and En-

hancer Prediction

Model Model Type Context Modeling Interpretability Performance
Improvement
EPI-Trans [29] CNN + Fused enhancer/promoter Not reported Outperforms EPI-Mind
Transformer CNN outputs sent into via joint attention

TF-EPI [83]

BERT-Promoter [27]

TSSNote-
CyaPromBERT [84]

Proformer [30]

PLPMpro [85]

Chromoformer [86]

Transformer +
TextCNN

Pre-trained
BERT

BERT / XLNet

Macaron
Transformer

Prompt-
Learning PLM

Hierarchical
Transformer

single Transformer

6-mer tokenization with
long-range attention

Bidirectional encoding of
sequences

Context-aware modeling
of prokaryotic promoters

Local + global modeling
via ODE-inspired layers

Not detailed

Histone code + 3D
interactions via attention

Attention weights
used to find motifs

SHAP explanations
for strong/weak
promoters

AT-rich -10 box
focus via attention

Not reported

Partial (semantics
captured)

Attention on
downstream regions

modeling

Outperforms EPIANN
and EPI-DLMH across
all cell lines

85.5% accuracy on
strong promoters

AUROC of 0.977; F1 of
0.93

Outperforms CNNs
using multi-heads and
mask filling

Beats deep learning and
PLM baselines

Outperforms
CNNs/RNNs across gene
expression tasks

2.5 Modeling Regulatory Context with Graph At-

tention Networks

While Transformer-based models excel at deciphering the linear grammar of DNA
sequences, they are not inherently designed to model the complex, non-linear
relationships that constitute biological networks. Gene regulation is not a solitary
process; it occurs within a vast, interconnected system of interactions between
genes, transcription factors (TFs), and other regulatory elements. To capture
this critical contextual information, the field has increasingly turned to Graph
Neural Networks (GNNs), a class of deep learning models specifically designed
to learn from graph-structured data [87]. GNNs represent biological entities (like
genes) as nodes and their interactions (like regulation) as edges, allowing them to
learn features based on the topological structure of the network.

Among various GNN architectures, the Graph Attention Network
Unlike
simpler Graph Convolutional Networks (GCNs) that aggregate information from

(GAT) [88] has proven particularly effective for regulatory genomics.
neighboring nodes uniformly, GATs introduce an attention mechanism. This al-

lows the model to learn to assign different levels of importance to different neigh-

bors when updating a node’s representation. This is biologically highly intuitive; a
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gene’s function is often more strongly influenced by a few key regulatory partners
than by all its neighbors equally. This ability to dynamically weigh interactions
makes GATs a powerful tool for modeling the nuanced and context-dependent
nature of gene regulatory networks[89-91].

The power of GATs has been demonstrated across a range of complex
problems in regulatory genomics. A seminal example is GraphReg, which in-
tegrates 3D chromatin interaction data (e.g., from Hi-C) and epigenomic signals
into a GAT to predict gene expression [92|. By modeling long-range enhancer-
promoter interactions as a graph, GraphReg significantly outperformed CNN-
based approaches, highlighting the importance of network context. The GAT
framework has also been adapted to specifically model enhancer-promoter inter-
action (EPI) graphs, as seen in GATv2EPI, which uses a dynamic graph attention
mechanism to capture complex regulatory patterns across different chromosomes
and tissues [28].

Furthermore, GATs have been successfully applied to the direct prediction
of TF-target gene interactions. GraphTGI framed this task as a link prediction
problem on a TF-gene knowledge graph, using a GAT-based autoencoder to learn
powerful node embeddings that incorporated both network structure and biolog-
ical sequence features [93]. Expanding on this, PPRTGI enhanced a GNN with
Personalized PageRank to improve TF-target predictions [94]. The versatility of
GNNs is also evident in their application to networks derived from single-cell RN A-
seq data, where models like GNNLink [95] and GMFGRN [96] infer regulatory
links from dynamic gene expression states. Even methods that primarily focus on
sequence have begun to incorporate graph-based thinking; for instance, Tenekeci
and Tekir [97] demonstrated improved promoter identification by constructing
graphs from sequence fragments and integrating them with EPI networks.

The demonstrated success of these diverse, state-of-the-art models in
leveraging graph attention mechanisms to decode complex regulatory relation-
ships provides a strong rationale for our architectural choices. The ability of
GATs to learn context-specific node representations from tissue-specific networks
is precisely what is needed to complement the sequence-focused analysis of the
Transformer branch. Therefore, the inclusion of a GAT branch in our BWAF
framework is a well-justified strategy to ensure our model captures the critical

network context in which promoters function.
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Table 2.4: Summary of Recent GNN-Based Methods for Gene Interaction and

Regulatory Modeling

Model Graph Type Input Graph Topology Representation

GATvV2EPI [28] GAT Enhancer-Promoter Nodes are promoters/enhancers; edges denote
network interactions; chromosome-level subgraphs

GraphReg [92] GAT 3D chromatin Genomic bins as nodes; E-E and E-P edges

GraphTGI [93] GAT Autoencoder

PPRTGI [94] Personalized
PageRank GNN

GNNLink [95] GCN

GMFGRN [96] GNN + Matrix
Factorization

Tenekeci & Tekir [97] GCN

AutoGAT [98] GAT Autoencoder

interactions

TF-gene network

TF-gene network

scRNA-seqg-derived
GRN

scRNA-seqg-derived
GRN

Enhancer-Promoter
network

TF-gene network

based on Hi-C/HiChIP /Micro-C/HiCAR

Nodes: TFs and genes; edges: known
interactions; includes sequential and chemical
features

Nodes: TFs and genes; bilinear decoding of
edge scores

Nodes: genes; edges: inferred links from
expression data

Nodes: genes; edges: TF-gene dependencies
learned via graph embeddings

Nodes: word-embedded sequences; edges:
EPI interactions

Knowledge graph with TFs and genes as
nodes, interaction edges, with sequence and
chemical node features

2.6 The Frontier: Multi-Modal Fusion and Biolog-
ically Informed Al

The recognition that promoter function is governed by more than just the pri-

mary DNA sequence has pushed the field of computational genomics towards a

new frontier: multi-modal deep learning. This paradigm acknowledges that

a more complete understanding of gene regulation can only be achieved by inte-

grating heterogeneous but complementary data types. A comprehensive review by
Stahlschmidt, Ulfenborg, and Synnergren [99] highlights this trend, detailing how

fusing genomics, epigenomics, and transcriptomics can create more robust and

accurate predictive models. The challenge, however, lies not just in using multiple

data types, but in the sophistication of the fusion strategy itself.

2.6.1 Architectures for Multi-Modal Data Fusion

Early and straightforward approaches to multi-modal integration often rely on

simple feature concatenation. In this strategy, features are learned indepen-

dently from each modality using specialized neural network branches, and the

resulting feature vectors are simply concatenated before being passed to a final

classifier. For instance, the HMPI framework combines features from a CNN pro-

cessing DNA sequence with features from a DenseNet processing structural profiles

via late-stage concatenation [100]. Similarly, Kaur, Chauhan, and Aggarwal [101]
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combined k-mer, word2vec, and DNA shape features by concatenating them into
a unified input representation for a hybrid CNN-LSTM model. While often ef-
fective, this static fusion approach can be suboptimal, as it lacks a mechanism to
dynamically weigh the importance of different modalities based on the context of
a specific sample.

To address this, more advanced architectures have incorporated attention-
based fusion mechanisms. These methods allow the model to learn the relative
importance of different features or modalities in a data-driven manner. In the con-
text of regulatory genomics, this is particularly powerful. Chromoformer, for ex-
ample, uses a hierarchical Transformer to integrate 1D histone modification signals
with 3D chromatin interaction data, using attention to learn which genomic regions
and interactions are most relevant for predicting gene expression [86]. Similarly,
Proformer introduces a dynamic modality-interaction attention mechanism to se-
lectively weigh chromatin and sequence features, enhancing generalization across
cell types [30]. In broader biomedical applications, models like MultiSurv have
demonstrated how Transformer-based fusion heads can effectively integrate mul-
tiple patient data modalities for cancer survival prediction [102]. These attention-
based methods represent a significant step beyond static concatenation by allowing

for a more flexible and context-aware integration of information.

2.6.2 The Role of Biologically Informed Al

While data-driven fusion strategies are powerful, an emerging and highly promising
trend is the development of biologically informed AI, where explicit domain
knowledge is integrated to guide the model’s learning process. This paradigm
moves beyond letting the model discover all patterns from scratch and instead in-
jects established biological principles to enhance accuracy, improve interpretabil-
ity, and ensure that the model’s decisions are biologically plausible. A compre-
hensive review by Conard, DenAdel, and Crawford [103] outlines the spectrum of
such interpretable approaches in genomics.

This integration of prior knowledge can take several forms. One approach
is to structure the model’s architecture to reflect known biological relationships.
GraphReg, for instance, uses a GAT to explicitly model 3D chromatin interac-
tions, thereby embedding a physical prior about the genome’s structure into the
model [92]. Another strategy is to use biological knowledge to augment the fea-
ture space directly. This is common in promoter prediction, where features like
motif counts, conservation scores, or epigenetic marks (e.g., H3K4me3) are used
as inputs alongside the primary DNA sequence [85, 104].

Recent studies have emphasized the power of combining deep learning
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with such priors. The work by Hartman et al. [105] in proteomics and by McGee
et al. [106] in environmental health both demonstrate that models guided by bi-
ological knowledge are not only more accurate but also more reliable and inter-
pretable. This principle of using priors to constrain and guide AI models is a

powerful concept that is being explored across diverse scientific fields [107, 108].

2.7 Research Gaps and Future Directions

Identified Gaps in Current Literature

Despite substantial progress in computational biology and deep learning approaches
for gene regulation, current promoter prediction models exhibit critical limitations
across both methodological and biological dimensions. These limitations can be
broadly categorized into six interrelated themes: (i) static fusion strategies that ig-
nore regulatory dynamics, (ii) generalizability and overfitting in high-dimensional
multimodal data, (iii) poor interpretability of black-box models, (iv) insufficient
benchmarking and dataset diversity, (v) lack of biological validation, and (vi)
limited modeling of long-term regulatory mechanisms.

First, many existing models rely on rigid, static fusion strategies that inte-
grate genomic, epigenomic, and transcriptomic modalities without accounting for
the dynamic, context-specific nature of gene regulation [109, 110]. Such models
typically adopt early, intermediate, or late fusion methods but do not allow for
adaptive integration that reflects changing chromatin states, tissue-specific tran-
scription factor activity, or environmental stimuli [111]. As a result, they risk
oversimplifying complex biological processes and limit their applicability across
diverse cellular contexts [112].

Second, generalizability remains a major challenge in deep learning-based
promoter prediction, especially in biomedical domains characterized by small sam-
ple sizes, missing modalities, and unbalanced feature spaces [99, 111]. Overfitting
is exacerbated by high-dimensional inputs and complex architectures, and current
models rarely employ adaptive, similarity-aware mechanisms to dynamically weigh
the importance of each modality based on biological relevance [99].

Third, the interpretability of deep models continues to hinder their adop-
tion and trust in genomics. While transformer-based architectures like BERT-
Promoter [113] and PLPMpro [85] show strong predictive performance, they often
lack mechanistic transparency and fail to provide biologically meaningful feature
attributions. This obscurity is particularly problematic in promoter prediction,
where understanding regulatory grammar is key to biological discovery [111].

Fourth, benchmarking remains inconsistent across promoter prediction
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studies. Many models are evaluated on narrow datasets limited to specific species,
tissues, or promoter types, impeding reproducibility and generalizability [55, 114].
While datasets like ReFeaFi [115] and curated benchmarks [114] have made strides,
the field still lacks standardized, multi-species benchmarks under diverse regula-
tory conditions.

Fifth, biological validation is often missing from computational studies.
Although models like ReFeaFi and synthetic promoter work by LaFleur et al.
[116] incorporate in vitro and in vivo experiments, most deep models (e.g., BERT-
Promoter, PLPMpro, iPromoter-CLA) do not verify predictions experimentally,
leaving questions about the biological utility of their outputs [85, 113, 117].

Lastly, long-term biological dynamics such as transcriptional memory,
stochastic gene expression, and chromatin remodeling are rarely modeled explic-
itly. Many existing models rely on static representations of chromatin accessibil-
ity and transcription factor binding, ignoring the dynamic and temporal nature of
these interactions [118-120]. Furthermore, interactions involving RNA polymerase
dynamics, sigma factors, cryptic promoters, and transient nuclear localization re-
main underexplored in current computational frameworks [116].

In summary, advancing promoter prediction requires models that inte-
grate dynamic, biologically-informed multimodal fusion strategies; leverage inter-
pretable architectures; utilize diverse, standardized benchmark datasets; and in-
clude experimental validation to ensure biological relevance. Bridging these gaps
will enable a new generation of robust, generalizable, and biologically meaningful

computational tools for understanding gene regulation.
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Chapter 3

Research Methodology

3.1 Introduction

This chapter provides a comprehensive and detailed blueprint of the data, method-
ology, and experimental design employed in this thesis. The primary focus is the
construction and validation of the central research artifact: a novel multi-modal
deep learning model for human promoter region identification. The chapter is
structured to logically follow the research process, from the architectural design
of the proposed model to the precise protocols used for its empirical evaluation.

The chapter begins by presenting the Proposed BWAF-Net Archi-
tecture, the core technical contribution of this work. This section provides a
granular breakdown of the framework’s components, including the Transformer
encoder for sequence processing, the Graph Attention Network (GAT) for learn-
ing from gene regulatory networks, and the novel Biologically Weighted Attention
Fusion (BWAF) layer that integrates these modalities.

Following the architectural description, the chapter details the Data Ac-
quisition, Curation, and Exploration. This section describes the sources
and curation procedures for the three distinct data modalities genomic sequences,
gene interaction networks, and biological priors and presents key findings from
the exploratory data analysis. This is followed by a detailed account of the Data
Preprocessing Pipeline, which outlines the critical steps taken to align, trans-
form, and structure these heterogeneous data sources into a format suitable for
the deep learning model.

The chapter then lays out the complete Experimental Design for the
model’s validation. This section defines the evaluation metrics, the baseline and
ablation models used for comparison, and the specific protocols for the inter-
pretability analysis. Finally, the entire research process is contextualized within

the Design Science Research (DSR) paradigm, which provides the overarching
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methodological framework for this study.

3.2 The Proposed BWAF-Net Architecture

The core technical contribution of this thesis is a novel multi-modal deep learn-
ing architecture, named BWAF-Net, engineered for the complex task of human
promoter identification. The framework is built on the principle that superior
predictive accuracy and biological interpretability can be achieved by synergisti-
cally integrating information from three distinct data modalities. These modalities
are the linear DNA sequence, the context-specific gene regulatory network, and

explicit biological prior knowledge.

3.2.1 Architectural Overview

As illustrated in Figure 3.1, BWAF-Net employs a multi-branch architecture to
process its heterogeneous inputs. A Sequence Processing branch, implemented
as a Transformer encoder, learns deep feature representations from 2000bp DNA
sequences. In parallel, a Network Processing branch, using a Graph Attention
Network (GAT), learns contextual embeddings for each gene from 36 tissue-specific
gene-gene graphs.

The outputs of these two encoders, along with an 11-dimensional vector of
biological priors, are then fed into the novel Biologically Weighted Attention
Fusion (BWAF) Layer. This layer is the central component of the architecture;
it uses the priors to dynamically weigh the contributions of the sequence and
network features. The resulting integrated representation is then passed to a final
prediction head for classification. A key aspect of this methodology for ensuring
computational tractability is that the GAT branch output is pre-computed once
for all genes in the dataset. During training, the model performs a simple lookup
to retrieve these pre-computed features, making the end-to-end process highly

efficient.
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Figure 3.1: Overall Model Architecture Diagram of BWAF-Net. The framework
integrates three input modalities. A Transformer processes DNA sequences, while
a GAT processes gene networks. The outputs are dynamically fused by the BWAF
layer, which is guided by biological priors, to produce a final prediction.
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3.2.2 The Transformer Encoder

The Transformer branch is designed to learn rich feature representations from raw
DNA sequences by capturing both local motifs and long-range dependencies. This
is achieved using a standard Transformer encoder architecture [80]. The overall
process involves embedding the sequence, processing it through attention-based
encoder layers, and aggregating the output, with the specific implementation flow
detailed in Algorithm 1.

The input to this branch is a batch of integer-encoded DNA sequences
S € ZN*L where N is the batch size and L = 2000. Each nucleotide is first
mapped to a continuous 64-dimensional vector using a learnable embedding
layer. To inject sequence order information, a learnable positional encoding tensor
PE € RY>1*64 i5 added to the nucleotide embeddings.

The resulting tensor is then processed by a stack of 2 Transformer
encoder layers. Following modern best practices for training stability, a pre-
LayerNorm architecture (norm_first=True) is used. Each layer contains a multi-
head self-attention (MHA) module and a position-wise feed-forward network. The
core of the MHA module is the scaled dot-product attention mechanism. For
a given set of Queries (@), Keys (K), and Values (V), the attention output is

calculated as:

Attention(Q, K, V') = softma (QKT) vV (3.1)
ntion(Q, K, V') = softmax :
Vg

where dj is the dimension of the keys. This operation is performed in parallel
across 4 attention heads, and their outputs are concatenated and linearly pro-
jected. The feed-forward network, which is applied after the MHA module, has
an inner dimension of 256.

After the final encoder layer, the sequence of context-aware output em-
beddings Hain € RY*E%64 i5 aggregated into a single vector representation for each
sequence via masked mean pooling. Finally, this aggregated vector is passed
through a dedicated preparation layer to produce the final sequence feature vector,

Pseq_features € RN*64 ready for the fusion stage.
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Algorithm 1 Transformer Encoder Forward Pass

1: Input: Integer-encoded sequences S € ZN*E

®

10:
11:
12:
13:
14:

Parameters: Embedding Layer 0,,,, Positional Encoding PFE, Transformer
Encoders 0cyc, Fusion Prep Layer 0,

Output: Sequence features hgeq features € R %

Xemp < Embedding(.S; Oemb) > Shape: N x L x 64
Xpos < Xemb + PE > Add positional information
Mpaq < (S == PAD_1DX) > Create padding mask, Shape: N x L

Hattn < TransformerEncoder(X,os, stc_key padding  mask = Mpaq; Oene) >
Shape: N x L x 64

> Masked Mean Pooling for aggregation
Magg < (mMpaa).unsqueeze(-1).float () > Shape: N x L x 1
Hgym < sum(Hpen * Mgy, dim = 1)
Nionpad <= sum(M,ge, dim = 1).clamp(min = 1) > Avoid division by zero
Hage < Hyum/Nuonpad > Shape: N x 64
Rseq features <— FusionPrepLayer(Hagy; Oprep)

return hseqifeatures
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Figure 3.2: Detailed Flowchart of the Transformer Branch, illustrating the se-
quential processing from integer-encoded sequences to the final sequence feature
vector.
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3.2.3 The GAT Encoder

The GAT Encoder is designed to learn a representation for each gene based on its
connectivity and context within 36 different tissue-specific regulatory networks.
A key methodological feature for ensuring computational efficiency is that the
output of this branch is pre-computed once for all 17,787 genes in the graph.
During model training, the framework performs a simple lookup to retrieve these
pre-computed feature vectors, avoiding repeated, costly graph convolutions. The

entire pre-computation process is detailed in Algorithm 2.

Inputs

This branch takes two static inputs. The first is an initial node feature matrix
Xpode € RNeenesXNTEs - (where Ngenes = 17,787 and Nrps = 644. Each row vector
in this matrix represents a gene’s average normalized interaction profile across
all 36 tissues. The second input is a set of 36 sparse gene-gene graph structures,
{E;}3%,, where each E; is an edge index tensor representing the co-regulatory links

in a specific tissue.

Mathematical Formulation

For each of the 36 tissue-specific graphs, a Graph Attention Network (GAT) layer
[88] updates the feature vector h; for each gene node i. The update rule is based
on an attention-weighted aggregation of its neighbors A/ (). For a single attention
head, the attention coefficient o;; between node ¢ and its neighbor j is computed

as follows:

e;j = LeakyReLU (a” [Wh;||Wh,]) (3.2)
exp(e;;)
Zke./\/’(i)u{i} exp(e)

o;; = softmax;(e;;) (3.3)
where W is a learnable linear transformation, a is a learnable weight vector, and
|| denotes concatenation.

In a multi-head attention mechanism, this process is repeated in parallel
across K independent heads. In our implementation, we use a single GAT layer
where the number of heads is set to 1 (K = 1) for the final output. The updated

node feature vector is thus computed as:
hp=ELU [ Y a;Wh, (3.4)
JEN (B)U{i}
where ELU (Exponential Linear Unit) is the non-linear activation function. This
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operation produces a final gene embedding matrix H'®*) € RNeenes¥64 for each tissue

t.

Aggregation Across Tissues

After processing all 36 tissue graphs independently, the resulting 36 embedding

matrices are stacked and aggregated via element-wise averaging. This produces a

single, robust network representation for every gene, Hypapn an € RVeees*64 which

is the final pre-computed output of this branch.

Algorithm 2 GAT Encoder Forward Pass (Pre-computation)

1:

Input: Initial node features X,oq € RMNeenesXNTrs List of 36 edge indices
(B},

2: Parameters: GAT Layer 0,

3: Output: Pre-computed graph features for all genes Hgraph an € RVzenesx64

4 Hiissues < |] > Initialize list to store tissue-specific embeddings

5: for each edge index F; in {E;}3%, do

6: H, < GATLayer(Xyode, Et; Ogat) > Process graph for tissue ¢; Output
shape: Ngenes X 64

7. Append H; t0 Hisoues

8: end for

9: Hgtackea <— stack(Hijssues, dim = 0) > Shape: 36 X Ngepes X 64

10: Hgrapn an — mean(Hgacked, dim = 0) > Average across tissues

11: return Hypapn an
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Figure 3.3: GAT Branch Processing Diagram. Initial node features and 36 tissue-
specific graphs are processed by GAT layers to produce tissue-specific embeddings,
which are then aggregated to form the final graph feature representation.

3.2.4 The BWAF Fusion Layer

The Biologically Weighted Attention Fusion (BWAF) layer is the central method-
ological contribution of this thesis. It is designed to address the challenge of
multi-modal fusion by moving beyond simple concatenation. As demonstrated by
the ablation studies in Chapter 4, naive fusion can be a suboptimal strategy for
this problem. The intuition behind BWAF is to use the biological prior features

not merely as another input to a classifier, but as an active controller of infor-
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mation flow. This layer learns an adaptive policy to weigh the sequence-based
analysis against the network-based analysis for each specific sample, guided by its
known biological characteristics. The entire forward pass of this layer is detailed
in Algorithm 3.

Inputs and Projections

The BWAF layer receives three inputs for a batch of size N: the sequence fea-

N x64 N x64
tures Nseq features € R , the graph features Pgraph_features € R

transformed biological priors hpior € RN Ag both the Transformer and GAT

, and the log-

encoders were designed to output features of the same dimension, no projection
layers are needed in this specific implementation; the common feature dimension

eommon 18 64.

Mathematical Formulation and Implementation

The fusion process unfolds in four main steps. First, two small, independent
neural networks, termed weight_generators, learn to map the 11-dimensional
prior vector to a scalar attention weight for each modality. Each generator is a
two-layer MLP that outputs a single logit, which is then normalized to the range
[0, 1] by a Sigmoid function (o):

Oseq = 0(MLPyeq_wi(hprior)) € [0, 1]V} (3.5)
Qgraph = O-(MLPgraphiwt(hprior)) S [07 ”NXI (36)

Second, these learned attention weights are broadcast and multiplied element-wise
(®) with the feature vectors from their respective branches. This adaptively scales

each modality’s contribution based on its prior-informed importance:

hseq_weighted = Olgeq ® hseq_features (37)

hgraph_weighted = Qlgraph O] hgraph_features (38)

Third, the modulated feature vectors are combined through summation to create

a dynamically weighted fused representation:

hweighted_fused = hseq_weighted + hgraph_weighted (39)

Finally, to ensure the classifier has direct access to the original prior information,
this adaptively fused representation is concatenated with the original prior vector.
The resulting combined vector is passed through a LayerNorm for stabilization

and then processed by a final MLP classifier to generate the output logits. This
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classifier is an MLP with a hidden dimension of 128. The complete transformation

1s:

hﬁnal_input = Concat(hweighted_fused7 hprior) € ]RNX(64+H) (310)

logits = Classifier(LayerNorm(Anal_input)) € RAVx1 (3.11)

Algorithm 3 BWAF Layer Forward Pass

Input: Sequence features hgeq, Graph features hgapn, Prior features Apior
Parameters: Weight generators Oy seq, Owg graph, Classifier MLP 6,
Output: Logits 2 € RVx!

> Generate attention weights from priors
Oseq 4= 0(MLP (Aprior; Owg_seq))
Qgraph = 0(MLP (hprior; Owg graph))
> Modulate and combine deep features
hseqiw — Ageq O) hseq
hgraph_w — Qgraph © hgraph
hfused — hfseq_w + hgraph_w

— = =
NP2

> Final integration and classification
: hﬁnal < Concat(hfuseda hprior)

. hporm < LayerNorm(hgya)

: Z « ClassifierMLP (hporm; Geir)

. return 2

—_ =
[ B SN V]

The design of the BWAF layer represents a distinct paradigm for multi-
modal fusion, deliberately chosen over more conventional methods. It stands in
contrast to two common approaches. The first, static concatenation, was shown
to be suboptimal for this problem in our ablation studies (Chapter 4). This
is because the high-dimensional, complex features learned by the deep encoders
can overwhelm and dilute the clean, highly-discriminative signal from the low-
dimensional biological priors. The second, data-driven attention (e.g., cross-
attention), learns to weigh modalities based on patterns within the learned features
themselves. While powerful, this approach lacks explicit biological guidance and
risks learning spurious correlations from the dataset.

By contrast, the BWAF layer’s use of priors as an explicit controller of
information flow yields three key advantages. First, it injects a strong and ben-
eficial inductive bias into the architecture: the scientific hypothesis that the
optimal fusion strategy depends on the known biological characteristics of a pro-
moter. Second, it creates a direct, analyzable link between domain knowledge and
the model’s internal behavior, making the fusion process inherently transpar-
ent and interpretable. Finally, by guiding the model with established rules, it

makes the learning process more efficient. This design positions BWAF within
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the principles of prior-informed machine learning, an emerging field aimed at cre-
ating more robust and trustworthy AI systems in complex scientific domains [105,

106].

3.2.5 Loss Function

For the binary classification task of identifying promoter versus non-promoter re-
gions, the model was trained end-to-end by optimizing a carefully chosen loss
function. The standard and most appropriate choice for this task is the Binary
Cross-Entropy with Logits Loss (BCEWithLogitsLoss). This function is the
recommended implementation in PyTorch for binary classification due to its su-
perior numerical stability compared to using a separate Sigmoid activation layer
followed by a standard ‘BCELoss‘. By combining the two operations, it avoids
potential floating-point precision issues that can arise when dealing with values
very close to 0 or 1[121, 122].

From Model Output to Probability

The final layer of the BWAF-Net’s classifier outputs a single, raw, unbounded
scalar value for each sample in a batch. This value is known as a logit (Z;).
The logit represents the model’s confidence in the positive class (promoter) on a
logarithmic scale. To convert this logit into a probability p; that is bounded be-
tween 0 and 1, the ‘BCEWithLogitsLoss function internally applies the Sigmoid

function (o):
1

= .12
1 +e = (38.12)

pi = 0(22')

Mathematical Formulation

The Binary Cross-Entropy loss then measures the dissimilarity between the pre-
dicted probability p; and the true binary label y; € {0,1}. The loss for a single

sample is computed as:

Lpce(Yi, 2i) = —[yi -log(o (%)) + (1 — yi) - log(1 — o(%))] (3.13)
This formulation has an intuitive interpretation:

e When the true label y; = 1 (a promoter), the second term of the equation
becomes zero. The loss simplifies to —log(p;). The model is penalized if its

predicted probability p; for the positive class is low (i.e., far from 1).

e When the true label y; = 0 (a non-promoter), the first term of the equation

becomes zero. The loss simplifies to — log(1 — p;). The model is penalized
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if its predicted probability for the negative class, 1 — p;, is low (i.e., if p; is
high, far from 0).

The total loss for a batch is the mean of the losses for all samples within
that batch. During training, the goal of the optimizer is to adjust the model’s
parameters (weights and biases) via backpropagation to minimize this loss func-
tion, thereby driving the model’s predictions to be as close as possible to the true
labels.

3.3 Data Acquisition, Curation, and Exploration

The foundation of this study is a multi-modal dataset curated to provide comple-
mentary views of gene regulation, enabling the model to learn a holistic represen-
tation of promoter activity. The data was acquired from three distinct, publicly
available sources and structured into three core modalities. This section details
the acquisition of these raw data sources, the exploratory analysis performed to
understand their characteristics, and the curation process used to derive the final,

model-ready datasets. The overall integration pipeline is illustrated in Figure 3.4.

3.3.1 Overview of Data Modalities

The three modalities were chosen to capture different scales of biological regula-
tion. The first is genomic sequence data, sourced from the Ensembl GRCh38
human reference genome. This modality provides the fundamental, one-dimensional
regulatory grammar encoded directly in the DNA. The second is gene regulatory
networks, obtained from the GRAND database, which provide a higher-level,
context-specific view of the regulatory landscape by modeling gene-TF interac-
tions across 36 different human tissues. The third modality, biological priors,
provides explicit, domain-knowledge features derived by quantifying the occur-
rences of known regulatory motifs within the promoter sequences themselves. To-
gether, these three data streams provide a rich, multi-faceted representation of

each potential promoter region.
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3.3.2 Genomic Sequence Data

The foundation of the sequence-based modality is the human genome reference
assembly and its corresponding gene annotations. This section details the acqui-
sition of these raw datasets, the exploratory analysis conducted to characterize
them, and the systematic curation and extraction pipeline used to generate the

final set of promoter and non-promoter sequences for the model.

Data Source and Acquisition

The primary genomic data was sourced from the human genome reference assembly
GRCh38 (hg38) and its comprehensive gene annotations from Ensembl release
110 [123]|. The specific files were downloaded directly from the Ensembl FTP

server:

e Genome Sequence: The primary assembly DNA sequence file,

Homo_sapiens.GRCh38.dna.primary_assembly.fa.gz.

e Gene Annotations: The gene annotation file in GTF format,
Homo_sapiens.GRCh38.110.gtf.gz.

Exploratory Analysis and Curation Rationale

Upon acquisition, an exploratory data analysis was performed to understand the
composition and quality of the raw data. The genome assembly was found to
contain 194 distinct contigs, comprising the 24 main human chromosomes (1-
22, X, Y) and 170 additional unplaced scaffolds and alternate loci. The GTF
annotation file described a total of 62,754 genes, with a diverse range of biological

types, as summarized in Table 3.1.

Table 3.1: Distribution of Top Gene Biotypes in the Raw Ensembl GTF Annota-
tion.

Gene Biotype Count
protein coding 20,070
IncRNA 18,866
processed pseudogene 10,148
unprocessed _pseudogene 2,609
misc_ RNA 2,221
snRNA 1,910
miRNA 1,879
Other 5,042
Total 62,745
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To create a focused and biologically relevant dataset suitable for training
a robust promoter prediction model, a rigorous curation strategy was adopted
based on these findings. The dataset was filtered to include only protein-coding
genes located on the main human chromosomes. This decision was driven by

two key justifications:

1. Focus on Protein-Coding Genes: As shown in Table 3.1, protein-coding
genes form the largest and most well-characterized class of functional genes.
Their promoter regions and Transcription Start Sites (T'SSs) are extensively
studied and annotated, providing a reliable ground truth for model training.
Non-coding genes and pseudogenes were excluded, as their promoter struc-
tures can be highly variable, less characterized, or non-functional, which

could introduce significant noise and ambiguity.

2. Exclusion of Non-Canonical Chromosomes: Genes located on un-
placed scaffolds and alternate loci were excluded. These regions are often
fragmented or represent alternative haplotypes, and the gene annotations
within them can be less reliable. Focusing on the main chromosomes (1-22,

X, Y) ensures that the model is trained on the canonical human genome.

This stringent filtering strategy resulted in a high-quality candidate set of 20,070

protein-coding genes.

Promoter Definition and Sequence Extraction

A critical step in the methodology is the operational definition of a promoter
region. For this study, a promoter is defined as the 2000 base pairs (bp)
sequence immediately upstream of a gene’s annotated Transcription
Start Site (TSS). This specific 2000bp window was not chosen arbitrarily but
is a deliberate decision grounded in both biological principles and established
computational best practices.

The primary biological justification is that this window is sufficiently large
to encompass the most critical regulatory regions. It captures the core promoter
(typically within 50bp of the T'SS), which contains essential motifs like the TATA-
box and Initiator elements that are fundamental for transcription initiation [124].
It also includes the proximal promoter (extending up to 500bp upstream),
which houses key transcription factor binding sites. Furthermore, while enhancers
can be located many kilobases away, this 2000bp region is effective at capturing the
influence of more local, enhancer-like distal elements that play a significant

role in modulating gene expression [125].
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From a computational standpoint, the 2000bp length aligns with the state-
of-the-art in deep learning for genomics. It provides a balanced signal-to-noise
ratio, capturing the dense regulatory zone near the TSS while minimizing the in-
clusion of irrelevant information from further upstream regions, which could reduce
model specificity [126]. Moreover, using a fixed-length input simplifies data pre-
processing and ensures the uniformity required for transformer-based models. Re-
cent high-performance models like BERT-Promoter and msBERT-Promoter have
demonstrated the effectiveness of using input sequences of a similar scale to cap-
ture the necessary long-range regulatory context [82, 113].

Following this well-supported definition, a data generation pipeline was

implemented using custom Python scripts and the Biopython library [127]:

e Positive Set (Promoters): For each of the 20,070 candidate protein-
coding genes, the 2000bp sequence upstream of its TSS was extracted. The
process correctly handled gene strand orientation to ensure the true up-

stream region was selected.

e Negative Set (Non-Promoters): A corresponding negative dataset of
equal size was generated. These 2000bp sequences were randomly sampled
from genomic regions on the main chromosomes that were confirmed to not

overlap with any defined promoter regions or annotated gene bodies.

e Quality Control: All extracted sequences, both positive and negative,
underwent a final quality control filter. Any sequence that did not have an
exact length of 2000bp or contained any ambiguous nucleotides (represented

as 'N’) was discarded.

This rigorous acquisition, curation, and extraction process yielded the final, clean
sequence dataset used for all subsequent model training, consisting of 20,028

promoter sequences and 20,028 non-promoter sequences.

3.3.3 Gene Interaction Network Data

To capture the context-specific regulatory landscape for each gene, this study
incorporates a modality based on Gene Regulatory Networks (GRNs). This section
details the selection of the data source, the acquisition of the networks, their
primary characteristics discovered through exploratory analysis, and the critical

gene set alignment step required for multi-modal integration.

Data Source and Rationale

The context-specific GRN data was sourced from the GRAND database, a

large, publicly available repository of computationally inferred networks [128|.
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The GRAND database was selected as the optimal source for this research for

several key reasons:

e Availability of Normal Tissue Networks: Unlike many GRN databases
that focus on disease states, GRAND provides regulatory networks for 36
normal human tissues derived from the Genotype-Tissue Expression (GTEx)
project. This ensures the model learns from baseline regulatory interactions

in non-pathological conditions.

e Context-Specific Data: The tissue-specific nature of the networks is more
biologically relevant than a single, generic network, allowing the model to

leverage physiologically meaningful interactions.

e High-Quality Inference: GRAND networks are inferred using established
and robust network reconstruction algorithms such as PANDA [129] and LI-
ONESS [130], which integrate diverse data sources to produce more accurate

networks.

e Computational Efficiency: The availability of pre-computed GRNs al-
lowed this research to focus on the development of the novel fusion architec-
ture, avoiding the computationally prohibitive step of inferring 36 genome-

scale networks from scratch.

Data Acquisition and Characteristics

From the GRAND database, the 36 GRNs corresponding to normal human
tissues were downloaded. A full list of these tissues is provided in Table 3.2. Ex-
ploratory data analysis on the raw network files revealed a consistent and dense
structure. Each of the 36 tissue-specific networks was represented as a dense ma-
trix of inferred interaction strengths between 644 transcription factors (TFs)
and 30,243 genes.

The data was found to be fully dense (0% sparsity), with a numerical
score present for every TF-gene pair. Analysis of the interaction scores across
all 36 tissues, as shown in Figure 3.5, revealed a distribution centered around a
slightly negative mean (-0.0102). This suggests a prevalence of inferred repressive

interactions in the dataset, a common feature in genome-scale regulatory models.
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Figure 3.5: Distribution of the mean TF-gene interaction strength across all 36
normal tissue networks from the GRAND database. The distribution’s slight
negative skew suggests a prevalence of inferred repressive interactions in the raw
data.

Gene Set Alignment

A critical curation step for this multi-modal study was to ensure that all data
streams referred to the same set of biological entities. The set of 20,028 protein-
coding genes from the curated sequence dataset was therefore intersected with
the set of 30,243 genes present in the GRAND networks. This alignment process

revealed:

e 17,787 genes were present in both the promoter sequence dataset and the
GRAND networks.

e 2241 genes were exclusive to the promoter sequence dataset.
e 12,456 genes were exclusive to the GRAND network dataset.

To ensure data integrity, the final dataset for the model was defined by this inter-
section. All subsequent analyses and model training were performed exclusively
on this consistently aligned set of 17,787 protein-coding genes, for which all
three data modalities were available. This step is a prerequisite for creating the

master gene lists used in the data preprocessing pipeline.
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Table 3.2: Normal Human Tissues Included from the GRAND Database (N=36).

Tissue Category Tissue Name Tissue Category Tissue Name

Adipose Adipose Subcutaneous Gastrointestinal Stomach

Adipose Adipose Visceral Heart Heart Atrial Appendage
Adrenal Gland Adrenal Gland Heart Heart Left Ventricle
Artery Artery Aorta Intestine Intestine Terminal Ileum
Artery Artery Coronary Kidney Kidney Cortex

Artery Artery Tibial Liver Liver

Brain Brain Basal Ganglia Lung Lung

Brain Brain Cerebellum Ovary Ovary

Brain Brain Other Pancreas Pancreas

Breast Breast Pituitary Pituitary

Blood Whole Blood Prostate Prostate

Colon Colon Sigmoid Salivary Gland Minor Salivary Gland
Colon Colon Transverse Skeletal Muscle Skeletal Muscle
Esophagus Esophagus Mucosa Skin Skin

Esophagus Esophagus Muscularis Spleen Spleen

Esophagus Gastroesophageal Junction Testis Testis

Nerve Tibial Nerve Thyroid Thyroid

Uterus Uterus Vagina Vagina

3.3.4 Biological Prior Data

To complement the data-driven features learned by the deep learning branches,
a third modality consisting of explicit, domain-knowledge-based features was cu-
rated. The rationale for this inclusion is to provide the model with an inter-
pretable, biologically-grounded signal that can guide and enhance its learning

" were derived by quan-

process. These features, referred to as "biological priors,'
tifying the presence of key regulatory motifs within the final set of 20,028 clean

pI'OHlO'CGI' sequemnces.

Selection of Regulatory Motifs

A set of 11 key regulatory motifs was selected based on a survey of well-characterized
transcriptional regulatory elements that are fundamental to eukaryotic gene ex-
pression [131, 132]. The selection covers core promoter elements, proximal binding
sites, and other functionally important sequences known to bind transcription fac-
tors and influence gene activity [133]. The specific sequence patterns used for
identification were chosen to reflect the established consensus sequences reported
in the literature. Table 3.3 details the selected motifs, the patterns used for their

quantification, their primary biological significance, and supporting citations.

43



CHAPTER 3. RESEARCH METHODOLOGY

Table 3.3: Target Regulatory Motifs for Biological Prior Feature Extraction and
Supporting Literature.

Motif Name Representative Sequence(s) / Feature Typical Function / Significance Citation(s)
TATA Box TATAAA, TATATA, TATAAG Core promoter element (~-30 bp), binds TBP for transcription initiation. (131, 134]
CAAT Box CCAAT Proximal element (~-80 bp), binds factors like NF-Y, enhances efficiency. (132, 135)
GC Box GGGCGG, GGCGG, GGCAG Common in various promoters, binds Sp1 family transcription factors. [132]
CpG Island High density of CG dinucleotides (Count) Found near the TSS, associated with epigenetic regulation and transcription. [136]
BRE (TFIIB Rec. Elem.) GCG, CGG Flanks the TATA box, recognized by the general transcription factor TFIIB. [131]
MRE (Metal Response Elem.) TGCACA, TGCGCC, TGCGCG Core consensus that binds MTF-1 to regulate genes in response to heavy metals. [132]
PPE (Polypyrimidine Elem.)  TTTTT, CCCCC T/C-rich tracts near TSS, often associated with the Initiator (Inr) element. [131]
Octamer Motif (Oct1) ATTTGCAT Binds POU-domain transcription factors like Oct-1. [132]

Spl Binding Site GGGCGG Binding site for the ubiquitous Sp1 transcription factor. [133]
E-box (Enhancer Box) CANNTG (Regex: ‘CA[ACGT|{2}TG*) Binds basic helix-loop-helix (hHLH) TFs, crucial for development. [137, 138]
RFX Binding Site GAGACG (example) Binds RFX family TFs, involved in immune and developmental genes. [135]

Quantification Process

A systematic quantification pipeline was implemented using custom Python scripts
leveraging regular expressions. For each of the 20,028 promoter sequences, the
scripts performed a scan to count the number of non-overlapping occurrences for
each of the 11 refined motif patterns defined in Table 3.3. This process trans-
formed each 2000bp DNA sequence into an 11-dimensional integer vector, where
each element represents the raw count of a specific regulatory motif. This vec-
tor constitutes the "biological prior profile" for each promoter. This raw count
data was then saved to a CSV file (biological_prior_with_thresholds.csv),
serving as the input for the subsequent data preprocessing step, where a log trans-

formation is applied.

3.4 Data Preprocessing Pipeline

Following the acquisition and curation of the three raw data modalities, a multi-
stage preprocessing pipeline was executed to transform, align, and structure the
heterogeneous data into a format suitable for the deep learning framework. This
pipeline serves as the critical bridge between the curated biological datasets and
the specific input requirements of the BWAF-Net architecture. Its objectives are
to ensure data consistency across modalities, achieve numerical stability for model
training, and convert tabular data into meaningful graph structures for the GAT
encoder.

The overall workflow, illustrated in Figure 3.6, involves several key trans-
formations. For sequence data, this includes numerical encoding. For biological
priors, a variance-stabilizing log transformation is applied. For the network data,
the pipeline involves both value normalization and a complex structural conver-
sion from dense TF-gene interaction matrices to sparse, co-regulatory gene-gene

graphs. The following subsections detail each of these critical steps.
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Figure 3.6: The multi-stage data preprocessing pipeline. This workflow illustrates
the parallel processing of Sequence, Network, and Prior data streams, highlighting
alignment to master lists, numerical transformations (encoding, log-transform,
normalization), and the final graph creation step, resulting in model-ready tensors.

3.4.1 Gene and TF Alignment

A foundational step for any multi-modal analysis is ensuring that all data streams
refer to the same set of biological entities in a consistent and ordered manner.
This data alignment is critical for guaranteeing the integrity of the final dataset
and is a prerequisite for the subsequent transformation steps. To achieve this, two
master reference lists were established to serve as the single source of truth for
ordering all data tensors.

First, a definitive Master Gene List was created. This list contains
the 17,787 unique protein-coding gene IDs (in Ensembl ENSG format) that
were found to be common to both the curated promoter sequence dataset and the
GRAND gene regulatory networks, as determined during the data curation phase
(Section 3.3.3). This intersection ensures that every entity in the final dataset has
a complete set of features across all modalities.

Concurrently, a Master TF List of 644 unique transcription factor
(TF) IDs was derived from the row indices of the raw GRAND database network
matrices. A consistent ordering was established and enforced across all 36 tissue-
specific networks.

These two master lists were then used to programmatically filter and re-
index all relevant data structures. The columns of the 36 gene regulatory network
matrices and the rows of the biological prior feature matrix were reordered to
precisely match the sequence of the Master Gene List. This rigorous alignment

guarantees that for any given sample ‘i‘ in the final dataset, the sequence data,
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the prior feature vector, and the corresponding row in the pre-computed GAT
output tensor all refer to the exact same biological gene. This prevents data
mismatch errors during model training and is essential for the integrity of multi-

omics integration strategies [139].

3.4.2 Sequence and Prior Data Transformation

After establishing the master lists, the first steps in the parallel preprocessing
pipeline were to convert the raw sequence and biological prior data into numerical
tensors suitable for input into the neural network.

The 2000bp DNA sequences, initially in string format, were transformed
via integer encoding. This process maps each nucleotide to a unique integer
index: A=0, T=1, C=2, and G=3. A dedicated index (4) was reserved for the
padding token (<PAD>), which is used to ensure all sequences in a batch have
a uniform length and for the masking mechanism within the Transformer’s self-
attention layers. This deterministic mapping results in an integer tensor of shape
(N, L) for a batch of N sequences of length L = 2000, which is the required input
format for the model’s embedding layer.

Concurrently, the biological prior features required a transformation to
address their statistical properties. The raw motif counts (®;), as curated in the
data acquisition phase, exhibited highly skewed distributions with a large dynamic
range. Such distributions can destabilize model training and cause features with
large counts to disproportionately influence the model’s parameters. To mitigate
this, a common variance-stabilizing log transformation was applied to the 11-

dimensional feature vector for each gene i:
(@) = log(1 4 ®; 1) (3.14)

where g(®;); is the transformed value for the k-th motif count. This transfor-
mation compresses the range of the counts while preserving their relative order,
resulting in a more normally distributed and well-behaved feature set for the down-

stream neural network layers.

3.4.3 Network Data Normalization and Graph Creation

The gene interaction network data required the most extensive preprocessing of
all three modalities. This pipeline was designed to achieve two distinct goals:
first, to create a numerically stable set of initial node features for the GAT, and
second, to convert the dense, computationally inferred interaction matrices into

sparse, biologically meaningful graph structures suitable for graph neural network
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processing.

The first step was to normalize the raw interaction scores. The scores in
the 36 raw GRAND matrices have arbitrary units and vary in range from tissue to
tissue. To create a consistent feature space, the scores within each of the 36 filtered
and aligned tissue matrices (M) were scaled to the range [0, 1] using Min-Max

Scaling;:
, m;; — min(M)
m.. =
Y max(M) — min(M)

(3.15)

This normalization ensures that the GAT branch receives inputs on a common
scale across all tissues, which is crucial for stable learning. These 36 normalized
matrices were then used to compute the initial node features. For each of the
17,787 genes, its initial feature vector (X,oq.) was defined as the average of its
normalized interaction profiles across all 36 tissues, resulting in a single tensor
of shape (17,787,644).

The second, more complex step was the construction of sparse gene-
gene graphs. The raw GRAND matrices are dense, implying a potential inter-
action between every TF and every gene. However, Graph Attention Networks
operate most effectively on sparse graphs that represent only the most salient bi-
ological connections. We therefore devised and implemented a novel strategy to
convert the dense interaction data into a sparse, unweighted gene-gene graph for
each tissue. The core principle is that of TF co-regulation: an edge is created
between two genes if they are both strongly regulated by the same transcription
factor in a given tissue, implying a potential functional relationship. This was
implemented with a dynamic, TF-specific thresholding strategy, as detailed in
Algorithm 4. For each TF, a unique threshold is calculated based on the mean
and standard deviation of its interaction strengths with all genes. This adaptive
approach is more robust than a single global threshold, as it accounts for the fact

that different TFs have vastly different regulatory profiles.
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Algorithm 4 Gene-Gene Graph Construction from TF Co-Regulation

1: Input: Raw Interaction Matrices {M;}3¢,, Threshold factor 8 = 2.5, Edge
cap Chez =~ 1,000,000

2: Output: Edge Index Tensors {F,;}3%, for each tissue graph

3: for each tissue ¢ from 1 to 36 do

4: P+ > Initialize empty set for unique undirected gene pairs
5 for each TF f from 1 to Ntgs do

6: v + GetVectorOfAbsoluteScores(M;, f) > Scores for TF f
7 if count(v; > 0) < 2 then continue

8 end if

9: ps,0p < Mean(vy), StdDev(vy)

10: Ty pr+(B-oy) > Calculate dynamic, TF-specific threshold
11: ijrong «—{g | |score(f,g)| > Tf} v Identify strongly regulated genes
12: if |G| > 2 then

13: Pairsy < GetAllUniquePairs(ijrong) > Create a clique from the set
14: P, < P, U Pairsy > Add co-regulation edges to the tissue’s set
15: end if

16: end for

17: if |P;| > Ciuar then > Apply optional edge capping for very dense graphs
18: P, + RandomSample(P;, Caz)

19: end if

20: E; + ConvertToDirectedEdgelndex(P;) > Create (2, NumEdges) tensor
21: end for
22: return {F,;}3¢,

This method transforms the dense numerical matrices into 36 sparse, un-
weighted graph structures (F;), each represented by an edge index tensor in
the format required by PyTorch Geometric. This graph creation step is a crit-
ical part of our methodology, designed to distill the most salient co-regulatory
relationships from the potentially noisy, computationally inferred network data,

providing a meaningful structural input for the GAT encoder.

3.5 Experimental Design

To rigorously validate the proposed BWAF framework and systematically inves-
tigate the contributions of its constituent parts, a comprehensive experimental
design was established. This section serves as a complete blueprint for the em-
pirical evaluation that will be presented in Chapter 4. It begins by detailing the
standardized data partitioning strategy and the evaluation metrics used across all
experiments. It then defines the suite of models under evaluation including the
proposed model, a faithful replication of a state-of-the-art baseline, and a series
of ablation variants. The section concludes by outlining the specific protocols for

model training, evaluation, and the interpretability analysis that was performed
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to validate the model’s internal logic.

3.5.1 Data Partitioning and Evaluation Metrics

All experiments were conducted on the final curated dataset, which consists of
40,056 sequences and is perfectly balanced with 20,028 promoter (positive class)
and 20,028 non-promoter (negative class) samples. To ensure a fair and repro-
ducible comparison across all models, this dataset was partitioned once into three

distinct, non-overlapping sets using a fixed random seed (RANDOM_SEED=42):

e Training Set (70%): 28,040 samples, used exclusively for optimizing model

parameters via backpropagation.

e Validation Set (15%): 6,008 samples, used for hyperparameter tuning and

selecting the best model checkpoint from each training run (early stopping).

e Test Set (15%): 6,008 samples, held out during all model development

and used only once for the final, unbiased evaluation.

Following this data partitioning, the performance of each model on the
binary classification task was assessed using a comprehensive suite of standard
metrics. The metrics used are defined as follows, where TP, TN, FP, and FN refer
to True Positives, True Negatives, False Positives, and False Negatives, respec-

tively:
e Accuracy (Acc): The overall proportion of correct predictions.

TP+TN

1
TP+TN+ FP+ FN (3.16)

Accuracy =

e Precision (Prec): The proportion of positive predictions that were correct.

TP
Precision = ———— 1
recision TP L PP (3.17)

e Recall (Sensitivity, Rec): The proportion of actual positives that were

correctly identified.

TP
l=——— 1
Reca TPLFN (3.18)
e Specificity (Spec): The proportion of actual negatives that were correctly
identified. N
ificity = ————— 1
Specificity TN+ FP (3.19)
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e F1-Score (F1): The harmonic mean of Precision and Recall.

Precision - 11
Fl-Score — 9 - recision - Reca (3.20)

Precision + Recall

e Area Under the ROC Curve (AUC-ROC): A threshold-independent
measure of the model’s ability to discriminate between the positive and neg-

ative classes.

3.5.2 Models Under Evaluation

To validate the primary hypotheses of this thesis, a suite of models was trained
and evaluated on the standardized data partitions. This suite includes the pro-
posed BWAF model, a faithful replication of a state-of-the-art baseline, and a
series of carefully designed ablation models. This systematic approach allows for
a direct comparison of performance and a thorough dissection of the sources of

those results.

The Proposed BWAF Model

The primary model under evaluation is the full BWAF-Net, as detailed in Sec-
tion 3.2. This model features the end-to-end integration of the Transformer en-
coder, the GAT encoder, and the novel Biologically Weighted Attention Fusion
(BWAF) layer, utilizing all three data modalities (sequence, network, and priors).

Baseline Model: Replication of msBERT-Promoter

To contextualize the performance of the proposed BWAF model, a powerful and
recent state-of-the-art method, msBERT-Promoter [82], was selected as the pri-
mary baseline for comparison. This model was chosen for its high reported perfor-
mance and its architectural relevance as an advanced, sequence-only Transformer-
based approach. As a unimodal model, it serves as the perfect control to test the
central hypothesis that integrating network context and biological priors provides

a significant advantage.

Justification for Dataset Modification and Replication. A direct per-
formance comparison using the original msBERT-Promoter dataset and its pre-
trained model was scientifically infeasible and inappropriate for three key reasons.
First, the biological contexts are fundamentally different: the original study fo-
cused on short, 81bp prokaryotic (E. coli) promoter sequences, while this
thesis addresses a more complex problem involving 2000bp human eukaryotic

promoters. Second, our multi-modal BWAF model has a strict requirement for
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human-specific gene regulatory network data, a modality that does not ex-
ist for the prokaryotic dataset. Testing our model on their data was therefore
impossible.

Third, and most importantly, the goal of this comparison is not to bench-
mark performance on different biological problems, but to conduct a scientifically
valid comparison of methodological principles on the same task. Therefore,
to create the fairest possible head-to-head comparison, we faithfully replicated
the core architectural and ensemble strategy of msBERT-Promoter and trained it

from scratch on our own curated human promoter dataset.

Replication Methodology. The replication methodology, detailed in Algo-
rithm 5, was designed to mirror the central principles of the baseline paper. The

process involved three main stages:

1. Multi-Scale K-mer Tokenization: The 2000bp DNA sequences were tok-
enized into four distinct representations using overlapping k-mers of lengths
k=3, 4, 5, and 6. This creates four parallel views of the sequence data, each

capturing patterns at a different scale.

2. Independent Transformer Training: Four independent KmerTransformer
models were trained from scratch, one for each k-mer representation. While
the original msBERT-Promoter fine-tuned a large pretrained model (DNABERT),
our replication trained smaller Transformers (2 layers, 4 attention heads)
from scratch to be comparable in scale to a single branch of our proposed

model and to demonstrate the power of the ensemble strategy itself.

3. Soft-Voting Ensemble: For evaluation on the test set, the probabilistic
outputs from the four trained models were combined using a soft-voting
ensemble. The final prediction for a given sequence is the arithmetic mean

of the probabilities predicted by the four individual k-mer models.

This strategy ensures that any observed performance differences are directly at-
tributable to the architectural and data modality choices of our BWAF model
(i.e., multi-modal integration with guided fusion) versus the baseline’s strategy
(multi-scale sequence ensembling), as both are evaluated on the exact same data
splits and task. This comparison deliberately contrasts a design philosophy based
on information synergy (BWAF) with one based on computational scale (the en-

semble).
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Algorithm 5 Baseline Replication Methodology (msBERT-Promoter)

I N R S T e e e e e e
i I el R e B A T o el =

Input: Raw DNA sequences Sirain, Stest; Labels Yiain, Yiest
Parameters: K-mer values K = {3,4,5,6}
Output: Final ensemble predictions for the test set, Pynsemble
V0 > Initialize map for k-mer vocabularies
for each k£ in K do
Vi < BuildKmerVocabulary(Siain, k) > Build vocab from training data
Add V, to V
end for
Mirained < 0 > Initialize map for trained models
for each k£ in K do
Dy, <+ TokenizeAndCreateDataset (Strain, Yirain, ks Vi)
M, < InitializeKmerTransformer(V},)
TrainModel( My, Dy) > Train the k-mer specific model
Add Mk to Mtrained

: end for
: P o+ ] > List to store predictions from each model
: for each k in K do

Dy test < TokenizeDataset (Stest, £, Vi)
Py < PredictProbabilities( Miyainea k], Dk test)
Append P, to Pa

. end for
. Pasempie < Average(Puy 1) > Soft-voting ensemble
: return Pensemble

Ablation Models

To systematically investigate the contribution of each data modality and to vali-

date the novelty of the BWAF fusion mechanism, five ablated models were designed

and implemented. Fach model represents a simplification of the full architecture,

allowing for a controlled assessment of its impact on performance. The architec-

tural design of each model is illustrated in Figure 3.7. The five models are:

e Al: Transformer -+ Priors: This bi-modal model removes the GAT
branch entirely. It fuses the sequence features from the Transformer encoder
directly with the 11 biological priors via simple concatenation, followed by
a classifier. Its performance, when compared to the full model, is used to

measure the contribution of the gene regulatory network context.

e A2: GAT + Priors: This bi-modal model removes the Transformer
branch. It concatenates the pre-computed GAT features for each gene with
the biological priors and feeds them to a classifier. This measures the con-

tribution of the deep sequence features learned by the Transformer.

e A3: Simple Concatenation Fusion: This model includes all three data
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modalities (Sequence, Network, and Priors) but replaces the novel BWAF
layer with a standard, naive fusion strategy. The features from all three
branches are concatenated into a single vector and passed to a classifier.
This is the most critical ablation, as comparing its performance directly
against the full BWAF model quantifies the benefit of the proposed

prior-guided dynamic fusion mechanism.

e A4: Transformer-Only: A unimodal baseline that uses only the Trans-
former branch to make predictions from sequence data, followed by a clas-
sifier. This establishes the performance of a powerful, purely data-driven
sequence model and helps to contextualize the benefit of adding other modal-

ities.

e A5: Priors-Only: A simple MLP baseline that uses only the 11 biological
prior features as input. This model measures the raw predictive power of
the curated domain knowledge and serves as a strong, non-deep-learning

baseline.
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Figure 3.7: Architectural diagrams of the five models used in the ablation study.
Each model is a variant of the full BWAF framework, designed to isolate the
contribution of specific data modalities (Sequence, Network, Priors) and the fusion
mechanism (BWAF vs. Concatenation).

3.5.3 Experimental Protocols

To ensure consistency and fairness, all models were subjected to a standardized set

of experimental protocols for training, evaluation, and interpretability analysis.

Training and Evaluation Protocol

Each of the models under evaluation the full BWAF-Net, the baseline replication,
and all five ablation models was trained using an identical protocol. Models were
trained for a maximum of 10 epochs using the AdamW optimizer. A ‘Reducel-

ROnPlateau‘ learning rate scheduler was employed, which reduces the learning
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rate if the validation loss does not improve for a set number of consecutive epochs.
After each epoch, the model’s performance was measured on the validation set.
The model weights that yielded the lowest validation loss over the 10 epochs
were saved as the "best model." This early stopping strategy prevents overfitting
and ensures that the model selected is the one that generalizes best to unseen
data.

Following the completion of training, this single best model checkpoint
was loaded and evaluated exactly once on the held-out test set to generate the

final, unbiased performance metrics reported in Chapter 4.

3.5.4 Interpretability Analysis Protocol

A central objective of this thesis was to develop a model that is not only accu-
rate but also transparent. To move beyond performance metrics and understand
the model’s internal decision-making process, a two-pronged explainability anal-
ysis was designed. The primary goal was to validate the novel BWAF layer by
answering the question: Does the BWAF layer learn a biologically plausible fu-
sion strateqy? This was achieved by investigating the learned mapping between
the 11 biological priors and the two attention weights (cseq and agrapn) using two
complementary methods.

First, to understand the global, high-level trends, a Spearman Cor-
relation Analysis was performed. This non-parametric method was chosen to
measure the strength and direction of the monotonic relationship between each
prior feature and the generated attention weights, without assuming a linear rela-
tionship. For all 6,008 samples in the test set, the alpha weights were extracted,
and a correlation matrix was computed to reveal simple, monotonic associations.

Second, to capture more complex, non-linear relationships and to formally
quantify the marginal contribution of each feature, SHAP (SHapley Additive
exPlanations) was employed [140]. SHAP is a game-theoretic approach that can
explain a model’s output by computing the contribution of each feature to a pre-
diction. It was specifically chosen for its ability to reveal not just the magnitude of
a feature’s impact but also its effect on individual predictions. We used the model-
agnostic ‘KernelExplainer‘ to explain the outputs of the two weight_generator
MLPs within the BWAF layer, using the 11 prior features as inputs. SHAP values
were computed for a representative background of 100 samples and a target set of
500 samples from the test set.

This dual-method approach was deliberately designed to provide a com-
plete picture. Correlation reveals the overall trend, while SHAP reveals the local,

context-dependent feature importances. This allows for the discovery of sophis-
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ticated, non-linear policies learned by the model, where a feature can be highly

important (high SHAP value) but have a weak or even negative overall correlation.

3.5.5 Implementation Details

All models, data processing pipelines, and analyses were implemented in Python
3.10. The deep learning architectures were built using the PyTorch [141] and
PyTorch Geometric [142] libraries. All experiments were conducted on a system
with an Intel Core i7 CPU and 16GB of RAM. The complete source code is
provided in the supplementary materials.

The selection of hyperparameters was guided by a combination of estab-
lished best practices, empirical testing, and hardware constraints. Key training
hyperparameters are summarized in Table 3.4. The AdamW optimizer was chosen
as it is the standard for training Transformer-based models, and BCEWithLogit-
sLoss was used as it is the most appropriate and numerically stable loss function for
this binary classification task. A ‘ReduceLROnPlateau‘ scheduler was employed
to dynamically adjust the learning rate based on validation performance.

The number of training epochs was set to a maximum of 10. Observation
of the validation loss curves during initial experiments showed that all models
converged rapidly, typically reaching a minimum loss well before this limit. The
use of an early stopping protocol, which saves the model checkpoint with the
lowest validation loss, ensures that the selected model is the one that generalizes
best, regardless of the fixed number of epochs. The batch sizes of 16 and 32 were
determined to be the largest possible that could be accommodated by the available

system memory for the respective model architectures.

Table 3.4: Key Training Hyperparameters.

Hyperparameter Value / Setting
Universal Parameters
Optimizer AdamW
Weight Decay 1x107°
Loss Function Binary Cross-Entropy with Logits Loss
Max Epochs 10
Learning Rate Scheduler ReduceLROnPlateau (patience=3)

Model-Specific Parameters
BWAF & Ablation Models Learning Rate 0.0005
BWAF & Ablation Models Batch Size 16
Baseline (k-mer) Models Learning Rate 0.0001
Baseline (k-mer) Models Batch Size 32
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3.6 Research Methodology: Design Science Re-

search

The overarching methodology guiding this work is the Design Science Research
(DSR) paradigm [143]. DSR is particularly suited for this study as it is an
engineering-focused approach that emphasizes the creation and evaluation of in-
novative artifacts such as models, methods, or systems to solve specific, real-world
problems. In this context, the identified problem is the accurate identification
of promoter regions by integrating heterogeneous biological data. The primary
artifact is the novel BWAF-Net model, which combines Transformers and Graph
Attention Networks under the explicit guidance of biological priors.

The DSR process is inherently iterative, and for this thesis, it was adapted
into five distinct phases. This structured process ensures that the research pro-
duces a well-designed, thoroughly evaluated, and impactful contribution to the

field. The phases are as follows:

e Problem Identification and Motivation: As detailed in the Literature
Review (Chapter 2), a thorough analysis of existing promoter prediction
methods was conducted to identify their limitations, particularly concerning
multi-modal data integration. This phase culminated in the formulation of

the research questions that guide this study.

e Objective Definition: Based on the identified problem, the objective was
defined as the creation of a multi-modal deep learning model that leverages a
novel, biologically-informed fusion strategy. The specific objectives, outlined

in Section 1.5, provided a clear roadmap for the artifact’s design.

e Design and Development: This was the core artifact-building phase of
the research. It involved the detailed design, implementation, and refinement
of the BWAF-Net model, including its constituent Transformer and GAT

branches and the novel fusion mechanism, as specified in Section 3.2.

e Demonstration and Evaluation: In this phase, the developed artifact
was applied to the problem and rigorously evaluated. As detailed in the
Experimental Design (Section 3.5) and presented in the Results (Chapter 4),
the model’s performance was measured against a state-of-the-art baseline

and a series of ablation studies to demonstrate its utility and superiority.

e Knowledge Contribution: The final phase involves communicating the
research findings. This thesis makes several distinct contributions: (1) The
BWAF-Net model itself, as a validated and effective artifact for promoter

57



CHAPTER 3. RESEARCH METHODOLOGY

prediction; (2) The prior-guided fusion mechanism, a novel methodolog-
ical contribution to the field of multi-modal Al; (3) Empirical evidence
from the comparative and ablation studies that demonstrates the superiority
of this guided-fusion approach over naive concatenation and unimodal base-
lines; and (4) New insights from the interpretability analysis that confirm

the model learns a biologically plausible fusion strategy.

A visual summary of this adapted DSR process is provided in Figure 3.8.

- T T /"
1

Problem Identification Desi d
- Objective Definition esign an Evaluation -
and Motivation Development

Figure 3.8: Flowchart illustrating the Design Science Research (DSR) methodol-
ogy as adapted for this thesis, based on the framework by De Sordi [143].
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Chapter 4

Results and Discussion

4.1 Introduction

This chapter presents the comprehensive empirical evaluation of the Biologically
Weighted Attention Fusion (BWAF) framework, following the methodology and
experimental design detailed in Chapter 3. The chapter is structured to first
present the experimental findings objectively in the Performance Results section,
followed by a unified Discussion of their implications. The results are detailed
systematically, beginning with the performance of the full BWAF model, followed
by a comparative analysis against the replicated baseline, the findings from the
ablation studies, and the outcomes of the interpretability analysis. The chapter
then culminates in a discussion that synthesizes these findings, validates the core

hypotheses, and discusses the broader contributions of this work.

4.2 Performance Results

4.2.1 BWAF Model Performance

The performance of the proposed Biologically Weighted Attention Fusion (BWAF)
model was established by evaluating the fully trained model on the held-out test
set, which comprises 6,008 samples. The quantitative performance, predictive re-
liability, and training dynamics were assessed to provide a comprehensive bench-
mark of its effectiveness.

The model’s performance on standard binary classification metrics is sum-
marized in Table 4.1. The model achieved an accuracy of 99.87%, correctly clas-
sifying 5,992 out of 6,008 samples. The AUC-ROC of 99.99% indicates a strong
separation between the promoter and non-promoter classes in the model’s learned

feature space.
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Table 4.1: Performance metrics of the full BWAF model on the held-out test set.

Model Accuracy AUC-ROC F1-Score Precision Recall Specificity
BWAF (Full) 99.87% 99.99% 99.87%  100.00% 99.73%  100.00%

An analysis of the model’s error profile provides further insight into its
predictive reliability. The confusion matrix, presented in Figure 4.1, reveals two
key characteristics of the model’s performance. First, the model achieved 100.00%
precision and 100.00% specificity, corresponding to zero false positives (FP = 0).
Second, the model correctly identified 3,010 of the 3,018 true promoters, resulting
in a recall of 99.73% with only eight false negatives (FN = 8).

Test CM (Counts)

True label

T
Non-P

Predicted label

Figure 4.1: Confusion matrix of the full BWAF model on the test set (N=6,008).
The model achieved 100% precision with zero false positives.

The model’s learning behavior and generalization capability were assessed
by analyzing the training and validation loss curves over 10 epochs, as shown in
Figure 4.2. The curves demonstrate a stable convergence, with both training and
validation losses decreasing consistently. The minimal gap between the two curves
suggests effective generalization to unseen data with low risk of overfitting. The
model checkpoint from epoch 8 was selected for final evaluation, corresponding to
the minimum validation loss of 0.0060. These training dynamics are consistent

with an efficient and robust learning process.
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Figure 4.2: Training and validation loss curves for the full BWAF model over 10
epochs. The best model checkpoint, based on the minimum validation loss, was
saved at epoch 8.

4.2.2 Comparative Analysis against Baseline

To contextualize its performance, the BWAF model was benchmarked against the
replicated state-of-the-art baseline, msBERT-Promoter. The comparison focused
on both predictive accuracy on the identical held-out test set and architectural
efficiency.

Table 4.2 presents the head-to-head performance comparison. For addi-
tional context, the performance metrics reported in the original msBERT-Promoter
paper on their prokaryotic dataset are also included. The results indicate a sub-
stantial performance difference between the BWAF model and the baseline repli-

cation on our dataset across all metrics.

Table 4.2: Performance Comparison: BWAF vs. Replicated Baseline (on our
dataset) and Reported SOTA (on their dataset).

Model Accuracy (%) AUC-ROC (%) F1-Score (%) Precision (%) Recall (Sn, %) Specificity (Sp, %)
Our BWAF Model (on our dataset) 99.87 99.99 99.87 100.00 99.73 100.00
msBERT-Promoter (Replication on our dataset) 78.33 85.39 75.33 87.96 65.87 90.90
msBERT-Promoter (Reported by Li et al., 2024) 96.20 99.40 - - 97.30 95.10

The difference in predictive reliability is further illustrated by the confu-
sion matrices in Figure 4.3 and the raw error counts in Table 4.3. The BWAF
model made only 8 errors, all of which were False Negatives, while the baseline

made a total of 1,302 errors.
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Figure 4.3: Confusion matrices on the test set for the BWAF model (left) and the
replicated msBERT-Promoter baseline (right).

Table 4.3: Error Analysis: False Positives (FP) and False Negatives (FN) on the
Test Set.

Model False Positives (FP) False Negatives (FN)
Our BWAF Model 0 8
msBERT-Promoter (Replication) 272 1030

In addition to predictive performance, the architectural efficiency of the
two models was compared. Table 4.4 details the total number of trainable param-
eters, training time, and inference complexity for the single BWAF model versus

the four-model baseline ensemble.

Table 4.4: Efficiency Comparison of the BWAF Model vs. the msBERT-Promoter
Replication.

Parameter / Metric Our BWAF Model msBERT-Promoter
(Replication)

Architecture Single, Integrated Multi- Ensemble of 4 Separate

Modal Models

Total Trainable Parameters 292,601 937,220

Total Training Time (CPU) 779 hours 7253 hours

Inference Complexity One forward pass Four forward passes +
Averaging

4.2.3 Ablation Study Results

To understand the individual and synergistic contributions of the model’s core
components, a series of ablation studies were conducted. As detailed in Chapter 3,

components of the full model were systematically removed or replaced, and each
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ablated variant was trained and evaluated on the identical data splits to allow for
a direct assessment of its impact.

The comprehensive results of these studies are summarized in Table 4.5.
This table presents the performance of all five ablated models (A1-A5) compared
against the full BWAF model. A visual summary of the performance hierarchy is
provided in the bar chart in Figure 4.4. Additionally, the training and validation
loss curves for two key baselines, A4 (Transformer-Only) and A5 (Priors-Only),

are shown in Figure 4.5 to illustrate their learning dynamics.

Table 4.5: Full Results of Ablation Studies on the Test Set. Performance metrics
are compared for the full BWAF model and all five ablated variants.

Model Accuracy (%) AUC-ROC (%) F1-Score (%) Precision (%) Recall (%) FN Count FP Count
Our BWAF Model (Full) 99.87 99.99 99.87 100.00 99.73 8 0
A5: Priors-Only (MLP) 97.66 99.69 97.62 100.00 95.36 140 0
Al: Transformer-+Priors 94.19 98.76 94.20 94.37 94.03 180 169
A2: GAT+Priors 94.04 98.50 93.69 100.00 88.13 358 0
A3: Simple Concat Fusion 93.70 98.87 93.91 91.35 96.62 102 276
A4: Transformer-Only 71.23 78.15 68.50 76.13 62.25 1139 589

Accuracy of Models
99.87

100 37,86 94,19 94,04 93.70
80
71.23
60
40
20
0

Model

Accuracy (%)

Figure 4.4: Performance comparison of the full BWAF model against all ablation
variants on the test set, illustrating the performance hierarchy.
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Ad_Transformer_Only Training & Validation Loss AS_Priors_Only Training & Validation Loss

Figure 4.5: Training and validation loss curves for (a) A4: Transformer-Only and
(b) A5: Priors-Only, showing the difference in convergence and final loss.

4.2.4 Interpretability (XAI) Results

A central objective of this research was to develop a model whose internal decision-
making is transparent. To investigate whether the BWAF layer learned a bio-
logically plausible fusion strategy, the two-pronged analysis protocol defined in
Chapter 3 was executed.

First, SHAP values were calculated to formally quantify the importance of
each of the 11 biological priors in generating the attention weights (eq and cgrapn)-
The SHAP summary plots in Figure 4.6 visualize the magnitude and direction of
each feature’s impact. The precise quantitative ranking of each feature’s mean
absolute SHAP value is provided in Table 4.6. The results show a clear divergence
in the features that drive each weight: the TATA Box and CAAT Box are the most
impactful features for the sequence weight, while the GC Box and Spl Binding
Site are most impactful for the graph weight.

SHAP Feature Importance for Sequence Weight (a_seq) Generation SHAP Feature Importance for Graph Weight (a_graph) Generation

sp1 sinding site | sre (reie) [
oG 1stanct | cant oo«
GC Box _ CpG Island _
sre (i) [ aTA ox [
Octamer Motif - Octamer Motif -
vre [ RFX Binding Site [l
RFX Binding Site [ vre [l
Erbox I— Class 0 Erbox I- Class 0
0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.0 0.1 0.2 0.3 0.4 0.5
mean(|SHAP value|) (average impact on model output magnitude) mean(|SHAP value|) (average impact on model output magnitude)

Figure 4.6: SHAP feature importance plots. The length of the bar indicates the
mean absolute SHAP value (overall impact) of each biological prior feature on the
learned attention weights for the sequence branch (aseq, left) and the graph branch

(agraph ) I‘lght) :
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Table 4.6: Ranked Feature Importance (Mean Absolute SHAP Value) for the

Generation of BWAF Attention Weights.

Drivers of Sequence Weight (aseq) | Drivers of Graph Weight (agraph)
Feature Mean Abs SHAP | Feature Mean Abs SHAP
TATA Box 0.368 GC Box 0.570
CAAT Box 0.233 Spl Binding Site 0.492
Spl Binding Site 0.232 BRE (TFIIB) 0.455
CpG Island 0.135 CAAT Box 0.236
GC Box 0.131 CpG Island 0.115
BRE (TFIIB) 0.124 TATA Box 0.080
PPE 0.101 PPE 0.073
Octamer Motif 0.055 Octamer Motif 0.064
MRE 0.042 RFX Binding Site 0.026
RFX Binding Site 0.013 MRE 0.020
E-box 0.005 E-box 0.008

Second, to complement the SHAP analysis, the global monotonic trends

between the priors and the learned alpha weights were investigated using Spear-

man correlation. The resulting correlation matrix, visualized as a heatmap in

Figure 4.7, reveals several strong relationships.

For instance, there are strong

positive correlations between the GC Box and agrapn (0.91) and strong negative
correlations between the TATA Box and ageq (-0.61).

Spearman Correlation of Motif Priors with BWAF Attention Weights (a)

TATA Box -0.61

CAAT Box -0.51

GC Box - 0.11

CpG Island

BRE (TFIIB) -

-0.27
-0.8

-0.02

- 0.6

0.91

0.73

0.83

MRE -

PPE

Octamer Motif
Sp1 Binding Site 0.20
0.31

E-box -

RFX Binding Site -0.10

i
alpha_seq

0.59

0.45

0.89

0.01

-0.01

i
alpha_graph

Figure 4.7: Spearman correlation heatmap between the 11 log-transformed bio-
logical prior features and the two learned alpha weights (ageq and qgeapn) across

the test set.

The overall behavior of the learned weights is shown in Figure 4.8. For
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true promoter samples (Label=1), the model consistently assigns higher weights
to both modalities compared to non-promoter samples (Label=0), for which both
weights are suppressed towards zero. Finally, an analysis of the Transformer’s
internal self-attention map for a sample promoter containing a TATA box revealed
that the model’s focus was highly distributed across the 2000bp sequence, rather
than being concentrated on the single TATA box motif.

Distribution of Learned Attention Weights (a) by Class

Sequence Attention Weight (a_seq) Graph Attention Weight (a_graph)

20.0 Class 50 Class

40

Density

20

0
0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.70 0.75 0.80 0.85 0.90 0.95 1.00
Attention Weight Attention Weight

Figure 4.8: Violin plots showing the distribution of the learned attention weights
Qseq (left) and ograpn (right) for true promoter (Label=1) and non-promoter (La-
bel=0) samples in the test set.

4.3 Discussion

The experimental results presented in this chapter provide a multi-faceted valida-
tion of the proposed Biologically Weighted Attention Fusion (BWAF) framework.
The findings confirm the central hypothesis that a multi-modal approach, intel-
ligently integrating genomic sequence, network context, and explicit prior knowl-
edge, is superior to advanced, sequence-only baselines for human promoter iden-
tification. The full BWAF model achieved 99.87% accuracy, a performance that
substantially surpasses the 78.33% accuracy of the replicated msBERT-Promoter
ensemble. This outcome is not merely a measure of predictive success but a vali-
dation of architectural philosophy. The BWAF model achieves its state-of-the-art
performance while being approximately 3.2 times smaller in parameter count
(Table 4.4). This efficiency underscores a key finding: solving the problem with
information synergy by providing the model with diverse, complementary data
streams is more effective and efficient than a brute-force computational approach
that relies on a single modality.

A key insight from the ablation studies is the foundational power of ex-

plicit biological priors. The simple MLP model using only 11 motif counts (A5:
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Priors-Only) achieved a 97.66% accuracy, substantially outperforming the pow-
erful Transformer-Only model (A4: 71.23%). This result highlights a potential
pitfall in purely data-driven deep learning: without guidance, complex models can
struggle to learn foundational biological rules that are more effectively provided
as explicit domain knowledge. However, the experiments also revealed that naive
integration of this knowledge is a suboptimal strategy. The Simple Concatena-
tion model (A3), despite having access to all three data streams, performed worse
than the Priors-Only baseline at 93.70 % accuracy (Table 4.5). This critical result
demonstrates that simply concatenating features dilutes the strong, discriminative
signal from the low-dimensional priors with higher-dimensional, more complex fea-
tures from the deep learning branches. The success of the full BWAF model, the
only architecture to improve upon the Priors-Only baseline, provides compelling
empirical validation for its novel fusion mechanism as a necessary solution to this
signal dilution problem.

The interpretability analysis confirms that this successful fusion mecha-
nism is not a black box but operates on a foundation of learned biological prin-
ciples. As quantified in Table 4.6, the SHAP analysis revealed that the model
learned to heavily weight the Transformer branch’s output when strong canonical
sequence motifs like the TATA and CAAT boxes were present, aligning with the
known importance of these elements in core promoter function [131]. Conversely,
for promoters rich in motifs associated with complex regulation, such as the GC
Box, the model learned to prioritize the contextual information from the GAT
branch, a strategy consistent with the regulation of ubiquitously expressed house-
keeping genes [132]|. Furthermore, the correlation analysis (Figure 4.7) uncovered
a sophisticated, non-linear policy: the model’s reliance on the full sequence context
(a higher agq) is greatest for promoters that lack strong canonical motifs. This
suggests the model has learned to handle the complexity of TATA-less promoters,
which are known to rely on a more dispersed and complex set of regulatory sig-
nals [124]. This level of transparency enhances the trustworthiness and scientific
value of the model’s predictions.

The primary contribution of this work to the field of Artificial Intelligence
is the validation of the BWAF mechanism as a new paradigm for multi-modal
fusion, where domain knowledge acts as an active controller of information flow.
This "knowledge-as-a-controller" pattern injects a strong inductive bias, enhances
interpretability, and improves sample efficiency, offering a generalizable template
for other scientific domains. For computational genomics, this thesis contributes
a state-of-the-art framework that sets a new performance benchmark for human
promoter identification. By holistically integrating deep sequence representations,

multi-context network data, and explicit motif priors, the BWAF model provides
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a highly reliable tool for genome-wide screening.

While this study achieved its primary objectives, it is important to ac-
knowledge its limitations. The model’s performance is dependent on the quality
of the computationally inferred gene regulatory networks used in this work. The
analysis was also intentionally limited to protein-coding genes to establish a fo-
cused baseline, and the model provides a static prediction for a given sequence.
Finally, as with any machine learning model, performance has only been validated
on the specific dataset curated for this study. Acknowledging these limitations is
crucial for contextualizing the findings and framing the contributions of the robust

and interpretable framework established in this thesis.
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Chapter 5

Conclusion and Recommendation

5.1 Conclusion

The accurate identification of gene promoter regions is a foundational challenge in
genomics, pivotal to understanding the complex orchestration of gene expression.
This thesis addressed the limitations of existing computational methods, which
often struggle to effectively integrate the diverse signals that govern promoter ac-
tivity. We hypothesized that a multi-modal deep learning framework, designed to
synergistically combine DNA sequence patterns, context-specific gene regulatory
networks, and explicit biological domain knowledge, would yield a more accurate
and interpretable solution.

To this end, we introduced the Biologically Weighted Attention Fu-
sion (BWAF) framework, a novel architecture centered on a prior-guided dy-
namic fusion mechanism. The BWAF model integrates a Transformer branch to
capture long-range dependencies in 2000bp DNA sequences, a Graph Attention
Network (GAT) branch to model the regulatory context from 36 normal human
tissue networks, and a feature stream of 11 quantified biological priors.

The comprehensive experimental evaluation presented in Chapter 4 pro-
vides unequivocal support for our approach. The full BWAF model achieved
state-of-the-art performance on our curated test set, with 99.87% accuracy,
99.99% AUC-ROC, and a perfect precision of 100.00%. This performance
significantly surpassed that of our replication of the msBERT-Promoter ensemble,
a powerful sequence-only baseline, demonstrating the substantial value of multi-
modal integration. Furthermore, our ablation studies yielded critical insights into
the nature of the prediction task. We empirically demonstrated that the 11 bio-
logical priors are exceptionally predictive on their own, yet naive fusion of these
priors with deep learned features results in a suboptimal, degraded performance.

The success of the full BWAF model validated our core contribution: the novel
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BWAF layer, which uses priors not as passive features but as active controllers
of information flow, is essential for successfully integrating all three data streams.
Our interpretability analysis confirmed that this learned fusion policy is not a
black box but is grounded in biologically plausible principles.

In conclusion, this thesis successfully designed, implemented, and vali-
dated a novel deep learning framework that is highly effective, computationally
efficient, and interpretable. The findings validate the central hypothesis that intel-
ligent, prior-guided fusion of complementary data modalities is a superior strategy
for complex problems in regulatory genomics. The BWAF model stands as a sig-
nificant contribution to the field, offering both a powerful predictive tool and a

new architectural paradigm for building biologically-informed Al.

5.2 Recommendations for Future Work

The success and architecture of the BWAF framework open up numerous exciting
avenues for future research. The following recommendations aim to build upon the
findings of this thesis, expanding the model’s capabilities, deepening its biological

insights, and broadening its applicability.

Exploring Biological Frontiers via Model Outliers. With near-perfect per-
formance, the few instances where the model’s predictions diverge from the ground
truth represent opportunities for new biological discovery. A detailed biological
analysis of the eight false negative promoters could reveal novel or highly divergent
regulatory mechanisms. Furthermore, a systematic study of the learned ageq and
Qgraph Weights across different gene families (e.g., tissue-specific vs. housekeeping

genes) could provide genome-wide insights into dominant regulatory strategies.

Enhancing the Model with New Data Modalities. The BWAF framework
is extensible and could be enriched by integrating additional sources of biological
information. Epigenetic data, such as DNA methylation and histone modifications
(e.g., H3K4me3, H3K27ac), could be added to the biological prior vector to guide
the fusion policy based on chromatin state. Additionally, a third deep learning

branch could be added to process chromatin accessibility data (e.g., from ATAC-
seq).

Generalizing the Framework to New Genomic Tasks. The core architec-
ture of BWAF can be adapted to address other fundamental problems in genomics.
The framework could be modified for enhancer prediction and enhancer-

promoter linking by using the GAT branch to model 3D chromatin interactions
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from Hi-C data. Alternatively, it could be transitioned from a binary classifier to
a regression model for promoter strength prediction, using gene expression

levels (e.g., from GTEx) as the target variable.

Assessing Cross-Species Generalization and Robustness. The model’s
robustness and the conservation of its learned principles can be tested in new con-
texts. Training and testing the model on another mammalian genome, such as
mouse, would be a valuable exercise in cross-species evaluation and compara-
tive genomics. Investigating the model’s performance when certain data modali-
ties are missing would test its robustness to data sparsity, a crucial aspect for

real-world applications.

Refining Network Representations. The GAT branch, a key component of
the model, can be further improved. More sophisticated graph construction
methods could be explored, such as creating bipartite TF-gene graphs directly.
The GAT layers could also be extended to incorporate edge features, such as

interaction scores, to further enrich the network representations.
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