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Abstract

Understanding protein sequence similarities is crucial in bioinformatics as it illuminates
functional and evolutionary relationships between proteins. By comparing sequences, researchers
can identify conserved structural and functional elements, aiding in protein function annotation,
interaction prediction, and drug target identification. Accurate prediction of protein sequence
similarity is vital for biological research, facilitating homolog identification, evolutionary biology
studies, and protein interaction network mapping. Deep learning has transformed bioinformatics
by offering sophisticated methods for analyzing complex biological data, with models like CNNs
excelling in tasks such as protein structure prediction and sequence alignment. This study aims to
develop and evaluate a deep learning model for predicting protein sequence similarity,
encompassing data preprocessing, model development, training, and validation. The objective is
to enhance the accuracy and efficiency of protein sequence similarity predictions. Despite the
complexity and diversity of sequences, the model demonstrated good prediction precision,

addressing key challenges in the field and advancing bioinformatics research.

Keywords: protein sequence similarity, sequence alignment, deep learning, FASTA, prediction



Résumé

Comprendre les similitudes des séquences protéiques est crucial en bioinformatique car cela
éclaire les relations fonctionnelles et évolutives entre les protéines. En comparant les séquences,
les chercheurs peuvent identifier des éléments structuraux et fonctionnels conservés, aidant a
I'annotation des fonctions protéiques, a la prédiction des interactions et a I'identification des cibles
médicamenteuses. La prédiction précise de la similitude des sequences protéiques est essentielle
pour la recherche biologique, facilitant l'identification des homologues, les études de biologie
évolutive et la cartographie des réseaux d'interaction des protéines. L'apprentissage profond a
transformé la bioinformatique en offrant des méthodes sophistiquées pour analyser des données
biologiques complexes, avec des modéles comme les CNN excellant dans des taches telles que la
prédiction de la structure des protéines et I'alignement des séquences. Cette étude vise a développer
et évaluer un modele d'apprentissage profond pour prédire la similitude des séquences proteiques,
englobant le prétraitement des données, le développement du modele, I'entrainement et la
validation. L'objectif est d'améliorer la précision et I'efficacité des prédictions de similitude des
séquences protéiques. Malgré la complexité et la diversité des séquences, le modéle a démontré
une bonne précision de prédiction, répondant aux principaux défis du domaine et faisant progresser

la recherche en bioinformatique.

Mots-clés: similitudes des séquences protéiques, alignement de séquences, deep learning, FASTA,

prédiction
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Main Introduction

Main Introduction

Understanding protein sequence similarities is of great importance in bioinformatics as it helps
elucidate functional and evolutionary relationships between proteins. By comparing sequences,
researchers can identify structural and functional elements that are conserved across species, which
can help annotate protein function, predict interactions, and identify drug targets. Accurate
prediction of protein sequence similarity is of great importance for biological research. These
allow scientists to make informed inferences about protein function and relationships, facilitating
the identification of homologs, studying evolutionary biology, and mapping protein interaction
networks. These predictions are important for understanding disease mechanisms, developing
treatments, and conducting comparative genomics. Deep learning has revolutionized
bioinformatics by providing advanced methods for analyzing complex biological data. Models
such as CNNs and RNNs are used for tasks such as protein structure prediction, gene expression
analysis, and sequence alignment. These models can autonomously learn hierarchical features
from raw data, making them ideal for capturing complex patterns in protein sequences. The
purpose of this study is to develop and evaluate a deep learning model for predicting protein
sequence similarity. This involves designing a robust model, training it on a large dataset, and
comparing its performance to traditional methods. This study includes data preprocessing, model
development, training, validation, and performance evaluation. The goal is to use deep learning to
improve the accuracy and efficiency of protein sequence similarity prediction, thereby advancing
the field of bioinformatics. Despite advances in deep learning, predicting protein sequence
similarity remains a challenge due to the complexity and diversity of protein sequences.
Traditional methods often struggle with large datasets and subtle sequence differences. This study

addresses the following important questions:

How can deep learning models be optimized to improve the accuracy and reliability of

protein sequence similarity predictions, surpassing the limitations of current methods?
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CHAPTER 1: Comparative Analysis of Protein Sequence Evolution

1.1 Introduction

Proteins are fundamental molecules that perform many functions in organisms. Understanding the
similarities and differences between protein sequences is important for many different fields,
including evolutionary biology, functional genomics, and drug discovery. Comparing protein
sequences allows scientists to deduce functional similarities, evolutionary relationships, and
structural features. This chapter reviews the methods and tools used to compare protein sequences,

highlighting their applications and importance in modern biological research.
1.2 Methods for Comparative Analysis of Protein Sequences

Protein sequence comparison methods play a crucial role in bioinformatics research. Various
approaches have been proposed in the literature. One method involves utilizing numerical
representations of protein sequences based on physical and chemical properties of amino acids,
followed by fast Fourier transform and spectral analysis [1]. Another method focuses on encoding
sequence data and physicochemical properties of amino acids into vectors, allowing for parallel
and fast implementation by partitioning long protein sequences into fixed-length blocks [2].
Additionally, the use of discrete wavelet transform and fractal dimension analysis has been
suggested for protein sequence similarity assessment, providing a comprehensive and reliable
analysis of protein sequences [3]. Furthermore, the exploration of existing methods like BLAST,
HHBblits, and CD-HIT for comparing low complexity regions highlights the need for specialized

approaches tailored to efficiently compare such regions [4].
Pairwise Sequence Alignment

Pairwise sequence alignment is a fundamental process in bioinformatics, crucial for comparing
DNA or amino acid sequences to determine similarities, evolutionary relationships, and functional
implications [5][6][7]. It involves aligning two sequences to establish residue correspondence and
identify common patterns, aiding in inferring protein functions and evolutionary histories [8][9].
Various alignment algorithms exist, such as the Needleman-Wunsch algorithm for finding
alignments with minimum editing weight. Pairwise sequence alignment is essential for database

similarity searches, multiple sequence alignment, and guiding laboratory procedures in protein
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investigations. Additionally, specialized algorithms have been developed for aligning sequences
with repetitive motifs, like zinc finger proteins, using hidden Markov models to differentiate

conserved and variable motifs during alignment.
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Figure 1 A visual example of a pairwise sequence alignment highlighting matching and
mismatching regions between two protein sequences. This can help readers understand the
concept of sequence alignment.

Global Alignment

Global alignment refers to the process of aligning entities or sequences on a larger scale,
considering overall features or structures rather than just local characteristics. In computational
biology, the A*PA aligner utilizes global alignment techniques to efficiently align long sequences
with high divergence, achieving significant speedups compared to existing aligners [10]. Similarly,
in knowledge fusion tasks, the GALA model introduces global features for aligning entities from
different knowledge graphs, emphasizing the matching of global characteristics to merge the
graphs effectively [11]. Moreover, in the context of semantic segmentation for image processing,

a joint global-local alignment approach has been proposed to align data distributions between

3
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source and target domains more effectively, improving segmentation results by considering both
global and local features [12]. These examples highlight the importance and effectiveness of global

alignment strategies across various domains, showcasing their utility in diverse applications.
Local Alignment

Local Alignment refers to a method used in various fields like network comparison, image-text
matching, and self-organizing particle systems to find similarities in specific regions or
components within complex structures. In network alignment, Local Network Alignment (LNA)
focuses on identifying local regions of similarity between networks, often using seed nodes and
network embedding techniques to improve alignment effectiveness [13][14]. In image-text
matching, local alignment methods utilize fine-grained features to explore correspondence
between image regions and text words, with recent advancements incorporating global semantic
consistency for more robust matching results [15][16]. Additionally, in self-organizing particle
systems, local distributed stochastic algorithms are employed to align particles along dominant
directions or maintain non-alignment based on specific parameters, resembling solid or gaseous

states, respectively [17].

Global Alignment

Local Alignment

Figure 2 A comparative illustration showing the differences between global and local alignment.

This can clarify the distinct approaches used in sequence comparison.
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Multiple Sequence Alignment

Multiple Sequence Alignment (MSA) is a fundamental tool in bioinformatics used to align three
or more biological sequences, such as DNA, RNA, or proteins, to identify evolutionary
relationships and common patterns [18]. MSA plays a crucial role in various biological procedures
like protein structure prediction, phylogenetic inference, and sequence analysis [19]. Traditional
MSA algorithms rely on dynamic and heuristic approaches to handle the computational complexity
of aligning multiple sequences [20]. The use of external information from databases or user
knowledge has been shown to enhance the quality of alignments by adding new constraints and
making the alignments biologically more meaningful [21]. Genetic Algorithms (GA) have been
developed to address the computational challenges of MSA, providing approximate solutions

efficiently, especially for large datasets like human DNA and protein sequences [22].
1.3 Tools and Databases for Protein Sequence Comparison
BLAST

The Basic Local Alignment Search Tool (BLAST) is a widely utilized program in molecular
microbiology research, offering functions such as identifying sequences, efficiently finding target
DNA, inferring gene functions and protein structure domains, and designing primers [23]. BLAST
typically employs a seed and grow strategy for sequence alignment, but an alternative approach
involves identifying high-density seed match regions in database sequences and performing Smith-
Waterman local alignments, offering advantages for specific use cases [24]. As genetic data
volumes increase, high-performance computing solutions like the Parallel Computing in Java
(PCJ) library are crucial for executing BLAST on HPC clusters and supercomputers in a massively
parallel manner, significantly reducing analysis time and enhancing scalability [25]. For users
requiring high-throughput comparative genomic pipelines, installing BLAST locally on standalone
workstations or compute clusters under various operating systems is recommended, along with
strategies for database management and sequence analysis efficiency [26]. BLAST is also
instrumental in studying sequence alignments of monoclonal antibodies, revealing homology
percentages and specific amino acid regions in light and heavy antibody chains, aiding in
understanding sequence variations and exchanges between antibodies [27].
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FASTA

The FASTA algorithm is another sequence comparison method, known for its speed and

efficiency. It uses a heuristic method to identify regions of similarity between sequences

(Pearson & Lipman, 1988).
Databases

Table 1: Protein Sequence Database List

UniProt

A comprehensive resource for protein
sequence and functional information (The
UniProt Consortium, 2019).

PDB

The Protein Data Bank, which provides
structural data for proteins and nucleic acids
(Berman et al., 2000).

Pfam

A database of protein families, each
represented by multiple sequence alignments
and hidden Markov models (Finn et al., 2016).
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Chapter 2: Artificial Intelligence and Machine Learning

2.1 Introduction

Artificial intelligence Al is a field of computer science that seeks to create machines with the
capacity for carrying out tasks, which are typically performed by humans. This encompasses

abilities such as reasoning, learning, problem-solving, perception, and language comprehension.

2.2 Machine Learning
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Figure 3 A schematic of a deep learning neural network used in bioinformatics, showing layers
such as convolutional and recurrent layers. This helps explain the complexity and structure of Al
models.

A branch of Al trained on statistical models and algorithms, which enable it to make predictions
and decisions. Machine learning algorithms may improve and adapt over time, enhancing their
capabilities through the use of training data and historical information. In order to continue

improving its results, machine learning relies on human engineers for input of relevant and
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preprocessed data. It is skilled at solving complex problems and generating meaningful insights

by recognizing patterns within data.
2.3. Different Types of Machine Learning

Machine learning encompasses various paradigms, including supervised learning, unsupervised
learning, reinforcement learning, multi-label learning, semi-supervised learning, one-class
classification, positive-unlabeled learning, transfer learning, multi-task learning, and one-shot
learning [28]. These paradigms have been developed over the last seven decades and are utilized
across diverse application domains. Supervised learning involves training a model on labeled data
to make predictions, while unsupervised learning deals with uncovering patterns in unlabeled data.
Reinforcement learning focuses on decision-making through trial and error. Additionally, support
vector machines, regression analysis, logistic regression, decision trees, gradient boosting, and
XGBoost are commonly used algorithms in machine learning for classification and regression
tasks [29][30]. The field of machine learning continues to evolve, incorporating new paradigms

and algorithms to enhance learning capabilities and application versatility.
Supervised Learning

Supervised learning is a fundamental aspect of machine learning where algorithms are trained
using labeled datasets to predict outputs accurately [31] [32] [33] [34]. This training involves
adjusting the model's weights through processes like cross-validation until it fits the data well,
enabling organizations to tackle real-world challenges such as spam classification effectively [35].
In the realm of genetics, supervised learning plays a crucial role in predicting gene attributes by
leveraging molecular interaction networks, outperforming label propagation techniques in diverse
gene classification tasks and network-based studies. By efficiently capturing local network
properties, supervised learning on a gene's full network connectivity proves superior to other
methods like learning on node embedding, showcasing its accuracy in prioritizing genes associated
with various functions, diseases, and traits, making it a staple in network-based gene classification

workflows.
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Unsupervised Learning

Unsupervised learning is a fundamental class of machine learning algorithms that operate without
labeled target variables, focusing solely on input data to discover patterns and correlations within
datasets [36] [37] [38] [39] [40]. Unlike supervised learning, where models are trained on labeled
data, unsupervised learning algorithms explore the inherent structure of the input data to extract
meaningful insights and knowledge without explicit guidance. Techniques like clustering (e.g., K-
means, Hierarchical Clustering) and Principal Component Analysis are commonly employed in
unsupervised learning to identify patterns and reduce the dimensionality of data for further analysis
and interpretation. By leveraging the statistical structure of input patterns and prior biases,
unsupervised learning algorithms aim to uncover hidden relationships and structures within
datasets, making it a powerful tool for knowledge discovery and data exploration in various fields

of research and application.

Reinforcement Learning

Reinforcement Learning in ML

Input Raw Data Environment |<€— Output

Reward Best Action

Selection of
Algorithm

“ L > Agent

Vidvan

Figure 4 Conceptual diagram illustrating the reinforcement learning process in machine
learning, showing the flow from raw data input through the environment and agent interactions
to the final structured outputs.

Reinforcement learning is a machine learning approach where agents learn to make decisions by
interacting with an environment to maximize cumulative rewards [41]. It is a computational

framework based on trial-and-error learning, where an agent aims to achieve a goal through
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multiple interactions with the environment, receiving feedback in the form of rewards based on its
actions [42]. This method, inspired by human and animal learning processes, has found
applications in diverse fields like game playing, robot control, and even surpassing human
performance in complex tasks through deep reinforcement learning [43][44]. The flexibility of
reinforcement learning makes it suitable for scenarios where the optimal solution is unknown,
allowing agents to autonomously learn optimal policies through continuous exploration and
exploitation of the environment [45]. Additionally, the choice between single-agent and multi-
agent reinforcement learning depends on the problem complexity and the need for coordination

among agents, with each approach having its own advantages and disadvantages.
2.4 Deep Learning in Bioinformatics

Deep learning plays a crucial role in bioinformatics by enabling the extraction of valuable insights
from complex biomedical data [46] [47] [48] [49] [50]. It has revolutionized the field by providing
state-of-the-art performance in various bioinformatics domains such as omics, biomedical
imaging, and signal processing, through architectures like deep neural networks, convolutional
neural networks, and recurrent neural networks. Deep learning models facilitate the analysis of
protein-protein interactions, aiding in the understanding of disease mechanisms and drug design.
With its ability to handle big data effectively, deep learning is increasingly integrated into
bioinformatics analysis pipelines, offering solutions to complex problems and paving the way for
future research directions in the field.

2.4.1 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNSs) play a crucial role in protein prediction tasks due to their
ability to extract sequence information effectively. CNNs are utilized in various bioinformatics
applications, such as predicting protein secondary structures [51], protein-ligand binding [52],
protein-protein interaction sites [53], RNA-protein binding sites [54], and small molecule binding
sites in proteins [55]. These models leverage different techniques like multi-scale convolution
blocks, uncertainty quantification methods, Batch Normalization, and SE(3)-invariant geometric
self-attention layers to enhance prediction accuracy and address challenges like sample imbalance
and uncertainty quantification. By incorporating sliding window approaches, multiple CNNs with

different window lengths, and residue-level processing, CNNs can effectively capture intricate

10
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patterns in protein sequences, leading to improved performance in various protein-related

predictions.
2.4.2 Recurrent Neural Networks (RNNSs)

Recurrent Neural Networks (RNNs) play a crucial role in handling sequential data in
bioinformatics, especially for tasks like protein sequence classification and the generation of new
molecules [56]. While RNNs are effective in analyzing time-series data, they often struggle with
assessing prediction uncertainty, which is vital in noisy environments [57]. To address this
challenge, the TRUST-RNN model introduces a Gaussian prior over network parameters and
estimates the first two moments of the variational distribution to capture uncertainty in output
decisions, showcasing robustness against noise and adversarial attacks [58]. Additionally, the
Fourier-RNN model combines traditional RNN architecture with Fourier Neural Operators to
handle physics-relevant data efficiently, outperforming conventional RNNs in modeling noisy,
non-Markovian data [59] [60]. These advancements highlight the significance of RNNs in
bioinformatics for analyzing complex sequential data with improved uncertainty estimation and

performance in diverse applications.
2.4.3 Autoencoders and Generative Models

Autoencoders and Generative Models play a crucial role in bioinformatics by enabling the
analysis, generation, and manipulation of biological data. Variational autoencoders (VAES) have
been successfully applied in various bioinformatics tasks, including molecular and protein design,
medical image processing, and biological sequence analyses [61] [62] [63]. These models learn
the distribution of data to generate novel and meaningful variations, addressing the scarcity of
labeled data in biomedical research [64]. Additionally, generative networks have shown promise
in improving the quality of medical images, creating 3D images from 2D data, and generating new
images to enhance datasets in specific fields like medical imaging [65]. By combining generative
properties with functional predictive power, VAEs offer a powerful tool for protein engineering
and design, capturing phylogenetic groupings and functional properties of various protein families.
The integration of autoencoders and generative models in bioinformatics opens up new avenues

for innovative research and applications in the life sciences.

11
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2.5 Key Tools and Frameworks

Several ML and DL tools and frameworks have been developed specifically for bioinformatics

applications.

Table 2: Key Machine Learning and Deep Learning Frameworks and Tools

TensorFlow and PyTorch Widely used DL frameworks that provide robust

libraries for building and training neural networks.

Biopython and Bioconductor Libraries that provide tools for biological

computing and data analysis.

DeepChem A library that integrates DL with chemo-
informatics and bioinformatics to provide
molecular property prediction and models of
protein-ligand binding.

12
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2.6 Advancements in Deep Learning Models for Protein Sequence Analysis

2.6.1 Introduction

The integration of Al and ML techniques with traditional bioinformatics methods has changed the
landscape of protein sequence analysis. In this chapter, we explore how Al and ML can improve
the comparative analysis of protein sequences, providing more accurate, efficient, and insightful

results.
2.6.2 Enhancing Sequence Alignment with Machine Learning
Improved Accuracy and Efficiency

Enhancing sequence alignment with machine learning has significantly improved accuracy and
efficiency in various bioinformatics and computational tasks. For instance, Lead, a learned
accuracy estimator from large datasets, utilizes machine learning protocols to enhance accuracy in
parameter advising, showing a 6% increase in testing data accuracy [66]. Additionally, the Protein
Alignment by Stochastic Algorithm (PASA) leverages a machine learning approach based on
genetic algorithms to optimize protein sequence alignments, outperforming popular tools like
ProbCons and Mcoffee in terms of accuracy [67]. Furthermore, the Aryana-LoR algorithm
enhances the efficiency and accuracy of MinHash-based sequence alignment by algorithmic
techniques, such as using a single hash function and allowing sequencing errors within k-mers,
resulting in improved accuracy in aligning single-molecule sequencing reads to reference genomes
[68]. These advancements showcase how machine learning techniques have revolutionized
sequence alignment, leading to more precise and efficient results in various computational

domains.
Deep Learning for Feature Extraction

Enhancing sequence alignment with machine learning techniques, such as the "Bagging MSA"
method [69], has significantly contributed to deep learning for feature extraction in bioinformatics.
By utilizing deep-learning approaches like BetaAlign, which employs transformers trained on
diverse evolutionary models [70], researchers have achieved outstanding alignment accuracy and

automatic feature extraction capabilities. Additionally, the use of feature representation methods

13
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like k-mer and word-based features has proven more effective than traditional one-hot encoding
for histone sequence data in convolutional neural network modeling [71] [72]. These
advancements not only enhance the accuracy of structure property predictions in proteins but also
streamline the extraction of meaningful features from biological sequences, ultimately improving

the efficiency and effectiveness of deep learning applications in bioinformatics.

Predicting Protein Functions and Structures
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Figure 5 Performance of AlphaFold in Protein Structure Prediction

Machine learning (ML) has significantly contributed to predicting protein functions and structures
by enhancing prediction accuracy and understanding protein dynamics. ML methods have been
integrated into various computational models, including protein structure prediction, protein
engineering, molecular docking, protein-protein interactions, and drug discovery [73]. Recent
advancements in deep learning have improved the prediction of protein structures without the need
for structural templates, leading to increased accuracy in three-dimensional structure modeling
[74]. ML techniques have also been pivotal in automating protein function prediction, offering
faster and cost-effective alternatives to traditional experimental methods, with a steady
improvement in prediction accuracy over time [75]. Moreover, ML-based methods for estimating
model accuracy have consistently performed well in assessing protein structures, providing
valuable insights for drug discovery and design [76]. The evolution of ML techniques from simple
algorithms to advanced methods like deep neural networks has revolutionized protein function

prediction, showcasing success stories in various applications [77].
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Case Studies in Protein Analysis Using Al

Chapter 2: Artificial Intelligence and Machine Learning

Table 3: Al Applications in Bioinformatics: Case Studies

Case Study

Description

Protein Family Classification

A deep learning model accurately classifies
protein sequences into families by identifying

unique features of each family.

Predicting Protein-Protein Interactions

A hybrid model using deep learning and
sequence alignment predicts protein-protein
interactions more accurately by combining

sequence and structural data.

Tools and Frameworks for Integrating Al in Protein Analysis

Table 4: Tools and Frameworks for Integrating Al in Protein Analysis

Tool/Framework

Description

AlphaFold A deep learning tool by DeepMind for
accurately predicting protein structures, crucial
for understanding protein function and
interactions.

DeepMind’s Al Advanced Al technologies by DeepMind used

in protein analysis for function prediction and
structural modeling, enhancing understanding

of protein dynamics.
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Materials and Methods

1. Dataset Creation

Phylogenetic Tree Generation

To create a diverse dataset for training and testing machine-learning models, we generated over
3,000 phylogenetic trees with varying taxon configurations. Specifically, the taxon
configurations included sets of 3, 4, and 5 taxa. This diversity and complexity in the taxon
configurations are essential for developing robust models capable of handling a wide range of
phylogenetic scenarios. By incorporating different numbers of taxa, we ensured that the
generated trees reflect the natural variability and complexity found in real-world phylogenetic
analyses.

The generation process utilized random and systematic approaches to produce an array of tree
topologies, branch lengths, and evolutionary relationships. This method guarantees a
comprehensive representation of possible phylogenetic outcomes, which is crucial for training
machine learning models that can generalize well to unseen data.

Sequence Alignment Using 1Q-TREE

We employed IQ-TREE, an efficient and widely-used tool for phylogenetic inference, to produce
alignment files with diverse settings. This step was critical in building a comprehensive dataset
for training machine learning models. The specific parameters used for sequence alignment
included:

e Sequence Length: We generated sequences ranging from 101 to 200 characters, with
each length category containing 100 files. This range was chosen to ensure that the model
encounters sequences of moderate length, enhancing its ability to adapt across different
sequence lengths and improving its generalization capabilities.

e Insertion/Deletion Rate (InsDel): The InsDel rates varied from 0.0005 to 0.005 in
increments of 0.0005, with each rate having 100 instances. This variability allowed us to
simulate the effects of evolutionary pressures on the sequences, providing a realistic
representation of natural sequence variation.

These settings led to the creation of a total of 30,000 FASTA files, establishing an extensive and
diverse dataset for subsequent analysis and model training. The use of different sequence lengths
and InsDel rates ensured that the dataset encompassed a wide range of evolutionary scenarios,
making it ideal for training robust and versatile machine learning models.

Conversion to CSV

To facilitate the use of these sequences in machine learning applications, we developed a unique

Python script to transform the FASTA files into a CSV format. This transformation process
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involved the extraction of sequence details from each FASTA file and their organization into a
structured table format. Each row in the resulting CSV file represented a single sequence, with
columns corresponding to amino acids or gaps ('_") and an additional column containing a

numerical attribute, such as an evolutionary rating or similarity measure.
The conversion process included the following steps:

1. Reading the FASTA Files: The script iterated through each of the 30,000 FASTA files,
reading the sequence data and associated metadata.

2. Extracting Sequence Information: For each sequence, the script extracted the amino acid
residues or gaps and recorded their positions.

3. Structuring the Data: The extracted information was organized into a tabular format, with
each row representing a sequence and each column representing a specific position in the
sequence.

4. Adding Numerical Attributes: An additional column was appended to the CSV file,
containing a numerical attribute that could be used for machine learning tasks, such as an

evolutionary rating or similarity measure.

The resulting CSV file provided a convenient and efficient way to store and manipulate sequence

data for machine learning purposes. A snippet of the CSV structure is shown below:

2464 2465 2466 2467 2468 2469 2478
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=3
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Figure 6 image of the first 10 lines of the final dataset
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This transformation not only made the data more accessible for machine learning algorithms but
also facilitated easier manipulation and analysis of the sequences. The structured format allowed
for straightforward integration with various machine learning frameworks, enabling efficient

training and evaluation of models.

To further enhance the utility of the dataset, we implemented additional processing steps to
augment the data and introduce more variability. This included generating synthetic sequences by
introducing controlled mutations, simulating evolutionary processes such as gene duplication, and
creating chimeric sequences by combining segments from different taxa. These synthetic
sequences were then incorporated into the dataset, further enriching it and providing a more robust

training ground for machine learning models.

Moreover, we leveraged parallel computing technigues to expedite the generation and processing
of the phylogenetic trees and sequence alignments. By distributing the workload across multiple
processors, we significantly reduced the time required to create and transform the dataset, allowing

us to focus more on model development and evaluation.

The final dataset, comprising over 30,000 sequences in CSV format, represents a comprehensive
and diverse collection of phylogenetic data. This dataset serves as a valuable resource for
developing and testing machine learning models aimed at estimating protein sequence similarity,

ultimately contributing to advancements in bioinformatics and evolutionary biology.

2. Model Creation

The machine learning model was trained using a one-hot encoding algorithm, leveraging Google

Colab as a computational resource. Below are the detailed steps to build and train the model:
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Step 1: Setting Up the Environment

1. Google Colab Setup:

o Open Google Colab in your web browser.

o Create a new notebook and ensure that the runtime is set to GPU to take

advantage of accelerated computing resources. This can be done by navigating to

Runtime > Change runtime type > Hardware accelerator > GPU.

2.1 Libraries and Packages

Table 5: Libraries and Packages List

Library/Packa Description Reference
ge
keras High-level neural networks API, written in Python and capable Keras
of running on top of TensorFlow, CNTK, or Theano. Documentation
pandas Library providing data structures and data analysis tools for Pandas
Python. Documentation
sklearn Machine learning library for Python, including simple and Scikit-learn
efficient tools for data mining and data analysis. Documentation
numpy Fundamental package for scientific computing with Python, NumPy
offering support for large multi-dimensional arrays and matrices. Documentation
matplotlib Plotting library for the Python programming language and its Matplotlib
numerical mathematics extension NumPy. Documentation
pydrive Google Drive API Python wrapper library that simplifies file PyDrive
management in Google Drive. Documentation
gradio Python library that allows you to quickly create user interfaces Gradio
for machine learning models. Documentation
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2.2 Data Preprocessing

The data was read from a CSV file and split into a training data set and a test data set. Protein
sequences were encoded using one-hot encoding. This approach converts categorical data into a

binary matrix representing the presence of each category.

2.3 Model Architecture
The neural network model was built using Keras and consists of the following layers:

® Convolutional Layer (ConvlD): Extracts features from the input sequences.

® MaxPoolinglD Layer: Reduces the spatial dimensions of the feature maps.

® Dense Layer: Fully connected layer for learning complex patterns.

® Dropout Layer: Prevents overfitting by randomly setting a fraction of input units to zero.

e BatchNormalization Layer: Normalizes the input layer by adjusting and scaling the

activations.

® Activation Layer: Applies the activation function.
2.4 Model Compilation and Training

The model was compiled using the Adam optimizer and mean squared error as the loss function.

The training process was carried out with the following parameters:

® Optimizer: Adam
® | oss Function: Mean Squared Error

® Metrics: R-squared score
3.Model Evaluation

To evaluate the model's performance, we measured key metrics and visualized the training process.

20



Materials and Methods

These evaluations help ensure that the model generalizes well to unseen data and produces reliable

predictions.

3.1 Evaluation Metrics

We used several measures to evaluate the model's performance:

e R-Squared (R?): This statistical measure indicates the proportion of variance in the
dependent variable that can be predicted from the independent variables. RZ values close
to 1.0 indicate high accuracy of model predictions.Our model achieved an RZ value of 0.85,
demonstrating strong predictive ability.

e Mean Absolute Percentage Error (MAPE): This measure measures the average
magnitude of error in a set of predictions, without considering direction.This gives us

insight into the general size of the errors made by the model.

Evaluation metrics and analysis showed that the model was highly accurate and could be
successfully transferred to new data. The R? value of 85% , combined with thorough error analysis
and robustness tests, confirmed the reliability and effectiveness of the model in predicting protein

sequence alignment scores.

4. Deployment via Gradio

A Gradio interface was created that allows users to input two protein sequences and compare them

using a trained model. The required packages were imported and the model was loaded as:

import numpy as np
from keras import load_model

from keras. c import pad_sequences
import gradio as gr

model = load_model('./model.h5")

Figure 7 Imports from Gradio App
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4.1 Input Preparation and One-Hot Encoding

The sequences were prepared and encoded using One-Hot Encoding before being passed to the
model for prediction.

4.2 Sequence Comparison Function

The following function compares two protein sequences by encoding them, predicting their

properties, and formatting the predictions for display:

L N N

def compare_sequences(seql, seq2):

X_test [seql, seq2]
X_test_enc prepare_inputs(X_test)

predictions model.pred t(X_test_enc)

return f"prediction: {predictions[0][0] *

Figure 8 A python function to compare sequences
4.3 Gradio Interface Creation

The Gradio interface was developed to provide an easy-to-use web application for comparing
protein sequences. The interface takes two text inputs (protein sequences) and outputs the model's
predictions:
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4.5 Displaying the Web App

Protein Sequence Comparison

Compare two protein sequences using a trained model.

seql output

GRRYNFTQMGECDKCHQAFSFHFEQEPGCGPHTAKQTLLYKDICQRWPVWEFPPNVIPYN prediction: 39.15983438491821 %
KRRWEWSENIAGIGFFQLLSIWMASITQFVECMWYEIVSH

seq2

WYCIQEVWYYQCPNNGTWTEHEGECMHSWCTKFICKAVNRNTCGPPMNMLKMMQSVETFCA
YLSASARNVLWHTKLGVKMTNQWRWADNQSNYHRDCVGVK

seq3

ETAPWMYFLEYHPMSCYCQKVWPVHMMGWCTYSPLRANHAMVACVIRDALIRNYRITCHI
LTANGSYLTTTKCYLMVINTRWCFYECTMWARESVFPEPD

Figure 9 the Final Web App

Materials and Methods
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Discussion of Results

The results of this study provide valuable insight into the effectiveness of using deep learning
models to compare protein sequences. The high R-squared value of 0.85 suggests that the model
successfully captured the fundamental relationships between protein sequences and their
associated properties. In this section, we delve deeper into the implications of our results, examine

the strengths and weaknesses of our model, and discuss areas for future research and improvement.
Model Performance

The R-squared value is an important metric for evaluating regression models because it indicates
how well the model's predictions match the actual data. An R-squared value of 0.85 means that
approximately 85% of the variance in the target variable is explained by the model. This strongly
demonstrates the predictive power of the model, especially considering the complexity of
biological data and the inherent variability of protein sequences.

Mean Absolute Percentage Error (MAPE)

This plot shows the MAPE over epochs for both training and validation datasets, providing insight

into the model's accuracy over time.

8 x 10° —— training MAPE

validation MAPE
7 x 10°

MAPE

6x 10°

5x 10°

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
epoch

Figure 10 Mean Absolute Percentage Error (MAPE) over epochs for training and validation

datasets
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The decrease in MAPE across epochs for both datasets indicates that the model learned effectively
and improved its predictions over time. However, differences between the training and validation
MAPEs may also indicate possible overfitting. In our case, the plot shows convergence, indicating
that the model successfully translated to unseen data.

Residual Plot

The residual plot shows the difference between the actual and predicted values, helping to identify

any patterns or biases in the model's predictions.

Residuals (actual - predicted)
o
o

T T T T T T
0.3 0.4 0.5 0.6 0.7 o)
Predicted values

Figure 11 Residual plot showing the difference between actual and predicted values

Ideally, the residuals should be randomly distributed around zero, indicating that the model's
predictions are unbiased. In our model, the residuals were mostly centered around zero and showed
no discernible pattern. This suggests that the model had no significant bias and made accurate

predictions.
Loss over Epochs

The loss plot visualizes the loss over epochs for both training and validation datasets, illustrating

how the model's loss decreases over time as it learns.
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s training loss
6x10 validation loss
R 4 x 103
R
3x 1073
2x 1073
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

Figure 12 Loss over epochs for training and validation datasets

The decreasing loss across epochs on both the training and validation datasets indicates that the
model is learning effectively. Towards the end of the training process, a small discrepancy between
training and validation losses suggests a minimal level of overfitting, which is common in neural
networks. However, the overall trend showed good convergence, confirming the robustness of the

model.
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Strengths and Weaknesses
The strengths of the model include:

e High Predictive Power: The model's high R-squared value and effective performance
across multiple metrics demonstrate its strong predictive capabilities.

e Robust architecture: The combination of convolutional layers for feature extraction and

dense layers to learn complex patterns contributed to the robustness of the model.

e User-Friendly Interface: Deploying the model with Gradio provided users with an
accessible interface that facilitates practical applications without requiring extensive

technical knowledge.
However, there are also some limitations:

e Data Dependencies: model performance is highly dependent on the quality and diversity
of the training data. Biases and limitations within the dataset can affect the generalizability

of the model.

e Interpretability: Neural networks, especially those with deep architectures, are often
criticized for their lack of interpretability. It can be difficult to understand the exact features
and patterns that the model has learned.

Potential Improvements

e Advanced Neural Network Architectures: Consider more advanced architectures such
as recurrent neural networks (RNNSs), long short-term memory networks (LSTMs), and
transformers to better handle sequential data and potentially improve model performance.

e Hyperparameter Tuning: Tuning: A comprehensive hyperparameter tuning process
using techniques such as grid search and random search can help you find the best

parameters for your model and further improve accuracy.
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e Ensemble Methods: Combining predictions from multiple models (ensemble techniques)
can leverage the strengths of different algorithms to potentially yield more robust and

accurate predictions.
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Conclusion and Perspectives

Conclusion and Perspectives

In conclusion, understanding protein sequence similarities is crucial for elucidating functional and
evolutionary relationships between proteins, enabling accurate annotation of protein functions,
interaction predictions, and drug target identification. This study highlights the importance of
precise protein sequence similarity predictions in biological research, facilitating homolog
identification, evolutionary biology studies, and protein interaction network mapping. Deep
learning, with models such as CNNs, has significantly advanced bioinformatics by providing
sophisticated methods for analyzing complex biological data. This research aimed to develop and
evaluate a deep learning model for predicting protein sequence similarity, demonstrating good
accuracy and efficiency. Despite the inherent challenges posed by the complexity and diversity of
protein sequences, the deep learning model exhibited strong predictive performance. These
findings underscore the potential of deep learning to address key challenges in bioinformatics,
paving the way for further advancements in understanding disease mechanisms, developing

treatments, and conducting comparative genomics.
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