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Abstract

Protein function classification represents an important research area in bioinformatics.
With the rapid growth of protein sequence data, there is an increasing need to develop
efficient classification systems based on Artificial Intelligence techniques.

This work aims to classify protein sequences functionally using the Protein Data Bank
database, employing Machine Learning and Deep Learning models, in addition to hy-
brid and ensemble models, based on different protein sequence representation methods.
Furthermore, this study leverages protein language models such as ProtBERT and Evo-
lutionary Scale Modeling to extract rich representations of protein sequences.

The models are evaluated using performance metrics such as Accuracy, Precision, Re-
call, and Fl-score, as well as the assessment of model generalization ability. The results
demonstrate the effectiveness of the proposed approaches in improving protein function
classification performance, particularly the ESM model, which achieved the best perfor-
mance with an accuracy of 94.95%.

This study contributes to the development of protein function classification tools by pro-
viding accurate and effective models based on advanced sequence representations, thereby
improving classification accuracy and quality.

Keywords : Protein function classification, Bioinformatics, Artificial Intelligence, Ma-
chine Learning, Deep Learning, Protein Language Models.



Résumé

La classification fonctionnelle des protéines constitue un domaine de recherche impor-
tant en bioinformatique. Avec 'augmentation rapide des données de séquences protéiques,
il devient nécessaire de développer des systemes de classification efficaces basés sur les
techniques de l'intelligence artificielle.

Ce travail vise a classifier fonctionnellement les séquences protéiques en utilisant la base de
données Protein Data Bank, a ’aide de modeles d’apprentissage automatique et d’appren-
tissage profond, ainsi que des modeles hybrides et des modeles d’ensemble, en s’appuyant
sur différentes méthodes de représentation des séquences protéiques. Par ailleurs, cette
étude exploite des modeles de langage protéique tels que ProtBERT et Evolutionary Scale
Modeling afin d’extraire des représentations riches des séquences protéiques.

Les modeles sont évalués a ’aide de métriques de performance telles que 1I’Accuracy, la
Précision, le Rappel et le score F1, ainsi que 1’évaluation de la capacité de généralisation
des modeles. Les résultats obtenus démontrent 'efficacité des approches proposées dans
I’amélioration des performances de classification des fonctions des protéines, en particulier
le modele ESM, qui a obtenu la meilleure performance avec une accuracy de 94.95 %.
Cette étude contribue au développement d’outils de classification des fonctions protéiques
en proposant des modeles précis et efficaces basés sur des représentations avancées des
séquences, permettant ainsi d’améliorer la performance et la qualité de la classification.

Mots-clés : classification fonctionnelle des protéines, bioinformatique, intelligence arti-
ficielle, apprentissage automatique, apprentissage profond, modeles de langage protéique.
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General Introduction

Proteins are among the most essential biomolecules in living organisms, playing critical
roles in a wide range of fundamental biological processes, including enzymatic catalysis,
cellular signaling, and immune defense. Protein research has therefore attracted significant
attention, particularly in the field of protein function classification, which aims to associate
proteins with their corresponding biological role.

Protein function classification plays a crucial role in understanding complex biological
mechanisms, elucidating various biological phenomena, and facilitating the development
of novel therapeutic treatments and pharmaceutical drugs.

The rapid advances in biotechnology have led to a tremendous increase in the number
of protein sequences. Despite the continuous growth of biological data, many proteins still
lack accurate functional annotation. Experimental methods used to determine protein
functions are highly costly in terms of time and resources and require extensive laboratory
efforts, making them unable to keep pace with the increasing volume of data. In addition,
traditional computational approaches rely heavily on sequence similarity principles for
classification, which limits their performance and reduces their effectiveness.

Artificial Intelligence has demonstrated its effectiveness in addressing complex pro-
blems across various fields, including bioinformatics. It relies on Machine Learning and
Deep Learning techniques that are capable of automatically learning and extracting com-
plex features and patterns from data, making it a promising approach for protein classifica-
tion and an effective alternative to traditional experimental and computational methods.
Furthermore, it has contributed to achieving accurate and promising results in protein
function classification tasks.

This study aims, in general, to explore and evaluate the effectiveness of a wide range
of Artificial Intelligence approaches for protein function classification. More specifically,
it seeks to compare several Machine Learning and Deep Learning models using different
protein sequence representation techniques. In addition, this work investigates the use of
large protein language models to enhance classification performance.

The main contributions of this work include a unified comparative study of multiple
learning paradigms (machine learning, deep learning, hybrid, ensemble, and transfer lear-
ning), along with an extensive analysis of protein sequence representations from classical
methods to advanced pretrained embeddings (ProtBERT and ESM). The study also pro-
poses and evaluates novel deep and hybrid architectures, as well as ensemble strategies
combining deep models with classical classifiers to improve robustness. In addition, it va-
lidates transfer learning through fine-tuning, assesses generalization using cross-validation
and external datasets, and provides error analysis alongside a systematic evaluation of
model complexity, computational cost, and performance.

This study adopted a structured methodology comprising a series of integrated stages,
starting with data collection and preprocessing, followed by model development and eva-
luation, and culminating in results analysis and the assessment of classification effective-
ness.

This dissertation is organized into three main chapters :

Chapter 1: Fundamentals and State of the Art :

This chapter presents the theoretical background of the study. It covers the fundamental
concepts of proteins and their functions, along with protein functional classification. It



also introduces the main principles of Machine Learning and Deep Learning. Finally, it
provides a review and analysis of related previous studies in the field.

Chapter 2: Research Methodology :

This chapter describes the research methodology adopted for protein sequence classifi-
cation, including the dataset, preprocessing stages, feature engineering, and pretrained
embeddings. It then describes the developed machine learning, deep learning, hybrid,
ensemble, and transfer learning models, and concludes with the training strategy and
evaluation methodology.

Chapter 3: Implementation Framework and Experimental Ana-
lysis :

This chapter is dedicated to presenting the experimental framework and results of the
study, including the setup, development environment, and hardware specifications. It
compares the performance of the different proposed models using various feature repre-
sentations and embeddings. It also provides a comparative analysis of generalization,
overfitting, error analysis, and computational cost, before concluding with a summary of
the findings.
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Chapter 1: Fundamentals and State of the Art

Chapter 1
Fundamentals and State of the Art

1.1 Introduction

Proteins are among the most important biomolecules in living organisms because they
play a fundamental role in various biological processes, such as cell and tissue formation,
signal transmission, and immune regulation. With the continuous discovery of protein
sequences and the increasing number and diversity of functions, their classification has
become a major challenge in the field of bioinformatics.

The field of protein function classification has witnessed significant progress in recent
years, thanks to advances in artificial intelligence techniques, especially machine learning
and deep learning. These methods are capable of extracting complex patterns from protein
sequences and classifying them with high accuracy compared with traditional methods.
This chapter reviews key biological concepts related to proteins, methods for representing
protein sequences, as well as the basic concepts related to machine learning and deep
learning used in this field. It also reviews previous studies that applied these techniques
to protein sequence classification.

1.2 Background Knowledge

This section provides the fundamental knowledge required to understand protein-related
concepts by presenting the biological foundations in terms of protein composition, struc-
ture, and function. It also covers the concept of protein classification and its importance,
in addition to the systems and methods used in this field.

1.2.1 Biological Foundations of Proteins

1.2.1.1 Definition and Role of Proteins

The term "protein” originates from the Greek word Proteios, which means "essential”
or "of first importance”. It was introduced by the Dutch chemist Gerardus Johannes
Mulder in 1838, and later popularized by the Swedish chemist Jons Jacob Berzelius.
This term reflects the great importance of proteins in all living organisms. Proteins are
essential biological macromolecules composed of one or more chains of amino acids linked
by peptide bonds. These amino acids differ from each other in their side chains (R), which
give them specific chemical and functional properties [1].

Proteins play a vital role in various biological processes such as the stimulation of me-
tabolic reactions, the synthesis, transformation, and breakdown of chemicals, transport
of oxygen in the blood, regulation of hormones and enzymes, immune system response,
blood clotting and maintenance of the structural integrity of cells and tissues [2].
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1.2.1.2 Amino Acids

Amino Acids are the basic structural units of proteins, which consist of a central alpha
carbon atom bonded to a hydrogen atom, an amino group, a carboxyl group and a side
chain called the R group. In nature, there are 20 amino acids that differ only in the
chemical structure of their side chain (R), and they are linked together by peptide bonds
to form polypeptide chains. These amino acids are : Alanine (A), Arginine (R), Asparagine
(N), Aspartic acid (D), Cysteine (C), Glutamine (Q), Glutamic acid (E), Glycine (G),
Histidine (H), Isoleucine (I), Leucine (L), Lysine (K), Methionine (M), Phenylalanine (F),
Proline (P), Serine (S), Threonine (T), Tryptophan (W), Tyrosine (Y) and Valine (V) [3].

1.2.1.3 Protein Structure

Protein Structure is the shape and organization adopted by a sequence of amino acids
within a molecule after it folds in space. There are four levels of protein structure [5] :

e Primary structure is represented by the amino acid sequence.

« Secondary structure : which is the chain that makes consist of («) helices with
a helical structure and (/3) sheets with a sheet-like structure.

o Tertiary structure : is the complete three-dimensional organization of a polypep-
tide chain.

e Quaternary structure : is the structure of a protein composed of more than one
polypeptide chain.

The following Figure 1.1 represents the levels of protein structure.
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Figure 1.1 : Levels of protein structure [3].
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1.2.1.4 Protein Functions

Protein function refers to the specific biological role performed by a protein within the
cells of living organisms, describing its activity or role at the molecular or cellular level.
Proteins are classified into different functional groups, where one protein can belong to
one or more of these groups to determine its final function. These groups are [4] :

o Enzymes : Enzymes catalyze biochemical reactions within cells and facilitate che-
mical processes.

e Structural proteins : They form and maintain cellular structure, and also regulate
the distribution of organelles within the cytoplasm.

e Storage proteins : Their role is to store nutrients, especially amino acids and
metal ions, for use when the cell needs them.

o Signalling proteins : They are found in all parts of cells and are essential for their
functions, as they enable communication between cells and response to different
signals.

o Transporter proteins : They allow the movement of various molecules within
cells across the plasma membrane, and also transport molecules between cells in
multicellular organisms.

« Regulatory proteins : They help maintain internal balance by controlling the
activity of proteins and vital processes, to ensure they work at the right time and
place.

o Defence proteins : They are found in many living organisms and protect them
from various external attacks.

1.2.1.5 Relationship between Structure and Function

The function of a protein is closely related to its structure, as the amino acid sequence
determines how the protein folds and forms its three-dimensional structure, which in
turn determines its function within the cell [6]. Therefore, any change in the amino acid
sequence may lead to a change in the three-dimensional structure, and consequently to a
loss or modification of function.

1.2.2 Protein Functional Classification

Protein functional classification is a method of organizing proteins according to their
biological roles within the cells of living organisms.

1.2.2.1 Importance of Protein Classification

The importance of functional classification of proteins lies in several key aspects :

e Understanding biological functions : Protein classification helps researchers
understand the functions of proteins within cells and more accurately determine
their properties and role.
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o Predicting the functions of new proteins : Classifying an unknown protein
into a specific functional group helps predict its function and characteristics.

e Medical and pharmaceutical applications : It enables researchers to deve-
lop drugs and treatments by understanding the essential proteins associated with
diseases.

e Improving nutritional health : It helps in assessing nutritional value by deter-
mining the physical and chemical properties of proteins used in the food industry,
thus improving nutritional quality.

o Facilitating and understanding scientific research : It saves time and effort
by collecting proteins with similar properties into groups, making them easier to
study.

1.2.2.2 Enzyme Classification System

The Enzyme Classification (EC) is a standard system used to classify enzymes based on
the reactions they catalyze. It uses a four-part numerical code for each enzyme, reflecting
its functional properties. It is divided into six main classes including : Oxidoreductases,
Transferases, Hydrolases, Lyases, Isomerases, and Ligases [7].

1.2.2.3 Gene Ontology System

The Gene Ontology (GO) system is a structured terminology system used to describe
gene and protein functions in a standardized way. Its terms are interconnected through
hierarchical relationships similar to a graph representation, allowing for a more precise
description of biological information [8]. It is divided into three main categories [9] :

o Molecular Function : refers to the activity performed by a protein at the mole-
cular level.

e Cellular Component : determines the location of protein action within cells.

« Biological Process : represents the biological activity in which the protein is
involved to achieve a specific biological objective.

1.2.2.4 Traditional Methods for Protein Classification

A. Basic Local Alignment Search Tool : Basic Local Alignment Search Tool (BLAST)
is one of the most widely used tools in the field of bioinformatics. It was developed by
the National Center for Biotechnology Information (NCBI) and is still undergoing conti-
nuous improvements. It is used to analyze and compare biological sequences by identifying
regions of similarity between them to help predict the functions of newly discovered or
unknown genes and proteins [10].

B. Hidden Markov Model : The Hidden Markov Model (HMM) is a statistical model
used to model and analyze sequential data, such as biological sequences. This model is
based on the assumption of hidden states that control the generation of observable data,
where each state depends only on the previous state [11].
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1.2.2.5 Challenges in Functional Classification

There are several difficulties and obstacles that face the process of accurately deter-
mining protein function based on biological data. The main challenges in protein classifi-
cation include[12] :

e The presence of a large number of proteins that are very similar in sequence but
differ in function.

o Lack of features related to function.
» A single protein may perform multiple functions at the same time.
o The absence of three-dimensional structures for many proteins.

e The presence of small parts of the sequence responsible for function makes prediction
difficult, especially when they are located at the end of the sequence.

o Lack of experimentally confirmed functional data.

1.3 Computational Protein Function Classification

It aims to identify and classify proteins using computational algorithms and methods that
replace experimental laboratory approaches.

1.3.1 Sequence-based Methods

Sequence-based methods for protein function prediction rely on protein sequences, by
extracting features and directly capturing biological patterns from the sequences [14].

1.3.2 Structure-based Methods

Structure-based methods focus on extracting features related to biological function by
analyzing the spatial structure of proteins and converting them into contact maps, and
protein sequences are often used alongside structural data as inputs for these methods
[14].

1.4 Feature Representation of Protein Sequences

Protein sequence representation is the process of converting amino acid sequences into nu-
merical formats that can be processed by computational models using various techniques.

1.4.1 Importance of Feature Representation

Feature representation is a fundamental step in sequence classification, as it directly in-
fluences the performance of the models used. Its importance includes :

« Enabling models to extract patterns and properties from sequences.
o Capturing relationships within sequences.
o Improving the quality and accuracy of learning and performance.

e Reducing dimensionality and removing noise.
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1.4.1.1 Feature Extraction Techniques
Several techniques are used for feature extraction from protein sequences, including :

o K-mer : Represents biological sequences as numerical vectors by calculating the
frequency of short segments within the sequence. The dimensionality of the repre-
sentation varies depending on the value of k, which allows capturing local patterns
within the sequences [13].

e N-gram : Represents sequences by dividing them into successive subsequences of
length n, which are used to capture local patterns and contextual information within
the sequence.

o Term Frequency-Inverse Document Frequency (TF-IDF) : Represents se-
quences by assigning weights to each part of the sequence based on N-gram or
K-mer division, TF calculates the frequency of the part within the sequence, while
IDF measures its rarity across all sequences, with the aim of highlighting the impor-
tant and distinctive parts within each sequence. TF-IDF is mathematically defined
by the following equation :

TF-IDF(t,d) = TF(t,d) x log (D;V(t)) (1.1)

where t represents the extracted part from the protein sequence, and d represents
a protein sequence within the dataset. N denotes the total number of sequences in
the dataset, while DF(t) represents the number of sequences in which the element
t appears.

« CountVectorizer : Divides sequences into subsequences (k-mers/n-grams) which
are treated as words, where the frequency of each k-mer/n-gram is calculated across
all sequences, resulting in a numerical vector for each protein that represents the
distribution of patterns within a sequence.

1.4.1.2 Sequence Encoding Methods

There are several encoding techniques used for protein sequences, among them, we men-
tion :

o Integer Encoding : A method for numerically representing amino acid sequences,
where each amino acid is assigned a specific numerical value using a mapping table.
The protein sequence is then converted from its letter form into a numerical sequence
while preserving the order of the elements.

e One-Hot Encoding : Represents sequences numerically by converting each amino
acid into a binary vector, where only one position contains the value 1 correspon-
ding to that amino acid, while the remaining values are 0. Thus, the entire protein
sequence is represented as a matrix.

1.5 Fundamentals of Machine Learning

Machine learning is considered one of the fundamental techniques used in protein classi-
fication, as it provides the ability to efficiently handle protein data.
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1.5.1 Definition of Machine Learning

Machine Learning (ML) is a branch of Artificial Intelligence (Al) that aims to create
models capable of learning from data and making decisions or predictions without direct
human intervention. It relies on algorithms trained on specific datasets, which analyze
data and discover patterns within it, allowing the system to generalize to new data and
produce accurate results [15]. Machine learning is used in many applications, such as
image and face recognition, as well as voice assistants. It is also considered a fundamental
part of modern artificial intelligence and is applied in several fields, especially intelligent
systems and modern language models.

1.5.2 Supervised Learning

Supervised Learning is a type of machine learning algorithm that relies on labeled data
containing known inputs and outputs. The dataset is divided into training data and testing
data, with the goal of building a model capable of making predictions and decisions.
Supervised Learning is used in classification problems dealing with discrete values, and
regression problems used to predict continuous values [16].

1.5.3 Classification Principles

Classification is one of the supervised learning tasks in machine learning, where the model
assigns input data to predefined classes or categories based on the features and patterns
it learns from the training data. Classification problems are divided into three types :

« Binary classification : which includes only two categories.
o Multi-class classification : which involves more than two categories.

e Multi-label classification : where a single instance can belong to more than one
class at the same time.

The success of classification depends on the quality of the data, the choice of the appro-
priate algorithm, and the model parameters. However, two main issues may occur during
training :

« A /Overfitting : occurs when the model learns the details of training data, inclu-
ding noise and irrelevant patterns, which leads to poor generalization on new unseen
data.

o B/Underfitting : occurs when the model is too simple and unable to represent
the data, resulting in poor performance on both training and test data.

1.5.4 Common Algorithms

The following section presents several widely used machine learning algorithms for clas-
sification tasks :

o Support Vector Machine (SVM) : is a machine learning model used for classifi-
cation problems. Its main idea is to find the optimal separating hyperplane between
classes, such that the margin between them is maximized, allowing better separation
between the elements of each class while achieving a high generalization capability
[59].

10
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« Naive Bayes (NB) : is a machine learning classification model that determines
whether an instance belongs to a specific class or not, based on conditional proba-
bility, assuming feature independence. This allows building a probabilistic model
based on Bayes theorem [60].

o K-Nearest Neighbors (KNN) : is an instance-based machine learning method,
in which the algorithm predicts the class of new data based on its similarity to
instances in the training data. This is done by measuring similarity between data
instances and assigning a class based on the nearest neighbors [61].

e Decision Tree (DT) : It is a supervised learning model used for classification
tasks. This model builds a predictive representation that relates observations to
their corresponding target outcomes. A decision tree consists of internal nodes that
represent data features and branches that represent decision rules, while the terminal
nodes (leaves) represent the final classes or output values [62].

» Logistic Regression (LR) : Logistic Regression is a classification algorithm that
models the relationship between one or more independent variables and a binary
outcome by estimating the probability that an observation belongs to a particular
class [63].

« Random Forest (RF) : is an ensemble learning method that combines multiple
learning models based on the Bagging technique. A set of decision trees is trained
on different randomly sampled subsets of the data. The outputs of the trees are
combined through voting in the case of classification or by averaging in the case of
regression, which helps improve the model’s performance [64].

o« XGBoost : It is an ensemble learning method based on the Tree Boosting tech-
nique. This approach combines a set of decision trees to build a strong model, where
each model attempts to correct the errors of the previous one in order to improve
the overall performance [65].

1.6 Fundamentals of Deep Learning

Deep Learning (DL) is one of the modern techniques that plays a fundamental role in
protein functional classification. This section presents the fundamental concepts of deep
learning, in addition to the most popular models and techniques used for processing
protein sequences.

1.6.1 Definition of Deep Learning

Deep learning is a branch of machine learning and one of the most widely used Al tech-
niques. It is based on neural networks composed of multiple layers, where each layer
gradually interprets the input data. This gives it the ability to automatically learn fea-
tures for different tasks and link them to the outputs without any manual intervention,
which provides high performance and accuracy, especially with large-scale data. Deep
learning is used in many fields, such as computer vision, image and audio processing, data
analysis and natural language processing [17].

11
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1.6.2 Neural Networks Basics

Neural networks are one of the most important deep learning techniques. They rely
on layers of artificial neurons to extract features from data. They are widely used in
classification tasks, including protein classification.

1.6.2.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational systems inspired from the structure
and function of the human brain, used to process data and learn patterns in order to solve
complex problems. They consist of interconnected neurons organized into layers, including
input layers that receive external data such as images and text, hidden layers that
process data and learn patterns and relationships using weights and activation functions,
and output layers that produce the final output, such as classification or a predicted
value [18]. Figure 1.2 below represents the general architecture of artificial neural networks.
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Figure 1.2 : Artificial Neural Networks [31].

1.6.2.2 Activation Functions

Activation functions are one of the most important components of a neural network, as
they enable neural networks to learn complex relationships in data by introducing non-
linearity [19]. The most common activation functions are :

 ReLU : converts negative values to 0, while keeping positive values unchanged.

f(z) = max(0,x) (1.2)

« Tanh : transforms values into the range [-1, 1] and is centered at 0.

et —e "

er +e %

tanh(z) = (1.3)

» Sigmoid : converts values into the range [0, 1] and is often used in the output layer
for binary classification or multi-label classification tasks.

o(x) = (1.4)
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« Softmax : converts values into a probability distribution in the range [0, 1] where
the sum of all probabilities equals 1, It is used in the output layer for multi-class
classification problems.

Zi

(&

S (1.5)

Softmax(z;) =

1.6.2.3 Loss Functions

Neural networks rely on loss functions that measure the difference between the true and
predicted values. Depending on the type of problem, Cross Entropy is used in classification
tasks and includes two types : Binary Cross Entropy, used for binary classification and
multi-label classification problems, and Categorical Cross Entropy, used for multi-class
classification problems.

1.6.2.4 Optimization

Optimization is the process of updating model parameters by finding their optimal values,
and it aims to minimize the loss function to the lowest possible value. The most important
optimization algorithms are [19] :

« Gradient Descent (GD) : Updates the weights in the opposite direction of the
gradient, to minimize the error.

» Stochastic Gradient Descent (SGD) : An improved version of GD that uses
small batches of samples to update the weights, accelerating the training process.

e ADAM : It computes adaptive learning rates for each parameter and updates them
individually. It is efficient and speeds up training. This has made it the most widely
used algorithm in deep learning tasks.

1.6.2.5 Backpropagation

The backpropagation algorithm is used in the training of neural network models to com-
pute and distribute the error from the output layer back to the input layer. Its goal is to
determine the contribution of each weight to the error and update the weights to reduce
the overall error [19].

1.6.3 Deep Learning Architectures

Deep learning architectures rely on artificial neural networks and vary depending on the
nature of the data and the target task. These architectures include several different models
used to extract features and patterns from data, which allows improving performance in
various learning tasks.

1.6.3.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are considered supervised deep learning algo-
rithms that were developed by LeCun et al. in 1998 [20]. They are used to process images
by extracting the most important features and characteristics and classifying them accu-
rately, through the following stages :

13
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Convolution layer : responsible for feature extraction, and applies filters (kernels) to
detect patterns in input data.

Pooling layer : reduces the spatial dimensions and preserves the most important fea-
tures, thus reducing computational complexity. The most commonly used techniques in
this layer are max pooling and average pooling.

Flatten layer : this layer transforms the extracted feature maps into a one-dimensional
vector.

Fully Connected layer : it combines the extracted features to make the final deci-
sion (classification) [21]. Figure 1.3 illustrates the architecture of Convolutional Neural
Network.

Fully Connected

Convolution

Feature Extraction Classification

Figure 1.3 : Convolutional Neural Network (CNN) Architecture [32].

CNN is also used with text and time series data, known as One-Dimensional Convo-
lutional Neural Network (1D-CNN), where it can effectively extract patterns and
detect relationships within sequences in a manner similar to standard CNN [22]. Figure 1.4
shows the architecture of One-Dimensional Convolutional Neural Network.
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Figure 1.4 : One-Dimensional Convolutional Neural Network (1D-CNN) Architecture [33].
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1.6.3.2 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are a class of neural networks designed to process
sequential data, such as text and time series. They are characterized by their ability to
maintain temporal memory, where each step in processing is dependent on current and
past information. This helps in understanding the relationship between sequential ele-
ments within the data. RNNs are used in many applications, such as natural language
processing, text prediction, and time series analysis. However, it suffers from the vani-
shing gradient problem and the exploding gradient problem. Therefore, Long Short-Term
Memory (LSTM) model was developed to address the vanishing gradient problem and
improve information retention across long sequences [23]. The Figure 1.5 below represents
the architecture of Recurrent Neural Networks.
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Figure 1.5 : Recurrent Neural Network (RNN) Architecture [34].

1.6.3.3 Long Short-Term Memory

Long Short-Term Memory (LSTM) is an improved type of recurrent neural network,
introduced by Sepp Hochreiter and Jirgen Schmidhuber in 1997 [24]. It was designed to
address the vanishing gradient problem in RNNs. It consists of three gates that control
the flow of information : the input gate determines which new information should be
added to memory ; the forget gate decides which information should be forgotten or
retained ; and the output gate determines what information is passed from memory to
the rest of the network [25]. Figure 1.6 illustrates the architecture of Long Short-Term
Memory.
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Figure 1.6 : Long Short-Term Memory (LSTM) Architecture [48].

Both RNNs and LSTMs process data in a single direction that depends only on past
information. Therefore, the Bidirectional Long Short-Term Memory (BiLSTM)
model was proposed. BiLSTM processes data in two directions to capture the full context
of sequence elements (past and future). This is achieved by using two separate LSTM
networks that share the same output layer. This model has shown better performance,
especially in classification tasks [25], as shown in Figure 1.7.
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Figure 1.7 : Bidirectional Long Short-Term Memory (BiLSTM) Architecture [35].

1.6.3.4 Gated Recurrent Units

Gated Recurrent Units (GRUs) are a type of recurrent neural network, proposed by Cho et
al [26]. in 2014, to address the vanishing gradient problem and improve memory retention
in RNNs. It is considered a simplified version of LSTM because it does not include a
separate memory cell. It relies on two basic gates : the wupdate gate, which controls
how much of the previous information should be kept and combined with the current
input ; and the reset gate, which determines how much of the old information should
be forgotten. Therefore, this model allows important information to be remembered for
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a longer period while reducing computational complexity and accelerating training [27].
The Figure 1.8 shows the architecture of Gated Recurrent Units.
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Figure 1.8 : Gated Recurrent Units (GRUs) Architecture [36].

The GRUs process data in only one direction, from past to future. Therefore, the Bidi-
rectional Gated Recurrent Unit (BiGRU) model was introduced to process data in
both forward and backward directions using two parallel layers of GRU. It processes from
past to future and from future to past, and then the outputs from both directions are
combined [27], as shown in Figure 1.9.

GRU GRU GRU Backward GRU

Forward GRU\ ~ qpy GRU GRU —»

Figure 1.9 : Bidirectional Gated Recurrent Unit (BiGRU) Architecture [37].

1.6.3.5 Transformer

The Transformer architecture was introduced in 2017 by Vaswani et al. [55]. It is a fun-
damental deep learning architecture, especially used in natural language processing. It is
based on the attention mechanism and Encoder-Decoder structure. The Encoder consists
of several identical layers, where each layer consists of multi-head self-attention, a feed-
forward neural network, as well as residual connections and normalization to improve
stability. The decoder is similar to the encoder, except that it adds an attention layer
over the encoder output and uses masking to ensure that each position depends only
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on previous information. This makes the model capable of understanding relationships
between elements efficiently [21]. The Figure 1.10 below represents the architecture of
Transformer.
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Figure 1.10 : Transformer Architecture [37].

1.6.3.6 Attention

A mechanism in neural networks used in natural language processing, which allows models
to focus on important parts of data during processing. Its main idea is to make the model
not process all elements in the sequence equally, but instead assign different weights to
each element in the sequence depending on its importance [28]. This mechanism is widely
used in natural language processing, especially in text analysis and conversational models,
and is also one of the most important components that led to the development of modern
architectures such as the Transformer architecture.

1.6.3.7 Bidirectional Encoder Representations from Transformers

Bidirectional Encoder Representations from Transformers (BERT) is a natural language
processing model based on the Transformer architecture, introduced in 2019 by Devlin et
al [49]. The model relies on bidirectional contextual learning by analyzing words using both
the preceding and following contexts simultaneously, allowing for a deeper understanding
of relationships and meaning within texts. BERT is used in many natural language proces-
sing tasks, such as text classification, question answering, and others. Figure 1.11 shows
the architecture of Bidirectional Encoder Representations from Transformers (BERT).
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Figure 1.11 : Bidirectional Encoder Representations from Transformers (BERT) Archi-
tecture [50].

1.6.3.8 Hybrid Models

Hybrid models in deep learning integrate more than one type of neural network into a
single model in order to leverage the strengths of each network in extracting and capturing
features, thereby improving the model learning ability and increasing performance. Com-
mon examples of hybrid models include CNN-LSTM or CNN-GRU, which help capture
both spatial and temporal relationships. Also, Transformer combined with other neural
networks is widely used to enhance feature representation learning and context understan-
ding. Hybrid models are used in many applications such as text and sequence processing,
as well as images and videos analysis, where data is complex and requires multiple types
of processing.

1.6.4 Representation Learning

In the field of deep learning, representation learning is a fundamental approach that
aims to enable neural networks to automatically learn useful representations and features
from raw data, instead of relying on manual representations. It makes models able to
understand relationships and patterns within the data, and improve their performance in
prediction or classification tasks.

1.6.5 Transfer Learning

Transfer Learning is a technique that uses the knowledge learned from a model trained
on a specific domain or task to improve performance on another related task or domain,
with the goal of addressing a data shortage problem. Model-based transfer learning is one
of the most widely used approaches. A pre-trained model is used with the parameters
(weights) it has learned, through freezing part of its layers (freezing) or fully retraining it
on new data (fine-tuning) to adapt to the new task [27].
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1.6.6 Regularization and Prevention Methods

As in machine learning algorithms, neural networks can also suffer from the problem of
overfitting and poor generalization to new data. To avoid this problem, techniques called
regularization methods are used. They reduce model complexity and prevent overfitting.
The main methods are [19] :

Dropout : It randomly deactivates some neurons during the training phase, which
reduces model complexity.

Batch Normalization : Contributes to the stability of the training process and
reduces internal covariate shift, by normalizing the values within each batch, and
reducing the problem of internal distribution shift.

Early Stopping : It stops training when the model performance on validation data
stops improving and starts to degrade, or when the validation loss starts increasing.
It helps to select the best model in terms of performance and generalization ability.

1.7 Model Evaluation

It is the stage in which the quality of a classification model is evaluated. Numerical metrics
are used to assess the model’s performance by comparing predicted results with actual
results, based on four main cases[30] :

True Positive (TP) : When the model predicts the positive class correctly.
True Negative (TN) : When the model predicts the negative class correctly.

False Positive (FP) : When the model predicts the positive class, but it is actually
negative.

False Negative (FIN) : When the model predicts a negative class but it is actually
positive.

The most commonly used metrics for evaluation classification are[30] :

1.7.1 Accuracy :

Represents the proportion of correct predictions out of all predictions.

TP+TN
TP+TN+ FP+ FN

Accuracy =

1.7.2 Precision :

Measures the proportion of correctly predicted positive cases.

TP

Precision = m—w
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1.7.3 Recall :

Measures the proportion of actual positive samples correctly identified.

TP

Recall = m—m

1.7.4 F1l-score :

Represents the balance between Precision and Recall.

Precision - Recall

Fi- =2.
seore Precision + Recall

1.7.5 Confusion Matrix :

A table that represents TP, TN, FP, and FN values. Figure 1.12 illustrates the confu-
sion matrix used to evaluate the performance of the models.
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Figure 1.12 : Confusion Matrix [38].

1.8 Literature Review

Functional classification of protein sequences has received significant attention in scien-
tific research over several years, as many studies have addressed the use of machine lear-
ning and deep learning techniques for protein sequence classification.

Dongardive and Abraham (2015) [39] proposed a protein classification approach using
the KNN algorithm with a numerical representation of protein sequences based on a 3-
gram technique. The study was applied to a dataset containing 717 protein sequences
comprising 7 functional classes, extracted from the Swiss-Prot [56] database. The results
of this study achieved an accuracy of 84% when using K=15.
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In 2018, Vazhayil et al [40]. used the Swiss-Prot database, which contains 40,433 pro-
tein sequences belonging to 30 protein families, to perform protein classification. In this
study, the sequences were represented using the 3-grams technique to extract patterns
within the sequences, while setting the maximum sequence length to 1000 amino acids.
The performance of deep neural network models was also compared with shallow neural
networks and traditional machine learning models, where the LSTM model achieved the
highest accuracy of 78.40%.

In the same year, Naveenkumar et al [41]. studied the role of protein sequence represen-
tation using the 3-grams technique, with a maximum sequence length of 1000 amino acids,
in addition to the Keras Embedding technique on the Swiss-Prot database. The models
were evaluated using deep learning approaches, and after applying cross-validation, the
LSTM model achieved the highest accuracy of 91.24% when using the Keras Embedding
technique.

Siddha (2020) [42] developed and compared machine learning and deep learning models
for protein classification using the Protein Data Bank (PDB) database, based on sequences
belonging to 20 functional classes. TF-IDF and N-gram were used for feature extraction
in machine learning models, while Word Embedding using Keras was applied with deep
learning models. Chi-square test was also used for feature selection, and Random Under-
sampling was applied to address the problem of class imbalance. The results showed that
the Decision Tree model achieved the highest accuracy of 78.71%.

Similarly, in 2021, Sekhar et al [43]. applied Naive Bayes, Random Forest, and LSTM al-
gorithms on different subsets of protein sequences from the PDB database, which included
10 functional classes. The sequences were represented using Count Vectorizer technique.
The highest prediction accuracy of 96% was achieved by the LSTM model using 10,000
sequences.

In 2022, Wang [44] studied protein classification using numerical experimental data
extracted from the PDB database, where the data were normalized. The Extra Trees
Classifier was used for feature importance analysis in machine learning models. The KNN
model achieved the highest performance with an accuracy of 40%. In addition, amino acid
sequences from the same database, which included 36,411 protein sequences distributed
across 10 functional classes, were represented using k-mer and Word2Vec techniques.
Among, the evaluated deep learning models, the CNN model achieved the best perfor-
mance with an accuracy of 83%.

Tasnim et al.(2024) [45] used several Natural Language Processing techniques to effi-
ciently classify protein sequences, where the sequences were represented using TF-IDF
and Count Vectorizer with machine learning models. They also experimented with seve-
ral other techniques (Embedding, Integer Encoding, One-Hot with Embedding, One-Hot
with Integer Encoding, BLOSUM, and NLF) with deep learning models. This study was
conducted using protein sequences from the PDB database, comprising 226,693 sequences
distributed across 20 functional classes. The results showed that Count Vectorization
achieved the highest accuracy with the SVM model, reaching 92%, while Integer Enco-
ding with the CNN model achieved an accuracy of 90%.
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In 2025, Perveen and Weeds [46] studied protein sequence classification using two dif-
ferent data splitting strategies : random splitting and ECOD family-based splitting, using
the PDB database. Protein sequences and labels were represented using N-gram with
CountVectorizer and LabelEncoder with machine learning models, while tokenization and
integer encoding techniques were used with deep learning models. Several models, in-
cluding transformer-based models using transfer learning, were evaluated with different
sequence lengths. The Voting Classifier achieved an accuracy of 74% under random split-
ting, while the ProtBERT model, after fine-tuning, achieved the best results with an
accuracy of 77%. However, performance decreased under ECOD-based splitting.

Finally, Chakraborty and Bhargava (2025) [47] used the PDB database by selecting
protein sequences related to 10 functional classes. The sequences were represented using
k-mer (k = 5) and integer encoding, with a maximum sequence length of 300 amino acids.
Four different deep learning architectures were applied (CNN, BiLSTM, CNN-BiLSTM,
CNN-Attention). The results showed that the CNN model achieved the highest accuracy
of 91.8%.

The following Table 1.1 presents a summary of the previous studies conducted in the
field of protein classification. Most studies relied on Accuracy as the evaluation metric
for assessing model performance. The abbreviation ND in the table indicates that the
corresponding information was not available in the study.
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Table 1.1 : Summary of Related Works in Protein Sequence Classification.

Authors Dataset Data Models Feature Representation Best- Accuracy
Size/Nbr Performing | (%)
classes Model

Dongardive Swiss- 717/ KNN 3-gram KNN with | 84.51

and Abraham | Prot 7 K=15

(2015)

[39]

Vazhayil et | Swiss- 40,433/ RNN, 3-gram LSTM 78.40

al. Prot 30 LSTM,

(2018) GRU,

[40] DNN, ML

Models

Naveenkumar | Swiss- 40,433/ DNN, 3-gram /Keras Embedding LSTM 91.24

et al. Prot ND RNN,

(2018) LSTM,

[41] CNN

Siddha PDB ND/ DT, RF, | ML : TF-IDF +N-gram Decision 78.71

(2020) 20 CNN, DL : Word Embedding Tree

[42] LSTM

Sekhar et al. PDB 10,000/ NB, RF, | Count Vectorizer LSTM 96.00

(2021) 10 LSTM

[43]

‘Wang PDB 36,411/ Multinomial | DL : K-mer + Word2Vec CNN 83.00

(2022) 10 Regression,

[44] KNN, BiL-

STM, CNN

Tasnim et al. PDB 226,693/ NB, LR, | ML : TF-IDF + Count Vectori- | SVM 92.00

(2024) 20 SVM, NN, | zer

[45] CNN, Prot | DL : Embedding, Integer Enco-

ding, One-Hot with Embedding,
One-Hot with Integer Encoding,
BLOSUM, NLF

Perveen and | PDB ND/ ML, DL | ML : N-gram 4 Count Vectori- | ProtBert 77.00

Weeds ND and Trans- | zer (Fine-

(2025) former DL : Tokenization + Integer En- | Tuning)

[46] Models coding

Pre-trained Transformer Rebre-
sentation

Chakraborty PDB ND/ CNN, 5-mer + Integer Encoding CNN 91.80

and Bhargava 10 BiLSTM,

(2025) CNN-

[47] BiLSTM,

CNN-
Attention

Overall, studies have shown that deep learning models achieve relatively better perfor-
mance than machine learning models in protein classification. In addition, hybrid models
have demonstrated competitive performance compared to individual models. However,
performance strongly depends on the type and distribution of data, as well as on protein
sequence representation methods, which mainly focus on extracting statistical features
that do not suffciently capture the complex biological relationships within the sequence.
In contrast, transformer models have shown significant progress in sequence representa-
tion due to their ability to capture deep biological context. However, their performance
remains unstable across different studies.

Existing studies suffer from several limitations. First, most studies rely on a single
representation strategy and do not investigate the impact of multiple sequence encoding
techniques. Second, many works evaluate either CNN or recurrent networks independent-
ly, without combining local motif extraction and contextual sequence modeling. Third,
attention-based architectures remain insufficiently explored despite their potential bio-
logical relevance. Fourth, very few studies perform a comprehensive comparison across
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machine learning, deep learning, hybrid learning, ensemble learning, and transfer lear-
ning paradigms within a unified experimental framework. Finally, existing studies rarely
investigate how different architectures interact with different biological sequence repre-
sentations.

1.9 Conclusion

This chapter provided a comprehensive overview of proteins and their representation
methods, which is considered a key step in building effective models, in addition to pre-
senting the main concepts related to machine learning and deep learning, including the
techniques and algorithms applied to protein classification. It also reviewed and analyzed
previous studies in this field, paving the way for the next chapter, which will present the
methodology, adopted approaches and proposed models aimed at improving the perfor-
mance of protein sequence classification.
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2.1 Introduction

This chapter presents the methodology adopted in this study for the functional classi-
fication of proteins based on amino acid sequences, starting from data collection and
preprocessing, through sequence representation and feature extraction, and finally model
development and performance evaluation. The proposed methodological framework is ba-
sed on the study and integration of several approaches, including machine learning and
deep learning models, hybrid and ensemble learning methods, as well as protein language
models, along with the use of several methods for sequence representation. Furthermore,
this study addresses training strategies designed to improve model performance, as well
as the presentation of the evaluation methods used to analyze model performance.

2.2 Research Overview

Protein sequence classification is considered one of the major challenges in the field of
bioinformatics due to the complexity of biological data and the difficulty of analyzing
it. This study addressed this problem and aims to improve protein classification per-
formance by applying a wide range of modeling approaches, including machine learning
models, deep learning models, hybrid models, and hybrid ensemble models, in addition
to transformer-based transfer learning models. This study also provides various protein
sequence representation techniques, particularly those based on protein language models,
to enhance representation quality and improve classification accuracy.

The main contributions of this work can be summarized as follows :

e A comprehensive comparative analysis of multiple learning methods, including Ma-
chine Learning, Deep Learning, Hybrid Learning, Ensemble Learning, and Transfer Lear-
ning, within a unified experimental framework.

o An extensive investigation of protein sequence representation techniques, ranging
from classical approaches (TF-IDF, N-grams, One-Hot Encoding, K-mer Encoding, Raw
Sequences) to advanced pretrained protein language model embeddings (ProtBERT and
ESM).

e The design and exploration of novel deep learning architectures based on CNN,
LSTM, BiLSTM, and Transformer models, aimed at effectively capturing local patterns,
sequential dependencies, and global contextual information in protein sequences.

e The design and evaluation of novel hybrid deep learning architectures combining
CNN, BiLSTM, BiGRU, and Attention mechanisms to capture local patterns, long-range
dependencies, and functionally relevant sequence regions.

o The exploration of ensemble learning strategies by combining deep feature extractors
with classical machine learning classifiers such as Random Forest and XGBoost, improving
robustness and generalization.

e The validation of transfer learning effectiveness through fine-tuning of pretrained
models.
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o The examination of the generalization ability of the proposed models using cross-
validation and an independent ex ternal dataset.

« A comprehensive error analysis along with an investigation of the impact of dataset
composition on classification performance.

o A complete and systematic experimental pipeline analyzing the relationship between
model complexity, computational cost, and classification performance.

Figure 2.1 illustrates the general workflow of the proposed methodology for protein
sequence classification, beginning with data collection and ending with the prediction of
protein functional classes. The pipeline is organized into five major stages : data acquisi-
tion, preprocessing, feature extraction and sequence representation, modeling approaches,
and classification.
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Figure 2.1 : Protein Sequence Classification Pipeline.

1. The first stage, Data, involves collecting protein sequences from publicly available
databases. The quality and diversity of the data collected are crucial because they directly
affect the performance and generalization ability of the classification models.

2. In the second stage, Preprocessing, the raw protein sequences are cleaned and prepared
for analysis. Proper preprocessing ensures that the learning algorithms are trained on
reliable and representative data.

3. The third stage, Feature Extraction and Sequence Representation, transforms protein
sequences into numerical representations that machine learning algorithms can process.
4. The fourth stage, Modeling Approaches, presents various computational strategies used
for classification. Machine Learning algorithms rely on extracted features to perform clas-
sification. Deep Learning models automatically learn discriminative features directly from
sequence representations. In addition, Hybrid Models combine multiple techniques to le-
verage their complementary strengths, while Ensemble Models aggregate predictions from
multiple classifiers to improve robustness and accuracy. Transfer Learning has also emer-
ged as an effective approach by exploiting knowledge learned from large-scale protein
datasets and adapting it to specific classification tasks.

5. Finally, the Classification stage produces the predicted protein categories. As illustrated
in the figure, proteins can be assigned to different functional or biological classes, such as
hydrolases, transferases, oxidoreductases, lyases, or others.
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Overall, this pipeline provides a systematic framework for protein sequence classification.
The following sections provide a comprehensive overview of the adopted methodology for
functional protein classification, covering all stages from data collection and preproces-
sing, through feature extraction and sequence representation, to model development and
performance evaluation.

2.3 Processing Flow

This section presents the stages adopted for collecting and processing the data used in
this study.

2.3.1 Data Acquisition and Preparation

In this study, we use a dataset of protein sequences derived from the Protein Data Bank
(PDB)[57]. PDB is a publicly accessible database that stores structural data of proteins.
It was established in 1971 by Dayhoff et al. Initially, it contained only protein metadata.
Later, it evolved to include more complex three-dimensional (3D) structural data. In
1998, the PDB was managed by the Research Collaboratory for Structural Bioinformatics
(RCSB), which developed it into a fundamental scientific resource in the study of the
structures and biological functions of macromolecules[51].

2.3.1.1 Dataset Description

The dataset used in this study is available on the Kaggle platform [52], and contains more
than 400,000 entries, including DNA, RNA, and protein molecules. The data is organized
into two main files : the first file contains molecular metadata, including biological function
information, while the second file contains molecular sequence data. The two datasets are
merged into a single collection using the common column StructurelD.

2.3.1.2 Data Preprocessing

Following dataset integration, only protein-related sequences are retained using the ma-
cromoleculeType attribute, which represents the molecule type. The data are then cleaned
to ensure quality by removing missing values and invalid entries. We keep only the es-
sential columns, including : structure ID, representing the structure identifier; chain
ID, representing the sequence identifier ; sequence, representing the amino acid sequence
composed of consecutive characters, where each character corresponds to a specific amino
acid ; and classification, representing the functional class.

The sequences belonging to the top 10 functional classes are then selected. In addition,
sequences containing ambiguous amino acid symbols such as "X” are retained due to their
low frequency and negligible impact, as illustrated in Figure 2.2. As a result, a dataset
consisting of 188,353 protein sequences is obtained and used in the subsequent stages of
this study, including feature extraction, model training, and performance evaluation.
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Figure 2.2 : Amino Acid Frequency Distribution.

2.3.1.3 Class Distribution and Imbalance Analysis

Understanding the distribution of classes within biological datasets is an essential step
in classification tasks. As shown in Figure 2.3, the dataset suffers from class imbalance,
where some classes are represented by a significantly larger number of samples compared
to others. This variation may affect the learning process of models, as they may become
biased toward the majority classes at the expense of the minority ones. This ultimately
could reduce the ability of the models to effectively recognize all classes and achieve
balanced performance.
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Figure 2.3 : Class Distribution in the Dataset

2.3.2 Feature Engineering and Sequence Representation

Feature engineering is considered one of the fundamental stages in building effective mo-
dels for protein sequence classification, as it involves converting the characters forming
the sequences into numerical representations that can be processed by the models. Several
techniques are adopted for feature extraction and sequence representation according to
the nature of each model. Figure 2.4 summarizes the representation methods used in this
study along with the corresponding models for each method.

2.3.2.1 Feature Extraction for Machine Learning

N-gram and TF-IDF techniques are used to convert protein sequences into numerical
representations suitable for machine learning models. The N-gram technique divides se-
quences into overlapping subsequences in order to extract local relationships between
amino acids. In addition, the TF-IDF technique is adopted to highlight the most influen-
tial patterns in amino acid sequences by assigning higher weights to the most important
features (n-grams). The feature dimensionality depends on the used model.
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Figure 2.4 : Feature Engineering and Sequence Representation Methods

2.3.2.2 Sequences Representation

Several methods are used for sequence representation, including :

One-Hot Encoding : One-Hot Encoding is used to numerically represent protein se-
quences in deep learning models (CNN) by converting each amino acid into a binary vector
with a length equal to the vocabulary size. A vocab_ size of 21 is adopted, representing
the 20 standard amino acids in addition to an extra token for non-standard amino acids.
Each amino acid is represented by a value of 1 in its corresponding position, while all
other positions are filled with 0.

Raw-sequences encoding : Raw protein sequences are used with hybrid models to
enable them to automatically learn features and patterns directly from the original data.
These sequences are numerically represented using Integer Encoding at the amino acid
level using a vocabulary of 21 tokens, including the standard amino acids in addition to
a special symbol representing unknown amino acids.

k-mer-based encoding : K-mer combined with Integer Encoding is applied to obtain
more expressive representations that capture complex patterns within sequences. These
representations are processed using deep learning models, hybrid models, and ensemble
learning models.

Protein sequences are first segmented into overlapping subsequences of length 5 (K=5),
where the value of K was selected based on empirical experiments that provided the best
balance between representation quality and computational cost.

Integer Encoding converts the extracted K-mers into unique numerical values, based on
a vocabulary constructed from all K-mers extracted from the training data, resulting in
a vocabulary size of 1,904,347.
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Sequence Length and Padding Strategy : Protein sequences in the dataset show
significant variation in sequence lengths, as illustrated in Figure 2.5, which necessitates
standardizing these lengths before feeding them into the models. After statistical analysis
of the dataset, it is found that the median sequence length is 260 amino acids, and that 75%
of the sequences are shorter than 368 amino acids. Based on this, a fixed maximum length
of 300 is selected, as it provides a balance between covering most sequences, preserving
biological information, and reducing computational complexity.

A Padding procedure is applied by adding zero values to the end of sequences shorter than
the defined length, while longer sequences are truncated. This ensures the standardization
of input dimensions across all samples.

Sequence Length Distribution
60000
50000
40000
&
=
o
S 30000
@
i
20000
10000
00 200 400 600 800 1000 1200 1400
Length

Figure 2.5 : Sequence Length Distribution in the Dataset.

Label Encoding : To prepare the dataset for classification tasks, the functional classes
are encoded into a numerical format using Label Encoding, where a unique numerical
value is assigned to each protein class, in order to enable the models to properly process
the classification outputs.

2.3.3 Pretrained Embeddings
2.3.3.1 ProtBERT

ProtBERT is a protein language model and an improved version of (BERT) based on
the Transformer architecture. It was developed in 2021 by Elnaggar et al [58]. through
adapting the BERT architecture and retraining it on more than 200 million protein se-
quences, in order to enhance its ability to represent biological properties related to protein
structure and function.[53].

2.3.3.2 Evolutionary Scale Modeling

Evolutionary Scale Modeling (ESM) is a series of protein language models trained on
hundreds of millions of proteins using large language model techniques and based on
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the Transformer architecture. These models are characterized by their ability to cap-
ture patterns and features, in addition to generate contextual representations that reflect
biological properties and their functional importance within protein sequences[54]. The
corresponding Figure 2.6 represents the architecture of the ESM model.
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Figure 2.6 : Evolutionary Scale Modeling (ESM) Architecture[54].

Pretrained embeddings are adopted, where protein sequences are represented in a rich and
compact manner by passing them through pretrained language models, including Prot-
BERT and ESM. These models segment sequences into tokens and convert each token into
a numerical representation based on its sequential context. Finally, these representations
are aggregated to produce a single vector representing the entire sequence, enabling the
capture of long-range and complex relationships between amino acids within the protein
sequence.

2.4 Model Design and Development

This study employs a set of approaches, including machine learning and deep learning
models, hybrid and ensemble learning models, as well as protein language models.

2.4.1 Machine Learning Models

Several machine learning models are employed in this study to evaluate their performance
in protein sequence classification tasks. These models include Support Vector Machine
(SVM), Logistic Regression, Naive Bayes, K-Nearest Neighbors (KNN), De-
cision Tree, Random Forest, and XGBoost. The selection of these models aims at
covering a diverse set of learning paradigms, including linear models, probabilistic ap-
proaches, instance-based learning, tree-based methods, and ensemble learning techniques,
in order to ensure a comprehensive evaluation of classification performance. The following
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Table 2.1 presents the final values of the N-gram range, maximum features, and the hy-
perparameters adopted for each machine learning model after the hyperparameter tuning
process.

Table 2.1 : Hyperparameter Settings of Machine Learning Models.

Model N-gram max-features Hyperparameters

SVM n=4 30000 kernel = linear, C=10, max_ iter=10000

Logistic Regression n= rang (2-5) 50000 C=10, max__ iter=5000, n_ jobs=-1

Naive Bayes n=>5 30000 alpha=0.1

KNN n=3 10000 k=5, metric=cosine, n__jobs=-1

Decision Tree n=2 30000 max_ depth=30, min_ samples_ split=>5

Random Forest n=2 30000 n__ estimators=200, max_ depth=30,
min__samples_ split=5, criterion=gini, n_ jobs=-
1

XGBoost n=3 20000 n_ estimators=200, max_ depth=6, lear-
ning rate=0.1,
objective=multi :softmax,

num__class=len(set(y__train)),
eval _metric=mlogloss

2.4.2 Deep Learning Models

A set of deep learning models is adopted due to their ability to learn and capture complex
patterns within protein sequences, in addition to automatically extract features from
protein data. Protein sequences are numerically represented and encoded using the One-
Hot Encoding and K-mer with Integer Encoding techniques to provide suitable inputs for
the models. The architectures are selected based on their ability to learn representations
and improve performance in protein classification tasks.

2.4.2.1 Deep Learning Architectures

Several deep learning architectures are adopted, including :

CNN : The proposed CNN architecture consists of several sequential layers designed
to extract discriminative features from protein sequence representations.

The input layer receives the numerical representations of the sequences, which are first
processed by an Embedding layer that converts them into dense trainable vectors. After
that, two 1D-CNN layers are used to extract important local patterns. Batch Normaliza-
tion is applied after each convolutional layer to improve training stability. A Max Pooling
layer follows the first convolutional layer to reduce dimensionality, while a Global Max
Pooling layer is applied after the second convolutional layer to aggregate the most signi-
ficant extracted features. Finally, the data passes through a Dense layer followed by a
Dropout layer to reduce overfitting, and a Softmax layer is used for final classification.
The proposed CNN architecture is illustrated in Figure 2.7.
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Figure 2.7 : Proposed CNN Architecture.

The proposed LSTM architecture is illustrated in Figure 2.8.
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The proposed LSTM architecture aims to learn sequential dependencies within
protein sequences and extract temporally relevant features.

The input layer receives the numerical sequence representations, which are then trans-
formed into dense vectors using an Embedding layer. Two LSTM layers are subsequently
applied. The first uses return_sequences=True to extract full sequential representations,
while the second summarizes the information at the sequence level. Batch Normalization
is used to improve training stability, along with Dropout to reduce overfitting. Finally,
the data is passed through a Dense layer and a Softmax output layer for classification.
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Figure 2.8 : Proposed LSTM Architecture.

BiLSTM : The BIiLSTM architecture learns sequential dependencies within protein
sequences in both directions, which enhances the contextual representation of amino acids.
The input layer receives the numerical sequence representations, which are then transfor-
med into dense trainable vectors using an Embedding layer, with Spatial Dropout applied
to reduce feature dependence. Two BiLSTM layers are then used : the first extracts full
bidirectional sequential representations using return_ sequences=True, while the second
summarizes the information at the sequence level. Batch Normalization is applied after
the first BILSTM layer to improve training stability, along with Dropout to reduce over-
fitting. Finally, the data is passed through a Dense layer followed by a Softmax output
layer for classification. Figure 2.9 illustrates the proposed architecture of the BiLSTM
model.
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Figure 2.9 : Proposed BiLSTM Architecture.

Enhanced Transformer Encoder : The Enhanced Transformer Encoder (ETE) ar-
chitecture is adopted to learn complex and long-range relationships between amino acids.
The input layer receives numerical sequence representations, followed by an Embedding
layer with L2 regularization to improve generalization and reduce overfitting. Then, Layer
Normalization and Dropout are applied to enhance representation stability, along with
learnable positional encoding to enable the model to capture the order of elements within
the sequence.

The representations are then passed through four stacked Transformer Encoder layers,
where each layer includes Layer Normalization and Multi-Head Self-Attention to capture
dependencies between all amino acids, along with Dropout. Residual connections are used
to link each layer’s input with its intermediate output. This is followed by another Layer
Normalization and a Feed Forward Network consisting of two Dense layers with Dropout,
along with a residual connection to improve information flow and training stability. Final-
ly, Global Average Pooling is applied to obtain a global sequence representation, followed
by Layer Normalization. The representation is then passed through Dense layers with
Dropout, and the final classification is performed using a Softmax layer. The proposed
ETE architecture is illustrated in Figure 2.10.
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Figure 2.10 : Proposed Enhanced Transformer Encoder Architecture.

2.4.2.2 Hyperparameter Tuning and Configuration

The models are trained using the same processing pipeline, while different hyperparameter
values are tested and illustrated in Table 2.2. The final values are selected based on the
performance achieved on the validation set.

Tab. 2.2 : Hyperparameter Settings of Deep Learning Models.

Model Learning Batch Size Number of | Optimizer Dropout Spatial Dro-
Rate Epochs poutlD

CNN 0.001 64 30 Adam 0.3 /

LSTM 0.0001 64 50 Adam 0.3 /

BiLSTM 0.0005 64 30 Adam 0.3 0.2

ETE 0.001 32 30 AdamW 0.2/0.1 /

2.4.3 Hybrid Models

Hybrid models are adopted to improve protein classification performance by combining
multiple deep learning architectures in order to benefit from the strengths of each model
in processing and analyzing protein sequences. The sequences are represented using the
Integer Encoding, in addition to K-mer based Integer Encoding.

2.4.3.1 Hybrid Models Based on Raw Sequences Representation

Several hybrid architectures based on the Integer Encoding are employed, with the hy-

perparameters of each model optimized.

Hybrid Models Architectures
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CNN-BiLSTM : The proposed CNN-BiLSTM model benefits from the ability of both
architectures to extract local patterns and learn sequential dependencies within protein
sequences.

The model starts with an input layer, followed by an Embedding layer that transforms
the representations into dense vectors, with Spatial Dropout applied to reduce overfit-
ting. After that, two 1D-CNN layers are used to extract important local patterns, with
Batch Normalization applied to improve training stability and Max Pooling to reduce
dimensionality. The extracted features are passed through two BiLSTM layers to learn
sequential dependencies, where Batch Normalization and Dropout are used to improve
generalization. Finally, the data is passed through Dense layers with Dropout,where the
dropout parameter is set to 0.5, since empirical studies have demonstrated that this value
is near-optimal for many different neural network architectures [66]. The final classifi-
cation is performed using a Softmax layer. The adopted CNN-BiLSTM architecture is
illustrated in Figure 2.11 .
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Figure 2.11 : Proposed CNN-BiLSTM Architecture.

CNN-BiGRU : The CNN-BiGRU model also benefits from the ability of both ar-
chitectures to extract local patterns and learn sequential dependencies within protein
sequences.

The input sequences are first embedded into dense vector representation using an Embed-
ding layer, followed by Spatial Dropout to improve generalization. Two 1D-CNN layers
are applied to extract meaningful local motifs, with Batch Normalization applied to im-
prove training stability and Max Pooling to reduce feature dimensionality. The resulting
features are processed by two BiGRU layers to learn sequential dependencies, with Batch
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Normalization and Dropout used to reduce overfitting.

Finally, the data passes through Dense layers with Dropout, and the final classification is
performed using a Softmax layer.The adopted CNN-BiGRU architecture is illustrated in
Figure 2.12.
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Figure 2.12 : Proposed CNN-BiGRU Architecture.

CNN-BiLSTM-Attention : The CNN-BiLSTM-Attention model is adopted using the
same architecture as the CNN-BiLSTM model, with the addition of an Attention layer that
assigns different weights to the features extracted from the BiLSTM layer in order to focus
on the most important elements within the sequence.This is illustrated in Figure 2.13.
Some modifications to the hyperparameters are also introduced according to the model
requirements.
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Input Extracting Features (CNN + BILSTM + Attention Model) Classification Head
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Figure 2.13 : Proposed CNN-BiLSTM-Attention Architecture.

CNN-BiGRU-Attention : The CNN-BiGRU-Attention model follows the same ove-
rall architecture as the CNN-BiGRU model, with the integration of an Attention layer
that learns to assign different importance weights to the features produced by the BIGRU
layer in order to focus on the most important elements within the sequence. This archi-
tecture is illustrated in Figure 2.14. Some modifications to the hyperparameters are also
introduced according to the model requirements.
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Hyperparameter Tuning and Configuration :

Figure 2.14 : Proposed CNN-BiGRU-Attention Architecture.

The proposed models are trained

using the same pipeline, with different hyperparameter values being tested. The final
values are selected based on performance on the validation set. Table below 2.3 presents
the hyperparameters used for the hybrid models.

Table 2.3 : Hyperparameter Settings of Hybrid Models Based on Raw Sequences Repre-
sentation.

Model Learning Batch Size Number of | Optimizer Dropout Spatial Dro-

Rate Epochs poutlD

CNN- 0.0001 128 30 Adam 0.4/0.5 0.2

BiLSTM

CNN- 0.0003 128 30 Adam 0.4/0.5 0.2

BiGRU

CNN- 0.0001 128 50 Adam 0.3/0.4 0.2

BiLSTM-

Attention

CNN- 0.0003 128 50 Adam 0.3/0.4/0.5 0.2

BiGRU-

Attention

2.4.3.2 Hybrid Models Based on k-mer Representation

Several hybrid architectures based on the K-mer representation technique are employed,
with the hyperparameters of each model optimized.

Hybrid Models Architectures
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CNN-BiLSTM : The CNN-BiLSTM is used to combine the strengths of both archi-
tectures in extracting and learning patterns within protein sequences.

The input layer receives the numerical representations of the sequences, which are then
transformed into trainable vectors using an Embedding layer. Next, a CNN1D layer is
applied to extract important features, with Batch Normalization is used to improve trai-
ning stability and Max Pooling to reduce dimensionality. The extracted representations
are then passed through two BiLSTM layers to learn bidirectional sequential relationships
and enhance contextual representation. Finally, the data passes through Dense layers with
Dropout to reduce overfitting, and the final classification is performed using a Softmax
layer. This is illustrated in Figure 2.15.
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Figure 2.15 : Proposed CNN-BiLSTM Architecture.

CNN-BiGRU : The CNN-BiGRU hybrid model extracts and learns complex patterns
within protein sequences. The numerical representations of the sequences are converted
into vectors through an Embedding layer. Two CNN layers extract important local fea-
tures, with Batch Normalization applied to improve training stability, Max Pooling to
reduce dimensionality, and Dropout to reduce overfitting. The extracted representations
are passed through a single BiGRU layer to capture sequential relationships in both di-
rections, with Global Max Pooling used to extract the most important features. Finally,
the data is passed through Dense layers with Dropout, and the final classification is per-
formed using a Softmax layer. The architecture of the CNN-BiGRU model is presented
in Figure 2.16.
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Figure 2.16 : Proposed CNN-BiGRU Architecture.

CNN-Self-Attention : The CNN-Self-Attention is used to benefit from the strengths
of both architectures in extracting patterns and identifying the most important regions
within protein sequences.

The input layer receives the numerical sequence representations, which are then trans-
formed into trainable vectors using an Embedding layer. Next, two 1D-CNN layers are
applied to extract important local patterns, with Batch Normalization used to improve
training stability and Max Pooling employed to reduce dimensionality.

The extracted representations are then passed through a Self-Attention mechanism, which
enables the model to focus on the most important elements within the sequence. Global
Max Pooling is subsequently used to extract the most relevant features. Finally, the data
passes through Dense layers with Dropout to reduce overfitting, and the final classification
is performed using a Softmax layer. This is illustrated in Figure 2.17.
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Figure 2.17 : Proposed CNN-Self-Attention Architecture.

The hybrid CNN-BiLSTM-Attention model is adopted

to benefit from the advantages provided by the three architectures. An Attention layer
is added to the proposed CNN-BiLSTM model to assign different weights to the features
extracted from the BiLSTM layers, allowing the model to focus on the most important
elements within the sequence.This is illustrated in Figure 2.18. The architectural settings
and hyperparameter values are maintained as in the proposed CNN-BiLSTM model.
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Figure 2.18 : Proposed CNN-BiLSTM-Attention Architecture.
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CNN-BiGRU-Attention :

The CNN-BiGRU-Attention model is used to combine lo-

cal pattern extraction and bidirectional sequential dependency learning, while enhancing
the focus on important regions within protein sequences. A structure similar to the CNN-
BiGRU model is adopted, with the removal of GlobalMaxPoolinglD and the addition
of an Attention layer that assigns different weights to the features extracted from the
BiGRU layer. This allows the model to enhance features that are more relevant to the
classification task.This architecture is illustrated in Figure 2.19. Some modifications to
the hyperparameters are also introduced according to the model requirements.
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Figure 2.19 : Proposed CNN-BiGRU-Attention Architecture.

The proposed hybrid models are

trained using the same tuning pipeline, with different hyperparameter values being tested.
The final values are selected based on performance on the validation set.The following
Table 2.4 presents the hyperparameters used in the hybrid models.

Table 2.4 : Hyperparameter Settings of Hybrid Models Based on k-mer Representation.

Model Learning Batch Size Number of | Optimizer Dropout Spatial Dro-
Rate Epochs poutlD

CNN- 0.0003 64 30 Adam 0.3 0.2

BiLSTM

CNN- 0.0001 64 100 Adam 0.3/0.4 /

BiGRU

CNN-Self- 0.0003 64 30 Adam 0.3 /

Attention

CNN- 0.0003 64 30 Adam 0.3 0.2

BiLSTM-

Attention

CNN- 0.001 64 50 Adam 0.3/0.4 /

BiGRU-

Attention
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2.4.4 Hybrid Ensemble Learning

The Hybrid Ensemble Learning approach is adopted to improve classification performance
by combining hybrid deep learning models with machine learning models. The ensemble
models are built based on the CNN-BiLSTM-Attention and CNN-BiGRU-Attention ar-
chitectures, as presented in the Hybrid Models with k-mer representation section, while
maintaining the same architecture and hyperparameters and integrating them with Ran-
dom Forest and XGBoost models.

Random Forest is selected due to its ability to handle high-dimensional data and reduce
overfitting, whereas XGBoost is adopted because of its ability to enhance performance
using Gradient Boosting, which reduces errors and improves classification accuracy, with
hyperparameters tuned according to each model.

This approach relies on training the hybrid model to extract features from protein se-
quences, where the extracted features are used as inputs to the machine learning model.
Both the hybrid model and the machine learning model independently generate predic-
tion probabilities, after which a Weighted Soft Voting strategy is applied to combine the
outputs. The optimal weights are determined using the validation set by testing different
weight values and selecting those that achieve the best classification accuracy. Finally, the
prediction probabilities are combined using these optimized weights to obtain the final
classification result, as illustrated in the Figure 2.20.
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Figure 2.20 : Hybrid Ensemble Learning Pipeline.

The accompanying Table 2.5 presents the hyperparameters of both the Random Forest
model and the XGBoost model used within the Hybrid Ensemble Learning approach after
the tuning process.

Table 2.5 : Hyperparameter Settings of Hybrid Ensemble Learning Models.

Model Hyperparameters

RandomPForest n__estimators=300, max_ depth=20, n_ jobs=-1

XGBoost n _ estimators=300, max _ depth=6, learning _ rate=0.05, subsample=0.8, colsample _ by-
tree=0.8, objective="multi :softprob’, n _ jobs=-1, num _ class=num_ classes

2.4.5 Transfer Learning

To improve classification performance on the target dataset, transfer learning is employed
to leverage the knowledge acquired from large pre-trained protein language models for
analyzing protein sequences and extracting biological relationships between amino acids
within the sequences.

Two pre-trained models are used in this study, namely ProtBERT and ESM.
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ProtBERT is used as a feature extraction model by converting each protein sequence into
dense numerical representations, with a maximum sequence length of 512 amino acids.
The data is also split into batches (batch size = 8) to reduce memory consumption and
accelerate processing. A Mean Pooling strategy with an attention mask is applied to
obtain a final representation for each sequence. Finally, these representations are used as
input features for machine learning models to perform the classification task.

The ESM model is used in two different ways :

1. It is employed as a feature extractor similarly to ProtBERT. Protein sequences
are converted into numerical representations by splitting the data into batches (batch
size = 8) with a maximum sequence length of 1024 to match the model capability of
processing long sequences. A Mean Pooling strategy is applied along with an Attention
Mask to ensure an accurate final representation of the sequences. Finally, the resulting
embeddings are saved and used as input features for machine learning models.

2. The ESM model is also used in a Fine-Tuning setting to adapt it to the target data

and the protein sequence classification task. The model is fully fine-tuned by unfreezing
all its layers and adding a task-specific classification head on top of the representation
layers, allowing contextual embeddings to be transformed into predictions for the target
classes.
Protein sequences are processed by converting them into numerical tokens using the mo-
dels tokenizer, with a maximum sequence length set to (512) and data split into batches
to ensure efficient processing. The sequences are then passed through the model to obtain
deep contextual representations for each amino acid, which are then used by the final
classification layer to generate predictions. Table 2.6 presents the hyperparameters of the
machine learning models used after feature extraction using ProtBERT and ESM.

Table 2.6 : Hyperparameter Settings of Machine Learning Models with ProtBERT and
ESM Embeddings.

Model

Hyperparameters (Protbert)

Hyperparameters (ESM)

SVM

kernel = linear, C=1.0, max__iter=5000

kernel linear, max__iter=5000

Logistic Regression

max_ iter=50000

max__iter=3000, solver="lbfgs’, mul-

ti_ class=’auto’

Naive Bayes

priors=None, var_smoothing=1e-9

priors=None, var__smoothing=1e-9

KNN

n_ neighbors=5, weights=’distance’
tric="minkowski’, p=2

me-

n_ neighbors=5

Decision Tree

max_ depth=20

max_ depth=20, min_ samples_ split=>5

Random Forest

n__estimators=200, max__depth=None,

n__jobs=-1

n__estimators=100, max_ depth=20,

n__jobs=-1

XGBoost

objective="multi :softprob’,
num__class=num__ classes, n__estimators=200,
max_ depth=6, learning_rate=0.1, sub-
sample=0.8, colsample bytree=0.8,
eval__metric="mlogloss’

n__estimators=200, learning_rate=0.1,
max__depth=6, subsample=0.8, col-
sample_bytree=0.8, eval _metric="mlogloss’

Table 2.7 shows the hyperparameters of the ESM

model with fine-tuning.

Table 2.7 : Hyperparameter Settings for the Fine-Tuned ESM Model

Model

Learning Rate Batch Size

Number of Epochs Optimizer

ESM

0.00002 8

20 Adam
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2.5 Training Strategy

A unified training strategy is adopted to evaluate the proposed models in this study. The
dataset is split into 80% for training and 20% for testing for machine learning models and
feature extraction models. For deep learning, hybrid, hybrid ensemble learning models,
and the ESM fine-tuning model, a more detailed split is used, consisting of 70% training,
15% validation, and 15% testing.

The validation set is used during training to monitor model performance and tune hyper-
parameters, while the test set is reserved for final evaluation.

Class Weights are used to address class imbalance in the dataset, allowing the models to
give more importance to underrepresented classes and improve classification performance.
Several techniques are applied to improve training stability and avoid overfitting, including
Early Stopping, which stops training when validation performance stops improving, and
ReduceLROnPlateau, which gradually reduces the learning rate when the loss stagnates.
Finally, Checkpointing is used with large protein language models to allow training to
resume from the last saved state and to store the best-performing model during training.

2.6 Evaluation Methodology

This section presents the methodology adopted to measure and analyze the performance
of the proposed models, as well as to evaluate their generalization ability, in order to
ensure the reliability and stability of the results.

2.6.0.1 Evaluation Metrics and Confusion Matrix

The models performance is evaluated using a set of standard classification metrics to
provide a comprehensive and accurate assessment of model effectiveness. Accuracy is
used to measure the proportion of correct predictions among all samples, Precision to
evaluate the ability of the models to reduce false predictions, and Recall to measure the
ability of the models to correctly identify relevant samples for each class. In addition,
F1-score, which represents the harmonic mean of Precision and Recall, is also used. The
Weighted Average values of Precision, Recall, and Fl-score are adopted for presenting
the results, in order to consider the number of samples within each class by assigning
a weight proportional to the size of each class, making the evaluation more suitable for
imbalanced datasets. In addition, the Confusion Matrix is used to provide a detailed
analysis by illustrating the distribution of correct and incorrect predictions across all
classes, allowing a better understanding of model’s behavior.

2.6.0.2 Cross-Validation Strategy

Cross Validation is a technique used to evaluate the generalization capability of a model by
dividing the dataset into several folds, where the model is trained on a portion of the data
and its performance is evaluated on the remaining folds. This process is repeated several
times, and the final performance is calculated by taking the average of the obtained results
across all folds, providing a more reliable evaluation of model performance and helping
reduce the overfitting problem.

Cross-validation is applied to the best-performing model by splitting the dataset into
five folds. In each iteration, three folds are used for training, one fold for validation,
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and one fold for testing. The process is repeated so that each fold is served in different
roles, ensuring evaluation on unseen data at each iteration and providing a more robust
evaluation. Finally, the overall performance of the model is obtained by averaging the
results across all five folds.

2.6.0.3 Generalization Evaluation

A set of external data is used to evaluate the generalization capability of the models.
Due to the difficulty of obtaining additional data for protein sequence classification, a set
of protein sequences is collected from the National Center for Biotechnology Information
(NCBI) Website[29] by searching for sequences belonging to the same classes present in
the original dataset. Protein sequences belonging to the UniProt database are used and
extracted in FASTA format, which is suitable for biological sequence processing. After
the collection process, approximately 400 protein sequences belonging to 9 functional
classes are obtained, while ensuring that there is no overlap with the original dataset to
guarantee the reliability of the evaluation. These data are then used as an external test
set to evaluate the performance of the best-performing model in this study and assess its
generalization capability.

2.7 Conclusion

This chapter presents the methodology of protein sequence classification adopted in
the study of protein sequence functional classification. It covers the stages of data pre-
paration, sequence representation techniques, and feature extraction, as well as the dif-
ferent approaches used, including machine learning models, deep learning models, hybrid
DL models, hybrid ensemble learning models, and transfer learning using advanced pro-
tein language models. The chapter also addresses the training and evaluation strategies
adopted to ensure reliable and accurate performance. This methodology enables a fair
comparison between all studied models and provides a reliable basis for evaluating their
effectiveness in protein classification tasks. Following this evaluation strategy, the next
chapter is dedicated to present the experimental results and discuss the performance of
the proposed models in detail.
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Chapter 3

Implementation Framework and
Experimental Analysis

3.1 Introduction

This chapter presents the working environment and resources used for developing and
training the models, in addition to presenting the results of the different models used and
analyzing their performance in the protein sequence classification task.

It also includes the study of the impact of sequence representation on classification per-
formance.

Furthermore, this chapter discusses the generalization ability of the models and evaluates
them on external data, in addition to error analysis and the study of the impact of dataset
composition on performance.

Finally, the chapter addresses the analysis of model complexity and computational cost,
and presents a comprehensive comparison of the study results with previous works.

3.2 Experimental Design

All experiments are conducted using the same data preprocessing pipeline and the same
training strategy. The same evaluation metrics are also adopted, in order to ensure a
comprehensive and fair comparison between the different approaches used in the protein
sequence classification task.

3.2.1 Development Environment

All experiments are developed and implemented using a unified programming environ-
ment, which is based on a set of specialized tools, libraries, and required computational
resources, enabling the construction and training of different models.

3.2.1.1 Programming Language
In this study, Python is adopted as the primary programming language due to its simpli-

city, flexibility, and support for machine learning and deep learning domains, in addition
to its wide range of specialized libraries that facilitate data processing, model building,
and efficient performance evaluation.

3.2.1.2 Libraries and Frameworks

A variety of specialized libraries and frameworks are used, including :

o Pandas and NumPy : for data processing and organization, as well as facilitating
numerical operations.

o Scikit-learn : for developing and evaluating traditional machine learning models.
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e TensorFlow and PyTorch : for building and training deep learning models, in
addition to Keras to facilitate model construction and development.

o Hugging Face Transformers : for running pretrained models and extracting
representations.

e Matplotlib and Seaborn : for visualizing results and analyzing model perfor-
mance.

3.2.1.3 Tools

Models are developed and implemented using Google Colab and Kaggle. Colab is an
interactive cloud-based environment developed by Google, built on Jupyter Notebook,
which allows code execution and model development with free GPU support. Kaggle
is a platform dedicated to data science and machine learning, also providing a Jupyter
Notebook-based execution environment with free computing resources such as GPUs. In
this study, Google Drive is also used to store and organize data, models, and results,
which facilitates file saving and synchronization across different working environments.

3.2.2 Hardware Specifications

Graphics Processing Units (GPUs) are used to accelerate the model training process in the
Colab and Kaggle environments, such as Tesla T4 and P100. In addition, Random Access
Memory (RAM), ranging between 12 and 16 GB, is utilized for efficient data processing
and model execution.

3.3 Experimental Results

This section presents the results obtained on the test data using the different adopted
approaches, in addition to providing an analysis of the results to evaluate the performance
of the models.

3.3.1 Machine Learning Models Results

Table 3.1 presents the results of machine learning models developed in this study based
on commonly used evaluation metrics. Figure 3.1 illustrates these results.

Table 3.1 : Performance Results of Machine Learning Models.

Model Accuracy (%) Weighted Preci- | Weighted Recall | Weighted F1-
sion (%) (%) score (%)
SVM 93.13 94.00 93.00 93.00
Logistic Regression 93.39 93.00 93.00 93.00
Naive Bayes 79.00 80.00 79.00 79.00
KNN 89.48 90.00 89.00 90.00
Decision Tree 87.94 88.00 88.00 88.00
Random Forest 93.72 94.00 94.00 94.00
XGBoost 86.85 88.00 87.00 87.00
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Figure 3.1 : Results of Machine Learning Models.

The obtained results shows clear differences in the performance of machine learning mo-
dels for the protein sequence classification task. Among all evaluated models, Random
Forest achieved the best performance with an accuracy of 93.72 %, in addition to ob-
taining 94 % for Precision, Recall, and Fl-score. Furthermore, both Logistic Regression
and SVM demonstrated competitive performance with close results, achieving accuracies
of 93.39 % and 93.13 %, respectively, highlighting their ability to effectively exploit the
extracted features. On the other hand, KNN, Decision Tree, and XGBoost achieved mo-
derate performance compared to the previously mentioned models, while Naive Bayes
exhibited the weakest performance with an accuracy of 79 %.

Overall, the results demonstrate the capability of traditional machine learning models to
achieve good performance in protein sequence classification based on TF-IDF extracted
features. The results also highlight the superiority of ensemble-based models such as
Random Forest in handling these high-dimensional features in a more stable and effective
manner.

3.3.2 Deep Learning Models Results
It represents the results of deep learning models obtained using One-Hot Encoding and

K-mer representations.

3.3.2.1 Models Results Based on One-Hot Encoding Representations

The following Table 3.2. presents the performance results of the proposed CNN model
using one-hot encoding for protein sequence representation.

Table 3.2 : Performance Results of CNN Model Based on One-Hot Encoding.

Model Loss Accuracy (%) Weighted Preci- | Weighted Re- | Weighted F1-
sion (%) call (%) score (%)
CNN 0.38 89.84 90.00 90.00 90.00 ‘
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The CNN model based on the One-Hot Encoding representation achieved an accuracy of
89.84%, with a loss value of 0.38. The model also obtained identical values of 90% for
Precision, Recall, and F1-score, reflecting its ability to extract local patterns from protein
sequences using the One-Hot Encoding representation mthod and to reduce classification
errors.

3.3.2.2 Models Results Based on K-mer Representations

The Table 3.3. presents the performance results of deep learning models based on
k-mer representation.Figure 3.2 illustrates these results.

Table 3.3 : Performance Results of Deep Learning Models Based on k-mer Representation.

Model Loss Accuracy (%) Weighted Preci- | Weighted Re- | Weighted F1-
sion (%) call (%) score (%)

CNN 0.22 93.11 93.00 93.00 93.00

LSTM 0.30 91.77 92.00 92.00 92.00

BiLSTM 0.25 92.02 92.00 92.00 92.00

ETE 0.38 93.03 93.00 93.00 93.00
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Figure 3.2 : Results of Deep Learning Models Based on k-mer Representation.

The results shows that the CNN model achieved the best performance among the deep
learning models used, with an accuracy of 93.11% and the lowest test loss of 0.22, in
addition to achieving 93% for Precision, Recall, and Fl-score. The Enhanced Transfor-
mer Encoder also demonstrated competitive performance with an accuracy of 93.03%,
while both BiLSTM and LSTM achieved relatively lower performances with accuracies of
92.02% and 91.77%, respectively. The results indicate the ability of deep learning models
to extract complex features and benefit from representations based on the K-mer tech-
nique. In particular, the CNN model showed superior performance and stability, highligh-
ting its ability to effectively capture local patterns and important features from protein
sequences.
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3.3.3 Hybrid Models Results

It represents the results of hybrid models obtained using raw-sequences and K-mer repre-
sentations.

3.3.3.1 Models Results Based on Raw Sequences

Table 3.4 presents the performance results of the proposed hybrid learning models using
raw sequences representation. Figure 3.3 illustrates these results.

Table 3.4 : Performance Results of Hybrid Learning Models Based on Raw Sequences
Representation.

Model Loss Accuracy (%) Weighted Preci- | Weighted Re- | Weighted F1-
sion (%) call (%) score (%)

CNN-BiLSTM 0.30 91.53 92.00 92.00 92.00
CNN-BiGRU 0.35 90.38 91.00 90.00 91.00
CNN-BiLSTM- | 0.29 92.45 93.00 92.00 92.00

Attention

CNN-BiGRU- 0.31 91.28 91.00 91.00 91.00

Attention
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Figure 3.3 : Results of Hybrid Models Based on Raw Sequences Representation.

The results of the hybrid models based on raw sequence representation show differences in
performance among the various architectures. The CNN-BiLSTM-Attention model achie-
ved the best performance with an accuracy of 92.45% and the lowest loss value of 0.29.
It also achieved 93% in Precision and 92% for both Recall and Fl-score. In addition,
both CNN-BIiLSTM and CNN-BiGRU-Attention achieved similar performances with ac-
curacies of 91.53% and 91.28%), respectively, while the CNN-BiGRU model recorded the
lowest performance among the evaluated models, with an accuracy of 90.38% and a loss
value of 0.35.

These results reflect the ability of hybrid models to effectively handle raw sequences,
particularly the CNN-BiLSTM-Attention model, by benefiting from the strengths of each
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architecture in extracting patterns and modeling sequential relationships among amino
acids, in addition to improving the models ability to focus on the most important parts
of the sequence.

3.3.3.2 Models Results Based on K-mer Representations

The following Table 3.5. presents the performance results of the proposed hybrid models
using K-mer representation. Figure 3.4 illustrates these results.

Table 3.5 : Performance Results of Hybrid Learning Models Based on k-mer Representa-
tion.

Model Loss Accuracy (%) Weighted Preci- | Weighted Re- | Weighted F1-
sion (%) call (%) score (%)

CNN-BiLSTM 0.24 92.30 92.00 92.00 92.00
CNN-BiGRU 0.25 92.98 93.00 93.00 93.00

CNN-Self- 0.22 93.15 93.00 93.00 93.00

Attention

CNN-BiLSTM- | 0.23 93.25 93.00 93.00 93.00

Attention

CNN-BiGRU- 0.24 93.34 93.00 93.00 93.00

Attention
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Figure 3.4 : Results of Hybrid Learning Models Based on K-mer Representation.

The results of the hybrid models show that the best performance for protein sequence
classification was achieved by the CNN-BiGRU-Attention model, with an accuracy of
93.34% and a test loss of 0.24. It is followed by the hybrid models CNN-BiLSTM-Attention
and CNN-Self-Attention, which achieved close performances with accuracies of 93.25%
and 93.15%, respectively. Meanwhile, both CNN-BiGRU and CNN-BiLSTM recorded
relatively lower performances with accuracies of 92.80% and 92.30%, respectively.

These results reflect the effectiveness of hybrid models in protein sequence classification,
particularly the CNN-BiGRU-Attention model. This is achieved by combining the ability
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of CNN to extract local features from sequences represented using K-mer, the capabi-
lity of BIGRU to model sequential dependencies, and the effectiveness of the Attention
mechanism in focusing on the most important parts of the sequence.

3.3.4 Hybrid Ensemble Learning Models Results

Table 3.6 below presents the the performance results of the hybrid ensemble learning
models using K-mer representation. Figure 3.5 illustrates these results.

Table 3.6 : Performance Results of Hybrid Ensemble Learning Models.

Model Accuracy (%) Weighted Preci- | Weighted Recall | Weighted F1-
sion (%) (%) score (%)

CNN-BiLSTM- 94.04 94.00 94.00 94.00

Attention 4+ Random

Forest

CNN-BiLSTM- 93.96 94.00 94.00 94.00

Attention + XGBoost

CNN-BiGRU- 94.00 94.00 94.00 94.00

Attention 4+ Random

Forest

CNN-BiGRU- 93.84 94.00 94.00 94.00

Attention + XGBoost
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Figure 3.5 : Results of Hybrid Ensemble Learning Models .

The results of the hybrid ensemble models highlights the superiority of the CNN-BiLSTM-
Attention + Random Forest model, which achieved an accuracy of 94.04%, along with
94% for Precision, Recall, and F1-score. In addition, the CNN-BiGRU-Attention + Ran-
dom Forest model achieved a very close performance with an accuracy of 94.00%. In
contrast, both CNN-BiLSTM-Attention + XGBoost and CNN-BiGRU-Attention + XG-
Boost achieved accuracies of 93.96% and 93.84%, respectively, with identical values for
the remaining evaluation metrics.

These results demonstrate the ability of ensemble learning models to improve protein
sequence classification performance, particularly the CNN-BiLSTM-Attention + Random
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Forest model. This improvement is achieved through the contribution of hybrid deep
learning models in extracting discriminative features and important relationships within
biological sequences. In addition, machine learning models exploit these extracted features
to further enhance the final classification process.

3.3.5 Transfer Learning Models Results

It presents the results of transfer learning models based on both feature extraction and
fine-tuning approaches using the ProtBERT and ESM models.

3.3.5.1 Results Using ProtBERT Embeddings

The following Table 3.7 presents the results of the machine learning models based on
ProtBERT embeddings. To illustrate these results, the corresponding Figure 3.6. shows a
comparison of the performance of the hybrid learning models.

Table 3.7 : Performance Results of Machine Learning Models Using ProtBERT Embed-
dings.

Model Accuracy (%) Weighted Preci- | Weighted Recall | Weighted F1-
sion (%) (%) score (%)
SVM 79.27 81.00 79.00 79.00
Logistic Regression 78.95 81.00 79.00 79.00
Naive Bayes 38.97 49.00 39.00 37.00
KNN 88.88 89.00 89.00 89.00
Decision Tree 79.41 80.00 79.00 79.00
Random Forest 88.36 88.00 88.00 88.00
XGBoost 92.00 92.00 92.00 92.00
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Figure 3.6 : Results of Machine Learning Models Performance based on ProtBERT Em-
beddings.

The results obtained using ProtBERT embeddings reveal differences in the performance
of machine learning models. The XGBoost model achieved the best performance with an
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accuracy of 92%, while also obtaining 92% for Precision, Recall, and F1-score. Meanwhile,
both KNN and Random Forest achieved similar results, with accuracies of 88.88% and
88.36%), respectively. In contrast, Logistic Regression, SVM, and Decision Tree exhibited
relatively similar performance, with accuracies ranging between 78% and 79%. However,
Naive Bayes recorded the weakest performance with an accuracy of 38.97%.

These results reflect the effectiveness of ProtBERT representations in extracting rich fea-
tures from protein sequences and capturing relevant biological information. Models based
on boosting and ensemble learning techniques, particularly XGBoost, tend to be more ca-
pable of exploiting these representations and converting them into accurate classification
decisions compared to the other models.

3.3.5.2 Results Using ESM Embeddings

Table 3.8 presents the results of the machine learning models based on ESM embed-
dings. To illustrate these results, the corresponding Figure 3.7. shows a comparison of the
performance of the hybrid learning models.

Table 3.8 : Performance Results of Machine Learning Models Using ESM Embeddings.

Model Accuracy (%) Weighted Preci- | Weighted Recall | Weighted Fi-
sion (%) (%) score (%)
SVM 81.12 80.00 79.00 81.00
Logistic Regression 82.76 82.00 81.00 83.00
Naive Bayes 48.02 52.00 55.00 48.00
KNN 92.54 91.00 91.00 92.00
Decision Tree 90.60 90.00 89.00 91.00
Random Forest 94.84 95.00 94.00 95.00
XGBoost 94.38 94.00 93.00 94.00
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Figure 3.7 : Results of Machine Learning Models Performance based on ESM Embeddings.

The results obtained using ESM embeddings show variations in the performance of ma-
chine learning models. The Random Forest model achieved the best performance with
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an accuracy of 94.84%, along with 95% for Precision and Fl-score, and 94% for Recall.
It was followed by the XGBoost model with a close performance, achieving an accura-
cy of 94.38%. Meanwhile, both KNN and Decision Tree achieved accuracies of 92.54%
and 90.60%, respectively. In contrast, Logistic Regression and SVM showed lower per-
formance with accuracies of 82.76% and 81.12%, respectively. Naive Bayes recorded the
weakest performance with an accuracy of 48.02%.

The results indicate the effectiveness of machine learning models in handling protein fea-
tures extracted using ESM, particularly ensemble and boosting methods such as Random
Forest and XGBoost, which effectively exploit these representations and improve clas-
sification performance, with Random Forest achieving the best performance in protein
sequence classification.

3.3.5.3 ESM Fine-Tuned Model Results

The corresponding Table 3.9 presents the results of the ESM model after fine-tuning
technique.

Table 3.9 : Performance Results of the Fine-Tuned ESM Model.

Model Loss Accuracy (%) Weighted Preci- | Weighted Re- | Weighted F1-
sion (%) call (%) score (%)
ESM 0.22 94.95 95.00 95.00 95.00

The results obtained using the ESM model after fine-tuning show that the model achieved
a classification accuracy of 94.95% with a loss value of 0.22, in addition to obtaining 95%
for Precision, Recall, and F1-score.

These results indicate the model’s ability to learn directly from protein sequences and
capture biological relationships within them, allowing it to extract more specialized and
accurate representations compared to fixed embeddings, which positively impacts protein
functional classification performance.

3.4 Comparative Analysis and Discussion

This section aims to provide a comprehensive comparative analysis and discussion of
the obtained experimental results. Through the evaluation of the studied models and
the interpretation of the achieved results, it highlights the key factors influencing model
effectiveness and reliability.

3.4.1 Intra-Study Model Comparison

The comparison among the different models investigated in this study revealed variations
in performance across the different approaches. The corresponding Figure 3.8 shows a
comparison of the best performing models from the different studied methods.
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Figure 3.8 : Comparison of the Best Models Across Different Proposed Methods.

Among the machine learning models, Random Forest achieved the best performance with
an accuracy of 93.72%, while the CNN model achieved the highest accuracy among the
deep learning models, reaching 93.11% when using the K-mer technique with Integer
Encoding. Regarding the hybrid models, the CNN-BiGRU-Attention model achieved the
best performance when using K-mer representations, with an accuracy of 93.34%. Hy-
brid ensemble learning models also demonstrated progressive improvement compared to
the previous approaches, with the highest accuracy of 94.04% achieved by the CNN-
BiLSTM-Attention + Random Forest model. For transfer learning approaches, ProtBERT
representations combined with XGBoost achieved an accuracy of 92%, while ESM repre-
sentations combined with Random Forest outperformed them, reaching 94.84% accuracy.
In addition, the ESM model after Fine-Tuning further improved the results, achieving
the best performance in this study with an accuracy of 94.95%. Overall, these compari-
sons confirm the progressive improvement in protein sequence classification performance
when moving from one approach to another, with transfer learning-based models showing
superior performance, particularly the ESM Fine-Tuning model.

3.4.2 Interpretation of Results

The results showed that performance differences is directly related to the architectural
design of the models and the tuning of hyperparameters, in addition to each model’s ability
to represent the biological properties embedded within protein sequences. These sequences
are characterized by complex relationships between amino acids, making performance
improvement highly dependent on how well each model can capture and represent these
interactions.

The superiority of the Random Forest model among machine learning methods reflects
the ability of ensemble decision trees to handle nonlinear relationships within sequences,
leading to improved classification stability, unlike Naive Bayes, which relies on the assump-
tion of feature independence, an assumption that does not align with the interconnected
nature of amino acids in protein sequences.

In deep learning models, CNN achieved better performance due to its ability to extract
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local motifs that represent important biological signals related to protein function. The
Enhanced Transformer Encoder also demonstrated the effectiveness of attention in mo-
deling long-range dependencies within protein sequences, in addition to improving the
encoder architecture to enhance contextual interactions between amino acids. BiLSTM
and BiGRU models were able to capture long-term sequential dependencies, enabling
better contextual understanding.

Hybrid models benefited from the combination of different architectures, particularly
through the Attention mechanism, which helped focus on the most biologically relevant
regions within protein sequences, especially those related to functional roles.

In ensemble learning, combining deep hybrid models with machine learning algorithms
such as Random Forest and XGBoost led to improved performance compared to standa-
lone deep hybrid models, by effectively leveraging extracted features to enhance classifi-
cation accuracy.

Finally, in transfer learning, protein language models showed superior performance due
to their ability to learn deep biological representations. ProtBERT provided contextual
representations of protein sequences, which were effectively utilized by the XGBoost model
to improve the classification process through its ability to handle such features. ESM
outperformed ProtBERT due to differences in the representations learned by each model,
as ESM was trained with a more protein-specific objective, enabling it to better capture
complex amino acid relationships, evolutionary patterns, and structural dependencies,
which explains its superior performance in this study.

3.4.3 Impact of Feature Representation

The experimental results of this study showed that the method used to represent protein
sequences plays a fundamental role in protein sequence classification performance. Dif-
ferent sequence representations provided different levels of biological information to the
evaluated models. The corresponding Figure 3.9 compares feature representation methods
for the best proposed model.

Impact of Feature Representation on Best Model Performance

ESM (Fine-Tuning) - @ 94.95%

ESM (Random Forest) 1 @24.38%

ProtBERT (XGBoost) 4 @ 92.00%

K-mer (CNN-BIiLSTM-Att + RF) @ 24.04%

Raw (CNN-BiLSTM-Att) 4 @ 92.45%

One-Hot (CNN) @ 89.84%

N-gram+TF-IDF (Random Forest) @®93.72%

T T T T T T T
86 88 20 92 94 96 98 100
Accuracy (%)

Figure 3.9 : Comparison of the Best Models Results Across Different Representation
Methods.

The N-gram representation combined with TF-IDF demonstrated that frequency-based
sequence patterns can still provide useful discriminatory information.
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In addition, One-Hot Encoding showed the ability to convert protein sequences into a
simple numerical representation that preserves the identity of amino acids directly, allo-
wing models to treat each amino acid as an independent unit within the sequence.

In contrast, the K-mer representation with Integer Encoding helped preserve part of the
sequential information, allowing models to detect recurrent local patterns within pro-
tein sequences. This positively influenced model performance, particularly hybrid and
ensemble models that benefited from these patterns to extract features more closely re-
lated to protein function. Meanwhile, the Raw Sequences representation preserved the
complete biological information of protein sequences in their original form, enabling mo-
dels to learn representations directly from the data. However, its effectiveness remained
dependent on the ability of the model architecture to learn meaningful features from the
available data.

In addition, ProtBERT and ESM representations provided a higher level of feature re-
presentation by leveraging pretrained protein language models trained on large protein
datasets, contributing to the generation of rich biological features that reflect the biologi-
cal context of amino acids. Furthermore, ESM representations captured deeper biological
and structural information, in addition to evolutionary relationships within protein se-
quences.

Finally, the use of ESM with Fine-Tuning achieved the best overall results by adapting
the internal representations of the pretrained model according to the characteristics of
the target dataset, enabling the extraction of more specialized and task relevant features
for classification.

Overall, the transition from traditional representations to representations derived from
protein language models led to a progressive improvement in protein classification perfor-
mance, confirming the importance of protein sequence representation in building effective
classification models.

3.4.4 Overfitting Analysis and Generalization

This section aims to analyze the overfitting phenomenon and the generalization ability of
the proposed ESM fine-tuning model in order to evaluate its performance on previously
unseen data.

3.4.4.1 Overfitting Analysis

The training and validation curves presented in Figure 3.10 showed that the training
dynamics of the ESM Fine-Tuning model exhibited stable learning behavior throughout
the optimization process. The model effectively learned the underlying patterns in the
data during the early stages of training, as both training and validation accuracy increased
simultaneously while the loss values decreased significantly, confirming the model’s ability
to capture important features associated with biological functions. As training progressed,
the training accuracy continued to increase gradually, reaching approximately 97.4%,
while the validation accuracy stabilized around 95.21% with only minor fluctuations.
Meanwhile, the training loss continued to decrease, whereas the validation loss stabilized
at approximately 0.20.

These results indicate the presence of a small gap between training and validation per-
formance, reflecting the model’s ability to learn additional details from the training data,
particularly during the later stages of training. However, this difference remained limited,
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as the stability of the validation accuracy and the absence of any significant decline, to-
gether with the stable validation loss without a continuous increase, indicating that the
model did not suffer from severe overfitting.
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Figure 3.10 : Training and Validation Curves of the Fine-Tuned ESM Model Showing
Accuracy and Loss Evolution.

3.4.4.2 Cross Validation Results

The corresponding Table 3.10 presents the test evaluation results of the Fine-Tuned ESM
model using cross-validation.

Table 3.10 : Cross-Validation Results of the Fine-Tuned ESM Model.

Fold Loss Accuracy (%) Precision (%) Recall (%) Fl-score (%)
Fold 1 0.18 94.82 94.82 94.82 94.82
Fold 2 0.18 94.70 94.68 94.70 94.69
Fold 3 0.19 94.72 94.70 94.72 94.71
Fold 4 0.16 94.91 94.88 94.91 94.89
Fold 5 0.17 94.95 94.93 94.95 94.94
Average 0.17 94.82 94.80 94.82 94.81

The results obtained through Cross-Validation showed that the ESM Fine-Tuning model
achieved stable performance across different folds, with classification accuracy ranging
from 94.70% to 94.95%, and an average accuracy of 94.82%. Furthermore, the Precision,
Recall, and F1l-score values remained highly consistent across all folds, indicating a ba-
lanced classification performance without any noticeable bias. On the other hand, the loss
values remained low and stable across all folds, with an average value of 0.18, confirming
the model’s effectiveness in minimizing classification errors. Moreover, the small variations
observed between fold results indicate that the model did not depend on a specific data
split but rather maintained consistent performance throughout all experiments. Overall,
these results confirm the ability of the ESM model to generalize and maintain stable
performance on unseen data that were not used during training.
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3.4.4.3 External Dataset Evaluation

The corresponding Table 3.11 presents the evaluation results of the fine-tuned ESM model
on external test data.

Table 3.11 : Evaluation Results of the Fine-Tuned ESM Model on External Test Data.

Model Accuracy (%) Precision (%) Recall (%) Fl-score (%)
ESM 96.30 96.00 96.00 96.00

Through the evaluation results obtained on the external dataset, it is evident that the ESM
Fine-Tuning model achieved stable and balanced performance across different evaluation
metrics. The model reached an accuracy of 96.30%, while Precision, Recall, and F1-Score
each achieved 96.00%, indicating the model’s strong ability to correctly classify samples.
In addition, the model demonstrated the ability to extract rich biological features from
protein sequences, which contributed to improving classification accuracy and enhancing
generalization performance.

3.4.4.4 Generalization Discussion

The obtained results demonstrate the ability of the ESM model to generalize across dif-
ferent evaluation stages. The training and validation results showed no clear indications of
overfitting, while the Cross-Validation results confirmed the stability and consistency of
the model’s performance. Furthermore, the evaluation on an external dataset demonstra-
ted the model’s ability to effectively handle previously unseen protein sequences without
losing its classification capability. The model’s generalization effectiveness can be attribu-
ted to its ability to learn rich biological representations from protein sequences, capturing
the complex functional and structural relationships among amino acids. In addition, the
Fine-Tuning process contributed to adapting these representations to the characteristics
of the target dataset, enabling the model to acquire more task specific features relevant
to the classification task.

3.4.5 Error Analysis

The confusion matrix of the ESM Fine-Tuning model presented in Figure 3.11(a) showed
that most samples were correctly classified, as reflected by the high values along the main
diagonal of the matrix. Most classes, including OXIDOREDUCTASE, TRANSFERASE,
and IMMUNE SYSTEM, achieved a large number of correct predictions, confirming that
the model successfully learned discriminative patterns that enabled efficient separation
of functional protein classes. However, some misclassification cases were still observed.
The HYDROLASE/HYDROLASE INHIBITOR class exhibited the weakest performance
compared to the other classes. This can be attributed to the composite nature of this class,
which contains sequences belonging to both HYDROLASE proteins and HYDROLASE
INHIBITORS, while the dataset simultaneously includes a separate class dedicated to
HYDROLASE proteins. Consequently, this overlap and similarity between the two classes
increased the difficulty of distinguishing them and led to a higher level of confusion. The
confusion matrix also revealed a limited number of misclassifications between other classes,
such as TRANSFERASE and TRANSCRIPTION, which may be explained by shared
biological patterns or structural and functional similarities between these categories.
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Furthermore, the confusion matrix of the external dataset in Figure 3.11(b) demonstrated
the model’s ability to effectively distinguish between classes, particularly in the absence
of the composite HYDROLASE/HYDROLASE INHIBITOR class. This contributed to
reducing class confusion and improving classification performance. These findings suggest
that most of the errors observed in the test set were primarily related to the nature of
certain classes and the overlap between them, rather than limitations in the model itself.
Overall, the results confirmed the effectiveness of the ESM Fine-Tuning model in distin-
guishing between different functional protein classes, while highlighting some challenges
associated with the biological complexity of the data, which had only a limited impact on
the models overall performance.

Confusion Matrix - Test Set . .
Confusion Matrix
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True Label
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(a) PDB Dataset Confusion Matrix (b) External Dataset Confusion Matrix

Figure 3.11 : Confusion Matrices of the Fine-Tuned ESM Model on PDB and External
Datasets.

3.4.6 Impact of Dataset Composition

Through error analysis, it was observed that the composition of the dataset has a direct
impact on the performance of the evaluated models, particularly regarding the presence
of biologically related or composite classes. This was clearly illustrated by the HYDRO-
LASE/HYDROLASE INHIBITOR class, which combines hydrolase proteins and their
inhibitors within a single category, while a separate independent class exists specifical-
ly for hydrolase proteins. This overlap led to a high level of confusion between the two
classes, making it difficult for the models to distinguish between them.

To further investigate the impact of this class on model performance, additional experi-
ments were conducted by removing the HYDROLASE/HYDROLASE INHIBITOR class
and replacing it with the SIGNALING PROTEIN class, which contains 6,469 protein se-
quences. Due to the high computational cost and long training time required for both the
ESM Fine-Tuning model and the other models, these experiments were performed using
the CNN model and the CNN-BiLSTM-Attention model.

The obtained results showed a noticeable improvement in performance after replacing
the composite class. The accuracy of the CNN model increased to 94.92%, compared
to 93.11% previously, while the CNN-BiLSTM-Attention model achieved an accuracy
of 95.26%, compared to 93.25% previously. As shown by the confusion matrix of the

69



Chapter 3: Implementation Framework and FExperimental Analysis

CNN-BiLSTM-Attention model in ¢, the classification performance is robust, with only
rare errors in distinguishing between similar classes. These findings confirm that strong
similarity and overlap between protein classes can increase the difficulty of learning discri-
minative sequence patterns and directly affect the model performance. Therefore, dataset
composition is a critical factor in protein sequence classification, significantly influencing
both model generalization and stability.
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Figure 3.12 : Confusion Matrices of the CNN-BiLSTM-Attention Model.

3.4.7 Model Complexity and Computational Cost

The complexity of the models varied significantly depending on their architectural design.
Machine learning models were considered the simplest due to their reliance on predefined
features and representations, whereas deep learning models introduced higher complexi-
ty through the use of multiple neural layers such as convolutional and recurrent layers.
Hybrid models further increased this complexity by combining several deep learning ar-
chitectures, leading to deeper and more complex structures. Similarly, ensemble models
increased complexity by integrating hybrid models with machine learning models, en-
hancing the models representational power and computational depth. Regarding transfer
learning models, they represented the most complex category in this study due to their
reliance on transformer architectures, particularly the self-attention mechanism, as well as
their large number of parameters, making them the most advanced in terms of structure
and resource consumption.

From a computational perspective, machine learning models required moderate training
time and did not require significant GPU acceleration, maintaining relatively low compu-
tational cost even when handling large datasets such as the one used in this study (over
188,000 protein sequences). In contrast, deep learning models required moderate com-
putational resources with the need for GPU acceleration due to matrix operations and
backpropagation, and they required considerable training time, particularly the Enhan-
ced Transformer Encoder model. Hybrid models exhibited higher computational cost with
increased memory usage and training time, especially those incorporating attention me-
chanisms. Ensemble models were the most computationally expensive in terms of memory
usage and training time, due to the integration of hybrid models with machine learning
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models, significantly increasing computational complexity. Regarding protein language
models, ProtBERT required higher computational resources and GPU memory, resulting
in a long feature extraction time using batch processing. In contrast, feature extraction
using the ESM model consumed more resources but was faster than ProtBERT. Meanw-
hile, ESM fine-tuning was the most GPU-intensive and required a very long training time,
despite achieving the best performance.

Overall, the results demonstrate a positive correlation between model complexity, com-
putational cost, and performance effectiveness. As model complexity and resource re-
quirements increase, performance also improves, as clearly demonstrated by the ESM
fine-tuning model.

3.4.8 Comparison with Related Work

The comparison with previous studies in Table 3.12 showed that the results obtained in
this study were competitive with various approaches proposed in the literature. The use
of models similar to those reported in previous studies, including machine learning and
deep learning models, achieved higher performance in many cases due to the selection
of appropriate feature representation methods, architectural improvements, and careful
hyperparameter tuning, all of which contributed to enhancing classification performance.

The results also demonstrated that adopting more advanced approaches that were not
employed in most previous studies, such as Enhance Transformer Encoder, hybrid mo-
dels (CNN-BiGRU, CNN-BiLSTM-Attention, CNN-BiGRU-Attention), ensemble lear-
ning models (CNN-BiLSTM-Attention + Random Forest, CNN-BiLSTM-Attention +XG-
Boost, CNN-BiGRU-Attention+ Random Forest, CNN-BiGRU-Attention+ XGBoost) |,
and protein language models (ProtBERT, ESM), led to further improvements in per-
formance. In particular, the ESM Fine-Tuning model achieved the highest accuracy of
94.95%, outperforming most previous studies based on machine learning, deep learning,
and even some transformer-based approaches. This superiority can be attributed to the
model’s ability to learn rich biological representations that capture complex contextual
and functional relationships within protein sequences, as well as the contribution of the
fine-tuning process in adapting these representations to the target classification task, the-
reby enhancing the model’s generalization capability.

The only exception among the compared studies was the work of Sekhar et al., in which an
LSTM model achieved an accuracy of 96 % using the same PDB database. However, this
difference should be interpreted in light of the different experimental settings. Their study
relied on only 10,000 protein sequences, whereas the present study used a substantially
larger dataset. Furthermore, the study did not provide details regarding the distribution
of classes, which is considered an important factor influencing classification performance.
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Table 3.12 : Comparison with Related Works.

Study Dataset Data Size Representation Technique Best Model (Accuracy)

Dongardive Swiss-Prot 717 3-gram KNN 84.51%

and Abra-

ham [39]

Vazhayil et | Swiss-Prot 40,433 3-gram LSTM 78.40%

al. [40]

Naveenkumar| Swiss-Prot 40,433 Keras Embedding LSTM 91.24%

et al. [41]

Siddha [42] PDB ND TF-IDF +N-gram Decision Tree 78.71 %

Sekhar et al. | PDB 10,000 Count Vectorizer LSTM 96.00%

[43]

Wang [44] PDB 36,411 K-mer + Word2Vec CNN 83.00%

Tasnim et | PDB 226,693 TF-IDF + Count Vectorizer SVM 92.00%

al. [45]

Perveen and | PDB ND ProtBert Embeddings ProtBert (Fine-Tuning) 77.00%

Weeds [46]

Chakraborty | PDB ND 5-mer + Integer Encoding CNN 91.80%

and Bhar-

gava [47]

This Stu- PDB 188,353 ESM-based Representa- | ETE 93.03%

dy tion CNN-BiGRU-Attention 93.34%

Kmer+Integer Encoding CNN-BiLSTM-Attention+RF

94.04%
ESM(Fine-Tuning) 94.95%

Overall, this comparison confirms that the improvements proposed in the present stu-
dy, whether at the level of sequence representation methods, architectural design, or the
incorporation of additional models, particularly modern protein language models contri-
buted to achieving advanced performance and placed the obtained results among the best

reported outcomes in protein function classification studies.

3.4.9 Final Summary

Figure 3.13 summarizes the workflow of the proposed methodology developed in this
study, which addressed the limitations identified in previous state-of-the-art approaches

and improve protein functional classification performance.
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Figure 3.13 : Final Summary.

The overall results demonstrate a strong and consistent performance across all evaluated
learning paradigms for protein functional classification. They demonstrate a progressive
improvement in protein functional classification performance across different learning pa-
radigms. Random Forest achieves the best performance among traditional Machine Lear-
ning models (93.72%), while CNN with K-mer representation effectively captures local se-
quence patterns (93.11%). The Hybrid model (CNN-BiGRU-Attention) further improves
accuracy (93.34%) by combining feature extraction, sequential modeling, and attention
mechanisms. Integrating this hybrid architecture with Random Forest in an Ensemble fra-
mework enhances robustness and achieves 93.70%. The highest performance is obtained
by the fine-tuned ESM Transfer Learning model (94.95%), highlighting the effectiveness
of pretrained protein language models in learning rich biological representations. Overall,
the progression from ML to Transfer Learning leads to improved accuracy and better
generalization, with ESM Fine-Tuning emerging as the most effective approach for pro-
tein functional classification. Moreover, the comparison with previous studies shows that
the proposed methodology achieves competitive and often superior performance due to
improved feature representations, optimized model architectures, and the integration of
advanced learning strategies such as hybrid, ensemble, and transfer learning approaches.

3.5 Conclusion

This chapter presented the working environment and resources used to develop the
different models, in addition to presenting and evaluating the obtained results, along with
providing analyses and comparisons of model performance and studying the impact of
sequence representation on classification performance.

The models’ generalization ability was evaluated, along with error analysis and clarifica-
tion of the impact of dataset composition on performance.
Moreover, the relationship between model complexity, computational cost, and achieved
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performance was examined in this study, together with a comparison of the obtained
results with previous works and a final summary of the different approaches and methods

used.
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General Conclusion

This study addressed the problem of protein function classification, which represents
one of the major challenges in the field of bioinformatics. A diverse set of Machine Lear-
ning, Deep Learning, Hybrid, Ensemble, and Protein Language Models was developed. In
addition, various protein sequence representation methods were adopted across different
approaches. The results demonstrated the effectiveness of the proposed approaches in im-
proving classification performance, particularly the ESM model, which achieved the best
performance after fine-tuning technique, reaching an accuracy of 94.95%.

The results also showed that model performance was significantly influenced by the se-
quence representation method used. Features extracted using protein language models
contributed to improved results compared with some traditional methods. Furthermore,
the findings revealed variations in model performance depending on the adopted approach,
highlighting the importance of protein sequence representation and feature extraction in
improving classification systems.

The study also investigated the generalization capability of the models. The ESM model,
after fine-tuning, demonstrated strong effectiveness in generalizing to both the target da-
taset and external datasets, although the results were influenced by the composition and
quality of the data.

Although these results are promising, several limitations were encountered, including li-
mited data availability, a restricted number of functional classes compared to the vast
diversity of protein functions, and data imbalance. Moreover, many models, particular-
ly protein language models, require high computational resources, which may limit their
large-scale applicability.

In future work, this study can be extended by using larger and more diverse datasets,
exploring a greater number of protein functional classes, and improving hybrid and en-
semble models to enhance both accuracy and generalization. Additionally, more efficient
and less resource-intensive protein language models can be explored. Furthermore, inte-
grating structural data with sequence-based protein information could enrich biological
representations and further improve classification accuracy.

Overall, this work confirms the effectiveness of artificial intelligence techniques in im-
proving protein classification performance. Moreover, the integration of modern protein
sequence representations with advanced deep learning techniques represents a promising
approach for enhancing the accuracy and reliability of protein function classification sys-
tems, thereby supporting advancements in bioinformatics research and contributing to
the development of future applications in the field.
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