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ABSTRACT 

 

The growth of genomic and proteomic databases has led to an enormous annotation gap in which 

the amount of uncharacterised protein sequences has dramatically increased relative to the ability 

of slow and costly experimental classification processes. This will require creation of speedy, 

precise as well as scalable computing instruments. This thesis solves this challenge by undertaking 

an in-depth comparative analysis of the case to determine the best machine learning model to 

classify proteins using sequence-based derived features. An equal set of 3,570 protein sequences 

(1,785 in each class) was prefiltered and fed into a large-scale feature engineering pipeline with 

the ifeature library. A total of 15 different feature sets such as Amino Acid Composition (AAC), 

Dipeptide Composition (DPC), Tripeptide Composition (TPC) and a host of autocorrelation and 

physicochemical properties were concatenated to yield 11,466 dimensions each protein. Nine 

different machine learning and deep learning models were trained and heavily tested on this high- 

dimensional data: Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Random Forest 

(RF), XGBoost (XGB), LightGBM (LGBM), a custom Ensemble (RF+XGB+DT), Artificial 

Neural Network (ANN), Recurrent Neural Network (RNN) and Convolutional Neural Network 

(CNN). The models were tested on a held-out test set. The findings showed that the random forest 

(RF) model was far the best classifier with high performance according to all the essential 

measures, as well as an Accuracy of 0.8163, Sensitivity of 0.8400, and an AUC of 0.8350. It is 

important to note that more complex boosting (XGB, LGBM) and deep learning (ANN, CNN) 

models performed worse, whereas the RNN architecture was unable to identify the meaningful 

patterns in the case of the fixed feature vector. This paper gives a concise, empirical reference 

point of this high dimensional bioinformatics exercise, and the determination was that the Random 

Forest classifier is the strongest and the most efficient model to this particular feature-based 

technique. This observation is a useful, practical suggestion to researchers creating such protein 

classification pipelines. 

 

Keyword: Protein Sequence, Machine Learning, Deep Learning, Random Forest 
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CHAPTER 1 

 

 

INTRODUCTION 

 

1. Background and Motivation 

Proteins form the main laborers of life. These are complicated macromolecules built out of 

amino acid chains, which do almost all work of a biological cell. They are enzymes, catalyze 

essential chemical reactions; they constitute parts of the structure, providing body and shape to 

cells and tissues; they serve as signaling molecules, transmitting signals between cells; and they 

serve as defense, as antibodies. The specific role of a protein is tightly connected with its specific 

three-dimensional structure which is, in its turn, determined by its one-dimensional sequence of 

amino acids. It is one of the most basic problems of biology today to understand this sequence- 

structure-function paradigm. 

Within recent decades, the development of genomic and proteomic technologies has 

presupposed a never-before-seen boom of biological data. Protein sequence information realized 

on a large scale by large-scale sequencing projects is much larger than our capacity to characterize 

any protein experimentally. This flood of data is a huge prospect, and is also a huge problem: how 

do we give functions or categories to these millions of hypothetical or uncharacterized protein 

sequences? 

 

2. Problem Statement 

It is unfeasibly slow, costly and resource-intensive to manually establish the role and type 

of each newly identified protein sequence using laboratory work (in vivo or in vitro). Such an 

annotationgap requires the creationof scalable, quick, and exact computationalapproaches. 

Although older bioinformatics techniques such as sequence alignment (e.g., BLAST) have 

been essential, these techniques mostly depend on finding similarity in sequences. Such techniques 

fail to succeed in the classification of proteins with a shared purpose or family but separated 

drastically at the sequence level (low sequence homology). Thus, it is urgently necessary to 

develop more advanced computational methods that would be able to identify some deeper and 

more hidden patterns in the sequences to determine the class of a protein. 

 

3. Significance and Expected Outcome 

This project will be important as it will help in the analysis of high throughput of biological 

data. This research is expected to deliver a useful machine learning model to classify protein 

sequences quickly and cheaply through the creation of a powerful model. 
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It is anticipated that the result of this study will be a validated computational model, trained 

on the protein dataset.csv, which will be able to predict the protein classes with high accuracy. The 

downstreambenefits of such a model may include several benefits such as: 

• Accelerating Research: Allowing researchers to quickly gain insights into the potential 

functions of newly sequenced proteins. 

• Informing Experimental Design: Helping to prioritize proteins for further, in-depth 

experimental validation. 

• Biomedical Applications: Contributing to the larger goal of understanding disease 

mechanisms, identifying potentialdrug targets, and designing novel therapeutics. 

 

4. Aims and Objectives 

The thesis will help solve this issue by designing a machine learning model to classify 

protein sequences. The basic idea of the hypothesis is that given raw amino acid sequences, a 

machine learning algorithm can be trained to predict the correct classification of a protein into 

various protein classes by transforming the information into a complete set of numerical features, 

which represent both their compositionand their physicochemical properties. 

 

To achieve this aim, the following objectives have been set: 

1. To review the existing literature on computational protein classification, focusing on 

machine learning techniques and sequence-based feature extraction methods. 

2. To preprocess the protein_dataset.csv, ensuring it is clean and suitable for feature 

extraction and model training. 

3. To extract a diverse set of sequence-based features (e.g., amino acid composition, 

dipeptide composition, physicochemical properties) using established bioinformatics 

libraries such as propy3 and ifeature. 

4. To train a machine learning classifier (as identified in the notebook) using the extracted 

feature vectors. 

5. To rigorously evaluate the trained model's predictive performance on an independent test 

set using a comprehensive suite of statistical metrics, including Accuracy, Sensitivity, 

Specificity, F1-Score, Matthews Correlation Coefficient (MCC), and the Area Under the 

ROC Curve (AUC). 

 

6. To analyze the results, interpret the model's performance via its confusion matrix, and 

discuss its strengths and weaknesses. 
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1.5   Thesis Structure 

Five chapters are used to organize this thesis. Chapter 2 presents a literature and 

background review of the concerned background and literature, including protein basics, 

classification systems, and machine learning in this field. Chapter 3 explains the entire 

methodology which includes the dataset, exact methods of feature extraction, architecture of the 

machine learning model and metrics of evaluation applied. Chapter 4 gives the result of the 

computational experiments, and then details the performance of the model are discussed and 

analyzed. Lastly, Chapter 5 serves as the conclusion of the thesis as it summarizes the main results 

and gives indications on where future research can be conducted. 



©Daffodil International University 

4  

CHAPTER 2 

 

 

LITERATURE REVIEW 

 

1. Introduction 

This chapter includes the background knowledge and the setting of the research in this 

thesis. It gives a short introduction to the structure and classification of proteins, moves on to the 

known computational tools employed in analysis of proteins and finally the machine learning and 

feature extractiontechniques that are the main focus of this paper. 

 

2. Protein Basics 

Proteins are complex and large molecules which consist of smaller molecules known as 

amino acids. There are 20 standard amino acids which are united into chains, in a similar way as 

the beads on a string. The combination of these amino acids in certain order constitutes the inherent 

order of the protein, the primary structure. 

 

This main chain is however not a bare line of sequence but takes complex, three- 

dimensional shapes. The secondary structure is made up of local folding patterns, including alpha- 

helices and beta-sheets. The tertiary structure of an individual amino acid chain is its 3D shape, 

which is critical in its functionality. Other proteins are composed of more than one chain (subunits) 

which form assemblies and this is what is referred to as the quaternary structure. The complicated 

nature of this relationship in which the 1D sequence governs the 3D structure, which governs the 

biological activity is a key belief in molecular biology. 

 

3. Protein Classification 

Given the vast diversity of proteins, classification is essential for organizing and 

understanding their roles. Proteins can be classified based on several criteria: 

• Function: Grouping proteins by their biological role (e.g., enzymes, structural proteins, 

transport proteins, signaling proteins). 

• Family and Superfamily: Grouping proteins based on evolutionary relatedness, inferred 

from similarities in their sequence and structure. Proteins in the same family often share a 

common function. 

• Subcellular Localization: Classifying proteins based on where they reside and function 

within the cell (e.g., nucleus, cytoplasm, membrane). 

 

Major biological databases serve as repositories for this information, with UniProt being a 

comprehensive resourcefor proteinsequence and functional annotation. Other databases like Pfam 
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(Protein families) and SCOP (Structural Classification of Proteins) provide specialized 

classification schemes. 

 

4. The Shift from Experimental to Computational Methods 

As stated in chapter one, the pace at which protein sequences have been discovered has 

surpassed the ability to experimentally characterize these proteins. Biochemical experiments, 

specifically chromatography and immunoprecipitation, have long served as the benchmark for 

discovering and describing proteins (Tan et al., [1]). Unfortunately, these methods are generally 

considered to be "extremely time-consuming, laborious and costly" (Tan et al., [1]), making it 

impossible for researchers to adequately process the large volumes of data generated in the post- 

genomic era. 

The limitations of wet lab biochemical experiments, as well as the cost associated with 

them, led researchers to develop computational methods to study protein function. One of the 

earliest forms of bioinformatics-based research was sequence alignment. Researchers utilize 

software applications, including BLAST (Basic Local Alignment Search Tool), to determine 

whether a user-submitted query sequence shares similarities with a database of known proteins. 

While this type of comparison can be very useful, it is limited by its reliance on sequence similarity 

to identify functionally-related proteins. Therefore, there exists an unmet need for more 

sophisticated computational approaches capable of detecting subtle patterns of similarity in 

addition to sequence similarity alone. 

 

5. Machine Learning as a Solution 

The most powerful paradigm to address this gap has turned out to be machine learning 

(ML). ML model is able to discover non-linear and complicated relationships between the 

sequence-derived features and functional category of a protein, where the straightforward 

homology searches fail. 

 

1. The Dominance of Support Vector Machines (SVMs) 

Appropriate literature review demonstrates that the Support Vector Machine (SVM) has 

proved the most successful and popular algorithm in an immense number of protein classification 

tasks. SVMs are especially illuminated to bioinformatics issues since they can easily manage high 

dimensional characteristic spaces that are frequently brought on board by sequence information. 

 

The utility of SVMs is demonstrated across numerous, diverse classification problems. 

Researchers have successfully used SVMs to: 

 

• Identify Hormone-Binding Proteins (HBPs) (Tan et al. [1]). 

 

• Classify Antifreeze Proteins(AFPs) (Kumar et al. [3]). 
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• Identify GrowthHormone-Releasing Peptides (GHRPs) (Li, Li, and Wang [4]). 

 

• Predict Antihypertensive Peptides (AHTPs) ( Zou et al. [2]). 

Perhaps the most extensive application of SVMs has been in the identification of 

Anticancer Peptides (ACPs), with a large body of work demonstrating the algorithm's 

effectiveness. Studies by Li et al.[5], Manavalan and Lee [6], Chen et al. [7], Li and Wang [8], 

Agrawal et al. [9], Tyagi et al. [10], Akbar et al. [11], Ge and Tang [12], and Liu et al. [13] all 

employed SVMs as their primary classifier, establishing it as the benchmark for this specific and 

critical problem. 

 

2.5.2  Alternative Models 

SVMs are overpowering, though there are also other models that have been successfully 

applied. Ensemble (Random Forests, RF) has proven to be a very effective approach, and can be 

used in parallel with SVMs (Ge and Tang [12]) or as the main classifier (Wei et al. [14]). SVM 

has also been used in other models such as k-Nearest Neighbors (k-NN) (Ge and Tang [12]) 

although SVM is the most prevalent in the literature. 

6. The Critical Role of Feature Extraction 

An artificial intelligence algorithm cannot comprehend an unprocessed protein sequence 

(e.g. "MIVLSV..."). The sequence has to be converted to a numerical feature by extracting features 

into a fixed-length numerical vector. These features are critically important to the success of the 

ML model because of the descriptive power and their quality. Innovation and high performance is 

sometimes aided by the attention to detail, as one research observes (Zou et al. [2]) that is crucial 

to a certain engineering pipeline. 

 

1. Composition-BasedFeatures (AAC, DPC, TPC) 

Composition is the most fundamental features. Amino Acid Composition (AAC) is a 20- 

dimensional (vector) of the frequency of each amino acid. Dipeptide Composition (DPC) is a 400- 

dimensional vector, which models the frequency of all possible pairs of adjacent amino acids. 

These very basic featureshave become quite powerful. 

Specifically, DPC is one of the cornerstones of the discipline, applied successfully in 

predictors of HBPs (Tan et al. [1]) and ACPs (Agrawal et al. [9]; Tyagi et al. [10]) and GHRPs 

(Li, Li, and Wang [4]) and AFPs (Kumar et al. [3]). How some studies had it, the initial models 

on HBPs did use DPC but predictive accuracy would be improved by adding Tripeptide 

Composition(TPC) to it as well (Tan et al. [1]). 

 

2. Advanced and Hybrid Features (g-gap, PSSM, Physicochemical) 
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To describe the composition further than simple descriptions, researchers have come up 

with more detailed descriptions. In order to use local sequence-order information more flexibly 

than standard DPC, such features as "g-gap dipeptide" or "gapped dipeptide" composition have 

been added and been utilized to obtain high accuracy in ACP prediction (Li et al. [5]; Chen et al. 

[7]; Li and Wang [8]. 

Other papers have also gone ahead to use information on evolutionary profiles, including 

the Position-Specific Scoring Matrix (PSSM), which gives information about conserved amino 

acids in each position of the sequence (Manavalan and Lee [6]; Ge and Tang [12]; Wei et al. [14]). 

Encoding the physicochemical characteristics of the amino acids has also been the subject of 

attention of others, which describes information on hydrophobicity, charge, and polarity 

(Manavalan and Lee [6]; Zou et al. [2]). 

In many cases, hybrid models, which unite more than one type of feature, e.g. sequence 

and composition features (Akbar et al. [11]) or inter-sequence features (Xu et al. [15]) are the most 

effective models, as they form a unified and highly descriptive feature vector. 

 

2.6.3  Feature Selection and Optimization 

The biggest issue with sophisticated extraction of features is high dimensionality. 

Thousands of dimensions can be included in the PSSM matrix or the TPC vector, most of which 

can be redundant or irrelevant. This dimensionality curse may induce overfitting and bad 

performance of a model. 

In order to address this, feature selection is frequently used. Another popular approach is 

the Genetic Algorithm (GA) that is employed to automatically identify the most informative subset 

of features that are being applied in a number of ACP predictors (Chen et al. [7]; Liu et al. [13]). 

The other techniques include statistical analysis, including Pearson correlation coefficient and 

Canonical Correlation Analysis, which are used to reduce the feature set and remove redundancy 

(Zou et al. [2]). 

7. Summary 

The literature reviewed in this chapter confirms a clear and successful pipeline for protein 

classification: 

1. Start with a set of protein sequences. 

2. Convert these sequences into a comprehensive set of numerical features (e.g., AAC, DPC, 

PseAAC, physicochemical properties). 

 

1. (Optional) Apply feature selection to reduce dimensionality and noise. 
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4. Train a robust machine learning classifier, with SVM being the most proven and reliable 

choice. 

This well-established methodology has a vehement stand on this approach that has been 

adopted in this thesis. The Support Vector machine that has been used in the complementary 

notebook has a reason behind its tremendous success in the field. One of the feasible realizations 

of the principles of the feature engineering (AAC, DPC, etc.) that were proven to be effective time 

and again is the extraction of a broad spectrum of the features using such a library as propy3 and 

ifeature (Tan et al. [1]; Li et al. [5]; Agrawal et al. [9]; Li, Li, and Wang [4]; Kumar et al. [3]). 

This project is, therefore, a continuation of the already established platform by the researchers 

mentioned in this chapter. 
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CHAPTER 3 

 

 

METHODOLOGY AND MATERIALS 

 

3.1   Introduction 

This chapter outlines the entire computational design of formulating and testing the protein 

classification model. It outlines the data, the large-scale feature extraction procedure, the machine 

learning model choice, the experiment design, and the statistical measures of the performance 

assessment. The figure 3.1 shows the overall methodologyof this study. 

 

Figure 3.1:Methodologyof Proposed Study 

2. Dataset and Preprocessing 

1. Dataset Source 

The primary data for this study is in a single file, protein_dataset.csv. This file contains 

protein sequences, each associated with a binary label (1 or 0), indicating its class. The figure 3.2 

shows the first 10 rowsof the dataset. 
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Figure 3.2: Dataset Snapshot 

2. Data Preprocessing 

The dataset was also stringently cleaned out before feature extraction to maintain the 

quality of data and avoid model bias. This preprocessing pipeline was composed of three major 

steps: 

1. Missing Values: A check was conducted to find out the sequences that had missing (null) 

values. 

2. Elimination of Duplicates: There were duplicate protein sequences in the dataset that were 

eliminated. All duplicate records were eliminated to make sure that the model was not 

being trained and tested with the same set of data, which would artificially increase 

performance metrics. 

3. Vetoing Non-Standard Amino Acids: A protein sequence may include non-standard or 

ambigous code of an amino acid (e.g., 'U', 'O', 'X', 'B', 'Z'). The standard feature extraction 

libraries are unable to handle these codes. As such, any sequences which included any of 

these non-standardcharacters were detectedand eliminated in the dataset. 

The processed data was then further reduced to include 3,570 unique protein sequences. 

An evaluation of the class labels (df['label].value_counts()) showed that the data set was even with 

1,785 sequences in Class 1 and 1,785 sequences in Class 0. This equilibrium is perfect since it 

does not allow this model to become biased against a majority group. 

 

3. Feature Extraction 

The main idea of the methodology was to convert the raw protein sequences which are in 

the form of strings into a high dimensional space of numerical features. Machine learning 

algorithms are dependent on this "sequence-to-features" conversion. According to the effective 
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practices that were found in the literature review (Chapter 2) and applied in the notebook, a 

complete set of features was obtained with the ifeature library. 

The final feature vector for each protein was a concatenation of the following 15 feature 

groups: 

 

1. AAC (Amino Acid Composition): A 20-dimensional vector representing the frequency 

of each of the 20 standard amino acids. 

2. DPC (DipeptideComposition): A 400-dimensional vector representing the frequency of 

all 400 possible amino acid pairs. 

3. TPC (Tripeptide Composition): An 8000-dimensional vector representing the frequency 

of all 8000 possible three-amino-acid combinations. 

 

4. CTDC (Composition): Encodes composition based on 7 physicochemical properties. 

5. CTDT (Transition): Encodesthe transition frequency betweendifferent physicochemical 

groups. 

6. CTDD (Distribution): Describes the distribution (first, 25%, 50%, 75%, 100%) of 

physicochemical properties along the sequence. 

7. CTriad (Conjoint Triad): Considers the properties of a residue and its two immediate 

neighbors. 

8. GAAC (Grouped Amino Acid Composition): Calculates composition based on 5 

predefined amino acid groups. 

 

9. GDPC (Grouped Dipeptide Composition): Calculates dipeptide composition based on 

the 5 groups. 

10. GTPC (Grouped Tripeptide Composition): Calculates tripeptide composition based on 

the 5 groups. 

11. Moran (Moran Autocorrelation): Measures autocorrelation of 8 different 

physicochemical properties. 

12. Geary (Geary Autocorrelation): A different  measure of autocorrelation using 8 

physicochemical properties. 

13. NMBroto (Normalized Moreau-Broto Autocorrelation): A third measure of 

autocorrelationusing 8 physicochemical properties. 
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1. PAAC (Pseudo-Amino Acid Composition): Combines standard AAC with sequence- 

order information via physicochemical properties. 

2. APAAC (Amphiphilic Pseudo-AminoAcid Composition): An extension of PAAC that 

incorporates hydrophobicity and hydrophilicity. 

The concatenation of these 15 feature sets resulted in a final feature vector with 11,466 

dimensions for each of the 3,570 protein sequences. The final feature matrix X thus had a shape 

of (3570, 11466). 

 

4. Feature Scaling 

Since the scales and span of the 11,466 features variants are incredibly different (ex: 

frequencies 0-1 vs. autocorrelation values), feature scaling was an obligatory measure. The scikit- 

learn StandardScaler was utilized. This scaler is used to transform the columns of the features 

separately, by calculating the difference between the mean value of the features and dividing it by 

the standard deviation of the features, to obtain a new distribution which has all the features having 

a mean of 0 and a standard deviation of 1. This guarantees that the contribution of all features in 

the computation of the model is equal and features with high magnitude do not dominate the 

learning process. 

 

5. Machine Learning Model 

1. Random Forest 

This is an ensemble model. It operates by training a huge number of single decision trees. 

Each tree (votes 1 or 0) votes on the class of a new protein. The last prediction offered by the 

model is the class which has the most votes. It is very strong, it can work with high-dimensional 

data (such as your 11,466 features) and is less overfitted than a single decision tree. 

 

2. Support Vector Machine 

The objective of an SVM is to identify the unique optimal hyperplane (a line or a boundary) 

which separates the Cluster 1 and the Cluster 0 data points with the biggest possible margin. It 

worksremarkably well in high-dimensional spaces, and hence an ideal candidate to feature set. 

3. K-nearest Neighbor 

It is one of the easiest and most straightforwardalgorithms. It does not make assumptions 

concerning the data. All that it does to classify a new protein is to examine the nearest protein in 

the training data (e.g., the 5 closest neighbors). Assuming 3 of these 5 neighbors are Class 1 and 2 

are Class 0 the model predicts Class 1. It is not a bad starting point, but it can be slow, and it tends 

to do badly on data of very large dimensionality, because of the curse of dimensionality. 

 

4. LightGBM 
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It is one of the forms of gradient boosting models. Boosting models create trees in a series 

whereby, each tree attempts to fix the mistakes made by the other trees. One such highly optimized 

version, LightGBM, is extremely fast and memory-efficient, and which would be highly beneficial 

to your large feature set. 

 

5. XGBoost 

This is yet another and possibly the most popular gradient boosting algorithm. Similar to 

LGBM, it creates trees in order to fix the mistakes. It has a good performance, accuracy and 

regularization that is built-in, preventing overfitting. The winning model in numerous data science 

competitions has been it. 

 

6. Ensemble (RF + XGB + DT) 

It is a meta-model, also known as a voting classifier. We would not simply use one model, 

but we would use three different ones (Random Forest, XGBoost, and simple Decision Tree). To 

obtain a final prediction, we obtain the prediction of all three, and vote on them. Considering RF 

predicts 1, XGB predicts 1, and DT predicts 0, then the final ensemble prediction will be 1 (2 votes 

to 1). This tends to produce a stronger and more correct outputthan any model taken individually. 

 

6. Deep Learning Model 

Besides traditional machine learning models, Deep Learning (DL) was also examined in 

the course of this research. DL models are a subtype of machine learning founded on artificial 

neural networks, which can learn intricate hierarchical patterns out of data. This is especially 

beneficial to high-dimensional bioinformatics data, which in this study consists of 11464 

dimensions of a feature vector. 

 

1. ANN (Artificial Neural Network) 

The original deep learning architecture is an Artificial Neural Network (ANN), or a Multi- 

Layer Perceptron (MLP). It is based on the composition of the human brain which has an input 

layer, one or more hidden layers, and a layer (output layer). The neurons (nodes) are contained in 

each layer and are connected to neurons in the following layer by weighted connections. 

Backpropagation is the process where the network is trained on the best values of these weights. 

The input feature vector is fed through the model and the data is transmitted through the layers 

which do not behave like linear activation functions (such as the relu function ) and learn complex 

combinations of the input features. It is best applied in this task because it uses the full 11464- 

dimensional feature vector as a layer of input. These 3 hidden Dense layers (256, 128, 64 neurons) 

are meant to gradually learn and abstract the most significant patterns out of this high dimensional 

set of features and eventually provide a final representation to the sigmoid output layer to be used 

in the binary classification. 

 

2. Recurrent Neural Network(RNN) 
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Recurrent Neural Network (RNN) is a special form of the neural network that can operate 

with sequential data. In contrast to an ANN, an RNN possesses a memory, which is represented 

by a hidden state, and which is passed forward during the steps. This enables the network to 

perceive context and long-range dependencies within a sequence, which are a sentence or a protein, 

in this case, respectively. A totally different approach would be the RNN variant when it comes to 

the approach that was adopted in this thesis. Rather than feeding a 11,466-dimensional feature 

vector, a RNN (or its higher-order counterparts such as LSTM or GRU) would be effectively fed 

the raw amino acid sequence (ex: M-I-V-L...) one amino acid at a time. 

 

3. 6.3  CNN (ConvolutionalNeural Network) 

Convolutional Neural Network (CNN) is best known due to superhuman behavior in image 

recognition. It operates by moving small filters (or kernels) over the input data to determine small 

local patterns. A 1D-CNN is a very useful tool when working with sequence data although 2D- 

CNN is commonly used with 2D images. Here, a 1D-CNN filter (e.g. 3, or 5 or 7 amino acids 

wide) would be used to slide along the raw protein sequence. This filter would come to know short, 

conserved sequences patterns (so-called motifs) which are quite predictive of the protein-class. 

Descartes can learn to use these small motifs to form bigger and more complicated patterns by 

layering the motifs on top of each other. This method of motif-detection is essentially the opposite 

of the global feature method (as in this case AAC or DPC) employed in this project, and is yet 

another sophisticated, sequential-based alternative. 

 

7. Model Training and Validation 

To rigorously evaluate the models' ability to generalize to new, unseen data, the scaled 

dataset (X_scaled, y) was split into two separate sets: 

 

• Training Set (80%): 2,856 sequences used to train the models. 

 

• Test Set (20%): 714 sequences held back for final, independent evaluation. 

The train_test_split function was used with test_size=0.2, random_state=42, and 

stratify=y. The stratify parameter is crucial as it ensures that the 80/20 split maintains the 

original dataset'sperfect 50/50 class balance in both the training and test sets. 

7. Performance Evaluation Metrics 

A large variety of standardclassification measures were computed in order to present a full 

and objective evaluation of the performance of both models in the unseen test set (X test ). These 

metrics are based on the four main results of a binary confusion matrix; True Positives (TP), True 

Negatives (TN), False Positives (FP), and False Negatives (FN). 

 

1. Confusion Matrix 
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Confusion Matrix is a table format that is applied to assess the result of a classification 

model by comparing the actual class labels with the predicted class labels. It has four notable items; 

True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). 

• True Positives (TP) are the cases that are correctly recognized as the members of 

the positive class. 

• True Negatives (TN) are those instances which belong to a negative class but are 

correctly identified. 

• False Positives (FP) are the cases when the model spells a positive class in a 

negative case. 

 

• False Negatives (FN) is a model that does not detect a positive instance and rather 

it marks it a negative. 

The confusion matrix gives a detailed view of the performance of the classifier in 

separating the classes and it is possible to calculate several measures to assess the performance of 

the evaluation process like the accuracy, the sensitivity, the specificity and the F1-score. It can be 

applied in particularly identifying model bias on a particular class and measuring performance 

with imbalanced datasets. 

 

2. Accuracy 

It is among the most basic measures of evaluation of classification performance. It is a 

measurement of the totalpercentageof correct predictions of instances (both positive and negative) 

of totalnumber of samples. It is mathematically defined as: 

 

Accuracy= (TP + TN) / (TP + TN + FP + FN) (1) 

Accuracy shows the overall performance of the model to make right predictions. It is 

however not always a full picture- particularly where there are imbalanced datasets, that is where 

one type of data is far much more common than the other. In an instance, more specific 

measurements, such as sensitivity and specificity, provide more detailed information. 

 

3. Sensitivity (Recall) 

Sensitivity or Recall or True Positive Rate (TPR) is a measure of how well the model can 

distinguish between positive instances. It measures the effectiveness of the model in all the real 

positive cases in the data. It is defined as: 

 

Sensitivity = TP / (TP + FN) (2) 

When the value of sensitivity is high, it shows that most of the positive samples are 

discriminated by the model, and false negatives are also reduced. This measure is especially 
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valuable in systems where false negative (poisoning by a positive case) has grave implications - 

as in medical diagnosis or protein classification. 

 

4. Specificity 

Specificity, also known as the True Negative Rate (TNR), is the measure of the correctness 

of the model in negative cases. It is a measure of the ability of the model to avoid false alarms in 

correctlyrefuting non-target cases. It is determined by use of the formula: 

 

Specificity = TN / (TN + FP) (3) 

High specificity implies that the model is very specific and thus it is able to draw a 

distinction between true negatives and false positives, which is very important when wrong actions 

or false conclusions can be made due to false positive prediction. Specificity when paired with 

sensitivity gives a moderated perceptionof classification performance. 

 

5. F1-Score 

F1- Score is the harmonic average of Precision and Recall which offers a single measure 

that weighs both false positives and false negatives. It is particularly applicable in the situation of 

uneven class distribution. The formula is given as: 

 

F1 Score = 2 * (Precision * Sensitivity) / (Precision + Sensitivity) (4) 

where, 

Precision = TP / (TP + FP) 

The F1-Score is included between 0 and 1 and the higher the better the performance of the 

model. It is also particularly significant when the precision of the model as well as its recall are 

equally significant thus giving precise evaluation of the classification ability of the model. 

 

6. Matthews Correlation Coefficient (MCC) 

A robust metric that is considered one of the best for binary classification, as it producesa 

reliable score even with imbalanced classes. It returnsa value between -1 (totaldisagreement) and 

+1 (perfect agreement). 

MCC = (TP*TN- FP*FN) / sqrt((TP+FP)(TP+FN)(TN+FP)(TN+FN)) (5) 

7. Cohen's Kappa 

Measures the agreement between the model's predictions and the actual labels, correcting 

for the possibility of agreement by chance. 

 

8. Area Underthe ROC Curve (AUC) 
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The ROC curve is a graph of Sensitivity (TPR) against (1 - Specificity) (FPR) against 

probability threshold. The AUC (Area Under theCurve) represents one score (ranging between 0.5 

and 1.0) which can be used to summarize the discriminative power of the model. 

 

3.9   Summary 

This chapter details the complete computational methodology used in the study. It began 

with the protein_dataset, which was cleaned to remove non-standard amino acids, resulting in a 

perfectly balanced dataset of 3,570 sequences (1,785 in each class). The core of the methodology 

was a comprehensive feature extraction pipeline using the ifeature library, where 15 different 

feature groups (including AAC, DPC, TPC, and various autocorrelation and physicochemical 

properties) were concatenated into a single, high-dimensional feature vector with 11,466 

dimensions. This data was then normalized using StandardScaler. 
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CHAPTER 4 

 

 

RESULTS AND DISCUSSION 

 

1. Introduction 

This chapter shows the outcomes of the experimental results of the machine learning 

models on the independent test set. The general aim of the project was to perform a thorough 

comparative analysis between nine different machine learning models, including classical 

classifiers (SVM, KNN), more advanced ensemble models (RF, XGBoost, LightGBM), and deep 

learning models (ANN, RNN, CNN), in order to find the best predictive algorithm to use in protein 

sequence classification using the 11,464-dimensional feature space. 

 

2. Model Performance Summary 

The comparative performance data of nine machine learning models, namely the Random 

Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbors (KNN), LightGBM (LGBM), 

XGBoost (XGB), Ensemble (RF+XGB+DT), Artificial Neural Network (ANN), Recurrent Neural 

Network (RNN), and Convolutional Neural Network (CNN) is provided in Table 4.1 to classify 

protein sequences. 

 

Table 4.1: ModelPerformance Summary Table 
 

Model Accuracy Sensitivity Specificity F1 

Score 
Cohen’s 

Kappa 

MCC AUC 

RF 0.8163 0.8400 0.7917 0.8235 0.6322 0.6327 0.8350 

SVM 0.6735 0.7600 0.5833 0.7037 0.3445 0.3492 0.7600 

KNN 0.7143 0.6000 0.8333 0.6818 0.4312 0.4446 0.7167 

LGBM 0.6122 0.5200 0.7083 0.5778 0.2274 0.2322 0.7000 

XGB 0.6122 0.6000 0.6250 0.6122 0.2248 0.2250 0.6800 

RF+XGB+DT 0.6531 0.5600 0.7500 0.6222 0.3087 0.3153 0.7233 

ANN 0.6735 0.8000 0.5417 0.7143 0.3434 0.3543 0.6917 

RNN 0.5102 1.0000 0.0000 0.6757 0.0000 0.0000 0.5617 

CNN 0.6735 0.7200 0.6250 0.6923 0.3456 0.3467 0.7883 
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The metrics of evaluation are Accuracy, Sensitivity, Specificity, F1 Score, Cohen Kappa, 

Matthews Correlation Coefficient (MCC) and Area Under the Curve (AUC). The best results of 

the model as indicated in Table 4.1 are the random forest model with an accuracy of 81.63% and 

AUC of 0.8350 meaning that the model is robust in classifying the classes. Competitive 

performance was also observed on the Deep learning models like ANN and CNN but RNN had 

weak generalization despite having perfect sensitivity because of its low specificity. 

3. Confusion Matrix Analysis 

1. Confusion Matrix of Random Forest 

The confusion matrix of the random Forest model is shown in Figure 4.1. It depicts an 

equal distribution of the correctly predicted cases across the diagonal, which indicates a high 

classification accuracy of both classes. The low misclassifications in the off-diagonal suggest the 

high accuracy and recall of the model, which is in line with its good performance as indicated in 

Table 4.1. 

 

Figure 4.1: Confusion Matrix of RF 

 

 

 

4.3.2 Confusion Matrix of Support Vector Machine 

The confusion matrix of the Support Vectormachine (SVM) model is presented in figure 

4.2. The plot indicates that SVM is accurate in forecasting most positive cases, but it finds issues 

with false negatives, and it can be argued that it does not generalize as well as ensemble-based 

methods. This is in line with its moderate accuracy (67.35) in Table 4.1. 
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Figure 4.2: Confusion Matrix of SVM 

 

 

4.3.3 Confusion Matrixof KNN 

 

Figure 4.3: Confusion Matrix of KNN 

In Figure 4.3, the confusion matrix illustrates the results of the classification of the K- 

Nearest Neighbors (KNN) model. Despite the acceptable accuracyof KNN (71.43 percent),Figure 

4.3 shows that there is a clear disproportion in the number of predictions, i.e. there are several false 

negatives, suggesting that the algorithm is sensitive to the scale of the feature and the choice of the 

neighborhood. 
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4.3.4 Confusion Matrix of LightGBM 

 

Figure 4.4: Confusion Matrix of LGBM 

The confusion matrix of LightGBM (LGBM) model is represented in Figure 4.4. The figure 

shows that the misclassifications are moderate, and most of them are when predicting positive 

samples. This is consistent with the fact that it had a low F1-score (0.5778) in Table 4.1 meaning 

that the model performed poorly in comparison with RF and KNN. 

 

4.3.5 Confusion Matrix of XGBoost 
 

Figure 4.5: Confusion Matrix of XGB 
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Figure 4.5 represents the confusion matrix that illustrates the results of the prediction of 

XGBoost. Just like LGBM, XGBoost does not effectively distinguish between the classes and this 

results into moderate accuracy (61.22%). The distribution of false positives and false negatives in 

the matrix is even, indicating the poorability of the model to discriminate the use of this dataset. 

 

4.3.6 Confusion Matrix of Ensemble (RF+XGB+DT) 
 

Figure 4.6: Confusion Matrix of Ensemble (RF+XGB+DT) 

The confusion matrix of the ensemble model that is a combination of RF, XGB, and 

Decision Tree (DT) is shown in figure 4.6. Even though the ensemble method is somewhat better 

than individual boosting techniques, it still shows some misclassifications. The diagonal 

dominance is less than the RF alone indicating that the overall predictive reliability was not 

improved significantly by ensemble blending. 

 

4.3.7 Confusion Matrix of ANN 

The confusion matrix in Figure 4.7 displays the classification performance of the Artificial 

Neural Network (ANN). The model demonstrates satisfactory accuracy (67.35%) with better 

sensitivity compared to specificity. The figure shows a tendency to predict positives more 

frequently, which may have contributed to its strongrecall value (0.8000) reported in Table 4.1. 
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Figure 4.7: Confusion Matrix of ANN 

 

 

 

4.3.8 Confusion Matrix of RNN 

Figure 4.8 shows the confusion matrix for the Recurrent Neural Network (RNN) model. 

The plot reveals that while all positive cases are correctly identified (sensitivity = 1.0), the model 

fails to classify any negative cases correctly (specificity = 0). This imbalance indicates severe 

overfitting or poor feature representationfor sequential dependencies. 

 

Figure 4.8: Confusion Matrix of RNN 
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4.3.9 Confusion Matrix of CNN 

Figure 4.9 illustrates the confusion matrix for the Convolutional Neural Network (CNN). 

The figure highlights that the CNN model achieves a balanced performance between both classes, 

with fewer false predictions compared to RNN. The model’s improved AUC (0.7883) aligns with 

the visual evidence of better class separation. 

 

Figure 4.9: Confusion Matrix of CNN 

 

 

4. Accuracy and Loss Curve Analysis 

1. Accuracy and Loss Curve of ANN 
 

Figure 4.10: Accuracy and Loss Curve of ANN 

Figure 4.10 depicts the training and validation accuracy and loss curves for the ANN 

model. The gradualincrease in accuracyand concurrent decline in loss indicate effective learning 
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without severe overfitting. The stabilization towardthe later epochs suggests convergence to an 

optimal performance state. 

 

4.4.2 Accuracy and Loss Curve of RNN 

The accuracy and loss curves in Figure 4.11 demonstrate the RNN model’s training 

dynamics. The fluctuating loss and unstable accuracy trends suggest difficulties in learning long- 

term dependencies. This observation supports the poor generalization evident from its confusion 

matrix (Figure 4.8). 

 

Figure 4.11 : Accuracy and Loss Curve of RNN 

 

 

4.4.3 Accuracy and Loss Curve of CNN 

 

Figure 4.12: Accuracy and Loss Curve of CNN 

Figure 4.12 shows the accuracy and loss curves for the CNN model. The curves indicate a 

steady improvement in accuracy across epochs, accompanied by a consistent decrease in loss. The 

smooth convergence suggests that CNN effectively captures local spatial patterns in the input 

features, resulting in stable performance during testing. 
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4.5 Discussion 

The results of the experiment in this chapter provide useful information regarding the 

relative capabilities of the classical, ensemble, and deep learning algorithms in the classification 

of protein sequences according to the extracted feature vectors of 11,466 dimensions. It can be 

seen that the levels of predictive efficiency, learning stability and generalization ability among the 

different models tested differ in terms of intensity as indicated in the results summarized in Table 

4.1 and visualized in Figures 4.1 to 4.12. 

Based on the analysis, it can be seen that the RF model was the most regular and high- 

performing model in all the models reaching the highest accuracy (81.63) and AUC (0.8350). The 

confusion matrix (Figure 4.1) reveals that there is high level of diagonal dominance and fewer 

misclassifications and this shows that the model is able to establish effective linear as well as non- 

linear relationships. The fact that the RF model was an ensemble of decision trees, which are 

multiple decision trees, made it robust and less overfitting, and thus it was a good choice especially 

on the high-dimensional bioinformatics data. 

Conversely, the Support Vector Machine (SVM) and K-Nearest Neighbors (KNN) models 

demonstrated moderate performance with the accuracy of 67.35% and 71.43% respectively. These 

models did not find it easy to trade off sensitivity and specificity as observed in Figures 4.2 and 

4.3 probably because of their sensitivity to scaling of their data and hyperparameter optimization. 

In this case, however, the LightGBM (LGBM) and XGBoost (XGB) models, although being robust 

gradient boosting frameworks, performed poorly (accuracy around 61%), as demonstrated in 

Figures 4.4 and 4.5. This is explained by the fact that the feature space is very dimensional and 

complex, and it might have constrained the learning ability of such models without a significant 

amount of feature selection or tuning. 

Interestingly, the Ensemble model (RF+XGB+DT) was not able to outperform the 

standalone RF model. The confusion table (Figure 4.6) shows that using many learners produced 

an averaging effect, which did decrease the variance of the result, but also weakened the predictive 

power. This observation indicates that the Random Forest by itself was optimized well enough to 

be used on the given data. 

The Artificial Neural Network (ANN) and the Convolutional Neural Network (CNN) were 

among the deep learning models that obtained good results. According to the accuracy and loss 

curves (Figure 4.10), the ANN attained balanced learning and this has shown that it has achieved 

learning without overfitting. The CNN experienced similar results with an AUC of 0.7883 and and 

a stable learning pattern as observed in Figure 4.12. It can be helpful in capturing local spatial 

dependencies in the feature space that seems beneficial when dealing with protein sequence 

properties. 
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Conversely, the Recurrent Neural Network (RNN) had the lowest performance of all other 

models as indicated in Table 4.1 and Figure 4.8. Although the sensitivity of 1.0 was obtained, it 

failed utterly in specificity, indicating overfitting and lack of overallization in unseen data. This 

conclusion is also supported by the erratic training pattern observed in the learning curve (Figure 

4.11). This limitation could be attributed to the fact that the input representation has no sequential 

dependencies and therefore RNN architecturesare not as effective with such kind of data. 

In general, the comparative analysis highlights that classical models based on ensemble 

(particularly, Random Forest) are better than the boosting and deep learning models in this case of 

high-dimensional classification. Although deep learning techniques promise to be useful, they 

need bigger datasets and optimized architecture to achieve the maximum with protein 

classification issues. 

 

4.6 Summary 

Overall, this chapter has provided a critical review of nine machine and deep learning 

models of protein sequence classification. The best model was the Random Forest model that has 

the highest overall accuracy, sensitivity and AUC hence strong generalization. Even though ANN 

and CNN are encouraging, more tuning and architectural optimization are required to enhance the 

performance. On the other hand, such models as RNN, LGBM, and XGB appeared to be 

unproductive according to the existing experimental conditions. 

The results of this chapter provide a substantial empirical basis of the choice of the main 

predictive model of the current study, which is Random Forest. The following chapter will be 

devoted to the conclusion and the future work with summarizing the key conclusions and 

implementing possible directions of the model improvement and broadening the scope of the 

proposed approach. 
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CHAPTER 5 

 

 

CONCLUSION AND FUTURE WORK 

 

1. Introduction 

It is the last chapter that summarizes the finding of the whole thesis. It starts by giving a a 

summary of the main findings of the nine-model comparison conducted in the whole project, and 

a discussion of the project and its overall contribution and importance. At the end, this chapter 

describes a number of promising avenues of future research, such as model optimization, further 

feature engineering, and different deep learning paradigms. The last section of the chapter presents 

a summary of the chapter. 

 

2. Summary of the Study 

The main objective of this thesis was to develop an extensive comparative analysis in order 

to discover the best machine learning or deep learning algorithm to determine protein sequences. 

The necessity to develop automated and scalable annotation tools to meet the ever-growing 

genomic and proteomic data was critical in the creation of this work. 

 

The methodologyhas managed to implement a full computational pipeline: 

• The ideal protein dataset (proteindataset.csv) had been preprocessed in order to 

guarantee the data integrity. 

 

• The ifeature library was used to extract 15 different feature groups which were 

concatenated to a massive 11,466-dimensional feature vector. 

 

There are nine different models that were trained and tested onthis high-dimensional data: 

 

• Classical Models Support Vector machine (SVM), K-Nearest neighbors (KNN). 

• Ensemble Models: Random Forest (RF), XGBoost (XGB), LightGBM (LGBM) 

and a custom Ensemble (RF+XGB+DT). 

 

• Deep Learning Models Recurrent Neural Network (RNN), Convolutional Neural 

Network(CNN), and Artificial Neural Network(ANN). 

 

Each model was strictly tested on a held-out test set. 

3. Key Findings 

This massive comparative analysis in Chapter 4 produceda number of major findings: 
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• Random Forest is the Best Model: The Superior Model: The Superior Model was 

the Random Forest (RF) model which received the highest scores based on the most 

important measures, such as Accuracy (0.8163), Sensitivity (0.8400), and AUC 

(0.8350). This shows that in this particular task, the RF is best because it can 

process high-dimension, sparse data, and has the intrinsic capability to resist 

overfitting. 

• Increasing Models Models with advanced boosting algorithms, such as XGBoost 

and LightGBM, did not improve as expected. This implies that their particular 

mechanisms might not be properly adapted to the 11,466 feature set without high 

level of hyperparameter optimization. 

• Deep Learning Models: The ANN and CNN models gave "promising" results, but 

did not outperform the Random Forest. It means that deep learning is a promising 

strategy, but it needs to be refined and optimized regarding architecture. The RNN 

did not do well, which is quite a natural result since the 11,466-dimensional feature 

represents a static feature and does not have sequential data that RNN can utilize. 

• The Feature-Based Approach is Substantiated: The 11,466-dimension feature 

vector, the study substantiates, is rich with a discriminative signal. The 

effectiveness of the RF model supports the claim that the given "feature 

engineering" pipeline is one ofthe most effective strategiesof proteinclassification. 

 

4. Contribution and Significance 

This thesis offers a general, empirical datum of nine machine learning paradigms of a high- 

dimensional bioinformatics problem. Its main contribution is the unambiguous evidence-based 

conclusion that the well-established ensemble classifier, the Random Forest, gives better 

performance, compared to the more complex deep learning and boosting algorithms with respect 

to this particular feature representation. This provides a useful and feasible suggestion to scholars 

in this area: as an ifeature library, Random Forest is a strong and efficient initial selection to 

consider in constructing high-dimensional feature sets. 

 

5. Future Work 

Although this paper was effective in determining the most efficient model among 

numerous models, the study lays down numerous interesting possibilities of research in the future. 

These findings may be used as a basis to develop the following steps. 

 

1. Hyperparameter Optimization and Model Optimization 

The next step would be to optimize the most promising models of this study: 
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• Tune the Winner (RF): Use systematic hyperparameter tuning (e.g., GridSearchCV 

or RandomizedSearchCV) to optimize the predictive accuracy of the Random 

Forest model. 

• Optimize Deep Learning Models: The promising outcomes of the ANN and CNN 

should be explored. In future, it is better to work on their optimization (e.g., by 

modifying the number of layers / neurons, dropout rates, and trying various 

optimizers) to determine whether a tweaked deep learning model can finally be on 

a par with the optimized RF. 

 

2. High-End Feature Engineering and Selection 

The 11,466 dimension feature vector is strong but computationally costly and is likely to 

have redundant features. 

• Feature Selection: Use feature selection algorithms (e.g. built-in 

featureimportances of Random Forest, Recursive Feature Elimination, or Boruta) 

to only select and keep the most informative subset of features. This would decrease 

training time, and possibly could enhance the performance of models such as SVM 

and ANN by suppressing noise. 

• Dimensionality Reduction: Project the features into a lower-dimensional space and 

evaluate the performance of the model using methods such as Principal Component 

Analysis (PCA) or the t-SNE. 

 

3. Sequence-BasedDeep Learning (A New Paradigm) 

This experiment proved that running an RNN with a fixed feature set is not effective. 

Another alternative that is powerful and does not require any feature engineering pipeline (that is, 

11,466 dimensions) is to use deep learning models that take as input the raw proteinsequences: 

 

• 1D-CNN: Buy using a 1D-Convolutional Neural Network to slide filters through 

the raw sequences and automatically learn predictive motifs. 

• RNN (LSTM/GRU): Use a Recurrent Neural Network (LSTM or GRU) to read the 

protein sequence amino acid by amino acid, so that it can learn long-range 

dependencies and sequence context. 

 

4. Model Deployment 

The last and most effective stage would be to send the optimized Random Forest model as 

a web server or API with access to the general population. This would make the toolaccessible to 

the rest ofthe scientific community, and biologists would be able to post their own uncharacterized 
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protein sequences and obtain instant predictions on classification, which is the main driving force 

behind the project. 

 

5. 6   Summary 

Overall, this chapter was a final chapter to summarize the thesis. It concluded the 

methodology of the study and validated the most important finding of Chapter 4, which is that the 

Random Forest classifier was the most suitable model to use in this task. It also talked about the 

contributions the project made to bioinformatics in general. Last but not least, it has specified an 

effective and concrete way of how future research could be conducted, such as optimization of the 

existing models, work on advanced features selection, and other possible sequence-based deep 

learning. 
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