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Abstract: The classification of COVID-19 protein types is important for understanding viral structure.
This study presents a comprehensive machine learning approach for classifying four major
COVID-19 protein types which are Spike, Membrane, Envelope, and Nucleocapsid proteins. We
collected 40,000 protein sequences from the NCBI protein database, representing 10,000 sequences
for each protein type through automated web scraping and parsing techniques. After processing
the data and removing outliers, we obtained a dataset of 28,206 proteins. We used five machine
learning algorithms which included Random Forest, Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), Decision Tree Classifier, and Logistic Regression. We evaluated the models using
accuracy, precision, recall and F1 score metrics. The result showed that K-Nearest Neighbors classifier
achieved the highest accuracy of 98%. Feature importance analysis revealed that sequence length and
specificamino acids are the main factors that provided biological insights into the differences between
COVID-19 protein types. Our results show the effectiveness of amino acid composition-based
features for COVID-19 protein classification. The feature importance analysis revealed key
biological insights into the differences between the structures of protein and provided an efficient
framework for automated protein type identification.

Keywords: COVID-19; Protein Classification; Machine Learning; Amino Acid Composition; SARS-
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1. Introduction

The COVID-19 that is caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has
transformed the global health crisis and increased the need for advanced approaches in viral genomics
research [1]. SARS-CoV-2 has infected millions of people worldwide since 2019. This made it necessary to
accelerate the international scientific collaboration on genomics research.

SARS-CoV-2, like other coronaviruses, is an enveloped, positive-sense single-stranded RNA virus
belonging to the family Coronaviridae [2]. The viral genome consists of multiple proteins. However, the
four major structural proteins play critical roles in infecting the host genome. These four essential structural
proteins are the Spike (S) protein, Envelope (E) protein, Membrane (M) protein, and Nucleocapsid (N)
protein. Each of them contribute uniquely to the viral life cycle and distinct targets.

This study presents a novel approach to COVID-19 protein classification through comprehensive analysis
of a large-scale dataset comprising 28,206 protein sequences. Our work provides the comparison of five
different machine learning algorithms specifically for COVID-19 protein classification. This offers deep
insights into the effectiveness of different models used for machine learning classification.

The four major structural proteins serve different biological functions. The Spike (S) protein mediates viral
entry through ACE2 receptor binding and represents the primary target for vaccine development [3]. The
Membrane (M) protein, the most abundant structural component, provides envelope integrity and
facilitates viral assembly [4]. The Envelope (E) protein, despite its small size, plays crucial roles in viral
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assembly and pathogenesis through its ion channel activity [5]. The Nucleocapsid (N) protein binds viral
RNA and modulates host cell responses, forming the ribonucleoprotein complex essential for viral
replication [6]. These different functional roles suggest that each protein type has unique amino acid
composition.

Traditional approaches for protein classification rely heavily on sequence similarity searches and
structural analysis techniques [7]. Machine learning approaches offer alternatives for protein classification
by identifying complex patterns and relationships within protein sequences that may not be clear through
traditional methods.

Machine learning approaches offer various advantages over traditional sequence methods by identifying
complex patterns in amino acid composition that may not be apparent through conventional analysis [7].
The computational efficiency of classical machine learning algorithms makes them more effective for large-
scale protein classification tasks. It is especially helpful when quick analysis of newly sequenced viral
proteins is required.

This study addresses the critical need for automated, accurate, and efficient methods for classifying
COVID-19 protein types. This focuses on developing and evaluating machine learning approaches based on
amino acid composition analysis. Our primary objectives include developing a comprehensive dataset,
implementing data preprocessing, evaluating multiple machine learning algorithms, and providing a
framework for automated COVID-19 protein classification.

2. Related Work and Background

The use of machine learning approaches for protein analysis has evolved over the past two decades.
Numerous studies demonstrated the effectiveness of computational approaches for various protein-related
prediction tasks [8].

Support vector machines specifically revolutionized protein classification tasks due to their ability to
handle high-dimensional feature spaces while maintaining good generalization performance [9]. Random
Forest and other ensemble methods gained importance due to their robustness, interpretability, and ability
to handle mixed data types.

2.1. COVID-19 Protein Classification Studies

The emergence of COVID-19 has made numerous computational studies focused on SARS-CoV-2 protein
analysis. Lopez-Rincon et al. demonstrated the effectiveness of deep learning approaches for SARS-CoV-2
detection and classification, achieving high accuracy in viral sequence identification [11].

Randhawa et al. developed a machine learning approach for classifying COVID-19 genomic sequences
using intrinsic genomic signatures, achieving 99.58% accuracy in distinguishing SARS-CoV-2 from other
coronavirus species [15]. Their work showed the potential of sequence-based features for viral classification
tasks.

Several studies have applied machine learning specifically to individual COVID-19 proteins. Ahmed et al.
utilized deep learning models including CNN and LSTM networks for COVID-19 protein structure
prediction and functional annotation, showing that deep learning approaches could capture complex
sequence-structure relationships in viral proteins [16]. However, most existing work has focused on single
protein types or binary classification tasks rather than multi-class classification of all major structural
proteins.

Hu et al. developed a convolutional neural network approach for COVID-19 spike protein classification,
achieving 96.2% accuracy on a dataset of 8,500 sequences. Their CNN-based method demonstrated the
potential of deep learning for protein classification but was limited to spike proteins only [17].

Chen et al. applied support vector machines with dipeptide composition features for multi-class
classification of COVID-19 proteins and achieved 94.2% accuracy on a dataset of 5,847 sequences covering
spike, membrane, and nucleocapsid proteins, but excluded envelope proteins from their analysis [24].

2.2. Deep Learning Approaches in Protein Analysis

Deep learning methods involving Convolutional Neural Networks (CNNs) and Long Short-Term Memory
(LSTM) networks have shown greater success in various bioinformatics applications. CNNs capture local
patterns in protein sequences very efficiently and hence are suitable for identifying functional and
structural features [18]. LSTM networks are designed to handle sequential data which make them
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particularly effective for modeling long-range dependencies in protein sequences and have been
successfully applied to structure analysis [19].

For COVID-19 research specifically, deep learning approaches have been extensively applied to medical
imaging for diagnosis [20], genomic sequence analysis for variant detection [21], and protein structure
prediction [22]. However, these methods require large datasets and substantial computational resources
and their “black-box” nature limits interpretability.

While deep learning approaches have shown superior performance in many bioinformatics tasks, classical
machine learning methods offer several advantages for protein classification. They offer computational
efficiency, interpretability, and robustness with smaller datasets. The ability to identify and rank important
features, as shown by Random Forest feature importance analysis, provides direct biological insights.
These features are often lacked in deep learning models.

2.3. Amino Acid Composition Based Classification

Amino acid composition represents one of the simplest yet most effective feature extraction methods for
protein sequence analysis [10]. Proteins with similar functions are more likely to have similar amino acid
distributions. This assumption has been validated in numerous studies that covers different protein families
and structural properties.

Chou and Zhang pioneered the use of amino acid composition for the prediction of subcellular protein
localization, demonstrating that simple compositional characteristics could achieve competitive
performance compared to more complex approaches [23]. Their work established the foundation for
composition-based protein classification methods that remain widely used today.

Recent studies have also included dipeptide and tripeptide compositions, pseudo-amino acid
composition, and various physicochemical properties in the analysis of amino acid composition [24, 25].
These enhanced feature representations have shown improved performance for specific protein
classification tasks but they increase computational complexity and feature dimensionality.

2.4. Research Gaps and Study Contributions

Although significant progress is made in COVID-19 protein analysis, there are still several important gaps
that remain in the study. Most existing studies have focused on binary classification (COVID vs. non-
COVID) or single protein types rather than the multi-class classification of all major structural proteins. The
dataset sizes used in previous studies have been relatively small, limiting the generalization of the models.

Moreover, few studies have provided comparison of multiple machine learning algorithms on the same
dataset, making it difficult to assess the relative metrics of different approaches. The lack of feature
importance analysis in many studies also limits biological insights that could be gained from computational
approaches [31].

Recent advances in protein sequence modeling have introduced pretrained protein language models such
as ProtBERT, ESM, and UniRep, which learn contextual embeddings from large-scale protein databases.
These models have achieved strong performance across diverse protein classification tasks. However, their
high computational cost and limited interpretability can restrict practical adoption in rapid or resource-
constrained settings [30-35].

In contrast, the present study emphasizes simplicity, efficiency, and biological interpretability by
employing classical machine learning models with explicit feature representations. This design choice
enables direct analysis of feature importance and supports transparent biological insight while maintaining
competitive performance.

Our study addresses these gaps by providing evaluation of multiple machine learning algorithms on a
large-scale, diverse dataset of COVID-19 protein sequences. The comparison of five different algorithms
provides deep insights into the most effective approaches for COVID-19 protein classification, while the
large dataset size ensures robust and generalizable results.

3. Materials and Methods

3.1. Data Collection and Acquisition
We collected protein sequence data from the National Center for Biotechnology Information (NCBI)
protein database[12] using systematic web scraping approaches. A custom Python-based parser utilizing the
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BioPython library [13] and the requests module interfaced with the NCBI protein database API [14] to handle
rate limiting and connection management.

For each of the four target protein types (Spike, Membrane, Envelope, and Nucleocapsid), we
implemented systematic search strategies using specific query terms and organism filters targeting SARS-
CoV-2 proteins. The data collection process involved retrieving 500 pages of search results for each protein
type, with each page containing approximately 20 protein sequence records, yielding exactly 10,000
protein sequences for each protein type, totaling 40,000 sequences from the NCBI database [12]. The
overall methodology workflow is illustrated in Figure 1.

Data Collection Data Preprocessing Sequence Validation Outlier detection
r
B Feature Engineering: Feature Engineering: Feature Engineering:
Data Splitting € Generate 21-Dimensional [« Sequence Length Amino Acid Composition
Features
A
Data Standardization ¥ ML Training Models Model Evaluation Final Results
CQVID-19 Protien
Types Classification

A Y ¥

Spike Protien Membrane Protien Envelope Protien Nucleocapsid

Figure 1. A comprehensive methodology workflow illustrating the sequential research steps, including
data collection from the NCBI database, preprocessing (sequence validation and outlier removal), and
feature extraction via amino acid composition analysis.

3.2. Data Preprocessing and Quality Control

Raw protein sequence data required comprehensive preprocessing to address inconsistencies, errors, and
artifacts. Our preprocessing pipeline implemented multiple sequential quality control steps. To minimize
data leakage, all exact duplicate protein sequences were removed prior to model training and evaluation.
However, we acknowledge that protein sequence datasets may still contain highly similar sequences that
are not exact duplicates. Such sequences can potentially appear in both training and testing sets when
using random splits, which may inflate classification performance. This limitation is common in large-
scale protein sequence studies and is addressed further through additional robustness analyses described
in the evaluation section.
3.2.1.  Sequence Validation and Cleaning

Initial preprocessing involved comprehensive sequence validation to identify and remove sequences
containing invalid characters or ambiguous amino acids. Standard protein sequences should contain only
the 20 standard amino acid codes. Our analysis revealed that letters B, ], O, U, and Z never appeared in any
collected sequences, consistent with expectations for standard COVID-19 proteins. These non-occurring
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features were systematically removed from our feature set.
3.2.2.  Duplicate Detection and Removal

We implemented comprehensive duplicate detection based on exact sequence matching to address
redundancy in biological databases. Duplicate sequences can bias machine learning models by providing
artificially inflated support for certain sequence patterns. The process revealed approximately 15-20%
sequence redundancy, typical for viral protein databases.

3.2.3.  Statistical Outlier Detection and Removal

We implemented sophisticated statistical outlier detection using the Interquartile Range (IQR) method
applied to amino acid frequency distributions. For each amino acid type, sequences with frequencies
falling outside [Q1 - 1.5 x IQR, Q3 + 1.5 x IQR] were flagged as potential outliers.

The outlier detection and removal process eliminated 11,794 sequences from the original dataset of
40,000, resulting in a final dataset of 28,206 high-quality protein sequences. After outlier removal, amino
acid ‘X’ (unknown/ambiguous) had zero frequency across all sequences and was removed from the
feature set. Outlier detection was performed using the IQR method applied to amino acid composition
features. This step primarily removed unusually short, fragmented, or incomplete protein sequences that
could introduce noise and bias into the learning process. Although a substantial number of sequences
were excluded, this filtering aimed to improve data quality rather than artificially simplify the
classification task.

To assess the robustness of our approach, we additionally evaluated model performance with and
without outlier removal. The results showed consistent performance trends, indicating that the proposed
method does not rely heavily on aggressive data pruning.

3.2.4.  Final Dataset Composition

The final preprocessed dataset contained 28,206 protein sequences distributed across four classes: 7,641
Envelope proteins, 5,670 Membrane proteins, 5,085 Nucleocapsid proteins, and 9,810 Spike proteins,
showing moderate class imbalance but not severe enough to require specialized balancing techniques. The

distribution of protein types in the final dataset is shown in Figure 2.
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Figure 2. Distribution of protein types in the final preprocessed dataset of 28,206 sequences.

3.3. Feature Engineering and Extraction

Our feature engineering approach focused on amino acid composition analysis, converting raw protein
sequences into numerical feature vectors suitable for machine learning algorithms.
3.3.1.  Amino Acid Composition Calculation

For each protein sequence, we calculated the count of each of the 20 standard amino acids (A, C, D, E, F,
GHLKLMNPQRSTVW,Y) resulting in a 20-dimensional feature vector. Additionally, we
included sequence length as a separate feature, recognizing that protein length can be discriminatory for
different protein types.

The choice of absolute counts over relative frequencies preserved information about protein size while
maintaining discriminatory power. The final feature space consisted of 21 dimensions: 20 amino acid
counts plus sequence length. The correlation between amino acid features across all protein sequences is
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visualized in Figure 3, revealing strong positive correlations among certain amino acids that frequently

Correlation Heatmap of Amino Acid Features
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Figure 3. Correlation heatmap showing relationships between amino acid features (A, C, D, E, etc.)
across all protein sequences. Strong positive correlations (in blue) indicate amino acids that frequently co-
occur in the same sequence.

3.3.2.  Feature Scaling and Normalization

By assigning different scales to amino acid sequence lengths and count of amino acid, we implement
standardization to each feature, transforming each feature to have zero mean and unit variance. The
advantage of standardization is that it helps achieve optimal performance across all algorithms while
maintaining relationships between feature values.

3.4. Feature Ablation and Baseline Analysis

To investigate the contribution of different feature components and assess the potential dominance of
sequence length, we conducted a feature ablation and baseline analysis using three different feature
configurations. First, a length-only baseline classifier was implemented using sequence length as the sole
input feature. Second, a frequency-only model was trained using normalized amino acid composition
features, where absolute amino acid counts were divided by sequence length and the explicit length
feature was removed. Third, the full feature set consisting of absolute amino acid counts combined with
sequence length was evaluated.

This analysis allowed us to disentangle the relative influence of sequence length and amino acid
composition on classification performance and to verify whether high accuracy could be achieved without
relying solely on protein length information.

3.5. Exploratory Data Analysis
We performed exploration of the data to understand its features and find patterns for making better
modeling decisions.

3.6.1.  Amino Acid Usage Pattern Analysis

While examining the data, we noticed clear differences in how various proteins use amino acids. Membrane
proteins, for example, had a higher level of hydrophobic amino acids compared to the Nucleocapsid
protein. We also observed basic amino acids were more common in Nucleocapsid proteins.

These patterns make biological sense as these proteins perform different functions, so their amino acid
patterns vary. Membrane and Envelope proteins are part of the viral shell, embedded in a lipid bilayer, so
they use more hydrophobic amino acids to remain in place. The Spike protein connects with human cells
and has a unique amino acid setup shaped to allow it to fold and bind tightly to facilitate viral entry. The
distribution of selected amino acids across the four protein types is presented in Figure 4.
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Distribution of Key Amino Acids Across Protein Types
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Figure 4. Box plots showing the distribution of selected amino acids (A, C, D, E, F) across four different
protein types: Envelope, Membrane, Nucleocapsid, and Spike.

3.5.2.  Sequence Length Distribution Analysis

Sequence length analysis revealed characteristic distributions for each protein type. Spike proteins
showed the broadest length distribution with significantly higher mean length, reflecting their complex
multi- domain structure involved in receptor binding and membrane fusion. Envelope proteins exhibited
the most constrained length distribution, reflecting their conserved structure and simple ion channel
function.

These differences are biologically driven by the functional complexity of each protein. Spike proteins
require a longer sequence to encode multiple functional domains, including the receptor-binding domain
(RBD), fusion peptide, and transmembrane segment. In contrast, Envelope proteins are small, highly
conserved proteins involved in viral assembly and ion transport, which limits their sequence variation and
length. As shown in Figure 5, the sequence lengths vary significantly across protein types.

Sequence Length Distribution Across Protein Types

400

200

1 1 . 1T

Envelope Membrang Nucleocapsid Spike

Sequence Length

Protein Type
Figure 5. Box plots showing the distribution of sequence lengths for each protein type: Envelope,
Membrane, Nucleocapsid, and Spike. The plot includes statistical summaries such as medians, interquartile
ranges, and potential outliers. This visual comparison highlights structural differences in protein sequence
lengths.

3.6. Machine Learning Model Development
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We evaluated five diverse algorithms representing different learning paradigms: Random Forest, Support
Vector Machine, K-Nearest Neighbors, Decision Tree Classifier, and Logistic Regression.

3.6.1.  Algorithm Selection Rationale

Algorithm selection was guided by the nature of our multi-class classification problem, dataset size,
computational efficiency requirements, and need for interpretable results. We chose algorithms
representing different learning approaches to enable comprehensive evaluation of modeling assumptions.

3.6.2.  Model Implementation Details

Random Forest utilized 100 estimators with bootstrap sampling and Gini impurity criterion. SVM
employed RBF kernel with grid search optimization for Hyperparameters C and y. KNN used k=5
neighbors with Euclidean distance metric. Decision Tree used CART algorithm with Gini impurity and
depth limitations to prevent overfitting. Logistic Regression employed multinomial formulation for direct
multi-class modeling.

3.7. Evaluation Methodology

We employed rigorous evaluation methodology using train-test split with 80% training and 20% testing
data. Performance metrics included accuracy, precision, recall, and Fl-score for comprehensive
assessment. Cross-validation was used during Hyperparameters tuning to ensure robust parameter
selection.

Although the dataset exhibits moderate class imbalance after preprocessing, no explicit class balancing
techniques were applied. This decision was motivated by the relatively similar class sizes and the use of
evaluation metrics that account for imbalance. In addition to overall accuracy, macro-averaged precision,
recall, and Fl-score were reported to ensure that classification performance was not biased toward
majority classes.

Model evaluation was performed using an 80/20 train-test split, with Hyperparameters tuning
conducted via five-fold cross-validation on the training set. Feature scaling was fitted exclusively on the
training data and subsequently applied to the test set to prevent information leakage. For models
sensitive to Hyperparameters, including KNN and SVM, a grid-based search was used to identify
optimal configurations.

To assess result stability, experiments were repeated using multiple random seeds, and performance
metrics were reported as mean values across runs.

4. Results and Analysis

4.1. Model Performance Comparison
Table 1 summarizes the performance of all five machine learning algorithms evaluated in this study.
Table 1. Performance Comparison of Machine Learning Algorithms.

Algorithm Accuracy  Precision  Recall  F1-Score
K-Nearest Neighbors 98.00% 0.97 0.97 0.98
Random Forest 97.94% 0.97 0.97 0.98
Decision Tree 97.43% 0.97 0.97 0.97
Support Vector Machine 96.00% 0.95 0.94 0.96
Logistic Regression 92.36% 0.91 0.91 0.92

K-Nearest Neighbors achieved the highest accuracy of 98.00%, demonstrating exceptional performance
in classifying COVID-19 protein types. Random Forest followed closely with 97.94% accuracy,
showcasing the effectiveness of ensemble methods. Decision Tree Classifier achieved 97.43% accuracy,
providing excellent interpretability alongside strong performance. A visual comparison of the accuracy
achieved by all five algorithms is presented in Figure 6.

4.2. Detailed Classification Results

4.2.1.  K-Nearest Neighbors Performance
The KNN classifier demonstrated outstanding performance across all protein types, as detailed in Table 2.
The KNN classifier showed particularly strong performance for Spike proteins (Fl-score: 1.00) and
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Envelope proteins (F1-score: 0.99), with slightly lower but still excellent performance for Membrane.

Accuracy Scores of Classification Algorithms

07.94% 98.00%
97.43%
96.00%
92.36%

Logistic Regression

100%

98%

96%

Accuracy

94%

92%

=}
=2

Decision Tree Random Forest

Algorithm

SVM

Figure 6. Accuracy comparison of five classification algorithms: Decision Tree, Random Forest, Logistic
Regression, K-Nearest Neighbors (KNN), and Support Vector Machine (SVM). The bar chart shows that
KNN achieved the highest accuracy, closely followed by Random Forest and Decision Tree classifiers.

Table 2. KNN Detailed Classification Report.

Protein Type  Precision  Recall F1-Score  Support
Envelope 0.99 0.99 0.99 1526
Membrane 0.94 0.96 0.95 1134
Spike 1.00 0.99 1.00 1961
Nucleocapsid 0.96 0.94 0.95 1020
Overall 0.97 0.97 0.98 5641

4.2.2.  Random Forest Performance

Random Forest achieved excellent performance with 97.94% accuracy, as shown in Table 3.

Table 3. Random Forest Detailed Classification Report.

Protein Type  Precision Recall = F1-Score  Support
Envelope 0.99 0.99 0.99 1526
Membrane 0.93 0.97 0.95 1134
Spike 1.00 1.00 1.00 1961
Nucleocapsid 0.97 0.94 0.95 1020
Overall 0.97 0.97 0.98 5641

Random Forest demonstrated perfect classification for Spike proteins and excellent performance across all
other protein types, showcasing the robustness of ensemble methods. The confusion matrices for both

classifiers are presented in Figure 7.

4.3. Feature Importance Analysis

Random Forest’s feature importance analysis revealed the most discriminatory amino acids for protein

classification, as illustrated in Figure 8.

The analysis identified specific amino acids that contribute most significantly to protein type
discrimination, providing biological insights into the structural and functional differences between protein
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types. Sequence length emerged as a highly important feature, consistent with the distinct size
characteristics of different protein types.

Confusion Matrix - Random Forest
Predicted Label

Confusion Matrix - KNN Classifier

Predicted Label

1500

True Latel
True Label

0 152 13 0

(a) Random Forest confusion matrix (b) K-Nearest Neighbors confusion matrix
Figure 7. Confusion matrices showing actual vs. predicted classifications across the four protein classes for
(a) Random Forest and (b) K-Nearest Neighbors classifiers.
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Figure 8. Most important features (amino acids and sequence length) identified by the Random Forest
model, displayed as a horizontal bar plot.

4.4. Performance Analysis by Protein Type

4.4.1.  Spike Protein Classification

Spike proteins produced the best, most consistent results in all tests of classification performance, often
coming extremely close to or achieving perfect scores. That is because spike proteins have distinct
sequences in their amino acid composition and are also significantly longer than other proteins.

4.4.2.  Envelope Protein Classification

The performance for the envelope proteins was very good as reflected in the AUC score, which can be
attributed to its extreme conservedness and the unique composition of the envelope protein. Specific
functional requirements of Envelope proteins and their small size lead to a unique amino acid usage bias.

4.4.3.  Membrane Protein Classification

The classification of membrane proteins also performed well in all methods, but the precision and recall
were slightly worse than that of Spike and Envelope proteins. Transmembrane topology of these proteins
results in well-conserved hydrophobic amino acid sequences which are used for classification.
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4.44.  Nucleocapsid Protein Classification

The nucleocapsid proteins were the most variably predicted across algorithms, possibly indicating the
diverse functional domains and RNA-binding properties. RNA binding specific properties of basic amino
acid content is discriminating. The per-class performance metrics across the top three algorithms are
visualized in Figure 9.

4.5. Algorithm-Specific Analysis

4.5.1.  Instance-Based Learning (KNN)

The better performance of KNN implies that amino acid composition establishes well-separated clusters
in feature space which is suitable for nearest neighbor classification. The local decision boundaries
appropriately preserve the non-linear associations between amino acid patterns and protein types.

Per-Class Precision, Recall, and F1-score Comparison for Top 3 Algorithms

0
|| o
3

Algorithm - Metric

Decision Tree - Precision
Decision Tree - Recall
Decision Tree - F1-score

Random Forest - Precision
Random Forest - Recall
Random Forest - Fi-score

KNN - Precision
KNN - Recall
KNN - F1-score

Score

1.00
.
0.20

Protein Type (Encoded)
Figure 9. Grouped bar chart showing precision, recall, and F1-score for each protein type (0-3) across
the top three performing algorithms: Random Forest, K-Nearest Neighbors, and Decision Tree.

4.5.2.  Ensemble Methods (Random Forest)

The strong competitiveness of Random Forest verifies that the strategy of aggregating a number of decision
trees to alleviate overfitting without sacrificing simplicity is beneficial. The moderate class imbalance in our
dataset is proficiently addressed with the help of bootstrap aggregating method.

4.5.3.  Tree-Based Methods (Decision Tree)

Good performance of single Decision Trees evidences that biologically relevant discrimination of protein
types can be based on simple amino acid dependency rules, underlining the biological importance of our
feature selection.

4.54.  Kernel Methods (SVM)

Good but not optimal performance of SVM indicates that although non-linear patterns are present, they
may not be highly complex; hence kernel methods might be overly complicated and simpler methods will
be sufficient for this problem.

4.5.5.  Linear Methods (Logistic Regression)

Logistic Regression’s moderate performance indicates that purely linear relationships between amino acid
composition and protein types are insufficient for optimal classification, supporting the use of non-linear
methods. The learning curves showing model performance as a function of training set size are presented in
Figure 10.
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Learning Curves: Training and Validation Accuracy vs Training Set Size
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Figure 10. Learning curves showing training and validation accuracy as functions of training set size
for the top three performing algorithms: Decision Tree (clf), Random Forest (rf_model), and K-Nearest
Neighbors (knn).

Analysis of results reveals that most misclassifications occur between structurally and functionally
related protein types. In particular, occasional confusion between membrane and envelope proteins can be
attributed to their overlapping structural roles and relatively similar amino acid composition profiles. In
contrast, spike and nucleocapsid proteins are consistently distinguished with high accuracy, reflecting
their distinct functional roles and sequence characteristics.

5. Discussion

5.1. Biological Significance of Results

The accuracy of machine learning methods shows that amino acid composition has enough distinct
information for the classification of COVID-19 proteins. The ability to discriminate proteins with
relatively simple features indicates that the characteristic compositional signatures of the four main
structural proteins are shaped by evolution according to their unique functions.

The superior performance observed for Spike protein classification aligns with biological expectations, as
Spike proteins possess unique structural requirements including extensive glycosylation sites, receptor
binding domains, and membrane fusion machinery. These functional constraints create distinctive amino
acid usage patterns that facilitate automated classification.

Envelope protein classification success reflects the highly conserved nature of these small integral
membrane proteins. Their specific ion channel functions and membrane topology requirements create
consistent compositional patterns across viral strains and variants.

The feature importance analysis revealing sequence length as a critical discriminatory factor provides
biological validation, as the four protein types exhibit characteristically different sizes corresponding to
their functional complexity and structural requirements.

5.2. Computational Efficiency and Scalability

Our amino acid composition-based approach offers significant computational advantages over more
complex feature extraction methods. The 21-dimensional feature space enables efficient processing of
large-scale datasets while maintaining excellent classification performance. This efficiency is particularly
valuable for real-time applications such as genomic surveillance and rapid variant characterization.

The scalability of our approach is demonstrated by successful processing of 28,206 protein sequences, with
potential for extension to even larger datasets as global sequencing efforts continue to expand. The
computational requirements remain manageable even on standard hardware configurations.

5.3. Comparison with Existing Approaches

A comprehensive comparison of our results with existing COVID-19 protein classification methods is
presented in Table 4.

Our results compare favorably with existing protein classification methods, achieving accuracy levels that
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match or exceed sequence similarity-based approaches while offering several advantages including faster
computation, independence from reference databases, and probabilistic classification outputs with
confidence measures.

The interpretability provided by our approach, particularly through Decision Tree analysis and Random
Forest feature importance, offers insights that are often lacking in black-box methods or complex deep
learning approaches.

5.4. Practical Applications and Implications

The developed classification framework has immediate applications in viral genomics research, including
automated annotation of newly sequenced viral proteins, quality control for protein databases, and rapid
characterization of emerging variants.

For therapeutic development, accurate protein classification can accelerate target identification and drug
screening by enabling rapid categorization of protein sequences from clinical samples or experimental

studies.
Table 4. Performance Comparison with Existing COVID-19 Protein Classification Methods.
Study Year  Size Types Algorithm  Acc. Features Limitations
Current 2024 28,206 4(SM,EN) KNN/RF 98.00% AA Only struc-
comp. tural
Lopez- 2021 ~2k Binary Deep 97.8% K-mer Binary
Rincon [11] CNN freq. only
Chen [24] 2020 5,847 3 (SM,N) SVM 94.2% Dipeptide No E pro-
(RBF) tein
Wang [25] 2021 12,450 4 (SM,E,N) RF 92.8% PhysicochemLo. wer ac-
curacy
Kumar[26] 2020 3200 2(SvsAl) Log.Reg. 89.5% AA Binary
comp. only
Zhang [27] 2021 8900 4 (SMEN) Neural 95.1% PSSM  High com-
Net pute
Liu [28] 2020 6,500 3 (SMN) DT 88.7% Len + Few fea-
comp. tures
Patel [29] 2021 15,000 4 (SM,EN) Ensemble 96.3% Hybrid Complex
extract

In diagnostic applications, our approach could contribute to the development of sequence-based
diagnostic tools that complement traditional PCR-based methods, particularly useful for characterizing
viral proteins in clinical specimens. The ROC curves for the top-performing algorithms are shown in
Figure 11.

5.5. Limitations and Future Directions

While our study demonstrates excellent performance for the four major structural proteins, extension to
non-structural proteins and accessory proteins would provide more comprehensive viral protein
classification capabilities. Future work should investigate the effectiveness of our approach for these
additional protein categories.

The amino acid composition approach, while effective, discards sequence order information that might
contain additional discriminatory power. Future studies could explore hybrid approaches combining
composition-based features with sequential information such as k-mer frequencies or position-specific
scoring matrices.

Cross-viral species validation would strengthen the generalizability of our findings and support
broader applications in coronavirus research beyond SARS-CoV-2.

Integration with structural information, when available, could enhance classification accuracy and
provide additional biological insights into the relationship between sequence composition and protein
structure-function relationships.

We acknowledge that the use of random train-test splits may allow highly similar protein sequences to
appear in both training and testing sets, which can lead to optimistic performance estimates. Future work
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will incorporate sequence identity-based clustering strategies and pretrained embedding-based models to
further evaluate generalization to novel protein sequences.

ROC Curves for Top Performing Algorithms by Protein Class

True Positive Rate

~—— KNN - Class 3 (AUC = 0.50)

0
0 0.2 0.4 0.6 0.8

False Positive Rate

Figure 11. ROC curves showing the trade-off between true positive rate and false positive rate for each
protein class across the top-performing algorithms: Decision Tree (clf), Random Forest (rf_model), and K-
Nearest Neighbors (knn)

6. Conclusions

This comprehensive study demonstrates the remarkable effectiveness of machine learning approaches
for COVID-19 protein classification based on amino acid composition analysis. Our systematic evaluation
of five diverse algorithms on a large-scale dataset of 28,206 protein sequences reveals that K-Nearest
Neighbors achieves the highest accuracy of 98.00%, followed closely by Random Forest with 97.94%
accuracy.

The success of our approach validates the biological significance of amino acid composition patterns as
discriminatory features for protein classification. The excellent performance achieved using relatively
simple features highlights the evolutionary constraints that create distinct compositional signatures for
different protein types.

Our findings provide a robust, interpretable, and computationally efficient framework for automated
COVID-19 protein classification with significant implications for viral genomics research, therapeutic
target identification, and diagnostic development. The developed methodology can be readily applied to
newly sequence viral proteins and adapted for other viral protein classification tasks.

The biological insights gained through feature importance analysis enhance our understanding of the
molecular determinants that distinguish different protein types, contributing to broader knowledge of
viral protein structure-function relationships.

Future research directions include extension to non-structural proteins, integration with structural
information, cross-viral species validation, and development of hybrid approaches combining
compositional and sequential features. The established framework provides a solid foundation for these
continued investigations and practical applications in computational virology.
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