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Abstract

The design of peptide sequences to perform anti-HIV activities is a particularly time-consuming stage in the production
of AIDS medications. One way to solve this issue is by computer modeling. Predictive models for anti-HIV peptides help
decrease the time and cost of producing anti-HIV peptide drugs. This paper introduces the C400KNN model, developed by a
machine learning approach that uses non-antimicrobial peptides as the negative dataset and incorporates a feature selection
procedure of 400 variables using the chi-square test, followed by training with the KNN algorithm. The amino acid sequences
were gathered from databases containing anti-HIV, antiviral, and antimicrobial information. Next, all features were extracted
from 12 descriptors, encompassing both the chemical structure and physicochemical properties. Ten classifiers were used to
create the models. The models were evaluated to discover descriptors using AUC and ACC. Then, the features of those
descriptors were combined, and feature selection methods were used to choose the most important features. The best model
was selected based on its performance. The findings indicate that the descriptor groups that improve model efficiency are
AAC, DPC, PAAC, and APAAC. The Chi-square method was used in the feature selection step. Additionally, the accuracy
of the model was found to be 0.83. The C400KNN model is thought to be effective and might help researchers in creating anti-
HIV peptides for use in pharmaceutical manufacturing.

Keywords: predictive model, anti-HIV peptide, machine learning, chi-square

1. Introduction

HIV is a pathogen that weakens the body’s
immune system, leading to AIDS. It inhibits the
body’s ability to defend against diseases, making it
more vulnerable to various ailments. A highly
effective approach for eliminating HIV is peptide
therapy (Lama & Planelles, 2007). Most anti-HIV
peptide drugs consist of structural proteins that bind to
the glycoprotein 120 (gp120) of the HIV spike and the
glycoprotein 41 (gp41) of the CD4 cell membrane

surface (Kwong et al., 1998; Prabakaran et al., 2007,
Sharma et al., 2021). This attachment prevents HIV
from binding to the membrane. In the early stages of
HIV drug development, anti-HIV peptides are usually
selected randomly from different sources such as
plants, animals, or even the virus itself. (Greenberg &
Cammack, 2004; Mori et al., 2005; Wang et al., 2004).
The data have been collected and stored in a database
from several studies conducted several decades ago.
These datasets were generated in several laboratories
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by empirical study (Steffler et al., 2021). Many
databases used for modeling are focused on antiviral
peptides and include data on their effectiveness
against HIV. Examples of such databases include
AVPpred (Thakuret al., 2012), AntiVPP 1.0 (Lissabet
et al., 2019), PEPred-Suite (Wei et al., 2019), and
Meta-iAVP (Schaduangrat et al., 2019). However,
there are only a few databases dedicated to anti-HIV
peptides.

Medical applications are currently using these
datasets and several machine learning algorithms to
build prediction models of peptide bioactivity (Deng
et al., 2023; Liu et al., 2020; Xu et al., 2021). These
approaches have been shown to increase model
performance by improving the modeling process,
creating a validated database of models, categorizing
peptides based on features and learning data,
maximizing model efficiency, analyzing significant
characteristics, and developing a user-friendly web
server for categorization that does not require
complex statistics or mathematics (Charoenkwan et
al., 2020). Antiviral peptide models commonly include
prediction models for peptides that are effective
against HIV. Hence, the accuracy of the model relies
on the predictive accuracy of the antiviral peptide
rather than the anti-HIV peptide. Currently, there
exists only one published database specifically
dedicated to anti-HIV peptides. The laboratory has
confirmed the HIPdb database as one of the
mentioned databases (Qureshi et al., 2013). Previous
studies that used this database investigated numerous
methods for developing prediction models for anti-
HIV peptides. They applied the pseudo-amino acid
composition (PseAAC) concept of Chou et al. (2012)
(Esmaeili et al., 2010) and a multilayer perceptron
with the support vector machine (SVM) method
(Poorinmohammad & Mohabatkar, 2015). A study of
prediction models employing rough-set-based
methods was later published. The goal was to increase
the accuracy of predicting anti-HIV type 1 peptides to
80% by using feature selection and an improved

Harmony search algorithm (Mathiyazhagan et al.,
2022). This study found that feature selection
strategies were used to increase the model's prediction
performance. Furthermore, the learning method
chosen is significant since it has a direct impact on the
model's architecture, accuracy, scalability, and ability
to handle complex data. Different methods are
appropriate for various prediction tasks (Hatta et al.,
2024). Table 1 summarizes examples of model
features and strategies for classifying anti-HIV
peptides using machine learning.

Figure 1 describes the process for constructing
the models, which classify peptides with anti-HIV
bioactivity into two major groups. The first step is to
evaluate the baseline model’s performance on two
study datasets: the main dataset and the alternate
dataset. We collected these datasets from five internet
sources and classified them into three categories: anti-
HIV peptides represent positive information, while
the other two negative groups are non-antiviral and
non-antimicrobial. The sequence of each group of
amino acids was then confirmed for redundancy
manually using the CD-HIT program (Huang et al.,
2010; Li & Godzik, 2006). We then extracted the
features of all 12 descriptors using both the main data
(positive + non-antiviral) and the alternate data
(positive + non-antimicrobial). Furthermore, the
information in each descriptor was used to build
models for all ten algorithms. We then assessed the
model's performance and selected it for the next step.
In the second step, the selected data sets from the
previous step were extracted, along with the effective
descriptor groups, to create new data groups. Next, the
data collected were applied to select features through
the process of chi-square, ANOVA, and mutual
information with varying numbers of features: 20, 50,
100, 200, and 400. Next, we applied these features to
construct models using various classifiers and
evaluated the performance of each model. Our goal is
to find the best model for classifying anti-HIV
peptides.

Table 1 Summary of research findings on machine-learning models used for anti-HIV peptide classification

Model Feature selection Classifier Model’s performance

Poorinmohammad & Mohabatkar, 2015 Multilayer perceptron ACC =84%

ACC=85%

. . SEN=90%

Poorinmohammad et al., 2015 Support vector machine SEP=80 0/:

MCC=70%

Rough-set-based & H Rough-set-based & H:

Mathiyazhagan et al., 2022 ough-set-based & Harmony - Rough-sei-based & Harmony ACC = 80%

search methodology

search methodology
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Figure 1 The model construction process for anti-HIV peptide classification

2. Objectives

The major objective of this research was to
create a model for classifying peptides with anti-HIV
bioactivity by collecting data from the anti-HIV
peptide database. A peptide prediction model was
developed by selecting the appropriate features and
leveraging feature information from the amino acid
sequence. Finally, an approach that enables the
machine to learn efficiently was selected, and the
model was evaluated to determine its performance.
According to this predictive model, scientists will
require a reduced amount of time to develop highly
effective drugs against HIV. Furthermore, we
investigated the impact of changes in data structures
(part of the negative dataset) on model performance
using the biometric distance concept.

3. Materials and Methods
3.1 Dataset Collection and Preparation

In this study, datasets were collected from
several sources. Amino acid sequences were collected
from five online databases: APD3 (Wang et al., 2016),

AVPIden (Pang et al., 2021), DRAVP (Liu et al.,
2023), AVPpred (Thakur et al., 2012), and HIPdb
(Qureshi et al., 2013). There were 6,032 peptides that
were anti-HIV, non-antiviral, and non-antimicrobial.
Furthermore, the dataset was separated into two
classes: anti-HIV peptides and non-anti-HIV peptides.
These data were used in a supervised machine
learning system to categorize peptides that have anti-
HIV activity.

This study identified differences in species
distances in a negative dataset that influenced the
machine learning model. Thus, in the negative data,
two distinct groups of peptides with neither antiviral
nor antibacterial activity were identified. The non-
antiviral dataset was labeled as the main dataset.
Additionally, datasets that do not include non-
antiviral datasets were classified as alternatives. Then,
we employed manual screening and CD-HIT software
to decrease biological and amino acid sequence
redundancy by computing all data (main and alternate
datasets).
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Table 2 Sources of data used in this study and the number of amino acid sequences with both anti-HIV and non-anti-HIV

activity (accessed on Jan 13, 2025)

Source Anti-HIV Non-Anti-HIV URL Citation
AVPpred 241 1,056 http://crdd.osdd.net/servers/avppred/ Thakur et al., 2012
HIPdb 981 179 http://crdd.osdd.net/servers/hipdb/ Qureshi et al., 2013
APD3 105 - https://aps.unmc.edu Wang et al., 2016
AVPIden 867 1,884 https://awi.cuhk.edu.cn/AVPIden/#/ Pang et al., 2021
DRAVP 719 - http://dravp.cpu-bioinfor.org Liu et al., 2023
Total 2,913 3,119

Table 3 The number of extracted features from 12 descriptors

. . s Number of
Descriptor Properties Description features
AAC Amino acids composition 20
_APAAC Chemical Amphiphilic pseudo-amino acid composition 22
CTD Composition, transition, and distribution 147
I —— Structure - - -
DPC Dipeptides composition 400
PAAC Pseudo-amino acid composition 50
AAindex Amino acid index database 531
PCP Biochemical and biophysical properties 21
reAcid Reduced amino acid sequences according to the acidity 32
reCharge Physicochemical = Reduced amino acid sequences according to the charge 50
reDHP Properties Reduced amino acid sequences according to the DHP 32
rePolar Reduced amino acid sequences according to polarity 32
reSecond Reduced amino acid sequences according to the secondary 40

structure

3.2 Selection of the Dataset for Predictive Model
Construction

The main and alternative datasets were
transformed from the amino acid sequences, which
were originally represented by letter symbols, into
numerical data that reflected the chemical structure
and physicochemical properties: therefore, a specific
approach was necessary. This study used 12 categories
of descriptors: Amino Acid Composition (AAC),
DiPeptide =~ Composition (DPC), Composition/
Transition/Distribution (CTD), Pseudo-Amino Acid
Composition (PAAC), Amphiphilic Pseudo-Amino
Acid Composition (APAAC), Amino Acid index
(AAindex), Physicochemical property (PCP),
Reduced Acid (reAcid), Reduced Polar (rePolar),
Reduced Charge (reCharge), Reduced Second
(reSecond), and Reduced DHP (reDHP) (Charoenkwan
et al, 2023). The calculated peptide sequence
descriptors will be used to build a model. Finally, the
model was assessed, and the insights derived from all
models were compared. Next, we selected the dataset
with the greatest performance model (ACC and AUC)
and use it to construct a baseline dataset for future
study in the following phase.

3.3 Features Selection for Model Construction

In this process, an algorithm to identify suitable
characteristics for the data was employed, with the
goal of creating a high-performance model. In the first
step, all features from the candidate descriptors were
incorporated into the baseline dataset, and the most
effective features were selected using the feature
selection algorithms. Three feature selection
techniques consisting of mutual information,
ANOVA, and chi-square testing have been used in
this study. Feature selection was carried out by
keeping the top k ranked features, with k set to 20, 50,
100, 200, and 400, to examine the impact of feature
dimensionality on model performance. These values,
which range from compact to more comprehensive
feature representations, were selected to reflect
gradually rising feature subset sizes. This approach
makes it possible to systematically assess how model
complexity, information retention, and prediction
performance are traded off. The mathematical
formulas of the feature selection algorithms used in
this study are described as follows.

1) Mutual Information
Mutual information measures the statistical
dependency between a feature variable X and the
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class label Y, quantifying how much information one
variable provides about the other. It is defined as:

V) = Py
MI(X;Y) = Ygex Zyey P(XY) log = o ey

where p(x,y)denotes the joint probability distribution
of X and Y, and p(x) and p(y) represent their marginal
probability distributions. Features with higher MI
values are considered more informative for
classification.

2) Analysis of Variance (ANOVA)

ANOVA assesses whether the mean values of
a continuous feature differ significantly among
multiple classes by comparing between-group and
within-group variances. The F-statistic is defined as:

— YR o e XY (K1)
Py Zir;kl (Xjk- X )/ (N-K)

2

where K is the number of classes, nyis the number of
samples in class k, X, is the mean of class k, Xy is the
overall mean, and N is the total number of samples.

3) Chi-square Test

The chi-square test evaluates the degree of
association between discrete feature variables and
class labels by comparing observed and expected
frequencies. The chi-square statistic is calculated as:

(01-Ep?
= 3, O )

where O; and E; are the observed and expected
frequencies, respectively. A larger ¥ value indicates
a stronger dependency between the feature and the
target class.

3.4 Construction of Models using Multiple
Machine Learning Algorithms

Supervised machine learning refers to the
process of obtaining knowledge via the application of
various algorithms. In the first stage, the data were
separated into two sets: 80% for training and 20% for
testing. Subsequently, all features were extracted from
both datasets, and the data was normalized using the
MinMaxScaler method. In the model training process,
a technique known as 10-fold cross-validation was
employed. The peptide classifiers were constructed
using 10 alternative model algorithms, including
Support Vector Machine (SVM), Random Forest
(RF), Extra Tree (ET), K-Nearest Neighbor (KNN),
Logistic Regression (LR), Decision Tree (DT), Naive
Bayes (NB), AdaBoost (AB), XGBoost (XGB), and
Neural Network (NN). Table 4 shows the algorithm
parameters that were adjusted to obtain optimal tuning
performance wusing the grid search method.
Furthermore, testing data is defined as data that the
model had never encountered or been trained on
previously.

3.5 Evaluation of the Models

In this study, to evaluate the models’
performance for predicting the peptide anti-HIV
peptide properties, six evaluation methods were
applied which consist of precision, F1 score (F1), area
under the curve (AUC), Recall, accuracy (ACC), and
Matthews' correlation coefficient (MCC). For this
work, Editplus (version 5.3.0, Korea) was used to
manage the amino acid sequence. The iFeature
package (Chen et al., 2018) was used to extract the
necessary features. Scikit-learn version 1.4.1
(Pedregosa et al., 2011) was compatible with the
system and was used to create Python code for the
Kaggle (Quaranta et al., 2021) online platform.

Table 4 Grid search-tuned hyperparameters for model construction

Algorithm Parameters

SVM {'C"[0.1, 1, 10], 'gamma': [0.1, 1, 10], 'kernel': ['linear', 'tbf']}
RF {'n_estimators': [50, 100, 200], 'max_depth': [None, 5, 10]}
ET {'n_estimators': [50, 100, 200], 'max_depth': [None, 5, 10]}
KNN {'n_neighbors": [1, 3, 5]}

LR {'C":[0.1, 1, 10]}

DT {'max_depth':[None, 5, 10, 20],'min _samples_split':[2, 5, 10]}
NB 0

AB {'n_estimators":[50, 100, 200], 'learning _rate':[0.01, 0.1, 1]}
XGB {'n_estimators': [100, 2007}

NN {'hidden_layer sizes': [(100,), (50,100,50)], 'alpha": [0.0001, 0.001, 0.01],"max_iter":

[50, 100]}
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TP+ TN

ACC= G @)
recall = % 5)
precision = TPTfFP (6)
MCC= om0
F1 score = % ®)

Where, TP = True Positive, TN = True

Negative, FP = False Positive, and FN = False
Negative.

The area under the ROC curve (AUC) was also
used to evaluate the model's performance by plotting
the True Positive Rate (TPR) against the False
Positive Rate and calculating the area under the graph.

4. Results
4.1 Descriptive Analysis

High-quality data are crucial for enhancing the
efficiency of classification modeling, as the model
learns from the data (Charoenkwan et al., 2021). A
thorough literature review conducted at the start of
January 2024 identified the HIPdb database as one
valuable resource for classification models of anti-
HIV peptides. Recently, the researchers used data
from databases such as AVPpred and APD3 (Wang et
al., 2016), which specifically focused on the antiviral
and antibacterial properties. These databases contain
data specifically related to anti-HIV peptides
(Poorinmohammad & Mohabatkar, 2015). This study
used data from various databases, including the anti-

HIV database (HIPdb), the antiviral databases
(AVPpred, AVPIden, and DRAVP), and the
antimicrobial database (APD3). This dataset will
serve as a backup. Similar to data science
applications, these data were applied to create a
machine learning model that classifies peptides
according to their anti-HIV properties. Our goal in this
analysis was to reduce the data in this study by
simplifying and eliminating redundant amino acid
sequences. Table 5 shows the biomolecular
redundancy identified using the CD-HIT program.

A total of 6,032 peptides were initially curated,
followed by the removal of manual duplicates.
Subsequent processing using the CD-HIT program
yielded 5,328 non-redundant peptides, which were
classified as follows: in the main group data, there
were 2,584 positive or anti-HIV peptides that went
through the CD-HIT program with a 100% threshold.
There were also 565 cases of negative data or data
without AVP properties and 2,179 cases of alternative
group-negative data or data without AMP properties.
The table displays the results. At the 90% threshold,
624 anti-HIV peptides remained. The negative data,
which met these criteria for an antiviral peptide
(AVP), had a value of 479. The alternative group-
negative data for an antimicrobial peptide (AMP) is
1,488. The number of anti-HIV data points was 452.
There were 405 negatives. Furthermore, setting the
threshold at 80% resulted in 1,281 negative data. We
conducted a detailed analysis of the amino acid
sequences of peptides from anti-HIV peptides. The
analysis showed that the positive-frequency dataset
had higher average values for V, I, and L, which are
all hydrophobic amino acids, while M had the lowest
frequency, as shown in Figure 2.

Table 5 Amino acid sequence data in the process of data deduplication using the CD-HIT program at various threshold levels,
where non-AVP is non-antiviral and non-AMP is non-antimicrobial

main alternative
Class total anti-HIV non-AVP total anti-HIV non-AMP
Original 3,149 2,584 565 4,763 2,584 2,179
90% 1,103 624 479 2,112 624 1,488
80% 857 452 405 1,733 452 1,281
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Figure 2 Frequency of Amino acid analysis in the dataset, where V=Valine, L=Leucine, [=Isoleucine, E=Glutamic Acid,
S=Serine, T=Threonine, K=Lysine, Q=Glutamine, D=Aspartic Acid, W=Tryptophan, G=Glycine, N=Asparagine,
F=Phenylalanine, A=Alanine, P=Proline, R=Arginine, C=Cysteine, Y =Tyrosine, H=Histidine, M=Methionine

4.2 Evaluating the Predictive Models

The machine learning approach partitioned the
data into two subsets: 80% for training and 20% for
testing. The training dataset was used for constructing
and training predictive models. The testing dataset
was used to evaluate the effectiveness of the models
when they encountered new and unknown data, this
process called independent testing. Each feature was
used to construct a model. Subsequently, the training
data were employed to extract the characteristics of
the peptide. This study involved extracting the
characteristics of 12 descriptors: AAC, DPC, PAAC,
APAAC, CTD, reduced acid, reduced polar, reduced
charge, reduced second, reduced DHP, PCP, and
AAINDEX. In this study, ten machine learning
methods, consisting of SVM, RF, ET, KNN, LR, DT,
NB, AB, XGB, and NN were applied. We then
incorporated the model into the model assessment
process to test it using metrics such as ACC, Recall,
Precision, AUC, MCC, and F1 score. Subsequently,
the remaining 20% of the data underwent testing.

The performance of the baseline model was
examined by comparing its ACC and AUC values on
both the training and independent testing datasets.

Figure 3 displays the performance of the baseline
model created using the main dataset. The AUC value
for the cross validation (CV) dataset was 0.706, while
the independent testing (IN) dataset had a higher value
of 0.735. The CV and IN datasets had the highest
values of ACC values, measuring 0.707 and 0.737,
respectively.

The AUC and ACC values of the CV and IN
datasets for the models constructed from the
alternative datasets with 12 descriptors were analyzed
and presented in Figure 4. The AUC value for the CV
dataset was 0.707, whereas the IN dataset had the
highest AUC value of 0.719. The ACC value reached
its peak at 0.811 and 0.812 for the CV and IN datasets,
respectively. Both the CV and IN groups showed that
the alternative dataset had higher values than the main
dataset. In addition, when examining the features that
impact the modeling of anti-HIV  peptide
classification, it can be observed that AAC, APAAC,
DPC, and PAAC exhibit ACC values of 0.800 or
higher. These descriptors will be used to extract
information from the alternative dataset. This was
used to generate a new dataset, aiming to construct a
more efficient model.
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Figure 3 The ACC and AUC values of the model from the CV and IN datasets when comparing the 12 descriptors using the
main dataset
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Figure 4 The AUC and the ACC values of the model from the CV and IN datasets when comparing the top 12 descriptors
using the alternative dataset
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4.3 Appropriateness of Feature Analysis

In this study, t-SNE diagram analysis was used
to assess the suitability of feature analysis for the anti-
HIV peptide prediction model. Figure 5 shows the
distribution of anti-HIV peptide (blue dots) and non-
anti-HIV peptide data points (red dots). Figures 5(A),
5(B), and 5(C) correspond to features derived from the
main dataset, the alternative dataset, and the 462
selected features from the alternative dataset,
respectively. The anti-HIV peptide data points are
most closely clustered in the alternative dataset with
462 features. This data sample is part of a new dataset
that includes the APAAC, DPC, AAC, and PAAC
descriptors, according to the results presented in
Section 4.2.

For the second step, a new dataset was
generated by using an alternate dataset. This new
dataset included features from four descriptor sets,

A t-SNE Analysis of Main dataset
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including APAAC, DPC, AAC, and PAAC. A total of
462 features were used for creating classification
models. The new dataset was imported into the
system. Various statistical tests and techniques,
including the chi-square test, ANOVA, and mutual
information, were used in the feature selection process
to evaluate and select potentially suitable features for
implementation. In this study, top-feature thresholds
of 20, 50, 100, 200, and 400 were considered, were
considered.

Figure 6 shows a graph illustrating the top 12
ACC values. It is noteworthy that the C400KNN
model had the highest ACC value in the IN dataset
(0.832), while both of M400KNN and F400KNN
models demonstrated impressive ACC values in the
CV dataset (0.827 and 0.829, respectively.
Additionally, models with 400 features showed high
ACC values.

t-SNE Analysis of 400 Features

+  Non-Anti-HIV
Anti-HIV

-40 -20 0 20 40
t-SNE Component 1

Figure 5 The t-SNE visualization of the feature space used for anti-HIV peptide classification, where red and blue points
denote non-anti-HIV and anti-HIV peptides, respectively (random state = 42)
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Figure 6 Performance of the proposed model evaluated by ACC, MCC, and AUC across different feature selection methods
and numbers of selected features (C: chi-square, F: ANOVA, M: mutual information)

Table 6 Performance evaluation of three candidate models for creating models for anti-HIV peptide classification

Model ACC Recall Precision MCC AUC F1

CV IN CV IN CV IN CV IN CV IN CV IN
C400KNN 0.824 0.832 0.514 0.567 0.732 0.729 0.508 0.538 0.724 0.746 0.604 0.638
F400KNN 0.826 0.827 0.517 0.556 0.739 0.714 0.514 0.521 0.726 0.739 0.608 0.625
M400KNN 0.828 0.829 0.503 0.578 0.755 0.712 0.516 0.533 0.723 0.748 0.604 0.638

CV = cross-validation, and IN = independent testing

When evaluating the model's performance
using the Matthews Correlation Coefficient (MCC), it
can be observed that the C400KNN model
outperformed the other 119 models with the highest
values. In Table 6, the values in the CV and IN
datasets are 0.508 and 0.538, respectively. The
M400KNN model ranks second with MCC values of
0.516 (CV) and 0.533 (IN). The F400KNN model is
in third place, with MCC values of 0.514 and 0.521 in
the CV and IN datasets, respectively. The graph
shows the top 12 values obtained from model
evaluation using AUC. The M400KNN, C400KNN,
and F400KNN models have the highest values. The
CV set provides consistent values of 0.722, 0.724, and
0.726 for these models, respectively. Within the IN
set, the wvalues are 0.748, 0.746, and 0.739,
respectively.
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4.4 Selection of Suitable Computational Models
The evaluation of model performance using
ACC, MCC, and AUC values consistently places
C400KNN, M400KNN, and F400KNN models in the
top three. It can be observed that all three models use
the same classifier, KNN, and have the same number
of features, which is 400, with Chi-square (C), mutual
information (M), and ANOVA (F) were used as the
feature selection methods. Table 6 presents the
performance evaluation values for all six categories:
ACC, Recall, Precision, MCC, AUC, and F1 score.
The evaluation results of the C400KNN model are
shown in the table. This model performs best in terms
of accuracy (ACC), precision, Matthews correlation
coefficient (MCC), and F1 score. The M400KNN
model has the highest F1 score, while the other values
are ranked second. The M40OKNN model shows the
highest recall and AUC values. In Figure 7, the
confusion matrix for the C400KNN model presents



NIKOM ET AL.
JCST Vol. 16 No. 3, July-September 2026, Article 191

239 true negatives, 48 true positives, 17 false
positives, and 39 false negatives, indicating that non-
anti-HIV peptides are identified more accurately than
HIV-resistant peptides. Figure 8 presents the SHAP
value analysis, which revealed the significance of the
features in the C400KNN model. Based on the SHAP
analysis, the features AAC19 and PAAC2
demonstrated the highest correlation with the model's

predictive output, indicating a potential association
between these specific descriptors and the
classification direction. While other descriptors
exhibited less influence, the AAC group (specifically
AAC19 and AACY9) appeared to play a more
prominent role in distinguishing anti-HIV peptides
within the analyzed dataset.

Confusion Matrix of C400KNN

True label

FN

1 39

TP
48

Predicted label

Figure 7 Confusion matrix of the C400KNN model for anti-HIV peptide classification
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Figure 8 Positive and negative SHAP values in the C400KNN feature importance indicating a high likelihood of anti-HIV
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Table 7 Accuracy comparison between the C400KNN model and previously reported machine learning models

Model Database Method ACC
Poorinmohammad & Mohabatkar, 2015 HIPdb, AVPpred ML 0.840
Poorinmohammad et al., 2015 HIPdb, AVPpred, APD2 ML 0.850
Mathiyazhagan et al., 2022 HIPdb ML 0.800
C400KNN HIPdb, AVPpred, APD3, AVPIden, DRAVP ML 0.832

5. Discussion

This study demonstrated that the selection of
negative dataset components significantly influences
the performance of anti-HIV peptide prediction
models. Training on a negative dataset composed of
non-antimicrobial peptides yielded higher ACC and
AUC scores across both cross-validation and
independent testing phases. These findings suggest
that a greater divergence between positive and
negative training datasets enhances model learning
efficacy (Pang et al., 2021). Previous analyses of
amino acid composition revealed that anti-HIV
peptides are characterized by high contents of
hydrophobic and non-ionic amino acids, particularly
isoleucine and leucine (Qureshi et al., 2013). The
C400KNN model was initialized as a baseline model
utilizing 12 descriptors. Comparative performance
assessment indicated that only four descriptors
contributed significantly: APAAC, DPC, AAC, and
PAAC. Subsequently, feature selection was
conducted employing Chi-square, ANOVA, and
Mutual Information approaches. A subset comprising
400 features, selected via the Chi-square test, notably
improved the performance of the evaluated models.
Furthermore, the integration of these features with the
K-Nearest Neighbors (KNN) classifier yielded
superior overall performance in terms of ACC, MCC,
Fl-score, and precision (Chicco & Jurman, 2023;
Kumar & Dogra, 2022; Roberts et al, 2017;
Vamathevan et al., 2019; Zhou et al., 2018). The top
features identified by the SHAP analysis are AAC and
PAAC, which represent sequence order and
physicochemical properties, suggesting a
compatibility between the KNN algorithm and these
descriptors. This observation aligns with the
theoretical foundation of KNN, which relies on
proximity-based data similarity. As AAC and PAAC
generate  structured, continuous datasets, the
algorithm can achieve robust performance without
requiring intricate modeling techniques (Zhang et al.,
2024). These results underscore the effectiveness of
descriptor-based feature selection and the strategic
design of negative datasets for the robust
classification of anti-HIV peptides.

A comparative analysis of the C400KNN
model's performance in predicting anti-HIV peptides
against previously validated machine learning models
revealed accuracy (ACC) scores ranging from 0.80
to 0.85. Notably, the C400KNN model achieved
an ACC of 0.83, as detailed in Table 7. However,
the results highlight several limitations attributed
to the size and nature of the dataset employed during
the learning process. Specifically, the study utilized
an imbalanced dataset in which positive instances
were significantly outnumbered by negative ones.
This imbalance may bias the learning process toward
non-anti-HIV peptides rather than anti-HIV peptides,
thereby compromising predictive performance
(Lertampaiporn et al., 2025). While previous studies
suggest that data balancing techniques can enhance
model performance, such modifications risk the loss
of critical information, potentially preventing the
model from learning the full data spectrum (Van den
Goorbergh et al., 2022).

During the training phase, a 10-fold cross-
validation technique was employed to evaluate the
model, a standard procedure in machine learning for
peptide prediction. A further limitation concerns the
disconnect between mathematical and biological
feature interpretation, stemming from the use of
diverse descriptors and high-dimensional features.
Consequently, the model may fail to fully elucidate
the underlying biological mechanisms associated with
amino acids or their properties. To address this, SHAP
analysis was utilized to aid interpretation; however,
this method provides only partial insights. Thus, these
findings should be regarded as supplementary
explanations rather than primary biological
interpretations (Samek et al., 2019). Finally, given the
significant genetic diversity and rapid mutation rates
of HIV, the model's utility may be constrained when
applied to novel strains (Gen & Lin, 2023). Therefore,
further validation using independent datasets that
reflect these viral variations is essential to assess the
model's robustness and applicability in real-world
scenarios (Hemelaar, 2012; Rambaut et al., 2004).
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6. Conclusion

The C400KNN model has been designed for
predicting anti-HIV peptides, which are a significant
component of the drug design process for future AIDS
treatments. This model was developed using machine
learning techniques. The data used in this study were
extracted from amino acid sequence with a significant
gap between positive and negative data points. The
data were then transformed into four descriptors:
APAAC, DPC, AAC, and PAAC, based on chemical
structure and physicochemical properties. A chi-
square test was then performed to select the top 400
features for learning with the KNN algorithm. When
the model was evaluated, the test results revealed a
model accuracy of more than 0.80, which is
comparable to models constructed using descriptor
principles and trained by machine learning methods.
Although the C400KNN model is promising, it has
limitations due to data imbalances and a feature
selection method that has yet to identify features that
reflect biological mechanisms resulting from amino
acids or their inherent qualities influencing the model.
As a result, future research should prioritize
enhancing data collection and selecting data features
that may connect mathematical and biological
principles, representing biological mechanisms
influencing the models. This will improve the model's
performance and help generate future medication
designs for treating AIDS.
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9. Abbreviations

Abbreviations Full Term

CcV Cross-Validation

IN Independent Test

ACC Accuracy

MCC Matthews correlation coefficient

AUC Area under the ROC Curve

F1 F1 score

SVC Support Vector Machine

RF Random Forest

ET Extra Tree

KNN K-Nearest Neighbor

LR Logistic Regression

DT Decision Tree

NB Naive Bayes

AB Adaboost

XGB XGBoost

NN Neural Network

AAC Amino Acid Composition

DPC DiPeptide Composition

CTD Composition/Transition/Distribution

PAAC Pseudo-Amino Acid Composition

APAAC Amphiphilic Pseudo-Amino Acid
Composition

AAindex Amino Acid index

PCP Physicochemical property

reAcid Reduced Acid

rePolar Reduced Polar

reCharge Reduced Charge

reSecond Reduced Second

reDHP Reduced DHP

C400KNN The model uses the KNN classifier
and has the number of features,
which is 400, with Chi-square.

F400KNN The model uses the KNN classifier
and has the number of features,
which is 400, with ANOVA.

M400KNN The model uses the KNN classifier

and has the number of features,
which is 400, with mutual
information.
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