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Abstract  

This study applied a computational approach to derive amino acid sequence features relevant to AIDS treatment. A 

predictive model, GAXGB, was developed to classify anti-HIV peptides based on their amino acid sequence 

characteristics. The model was built using a 2-stage learning procedure. In the first stage, features were extracted from 

amino acid sequences using 12 descriptors, and 120 baseline models were constructed with 10 different classifiers. In the 

second stage, these baseline models generated 120 predictive probability scores, which were used as input features. 

Various feature selection methods, including chi-square, ANOVA, mutual information, and a genetic algorithm, were 

employed to identify the most significant features for the final model. Subsequently, 10 classifiers were trained and 

evaluated. Performance evaluation showed that the GAXGB model, which combines genetic algorithm-based feature 

selection with an XGBoost classifier, achieved superior predictive accuracy. The model reached an accuracy of 90%, 

significantly outperforming other models that achieved approximately 80% accuracy. This approach offers a promising 

tool to accelerate the design and discovery of novel anti-HIV peptides for AIDS treatment. 
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Introduction 

AIDS has been a worldwide epidemic for nearly 

50 years. HIV infection produces this disease, which 

affects the immune system by killing white blood cells. 

Despite ongoing drug development and the introduction 

of drug resistance genes in this virus, drug research 

continues [1]. Furthermore, researchers formed these 

drug groupings to treat the coronavirus, which first 

emerged a few years ago [2]. The advancement of this 

medicine class will considerably help global society. A 

common approach to investigating the development of 

peptides as drugs involves selecting random amino acid 

sequences from different organisms and analyzing them 

in a laboratory for biological activity [3]. This approach 

wastes a significant amount of time and research costs 

[4,5].  Over the last decade, researchers have used 

computational models to predict or classify peptides 

with various biological properties, including 

antimicrobial, antiviral, and anticancer peptides [2,6-

12].        

 Methods based on machine learning are widely 

used in the development of models to predict or classify 

peptides having biological activity. Effective data 

collection is an essential step in creating this type of 

model. Nowadays, most anti-HIV peptide databases are 

part of antimicrobial and antiviral peptide databases, 

such as AVPpred [13], dbAMP 2.0 [14], AVPdb [15], 

SATPdb [16], DRAMP [17] and DBAASP [18] 

Researchers consider the HIPdb [19]  database to be the 

only 1 dedicated to anti-HIV peptides. 
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Poorinmohammad and Mohabatkar [20]; 

Poorinmohammad et al. [21] used the feature stages of 

pseudo-amino acid composition [22] and Chou’s 

pseudo-amino acid composition [23] to develop a 

prediction model for the anti-HIV-1 peptide using 

multilayer perceptron [24] and support vector machine 

(SVM) [25]. In a modeling study, [10] predicted an anti-

HIV peptide utilizing chemical composition, physical-

chemistry properties, and the Random Forest algorithm 

[10]. In 2022, the research are going to apply rough set-

based categorization and feature selection to create a 

model that assesses and predicts peptide anti-HIV 

activity [26]. When comparing models used to predict 

peptides with bioactivities, it is apparent that there are 

only a small number of models that predict or classify 

anti-HIV peptides. Most of these models have 

estimations that do not go over 90% accuracy. The 

remaining models are rather modest in comparison to 

other models. 

 Based on the highlighted points, GAXGB is 

introduced, a machine learning model that learns from 

the anti-HIV peptide positive dataset. The antimicrobial 

prediction model’s negative data sets were used. Reports 

indicate that this will improve the model, resulting in a 

higher model evaluation value [10]. The feature 

extraction was calculated from all the data in the 2 steps. 

The first step is to create a feature baseline consisting of 

12 descriptors representing chemical composition and 

physicochemical properties. The second step is to 

combine the baseline feature values with the predictive 

probability of a model for identifying anti-HIV peptides 

using 10 classifiers, creating a new set of 120 features. 

The chi-square test, ANOVA, multiple information, and 

genetic algorithm were used for selecting appropriate 

features for modeling. Use the features to build a model 

with the 10-fold cross-validation training method. Next, 

test the model with the evaluation values until it 

achieves an accuracy of around 90% in the group of 

independent data sets it can handle. This is the greatest 

point of the constructed model. 

 

Material and method 

Overview framework: The GAXGB model 

Figure 1 represents the progress of the GAXGB 

model development study. It was widely divided into 4 

steps: Data collection, baseline creation, feature 

selection, and model development, as described below: 

The first step was to group together the data used in this 

study into amino acid sequences totaling 1,719 peptides 

collected from an online database. The second step is the 

feature calculation process, extracting features from 12 

descriptors and then valuing the predictive probabilities 

score with 10 classifiers to create 120 NF of new 

features. The third step is determining the appropriate 

features to build a model for classifying anti-HIV 

peptides using 4 methods: Chi square, ANOVA, mutual 

information, and genetic algorithm. And the last step 

involves developing the model by constructing and 

evaluating its performance to achieve the aim of the 

GAXGB model. 
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Figure 1 Workflow for GAXGB model development. The method begins with the collecting of peptide sequence data, 

which is followed by the establishment of a baseline performance using standard descriptive terms. The most informative 

variables are then identified using a genetic algorithm-based feature selection method. Finally, the optimized feature set 

is used to create a model with XGBoost, yielding the complete prediction framework. 

 

 

Data collection and cleaning 

This classification model uses amino acid 

sequence data from a collection of 1,719 peptides from 

5 online database [10,13,19,27,28]. The peptides are 

further divided into positive and negative dataset. Each 

dataset is then split into 80% for training and 20% for 

independent testing. The mentioned data set was 

examined for any duplication across different groups. 

And with in the positive and negative groups, there were 

examined for biomolecular redundancy using the CD-

hit program at a threshold level of 80% [29]. Ultimately, 

this study will construct the model by utilizing a training 

set consisting of 351 positive peptides, 1,025 negative 

peptides, and an independent set containing 87 negative 

peptides and 256 negative peptides. 

 

Feature extracting and computing 

The goal of this stage is to translate amino acid 

sequence data into numerical data that machine learning 

models can compute using chemical structure and 

physicochemical properties. This study employed 12 

descriptors: aac, pcp, aaindex, apaac, ctd, dpc, paac, 

racid, rcharge, rdhp, rpolar, and rsecond, for a total of 

1,338 sub-features, as shown in Table 1. This was based 

on the StackTTCA [30] model for calculating training 

and independent test data. This study is using the 

iFeature package [31], identifying the whole set of data 

as F. This study has used the data to calculate in step 2 

to create new data. Furthermore, in step 2, the data was 

used to create new data. This data is used by each 

descriptor to calculate the predictive probabilities of the 

classifier’s anti-HIV peptide classification model. The 

technique uses 10 different algorithms, including 

Support Vector Machine (svc), Random Forest (rf), 

Extra-Trees (et), K-Nearest Neighbor (knn), Logistic 

Regression (lr), Decision Trees (dt), Naive Bayes (nb), 

AdaBoost (ada), XGBoosting (xgb), and Neural 

Network (nn), to generate a total of 120 new features 

(NF). 
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Table 1 Details about the 12 descriptors, as well as the number of features used in this study. 

Descriptor Description 
Number of 

features 

AAC Frequency of 20 amino acids 20 

AAindex 
Different biochemical and biophysical properties extracted from the AAindex 

database 
531 

APAAC Amphiphilic pseudo-amino acid composition 22 

CTD Composition, transition and distribution 147 

DPC Frequency of 400 dipeptides 400 

PAAC Pseudo amino acid composition 11 

PCP 
Different biochemical and biophysical properties extracted from the AAindex 

database 
21 

rAcid Reduced amino acid sequences according to acidity 32 

rCharge Reduced amino acid sequences according to charge 50 

rDHP Reduced amino acid sequences according to DHP 32 

rPolar Reduced amino acid sequences according to polarity 32 

rSecond Reduced amino acid sequences according to secondary structure 40 

 

 

Feature selection 

Next, the data from the feature value calculation 

were feed into the feature selection technique. In this 

study, 4 methods were used: The chi square method, 

ANOVA, mutual information, and the genetic 

algorithm. These methods will use the F data to 

determine the best features for developing a model that 

accurately classifies anti-HIV peptides. The scikit learn 

package [32] uses the chi square, ANOVA, and mutual 

information approaches, with feature counts set to 12, 

30, 60, and 90, respectively. The DEAP library [33] uses 

the genetic algorithm method in this parameter 

(population = 50, generation = 20, crossover probability 

= 0.5 and mutation probability = 0.2). In each process 

investigated, a model must be developed to simulate the 

learning of all 10 classifier algorithms (svm, rf, et, knn, 

lr, dt, nb, ada, xgb, and nn) using the 10-fold cross-

validation use with training data. An independent testing 

dataset was used to evaluate the performance of the 

generated models. 

Model performance evaluation    

 The model’s performance value indicates its 

abilities in several areas. The developed model in this 

study tested the following performance values: accuracy 

(ACC), recall, precision, and Matthews’ correlation 

coefficient (MCC). The formula can calculate the 

measurements. As follows: 

ACC =   
TP + TN

(TP + TN + FP + FN)
       (1) 

 

recall =
TP

TP + FN
         (2) 

 

precision =  
TP

TP + FP
        (3) 

 

MCC =
TP×TN − FP×FN

√(TP + FP)(TP + FN)(TN + FP)(TN + FN)
      (4) 

 

F1 score =  
TP

TP+
1

2
(FP+FN)

         (5) 

 

The variables TN and TP represent the number of 

negative and positive samples shown to be negative or 

positive, respectively. Meanwhile, FN and FP represent 

the number of positive and negative samples predicted 

to be negative or positive, respectively. In addition, the 

area under the receiver operating characteristic (ROC) 

curve (AUC) was used to evaluate the model’s 

robustness. 
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Results and discussion 

 Results 

Data collection and analysis 

 The GAXGB model is constructed using a dataset 

consisting of 438 peptides that have anti-HIV properties 

and another dataset containing 1,281 peptides that do 

not have anti-HIV properties. In order to eliminate 

redundancy, manual data cleaning was performed and 

used the CD-hit tool with a threshold level set at 0.8. 

Upon analyzing the density features of the amino acids 

in the anti-HIV and non-HIV datasets, it was found that 

both datasets had a specific quantity of valine (V), which 

is a type of amino acid. Figure 2 displays the presence 

of isoleucine (I), glutamic acid (E), lysine (K), 

glutamine (Q), tryptophan (W), glycine (G), and 

cysteine (C) in the denser anti-HIV data set compared to 

the non anti-HIV data set. During the analysis phase, the 

physicochemical characteristics were investigated. 

Upon comparing the amino acid sequences of the anti-

HIV and non-HIV datasets, the anti-HIV dataset 

exhibited more prominent characteristics of being tiny 

and neutral compared to the non-HIV dataset, as 

depicted in Figure 3. 

 

 

Figure 2 Density distribution of amino acid frequencies in anti-HIV peptides versus non-anti-HIV peptides. Each curve 

depicts the normalized occurrence of amino acids in the 2 data sets. Peaks show a higher frequency of certain residues in 

a dataset. For reference, amino acid abbreviations are as follows: V = Valine, L = Leucine, I = Isoleucine, E = Glutamic 

Acid, S = Serine, T = Threonine, K = Lysine, Q = Glutamine, D = Aspartic Acid, W = Trytophan, G = Glycine, N = 

Asparagine, F = Phenylalanine, A = Alanine, P = Proline, R = Arginine, C = Cysteine, Y = Tyrosine, H = Histidine and 

M = Methionine. 
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Figure 3 Comparative distribution of physicochemical features based on amino acid content of anti-HIV peptides and 

non-anti-HIV peptides. The graph depicts discrepancies in amino acid counts that could lead to functional differentiation 

between the 2 datasets. 

 

Development and evaluation of a baseline model

 Following this step, the data to extract features 

using 12 descriptors were utilized, including aac, pcp, 

aaindex, apaac, ctd, dpc, paac, racid, rcharge, rdhp, 

rpolar, and rsecond. Next, a model is constructed using 

10 different algorithms, including svm, rf, et, knn, lr, dt, 

nb, ada, xgb, and nn, resulting in an overall total of 120 

baseline models. Afterwards, the model’s performance 

was evaluated using ACC, recall, precision, MCC, and 

AUC values in both the cross-validation set and the 

independent testing set. These values, together with the 

corresponding parameters, are presented in Tables 2 and 

3. When considering the 120 baseline values shown in 

Figures 4 and 5, which show the ACC values of CV and 

IN sets that are in the top 12, it is found that the dpc_et 

model in CV set has the highest value of 0.824, followed 

by aac_xgb, dpc_rf and aac_et, which have values of 

0.818, 0.812, and 0.810, respectively, are shown in 

Figure 4. Figure 5 displays the evaluation of ACC 

performance for the top 12 baseline models using an IN 

set. It indicates that the aac_xgb model and dpc_rf 

model have the highest ACC value, which is 0.816. 

Following them are the dpc_et model and rcharge_xgb 

model, with ACC values of 0.813 and 0.802, 

respectively. The Matthews’ correlation coefficient is a 

statistic used to assess the performance of classification 

models. This is especially accurate when the data class 

is imbalanced [34]. Figures 6 and 7 represent the 

numerical values of the initial 12 nodes in the baseline 

model. Figure 6 presents an informative summary of the 

CV set. The dpc_et model has the highest value of 0.490, 

followed by the aac_xgb, dpc_rf, and racid_xgb models, 

with values of 0.474, 0.443, and 0.439, respectively. 

Figure 7 shows the Matthews Correlation Coefficient 

(MCC) values for the 12 highest-ranking models in the 

IN set. The aac_xgb model has the greatest value, with 

a value of 0.486. It is followed by dpc_rf, dpc_et, and 

dpc_knn, which have values of 0.459, 0.448, and 0.432, 

respectively. 
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Figure 4 Support Vector Machine (SVM), Random Forest (RF), XGBoost (XGB), Logistic Regression (LR), and other 

baseline machine learning models are ranked in descending order of performance, with bars representing mean ACC 

values across CV folds.  

 

 

Figure 5 Accuracy (ACC) performance estimates for the 12 baseline classification models tested on an independent test 

set (IN). Each bar indicates the average accuracy across cross-validation folds. Models are sorted from highest to lowest 

accuracy to highlight performance disparities. 
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Figure 6 Matthews Correlation Coefficient (MCC) performance estimates for the top 12 baseline machine learning 

models were calculated using 10-fold cross-validation on the training dataset. Each bar shows the average MCC across 

folds. Higher MCC values indicate improved overall classification performance, which balances sensitivity and 

specificity. 

 

 

Figure 7 Matthews Correlation Coefficient (MCC) performance estimates of the top 12 baseline machine learning models 

evaluated on the independent (IN) dataset. Higher MCC values indicate better predictive performance. 
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Table 2 Cross-validation results of 120 baseline models as developed with 10 ML algorithms and 12 feature encoding 

schemes. 

Descriptor Classifier ACC Recall Precision MCC AUC Parameter 

ACC SVM 0.803 0.296 0.813 0.410 0.636 
{‘C’: 1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.807 0.302 0.841 0.427 0.641 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.810 0.296 0.874 0.437 0.641 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.802 0.459 0.663 0.433 0.689 {‘n_neighbors’: 3} 

 LR 0.759 0.168 0.596 0.218 0.565 {‘C’: 0.1} 

 DT 0.775 0.282 0.631 0.309 0.613 
{‘max_depth’: 5, 

‘min_samples_split’: 5} 

 NB 0.730 0.356 0.461 0.234 0.607 {} 

 ADA 0.775 0.419 0.583 0.357 0.658 
{‘learning_rate’: 1, 

‘n_estimators’: 200} 

 XGB 0.818 0.464 0.721 0.474 0.701 {‘n_estimators’: 200} 

 NN 0.786 0.376 0.638 0.369 0.651 

{‘alpha’: 0.0001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

AAindex SVM 0.753 0.034 0.923 0.150 0.517 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.786 0.274 0.706 0.342 0.617 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.783 0.234 0.732 0.326 0.602 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.767 0.293 0.585 0.290 0.611 {‘n_neighbors’: 5} 

 LR 0.758 0.174 0.587 0.217 0.566 {‘C’: 0.1} 

 DT 0.742 0.316 0.491 0.240 0.602 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.647 0.524 0.366 0.193 0.606 {} 

 ADA 0.765 0.185 0.637 0.248 0.575 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.777 0.348 0.610 0.336 0.636 {‘n_estimators’: 200} 

 NN 0.768 0.373 0.570 0.323 0.638 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

APAAC SVM 0.793 0.268 0.770 0.369 0.620 
{‘C’: 1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.790 0.234 0.804 0.356 0.607 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.796 0.248 0.837 0.381 0.616 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 KNN 0.794 0.467 0.631 0.416 0.687 {‘n_neighbors’: 5} 

 LR 0.749 0.177 0.525 0.190 0.561 {‘C’: 0.1} 
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Descriptor Classifier ACC Recall Precision MCC AUC Parameter 

 DT 0.736 0.205 0.462 0.169 0.562 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.736 0.276 0.471 0.208 0.585 {} 

 ADA 0.759 0.339 0.546 0.289 0.621 
{‘learning_rate’: 1, 

‘n_estimators’: 100} 

 XGB 0.783 0.370 0.625 0.358 0.647 {‘n_estimators’: 100} 

 NN 0.788 0.387 0.638 0.376 0.656 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

CTD SVM 0.745 0.000 0.000 0.000 0.500 
{‘C’: 0.1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.773 0.145 0.797 0.275 0.566 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.773 0.140 0.831 0.279 0.565 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.760 0.293 0.557 0.273 0.607 {‘n_neighbors’: 5} 

 LR 0.744 0.299 0.498 0.237 0.598 {‘C’: 0.1} 

 DT 0.701 0.268 0.378 0.132 0.558 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.624 0.564 0.352 0.184 0.604 {} 

 ADA 0.761 0.140 0.645 0.216 0.557 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.773 0.274 0.627 0.302 0.609 {‘n_estimators’: 100} 

 NN 0.756 0.413 0.527 0.312 0.643 

{‘alpha’: 0.01, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

DPC SVM 0.745 0.000 0.000 0.000 0.500 
{‘C’: 0.1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.812 0.348 0.803 0.443 0.659 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.824 0.350 0.898 0.490 0.668 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.793 0.501 0.615 0.423 0.697 {‘n_neighbors’: 5} 

 LR 0.723 0.407 0.453 0.247 0.619 {‘C’: 0.1} 

 DT 0.765 0.276 0.581 0.278 0.604 
{‘max_depth’: 10, 

‘min_samples_split’: 10} 

 NB 0.495 0.798 0.310 0.173 0.594 {} 

 ADA 0.766 0.162 0.671 0.245 0.568 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.800 0.425 0.671 0.419 0.677 {‘n_estimators’: 100} 

 NN 0.772 0.479 0.562 0.371 0.675 

{‘alpha’: 0.0001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 
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Descriptor Classifier ACC Recall Precision MCC AUC Parameter 

PAAC SVM 0.793 0.276 0.758 0.369 0.623 
{‘C’: 1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.776 0.205 0.713 0.296 0.588 
{‘max_depth’: 10, 

‘n_estimators’: 50} 

 ET 0.798 0.256 0.841 0.390 0.620 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.787 0.541 0.590 0.425 0.706 {‘n_neighbors’: 3} 

 LR 0.756 0.197 0.561 0.220 0.572 {‘C’: 1} 

 DT 0.741 0.222 0.481 0.190 0.570 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.738 0.293 0.479 0.221 0.592 {} 

 ADA 0.760 0.165 0.611 0.222 0.565 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.779 0.385 0.605 0.353 0.649 {‘n_estimators’: 200} 

 NN 0.788 0.385 0.640 0.376 0.655 

{‘alpha’: 0.01, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

PCP SVM 0.758 0.091 0.696 0.188 0.539 
{‘C’: 1, ‘gamma’: 1, 

‘kernel’: ‘rbf’} 

 RF 0.763 0.171 0.632 0.235 0.568 
{‘max_depth’: 10, 

‘n_estimators’: 50} 

 ET 0.764 0.179 0.630 0.241 0.572 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 KNN 0.731 0.231 0.448 0.172 0.567 {‘n_neighbors’: 5} 

 LR 0.743 0.000 0.000 -0.022 0.499 {‘C’: 0.1} 

 DT 0.734 0.165 0.443 0.140 0.547 
{‘max_depth’: 5, 

‘min_samples_split’: 2} 

 NB 0.715 0.154 0.362 0.086 0.531 {} 

 ADA 0.746 0.066 0.511 0.108 0.522 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.751 0.342 0.517 0.271 0.616 {‘n_estimators’: 200} 

 NN 0.741 0.026 0.391 0.041 0.506 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

rAcid SVM 0.798 0.325 0.735 0.393 0.642 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.794 0.251 0.807 0.372 0.615 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.797 0.262 0.821 0.387 0.621 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.789 0.456 0.615 0.399 0.679 {‘n_neighbors’: 3} 

 LR 0.762 0.242 0.582 0.259 0.591 {‘C’: 10} 

 DT 0.750 0.242 0.521 0.224 0.583 
{‘max_depth’: 5, 

‘min_samples_split’: 2} 
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Descriptor Classifier ACC Recall Precision MCC AUC Parameter 

 NB 0.722 0.407 0.451 0.246 0.619 {} 

 ADA 0.766 0.179 0.649 0.249 0.573 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.807 0.439 0.691 0.439 0.686 {‘n_estimators’: 200} 

 NN 0.777 0.373 0.601 0.344 0.644 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

rCharge SVM 0.806 0.350 0.759 0.423 0.656 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.791 0.248 0.784 0.359 0.612 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.799 0.276 0.808 0.392 0.627 
{‘max_depth’: None, 

‘n_estimators’: 50} 

 KNN 0.800 0.359 0.716 0.405 0.655 {‘n_neighbors’: 5} 

 LR 0.754 0.222 0.542 0.225 0.579 {‘C’: 1} 

 DT 0.765 0.248 0.592 0.267 0.595 
{‘max_depth’: 5, 

‘min_samples_split’: 5} 

 NB 0.723 0.407 0.453 0.247 0.619 {} 

 ADA 0.763 0.125 0.698 0.223 0.553 
{‘learning_rate’: 0.1, 

‘n_estimators’: 100} 

 XGB 0.805 0.407 0.701 0.427 0.674 {‘n_estimators’: 100} 

 NN 0.757 0.436 0.529 0.324 0.652 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (50, 

100, 50), ‘max_iter’: 50} 

rDHP SVM 0.786 0.191 0.859 0.340 0.590 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.782 0.208 0.768 0.321 0.593 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.791 0.236 0.806 0.359 0.608 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.784 0.305 0.669 0.344 0.627 {‘n_neighbors’: 5} 

 LR 0.759 0.251 0.561 0.251 0.592 {‘C’: 10} 

 DT 0.728 0.231 0.438 0.165 0.565 
{‘max_depth’: 5, 

‘min_samples_split’: 5} 

 NB 0.719 0.413 0.445 0.242 0.618 {} 

 ADA 0.754 0.097 0.607 0.166 0.538 
{‘learning_rate’: 0.1, 

‘n_estimators’: 100} 

 XGB 0.789 0.376 0.650 0.377 0.653 {‘n_estimators’: 100} 

 NN 0.776 0.390 0.593 0.348 0.649 

{‘alpha’: 0.0001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

rPolar SVM 0.761 0.077 0.844 0.208 0.536 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 



Trends Sci. 2026; 23(3): 11717   13 of 32 

Descriptor Classifier ACC Recall Precision MCC AUC Parameter 

 RF 0.784 0.205 0.800 0.331 0.594 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.798 0.256 0.841 0.390 0.620 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.795 0.339 0.704 0.385 0.645 {‘n_neighbors’: 5} 

 LR 0.756 0.214 0.556 0.227 0.578 {‘C’: 0.1} 

 DT 0.741 0.222 0.484 0.192 0.571 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.710 0.399 0.427 0.220 0.608 {} 

 ADA 0.767 0.165 0.682 0.252 0.569 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.797 0.393 0.673 0.401 0.664 {‘n_estimators’: 200} 

 NN 0.770 0.322 0.589 0.308 0.622 

{‘alpha’: 0.01, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

rSecond SVM 0.797 0.305 0.754 0.388 0.635 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.789 0.222 0.813 0.350 0.602 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.790 0.219 0.837 0.357 0.602 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 KNN 0.787 0.345 0.658 0.363 0.642 {‘n_neighbors’: 5} 

 LR 0.757 0.188 0.574 0.221 0.570 {‘C’: 0.1} 

 DT 0.762 0.256 0.577 0.264 0.596 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.735 0.390 0.476 0.260 0.621 {} 

 ADA 0.768 0.179 0.670 0.258 0.575 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.801 0.422 0.676 0.420 0.676 {‘n_estimators’: 200} 

 NN 0.777 0.336 0.615 0.332 0.632 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

 

Table 3 Independent test results of 120 baseline models as developed with 10 ML algorithms and 12 feature encoding 

schemes. 

Descriptor Classifier ACC Recall Precision MCC AUC Parameter 

ACC SVM 0.802 0.322 0.757 0.402 0.643 
{‘C’: 1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.793 0.333 0.690 0.375 0.641 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.787 0.310 0.675 0.352 0.630 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.790 0.471 0.612 0.406 0.685 {‘n_neighbors’: 3} 
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 LR 0.755 0.161 0.560 0.197 0.559 {‘C’: 0.1} 

 DT 0.778 0.276 0.649 0.316 0.613 
{‘max_depth’: 5, 

‘min_samples_split’: 5} 

 NB 0.749 0.391 0.507 0.287 0.631 {} 

 ADA 0.778 0.402 0.593 0.356 0.654 
{‘learning_rate’: 1, 

‘n_estimators’: 200} 

 XGB 0.816 0.540 0.671 0.486 0.725 {‘n_estimators’: 200} 

 NN 0.764 0.356 0.554 0.304 0.629 

{‘alpha’: 0.0001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

AAindex SVM 0.735 0.034 0.300 0.018 0.504 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.761 0.241 0.568 0.251 0.589 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.758 0.207 0.563 0.228 0.576 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.741 0.287 0.481 0.221 0.591 {‘n_neighbors’: 5} 

 LR 0.755 0.161 0.560 0.197 0.559 {‘C’: 0.1} 

 DT 0.735 0.264 0.460 0.196 0.579 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.668 0.575 0.394 0.247 0.637 {} 

 ADA 0.752 0.161 0.538 0.187 0.557 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.781 0.391 0.607 0.359 0.652 {‘n_estimators’: 200} 

 NN 0.781 0.425 0.597 0.370 0.664 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

APAAC SVM 0.778 0.276 0.649 0.316 0.613 
{‘C’: 1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.776 0.253 0.647 0.300 0.603 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.799 0.345 0.714 0.395 0.649 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 KNN 0.810 0.552 0.649 0.476 0.725 {‘n_neighbors’: 5} 

 LR 0.746 0.138 0.500 0.155 0.546 {‘C’: 0.1} 

 DT 0.749 0.172 0.517 0.184 0.559 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.711 0.230 0.385 0.127 0.552 {} 

 ADA 0.770 0.333 0.580 0.310 0.626 
{‘learning_rate’: 1, 

‘n_estimators’: 100} 

 XGB 0.773 0.391 0.576 0.338 0.647 {‘n_estimators’: 100} 

 NN 0.781 0.425 0.597 0.370 0.664 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 
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Descriptor Classifier ACC Recall Precision MCC AUC Parameter 

CTD SVM 0.746 0.000 0.000 0.000 0.500 
{‘C’: 0.1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.758 0.161 0.583 0.208 0.561 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.761 0.161 0.609 0.219 0.563 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.732 0.287 0.455 0.202 0.585 {‘n_neighbors’: 5} 

 LR 0.764 0.322 0.560 0.291 0.618 {‘C’: 0.1} 

 DT 0.694 0.299 0.371 0.137 0.563 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.606 0.575 0.338 0.169 0.596 {} 

 ADA 0.770 0.161 0.700 0.255 0.569 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.764 0.310 0.563 0.286 0.614 {‘n_estimators’: 100} 

 NN 0.743 0.425 0.493 0.291 0.638 

{‘alpha’: 0.01, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

DPC SVM 0.746 0.000 0.000 0.000 0.500 
{‘C’: 0.1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.816 0.402 0.761 0.459 0.680 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.813 0.391 0.756 0.448 0.674 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.787 0.563 0.583 0.432 0.713 {‘n_neighbors’: 5} 

 LR 0.738 0.448 0.481 0.291 0.642 {‘C’: 0.1} 

 DT 0.735 0.276 0.462 0.202 0.583 
{‘max_depth’: 10, 

‘min_samples_split’: 10} 

 NB 0.504 0.851 0.320 0.220 0.619 {} 

 ADA 0.793 0.230 0.833 0.365 0.607 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.787 0.448 0.609 0.392 0.675 {‘n_estimators’: 100} 

 NN 0.767 0.437 0.551 0.343 0.658 

{‘alpha’: 0.0001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

PAAC SVM 0.773 0.264 0.622 0.294 0.605 
{‘C’: 1, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.767 0.218 0.613 0.260 0.586 
{‘max_depth’: 10, 

‘n_estimators’: 50} 

 ET 0.802 0.345 0.732 0.405 0.651 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.776 0.575 0.556 0.414 0.709 {‘n_neighbors’: 3} 

 LR 0.758 0.195 0.567 0.223 0.572 {‘C’: 1} 

 DT 0.735 0.264 0.460 0.196 0.579 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 
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 NB 0.717 0.241 0.404 0.146 0.560 {} 

 ADA 0.755 0.149 0.565 0.192 0.555 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.778 0.437 0.585 0.368 0.666 {‘n_estimators’: 200} 

 NN 0.802 0.460 0.656 0.430 0.689 

{‘alpha’: 0.01, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

PCP SVM 0.752 0.092 0.571 0.151 0.534 
{‘C’: 1, ‘gamma’: 1, 

‘kernel’: ‘rbf’} 

 RF 0.732 0.161 0.424 0.128 0.543 
{‘max_depth’: 10, 

‘n_estimators’: 50} 

 ET 0.735 0.195 0.447 0.157 0.557 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 KNN 0.708 0.218 0.373 0.114 0.547 {‘n_neighbors’: 5} 

 LR 0.746 0.000 0.000 0.000 0.500 {‘C’: 0.1} 

 DT 0.720 0.184 0.390 0.116 0.543 
{‘max_depth’: 5, 

‘min_samples_split’: 2} 

 NB 0.723 0.195 0.405 0.130 0.549 {} 

 ADA 0.735 0.069 0.375 0.062 0.515 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.714 0.310 0.415 0.180 0.581 {‘n_estimators’: 200} 

 NN 0.743 0.103 0.474 0.122 0.532 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

rAcid SVM 0.784 0.379 0.623 0.363 0.651 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.755 0.241 0.538 0.234 0.586 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.781 0.310 0.643 0.334 0.626 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.784 0.494 0.589 0.401 0.689 {‘n_neighbors’: 3} 

 LR 0.790 0.276 0.727 0.355 0.620 {‘C’: 10} 

 DT 0.778 0.299 0.634 0.322 0.620 
{‘max_depth’: 5, 

‘min_samples_split’: 2} 

 NB 0.755 0.494 0.518 0.343 0.669 {} 

 ADA 0.761 0.207 0.581 0.237 0.578 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.773 0.402 0.574 0.342 0.650 {‘n_estimators’: 200} 

 NN 0.784 0.437 0.603 0.381 0.670 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

rCharge SVM 0.784 0.356 0.633 0.356 0.643 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 
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 RF 0.793 0.333 0.690 0.375 0.641 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.776 0.322 0.609 0.321 0.626 
{‘max_depth’: None, 

‘n_estimators’: 50} 

 KNN 0.784 0.368 0.627 0.359 0.647 {‘n_neighbors’: 5} 

 LR 0.764 0.207 0.600 0.246 0.580 {‘C’: 1} 

 DT 0.761 0.230 0.571 0.246 0.586 
{‘max_depth’: 5, 

‘min_samples_split’: 5} 

 NB 0.743 0.448 0.494 0.302 0.646 {} 

 ADA 0.770 0.161 0.700 0.255 0.569 
{‘learning_rate’: 0.1, 

‘n_estimators’: 100} 

 XGB 0.796 0.483 0.627 0.423 0.693 {‘n_estimators’: 100} 

 NN 0.752 0.437 0.514 0.313 0.648 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (50, 

100, 50), ‘max_iter’: 50} 

rDHP SVM 0.784 0.241 0.724 0.329 0.605 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.770 0.241 0.618 0.278 0.595 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.776 0.241 0.656 0.297 0.599 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.776 0.345 0.600 0.329 0.633 {‘n_neighbors’: 5} 

 LR 0.776 0.264 0.639 0.303 0.607 {‘C’: 10} 

 DT 0.778 0.253 0.667 0.310 0.605 
{‘max_depth’: 5, 

‘min_samples_split’: 5} 

 NB 0.720 0.437 0.447 0.255 0.627 {} 

 ADA 0.776 0.149 0.813 0.284 0.569 
{‘learning_rate’: 0.1, 

‘n_estimators’: 100} 

 XGB 0.822 0.494 0.717 0.490 0.714 {‘n_estimators’: 100} 

 NN 0.767 0.437 0.551 0.343 0.658 

{‘alpha’: 0.0001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 100} 

rPolar SVM 0.758 0.126 0.611 0.193 0.550 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.778 0.241 0.677 0.307 0.601 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 ET 0.781 0.276 0.667 0.325 0.614 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 KNN 0.787 0.345 0.652 0.360 0.641 {‘n_neighbors’: 5} 

 LR 0.776 0.241 0.656 0.297 0.599 {‘C’: 0.1} 

 DT 0.767 0.287 0.581 0.285 0.609 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.714 0.529 0.447 0.291 0.653 {} 
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 ADA 0.764 0.195 0.607 0.242 0.576 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.802 0.448 0.661 0.427 0.685 {‘n_estimators’: 200} 

 NN 0.781 0.402 0.603 0.363 0.656 

{‘alpha’: 0.01, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

rSecond SVM 0.776 0.356 0.596 0.333 0.637 
{‘C’: 10, ‘gamma’: 0.1, 

‘kernel’: ‘rbf’} 

 RF 0.778 0.230 0.690 0.305 0.597 
{‘max_depth’: None, 

‘n_estimators’: 200} 

 ET 0.787 0.253 0.733 0.341 0.611 
{‘max_depth’: None, 

‘n_estimators’: 100} 

 KNN 0.778 0.345 0.612 0.336 0.635 {‘n_neighbors’: 5} 

 LR 0.758 0.195 0.567 0.223 0.572 {‘C’: 0.1} 

 DT 0.746 0.241 0.500 0.212 0.580 
{‘max_depth’: 5, 

‘min_samples_split’: 10} 

 NB 0.708 0.391 0.420 0.212 0.604 {} 

 ADA 0.764 0.138 0.667 0.223 0.557 
{‘learning_rate’: 0.1, 

‘n_estimators’: 200} 

 XGB 0.802 0.402 0.686 0.416 0.670 {‘n_estimators’: 200} 

 NN 0.778 0.368 0.604 0.344 0.643 

{‘alpha’: 0.001, 

‘hidden_layer_sizes’: (100,), 

‘max_iter’: 50} 

 

Feature engineering and examination 

This work produced 120 new features (120 F) by 

computing the predictive probabilities of the anti-HIV 

peptide classification model using 12 descriptors (d) and 

10 classifiers (c). Subsequently, these characteristics 

were utilized to provide new data, construct an 

alternative model with 10 classifiers, and evaluate the 

model’s performance, as represented in Table 4. Upon 

analyzing the results of the model performance testing, 

that was discovered the ACC, MCC, AUC, and F1 score 

values were notably high when using LR or logistic 

regression. Specifically, the values achieved in the CV 

dataset were 0.84, 0.52, 0.73, and 0.61, respectively 

(Figure 8). The highest values achieved for the IN 

dataset (Figure 9) were 0.84 for accuracy (ACC), 0.62 

for recall, 0.61 for Matthew’s correlation coefficient 

(MCC), 0.78 for area under the curve (AUC), and 0.70 

for F1 score. The scores demonstrated the efficacy of the 

model constructed using the Naive Bayes technique. 

 

Table 4 Performance evaluation results of the model built from 120 NF with 10 classifiers, with cross-validation set (CV) 

and independent set (IN). 

Classifier 
ACC Recall MCC AUC F1 

CV IN CV IN CV IN CV IN CV IN 

SVC 0.796 0.754 0.515 0.286 0.418 0.351 0.700 0.622 0.548 0.414 

RF 0.821 0.797 0.455 0.381 0.461 0.492 0.696 0.680 0.550 0.533 

ET 0.836 0.797 0.485 0.381 0.508 0.492 0.716 0.680 0.587 0.533 

KNN 0.832 0.783 0.424 0.333 0.488 0.449 0.693 0.656 0.549 0.483 
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Classifier 
ACC Recall MCC AUC F1 

CV IN CV IN CV IN CV IN CV IN 

LR 0.836 0.826 0.530 0.429 0.517 0.586 0.731 0.714 0.609 0.600 

DT 0.781 0.826 0.455 0.524 0.365 0.567 0.670 0.741 0.500 0.647 

NB 0.774 0.841 0.591 0.619 0.407 0.607 0.711 0.778 0.557 0.703 

ADA 0.807 0.797 0.394 0.381 0.406 0.492 0.666 0.680 0.495 0.533 

XGB 0.810 0.797 0.470 0.429 0.436 0.486 0.694 0.693 0.544 0.563 

NN 0.818 0.812 0.515 0.381 0.467 0.548 0.714 0.690 0.576 0.552 

 

 

 

Figure 8 Heatmap showing the cross-validation performance of 10 machine learning classifiers (SVM, RF, ET, KNN, 

LR, DT, NB, ADA, XGB, and NN) using 120 selected features (120 F). Color intensity represents classification accuracy, 

with darker shades indicating higher performance. This visualization highlights which classifiers achieve the best 

predictive power under the given feature set. 
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Figure 9 The heatmap depicts the predictive performance of 10 machine learning classifiers (columns) across 120 features 

(rows) from the IN dataset. Color intensity denotes balanced accuracy, with darker tones signifying better performance. 

This graph shows which classifiers perform best for feature subsets. 

 

 

The procedure includes selecting features that 

improve efficiency and assessing the model 

performance 

This study utilized 4 feature selection methods: 

Chi square, ANOVA, mutual information, and genetic 

algorithm. Next, the features selected are utilized to 

generate a model, and the performance evaluation 

results of the model are then compared. As indicated in 

Tables 5 and 6. The performance evaluation results of 

the models developed through the feature selection 

process are presented in Table 5. The models were 

evaluated using 3 different methods: chi square, 

ANOVA, and mutual information. The evaluation was 

done with varying numbers of features (k), including 12, 

30, 60, and 90 features. Table 6 presents the 

performance evaluation results of the models created 

using the feature selection process in the genetic 

algorithm (GA) with various methods. The effectiveness 

of 4 models: Chi2_12k_nn, anova_30k_lr, m_12k_nb, 

and GAXGB were assessed. The chi2_12k_nn model 

employs the chi square method with 12 features and a 

neural network classifier. The anova_30k_lr model 

utilizes the ANOVA method with 30 features and 

logistic regression. The m_12k_nb model applies a 

mutual information method with 12 features and naive 

bayes. Lastly, the GAXGB model employs a genetic 

algorithm to create a model with an XGBoost classifier 

that can summarize the set cross-validation. The graph 

in Figure 10 shows that the model developed using the 

ANOVA method had the greatest values for ACC, 

MCC, and F1-score, which were 0.843, 0.545, and 

0.639, respectively. The model that employed mutual 

information, chi-square, and genetic algorithms 

achieved the second rank. In addition, the independent 

testing set demonstrates that the feature-selective 

technique, which utilizes a genetic algorithm, produces 

results for assessing model performance based on ACC, 

MCC, and F1-score, with respective values of 0.913, 

0.797, and 0.833. 
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Table 5 presenting the performance evaluation results of the models developed through the feature selection process in 

all 3 kinds: Chi square, ANOVA, and mutual information with varying numbers of features (k). 

Method k Classifier 
ACC MCC F1 

CV IN CV IN CV IN 

Chi square 

12 

SVC 0.821 0.797 0.464 0.486 0.559 0.563 

RF 0.825 0.826 0.489 0.586 0.593 0.600 

ET 0.836 0.797 0.511 0.492 0.595 0.533 

KNN 0.810 0.797 0.424 0.492 0.519 0.533 

LR 0.832 0.855 0.498 0.658 0.582 0.688 

DT 0.774 0.754 0.349 0.361 0.492 0.485 

NB 0.814 0.841 0.499 0.606 0.622 0.686 

ADA 0.803 0.768 0.380 0.404 0.449 0.429 

XGB 0.752 0.812 0.286 0.548 0.443 0.552 

NN 0.814 0.870 0.450 0.684 0.557 0.743 

30 

SVC 0.836 0.797 0.513 0.486 0.602 0.563 

RF 0.839 0.812 0.523 0.533 0.607 0.581 

ET 0.839 0.826 0.521 0.572 0.600 0.625 

KNN 0.825 0.783 0.471 0.449 0.556 0.483 

LR 0.818 0.841 0.459 0.611 0.561 0.667 

DT 0.788 0.812 0.380 0.527 0.508 0.606 

NB 0.796 0.826 0.453 0.568 0.588 0.667 

ADA 0.847 0.768 0.546 0.398 0.625 0.467 

XGB 0.836 0.783 0.517 0.467 0.609 0.444 

NN 0.821 0.812 0.472 0.528 0.574 0.629 

60 

SVC 0.821 0.812 0.489 0.527 0.602 0.606 

RF 0.821 0.826 0.464 0.586 0.559 0.600 

ET 0.847 0.812 0.544 0.533 0.618 0.581 

KNN 0.832 0.739 0.492 0.314 0.566 0.437 

LR 0.810 0.841 0.428 0.611 0.527 0.667 

DT 0.796 0.826 0.418 0.567 0.548 0.647 

NB 0.781 0.826 0.420 0.572 0.565 0.684 

ADA 0.839 0.783 0.518 0.449 0.593 0.483 

XGB 0.828 0.783 0.491 0.449 0.584 0.483 

NN 0.810 0.812 0.441 0.533 0.552 0.581 

90 

SVC 0.843 0.797 0.534 0.492 0.613 0.533 

RF 0.832 0.826 0.501 0.586 0.589 0.600 

ET 0.832 0.826 0.492 0.572 0.566 0.625 

KNN 0.832 0.768 0.501 0.400 0.589 0.500 

LR 0.814 0.812 0.446 0.548 0.549 0.552 

DT 0.796 0.826 0.407 0.567 0.533 0.647 

NB 0.774 0.826 0.407 0.572 0.557 0.684 

ADA 0.828 0.783 0.491 0.449 0.584 0.483 

XGB 0.821 0.797 0.476 0.492 0.581 0.533 

NN 0.818 0.841 0.463 0.622 0.569 0.645 

ANOVA 12 
SVC 0.839 0.841 0.529 0.611 0.621 0.667 

RF 0.839 0.826 0.526 0.572 0.614 0.625 
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Method k Classifier 
ACC MCC F1 

CV IN CV IN CV IN 

ET 0.850 0.826 0.555 0.572 0.624 0.625 

KNN 0.839 0.783 0.536 0.444 0.633 0.545 

LR 0.836 0.841 0.508 0.622 0.587 0.645 

DT 0.807 0.797 0.428 0.486 0.539 0.563 

NB 0.821 0.826 0.514 0.567 0.632 0.647 

ADA 0.839 0.812 0.529 0.533 0.621 0.581 

XGB 0.810 0.812 0.436 0.527 0.544 0.606 

NN 0.825 0.826 0.489 0.586 0.593 0.600 

30 

SVC 0.861 0.797 0.590 0.492 0.655 0.533 

RF 0.828 0.826 0.487 0.572 0.577 0.625 

ET 0.836 0.812 0.513 0.533 0.602 0.581 

KNN 0.836 0.768 0.508 0.404 0.587 0.429 

LR 0.843 0.855 0.545 0.658 0.639 0.688 

DT 0.781 0.826 0.359 0.567 0.492 0.647 

NB 0.788 0.841 0.439 0.607 0.580 0.703 

ADA 0.850 0.783 0.561 0.443 0.643 0.516 

XGB 0.839 0.812 0.533 0.548 0.627 0.552 

NN 0.832 0.812 0.507 0.548 0.603 0.552 

60 

SVC 0.825 0.797 0.461 0.508 0.520 0.500 

RF 0.832 0.797 0.498 0.492 0.582 0.533 

ET 0.843 0.812 0.529 0.548 0.598 0.552 

KNN 0.843 0.783 0.529 0.449 0.598 0.483 

LR 0.825 0.826 0.478 0.572 0.571 0.625 

DT 0.770 0.812 0.329 0.527 0.471 0.606 

NB 0.788 0.826 0.433 0.572 0.574 0.684 

ADA 0.828 0.783 0.491 0.449 0.584 0.483 

XGB 0.825 0.797 0.481 0.492 0.579 0.533 

NN 0.825 0.812 0.474 0.533 0.564 0.581 

90 

SVC 0.839 0.841 0.521 0.622 0.600 0.645 

RF 0.843 0.826 0.529 0.586 0.598 0.600 

ET 0.843 0.812 0.531 0.533 0.606 0.581 

KNN 0.843 0.783 0.534 0.449 0.613 0.483 

LR 0.836 0.826 0.517 0.586 0.609 0.600 

DT 0.785 0.826 0.367 0.567 0.496 0.647 

NB 0.763 0.826 0.382 0.572 0.539 0.684 

ADA 0.821 0.783 0.464 0.449 0.559 0.483 

XGB 0.821 0.797 0.472 0.492 0.574 0.533 

NN 0.832 0.826 0.501 0.586 0.589 0.600 

Mutual 

Information 
12 

SVC 0.850 0.812 0.552 0.548 0.610 0.552 

RF 0.858 0.797 0.578 0.486 0.642 0.563 

ET 0.854 0.826 0.571 0.572 0.649 0.625 

KNN 0.843 0.826 0.539 0.567 0.626 0.647 

LR 0.854 0.841 0.567 0.622 0.636 0.645 

DT 0.799 0.797 0.432 0.486 0.560 0.563 
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Method k Classifier 
ACC MCC F1 

CV IN CV IN CV IN 

NB 0.818 0.855 0.506 0.645 0.627 0.737 

ADA 0.843 0.812 0.534 0.548 0.613 0.552 

XGB 0.818 0.797 0.472 0.492 0.583 0.533 

NN 0.854 0.826 0.576 0.572 0.661 0.625 

30 

SVC 0.847 0.783 0.542 0.449 0.611 0.483 

RF 0.836 0.797 0.513 0.486 0.602 0.563 

ET 0.854 0.812 0.569 0.533 0.643 0.581 

KNN 0.818 0.783 0.451 0.443 0.545 0.516 

LR 0.843 0.812 0.531 0.548 0.606 0.552 

DT 0.781 0.826 0.371 0.572 0.508 0.625 

NB 0.799 0.826 0.471 0.572 0.604 0.684 

ADA 0.821 0.797 0.494 0.487 0.608 0.588 

XGB 0.818 0.797 0.463 0.492 0.569 0.533 

NN 0.847 0.812 0.551 0.548 0.638 0.552 

60 

SVC 0.847 0.841 0.551 0.611 0.638 0.667 

RF 0.836 0.826 0.500 0.586 0.554 0.600 

ET 0.847 0.826 0.542 0.572 0.611 0.625 

KNN 0.847 0.826 0.542 0.572 0.611 0.625 

LR 0.843 0.812 0.534 0.533 0.613 0.581 

DT 0.788 0.812 0.386 0.527 0.517 0.606 

NB 0.777 0.826 0.413 0.568 0.561 0.667 

ADA 0.814 0.768 0.441 0.404 0.541 0.429 

XGB 0.828 0.797 0.494 0.492 0.591 0.533 

NN 0.861 0.797 0.592 0.492 0.661 0.533 

90 

SVC 0.847 0.812 0.539 0.548 0.580 0.552 

RF 0.814 0.826 0.437 0.586 0.532 0.600 

ET 0.854 0.841 0.565 0.622 0.623 0.645 

KNN 0.847 0.812 0.539 0.533 0.596 0.581 

LR 0.839 0.826 0.521 0.586 0.600 0.600 

DT 0.781 0.797 0.395 0.486 0.538 0.563 

NB 0.781 0.826 0.420 0.572 0.565 0.684 

ADA 0.818 0.797 0.455 0.492 0.554 0.533 

XGB 0.799 0.826 0.416 0.586 0.538 0.600 

NN 0.836 0.841 0.513 0.622 0.602 0.645 

 

Table 6 Displaying the performance evaluation results of the models created using the feature selection process in genetic 

algorithm (GA) with different methods. 

GA method Classifier 
ACC MCC F1 score 

CV IN CV IN CV IN 

Support Vector 

Machine (svc) 

SVC 0.843 0.826 0.531 0.586 0.606 0.600 

RF 0.850 0.797 0.552 0.508 0.610 0.500 

ET 0.850 0.855 0.552 0.658 0.602 0.688 

KNN 0.832 0.841 0.490 0.622 0.558 0.645 
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GA method Classifier 
ACC MCC F1 score 

CV IN CV IN CV IN 

LR 0.839 0.870 0.521 0.694 0.600 0.727 

DT 0.785 0.797 0.384 0.492 0.520 0.533 

NB 0.755 0.855 0.362 0.650 0.525 0.750 

ADA 0.810 0.797 0.424 0.492 0.519 0.533 

XGB 0.821 0.812 0.472 0.548 0.574 0.552 

NN 0.810 0.841 0.432 0.607 0.536 0.703 

AdaBoost 

(ada) 

SVC 0.847 0.826 0.546 0.586 0.625 0.600 

RF 0.825 0.812 0.474 0.548 0.564 0.552 

ET 0.828 0.826 0.475 0.586 0.535 0.600 

KNN 0.814 0.826 0.446 0.586 0.549 0.600 

LR 0.832 0.812 0.498 0.533 0.582 0.581 

DT 0.803 0.797 0.419 0.492 0.534 0.533 

NB 0.766 0.826 0.388 0.572 0.543 0.684 

ADA 0.832 0.870 0.498 0.694 0.582 0.727 

XGB 0.796 0.855 0.402 0.658 0.525 0.688 

NN 0.807 0.797 0.432 0.492 0.547 0.533 

Decision Trees 

(dt) 

SVC 0.825 0.768 0.471 0.398 0.556 0.467 

RF 0.799 0.812 0.381 0.548 0.476 0.552 

ET 0.807 0.812 0.395 0.548 0.465 0.552 

KNN 0.828 0.783 0.473 0.444 0.525 0.545 

LR 0.818 0.841 0.441 0.611 0.519 0.667 

DT 0.766 0.870 0.335 0.694 0.484 0.727 

NB 0.752 0.855 0.356 0.645 0.521 0.737 

ADA 0.781 0.812 0.311 0.548 0.412 0.552 

XGB 0.785 0.797 0.372 0.486 0.504 0.563 

NN 0.836 0.841 0.517 0.606 0.609 0.686 

Extra-Trees 

(et) 

SVC 0.843 0.783 0.534 0.444 0.613 0.545 

RF 0.836 0.841 0.511 0.622 0.595 0.645 

ET 0.821 0.826 0.447 0.586 0.505 0.600 

KNN 0.814 0.855 0.430 0.658 0.514 0.688 

LR 0.843 0.841 0.531 0.611 0.606 0.667 

DT 0.766 0.797 0.335 0.492 0.484 0.533 

NB 0.777 0.841 0.420 0.611 0.567 0.718 

ADA 0.810 0.841 0.428 0.622 0.527 0.645 

XGB 0.810 0.754 0.446 0.354 0.559 0.452 

NN 0.818 0.812 0.467 0.527 0.576 0.606 

K-Nearest 

Neighbor (knn)  

SVC 0.843 0.826 0.529 0.586 0.598 0.600 

RF 0.828 0.797 0.484 0.492 0.569 0.533 

ET 0.850 0.812 0.552 0.533 0.610 0.581 
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GA method Classifier 
ACC MCC F1 score 

CV IN CV IN CV IN 

KNN 0.818 0.899 0.438 0.763 0.510 0.800 

LR 0.843 0.826 0.534 0.586 0.613 0.600 

DT 0.839 0.783 0.529 0.443 0.621 0.516 

NB 0.774 0.812 0.407 0.532 0.557 0.649 

ADA 0.810 0.826 0.450 0.567 0.567 0.647 

XGB 0.810 0.812 0.432 0.533 0.536 0.581 

NN 0.810 0.855 0.450 0.658 0.567 0.688 

Logistic 

Regression (lr) 

SVC 0.799 0.884 0.410 0.728 0.530 0.765 

RF 0.810 0.812 0.436 0.548 0.544 0.552 

ET 0.814 0.841 0.437 0.622 0.532 0.645 

KNN 0.803 0.754 0.400 0.351 0.500 0.414 

LR 0.825 0.899 0.478 0.763 0.571 0.800 

DT 0.777 0.783 0.363 0.443 0.504 0.516 

NB 0.763 0.826 0.375 0.572 0.532 0.684 

ADA 0.810 0.826 0.450 0.567 0.567 0.647 

XGB 0.796 0.812 0.413 0.548 0.541 0.552 

NN 0.792 0.797 0.394 0.492 0.521 0.533 

Naive Bayes 

(nb) 

SVC 0.828 0.826 0.487 0.572 0.577 0.625 

RF 0.825 0.783 0.468 0.449 0.547 0.483 

ET 0.828 0.812 0.479 0.548 0.552 0.552 

KNN 0.828 0.797 0.477 0.508 0.544 0.500 

LR 0.828 0.826 0.487 0.586 0.577 0.600 

DT 0.752 0.754 0.356 0.383 0.521 0.541 

NB 0.759 0.870 0.375 0.683 0.535 0.769 

ADA 0.818 0.783 0.435 0.449 0.500 0.483 

XGB 0.814 0.768 0.446 0.406 0.549 0.529 

NN 0.821 0.841 0.480 0.622 0.588 0.645 

Neural 

Network (nn) 

SVC 0.847 0.855 0.544 0.658 0.618 0.688 

RF 0.814 0.812 0.434 0.533 0.523 0.581 

ET 0.850 0.812 0.552 0.533 0.610 0.581 

KNN 0.818 0.768 0.455 0.406 0.554 0.529 

LR 0.839 0.870 0.518 0.694 0.593 0.727 

DT 0.777 0.754 0.388 0.396 0.534 0.564 

NB 0.763 0.826 0.382 0.572 0.539 0.684 

ADA 0.825 0.783 0.489 0.467 0.593 0.444 

XGB 0.807 0.812 0.437 0.533 0.555 0.581 

NN 0.832 0.841 0.515 0.606 0.617 0.686 

Random Forest 

(rf) 

SVC 0.843 0.826 0.531 0.586 0.606 0.600 

RF 0.825 0.841 0.474 0.622 0.564 0.645 
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GA method Classifier 
ACC MCC F1 score 

CV IN CV IN CV IN 

ET 0.818 0.797 0.444 0.508 0.528 0.500 

KNN 0.818 0.826 0.441 0.586 0.519 0.600 

LR 0.832 0.855 0.501 0.658 0.589 0.688 

DT 0.763 0.754 0.341 0.354 0.496 0.452 

NB 0.770 0.855 0.401 0.645 0.553 0.737 

ADA 0.814 0.812 0.430 0.548 0.514 0.552 

XGB 0.807 0.797 0.432 0.492 0.547 0.533 

NN 0.828 0.855 0.498 0.658 0.598 0.688 

XGBoosting 

(xgb)  

SVC 0.828 0.797 0.481 0.486 0.561 0.563 

RF 0.814 0.797 0.446 0.492 0.549 0.533 

ET 0.825 0.826 0.468 0.586 0.547 0.600 

KNN 0.825 0.812 0.465 0.548 0.538 0.552 

LR 0.836 0.841 0.505 0.611 0.579 0.667 

DT 0.777 0.812 0.363 0.548 0.504 0.552 

NB 0.755 0.826 0.362 0.572 0.525 0.684 

ADA 0.818 0.797 0.444 0.492 0.528 0.533 

XGB 0.774 0.913 0.343 0.797 0.483 0.833 

NN 0.814 0.826 0.454 0.586 0.564 0.600 

 

 

 

Figure 10 Model performance was compared using 4 feature selection methods - Chi-square, ANOVA, Mutual 

Information, and Genetic Algorithm - on a cross-validation dataset. Genetic Algorithm-selected models earned the highest 

prediction accuracy and F1-score, demonstrating their usefulness in feature optimization for this dataset. 
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Figure 11 Comparison of predictive performance for the top models selected using 4 feature selection methods: Chi-

square, ANOVA, mutual information, and genetic algorithms. Models were evaluated on an independent test set, showing 

accuracy, F1-score, and area under the ROC curve (AUC) to highlight differences in model effectiveness. 

 

 

The model elements thoroughly and the 

significance of all features analyzed 

Following this step, the impact of features are 

examined, which are the predictive probability values 

derived from a model constructed using 12 descriptors 

and 10 classifiers. Then utilize the genetic algorithm of 

the GAXGB model to choose the most suitable features. 

The SHAP value analytical findings are shown in 

Figure 12. There will be a total of 10 ranks. The initial 

significant characteristics include dpc_XGB, 

rcharge_XGB, apaac_ET, rcharge_RF, dpc_LR, 

paac_ET, paac_KNN, paac_SVM, rcharge_ET, and 

rsecond_XGB. Most of the red dots represent high-value 

attributes in the right pane. It demonstrates the impact 

on the model’s forecast.  
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Figure 12 Feature importance analysis using SHAP values for the GAXGB model. The top 5 features, including AAC1 

and DPC3, have the strongest influence on model predictions, indicating key sequence patterns associated with anti-HIV 

activity. 

 

Discussion 

Dataset and baseline model examination 

A machine learning model to classify anti-HIV 

peptides are developed. A key factor in the method of 

learning is the level of quality of the data utilized. The 

GAXGB model was modified using research data from 

Jaru and the collaboration, which was collected from 

public databases. Subsequently, manual and CD-hit 

programs re applied to reduce data duplication, 

achieving an 80% threshold level. The cd-hit software is 

commonly used in bioinformatics research to generate 

non-redundant datasets. This is achieved by clustering 

sequences based on a specified identity threshold, such 

as 80% or 90%, to remove duplicate sequences. This 

step is essential for analyzing large-scale datasets [35]. 

The amino acid density analysis indicates that the 

anti-HIV peptide dataset contains significant amounts of 

amino acid sequences. The main amino acids include 

isoleucine (I), glutamic acid (E), lysine (K), glutamine 

(Q), tryptophan (W), glycine (G), and cysteine (C). [19]. 

In addition, examining the characteristics of the positive 

data set presents physicochemical components that are 

defined by small molecular sizes and short side chains. 

This leads to high flexibility and is commonly observed 

in regions of proteins with high rotation. Neutral 

qualities refer to features that do not generate either 

positive or negative electrical charges in an environment 
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with a neutral pH level, which is roughly pH 7. These 

amino acids do not directly induce chemical reactions 

associated with acidity or alkalinity [36,37]. The 

following step is to generate a baseline model by 

extracting data using 12 descriptors. Each descriptor’s 

data is then utilized to construct a model with 10 

classifiers, resulting in a cumulative count of 120 

baseline models. During analysis of these models, it is 

apparent that the descriptors employed were developed 

a model to assess efficiency and found that AAC and 

DPC demonstrated elevated levels of ACC and MCC 

[38,39]. AAC stands for Amino Acid Composition, 

which calculates the amount of each of the 20 amino 

acids in a protein/peptide sequence, while DPC, or 

Dipeptide Composition, calculates the frequency of 

consecutive amino acid (dipeptide) pairings in a protein 

sequence. 
 

Data engineering, feature selection and 

candidate model performance 
Whenever the 120 baseline, models have been 

established, use this data to generate new data by 

computing the predictive probability based on the 

baseline model. The process of data engineering will 

generate new features based on the 120 baseline models. 

Next, apply the newly gathered data to build the model. 

The model was constructed using 10 classifiers and 

subsequently evaluated for its performance using an 

independent dataset. The Naive Bayes model achieved 

the highest rating score. Engineering data is using 

predictive probability values to construct models for 

classifying peptides based on their varied properties [40-

42]. The building of the GAXGB model includes both 

data engineering and applying of 4 feature selection 

methods: Chi square, ANOVA, mutual information, and 

genetic algorithm. The genetic algorithm method 

generates the greatest assessment values for ACC, 

MCC, and F1-score in the independent testing set, 

showing higher efficiency. The use of the Chi-Square 

test and reduced redundancy for selecting features in 

machine learning models [43]. This method is used 

frequently to determine the correlation between 

categorical variables and their target labels. It has the 

advantage of simplifying data complexity while 

preserving significant features [43,44]. Similarly, in 

situations of datasets with a significant number of 

dimensions, ANOVA (Analysis of Variance) and 

Mutual Information methods are commonly used for 

selecting features. These techniques evaluate the 

significance and duplication of features, which is 

important in determining the most influential variables 

for a classification problem [43]. Genetic Algorithms 

(GA) use operations such as selection, crossover, and 

mutation to progressively enhance the quality of 

solutions. This leads to improved efficiency in measures 

like ACC (accuracy), MCC (Matthews correlation 

coefficient), and F1-score during model assessments 

[45,46]. Furthermore, the ability of GA to maintain a 

dynamic equilibrium between exploration (seeking new 

areas in the solution space) and exploitation (improving 

current solutions) is what enables them to generate 

improved assessment values [47]. While genetic 

algorithms (GA) are an effective technique for feature 

selection and model improvement, they have some 

drawbacks, including runtime, which varies based on 

population size, number of generations, and the 

complexity of fitness evaluation. In practice, using GA 

may necessitate sufficient hardware resources (e.g., 

multi-core CPUs or GPUs) and careful parameter 

optimization to ensure scalability when applied to huge 

datasets. (No. 1) 

 

Conclusions 

 In the context of AIDS drug design, the GAXGB 

model was developed specifically for the classification 

of anti-HIV peptides. The global HIV/AIDS pandemic 

has persisted for approximately 5 decades. This model 

employs supervised machine learning techniques and 

utilizes data from an online database. It extracts features 

from 12 different descriptors and applies data 

processing methods to convert them into predictive 

probability values. The selected features are then refined 

through a genetic algorithm, and the model is trained 

using the XGBoost algorithm. Performance evaluation 

showed that the model achieves an accuracy (ACC) 

greater than 90%, a robust Matthews correlation 

coefficient (MCC), and an F1-score of approximately 

80%. The developers anticipate that this model will be 

valuable for researchers seeking to advance studies in 

this area. 
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Code and data accessibility 

Codes for GAXGB and all data generated are 

available on Github at https://github.com/Monster-

Jaru/GAXGB (The publication will occur only after the 

printing process is completed.) 
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