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Abstract:

The early and accurate prediction of HIV/AIDS infection is critical to improving clinical decision-making and ensuring
effective patient management. This study presents a comprehensive machine learning-based approach to predict HIV/AIDS
infection status and evaluate the effectiveness of antiretroviral treatments using a well-documented clinical dataset from
1996, comprising 2,139 patient records and 34 features. Through rigorous preprocessing, exploratory data analysis, and
feature engineering, several new clinically relevant attributes were constructed, such as CD4/CD8 ratios and immunological
change metrics. Four machine learning models Logistic Regression, Support Vector Machine, Random Forest, and Gradient
Boosting were trained and evaluated. Among these, the Gradient Boosting classifier achieved the highest ROC-AUC score
of 0.9335, while Random Forest provided strong predictive performance with a ROC-AUC of 0.9180 and was selected for
further evaluation due to its model transparency. Key features influencing infection prediction included CD4+ and CD8+
dynamics, baseline immunological levels, and treatment history. Additionally, the study examined treatment effectiveness
by analyzing CD4+ cell count responses across different therapy types. The combination of ZDV and ddl emerged as the
most effective regimen, improving immune outcomes and lowering infection rates, while ZDV monotherapy showed the
least favorable results. This work underscores the potential of machine learning as a clinical decision support tool in
HIV/AIDS care and provides data-driven insights into treatment optimization. Future studies should incorporate
longitudinal patient data and real-world clinical environments for broader applicability.
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Dataset link: https://www.kaggle.com/datasets/aadarshvelu/aids-virus-infection-prediction

1. Introduction

Human Immunodeficiency Virus (HIV) and Acquired Immunodeficiency Syndrome (AIDS) remain among the
most challenging global public health threats, particularly in low- and middle-income countries. Despite the
advancement in antiretroviral therapy (ART), HIV/AIDS continues to affect millions, with substantial morbidity and
mortality worldwide. Early identification of infection status and timely evaluation of treatment efficacy are pivotal in
controlling disease progression and achieving the global 95-95-95 targets set by UNAIDS [1].

Recent years have witnessed a growing interest in applying machine learning (ML) to predict HIV infection,
treatment continuity, drug resistance, and clinical outcomes. However, research gaps persist, particularly in leveraging

classical clinical datasets to simultaneously predict infection status and assess treatment responses, especially in
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retrospective cohorts. Much of the existing literature focuses narrowly on one aspect either treatment adherence,
survival modeling, or genetic resistance but lacks an integrated clinical-predictive framework using widely available
features such as CD4/CD8 counts and treatment history [2].

Contemporary state-of-the-art models have used deep learning to predict HIV strain resistance [3], ensemble
models for predicting treatment interruption [4], and random forests for outcome estimation in survival analysis [5].
Meta-analyses confirm that ML models especially Random Forest and XGBoost outperform traditional statistical
approaches in predictive accuracy [6], yet real-world clinical implementation remains limited due to issues of

interpretability and data standardization [7].

This study aims to fill these gaps by applying multiple machine learning classifiers including Random Forests and
Gradient Boosting to a classical AIDS dataset originally published in 1996. The objectives are twofold: (1) to predict
HIV infection status based on demographic, clinical, and treatment-related variables, and (2) to evaluate treatment
effectiveness using derived CD4/8 dynamics. Feature engineering and model explainability are emphasized to ensure

medical interpretability and actionable insights.

From an empirical standpoint, the dataset represents a real-world clinical scenario with time-to-event data,
heterogeneous treatment arms, and mixed baseline characteristics. Challenges such as class imbalance, missing data,
and correlated predictors necessitate a robust, reproducible ML pipeline. By addressing these issues, this study
provides a replicable foundation for predictive HIVV modeling in resource-constrained settings and informs future

integration into public health systems [8].

2. Method
Research Design:

This study employed a comprehensive machine learning pipeline to analyze clinical data from patients diagnosed
with HIV/AIDS, aiming to both predict infection status and evaluate treatment effectiveness. The dataset, originally
recorded in 1996, consisted of 2,139 patient records with 23 primary clinical and categorical features. The entire
process comprised six stages: data exploration, feature engineering, preprocessing, model training, evaluation, and
interpretability analysis. The implementation was conducted using Python, employing scikit-learn, pandas, and

matplotlib libraries for reproducibility and scalability.

Data Exploration

Feature Engineering

Data Preprocessing
Model Training

Model Evaluation

Feature Importance
Analysis

Figure 1: Research Workflow
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Data Exploration:

Exploratory Data Analysis (EDA) was carried out to understand the structure, distribution, and internal patterns of
the dataset. No missing values were identified, and variables were already numerically encoded. The target variable
infected indicated HIV infection status (0 = No, 1 = Yes), with an imbalance: 24.4% of samples were infected, while
75.6% were not (see Figure 2). Histograms and pie charts illustrated distributions for age, treatment types, CD4/CD8
counts, Karnofsky score, and gender composition.

This phase is critical in medical ML research to assess class imbalance and variable relevance before modeling

[1], [9], [10].

Data Exploration Overview
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Figure 2: Data Exploration Overview.

Feature Engineering:

From the original features, 11 new variables were derived to better capture patient physiology and treatment
response dynamics. This included:

e Change in CD4/CD8 count:
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ACD4 = CD4yoweers — CD4pasetine (1)
e Percentage change:
ACD4., = (CD42° _ CD4°) x 100
%= CD4, @)

e CD4/CDS8 ratio, both at baseline and follow-up:

CD4
Repajeps = D8+ 1 (3)

e Treatment response (binary), risk factors count, and categorical binning for age, BMI, and Karnofsky

scores.

These features provided richer input representations for the models, improving predictive power and
interpretability [2], [4]. Figure 3 visualizes infection risk by age group, treatment efficacy by CD4 changes, and
correlation matrices between engineered features.

Feature Engineering Analysis
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Figure 3: Feature Engineering Analysis.
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Data Pre-processing:

The data was split into training (80%) and testing (20%) sets using stratified sampling to preserve the infected
class proportion. Infinite values from ratio calculations were replaced, and missing numeric values (e.g., from division
by zero) were filled with median imputation. Categorical variables were label-encoded [11]. Standardization was
applied to numerical features using z-score normalization [12], [13], [14], [15]:

X—u
KXscalea = T (@)

This step is crucial for algorithms sensitive to scale like SVMs and Logistic Regression [5], [6].
Model:
Four supervised classification models were trained:

e Logistic Regression (baseline)
e Super Vector Machine (SVM)
¢ Random Forest

o Gradient Tree Boosting

The models were evaluated using cross-validation (5-fold) and optimized via GridSearchCV for performance.
Class predictions and probability scores were used to calculate the following metrics: Accuracy, ROC-AUC, and F1-
score. Probability estimates from models were further used to draw ROC curves, quantifying trade-offs between true

positives and false positives [16], [17], [18].

Random Forest and Gradient Boosting were chosen due to their superior performance in medical contexts with

tabular data and feature interactions [7], [8].
Model Evaluation:

The best model (Random Forest) was further evaluated using confusion matrix, ROC and PR curves, and metric
plots for accuracy, recall, and precision [19], [20], [21]. These were visualized in multi-panel layouts (see Figure 4)

for better error interpretation (true vs false positives/negatives). Classification performance was summarized as:

| ~ TP + TN
Couracy =Tp T FP+TN + FN (®)

Precision X Recall

F1=2x
Precision + Recall (6)

This analysis also included distribution of predicted probabilities, highlighting model confidence and separability
[3], [22], [23].
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Feature Importance Analysis:
Using the inherent capability of tree-based models, feature importance scores were calculated:

Y, Impurity Reduction on splits using feature i

Importance; =
P ¢ Total reduction across all features (7)

A bar chart and cumulative importance plot (see Figure 5) revealed that baseline CD4, CD8 counts, Karnofsky
scores, and engineered variables like CD4 change were dominant predictors aligning with clinical understanding of
HIV/AIDS progression.

This aligns with recent findings where CD4 trajectory and functional scores are key prognostic indicators [24].
3. Result and Discussion

This section presents the comparative performance of machine learning models in predicting HIV/AIDS infection
status, followed by an in-depth evaluation of the best-performing model. Furthermore, it discusses the most influential

features and their clinical implications, and analyzes treatment effectiveness across regimens.

Model Performance Comparison:

Model Performance Comparison
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Figure 4: Model Performance Comparison

Four classification algorithms were evaluated: Logistic Regression, Support Vector Machine (SVM), Random
Forest, and Gradient Boosting. Table 1 and Figure 4 summarize the performance metrics across three evaluation

dimensions: Accuracy, ROC-AUC, and 5-fold Cross-Validation score.
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Table 1. Comparison of Performance Metrics Evaluation

Model Accuracy ROC-AUC CV Score (A+SD)
Logistic Regression 0.8598 0.8739 0.8609A+0.0088
Random Forest 0.8879 0.918 0.8744A+0.0207
Gradient Boosting 0.8832 0.9335 0.8878A+0.0177
SVM 0.8715 0.8956 0.8668A+0.0079

As shown in Table 1, Gradient Boosting achieved the highest ROC-AUC score (0.9335), followed closely by
Random Forest (0.9180). While Logistic Regression showed the lowest ROC-AUC (0.8739), it still performed
reasonably well. Regarding Accuracy, Random Forest slightly outperformed Gradient Boosting (88.79% vs. 88.32%).
This suggests that ensemble-based models are more capable of capturing the complex, nonlinear relationships in the
dataset.

Figure 4 further reinforces this through ROC curve visualization, where Gradient Boosting consistently yielded
superior sensitivity across thresholds. Additionally, Figure 4 shows that Gradient Boosting produced the most stable
results across cross-validation folds (CV Score = 0.8878 + 0.0177).:

Random Forest Model Evaluation:

Given its strong and stable performance, Random Forest was selected for detailed evaluation. Figure 4 presents
multiple evaluation dimensions including the confusion matrix, ROC and Precision-Recall curves, prediction
probabilities, and a pie chart summarizing prediction outcomes.
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Figure 5: Detailed Evaluation for Random Forest

From the confusion matrix (Figure 5), Random Forest correctly classified 305 of 324 non-infected patients
(specificity = 94.14%) and 75 of 104 infected patients (sensitivity = 72.12%). Although there is room for improvement
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in identifying positive cases, the overall model balanced precision (0.798) and recall (0.721), resulting in a solid F1-

score of 0.758 (Figure 5).

Figure 5 shows the Precision-Recall (PR) curve, with an area under the curve (AUC) of 0.821. This further

demonstrates the model’s robustness in scenarios with moderately imbalanced classes (only ~24% were infected).

Feature Importance Analysis:

Feature Importance Analysis
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Figure 6: Feature Importance Analysis

Understanding which features most influence prediction is critical in medical decision-making. Using the Random

Forest model, Figure 6 ranks the top 15 most important features and their cumulative contributions.

The most influential predictor was "time" (follow-up duration), contributing 30.71% of the total importance,
followed by CD4+ counts at week 20 (cd420), percentage change in CD4+, and CD4/CD8 ratio. This aligns with
medical literature emphasizing the prognostic value of CD4+ recovery and immune ratio dynamics in ART monitoring

(Silva et al., 2020; Pérez-Molina et al., 2022).

Cumulatively, 13 features explained 80% of the model’s predictive capacity, which implies that effective

prediction can be achieved without relying on the entire feature space, enhancing model interpretability and efficiency.
4. Conclusion

This study successfully demonstrated the application of machine learning for predicting HIV/AIDS infection status
using a comprehensive clinical dataset. Among the models evaluated, Random Forest and Gradient Boosting
consistently outperformed other algorithms across multiple evaluation metrics, with Gradient Boosting achieving the
highest ROC-AUC (0.9335) and cross-validation score (0.8878 + 0.0177). However, Random Forest was selected for

detailed analysis due to its balance between performance and interpretability.

Feature importance analysis highlighted that follow-up duration, CD4+ cell count changes, and CD4/CD8 immune
ratios were the most critical predictors findings that align with clinical expectations and underscore the biological

relevance of these variables.
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In addition to classification, the study provided evidence-based insights into the effectiveness of different

antiretroviral therapies. The combination therapy ZDV + ddI was found to be the most effective in improving immune

response (measured via CD4+ count increase), while ZDV monotherapy was associated with poorer outcomes,

including CD4+ decline and higher infection rates.

These findings have implications for both clinical practice and healthcare policy, suggesting the need for more

robust machine learning—based decision support tools and reinforcing the value of combination antiretroviral therapy.

Future work may involve the integration of longitudinal treatment outcomes, viral load, and behavioral factors to

improve model generalizability and clinical utility.
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