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Abstract—Accurate and early diagnosis of HIV/AIDS is critical for effective treatment and reducing disease transmission. This
study evaluates the performance of several machine learning models, including Logistic Regression, Decision Tree, Random
Forest, Gradient Boosting, Support Vector Machine (SVM), K-Nearest Neighbors (KNN), and Naive Bayes, for classifying
HIV/AIDS infection status. A dataset comprising 50,000 samples was used, and models were assessed based on accuracy,
precision, recall, and F1 score using stratified ten-fold cross-validation to ensure robust evaluation. The results reveal
significant trade-offs between sensitivity and specificity across the models. Gradient Boosting achieved the highest accuracy
(70.85%) and precision (57.81%), making it suitable for confirmatory testing where minimizing false positives is critical.
Conversely, Naive Bayes demonstrated the highest recall (57.99%) and F1 score (51.04%), emphasizing its effectiveness in
early-stage diagnostics where sensitivity is paramount. SVM exhibited the highest precision (59.87%) but struggled with recall
(11.28%), reflecting its conservative nature in classifying positive cases. These findings underscore the importance of selecting
models tailored to specific diagnostic objectives. While Naive Bayes is ideal for comprehensive screening programs, Gradient
Boosting and SVM are better suited for confirmatory testing. This research provides valuable insights into the strengths and
limitations of machine learning models for medical diagnostics, paving the way for developing more robust, hybrid approaches
to optimize sensitivity and specificity in HIV/AIDS classification.
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1. INTRODUCTION

Human Immunodeficiency Virus (HIV) and Acquired Immunodeficiency Syndrome (AIDS) continue to pose
significant public health challenges worldwide, particularly in resource-limited settings[1]-[3]. Despite
advancements in medical science and the availability of antiretroviral therapies, accurate and early diagnosis
remains a cornerstone in mitigating the spread and impact of this disease [4]-[6]. Traditional diagnostic methods
often rely on clinical symptoms and confirmatory laboratory tests, which, while effective, may suffer from
limitations such as high costs, limited accessibility, and extended turnaround times [7]-[9]. In this context,
leveraging data-driven approaches to enhance diagnostic capabilities is a burgeoning field of research with the
potential to revolutionize HIV/AIDS healthcare management [10]-[12].

Machine learning has emerged as a transformative technology in medical diagnostics, offering capabilities
to analyze complex datasets, identify subtle patterns, and produce robust predictions [10], [13], [14]. By
automating the identification of infection statuses, machine learning algorithms can significantly augment the
diagnostic process, leading to faster and more accurate decision-making [15]-[17]. The use of supervised learning
algorithms for HIV/AIDS classification presents an opportunity to optimize the diagnostic pipeline, addressing
challenges such as imbalanced data, feature selection, and model interpretability [18]-[20]. These advancements
align with the global imperative to achieve the United Nations' Sustainable Development Goal (SDG) 3, which
focuses on ensuring healthy lives and promoting well-being for all at all ages [21]-[23]. Numerous studies have
explored the application of machine learning in disease diagnosis, ranging from logistic regression models for
binary classification to ensemble techniques such as Random Forest and Gradient Boosting for complex decision-
making scenarios [24]-[26]. However, most existing research focuses on either small datasets or lacks a
comparative evaluation of models using advanced validation techniques [27]-[29]. There is a paucity of studies
that examine the performance of machine learning models on large-scale datasets with stratified cross-validation,
a critical requirement to ensure the generalizability and robustness of predictive models [30]-[32].

To address these gaps, this study presents a comprehensive analysis of machine learning models for the
classification of HIV/AIDS infection status using a large dataset comprising 50,000 samples. The dataset
encompasses a diverse set of features that reflect various clinical and demographic parameters. By employing a
rigorous methodology that includes data preprocessing, feature scaling, and stratified ten-fold cross-validation,
this research evaluates the performance of multiple machine learning algorithms, including Logistic Regression,
Decision Tree, Random Forest, Gradient Boosting, Support Vector Machine (SVM), K-Nearest Neighbors (KNN),
Naive Bayes, and XGBoost. The contributions of this study are fourfold. First, it introduces a robust machine
learning pipeline that incorporates feature scaling and stratified cross-validation to ensure reliable and unbiased
model evaluation. Second, it performs a detailed comparative analysis of classical and ensemble machine learning
models using multiple performance metrics, including accuracy, precision, recall, and F1 score. Third, it
emphasizes the practical implications of these models in real-world diagnostic scenarios, highlighting their
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potential to reduce diagnostic delays and improve accessibility. Finally, this research provides actionable insights
into the selection of optimal machine learning models for HIV/AIDS classification, offering a valuable reference
for both academic researchers and healthcare practitioners. The remainder of this article is structured as follows.
The subsequent section outlines the methodology employed in this study, including dataset description,
preprocessing steps, and the evaluation framework. The results section presents the comparative performance of
the machine learning models, followed by an in-depth discussion of the findings. Finally, the conclusion highlights
the key contributions, limitations, and future directions of this research.

2. RESEARCH METHODOLOGY

This study develops a robust and systematic methodology to evaluate the performance of various machine learning
models in classifying HIV/AIDS infection status. The methodology is structured into dataset preparation,
preprocessing, model design, stratified cross-validation, performance evaluation, and implementation as presented
in the figure 1.

2.1 Dataset

The dataset used in this study comprises (N = 50,000) samples and can be downloaded from [33], each

represented by (M) features capturing clinical and demographic attributes. Let the dataset be denoted as (1).

D= {(x;,y)i=12,..,N} (1)
where (x; = [x;1, Xiz, ..., Xir] T € RM) represents the feature vector for the (i)-th sample, and (y; € {0,1})

is the corresponding binary target variable. Here, (y; = 1) signifies an HIV-positive status, and (y; = 0)

represents HIV-negative status. This supervised learning problem seeks to approximate the underlying conditional

probability (P(y | x)) and produce a classifier (fg(x)) parameterized by (8), such that (fg(x) = y).

2.2 Data Preprocessing

Preprocessing the dataset is crucial to ensure that the models are trained on data with uniform scaling and minimal
bias. Each feature (x;;) in the raw dataset is normalized using Min-Max scaling, defined as (2).

;o xij—min(xj)
g max(x;)-min(x;) @
where (min(x;)) and (max(x;)) represent the minimum and maximum values of the (j)-th feature across
all samples. This transformation maps the feature values to the range ([0,1]), ensuring numerical stability and
preventing features with larger magnitudes from dominating the model training process. Given the class imbalance
that often occurs in medical datasets, the class distributions (n,) and (n,), representing the number of samples in
the negative and positive classes, respectively, were analyzed. The imbalance ratio, defined as (3).
__ min(ng,nq)
IR= max(ng,nq) (3)
was computed. If (IR < 0.7), the Synthetic Minority Oversampling Technique (SMOTE) was applied to
generate synthetic samples for the minority class. SMOTE constructs synthetic samples by interpolating between
existing minority class samples. For a minority sample (x;), a synthetic sample (Xgyn¢netic) IS generated as (4).

Xsynthetic = Xi T 8 - (Xniho — X;) (4)
where (x,10) is @ randomly selected nearest neighbor of (x;), and (6 ~ U(0,1)).
2.3 Machine Learning Models

The core of this research lies in the implementation and evaluation of various machine learning models. Logistic
regression optimizes the binary cross-entropy loss, defined as (5).

L(0) = =~ 31, [yilogo (x78) + (1 — y) log(1 - 0(x76) )| )

where (o(z) = ﬁ) is the sigmoid function. Decision trees partition the feature space into hyper-
rectangles by iteratively selecting features and thresholds that minimize impurity measures such as Gini impurity,
G(t) =1-Y5,p? orentropy, H(t) = — X, p.logp., where (p.) is the proportion of samples in class (c)
within a node (t). Furthermore, random forests extend decision trees by creating an ensemble of (T) trees, where
each tree is trained on a bootstrap sample of the dataset, and features are randomly subsampled at each split. The

ensemble prediction is obtained via majority voting, expressed as (6).

9 =mode({fo,(x) | t=1,..,T}) (6)
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Gradient boosting improves upon weak learners iteratively by minimizing the residual errors at each stage.
The optimization problem is formulated as (7).
D = g — nV,L(D,0) (7

where () is the learning rate and (VoL(D, 0)) is the gradient of the loss function (L) with respect to the
model parameters. Support vector machines construct a hyperplane (w™ + b = 0) that maximizes the margin

between classes. The optimization problem is defined as mil? %|w|2, subject to (y;(w™i + b) = 1) for all(i).
w,

?

| Start Methodology |

- ¢ =, ‘ Dataset with N = 50,000 samples and M features.
| Dataset Preparation |=— Represented as D = {(x_i, v_i)}, where x_iis the
’ feature vector and y_i is the binary target.

Mormalize features using Min-Max Scaling:
\F:' x'_ij = (x_ij - min{x_j)) / (max({x_j) - min(x_j)).
/| Handle class imbalance using SMOTE if IR < 0.7:
x_synthetic = x_i + 8(x_neighbor - x_i).

|' Data Preprocessing

N

Y
|: Model Design

i

|' Stratified Cross-Validation

\}I Implement models: Logistic Regression, Decision Tree, IT

] Random Forest, Gradient Boosting, SWYM, KNN, and MNaive Bayes.

=, Divide dataset into 10 folds.
=" Train on D\{fold k}, validate on fold_k.
Compute average performance metrics (M_k).

Metrics: Accuracy, Precision, Recall, F1 Score.

- ~, Accuracy = (TP + TN) / (TP + TN + FP + FN).

| Model Performance Evaluation |= Precision = TP/ (TP + FP).

Recall = TP/ (TP + FN).

F1l Score = 2 *# (Precision * Recall) / (Precision + Recall).

o ™ ]
' .| Code implemented in Python using scikit-learn and XGBoost.
|._.hlmplementat| Dnj"'] Computational experiments conducted on a high-performance cluster.

6

The optimization is solved using Lagrange multipliers and the kernel trick for non-linear decision
boundaries. In addition, K-nearest neighbors (KNN) predicts the class of a sample (x) by majority voting among
its (k) nearest neighbors, where the distance metric (d(x,x") = |x — x'|,) is used. Naive Bayes computes
posterior probabilities using Bayes’ theorem under the assumption of feature independence as (8).

P(yl1x) <« PO P(x | y) ®)

2.4 Evaluation

Figure 1. Research Methodology

To evaluate model performance, stratified ten-fold cross-validation was employed. The dataset was divided into
ten equally sized folds, (D,, Dy, ..., D19), €nsuring that the class distribution within each fold mirrors that of the
entire dataset. For each fold (k), the model was trained on the training set (D \ D) and tested on the validation
set (D,,). The performance metric (M) was computed as the average across folds as presented as (9).

1
M= EZ}%:LMk 9)

where (M,,) is the metric value for fold (k). Performance metrics included accuracy, precision, recall, and
F1 score. Accuracy is computed as (10).

TP+TN
Accuracy = —— (10)
TP+TN+FP+FN
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where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives,
respectively. Precision is calculated as (11).

Precision = —— (11)
TP+FP
while recall is presented in (12).
Recall = — (12)
TP+FN
The F1 score, a harmonic mean of precision and recall, is defined as (13)
Fl=2 Precision-Recall (13)

Precision+Recall

All computational experiments were conducted in Python, utilizing the scikit-learn and XGBoost libraries.
The experiments were executed on a high-performance computing cluster to ensure scalability and computational
efficiency. This rigorous methodology ensures the robustness and generalizability of the evaluated models,
providing a strong foundation for analyzing machine learning performance in HIVV/AIDS classification tasks.

3. RESULT AND DISCUSSION

This section presents a comprehensive analysis of the performance of several machine learning models applied to
the classification of HIV/AIDS infection status. Each model was evaluated using stratified ten-fold cross-
validation to ensure a robust and unbiased assessment. The evaluation metrics as presented in the Table 1, include
accuracy, precision, recall, and F1 score, with both the mean and standard deviation reported for each metric.
These metrics are critical for understanding the predictive reliability, sensitivity, and balance between false
positives and false negatives for each model, especially in the context of a medical application where
misclassification can have significant consequences.

3.1 Result

The logistic regression model achieved a mean accuracy of 0.7067 with a standard deviation of 0.0028,
demonstrating stable and consistent performance across folds. However, its recall value of 0.2269 indicates a
significant limitation in detecting positive cases. This low recall suggests that the model fails to identify a
substantial proportion of true positives, which is particularly concerning in a diagnostic setting where sensitivity
is paramount. The precision of 0.5682 and F1 score of 0.3242 further reflect the model's inability to balance
precision and recall effectively. While logistic regression provides a relatively high overall accuracy, its inability
to capture positive cases makes it unsuitable for use as a standalone diagnostic tool in this context.

Table 1. Performance Results

Model Accuracy F1 Score Precision Recall
Decision Tree 0.61558 0.38972 0.38170 0.40371
Gradient Boosting 0.70850 0.32196 0.57813 0.22320
KNN 0.66244 0.36632 0.43844 0.31465
Logistic Regression 0.70672 0.32418 0.56819 0.22688
Naive Bayes 0.65492 0.51041 0.45584 0.57997
Random Forest 0.70532 0.33261 0.55912 0.23617
SVM 0.70132 0.18968 0.59875 0.11280

The decision tree model, with an accuracy of 0.6156, exhibited a trade-off between precision (0.3817) and
recall (0.4037). The F1 score of 0.3897 underscores a marginal improvement in balancing sensitivity and precision
compared to logistic regression. Decision trees are known for their interpretability, but their susceptibility to
overfitting likely contributed to the moderate standard deviation in accuracy (0.0086). This variability suggests
that the model's performance may be inconsistent when exposed to unseen data, limiting its generalizability in
practical applications. The random forest model, an ensemble-based approach, achieved an accuracy of 0.7053,
comparable to logistic regression, but with slightly higher variability as indicated by a standard deviation of 0.0041.
Its recall of 0.2362 and precision of 0.5591 resulted in an F1 score of 0.3326, which, while slightly better than
logistic regression, still reflects an imbalance in sensitivity and specificity. Random forests excel in capturing
complex feature interactions and tend to generalize well on large datasets. However, the marginal improvement
over logistic regression suggests that the dataset’s characteristics may not strongly favor ensemble techniques,
likely due to limited feature complexity or interdependencies.

Gradient boosting emerged as the most accurate model with a mean accuracy of 0.7085 and the highest
precision of 0.5781 among all models evaluated. Its low recall value of 0.2232, however, limits its effectiveness
in identifying positive cases, as reflected in the F1 score of 0.3220. Gradient boosting's strength lies in its iterative
refinement of weak learners, which enables it to identify subtle patterns in the data. The high precision suggests
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that the model is highly reliable in predicting positive cases but at the cost of a significant number of false
negatives. This trade-off may render gradient boosting less suitable for a diagnostic application where recall is
critical. The support vector machine (SVM) model achieved a mean accuracy of 0.7013 with a very low standard
deviation of 0.0013, indicating exceptional stability across cross-validation folds. Despite this stability, the recall
of 0.1128 was the lowest among all models, highlighting a severe deficiency in identifying positive cases. With a
precision of 0.5987, the SVM model appears highly conservative, favoring correct positive predictions over broad
sensitivity. The resulting F1 score of 0.1897, the lowest across all models, underscores the model’s inadequacy in
balancing precision and recall. This outcome aligns with the inherent characteristics of SVM, which can prioritize
margin maximization over handling imbalanced data effectively.

The k-nearest neighbors (KNN) model exhibited a moderate accuracy of 0.6624 and a recall of 0.3147,
reflecting a more balanced sensitivity compared to other models like SVM or logistic regression. Its precision of
0.4384 resulted in an F1 score of 0.3663, which, while not the highest, suggests a relatively better trade-off between
precision and recall. KNN's performance depends heavily on the choice of the number of neighbors (k) and the
underlying distance metric, which may explain its moderate performance relative to more sophisticated models
like gradient boosting or random forest. Naive Bayes, despite its simplistic assumption of feature independence,
demonstrated unique strengths. It achieved the lowest accuracy of 0.6549 but excelled in recall with a value of
0.5800, the highest among all models. Its precision of 0.4558 and F1 score of 0.5104 further highlight its capability
to identify positive cases effectively. These results suggest that Naive Bayes prioritizes sensitivity, making it well-
suited for scenarios where false negatives must be minimized, such as early-stage disease detection. However, its
reliance on the independence assumption likely limits its ability to capture complex feature interactions,
contributing to its lower accuracy compared to ensemble models.

3.2 Discussion

The comparative analysis of these models highlights important trade-offs that must be considered in the context
of HIV/AIDS classification. Gradient boosting achieved the highest accuracy and precision, making it suitable for
applications where overall predictive reliability and minimizing false positives are prioritized. Conversely, Naive
Bayes, with its high recall and F1 score, is more appropriate for scenarios emphasizing sensitivity, where missing
positive cases can have severe consequences. These results suggest that a single model may not suffice for all
diagnostic objectives. Instead, a hybrid approach that combines the strengths of precision-focused and recall-
focused models may be a promising direction for future research. The limitations observed across models also
emphasize the need for further refinements, such as feature engineering to enhance discriminatory power,
hyperparameter optimization to fine-tune model performance, and the incorporation of advanced techniques like
ensemble stacking to improve overall robustness. Additionally, exploring cost-sensitive learning frameworks or
leveraging domain-specific knowledge could further mitigate the trade-offs between sensitivity and specificity
observed in this study.

3.3 Statistical Analysis of Metric Variability

The standard deviations of the evaluation metrics provide valuable insights into the consistency and reliability of
the models across cross-validation folds. Logistic Regression exhibited the lowest variability in accuracy (0.0028),
indicating highly stable performance across all folds. This consistency is particularly advantageous for practical
deployment, as it minimizes the risk of unexpected deviations in performance on new data. Similarly, Gradient
Boosting and Random Forest demonstrated relatively low standard deviations in accuracy (0.0049 and 0.0041,
respectively), reinforcing their reliability as ensemble methods. Naive Bayes achieved the lowest standard
deviation in recall (0.0062), showcasing its robustness in detecting positive cases consistently. This stability is
crucial in medical applications where the sensitivity of a model can directly impact patient outcomes. The model’s
probabilistic foundation likely contributes to its consistent recall performance, even when trained on varying
subsets of the data.

Conversely, SVM displayed the lowest standard deviation in accuracy (0.0013), signifying its high
reliability in overall classification. However, its high variability in recall (0.0066) suggests inconsistency in
detecting positive cases, which may undermine its applicability in scenarios requiring high sensitivity. This
instability in recall is consistent with SVM’s focus on margin maximization, which can lead to variability in
handling minority classes in imbalanced datasets. Gradient Boosting, despite its strong accuracy and precision,
exhibited moderate variability in recall (0.0090). This variability underscores the need for careful hyperparameter
tuning to ensure consistent performance. Random Forest, with a recall standard deviation of 0.0080, demonstrated
slightly better stability than Gradient Boosting but still required optimization for consistent sensitivity.

3.4 Computational Complexity of Machine Learning Models

Understanding the computational time and space complexity of each machine learning model is crucial for
evaluating their practicality, especially when working with large-scale datasets like the one used in this study.
Logistic Regression has a time complexity of O(n - p - k), where n represents the number of samples, p the number
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of features, and k the number of iterations required for convergence, which depends on the optimization algorithm
employed. Its space complexity is relatively low, at O(p), as it only needs to store the coefficients of the features.

Decision Tree models have a time complexity of O(n - p - logn), which is primarily determined by the
need to sort data for each feature during the split process. The space complexity for Decision Trees is O(n - p), as
the model must store the structure of the tree and the data at each node. Random Forest models extend the
complexity of Decision Trees by considering an ensemble of m trees. Their time complexity increases to
O(m -n-p -logn), while their space complexity scales to O(m - n) due to the storage requirements for multiple
trees. Gradient Boosting shares similarities with Random Forest in terms of its ensemble nature but focuses on
iterative refinement of weak learners. Its time complexity is O(m - n - logn), where m denotes the number of
boosting iterations, and its space complexity remains O(m - n). Support Vector Machines (SVMs) exhibit varying
computational complexities depending on the kernel used. For linear kernels, the time complexity is O(n - p),
while for non-linear kernels such as radial basis function (RBF), it can increase to 0(n? - p) or 0(n®) during
training. The space complexity of SVMs is 0(n?), primarily due to the storage of kernel matrices.

K-Nearest Neighbors (KNN) models are computationally expensive during prediction, with a time
complexity of O(n - p - k), where k is the number of nearest neighbors considered. The space complexity of KNN
is O(n - p) because it stores all the training samples. Naive Bayes, on the other hand, is computationally efficient,
with a time complexity of O(n - p). Its space complexity is O(p - ¢), where ¢ represents the number of classes, as
it assumes feature independence and only requires the storage of probabilities for each class-feature combination.
Finally, XGBoost, a popular ensemble method, has a time complexity of O(m - n - logn), where m is the number
of boosting iterations. Its space complexity is O(m - n), comparable to that of Gradient Boosting. These
computational considerations provide a comprehensive understanding of the trade-offs between the models in
terms of their resource demands, guiding their selection based on the specific requirements of the application.

3.5 Trade-Offs Between Metrics and Practical Implications

The results of this study reveal significant trade-offs between precision and recall across the evaluated models,
which have critical implications for their practical deployment in HIV/AIDS diagnostics. Precision and recall are
two complementary metrics that often present conflicting objectives in machine learning, especially in medical
applications where the costs of false positives and false negatives differ greatly. Models such as Support Vector
Machine (SVM) and Gradient Boosting are designed to prioritize precision, achieving values of 0.5987 and 0.5781,
respectively. These high precision scores indicate the models' strong ability to correctly identify positive cases
with minimal false positives. This behavior makes them particularly well-suited for confirmatory testing, where
minimizing false positives is paramount to reduce unnecessary anxiety for patients and avoid wasting medical
resources on follow-up procedures for misclassified cases.

However, the emphasis on precision comes at the expense of recall, as observed in SVM and Gradient
Boosting, which achieved recall values of only 0.1128 and 0.2232, respectively. Such low recall indicates that
these models fail to identify a substantial portion of true positive cases, which can be detrimental in scenarios
where missing positive diagnoses poses significant risks. For instance, undetected cases of HIVV/AIDS can lead to
delayed treatment, increased disease transmission, and worsening public health outcomes. This trade-off highlights
the inherent limitations of precision-focused models when applied to early-stage diagnostic applications, where
the primary objective is to capture as many positive cases as possible.

In contrast, Naive Bayes takes the opposite approach by emphasizing recall, achieving the highest recall
score of 0.5800 among all models. This high recall ensures that the majority of positive cases are identified, making
Naive Bayes particularly advantageous for early screening programs. Early-stage diagnosis often prioritizes
sensitivity over specificity, as the consequences of false negatives: undetected positive cases are far more severe
than false positives. However, Naive Bayes achieves this high recall at the expense of precision (0.4558), which
translates to a higher number of false positives. While this could result in increased follow-up testing, the model’s
ability to minimize false negatives aligns well with the objectives of public health initiatives aimed at early
detection and intervention.

The F1 score, which balances precision and recall, provides a holistic perspective on model performance.
Naive Bayes achieved the highest F1 score of 0.5104, demonstrating its effectiveness in maintaining a reasonable
balance between sensitivity and specificity. This metric highlights the model's suitability for scenarios where both
metrics are critical, such as large-scale screening programs where resources must be allocated efficiently while
ensuring comprehensive case identification. Gradient Boosting and Random Forest, while achieving high
precision, exhibited lower F1 scores (0.3220 and 0.3326, respectively), reflecting their limited sensitivity in
detecting positive cases despite their accuracy and specificity.

From a practical standpoint, the trade-offs between precision and recall must be carefully considered based
on the specific objectives of the diagnostic application. For early-stage diagnosis, where the goal is to identify all
potential positive cases and minimize the risk of false negatives, Naive Bayes emerges as the most appropriate
choice due to its high recall and balanced F1 score. Its robustness in capturing true positives ensures that fewer
cases go undetected, which is essential for initiating timely treatment and mitigating disease spread. While the
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higher false positive rate associated with Naive Bayes may increase the burden of follow-up testing, this trade-off
is acceptable in scenarios where the stakes of missing positive cases are high.

Conversely, for confirmatory testing, where the focus shifts to reducing false positives and ensuring that
identified cases are indeed true positives, models like Gradient Boosting and SVM may be more suitable. Their
high precision ensures reliability in positive classifications, reducing the likelihood of misdiagnosis and
unnecessary interventions. This makes them valuable tools for refining diagnostic pipelines, where initial
screening is followed by more rigorous confirmatory testing to validate cases.

4. CONCLUSION

This study evaluated the performance of several machine learning models for HIVV/AIDS classification using a
dataset of 50,000 samples. The analysis focused on accuracy, precision, recall, and F1 score, highlighting
significant trade-offs between these metrics. Gradient Boosting demonstrated the highest accuracy (0.7085) and
precision (0.5781), making it suitable for confirmatory testing where reducing false positives is critical. In contrast,
Naive Bayes exhibited the highest recall (0.5800) and F1 score (0.5104), emphasizing its effectiveness in early-
stage diagnostics where sensitivity is paramount to avoid missed cases. Models such as Logistic Regression and
Random Forest showed strong accuracy but struggled with recall, while SVM achieved high precision (0.5987)
but had the lowest recall (0.1128). The findings underscore the need for tailored model selection based on
diagnostic objectives. Naive Bayes is well-suited for comprehensive screening programs, while Gradient Boosting
and SVM are more appropriate for confirmatory diagnostics. Future research should explore hybrid approaches
combining the strengths of different models to enhance both sensitivity and specificity. Additionally, advanced
techniques like feature engineering and domain-specific cost-sensitive learning could further improve model
performance. This study provides valuable insights for developing robust and clinically relevant machine learning
models, contributing to improved HIV/AIDS diagnosis and public health outcomes.
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