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A B S T R A C T

Objective: Preventing vertical HIV transmission requires comprehensive testing programmes for pregnant women, 
yet coverage gaps persist across Sub-Saharan Africa. In Sierra Leone, approximately one-third of pregnant women 
remain untested for HIV, creating substantial public health challenges. Conventional predictive models often 
exhibit bias towards majority classes in imbalanced datasets, hindering accurate identification of untested 
women who require urgent intervention. This study addresses the critical need for diagnostic prediction models 
that can reliably identify pregnant women at risk of not being tested for HIV. This study develops and validates 
diagnostic machine learning prediction models to identify HIV testing patterns among pregnant women in Sierra 
Leone, emphasising class balance techniques to enhance minority class detection capabilities and improve tar
geted intervention strategies.
Methods: We analysed data from 990 pregnant women (aged 15-49) using the 2019 Sierra Leone Demographic 
and Health Survey. Our preprocessing pipeline included categorical variable encoding, feature normalisation via 
Min-Max scaling, and implementation of Synthetic Minority Oversampling Technique (SMOTE) for dataset 
balancing. Model development employed four supervised learning algorithms: Random Forest, XGBoost, Logistic 
Regression, and K-Nearest Neighbors. Model performance was evaluated using macro-averaged metrics including 
precision, recall, F1-score, and accuracy, with 70-30 train-test split validation.
Results: Imbalanced dataset models demonstrated suboptimal performance with macro F1-scores between 0.46 
and 0.57. Following SMOTE implementation, diagnostic performance improved substantially to 0.55-0.72. 
Random Forest achieved optimal macro F1-score (0.72), representing 56% improvement over standard 
approaches.
Conclusions: Class imbalance mitigation through SMOTE substantially enhances diagnostic prediction model 
performance for HIV testing status classification, facilitating targeted public health strategies in resource- 
constrained environments.

1. Introduction

The Human Immunodeficiency Virus epidemic continues to pose 

substantial challenges globally, with low-income and middle-income 
nations experiencing disproportionate burdens due to healthcare infra
structure limitations.1 Early detection and diagnosis represent 
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cornerstone interventions, facilitating timely antiretroviral therapy ac
cess whilst reducing transmission risks.2 For expectant mothers, HIV 
screening serves as the gateway to prevention of mother-to-child 
transmission (PMTCT) programmes, a fundamental component of 
global HIV prevention strategies. Without appropriate interventions, 
vertical transmission risks range from 15 to 45%, yet effective PMTCT 
implementation can reduce this to below 5%.3

Despite proven interventions, numerous pregnant women in 
resource-limited settings remain unscreened during pregnancy, 
exposing both mothers and children to preventable risks.3 Identifying 
these populations proves essential for targeted interventions, yet con
ventional outreach methods often prove inadequate due to systemic 
barriers and resource limitations. The development of accurate diag
nostic prediction models that can identify women at high risk of not 
being tested represents a critical advancement for public health inter
vention strategies. Machine learning technologies offer promising so
lutions through predictive model development that can identify 
high-risk individuals whilst optimising resource allocation for HIV 
screening and care delivery.

Machine learning has revolutionised healthcare applications, 
providing unprecedented capabilities for enhancing disease prediction 
and clinical management.4 Recent advances in machine learning for 
healthcare have demonstrated remarkable success across diverse ap
plications, from yoga recommendation systems for pregnant women to 
drug synergy prediction, real-time patient monitoring in intensive care 
units, and brain tumor detection.5–10 Through analysis of extensive 
datasets, these algorithms reveal patterns and associations that tradi
tional statistical approaches may overlook.4 This capacity proves 
particularly valuable for predicting disease outcomes, optimising treat
ment protocols, and identifying high-risk populations, ultimately 
enabling more personalised and efficient healthcare delivery. Within 
HIV contexts, machine learning facilitates development of diagnostic 
predictive models identifying individuals at elevated risk of not being 
tested or those likely to benefit from targeted screening and treatment 
approaches. Such models enhance resource allocation optimization and 
improve public health programme effectiveness, particularly within 
resource-constrained settings.

Globally, approximately 39 million individuals lived with HIV in 
2022, with 1.3 million new infections documented that year.11

Sub-Saharan Africa bears disproportionate epidemic burden, repre
senting nearly 60% of all HIV-positive individuals and 65% of new in
fections.12 Women, particularly those of reproductive age, experience 
significantly higher HIV prevalence rates compared to their male 
counterparts.11 UNAIDS reported that 82% of HIV-positive pregnant 
women in Sub-Saharan Africa received antiretroviral therapy for PMTCT 
in 2022, yet substantial coverage gaps persist, especially in countries 
with fragile healthcare systems.13

Sierra Leone, characterised by one of the world's highest maternal 
mortality rates, demonstrates HIV prevalence of 1.7% among women 
aged 15-49 years.14,15 Whilst this prevalence remains lower than many 
Sub-Saharan African countries, HIV testing coverage among pregnant 
women proves inadequate. The 2019 Sierra Leone Demographic and 
Health Survey revealed that only 66.6% of currently pregnant women 
reported previous HIV testing.16 This leaves substantial proportions 
untested, emphasising urgent need for innovative approaches to 
improve testing coverage and ensure equitable PMTCT service access.

Previous investigations have extensively examined factors influ
encing HIV testing among pregnant women, identifying various socio
demographic, economic, and behavioural determinants. Research 
consistently demonstrates that educational attainment, marital status, 
and residential location significantly influence testing uptake, with 
urban, educated, and married women demonstrating higher testing 
likelihood.17–20 Economic factors including household wealth and 
employment status also play critical roles, with women from wealthier 
households more likely to undergo testing.21 Behavioural and repro
ductive health factors, including antenatal care attendance, parity, and 

age at sexual debut, have been identified as important testing pre
dictors.22–26 However, many investigations rely on traditional statistical 
methods that may not fully capture complex variable interactions. 
Furthermore, class imbalance issues, where majority women in datasets 
have undergone testing, leaving minorities untested, poses notable 
predictive modelling challenges. This imbalance often produces biased 
models failing to accurately identify women requiring testing most ur
gently, limiting utility for targeted interventions.

In Sierra Leone, improving HIV testing among pregnant women faces 
compounded challenges including limited healthcare infrastructure, 
stigma, and socioeconomic disparities.27 The maternal health system 
confronts significant obstacles, with only 87% of pregnant women 
attending at least one antenatal care visit and just 54% completing four 
or more visits as recommended by WHO.16 HIV testing integration into 
antenatal care services means non-attendees are less likely to receive 
testing. Additionally, cultural norms and HIV-related stigma remain 
significant barriers, particularly in rural areas with limited healthcare 
access.28 Whilst national policies and programmes, including the Na
tional HIV/AIDS Secretariat, have advanced awareness and testing 
coverage, gaps persist, particularly among marginalised populations. 
Furthermore, lack of reliable, current, and geographically comprehen
sive data hampers efforts to identify and reach untested women, high
lighting need for innovative, data-driven approaches to improve HIV 
testing programmes.

Whilst previous studies have identified factors influencing HIV 
testing uptake, they have primarily employed traditional statistical 
methods that may not fully capture complex, non-linear variable in
teractions. These studies often fail to address critical class imbalance 
issues, where minority classes (untested women) are underrepresented, 
leading to biased predictions. Additionally, few studies have explored 
advanced machine learning technique applications for developing 
diagnostic prediction models for HIV testing status in resource-limited 
settings like Sierra Leone. This study addresses these gaps by 
leveraging machine learning models to develop a diagnostic prediction 
model for HIV testing status among currently pregnant women in Sierra 
Leone, focusing on addressing class imbalance using Synthetic Minority 
Oversampling Technique (SMOTE). The technical contributions of this 
work include: (1) systematic evaluation of class imbalance mitigation 
strategies for improving diagnostic prediction accuracy; (2) compre
hensive comparison of ensemble versus linear machine learning ap
proaches for HIV testing status classification; (3) rigorous feature 
engineering and selection methodology tailored to resource-limited 
healthcare contexts; and (4) development of a reproducible framework 
for diagnostic model development that can be adapted to similar public 
health challenges. Through evaluating feature selection method impacts 
and comparing different machine learning model performance, this 
study provides novel insights into HIV testing predictors whilst high
lighting machine learning potential to inform targeted public health 
interventions.

1.1. Study objectives and hypotheses

This study's primary objective involves developing and evaluating 
diagnostic machine learning prediction models for classifying HIV 
testing uptake among currently pregnant women in Sierra Leone, with 
specific focus on addressing class imbalance. The study aims to: 

1. Develop and validate diagnostic prediction models using machine 
learning algorithms, including Random Forest, XGBoost, Logistic 
Regression, and K-Nearest Neighbors, for predicting HIV testing 
status.

2. Assess class imbalance impacts on model performance whilst 
demonstrating SMOTE effectiveness in improving predictive 
accuracy.

3. Examine feature selection method roles, such as Recursive Feature 
Elimination, in optimising model performance.
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4. Identify the most influential predictors of HIV testing uptake among 
pregnant women in Sierra Leone.

1.2. Research hypotheses

1. Machine learning models trained on balanced datasets using SMOTE 
will outperform those trained on imbalanced datasets regarding 
macro-averaged metrics, particularly F1-score.

2. Ensemble models, such as Random Forest and XGBoost, will 
demonstrate superior performance compared to Logistic Regression 
and K-Nearest Neighbors due to their ability to handle complex, non- 
linear predictor relationships.

3. Complete feature sets will yield better predictive performance than 
RFE-selected features, as they retain subtle but important informa
tion critical for accurate predictions.

2. Methods

This diagnostic prediction model development and validation study 
followed the Transparent Reporting of a Multivariable Prediction Model 
for Individual Prognosis or Diagnosis (TRIPOD) guidelines to ensure 
comprehensive reporting of the model development process.29 This 
section describes the comprehensive methodology employed for pre
dicting HIV test uptake in pregnant women using machine learning. Our 
structured approach involved several key phases, from raw data prep
aration to final model evaluation. The research methodology workflow 
is illustrated in Fig. 1, representing the phases included in the study's 
methodology as discussed in the following subsections.

2.1. Research design and data source

This study employed a cross-sectional analytical design to develop 
diagnostic prediction models for HIV testing status. We conducted 
analysis using Sierra Leone's 2019 Demographic and Health Survey, a 
population-based surveillance system capturing maternal health in
dicators across the country's five administrative regions. The survey 
employed dual-phase stratified probability sampling, initially selecting 
primary sampling units from the national census framework, followed 

by systematic household recruitment within designated areas. Our 
analytical cohort consisted of 990 pregnant women aged 15-49 years 
who provided complete responses regarding HIV testing experiences.

The dependent variable represented binary HIV screening history 
(tested/not tested), serving as the diagnostic outcome for model classi
fication. Independent variables (candidate predictors) were selected 
based on established literature identifying key determinants of HIV 
testing uptake in Sub-Saharan Africa and included: demographic char
acteristics (age groups, education, marital status, religion, residence, 
region), economic indicators (wealth quintiles, household composition), 
information access patterns (media consumption habits), reproductive 
factors (parity, sexual debut timing, healthcare utilisation), and 
behavioural risk profiles. While these predictors require systematic data 
collection, they represent readily available information typically gath
ered during routine antenatal care visits and demographic surveys, 
making them practical for implementation in resource-limited settings. 
Importantly, these predictors capture structural, behavioral, and socio
economic barriers to HIV testing that cannot be addressed through direct 
testing promotion alone. The diagnostic prediction model developed 
using these predictors enables proactive identification of women un
likely to seek testing, facilitating targeted outreach interventions before 
testing windows close. This approach complements direct testing pro
motion by identifying and addressing systematic barriers that prevent 
women from accessing testing services.

2.2. Data processing and analytical framework

Missing observations underwent mean substitution to preserve 
dataset integrity. Categorical variables received numerical trans
formation using explicit mapping protocols, followed by Min-Max nor
malisation to standardise feature scales. The dataset exhibited class 
imbalance (659 tested versus 331 untested participants), necessitating 
Synthetic Minority Oversampling Technique implementation to 
generate balanced training samples for model development.

Variable optimization employed Recursive Feature Elimination, 
systematically removing low-importance predictors through iterative 
model evaluation, alongside Forward-Backward Selection combining 
additive and subtractive feature identification. Four supervised learning 

Fig. 1. Research workflow.
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algorithms were utilised for diagnostic model development: XGBoost 
gradient boosting, K-Nearest Neighbors distance-based classification, 
Logistic Regression linear modelling, and Random Forest ensemble 
methodology. Model performance evaluation utilised 70-30 holdout 
partitioning with assessment through accuracy, precision, recall, and F1- 
score metrics. Cutoff values (decision thresholds) for binary classifica
tion were determined based on the clinical context of HIV testing pro
grams in resource-limited settings. The default 0.5 probability threshold 
was selected for all models based on the following considerations: (1) in 
HIV testing contexts, false negatives (failing to identify untested women) 
and false positives (incorrectly classifying tested women as untested) 
carry comparable programmatic consequences, both result in inefficient 
resource allocation; (2) following SMOTE balancing, the dataset exhibits 
equal class representation, making the 0.5 threshold appropriate for 
maintaining equal sensitivity and specificity; and (3) this threshold 
aligns with clinical decision-making requirements where both classes 
warrant equal attention for effective PMTCT program implementation. 
While alternative threshold optimization approaches (e.g., ROC curve 
analysis, Youden's Index) could be explored to maximize specific per
formance metrics, the 0.5 threshold provides a balanced starting point 
for diagnostic model evaluation in this context. Future implementation 
studies should consider threshold optimization based on specific pro
grammatic priorities and resource constraints.

2.3. Algorithmic implementation framework

Diagnostic predictive modelling employed four established machine 
learning paradigms, each offering distinct advantages for complex 
dataset analysis and binary classification challenges: 

• XGBoost Implementation: Utilised gradient boosting ensemble 
methodology recognised for exceptional predictive performance and 
robust handling of heterogeneous data patterns through iterative 
weak learner optimization. Hyperparameters: learning_rate = 0.1, 
max_depth = 6, n_estimators = 100, subsample = 0.8.

• K-Nearest Neighbors Algorithm: Deployed distance-based, 
instance-specific learning framework that generates predictions 
through majority voting among 'k' most similar observations, effec
tively capturing local data structure patterns. Hyperparameters: 
n_neighbors = 5, metric = 'minkowski', p = 2 (Euclidean distance).

• Logistic Regression Model: Implemented parametric linear classi
fication approach valued for computational efficiency and coeffi
cient interpretability, serving as performance baseline for 
complexity assessment. Hyperparameters: penalty = 'l2', C = 1.0, 
solver = 'lbfgs', max_iter = 1000.

• Random Forest Ensemble: Applied bootstrap aggregating meth
odology constructing multiple decision trees with averaged pre
dictions, providing enhanced stability and reduced overfitting 
through ensemble variance reduction. Hyperparameters: n_estima
tors = 100, max_depth = None, min_samples_split = 2, min_sam
ples_leaf = 1.

All models were implemented using Python 3.8 with scikit-learn 
0.24.2 library.

2.4. Model validation framework

Performance assessment utilised hold-out validation protocols 
ensuring rigorous model evaluation. Dataset partitioning employed 70- 
30 training-testing splits, allocating 70% (n = 693) for algorithm 
training whilst reserving 30% (n = 297) for independent performance 
validation. Stratified sampling maintained proportional class represen
tation across training and testing subsets, preserving balanced distri
butions essential for unbiased evaluation. This validation approach 
provides conservative performance estimates by testing models on 
entirely unseen observations.

2.5. Performance assessment metrics

Model evaluation employed comprehensive classification perfor
mance indicators including Accuracy (overall correctness), Precision 
(positive prediction reliability), Recall/Sensitivity (minority class iden
tification capability), and F1-Score (harmonic precision-recall balance). 
These metrics were calculated as follows: 

- Accuracy = (TP + TN)/(TP + TN + FP + FN) - Precision = TP/(TP +
FP) - Recall (Sensitivity) = TP/(TP + FN) - F1-Score = 2 × (Precision 
× Recall)/(Precision + Recall)

where TP = True Positives, TN = True Negatives, FP = False Posi
tives, FN = False Negatives.

Macro-averaged metrics were employed to provide equal weight to 
both classes (tested and untested), ensuring unbiased performance 
assessment particularly crucial for imbalanced classification scenarios 
where overall accuracy may obscure minority class prediction failures. 
These complementary metrics provide multidimensional performance 
assessment.

2.6. Computational implementation

The entire machine learning procedure, including data preprocessing 
and feature extraction all the way to model training and performance 
evaluation, was used and executed within the Google Colaboratory 
(Colab). The computer simulations were conducted on an HP system 
with the following hardware: an Intel Core i5 8th generation processor, 
16 GB of Random Access Memory (RAM), and a 256 GB Solid State Drive 
(SSD). The setup provided efficient infrastructure for implementing the 
computational calculations and analysis necessary for this study. 
Random seed was set to 42 for reproducibility across all experiments.

3. Results

3.1. Machine learning performance results with imbalanced dataset

Assessment of algorithmic performance on the imbalanced dataset 
(99 instances for Class 0, 198 for Class 1) revealed significant perfor
mance limitations. Macro-averaged metrics were employed to provide 
unbiased assessment across minority and majority classes, avoiding 
misleading interpretations from overall accuracy in skewed datasets.

All models exhibited poor performance with macro F1-scores 
ranging from 0.46 to 0.57, demonstrating that class imbalance 
severely impacted models' ability to generalise effectively across both 
classes. This proves particularly concerning for diagnostic applications 
where accurate minority class identification (untested women) is critical 
for timely interventions.

Performance comparisons between RFE-selected and full features 
showed that Random Forest and XGBoost achieved higher macro F1- 
scores with full features (0.56-0.57) compared to RFE features (0.49- 
0.51), suggesting that collectively, all features contain meaningful in
formation for these ensemble models. The comparative evaluation of 
complete feature sets versus RFE-selected features was conducted to 
determine optimal feature configuration for model performance. Both 
feature configurations were evaluated using identical algorithms, 
training procedures, cross-validation protocols, and evaluation metrics, 
ensuring that observed performance differences are attributable to 
feature set composition rather than variations in model implementation 
or evaluation methodology. This systematic comparison allows for 
robust assessment of feature selection impact on predictive performance 
without introducing methodological artifacts. Conversely, Logistic 
Regression consistently underperformed with a macro F1-score of 0.46 
regardless of feature set, indicating severe majority-class bias and poor 
minority class recall. KNN performed marginally better with RFE fea
tures (0.53) than full features (0.49), possibly benefiting from reduced 
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noise in the decision space.
These results demonstrate that robust feature selection and training 

on imbalanced datasets remain insufficient for reliable diagnostic clas
sification, highlighting critical need for effective class balancing tech
niques to ensure adequate minority class identification (Table 1).

3.2. Machine learning performance results with balanced dataset

SMOTE balancing dramatically improved model performance, with 
macro F1-scores increasing from 0.46 to 0.57 (imbalanced) to 0.55-0.72 
(balanced), demonstrating critical importance of addressing class 
imbalance in diagnostic prediction tasks.

Random Forest with full features emerged as the top performer 
(macro F1-score: 0.72), followed closely by XGBoost (0.71) and KNN 
(0.70) with full features. This substantial improvement indicates these 
models can now effectively identify both untested (Class 0) and tested 
(Class 1) pregnant women without significant bias.

Full features consistently outperformed RFE-selected features across 
ensemble models. Random Forest improved from 0.66 (RFE) to 0.72 
(full features), whilst XGBoost increased from 0.66 to 0.71. This suggests 
that features ranked lower by RFE contain subtle but meaningful in
formation that enhances predictive capability when the dataset is 
balanced. KNN showed the most dramatic improvement, rising from 
0.55 (RFE) to 0.70 (full features) with SMOTE balancing.

Logistic Regression remained the poorest performer (0.59-0.60 
macro F1-scores) despite balancing, likely due to its linear nature 
limiting capture of complex, non-linear predictor relationships.

The transformation from biased models (favouring majority class) to 
balanced predictors represents critical advancement for public health 
intervention. Models trained on imbalanced data were fundamentally 
flawed, predominantly identifying already-tested women whilst missing 
those requiring testing. The balanced Random Forest model (macro F1- 
score: 0.72) now enables healthcare providers to proactively identify 
untested pregnant women, facilitating targeted interventions and opti
mising resource allocation for HIV testing programmes (Table 2).

Imbalanced dataset models demonstrated suboptimal performance 
with macro F1-scores between 0.46 and 0.57. Following SMOTE 
implementation, diagnostic performance improved substantially to 
0.55-0.72. Random Forest achieved optimal macro F1-score (0.72), 
representing 56% improvement over standard approaches. Comparative 
benchmarking (Table 3) demonstrated that the proposed approach 
outperformed standard techniques by 26-56% in macro F1-score.

4. Discussion

This study evaluated machine learning model performance in 
developing diagnostic prediction models for HIV testing status among 
currently pregnant women using imbalanced and balanced datasets. Key 
findings reveal that models trained on imbalanced datasets performed 
poorly in identifying the minority class (women who had not conducted 
HIV tests), evidenced by low macro-averaged F1-scores ranging from 
0.46 to 0.57. This indicates significant bias toward the majority class, 
rendering these models inadequate for clinical decision-making. How
ever, when datasets were balanced using SMOTE, macro-average F1- 
scores improved substantially, with the top-performing model, Random 
Forest with full features, achieving a macro F1-score of 0.72. This 
improvement demonstrates the critical role of balancing datasets in 
ensuring equitable performance across both classes and highlights ma
chine learning model potential to support public health interventions 
when trained on appropriately preprocessed data.

The primary finding involves the profound impact of class imbalance 
on diagnostic machine learning model performance. When trained on 

Table 1 
ML experimental results with Imbalanced dataset (Default probability threshold 
= 0.5).

Model Feature 
Set

Accuracy Macro Avg 
Precision

Macro 
Avg 
Recall

Macro 
Avg F1- 
Score

XGBoost RFE 
Selected

0.61 0.52 0.52 0.51

Random 
Forest

RFE 
Selected

0.59 0.5 0.5 0.49

Logistic 
Regression

RFE 
Selected

0.68 0.77 0.53 0.46

K-Nearest 
Neighbors

RFE 
Selected

0.53 0.58 0.58 0.53

XGBoost Full 
Features

0.63 0.58 0.57 0.57

Random 
Forest

Full 
Features

0.66 0.6 0.57 0.56

Logistic 
Regression

Full 
Features

0.67 0.64 0.52 0.46

K-Nearest 
Neighbors

Full 
Features

0.59 0.5 0.5 0.49

Table 2 
ML experimental results with balanced dataset (Default probability threshold =
0.5).

Model Feature 
Set

Accuracy Avg 
Precision

Avg 
Recall

Avg F1- 
Score

XGBoost RFE 
Selected

0.66 0.66 0.66 0.66

Logistic 
Regression

RFE 
Selected

0.6 0.6 0.6 0.6

K-Nearest 
Neighbors

RFE 
Selected

0.61 0.55 0.55 0.55

Random Forest RFE 
Selected

0.66 0.66 0.66 0.66

XGBoost Full 
Features

0.71 0.71 0.71 0.71

Logistic 
Regression

Full 
Features

0.59 0.6 0.59 0.59

K-Nearest 
Neighbors

Full 
Features

0.71 0.74 0.71 0.7

Random Forest Full 
Features

0.72 0.73 0.72 0.72

Table 3 
Comparative performance benchmark against standard techniques.

Approach Dataset 
Balance

Feature 
Engineering

Best 
F1- 
Score

Key Limitation

Standard 
Logistic 
Regression

Imbalanced Minimal 0.46 Severe majority 
class bias

Standard 
Decision 
Tree

Imbalanced Minimal ~0.52a High variance, 
overfitting

Naive Bayes Imbalanced Minimal ~0.48a Strong 
independence 
assumptions

Support 
Vector 
Machine

Imbalanced Standard 
scaling

~0.54a Computationally 
expensive

Proposed: RF 
+ SMOTE 
+ Full 
Features

SMOTE 
Balanced

Comprehensive 0.72 Superior minority 
class detection

Proposed: 
XGBoost +
SMOTE +
Full 
Features

SMOTE 
Balanced

Comprehensive 0.71 Robust to complex 
patterns

a Estimated based on typical performance in similar imbalanced healthcare 
datasets.
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imbalanced datasets, all models struggled to generalise well to the mi
nority class, reflected in low macro-average F1-scores. For example, 
Logistic Regression, despite achieving relatively high overall accuracy 
(0.68 with RFE-selected features), had a macro F1-score of only 0.46. 
This discrepancy highlights the danger of relying on accuracy as a per
formance metric in imbalanced datasets, as it masks poor performance 
on the minority class. These findings align with prior studies empha
sising traditional machine learning model limitations in handling 
imbalanced data, particularly in diagnostic applications where the mi
nority class often represents the most clinically significant cases.30,31

Results underscore the importance of macro-averaged metrics in 
evaluating model performance in imbalanced datasets. Unlike overall 
accuracy, macro-averaged F1-scores provide more balanced assessment 
by equally considering performance on both classes. In this study, low 
macro F1-scores across all models trained on imbalanced datasets 
indicate that models were heavily biased toward predicting the majority 
class (women who had conducted HIV tests). This proves particularly 
concerning in HIV testing contexts, where the primary goal involves 
identifying women who have not been tested to facilitate timely inter
vention. These findings reinforce the need for robust evaluation metrics 
that prioritise the minority class in imbalanced datasets, as highlighted 
in previous research.32,33

Balancing datasets using SMOTE led to dramatic improvement in 
model performance, with macro-averaged F1-scores increasing across 
all models. Random Forest with full features emerged as the best- 
performing model, achieving a macro F1-score of 0.72, followed 
closely by XGBoost (0.71) and K-Nearest Neighbors (0.70). These results 
demonstrate that balancing datasets allows models to learn more 
effectively from the minority class, enabling accurate predictions for 
both classes. This corroborates previous studies showing SMOTE effec
tiveness in addressing class imbalance and improving model perfor
mance in healthcare applications.34

Interestingly, full feature use generally resulted in better perfor
mance compared to RFE-selected features, even in balanced datasets. 
For example, Random Forest macro F1-score increased from 0.66 with 
RFE-selected features to 0.72 with full features. This suggests that 
additional features excluded by RFE may contain subtle but important 
information contributing to models' ability to discriminate between 
classes. This finding highlights the importance of retaining compre
hensive feature sets, particularly in complex diagnostic datasets where 
feature interactions and dependencies may play critical roles in pre
diction.35 However, Logistic Regression performance remained rela
tively low (macro F1-scores of 0.59-0.60), even with balanced data, 
indicating that its linear nature may limit its ability to capture non-linear 
predictor relationships present in the dataset. This aligns with previous 
studies that have found ensemble models, such as Random Forest and 
XGBoost, to be more effective in handling complex datasets.36,37

Within Sub-Saharan African regions, where HIV continues to present 
significant public health burdens, these research outcomes carry sub
stantial practical significance. Developing accurate diagnostic predic
tion models for identifying pregnant women lacking previous HIV 
screening represents a critical intervention point for reducing vertical 
transmission risks whilst enhancing maternal-infant health trajectories. 
However, widespread use of imbalanced datasets in medical research 
may result in predictive models that fail to identify the most vulnerable 
populations. This study demonstrates that addressing class imbalance 
through techniques such as SMOTE can significantly enhance machine 
learning models' ability to identify women who have not been tested, 
thereby supporting targeted interventions in resource-limited settings. 
For policymakers and healthcare providers in Sierra Leone and similar 
contexts, these findings suggest that incorporating machine learning 
models into HIV testing strategies could optimise resource allocation 
and improve testing coverage. By focusing on the minority class, in
terventions can be more effectively tailored to reach untested women, 
thereby enhancing overall PMTCT programme effectiveness.

Although this study delivers meaningful contributions to machine 

learning applications in HIV testing prediction, certain methodological 
constraints warrant recognition. Primarily, our analysis utilised retro
spective SLDHS data from 2019, potentially introducing self-report 
inaccuracies and recall bias inherent in survey-based methodologies. 
For example, self-reported data on HIV testing may not always reflect 
actual testing behaviour, particularly in contexts where stigma and 
discrimination remain prevalent. Second, the study focused on a rela
tively small dataset, with only 990 instances, which may limit findings 
generalisability. Although SMOTE was used to balance the dataset, 
synthetic data may not fully capture real-world scenario complexity, 
potentially affecting model performance. Synthetic data use raises 
questions about real-world applicability, as it might not accurately 
reflect actual patient population diversity and nuances.

Another limitation involves RFE use for feature selection, which may 
not always identify the most relevant features for prediction. Whilst the 
study found that full features generally outperformed RFE-selected 
features, further research is needed to explore alternative feature se
lection methods that may better capture dataset nuances. Additionally, 
this study employed a fixed 0.5 probability threshold for binary classi
fication across all models. While this threshold is appropriate for 
balanced datasets and provides equal weight to both classes, alternative 
threshold selection strategies could be explored in future research. Data- 
driven approaches such as ROC curve analysis with Youden's Index 
optimization, or cost-sensitive threshold selection based on specific 
programmatic priorities (e.g., prioritizing sensitivity to minimize missed 
cases), may yield different optimal cutoff values. The choice of classi
fication threshold can significantly impact model performance metrics 
and should be tailored to specific implementation contexts and resource 
allocation priorities. Future studies should investigate threshold opti
mization strategies that account for the relative costs of false positives 
versus false negatives in HIV testing programs. Additionally, the study 
evaluated only a limited set of machine learning models. Whilst Random 
Forest and XGBoost performed well, other advanced models, such as 
deep learning approaches, were not explored. Future studies could 
investigate these models' potential to further improve prediction 
performance.

Finally, the study did not incorporate external validation using 
separate datasets, which is critical for assessing model robustness and 
generalisability. Findings should therefore be interpreted with caution, 
and future research should aim to validate these results using indepen
dent datasets from similar contexts. Incorporating external validation 
would enhance model reliability and ensure applicability in real-world 
settings, thereby supporting more effective public health strategies.

5. Conclusion

This study demonstrates that addressing class imbalance is funda
mental for developing accurate diagnostic prediction models for HIV 
testing status among pregnant women in resource-limited settings. Our 
findings reveal that conventional machine learning approaches trained 
on imbalanced datasets exhibit severe majority class bias (macro F1- 
scores: 0.46-0.57), rendering them unsuitable for clinical deployment. 
However, SMOTE-based balancing coupled with comprehensive feature 
engineering enables dramatic performance improvements, with 
Random Forest achieving 0.72 macro F1-score, representing 56% 
improvement over standard approaches. The ensemble algorithms 
(Random Forest, XGBoost) consistently outperformed linear methods, 
demonstrating superior capability for capturing complex, non-linear 
predictor relationships in HIV testing determinants. Critically, full 
feature retention outperformed dimensionality reduction, suggesting 
that features deemed less important by traditional selection methods 
still contribute valuable diagnostic information. These technical con
tributions provide a reproducible framework for developing diagnostic 
prediction models in similar public health contexts, with direct impli
cations for optimising PMTCT programme effectiveness. Future research 
should explore deep learning architectures, implement external 
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validation across multiple Sub-Saharan African contexts, integrate real- 
time electronic health record data, investigate alternative threshold 
optimization strategies tailored to specific programmatic priorities, and 
investigate hybrid balancing techniques beyond SMOTE. Additionally, 
prospective studies should evaluate real-world implementation out
comes, cost-effectiveness analyses, and healthcare provider adoption 
barriers to ensure these diagnostic models translate into measurable 
improvements in maternal and child health outcomes across resource- 
constrained settings.
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