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Abstract

Elimination of HIV transmission requires a multi pronged approach and com-mitment from all
stakeholders which includes machine learning engineers. The burden of HIV is highest in sub-
Saharan Africa where many countries are in the fight against the disease with a high number of
recorded people living with HIV, case in point Uganda with about 1.4 million clients. With the
recent advent of Artificial Intelligence, the capabilities in diagnostics have grown in leaps and
bounds by leveraging the Machine Learning and Deep Learning. In this study, we present an
ensemble learner model that predicts which HIV client’s next viral load using HIV viral load
laboratory test data. We ably trained and validated our learners on 70% of the data, and tested
them on the other 30% for a 5.7 million HIV viral load dataset of ART clients for the period 2019
to 2022 from the Central Public Health Laboratory of Uganda. Our findings showed that the
Staking technique outperformed the Bagging, random forest, decision tree, XG Boost,
Adaboost, KNN, linear regressors with an R2 score of 0.85, MAE of 0.42, and MSE of 0.41
improving the chances of predicting next visit viral load of Antiretroviral Therapy (ART) clients.
For model interpretability, we explored the LIME (Local Interpretable Model-Agnostic
Explanations) to provide an insight into the variables of importance during model training. Our
study demonstrates the potential of leveraging HIV viral load test data, statistical modeling and
machine learning techniques to predict Antiretroviral Therapy clients next visit viral load.

Keywords: Antiretroviral Therapy, Viral Load, Predictive Modelling, Ensemble Learning, Artificial
Intelligence (Al), Explainable Al
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1 Background

Human immunodeficiency virus (HIV), the main cause of the Acquired Immunodefi-ciency Syndrome
(AIDS) or Advanced HIV disease, has affected close to 38 million people across the globe according
to WHO statistics. A phylodynamic study showed that the origin of HIV in Uganda dates back to the
1960s and gradually spread to Kampala from south western Uganda in the 1970s with its highest
prevalence in early 1990s [1]. Human Immunodeficiency Virus (HIV) is a global concern with an
average annual mortality rate of 630,000 from Acquired Immune Deficiency Syndrome (AIDS) related
causes as reported by the World Health Organization [5]. The first known cases of HIV in Uganda
were recorded in the mid-1980s among expectant mothers in Rakai district, with a prevalence rate of
11%. Due to the uncontrolled spread of the disease from its onset, reaching a peak of 3.3 million
infections by 1992, representing 18% of the general population [7]. However, Uganda has done
considerable well in reducing HIV prevalence, to the current rate of 5.8%. The assessment also
defined adults aged between 15 and 64 years [8]. With the adoption of Antiretroviral therapy (ART)
treatment, there have been significant strides in the fight against the HIV/AIDS spread, among the
benefits are control of high patient mortality. However, for the treatment options to be effective,
adherence is extremely important to prevent the development of antiretroviral treatment failure. Also,
routine testing is needed to monitor patient outcomes of the treatment they are on in addition to
determining best treatment interventions or detect drug resistance to the treatment they are taking
[2]. A viral load test is used to confirm presence of HIV in blood. In the current Ugandan setting, a lot
of time is spent between sample collection, testing and eventual receipt of results by patients at
health centers which is a lost opportunity in providing patients with intensive adherence counselling
before they migrate to other locations or are totally lost to follow-up which in itself will lead to
increased spread of the disease among partners who are unaware of their HIV status. Machine
learning (ML) is a collection of statis-tical packages that can help us analyze and interpret patterns
and structures in data to facilitate learning, synthesis, and decision-making [16][17]. In recent years,
machine learning has demonstrated its potential in HIV prevention [11]. ML was employed in the
development and validation of an HIV prediction model for identification of candidates for pre-
exposure prophylaxis (PReP) [12] With the vast volumes of semantic data, disease risk prediction is
now a possibility using client demographic, clinical diagnosis, behavioral, laboratory results, and drug
prescriptions. This supports the use of electronic medical records as an input for development of
health care prediction models [13] Machine learning was also used in the prediction of Antiretroviral
Therapy patient retention and suppression for the setting in South Africa. Adherence to treatment,
addressing barriers to care, and early initiation of Antiretroviral Therapy after diagnosis are important
factors in managing HIV treatment effectively and pre-venting transmission [16].

A search for previously conducted studies in the field of diagnostics with ensemble learners
particularly in the field of HIV treatment. Specifically, a major gap in the reviewed literature
shows that many of the derived models are used as single algorithms that may not adequately
capture the complex, insights and relationships among variables not showing any weaknesses
that could lead to issues around bias or variance of the model training results. Equipped with the
HIV viral load test dataset from the Central Public Health Laboratories of Uganda, achieving the
aims of the study was made possible. This predictive model is intended to be a decision support
tool for healthcare workers in the diagnosis and treatment of HIV clients enrolled on
antiretroviral therapies.

2 Methods

The methodology in fig.1 describes how the model was derived; starting with inputting a 4 year
HIV Viral load dataset of the period 2019 to 2022 from the Central Public Health Laboratory of
Uganda. The patient Antiretroviral Therapy treatment records were studied to gather a
wholesome context of HIV key indicators from the laboratory test results. The dataset contained
HIV viral load test results of male and female clients either on antiretroviral therapy (ART)
performing a routine check or perform-ing a confirmatory test. The dataset contains 5.7 million
HIV viral load results of Ugandan ART clients aged 15 to 70 years.
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Fig. 1 Methodology

accurate and ready for analysis. This may involve removing incomplete records, handling
missing values, standardizing data formats, and encoding categorical variables to ensure that
the performance of the models is not negatively impacted.

2.1 Data Pre-processing

The dataset was pre-processed to study the features of interest in the data set and also to
clean, organize, impute, normalize and enhance the quality of the variables, to make it more
efficient and accurate for analysis. Through data imputation, missingness in variables of interest
was addressed. Anonymization of patient identifiers was performed to adhere to privacy and
confidentiality through label encoding to convert the unique identifiers to non-traceable
numbers.

2.2 Exploratory Data Analysis (EDA)
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Fig. 2 Suppression and Non-suppression figures
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Exploratory Data Analysis (EDA) was performed to analyze and visualize the pre-processed
data to gain insights, identify patterns, and understand the relationships between variables. In
the stacked bar graph (figure 2), we are shown the distribution of suppressing and non-
suppressing clients over the 4-year period, with a higher number of ART clients suppressing
compared to the non-suppressing clients for the period 2019 to 2022. It is also visible that the
non-suppressing client numbers reduced in numbers from 2019 to 2022 showing an
improvement is the HIV program in Uganda; however, this is still a huge number for the country.
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Fig. 3 Correlation Heatmap

A correlation heat map (figure 3) showing the relationships among the variables of the
dataset was derived from the dataset. From the heatmap, a number of pairs stood out as highly
correlated such as the viral load result and suppression variables which were also considered
features of importance for the model training shown in the feature importance bar graph (Figure
4).

In the feature importance diagram; the features that ranked high for the model training include
suppression, the unique id, date of results release, date of birth in descending order.

2.3 Model Training and Evaluation

Feature extraction was performed to select or create relevant features from the dataset that are
most significant for the analysis or modelling task. Data was split into train, test sets and

subjected to the machine algorithms by selecting the model architecture, and tuning hyper-
parameters to optimize model performance.
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2.4 Ensemble Learning Techniques

Depending on whether the task is a classification or regression in nature, ensemble learning
involves training of two or more machine learning algorithms. The algorithms that are applied
during the ensemble learning model development are referred as “base models”, “base
learners” or “weak learners”. The base models are usually designed with a single algorithm or
by the combination of several algorithms. Ensemble learning typically involves these three
approaches Bagging (bootstrap-aggregating), Boosting or Stacking (Blending) techniques to

introduce variability in the base models during training [19].

Bagging, also known as bootstrap aggregation, is an ensemble learning technique that
combines the positive attributes of bootstrapping and aggregation to produce a balanced model
that improves the predictive performance of the machine learning model [20].

Boosting trains a sequence of models where each model is subjected through training on a
weighted training set. Weights are assigned based on the errors of the previous models in the
sequence. The main concept behind sequential training is to have each model correct the errors
of its predecessor. This continues until the predefined number of trained models or some other
criteria are met.

Stacking uses the predictions of base models that are provided as input to a meta-model (or

meta-learner). The meta-model then takes the results of the predictions from the base models to
arrive at a final prediction.
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3 Results

3.1 Model Selection and Optimization

From the 5.7 million HIV Viral Load dataset that was for 2019 to 2023, the inclusion criteria of
considering Antiretroviral Therapy clients was atleast 3 previous viral load results during the period
under consideration which resulted in 1 million records that met the criteria. By splitting the dataset
into a ratio of 70:20:10, where 70% of the data was trained, 20% was tested during model
development and 10% for model validation. The data was subjected to ensemble learners by
selecting the model architecture, and tuning hyper-parameters to optimize model performance for the
best scores. The ensemble learner algorithms explored in this study comprised of Random Forest,
KNN, Decision Tree, Linear, ADA Boost, Gradient Boost and XGBoost Regressors. During the model
training, feature importance was examined and revealed as shown in figure 4, that the suppression
variable was the highest ranked during the training.

The evaluation metrics of Root Mean Squared Error(R2 score), Mean Absolute Error (MAE)
and Mean Squared Error (MSE) were derived to compare the performance of the 9 algorithms
which included 2 ensemble learners namely; Stacking, Bagging, Random Forest, Decision tree,
XGBoost, Gradient Boost, AdaBoost, KNN and Linear Regressors that were explored in the
study to make an informed choice of the most suitable model based on metric evaluation. The
results of the models derived as shown in Table 1, indicate that the Stacking Regressor
performed best with an R2 score of 0.85, MSE of 0.41 and MAE of 0.42

To achieve satisfactory metric scores prior to model training, the data was subjected to statistical
modeling that was implemented in the following ways. Before training the model with the guidance of
the heatmap, highly correlated features were eliminated while focusing on features of highest
importance like suppression and the target feature of viral load. During the model training, there were
discoveries of skewed results indicating that the dataset had imbalances in the records and this
called for application of log transformation. Log transformation is an essential approach when dealing
with skewed datasets where it improves model performance and visualization when implemented on
the target feature or dataset. Additionally, random sampling was per-formed on the data upon
identification of data artifacts that were introducing outliers in the results and causing high error rates
in the trained model. With the application of these data modeling approaches, the results were
satisfactory as shown in table 1. In figure 5, we observe the blue line representing the reported viral
load and yellow markers represent the next visit viral load. With this visualization, it clearly shows
that majority ART clients with high viral load count are non-suppressing and require immediate
intervention measures to keep them from negative effects such as developing drug resistance or
other comorbidities.

3.2 ML Model Selection Accountability

The inner workings of ML models should be understood by consumers of their results in order for
trust Al systems to grow. An algorithm that performs the task of providing that understanding is LIME
(Local Interpretable Model-Agnostic Explanations). It

Page 7 of 15



Metric/Algorithm R- Mean Mean
Squared Absolute Squared
Score Error Error
(MAE) (MSE)
Stacking Regressor 0.85 0.42 0.41
Random Forest 0.84 0.48 0.45
Regressor ‘
Bagging Regressor 0.82 0.5 0.52
Decision Tree 0.77 0.33 0.64
Regressor ‘
XGBoost Regressor 0.63 0.84 1.06
Gradient Boost 0.61 0.87 1.12
Regressor ‘
Linear Regressor 0.53 0.99 1.32
Adaboost Regressor 0.44 1.12 1.58
KNN Regressor 0.12 1.24 2.49

Table 1 ML Model & Ensemble Learner Results
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Fig. 5 Actual vs Predicted HIV viral load

provides a general framework for deciphering black boxes, explains the "why” behind forecasts or
suggestions made by Al and also addresses explainability concerns.

The LIME explainer takes the observation to be explained and the model prediction that is
supposed to be interpreted. Then it generates new samples around the observation to be
explained and produces the predictions of those new samples using the model.

The results from Random Forest Regressor with LIME shown in figure 6, shows the
suppression variable is of most importance overall in the prediction outcome for an Antiretroviral
Therapy client’s viral load prediction. For the decision tree regressor (figure 7), we see that the
suppression variable is of most importance in the prediction of the ART client next viral load.

In figure 8, the GBoost LIME Explainer shows that suppression variable is an important
during the prediction through the high ranking indicated in the diagram.
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For the KNN regressor in figure 9, the date of birth, treatment duration, current regimen, date
of result release, patient unique identifier and age are important variables for its prediction of the

viral load result.

For the linear regressor in figure 10, the year and suppression including the indication for

viral load testing are the important variables for the prediction.

In figure 11, we see from the XGBoost regressor that the suppression and date of birth variables are

of highest importance in the prediction of the model. The XGBoost
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Fig. 10 Linear Regressor LIME Explainer

regression model also provided the best prediction and therefore guides the variables to
consider for HIV viral load prediction.
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Fig. 11 XGB Regressor LIME Explainer

In figure 12, the ADA Boost Regressor shows the suppression variable is of most importance
overall in the prediction outcome of the model however, the result from the model training does
not rank higher than the XGBoost result.
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4 Discussion

In this work, the potential of utilizing HIV viral load laboratory test data with the ensemble
learners for the prediction of next visit HIV viral load result was demonstrated. The derived
models provided results using secondary laboratory test data from the Central Public Health
Laboratories, Uganda.

From the various illustrations of the LIME explainers of the algorithms considered for this study, and
from the review of the evaluation metrics where the Stacking Regressor model performed best, and
can be adopted in model deployment for decision support in a clinical or laboratory setting for ART
client health outcome prediction.

Due to resource constraints of compute power, and finance; next steps would be deployment of
the model in a real-world clinical setting to support decision making and capture of clinical
variables on Antiretroviral Therapy clients. With additional clinical variables about ART clients,
additional patterns can be discovered that would open other avenues for future studies in
addition to improving decision making for health care workers.

4.1 Limitations

In spite of our approach’s merits in using machine learning to predict HIV viral load for ART clients,
the study had some limitations. Among the limitations experienced during the study was the
unavailability of comprehensive datasets capturing both clinical and laboratory testing data about
ART clients. This is an issue experienced in low resource settings due to low adoption of digital or
information systems for patent management. The data available comprises mainly of laboratory HIV
viral load test results of ART clients and a few programmatic features captured at health facility level.
Addition of features such as socio-economic status of a client like there employment status, income
level, education level, marital status, and access to pyscho-social support among others would
provide a better picture for model predictions.
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5 Conclusion

In this work, we demonstrated the potential of utilizing HIV viral load laboratory test data with the
ensemble learners for the prediction of future viral load result. The derived models provided
results from analysis was conducted using secondary laboratory test data. Due to resource
constraints of time and finances, we otherwise would carry out the model deployment on a
platform with high volume of ART clients. Utilization of additional variables on Antiretroviral
Therapy clients such as clinical information would be beneficial and an avenue for further
studies. With these additional variables, other patterns would be discovered that would present
opportunities and improve decision making for health care workers.
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