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ABSTRACT
It is vital to accurately help understand who is at risk of HIV infection for proper prevention
planning and resource allocation. In the current study, 79% accuracy was achieved in the
predictive modelling of the risk of HIV infection in People Who Inject Drugs in North-West Nigeria
using machine learning. With this degree of predictive capacity, prevention can be improved to
the point that policymakers can limit new infections by tailoring interventions to target the likely
locations of new outbreaks and spread. More generally, this information can help optimize the use
of limited resources across the region. The analysis used 50,000 anonymized records collected
over three years across three states. Sociodemographic, psychosocial and behavioral risk factors
were incorporated in the models. Logistic Regression won against Random Forest and XGBoost
with an AUC score of 0.8578. Needle sharing, depressive symptoms, trauma exposure, and low
social support were key predictors of HIV infection. Findings underscore the significance of
including mental health screening and trauma-informed harm reduction within HIV prevention
for PWID in this region.

Introduction
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Human Immunodeficiency Virus (HIV), the virus responsible
for Acquired Immunodeficiency Syndrome (AIDS), remains a
major global public health concern. Improved antiretroviral
therapy and prevention reduce HIV infection rates, although
key populations are still disproportionately affected and bear
worse outcomes. Nigeria has one of the highest HIV burdens
in the world with about 1.9 million people living with it. There
exist large regional and population differences and key
populations like people who inject drugs (PWID) pose much
higher prevalence, indicating the need for targeted
prevention. People Who Inject Drugs (PWID) are highly
vulnerable to HIV due to risky injection and sexual
behaviours. Limited harm reduction, criminalization and
stigma further restrict access to health services and increase
risk [1]. The harm reduction and HIV prevention resources in
North-West Nigeria are minimal compared to the city in the
south and thus the PWID who live in rural and semi-urban
areas have little access to these necessary resources. But
some of the community-based initiation has been started to
address this issue. The psychosocial issues associated with
depression and stigma increase the HIV risk of PWID (People
Who Inject Drugs) by facilitating risky behaviours and
minimising access to supports [2].

   In order to improve HIV prevention among PWID in North-
West Nigeria, this study incorporates behavioral, psychosocial,
and sociodemographic data into predictive models. Using a
multidimensional framework, we create and assess machine
learning  models  that  take  into  account  behavioral  risks 

    When substance use disorders coincide with mental health
conditions, trauma exposure and HIV transmission patterns,
syndemics (a mutually reinforcing cluster of epidemics) are
created [3]. 

    Syndemic theory highlights that two or more health problems
and risk factors interact with each other’s effects. It makes the
combined health burden worse than the effect of either risk
factor alone [4]. Drug dependency, mental anguish, and
hazardous behaviours caused by the syndemic make PWID
more  prone to vulnerability. Presently, many tools for assessing 

HIV risk and predictive models now acknowledge these social
processes that previously did not receive attention due to
their restricted focus on sociodemographic data and
behavioral patterns (ignoring social-psychological factors
especially as they apply to marginalized groups). Recent
breakthroughs in predictive modeling and machine learning
aid in identifying high-risk individuals from PWID high-
dimensional datasets. Nevertheless, the usefulness of models
in practical, resource-constrained settings necessitates a
trade-off between accuracy and interpretability. Logistic
Regression can provide insight and practicality in these cases.

  The majority of HIV research conducted in Nigeria has
concentrated on treatment results, survival rates, and risk
factors in the general population. The unique vulnerabilities
of people who inject drugs (PWID) have only been addressed
by a small number of predictive systems [5-7]. Furthermore,
psychosocial factors like mental health conditions, trauma
history, and social support networks are rarely taken into
account in many of the current models, which mainly rely on
behavioral and sociodemographic variables. HIV risk among
vulnerable populations is shaped by complex interactions
between social, economic, and psychological factors, which
are often not fully captured in traditional predictive models
[8]. In North-West Nigeria, customized evaluation techniques
that incorporate behavioral, mental health, and
sociodemographic data may improve the identification of
high-risk PWID and facilitate the more efficient distribution
of public health resources.
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  HIV vulnerability has also been found to be significantly
predicted by sociodemographic traits. Males and younger
people were more likely to participate in behaviors that
increase HIV vulnerability, according to Durantini et al.'s
analysis of demographic factors linked to HIV infection risk.
The study demonstrated that when developing focused HIV
prevention interventions, demographic factors like age,
gender, and socioeconomic status should be taken into
account because they significantly influence risk behaviors
[13].

(such as needle sharing and high-risk sexual behaviors),
psychosocial indicators (such as depression, trauma history,
coping mechanisms, and social support), and demographic
factors (such as ethnicity, age, and gender). We show that this
multifaceted, context-adapted approach can guide data-
driven, trauma-informed, and locally relevant HIV prevention
strategies for PWID in resource-constrained settings by
identifying the most significant predictors and contrasting
interpretable models with more complex algorithms.

Literature Review

Recent advancements in machine learning and data analytics
have generated novel opportunities for predicting disease
risk and facilitating public health decision-making. Li et al.
investigated the utilization of machine learning techniques to
forecast HIV infection trends employing extensive socio-
behavioral datasets [9]. Their research examined data from
more than 120,000 individuals and evaluated various
predictive algorithms, such as Gradient Boosting Trees and
Support Vector Machines. The findings indicated that
ensemble learning models exhibited significant predictive
capability in identifying individuals at risk of HIV infection.
The authors determined that predictive analytics could
enhance targeted testing strategies and aid policymakers in
the allocation of resources for HIV prevention programs. 

  In the same way, Ramachandran et al. looked into using
machine learning methods to predict how long people would
stay in HIV care by combining electronic medical record
(EMR) data with demographic and community-level variables
[10]. Their research demonstrated that machine learning
algorithms outperformed conventional logistic regression
models in identifying patients at risk of discontinuing HIV
treatment programs. The authors stressed that predictive
modeling could improve healthcare delivery by helping to
find patients who might need extra help to stay in care.

   Behavioral determinants continue to be a primary factor in
the transmission of HIV among individuals who inject drugs.
Singer et al. and Endebu et al. emphasized that unsafe
injection practices, including the sharing of needles and
syringes, significantly increase the risk of HIV infection
among vulnerable populations [3,11]. Their findings showed
that unsafe injection practices, especially sharing dirty
needles and syringes, made PWID much more likely to get
HIV. Inconsistent condom uses and multiple sexual
partnerships were also found to be major causes of HIV
transmission. The authors emphasized the necessity of
augmenting harm reduction services, such as needle and
syringe programs, to mitigate HIV transmission within at-risk
populations [5]. 

 Psychosocial factors significantly influence HIV risk
behaviors. Babalola et al. investigated the correlation between
mental health disorders, stigma, and HIV risk among drug
users in Nigeria [12]. Their research indicated that individuals
suffering from depression, social isolation, and stigma were
more prone to partake in risky behaviors, including needle
sharing and unprotected sexual intercourse. The authors said
that psychosocial stressors often affect how people use
drugs, which makes them more likely to get HIV.
Consequently, they advocated for the integration of mental
health services into HIV prevention programs aimed at drug
users.

    The use of predictive modeling techniques to improve HIV
risk assessment is growing. Li et al. used logistic regression in
conjunction with LASSO feature selection to create a
predictive model to estimate the risk of HIV infection among
men who have sex with men [14]. Several important
predictors of HIV infection were identified by their study,
including drug use, multiple sexual partnerships, and risky
sexual behavior. The results showed that predictive systems
can reliably identify people who are at high risk of HIV
infection, supporting more targeted prevention interventions
and better screening methods.

    Important insights have also been provided by research that
focuses specifically on predictive modeling among drug users
in Nigeria. Using predictive modeling techniques, Nelson et al.
examined HIV risk factors among drug users and found that
factors like injection frequency, age, and behavioral risk
factors were significant predictors of HIV infection [6]. By
identifying people who might benefit from focused prevention
programs, their findings showed the potential of forecasting
models for public health decision-making.

  There is a lot of evidence that social and organizational
factors can make people more likely to get HIV. Ali et al.
examined the influence of stigma on healthcare accessibility
for individuals who inject drugs in Nigeria [15]. Their findings
indicated that stigma and discrimination often impede PWID
from obtaining healthcare services, including HIV testing and
treatment. Consequently, numerous individuals remain
undiagnosed and persist in high-risk behaviors, thereby
increasing the likelihood of HIV transmission within the
population. 

   Recent research has persistently underscored the efficacy
of machine learning in forecasting HIV risk. Alie and Negesse
created a machine learning model that used data from the
Demographic and Health Survey to predict HIV infection in
teens [16]. The research evaluated various algorithms and
determined that the J48 decision tree exhibited the greatest
predictive accuracy. The results showed that machine
learning models can greatly improve targeted screening
strategies and help reach global HIV prevention goals.

  Endebu et al. and Alhassan et al. utilized predictive
modeling techniques to assess the distribution of new HIV
infections within high-risk populations in Lagos State,
Nigeria [8, 11]. The study utilized the UNAIDS Incidence
Patterns Model to identify key populations involved in HIV
transmission, including female sex workers, men who have
sex with men, and individuals participating in high-risk
sexual behaviors [17]. The model forecasted around 3,979
new HIV infections over a twelve-month period and
emphasized the necessity of targeted prevention strategies
for at-risk populations [18]. 
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access to health services, unique social support systems, or
increased stigma and marginalization, all of which could
change their psychosocial risk profiles and behavioral
patterns. These differences could result in different HIV risk
factors than those found in this study. Future research should
aim to include people not reached by formal harm reduction
or HIV prevention services in order to establish broader
applicability and guarantee that predictive models are valid
across the entire spectrum of PWID. To evaluate and enhance
the generalizability of these results, prospective studies
assessing model performance in more varied and
community-based samples will be crucial. Predictive systems
were created using this dataset, and their performance under
standard programmatic conditions was assessed.

 Research emphasizing psychosocial determinants has
underscored the significance of mental health and social
support in mitigating HIV vulnerability. Collins et al.
investigated the correlation between mental health disorders
and HIV risk behaviors among injection drug users in Nigeria
[19]. Their research indicated that individuals suffering from
depression and anxiety were more prone to partake in
perilous behaviors, including needle sharing and unsafe
sexual practices. The authors emphasized the necessity of
integrating mental health services into HIV prevention
programs to tackle the underlying factors that facilitate HIV
transmission [20].

  Injection drug use remains a significant driver of HIV
transmission among key populations, particularly in high-
burden settings [21]. They found that drug users in areas with
few harm reduction services are becoming more vulnerable.
Their findings revealed that rural and semi-urban regions
often encounter elevated HIV risk due to inadequate medical
infrastructure and limited access to prevention programs.
The study emphasized the necessity for context-specific
interventions tailored to the realities of marginalized
populations, including PWID.

   A lot of current predictive systems focus mostly on socio-
demographic and behavioral factors, and not so much on
psychosocial factors like mental health issues, trauma
exposure, and social support. As a result, these models may
not completely account for the intricate factors affecting HIV
susceptibility in marginalized populations. Even though
machine learning techniques are being used more and more
in HIV research, there haven't been many studies that look
specifically at how to predict the risk of HIV infection among
people who inject drugs in North-West Nigeria. This study
aims to fill this gap by creating predictive models that
combine sociodemographic, psychosocial, and behavioral
factors to assess HIV infection risk among PWID in North-
West Nigeria.

Materials and Methods
Anonymized electronic medical records and information from
regular clinical procedures were used in this study's
retrospective design. People Who Inject Drugs (PWID)
enrolled in community-based HIV prevention and harm
reduction programs in Kebbi, Sokoto, and Zamfara States
between January 2021 and December 2024 were the focus of
the analysis. These states were chosen because their rural
and semi-urban areas lacked access to HIV prevention and
harm reduction services.

   In order to investigate the association between predictor
variables and HIV serostatus at the time the records were
extracted, the study used a cross-sectional research design. A
sizable database derived from actual program data
specifically, PWID enrolled in well-established community-
based harm reduction and HIV prevention programs was
used in the analysis. The availability of thorough, regularly
collected data that guaranteed precise measurement of risk
factors and outcomes prompted this focus on program-
enrolled participants. However, the results might not be
entirely applicable to all PWID in North-West Nigeria because
those who are not involved in these programs might differ in
important traits or risky behaviors. Outside of program
settings,  for  instance, PWID  may  have  varying  degrees  of 

Data sources and variables
The study collected data from implementing partners
offering HIV prevention and harm reduction services using
electronic medical record (EMR) systems with standardized
monitoring tools. Based on their theoretical significance and
previous research backing, the variables utilized in the
analysis were divided into three primary domains: behavioral
factors, psychosocial factors, and sociodemographic factors.
Age, gender, marital status, education level, employment
status, and place of residence (rural or urban) were among
the sociodemographic variables. These variables were chosen
because prior research has linked them to risk exposure, HIV
vulnerability, and access to healthcare services among
important populations.

   To identify signs of social vulnerability and mental health,
psychosocial variables were incorporated. Health care
providers evaluated these metrics while providing regular
services. The Patient Health Questionnaire-9 (PHQ-9), a
widely validated screening instrument frequently utilized in
low- and middle-income settings, was used to gauge the
severity of depression. Participants' self-reported trauma
history, coping strategies, and perceived social support were
measured using standardized program assessment
instruments that were in line with the Medical Outcomes
Study Social Support Survey.

    Needle and syringe sharing, injection practices, risky sexual
behavior, and access to harm reduction services like sterile
equipment and HIV testing were among the behavioral
variables that were measured. The outcome variable was HIV
serostatus, which was categorized as positive or negative
based on recorded rapid diagnostic results. To increase the
efficacy, robustness, and reproducibility of the model, data
preprocessing was carried out. Appropriate imputation
techniques were used to address missing values. Min–Max
scaling was used to normalize continuous variables, while
one-hot encoding was used for categorical variables.

    A lower percentage of HIV-positive cases compared to HIV-
negative cases led to class imbalance. The training dataset was
subjected to the Synthetic Minority Oversampling Technique
(SMOTE) in order to mitigate this unevenness and lessen model
bias. SMOTE was selected because it improves predictive
performance in imbalanced classification problems by creating
synthetic examples for the minority class without altering the
underlying data distributions. SMOTE was chosen in this
situation due to its ease of use and capacity to preserve model
interpretability, even though cost-sensitive learning techniques
that impose harsher penalties on incorrectly classified minority 

https://doi.org/10.61577/jaiar.2025.1000011


JOURNAL OF ARTIFICIAL INTELLIGENCE AND ROBOTICS
2025, VOL. 2, ISSUE 3

J. Artif. Intelli. Robot., 2025, 2, 1-10

4

© Reseapro Journals 2025
https://doi.org/10.61577/jaiar.2025.1000011

Figure 1. Workflow.

class examples were also taken into consideration. This
suggests a methodical approach to addressing class disparity
that takes into account the advantages and disadvantages of
various approaches. 

  To maintain the original dataset's class distribution, the
cleaned dataset was divided into training and testing subsets
using an 80:20 stratified split. To avoid data leakage, all data
preprocessing procedures were only used on the training set.

The entire machine learning workflow is depicted in Figure 1,
which started with the gathering of programmatic data and
electronic medical records from community-based harm
reduction initiatives. The dataset was cleaned, missing values
were handled, categorical variables were encoded, and
continuous variables were normalized using data
preprocessing techniques. The most important predictors of
HIV infection risk were identified using feature selection
techniques. After that, the dataset was divided into training
and test sets at an 80:20 ratio. The training dataset was used
to train three machine learning models: XGBoost, Random
Forest, and Logistic Regression [22]. Performance metrics
such as accuracy, precision, recall, F1 score, and the area
under the receiver operating characteristic curve (AUC-ROC)
were used to assess the models [23].

Model Development 

learning algorithms. Among these algorithms were Extreme
Gradient Boosting (XGBoost), Random Forest, and Logistic
Regression. The models were chosen to assess the distinctions
between more sophisticated non-linear ensemble approaches
and conventional linear methods. Because logistic regression is
widely used in epidemiological studies and produces results
that public health officials can easily understand, it was
included. Because of their capacity to represent intricate
relationships and nonlinear correlations between predictor
variables, Random Forest and XGBoost were chosen. 

    The models were developed using the training data. Cross-
validation was used for hyperparameter tuning in order to
enhance predictive performance and lower the possibility of
overfitting. To keep predictors with proven clinical and
programmatic relevance, feature selection combined domain
expertise with model-based importance metrics. 

In  this  study, models  were constructed using  three machine Logistic Regression

Figure 2. Logic regression model design.
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   The process of feature significance analysis showed which
factors most strongly predicted the risk of HIV infection. The
Logistic Regression results were examined by standardized
coefficients, whereas the Random Forest and XGBoost
models used tree-based importance measures to identify
their most important features. The analysis facilitated the
interpretation of the model results and demonstrated their
relevance for actual public health applications.

Random forest

By using a logistic function to model the relationship between
predictor variables and the binary outcome variable, logistic
regression calculates the likelihood of HIV infection. The
model computes a linear combination of the predictor
variables and applies a sigmoid function to convert the output
to a probability value between 0 and 1. Based on a predefined
threshold, individuals are then classified as either HIV
positive or HIV negative.

Figure 3. Random forest model design.

Random Forest is an ensemble learning algorithm that
constructs multiple decision trees using random subsets of
the dataset and predictor variables. Each tree independently
predicts the outcome, and the final classification is
determined by majority voting across all trees. This strategy
increases forecasting precision and reduces the risk of
overfitting.

XGBoost

Figure 4. XGBoost model design.

XGBoost is a gradient boosting algorithm that builds models
sequentially. Each new decision tree attempts to correct
errors made by the previous model. XGBoost improves
predictive accuracy by repeatedly reducing prediction errors
while applying regularization processes to control model
intricacy.

Model Evaluation and Performance Metrics

Model performance was evaluated on the test dataset using
multiple metrics to yield a comprehensive assessment of
forecasting ability. Accuracy was calculated to assess the
correct identification of HIV-positive and HIV-negative cases.
Sensitivity and specificity were also measured to evaluate the
models' ability to correctly classify each group. The area
under the receiver operating characteristic curve (AUC-ROC)
was selected as the primary metric to assess the models'
discriminative ability.

Ethical Considerations
Ethical approval for the use of de-identified programmatic
data was obtained through the appropriate institutional and
programmatic review processes. All data were anonymized
prior to analysis to ensure that no personally identifiable
information was included. The study was carried out in
accordance with established ethical protocols for secondary
data analysis and adhered to national and international
standards for research involving human subjects [24]. 

Results 

The final analytical dataset consisted of approximately 50,000
records of People Who Inject Drugs (PWID) obtained from
community-based harm reduction and HIV prevention
programs operating across Kebbi, Sokoto, and Zamfara States
in North-West Nigeria between January 2021 and December
2024. After data cleaning, deduplication, and preprocessing,
the dataset was used to train and evaluate machine learning
models designed to predict HIV infection risk among PWID.

   The dataset included a combination of sociodemographic,
psychosocial, and behavioral variables. Sociodemographic
variables included age, gender, marital status, education level,
employment status, and place of residence. Psychosocial
variables included depression severity, trauma exposure,
coping mechanisms, and perceived social support. Behavioral
variables included needle-sharing practices, frequency of
injection drug use, condom use, and engagement in high-risk
sexual behaviors.

    The outcome variable used for model development was HIV
serostatus, recorded as a binary variable indicating whether
the individual tested HIV positive or HIV negative based on
documented rapid HIV test results. The prevalence of HIV
infection among the study population was 35.8%, which is
substantially higher than the national HIV prevalence rate,
pointing to the elevated vulnerability of PWID in North-West
Nigeria.
Table 1. Summary of dataset characteristics.

Variable Variable

Total records 50,000

HIV Positive 17,895 (35.8%)

HIV Negative 32,105 (64.2%)

Study States Kebbi, Sokoto, Zamfara

Predictor Variables Needle sharing, depression, trauma
exposure, social support, sexual
behavior

Outcome variable HIV Status (Positive / Negative)

Data splitting and model training
The cleaned dataset was divided into training and testing
subsets using an 80:20 stratified split to preserve the class
distribution of HIV-positive and HIV-negative cases. The
training dataset was used to build the prediction algorithms, 
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Table 2. Confusion Matrix of Predictive Models.

Logic Regression Predicted Positive

Actual Negative 5449

Predicted Negative

972

Actual Positive 1160 2419

Random Forest Predicted Negative

Actual Negative 5346

Predicted Positive

1075

Actual Positive 1083 2496

XGBoost Predicted Negative

Actual Negative 5354

Predicted Positive

1067

Actual Positive 1098 2481

Table 3. Performance metrics of machine learning models.

Model Accuracy (%) F1 Score (%)Precision (%) Recall (%) AUC-ROC

Logistic Regression 78.68 69.4171.34 67.59 0.857

Random Forest 78.42 69.8269.90 69.74 0.852

XGBoost 78.35 69.6269.93 69.32 0.858
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while the testing dataset was used to evaluate their
performance. Three machine learning algorithms were
trained and evaluated in this study: Logistic Regression,
Random Forest, and Extreme Gradient Boosting (XGBoost).
Logistic Regression was selected for its explainability and
broad use in epidemiological research. Random Forest and
XGBoost were selected because they are ensemble learning
methods capable of modeling complex nonlinear relationships
between predictor variables and the outcome.

    To address class imbalance within the dataset, the Synthetic
Minority Oversampling Technique (SMOTE) was applied to
the training dataset. Model parameter tuning and cross-
validation methods were implemented during the training
phase to improve generalization and reduce the risk of
overfitting.

Confusion matrix

Among the three models evaluated, Logistic Regression
demonstrated the best overall performance, achieving 78.68%
accuracy and an AUC-ROC of 0.8578. This indicates a strong
ability of the model to distinguish between HIV-positive and
HIV-negative individuals within the dataset.

Model effectiveness metrics
The predictive performance of the machine learning models
was evaluated using several classification metrics, including
accuracy, precision, recall, F1-score, and the area under the
receiver operating characteristic curve.

The confusion matrix was used to evaluate the predictive
systems' classification performance. It provides a detailed
summary of how well the model correctly classified HIV-
positive and HIV-negative cases.

    The Random Forest model achieved 78.42% accuracy and an
AUC of 0.852, while the XGBoost model achieved 78.35%
accuracy and an AUC of 0.858. Although the ensemble models
were capable of detecting complex nonlinear interactions
among predictor variables, their predictive advantage over
logistic regression was relatively small.

Feature importance analysis 
Feature significance analysis was conducted to identify the
most influential predictors of HIV infection risk among PWID.
The analysis showed that needle sharing was one of the
strongest predictors of HIV infection, reinforcing its role as a
principal transmission pathway among people who inject
drugs.

   In addition to behavioral risk factors, several psychosocial
variables were also found to considerably influence HIV
infection risk. These included depression severity, trauma
exposure, and low levels of perceived social support.
Individuals reporting higher levels of psychological distress
were more likely to engage in risky injection and sexual
behaviors, which increased their vulnerability to HIV
infection.

  The findings also indicated that limited access to harm
reduction services resulted in increased HIV risk among
PWID. Participants who reported problems accessing sterile
injection equipment or HIV prevention services were more
likely to engage in unsafe injection practices.

ROC curve analysis

The Receiver Operating Characteristic (ROC) curves illustrate
the predictive performance of the three machine learning
models. The XGBoost model achieved the highest AUC of
0.858, followed closely by logistic regression (0.857) and
random forest (0.852), indicating strong discriminative ability
across all models in predicting HIV infection risk among
people who inject drugs.

   Overall, the predictive models showed comparable ability in
identifying HIV infection risk among PWID. Although logistic
regression achieved the highest classification effectiveness,
the XGBoost model showed slightly superior discriminative
performance based on the AUC metric. These data suggest
that both traditional statistical models and ensemble machine
learning methods can effectively predict HIV infection risk
using behavioral and psychosocial.
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distress, and limited access to harm reduction services.
Research by Tsai and Burns and Babalola et al. emphasized
the role of psychosocial and behavioral factors in increasing
vulnerability to HIV infection [4,12].

Discussion
Using a dataset of about 50,000 records, this study used
machine learning techniques to predict HIV infection risk
among people who inject drugs (PWID) in North-West Nigeria.
The findings demonstrate that machine learning models can
successfully identify people who are more likely to contract
HIV based on behavioral, psychosocial, and sociodemographic
characteristics. Strong predictive performance was attained
by the assessed models overall, indicating that analytics-
based methods can assist focused HIV prevention tactics
among at-risk groups. 

   The XGBoost model showed the best discriminative ability
with an AUC value of 0.858, while logistic regression achieved
the highest classification effectiveness of 78.68% among the
models assessed. With an accuracy of 78.42% and an AUC of
0.852, the random forest model likewise demonstrated
competitive performance. When the right predictor variables
are included in the analysis, both ensemble machine learning
techniques and conventional statistical methods appear to be
capable of accurately predicting HIV infection risk, as
evidenced by the comparatively small performance
differences between the models.The logistic regression
model's excellent performance is in line with earlier research
showing the value of interpretable statistical models in
epidemiological studies. For instance, Li et al. found that when
modeling HIV infection risk using extensive behavioral
datasets, logistic regression and gradient boosting algorithms
achieved similar predictive performance [4,9]. In a similar
vein, Ramachandran et al. discovered that machine learning
models applied to electronic medical records could accurately
identify people who were at risk of poor HIV-related health
outcomes.

  These outcomes indicate that prognostic algorithms can
have a significant part in improving the initial identification of
individuals who may benefit from targeted HIV testing and
prevention services.

  The study's findings also highlight the significance of
behavioral and psychosocial factors in influencing injecting
drug users' risk of contracting HIV. HIV infection risk was
significantly predicted by factors pertaining to injection
practices, mental health issues, and social support. These
results are consistent with earlier studies that found the
primary causes of HIV transmission among drug-using
populations to be unsafe injection practices, psychological 

   Despite the encouraging results, there are a few things to
be aware of. First, programmatic records gathered from harm
reduction services provided the dataset for this study, which
may not accurately reflect all PWID populations in the area.
Second, self-reported data was used for some behavioral
variables, which could lead to reporting bias. A number of
actions were done to reduce bias and enhance the quality of
the data. During the preprocessing phase, well-established
imputation techniques were applied to handle any missing
data, reducing the possibility of data loss or analysis
distortion. Standardized questionnaires were used to
increase response reliability, and self-reported behavioral
variables were validated against available clinical records
whenever possible. Needle sharing, for example, is frequently
underreported because of stigma and reluctance to reveal
risky behaviors; research in comparable settings indicates
that true rates may be 15–30% higher than reported, which
could result in an underestimation of its predictive impact
within our models [25]. Lastly, even though machine learning
predictors are capable of producing precise forecasts, their
effectiveness may differ depending on the population or
location. Therefore, independent datasets from different
regions should be used in future research to test the
predictive systems.

    These results highlight how predictive analytics can improve
HIV prevention initiatives from a public health standpoint.
Prediction algorithms can support focused outreach, maximize
the distribution of prevention resources, and enable prompt
intervention strategies by identifying people who are most at
risk of HIV infection. Evidence-based decision-making tools
allow public health programs to concentrate on interventions
for populations most at risk in settings with limited health care
resources, like North-West Nigeria.

  Overall, this study demonstrates that HIV infection risk
among drug injectors in North-West Nigeria can be
effectively predicted using machine learning techniques.
Predictive models that incorporate behavioral, psychosocial,
and sociodemographic variables provide insightful
information that can improve public health interventions for
at-risk groups and guide focused HIV prevention strategies.

Table 4. Comparative analysis with other studies.

Study Datase AUCAlgorithm Used Accuracy

Li et al., 2020 [4] Socio-behavioral dataset (120,000 records) Gradient Boosting 76.8% 0.81

Ramachandran et al., 2020 [5] Electronic Medical Records Random Forest 78% 0.83

Alie & Negesse, 2024 [16] Demographic and Health Survey Decision Tree (J48) 81.29% 0.84

Li et al., 2022 Behavioral dataset Logistic Regression 75% 0.80

This Study 50,000 PWID records Logistic Regression 79% 0.8578

Comparing the analysis with previous studies emphasizes
the effectiveness of the predictive systems developed in this
research. For example, Li et al. reported an accuracy of
76.8% when using gradient boosting algorithms to predict
HIV infection risk based on socio-behavioral data. Similarly,
Ramachandran et al. applied Random Forest models to
electronic  medical  records,  achieving  approximately 78% 

success in predicting HIV care outcomes. More recently, a
decision tree-based predictive model using demographic
and health survey data reported an accuracy of 81.29%
[2,26].

   In comparison, the predictive systems developed in this
study demonstrated competitive performance. The logistic
regression  model  attained  an  accuracy  of  79%  with  an 
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barriers, pilot integration projects could be undertaken to
assess feasibility in local programs, with a focus on capacity
building for staff and leveraging community-based peer
support networks. Incorporating brief, validated screening
tools and offering targeted training sessions can help to
minimize the additional resource burden. Collaborations with
mental health professionals and ongoing supervision can
further support sustainable implementation and improve
outcomes for PWID receiving these services.

AUC-ROC value of 0.8578, indicating strong discriminatory
ability when distinguishing between HIV-positive and HIV-
negative individuals among people who inject drugs in North-
West Nigeria. Although some machine learning models, such
as decision trees, may achieve slightly higher accuracy in
certain contexts, logistic regression offers an important
advantage in interpretability. This makes it especially suitable
for public health decision-making in resource-constrained
settings where model lucidity and ease of implementation are
essential [27].

  Furthermore, unlike many previous studies that focused
primarily on socio-demographic or behavioral factors, the
present study includes sociodemographic, psychosocial, and
behavioral determinants into the predictive modeling
framework. This multidimensional approach permits a more
in-depth understanding of HIV vulnerability among people
who inject drugs. Consequently, the findings of this study
contribute to the expanding body of research demonstrating
that predictive analytics can support targeted HIV prevention
strategies and advance public health interventions among
high-risk populations [28].

Conclusion and Findings

This research shows that machine learning methods can
accurately predict HIV infection rates among People Who
Inject Drugs (PWID) in North-West Nigeria through
leveraging routine program data and electronic medical
records. The study creates a unified predictive framework
that integrates sociodemographic, psychosocial, and
behavioral factors, delivering a comprehensive understanding
of HIV vulnerability within this high-risk population lacking
adequate medical care. The study shows that PWID in Kebbi,
Sokoto, and Zamfara States experience high HIV prevalence,
demonstrating the need for focused prevention strategies
beyond standard approaches. Unsafe injection practices
considerably contribute to HIV risk among PWID. The study
identified psychosocial factors such as trauma history,
depression, and low social support as strong predictors of
HIV infection risk. Based on these findings, integrating
practical trauma-informed interventions into HIV prevention
programs is strongly recommended. For example, health
systems and community organizations serving PWID could
implement standardized mental health and trauma screening
(such as including the PHQ-9 depression questionnaire and
brief trauma history assessments) at first contact with clients.
By adopting routine psychosocial assessment during program
intake, practitioners can more effectively identify individuals
in need of targeted mental health support and harm
reduction services, making trauma-informed care a concrete
and actionable element of HIV prevention efforts.

 Despite these recommendations, implementing routine
trauma-informed screening in HIV prevention programs does
present several challenges. Resource constraints, such as
limited staffing, time, and funding, may hinder the
widespread adoption of psychosocial assessments in already
overburdened service settings. Additionally, healthcare
providers and community workers may require additional
training to administer mental health and trauma screening
tools accurately and to respond effectively to disclosures of
psychological distress or trauma. Ensuring the confidentiality
and safety of clients during screening is also critical,
especially in environments where stigma around substance
use  and  mental  health  remains  high. To  address  these 

    Logistic Regression emerged as the best-performing model,
achieving high accuracy whilst maintaining interpretability.
This finding is particularly relevant for resource-constrained
environments, where transparent and easily implementable
systems are essential for translating predictive analytics into
effective decision-support tools. The results show that
organizations should prioritize interpretable models over
more complex algorithms when implementing public health
programs, as clarity and usability are critical for successful
adoption.

  The findings show that data-driven risk stratification can
support public health practitioners in allocating limited HIV
prevention resources increasingly efficiently and equitably.
Predictive modeling allows community-based harm reduction
programs to identify individuals at elevated risk and intervene
before adverse health outcomes occur. This approach
supports the formulation of targeted, trauma-informed
interventions that address the specific needs of people who
inject drugs (PWID), particularly those living in rural and semi-
urban areas. 

  The implementation of predictive modeling in real-world
settings has the potential to produce several measurable
intervention outcomes. For example, programs could achieve
reduced HIV incidence among PWID populations by focusing
prevention and testing efforts on those at highest risk as
identified by the models. Improved linkage to care is another
likely outcome, as earlier identification of high-risk individuals
allows for prompt referral to HIV treatment and psychosocial
support services. To evaluate the real-world impact of
predictive modeling approaches, key performance indicators
such as decreased rates of new HIV infections, increased rates
of timely ART initiation, and improved retention in harm
reduction and care programs should be measured over time.
Additionally, comparing outcomes in intervention sites using
predictive algorithms with those using standard care could
provide evidence of effectiveness and inform scale-up
decisions. Continuous monitoring and periodic evaluation of
these measurable outcomes will help ensure that predictive
modeling contributes meaningfully to HIV prevention and
improved health outcomes for PWID in North-West Nigeria.

 Despite these contributions, the study has several
limitations. The analysis relied on retrospective
programmatic data and self-reported behavioral information,
which may introduce reporting bias. Nevertheless, the
research offers a strong basis for future research. Further
studies should validate and refine the predictive systems
using prospective data and apply them in different
geographic settings to assess their generalizability. One
recommended next phase is to conduct a prospective
validation study over a 12- to 24-month period using a new
cohort of PWID enrolled in harm reduction programs, with
success measured by the model's predictive accuracy, clinical
usefulness, and the rate of successful identification and
follow-up of high-risk  individuals. Overall, the  findings show 
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