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Abstract

HIV/AIDS remains a major global health challenge, with Sub-Saharan Africa carrying the highest burden. In Kenya, where adult
prevalence is 4.3%, treatment interruption (IIT) continues to undermine antiretroviral therapy (ART) outcomes. This study
applied machine learning (ML) to identify predictors of IIT and guide interventions in Machakos County, where prevalence is
3.3% and relies on manual appointment management of patients, physical tracing and phone tracing of patients. A retrospective
cross-sectional study used secondary data from KenyaEMR covering 14,339 adults on ART between 2020 and 2024. Data
preprocessing included cleaning, anonymization, imputation, encoding, LASSO feature selection, and SMOTE oversampling.
Descriptive statistics and chi-square tests assessed associations, while Random Forest (RF), XGBoost, and Support Vector
Machine (SVM) models were trained and validated to predict IIT. Overall, 910 patients (6%) experienced IIT. Risk was highest
among adolescents and young adults (15-24 years), single individuals, urban residents, patients with viral load >1000 cps, those
on ART <12 months, TB co-infected, and non-DTG regimen users. Poor adherence, unstable status, lack of phone ownership,
and shorter refill durations also predicted IIT. Non-significant factors included sex, CD4 count, counseling, and clinic workload.
Among models, RF achieved the best performance (recall 0.97, precision 0.87, F1 0.92, AUROC 0.96, accuracy 0.91),
outperforming XGBoost and SVM. IIT in Machakos County is shaped by demographic, clinical, socioeconomic, and health
system factors. Random Forest showed the best predictive capacity, highlighting the value of ML for early identification of
at-risk patients. Strategies should include DTG scale-up, early retention support, multi-month dispensing, and digital health
interventions. Integrating predictive analytics into EMRs can strengthen HIV program outcomes.
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1. Introduction

HIV/AIDS stands as one of the most difficult health prob-
lems worldwide [1]. As per the Joint United Nations Pro-
gramme on HIV/AIDS (UNAIDS), approximately 37.9 mil-
lion individuals globally were living with HIV by the end of
2018, 1.7 million individuals contracted HIV and while
770,000 lost their lives due to AIDS-related complications
[3].

27.5 million individuals had been put on antiretroviral
therapy (ART) as of 2020 [12]. According to 2019 data on
HIV globally, Sub-Saharan Africa contributed 25.7 million
individuals with HIV globally. Eastern and Southern Africa
had around 20.7 million while Western and Central Africa 4.9
million. Around 730,000 new infections were recorded in
Eastern and Southern Africa and 240,000 in Western and
Central Africa. The number of mortality due to HIV/AIDS
was 300,000 in Eastern and Southern Africa and 140,000 in
Western and Central Africa [14]. Kenya, situated within this
region, struggles with a particularly high prevalence of
HIV/AIDS, with an estimated 1.5 million people living with
the virus in 2018.

In 2020, HIV/AIDS prevalence in Kenya, for adults was
4.3%, with women having higher prevalence at 5.5%, than
men at 2.9%. In 2014, Kenya promised improving HIV/AIDS
prevention interventions by coming up with the Kenya
HIV/AIDS Prevention Revolution Roadmap 2030. The
country had a goal to ensure that the rate of HIV/AIDS new
infection is as low as 75%. This was to be made possible
through the Kenya AIDS  Strategic Framework
2014/15-2018/19. Despite all these interventions, the country
failed to realize the HIV/AIDS prevention objective by 2019
and has reprioritized lowering new HIV/AIDS infections, the
major goal of the Kenya AIDS Strategic Framework II,
2019/20- 2024/25. There were thirteen counties that contrib-
uted to a large proportion of the country’s new infections with
Machakos County being one of them, having 72% of new
infections. Additionally, twenty-two counties, including
Machakos County, had an elevated HIV/AIDS prevalence in
Key population (KPs) and the general population [7].
Machakos County did not also achieve global and national
targets to ensure that HIV/AIDS infection is reduced by 72%
between 2013 and 2021 [8]. Additionally, Machakos County
has a HIV/AIDS prevalence of 3.3%. The prevalence also
needs to be reduced to 0% to help reduce the HIV/AIDS
transmission rate within the region [9].

Treatment interruptions, defined as disruptions or irregu-
larities in HIV/AIDS medication adherence, lead to severe
risks for both individual health outcomes and broader public
health objectives. These interruptions can lead to drug re-
sistance, CD4 count losses, a rise in mortality and morbidity,
disease progression and increase in HIV transmission to the
community [13]. HIV drug resistance arises from the virus’s
high mutation rate and rapid replication, driven by the er-
ror-prone reverse transcriptase enzyme that introduces genetic
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variations during replication [22, 23]. These mutations can
alter viral enzymes and proteins, reducing the effectiveness of
antiretroviral drugs and leading to treatment failure [24, 25].
Inconsistent adherence or suboptimal drug levels further se-
lect for resistant strains, increasing viral load and heightening
the risk of treatment interruption (IIT) [26]. Machine learning
(ML) models, such as Random Forest, XGBoost, and SVM,
can predict these dynamics by analyzing complex interactions
among viral, clinical, and behavioral variables such as viral
load trends, ART regimen types, adherence patterns, and
demographic factors [27]. By identifying early warning signs
of resistance and potential treatment failure, ML models en-
able timely interventions, including regimen adjustments and
targeted adherence support [28]. Integrating these predictive
tools into HIV programs can therefore help mitigate drug
resistance and reduce IIT, ultimately improving long-term
ART outcomes

HIV/AIDS programs have tried putting more effort into
ensuring that the epidemic is managed and controlled. How-
ever, treatment discontinuation in antiretroviral therapy (ART)
has negatively impacted on their efforts to manage HIV/AIDS,
leading to viral rebound.

There are specific characteristics associated with IIT pa-
tients including age, gender, CD4 cell count and education
level [15]. Medication-related factors, healthcare system,
psychosocial reasons, employment status and poverty are also
some of the factors linked to treatment interruptions. There-
fore, perfect treatment adherence requires a continuous
availability of drugs, educating patients on HIV/AIDS treat-
ment and guidance on side effects management [16].

HIV/AIDS treatment interruptions by patients need to be
addressed so that the life of patients is taken care of and pro-
tected from earlier loss of life due to the infection. One of the
various ways to address it involves the use of machine
learning whereby a client who is likely to be an IIT is detected
earlier and various strategies put in place to ensure that this
client is prevented from becoming an IIT before it happens.
Machine learning focusses on studying the scientific aspects
of algorithms and statistical models enabling computer sys-
tems perform tasks without being manually programmed [6].
Machine learning approaches have been applied to reduce the
rate of interruptions in treatment, improve adherence to
treatment by patients for better health results and reduce
transmission. We see the use of binary classification tech-
niques involving neural networks, tree-based models and
logistic regression to predict patients’ interruption in treat-
ment. They demonstrated high prediction accuracy. The
boosted tree model has been used for interruptions in treat-
ment prediction, and performance was also good. There is
also the use of random forest model in predicting IIT and the
model produced good performance [17]. Boosting tree and
Extreme Gradient Boosting have also been employed to pre-
dict future interruptions [18]. Esra justifies that machine


http://www.sciencepg.com/journal/ijdsa

International Journal of Data Science and Analysis

http://www.sciencepg.com/journal/ijdsa

learning models help retain patients on treatment and enhance
the effectiveness of HIV/AIDS care interventions since they
can identify early enough these patients that are likely to
become IIT, and the models performed better [19].

ML approaches have also been employed for prediction in
different fields, for instance, Decision Tree (DT), random
forest (RF), Naive Bayes (NB), Logistic Regression (LR),
XGBoost (XGB), Gradient Boosting Classifier (GBC), Arti-
ficial Neural Network (ANN) and Support Vector Machine
(SVM) have been used for prediction of mental health [4].
The XGBoost classifier and SVM have also been used for
Prediction of COVID-19 Severity, where the XGBoost
achieved an accuracy of 97% and 98% precision, while SVM
achieved 97% accuracy and 96% precision [11]. We also see a
scenario where extreme gradient boost, multivariate linear
regression and random forest have been used to predict daily
rainfall amount, and the Extreme Gradient Boosting per-
formed better than others [5]. Decision Tree (DT), Support
Vector Machine (SVM), Gradient Boosting (GB), Logistic
Regression (LR), K-Nearest Neighbor (KNN) and Random
Forest (RF) have all been applied in diabetes prediction, and
Random Forest had the best accuracy performance [2]. Naive
Bayes and a random forest have also been used in detecting
the presence of diabetes, heart disease and cancer and a per-
formance analysis conducted [20]. Due to its simplicity and
flexibility in addressing classification tasks, Support Vector
Machine has also been used in predicting diagnosis and
prognosis of brain diseases [10]. Various techniques have
been used to accurately arrive at features or factors that are
associated with IIT. One of the techniques is the Least Abso-
lute Shrinkage and Selection Operator (LASSO) model. It
possesses the ability to induce coefficient shrinkage and var-
iable selection improving performance metrics of models. Its
regression is the best in feature selection due to its ability to
handle high-dimensional data and improve model interpreta-
bility. It performs both variable selection and regularization
by penalizing the absolute size of the regression coefficients,
effectively shrinking less important coefficients to zero. This
helps in identifying the most relevant predictors while mini-
mizing overfitting. Compared to traditional methods. It en-
hances model efficiency, especially when multicollinearity
exists among variables, and ensures that only the most sig-
nificant features contribute to the predictive performance of
the model [21]. It is evidenced that machine learning models
are good in prediction, since they have been used in different
fields for prediction, and they have performed better. They
can therefore be applied in this study to help in predicting
HIV/AIDS interruption in treatment and therefore help in
retaining the clients on care and preventing loss of life due to
HIV/AIDS infection.

The study area for this research is Machakos County, lo-
cated in Kenya's Lower Eastern Region. Machakos County

mirrors the broader challenges faced in combating HIV/AIDS.

However, specific factors contributing to treatment interrup-
tions in this area may differ from those observed in other
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regions of the country. Sociodemographic characteristics,
clinical factors, socioeconomic status, access to healthcare
services, and the organization of the health system are among
the many factors that play crucial roles in determining treat-
ment adherence among HIV/AIDS patients.

By looking at Machakos County, this study intends to im-
prove the global knowledge on HIV/AIDS treatment inter-
ruptions while concurrently informing evidence-based inter-
ventions tailored to the local environment. Insights gathered
from this study possess the potential to empower policymak-
ers, healthcare providers, and public health practitioners to
craft targeted strategies aimed at enhancing treatment adher-
ence, strengthening health outcomes, and ultimately propel-
ling progress towards ending the epidemic by 2030. This
study aspires to chart a course towards more effective
HIV/AIDS management models, not only within Machakos
County but also across broader geographical and sociocultural
contexts.

Therefore, this study aims to fill a gap in current HIV/AIDS
research by applying the models to predict treatment inter-
ruptions among patients in Machakos County, Kenya. This
was achieved by identifying machine learning algorithm for
HIV/AIDS treatment interruption prediction, important pre-
diction variables for IIT using feature selection, the models
for predicting IIT, and comparing the performance of the
models for IIT prediction for ART patients in Machakos
County. This research seeks to inform evidence-based inter-
ventions aimed at managing interruptions in treatment and
improving health outcomes for HIV/AIDS patients in the
region.

2. Equations

1) ROC-AUC (Area Under the Receiver Operating Char-

acteristic Curve)

The AUROC is a performance metric that shows how well
the model distinguishes between the positive class (IIT) and
the negative class (non-IIT) at various threshold settings. The
ROC (Receiver Operating Characteristic) curve plotted the
True Positive Rate (Recall) against the False Positive Rate (1 -
Specificity).

AUC = [ TPR(FPR)d(FPR)
Where:

TPR (True Positive Rate) =
True positive(TP)
True Positive(TP)+False Negative(FN)

FPR (True Positive Rate) =
False positive(FP)
False Positive(FP)+True Negative(TN)

2) Precision (Positive Predictive Value): It is the proportion
of true positive predictions out of all predictions where
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the model predicted the positive class (IIT).

True Positives (TP)
True Positives(TP)+False Positives(FP)

Precision =

3) Recall (Sensitivity, True Positive Rate): 1t is the meas-
urement of the proportion of actual positive cases (IIT)
that the model correctly identifies.

True Positives (TP)
True Positives (TP)+False Negatives (FN)

Recall =

4) F1-Score (Harmonic Mean of Precision and Recall): Tt
is the harmonic mean of Precision and Recall, providing
a single metric that balances the two.

Precision.Recall

F1 — Score = 2.

Precision + Recall

5)  Accuracy: 1t is the proportion of all correctly pre-
dicted cases (both true positives and true negatives)

out of the total number of predictions.

True positives(TP)+True Negatives(TN)

Accurcay =
Y Total population

Where:
TP = True Positives (correctly predicted IIT)
TN = True Negatives (correctly predicted non-IIT)

3. Materials and Methods

3.1. Data Source and Study Objective

The data was obtained from an electronic medical record
(Kenyaemr) among care and treatment public health facilities
within Machakos County Kenya. The data was then exported
to excel. The data consisted of 14,339 patients aged >18 years
on ART between January 2020 and December 2024. Variables
included Demographic (age, marital status, sex, residence);
Clinical/Treatment (CD4, viral load, ART duration, TB status,
regimen, categorization, adherence); Socioeconomic (educa-
tion, employment, mobile phone access); Health System
(MMD, dispensing site, DC model, counseling, QOC, HCW
workload). Outcome: ART status (Active vs. IIT). The pri-
mary objective of the study was to apply advanced machine
learning models including Support Vector Machine, XGBoost
and Random Forest to predict interruptions in HIV/AIDS
treatment among patients in Machakos County with an aim of
reducing the rate of interruptions in treatment by HIV/AIDS
patients.

3.2. Data Preprocessing

The data was exported to excel, which contained anony-
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mized, patient-level data. Anonymization process involved
generalization, aggregation and deletion of personally identi-
fiable information. Missing values were handled by mode
imputation while label encoding converted categorical pre-
dictors. The Synthetic Minority Oversampling Technique
(SMOTE) corrected class imbalance in the dataset and
LASSO selected key predictors.

3.3. Data Analysis

Chi-square test was used for the analysis of categorical
variables to determine factors associated with IIT.

3.4. Model Development

The processed data was divided into 80: 20 (train: test)
using stratified sampling. Random Forest, XGBoost, and
SVM were then trained using this data. Hyperparameter tun-
ing used grid search with cross-validation. Training time was
also recorded for each model and how they predict the IIT
using the new unseen data.

3.5. Model Evaluation

Evaluation Metrics included Accuracy, precision, recall,
F1-score, AUROC. The performance of each model was as-
sessed using the mentioned evaluation metrices in order to
find out how best each performs in predicting IIT. The defi-
nition and meaning of the metrices are explained under topic
2.0.

4. Results

Descriptive Statistics: The study analyzed 14,339 patients,
of whom 94% were active on ART and 6% had experienced
treatment interruption (IIT). The majority were aged >40
years (61.8%), female (69.0%), and married (59.8%), with
most residing in rural areas (56.1%). Clinically, most partic-
ipants had CD4 >200 cells/'mm?® (85.9%), suppressed viral
load <50 cps (88.4%), and had been on ART for >12 months
(93.7%). TB co-infection was rare (2.0%), while nearly all
patients were on DTG-based regimens (98.0%), with stable
categorization (95.3%) and good adherence (95.3%). Socio-
economically, secondary education was most common
(71.8%), with farming (50.7%) and trading (32.3%) as pre-
dominant occupations. Mobile phone ownership was reported
by 62.9% of patients. In terms of service delivery, most re-
ceived ART through <3-month MMD (43.2%) and accessed
fast-track differentiated care (75.2%), with universal availa-
bility of counseling and quality-of-care services. However,
71.2% of facilities reported high patient loads (>50 clients per
clinic day).
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Table 1. Descriptive statistics of factors associated with IIT.
i /s ' Demographic Factors

Demographic Factors

Stable 13668 95.32
Age category Frequency Percentage Unstable 671 4.68
Total 14339 100 ART_Adherence
40+yrs 8858 61.78 Good 13668 95.32
25-39yrs 3831 26.72 Poor 671 4.68
15-24yrs 910 6.35 Socioeconomic and behavioral factors
0-14yrs 740 5.16 Education Level Frequency Percentage
Marital Status Total 14339 100
Married 8571 5977 Secondary 10298 71.82
Single 3253 22.69 Primary 3123 21.78
Widowed 1503 10.48 Higher 780 5.44
Divorced 1012 7.06 None 138 0.96
Sex Employment
F 9897 69.02 Farmer 7273 50.72
M 4442 30.98 Trader 4624 32.25
Residence None 964 6.72
Rural 8049 56.13 Formal Employ- 391 6.21

ment
Urban 6290 43.87

Student 492 3.43
Clinical and treatment-related factors

Driver 95 0.66
CD4_Category Frequency Percentage

Active Mobile Phone
Total 14339 100

Yes 9019 62.9
200+ 12316 85.89

No 5320 37.1
below 200 2023 14.11

Health service delivery factors
VL category

MMD category Frequency Percentage
0-49cps 12680 88.43

Total 14339 100
1000+cps 679 4.74

below 3months 6198 43.22
50-199cps 614 4.28

3-5months 4815 33.58
200-999c¢ps 366 2.55

6+months 3326 232
ART Duration

Dispensing Site Type
12+months 13431 93.67 P s P

Close 14009 97.7
Below 12 months 908 6.33

Open 330 2.3
TB Status

DC Model
No TB 14047 97.96

Fast Track 10782 75.19
Has TB 292 2.04

Standard Care 2312 16.12
Current Regimen type

) Facility ART dis-
DTG Regimen 14046 97.96 tribution group 915 6.38
Non DTG Regimen 293 2.04 Community ART 315 -
Patient Categorization distribution Peer led .
15 0.1
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Demographic Factors

distribution - HCW
led

Counselling Services Available

Yes 14339 100
QOC _Available

Yes 14339 100
HCW per Clinic Day

>5.0.chents per 10210 71.2
clinic

<50 clients per 4129 28.8

clinic

Inferential Analysis: Chi-square analysis revealed signifi-
cant associations between several demographic, clinical,
socioeconomic, and health service delivery factors and In-

terruption in Treatment (IIT). Demographically, adolescents
and young adults (15-24 years), single or divorced individuals,
and urban residents were at higher risk. Clinically, patients
with high viral load (>1000 cps), shorter ART duration (<12
months), TB co-infection, non-DTG regimens, unstable cat-
egorization, and poor adherence experienced substantially
higher IIT, while CD4 count and sex showed no significant
effect. Socioeconomically, secondary-level education, trading
or farming occupations, and lack of mobile phone ownership
were linked to increased IIT, whereas higher education, for-
mal employment, and active phone ownership were protective.
From a service delivery perspective, shorter refill durations
(<3 months), close dispensing sites, and certain DC models
(fast-track) were associated with higher IIT, while longer
refills (>6 months) were protective. Counseling availability,
quality of care, and clinic workload were not significantly
associated. Overall, younger age, urban residence, poor ad-
herence, unstable status, non-DTG regimens, and lack of
phone access emerged as the strongest risk factors for IIT.

Table 2. Inferential Analysis of Factors Associated with IIT.

Factors Categories Chi-square statistic
0-14yrs
Age category 15-24yrs
(in Years) 25-39yrs 242.19
40+yrs
Divorced
] Married
Marital Status ) 18.02
Single
Widowed
. Rural
Residence 196.98
Urban
<50
Viral Load Catego 50-199
. . gony 355.05
(in copies) 200-999
1000+
ART Duration 12months
. " below 238.82
(In months) 12months
Has TB
TB Status 5.84
No TB

Significant
(P-value)

Yes

Yes

Yes

Yes

Yes

Yes

163

Significance level
(P-value)

Category most likely to be
T

15-24: 11.6%

0-14yrs: 4.5% (33/740),
15-24yrs: 11.6% (106/910),
25-39yrs: 10.6% (408/3831),
40+yrs: 4.1% (363/8858)

0.0000

Single: 7.5%

Divorced: 7.4% (75/1012),
Married: 6.1% (524/8571),
Single: 7.5% (243/3253),
Widowed: 4.5% (68/1503)

0.0004

Urban: 9.6%

Rural: 3.8% (307/8049), Ur-
ban: 9.6% (603/6290)

0.0000

1000+cps: 23.4% 0-49cps:
5.4% (686/12680),
1000+cps: 23.4% (159/679),

200-999cps: 8.5% (31/366),
50-199cps: 5.5% (34/614)

0.0000

below 12months: 18.5%

12+months: 5.5%
(742/13431),

Below 12 months: 18.5%
(168/908)

0.0000

Has TB: 9.9%
Has TB: 9.9% (29/292),
No TB: 6.3% (881/14047)

0.0156
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Factors

Current Regimen

Patient Categorization

ART Adherence

Education Level

Employment

Active Mobile Phone
ownership

MMD Category

Dispensing Site Type

Differentiated Care
(DC) Model

Sex

Categories

DTG Based
Non DTG

Stable
Unstable

Good

Poor

Higher
Primary
Secondary

None

Driver
Employee
Farmer
Student
Trader

No
Yes

3-5months
6+months

below
3months

Close
Open

Community

ART distribu-

tion

Facility ART

distribution
Fast Track

Standard Care

Chi-square statistic

1265.10

529.79

529.79

314.65

113.78

591.12

171.37

19.73

1.90

Significant
(P-value)

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes
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Significance level
(P-value)

0.0000

0.0000

0.0000

0.0001

0.0001

0.0000

0.0000

0.0000

0.0001

0.1683

Category most likely to be
1T

Non _DTG: 56.7%

DTG Regimen: 5.3%
(744/14046), Non DTG
Regimen: 56.7% (166/293)
Unstable: 27.6%

Stable: 5.3% (725/13668),
Unstable: 27.6% (185/671)
Poor: 27.6%

Good: 5.3% (725/13668),
Poor: 27.6% (185/671)

Secondary: 8.7%

Higher: 0.5% (4/780), Prima-
ry: 0.5% (15/3123), Second-
ary: 8.7% (891/10298)

Trader: 8.4%
Driver: 1.1% (1/95),

Farmer: 6.9% (503/7273),
Formal Employment: 0.2%
(2/891),

Student: 0.8% (4/492), Trad-
er: 8.4% (389/4624)

No: 12.8%

No: 12.8% (681/5320), Yes:
2.5% (229/9019)

below 3months: 9.3%

3-5months: 4.9% (238/4815),
6+months: 2.9% (97/3326),
below 3months: 9.3%
(575/6198)

Close: 6.5%

Close: 6.5% (909/14009),
Open: 0.3% (1/330)

Fast Track: 7.0%

Community ART distribution
- HCW led: 0.0% (0/15),
Community ART distribution
Peer led: 0.3% (1/305),
Facility ART Distribution
Group: 0.0% (0/6),

Facility ART distribution
group: 1.2% (11/909),

Fast Track: 7.0%
(753/10782),

Peer Led Community ART
Group (PCAG): 0.0% (0/10),
Standard Care: 6.3%
(145/2312)

M: 6.8%
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. . . . Significant Significance level
Factors Categories Chi-square statistic (P-value) (P-value)
M
CD4 Category 0.0076 No 0.9305
i i Yes
Cou'nsel.h.ng Services No 1.0000
Availability No
. Yes
QOC Availability No 1.0000
No
<50 clients
. per clinic
HCWs per clinic day ~50 clients 0.52 No 0.4705
per clinic

Training and fitting of XGBoost, Random Forest, and SVM
for Predicting HIV/AIDS Treatment Interruptions: It took

2.076718 seconds to train and fit the XGBoost using the da- for feature selection.

Time taken to train the models

SupportVector Machine

K}
[
H
=
0 2 4 1] 8 10

Model Training time in seconds (s)

Figure 1. The duration took to train and fit each model in seconds.

Feature importance

360.0
339.0
335.0

Age_category
Marital_Status
Employement
MMD_category

283.0

230.0
202.0
193.0

176.0

Residence
DC_Model
VL_category
Active_MobilePhone

Education_Leve| =

Features

140.0
m—05.0
95.0

ART_Duration -

Current_Regimen_type ==
Patient_Categorization f=————==———=8§3.0
TB_Status F=—=49.0

DispensingSite_Type 6.0

T T T T T
150 200 250 300 350
Importance score

T
0 50 100

Category most likely to be
1T

F: 6.2% (609/9897), M: 6.8%
(301/4442)

200+: 6.4% (783/12316),
below 200: 6.3% (127/2023)

>50 clients per clinic: 6.4%
<50 clients per clinic: 6.1%

(252/4129), >50 clients per

clinic: 6.4% (658/10210)

taset, 4.650424 seconds for Random Forest and 9.507085
seconds Support Vector Machine. LASSO technique was used

9.85075

Figure 2. Lasso feature selection from the order of the feature importance based on the importance scores of each feature.
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Comparing the Performance of the models in predicting
HIV/AIDS treatment interruption before and after hyperpa-
rameter tuning using the evaluation metrics: Before hy-
perparameter tuning, XGBoost outperformed Random Forest
(RF) and Support Vector Machine (SVM), achieving the
highest recall (0.34), F1 (0.45), and ROC AUC (0.88), while
SVM recorded the highest precision (0.76) but lowest recall
(0.22). After tuning, performance improved markedly across
all models. XGBoost achieved the highest recall (0.99),

making it most sensitive to detecting IIT, but at the expense of
lower precision (0.67) and overall accuracy (0.75). Random
Forest provided the most balanced performance with high
recall (0.97), strong precision (0.87), F1 (0.92), ROC AUC
(0.96), and accuracy (0.91), emerging as the best overall
model. SVM also improved substantially (recall 0.94, preci-
sion 0.84, F1 0.89, ROC AUC 0.93, accuracy (0.88), per-
forming second to Random Forest but better than tuned
XGBoost in overall balance.

Table 3. Comparing the three models; XGBoost, Random Forest and Support Vector Machine.

Support

XGBoost per- XGBoost per- Random Forest Random Forest i/;l:::l(;zteVeeitor

Evaluation  formance before  formance after performance performance P Vector Ma-
q formance before .
Metric hyperparameter  hyperparameter  before hyperpa- after hyperpa- chine per-
R R . . hyperparameter
tuning tuning rameter tuning rameter tuning . formance
e after tuning

Recall (IIT) 0.34 0.99 0.33 0.97 0.22 0.94
Precision
() 0.66 0.67 0.55 0.87 0.76 0.84
F1 (IIT) 0.45 0.80 0.42 0.92 0.34 0.89
ROC-AUC  0.88 0.88 0.83 0.96 0.77 0.93
Accuracy 0.94 0.75 0.94 0.91 0.94 0.88

5. Discussion

5.1. Factors Associated with IIT

This study identified multiple demographic, clinical, soci-
oeconomic, and service delivery factors associated with In-
terruption in Treatment (IIT) among people living with HIV in
Machakos County. Key predictors of IIT included younger
age (15-24 years), high viral load, ART duration <12 months,
non-DTG regimen use, poor adherence, unstable treatment
status, and lack of mobile phone ownership. Moderate pre-
dictors were marital status, residence, education, employment,
TB co-infection, and dispensing site type, while sex, CD4
count, and clinic-level service quality showed no significant
associations. These findings highlight IIT as a multifactorial
outcome shaped by individual, socioeconomic, and health
system factors. Targeted interventions for adolescents, single
and urban patients, and socioeconomically disadvantaged
groups are essential. Scaling up DTG, strengthening early
retention, expanding multi-month dispensing, and leveraging
mHealth solutions remain critical for sustaining treatment
continuity and advancing HIV epidemic control in Kenya.

Demographic factors significantly influenced IIT outcomes.
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Younger adults (15-24 years) were more likely to interrupt
treatment than older adults, consistent with findings by [29].
Older adults (>40 years), on the other hand, demonstrated
better treatment continuity, possibly due to greater treatment
experience and family support systems. Marital status also
emerged as an important determinant with single or separated
individuals having higher IIT risk, underscoring the protective
effect of social and spousal support as documented. This,
however, contradicted the findings by Sunday et al about
marital status [30].

Geographical location was another important factor. Urban
residents exhibited higher IIT rates than rural residents, likely
due to migration, mobility, and economic instability, aligning
with findings from Tomescu et al. Interestingly, gender was
not significantly associated with IIT, contradicting Tomescu et
al. [31].

Clinical and treatment-related factors also shaped treatment
continuity. Participants with high viral loads (=1000 cop-
ies/mL) were significantly more likely to interrupt treatment,
suggesting that virologic failure remains a key predictor of
disengagement [31]. Those recently initiated on ART were
more vulnerable, consistent with Redempta et al. [32]. TB
co-infection further increased vulnerability, likely due to pill
burden and side effects, contradicting Mtisi et al. Those on
non-DTG regimens had higher IIT rates than those on
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DTG-based therapies, reinforcing Mtisi et al. [29].

Socioeconomic and behavioral factors further influenced
retention. Participants with lower education levels were more
likely to experience IIT compared to those with postsecondary
education, contradicting the finding by Akpan et al. [33].
Individuals with higher education levels likely benefited from
greater treatment literacy and health-seeking behavior. Those
with informal occupations, particularly traders, showed
higher IIT risk. Mobile phone ownership was strongly pro-
tective against IIT, consistent with evidence that mobile health
(mHealth) interventions such as SMS reminders and ap-
pointment alerts improved ART adherence [34, 35].

Service delivery approaches were equally influential. Pa-
tients receiving shorter ART refill intervals (<3 months) were
more prone to interruption, reflecting the logistical challenges
of frequent clinic visits agreeing with Tomescu et al. [31].
Differentiated service delivery models that included mul-
ti-month dispensing (MMD) and community ART refill
mechanisms improved retention outcomes, while fast-track
models yielded mixed effects, possibly because they address
convenience but not psychosocial barriers [36]. Collectively,
these findings underscore that IIT arises from an interplay of
demographic, clinical, and structural factors, emphasizing the
importance of comprehensive, context-specific interventions.

5.2. Training and Fitting of XGBoost, Random
Forest, and SVM for Predicting HIV/AIDS
Treatment Interruptions

Machine learning models further enhanced understanding of
these predictors. Preprocessing steps, including SMOTE and
LASSO, improved model robustness. XGBoost trained the fast-
est and achieved the highest recall (0.99) but with reduced pre-
cision and accuracy. Support Vector Machine (SVM) improved
with tuning but remained less efficient and had lower recall as
compared to XGBoost. Random Forest achieved the best overall
performance, with strong recall (0.97), precision (0.87), and
ROC-AUC (0.96), providing the most balanced and operation-
ally relevant model.

This study applied XGBoost, Random Forest, and Support
Vector Machine (SVM) to predict interruption in treatment (IIT)
among people living with HIV. Data preprocessing involved
label encoding, LASSO feature selection, and SMOTE over-
sampling to address class imbalance. XGBoost achieved the
strongest predictive performance and fastest training time
(2.076718 seconds), with hyperparameter tuning improving
recall for IIT cases (0.99). Random Forest, though slower in
training compared to XGBoost (4.650424 seconds), had bal-
anced accuracy, recall, and interpretability through variable im-
portance ranking. SVM was accurate but computationally inten-
sive (9.507085 seconds), limiting its practical use in large da-
tasets.
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5.3. Comparison of the Models

Overall, Random Forest offered the best trade-off between
performance and interpretability, while XGBoost excelled in
efficiency. Random Forest achieved the best overall perfor-
mance, with strong recall (0.97), precision (0.87), and
ROC-AUC (0.96), providing the most balanced and opera-
tionally relevant model. These findings highlight the utility of
machine learning in strengthening HIV program monitoring
and informing targeted interventions.

5.4. Limitations of the Study

The dataset was limited to Machakos County, and results
may not be generalizable to other regions with different pa-
tient dynamics. Only three machine learning models were
tested, therefore other algorithms such as neural networks or
ensemble methods could potentially perform better if ex-
plored.

5.5. Ethical Considerations

The study received ethical clearance from Africa international
university (AIU) for institutional scientific ethics review com-
mittee (ISERC) then the National Commission for Science,
Technology, and Innovation (NACOSTI), and finally Machakos
County Ministry of Health. All data were de-identified to ensure
participant privacy and compliance with data protection poli-
cies.

6. Conclusions

This study demonstrates the utility of machine learning
models in predicting interruption in treatment (IIT) among
people living with HIV. By applying LASSO for feature se-
lection, the analysis identified the most relevant predictors,
thereby reducing model complexity and enhancing inter-
pretability. Among the tested models, Random Forest pro-
vided the most balanced performance across accuracy, preci-
sion, F1 score, and ROC-AUC, making it highly suitable for
routine programmatic use. XGBoost, while slightly less bal-
anced, offered superior recall, making it particularly valuable
in contexts where early identification of at-risk patients is
critical to preventing treatment interruptions. These findings
underscore the potential of integrating predictive analytics
into HIV programs to strengthen patient monitoring, guide
targeted interventions, and ultimately improve long-term
treatment outcomes.

Abbreviations

RF Random Forest

XGB Extreme Gradient Boosting
SVM Support Vector Machine
ML Machine Learning
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1T Interruption in Treatment

UNAIDS United Nations Programme on HIV/AIDS

HIV/AIDS  Human Immunodeficiency Virus

AIDS Acquired Immunodeficiency Syndrome

ART Antiretroviral Therapy

NACC National AIDS Control Council

KNN K-Nearest Neighbors

AUROC Area Under Receiver Operating Curve aOR -
Adjusted Odds Ratio

LTFU Loss to Follow-up

ISERC Institutional Scientific Ethics Review
Committee

AIU Africa International University

SMOTE Synthetic Minority Oversampling Technique

LASSO Least Absolute Shrinkage and Selection
Operator

MMD Multi Month Dispensing

DTG Dolutegravir

DC Differentiated Care
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