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Abstract

Background: Artificial intelligence (Al) is expanding across various medical fields, with machine learning (ML) being
increasingly used to enhance patient management in diagnosis, prevention, and therapeutic care.

Objective: This study aims to provide an overview of ML applications in HIV care, focusing on real clinical data to improve
health care for people living with HIV and on antiretroviral therapy, while highlighting unexplored areas.

Methods: Following PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020 reporting
guidelines, we analyzed four databases: PubMed, Embase, IEEE, and Web of Science until August 31, 2024. The keywords
used were: “Machine Learning,” “HIV,” and “Antiretroviral Therapy.” We excluded from this review studies (1) that were not
directly focused on HIV or those that did not apply ML to real clinical data, (2) that focused on pre-exposure prophylaxis,
(3) studies involving in silico antiretroviral drug development, and (4) studies on the biological mechanisms underlying HIV
diagnosis. Three experts (TB, MBVR, and JLR) screened each article independently.

Results: Overall, 476 studies were identified, and after eligibility assessment, 98 were finally analyzed in detail. Three experts
(TB, MBVR, and JLR) identified 6 major categories of ML applications used in the clinical field of HIV: consideration of
comorbidities for people living with HIV, predicting drug resistance of the virus, monitoring HIV infection itself, predicting
treatment outcomes for people living with HIV, treatment adherence for people living with HIV, and treatment recommenda-
tion for clinicians. Random forests emerged as the most used algorithm with 17.49% (43/247), proving effective in identifying
biomarkers of metabolic syndrome, genetic features of the HIV envelope, and predicting neurocognitive impairment. Random
forests model has several advantages: (1) handle linear, nonlinear data, and missing data, (2) reduce overfitting compared to
single trees, (3) robust to noise and outliers, (4) provide feature importance measures, and (5) good generalization ability.
Support vector machines demonstrated strong abilities in analyzing the associations between HIV-1 genotypes and resistance
phenotypes, predicting virological response to therapy based on HIV genotype, detecting mutations associated with HIV drug
resistance , and enhancing computational predictions of resistance from genotype data. Logistic regression appears to be most
powerful in predicting various treatment outcomes, including virological failure, adverse events, immune changes in people
living with HIV receiving antiretrovirals, and biomarkers of mitochondrial toxicity.

Conclusions: Depending on the field of application, some ML methods are more suitable and adapt better to certain HIV
concerns. However, some areas, such as treatment recommendations, treatment adherence, and treatment optimization, still
lack AI algorithms and need further exploration, such as therapeutical optimization. The development of new clinical decision-
support systems for people living with HIV is the new challenge for the years ahead, and Al represents one of the most
promising tools to address it.
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Introduction

Artificial intelligence (AI) has recently gained significant
attention due to its growing applications across various
domains and the substantial improvements it has brought.
Therefore, Al appears to be essential for improving health
care [1,2]. A key discipline within Al is machine learn-
ing (ML). While Al is defined as the ability of a com-
puter to perform tasks requiring human-like intelligence, ML
focuses on developing statistical methods and algorithms
that recognize patterns in datasets, improving prediction
and classification accuracy when applied to new data. ML's
increasing use in health care is justified mainly by the
vast amounts of data generated and the ongoing digitaliza-
tion of the industry, hospitals, and private practices, partic-
ularly through the adoption and exploration of electronic
health records (EHRs) [3-6]. However, EHRs are not being
fully exploited in the European Union due to technical and
regulatory obstacles [7]. In response, many research projects
were established to enhance the accessibility of EHR data for
citizens and researchers in the European Union and facilitate
better use [8.,9].

Since the emergence of HIV in the 1980s, this disease
has remained a major public health challenge, demanding
considerable attention from both the scientific community
and health care professionals. With advances in antiretroviral
treatment, life expectancy for people living with HIV has
increased considerably since the 1980s [10].

The management of people living with HIV remains a
complex approach and still generates many inquiries from
them and health care professionals. Although new therapeutic
families have recently been developed, along with new forms
such as intramuscular and subcutaneous injections, transform-
ing the management of HIV infection, this only applies to
certain eligible people living with HIV. Challenges remain. In
addition, people living with HIV now have a near-normal life
expectancy, comparable to that of the general population. The
management of HIV infection, therefore, continues to pose
challenges, particularly in older patients, who often experi-
ence age-related comorbidities leading to complex polyphar-
macy and increased risk of drug-drug interactions (DDI) and
adverse drug reactions [11]. Thus, several therapeutic lines
could be prescribed across the medical history of people
living with HIV. Moreover, with the increasing volume
and diversity of data routinely collected as part of people
living with HIV care, managing the HIV landscape has
become a complex task. This complexity is exacerbated by

Table 1. Inclusion and noninclusion criteria.

the heterogeneity of the information, which ranges from
clinical data on types of treatment to biological data related
to immune status and viral load to viral genetic signatures
and socio-demographic factors, all of which require closer
examination to improve care for this population.

Thus, comprehensive HIV care could improve both quality
of life and long-term health outcomes. In recent years, ML
has demonstrated its use in optimizing and revolutionizing
various aspects of health care and research. For example,
2 pivotal applications of Al for clinical purposes are rule-
based expert systems and clinical decision support systems.
Clinical decision support systems combine clinicians’ medical
expertise with recent Al advancements to enhance clinical
decision-making processes. These systems leverage extensive
medical knowledge derived from medical literature, complex
algorithms, and patients’ EHR data to assist health care
professionals in the overall quality of care while ensuring
patient safety. These types of applications are time-consum-
ing and rely on expert consensus. At first glance, it appears
that there is a lack of use of ML tools in the field of HIV care.
This review aims to identify the main applications of ML
in HIV data management and to understand current trends.
Specialized vocabulary for nonexperts in Al is summarized in
Multimedia Appendix 1.

Methods
Search Strategy

An extensive search was conducted across 4 major data-
bases, following the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) 2020 reporting
guidelines [12], until August 31, 2024, using a combination
of keywords based on a controlled vocabulary thesaurus
for indexing articles in each database: “Machine Learning,”
“HIV” and “Antiretroviral Therapy.”

Eligibility Criteria

Studies were included in the current review if they met all
the following criteria: titles and abstracts that mentioned
explicitly searching terms and using real clinical data.
Noninclusion criteria were studies on in silico drug design
of antiretroviral therapy (ART), studies on pre-exposure
prophylaxis, research focused on the pathophysiology of

HIV infection, and studies discussing advancements in HIV
clinical diagnostics (Table 1).

Category Inclusion criteria

Noninclusion criteria

Article type  Title and abstract containing search terms:
“Machine Learning” and “HIV” and

“Antiretroviral Therapy”

¢ Studies on pre-exposure prophylaxis
¢ Research focused on the pathophysiology of HIV infection
* Studies discussing advancements in HIV clinical diagnostics
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Category Inclusion criteria Noninclusion criteria

Language ¢ English ¢ Other languages than English
Population ¢ People living with HIV —2

Study design ¢ Real-world data * Insilico drug design of ART?

#Not available.
YART: antiretroviral therapy.

Study Selection

During the initial screening, 331 records were excluded due to
not meeting the research criteria, such as a lack of relevance
to HIV or the absence of ML applied to clinical data. Out
of 145 articles that advanced to the eligibility phase, 16 were
excluded because they were literature reviews or meta-analy-
ses. After successfully retrieving 129 articles, 31 duplicates
were eliminated, resulting in 98 articles [6,13-109] that fully
met the guidelines and inclusion criteria for this review.

In the clinical field of care for people living with HIV,
there are several areas: disease progression, response to
treatment, treatment failure, comorbidities, and treatment
management. Based on these elements and their reading of
the various articles identified, 3 experts (TB, MBVR, and
JLR) jointly proposed grouping them into 6 key categories,
which are as follows: monitoring HIV infection, predicting
treatment outcomes, predicting drug resistance, comorbidi-
ties, treatment adherence, and treatment recommendation.
Three experts (TB, MBVR, and JLR) screened each article
independently. In the event of disagreement, a joint proof-
reading was carried out to reach a consensus. To facilitate
data analysis, we compiled a database that includes the
essential details of each study: study title, year of publication,
authors, geographical location, and key thematic category,
such as comorbidities, prediction of resistance, or treatment

https://www jmir.org/2026/1/e79219

adherence, with subcategories for further classification. In
addition, we have extracted data on the types of information
analyzed (eg, clinical and biological) and the data format
(numerical, categorical, and textual). The database also
documents study objectives, main results, used Al algorithms
and methods, sample size, and authors’ countries of origin.
For data trends analysis, concerning the origin of the articles,
the origin of the first author was chosen.

Data Synthesis and Analysis

The data from the included studies were processed and
harmonized using customized pipelines. This step involved
grouping categories within categorical variables, standardiz-
ing formats, and creating additional variables to facilitate
the analysis. After data cleaning and preparation, descriptive
analyses were conducted to identify key trends and distribu-
tions, which were visualized using graphs and figures to
provide a clear overview of the collected data. All data
processing and analysis were performed in Python using
libraries such as pandas, numpy, and matplotlib.

Results

Overall, 476 studies were collected: 148 from PubMed, 200
from Embase, 16 from IEEE, and 112 from Web of Science
(Figure 1).
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Figure 1. Flow chart process for study selection using the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2020

reporting guidelines. N is the number of occurrences.
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We started our analysis with the literature trends by doing a
statistical analysis of publication years, which revealed that,
on average, articles were published in 2018, with a mean
of 2017.7 (SD 5.63) years. The quartiles provide additional
insight: the first quartile indicates that 25% (24/98) of articles
were published before 2015. The median year of publication
is 2020 (IQR 6.75-7), meaning that half the articles were
published after this date. Finally, 25% (25/98) of articles were

https://www jmir.org/2026/1/€79219

published after 2020, highlighting a clear trend in favor of
more recent studies. These results reflect a strong temporal
coverage of our literature review. Regarding the distribution
of papers over time, the earliest study on HIV treatment using
Al was published in 2002. Although publications remained
sporadic until 2005, a noticeable uptick occurred afterwards
(Figure 2).
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Figure 2. Distributions per year of publications relating to HIV and uses of machine learning over the past twenty years.
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Figure 3 illustrates the number of articles published in each
category since 2002. For the comorbidities category, the
first article was published in 2007. Notably, there were no
publications in 2009, 2011, 2015, and 2016, with a peak
of 14 articles published in 2021, indicating growing interest
and progress in this area. In the HIV infection monitoring
category, the first article appeared in 2005, followed by a
second one after a 10-year gap. In the category of predict-
ing drug resistance, the first article was published in 2002,
marking the earliest of the selected articles. It took 4 years
for the second publication, with 3 articles appearing in 2016

https://www jmir.org/2026/1/€79219

and 2023. The first article on predicting treatment outcomes
was published in 2010. In the treatment adherence category,
the first article was in 2005, with a 20-year gap before the
second publication. Finally, in the treatment recommendation
category, 4 articles were published between 2005 and 2008.
This trend saw a significant surge post-2015, culminating in
a peak in 2021. The 2021 peak may have been influenced by
the COVID-19 pandemic, which intensified global research
efforts and resulted in a higher volume of publications (Table
S6 in Multimedia Appendix 2).
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Figure 3. Annual distribution of publications by category.
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Among the 6 broad categories described above, the number
of publications devoted to comorbidities amounts to 38%
(n=37), closely followed by studies on the prediction of drug
resistance at 23% (n=23), then monitoring HIV infection
itself at 13% (n=13), predicting treatment outcomes at 11%
(n=11), treatment adherence at 8% (n=8), and treatment
recommendation at 6% (n=6).

More than half of the data used in the included studies
came from America (more than 50% [53/98]), followed
by Europe (20/98, 20%), Africa (18/98, 18%), and Asia
(9/98, 9%). This imbalance revealed a strong dominance

of data from Western regions, while data from Africa and
Asia remained underrepresented. Overall, 52 studies were
conducted in America [6,13-63], 20 in Europe [64-83], 11 in
Africa [84-94], and 7 in Asia [95-101]. In addition, 8 studies
are classified as collaborative [102-109], as the authors’
affiliations span multiple continents. The number of first
authors is 56 in America [6,13-63,102,103,107,108], 24 in
Europe [64-83,104-106,109], 11 in Africa [84-94], and 7 in
Asia [95-101] (Figure 4). Interestingly, the density of articles
by region showed a slightly different distribution (Figure 5).

Figure 4. Sources of datasets and number of studies per continent, with number of first authors across regions. For each continent, a mini bar chart
details the distribution of studies into six categories (comorbidities, prediction of drug resistance, HIV infection monitoring, prediction of treatment

outcomes, treatment adherence, and treatment recommendations).
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Figure 5. Density estimation of articles per year. Articles are assigned to a continent based on the affiliation of the first author. Europe (red), America
(brown), Africa (blue), and Asia (purple).
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Fairness-aware causal paths decomposition around 2020, datasets used in these studies come from a variety of countries
Africa and Asia presented the highest concentration of and are highly heterogeneous. To deepen the analysis, the
research activity on this topic, with Asia reaching the most various data types used in the reviewed articles are summar-
significant peak, followed by Africa. Europe and America ized in Figure 6.

also make notable contributions, but with less intensity. The
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Figure 6. Most used algorithms and statistical methods in publications relating to HIV and uses of machine learning. This figure presents the methods
used in the different included articles, along with their frequency of occurrences across each of the six categories. Additionally, it highlights their
respective affiliations. Al: artificial intelligence; FFSM: fuzzy finite state machine models; FACTS: fairness-aware causal paths decomposition.
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The three main data types are first numerical (n=75), then
categorical (n=69), and finally textual (n=3). The 5 most
used databases are cohort data (n=70), the Stanford data-
base (n=15), the EuResist database (n=4), the Los Ala-
mos National Laboratory database (n=3), and the Akwa
Ibom database (n=2) (from a southern Nigerian state). Of
these, HIV cohort data are the most widely used, particu-
larly in studies of comorbidities, predicting drug resistance,
predicting treatment outcomes, monitoring HIV infection,
treatment adherence, and treatment recommendations. The
Stanford database, which specializes in HIV drug resist-
ance, comes second and is mainly used for research into
resistance mutations. Finally, the EuResist database, the fruit

https://www jmir.org/2026/1/€79219
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of collaboration between several European sources, is used in
4 separate studies. A wide range of ML statistical meth-
ods were used in the studies we reviewed. The most used
methods are random forest (RF), support vector machine
(SVM), and logistic regression, each playing a key role in
different aspects of HIV care research (Figure 7). Regarding
method and algorithm trends, RF emerges as the most widely
used algorithm, with 17.49% (43/247), reflecting its growing
popularity in recent years. RF appears around 2010, with
increasing use and peaking significantly in 2021. Artifi-
cial neural network (ANN), SVM, and logistic regression
appeared after 2005, with increased use since 2017.
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Figure 7. Algorithms and statistical method temporal trend (between 2000 and 2020) relating to HIV and uses of machine learning. Artificial neural
network (blue), classification and regression trees (orange), random forest (green), support vector machine (red), and logistic regression (purple).
ANN: artificial neural network; CART: classification and regression trees; RF: random forest; SVM: support vector machine.
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An in-depth analysis of the most used ML methods in
the 6 categories mentioned above (Figure 8), as well as
the tasks for which they are most effective, is detailed in
this section. Logistic regression appears in all categories,
whereas the ANN model was not used in monitoring HIV
infection, and the other 3 methods were not used in the
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treatment recommendation category. We can observe that
RF is the most used algorithm in each category where it
appears. SVM is the second most widely used algorithm
within the comorbidities category, ANN is used in predicting
drug resistance, and logistic regression is used in predicting
treatment outcomes and monitoring HIV infection.
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Figure 8. Five most used algorithms and statistical methods relating to HIV and uses of machine learning for each category. Artificial neural network
(blue), classification and regression trees (orange), random forest (green), support vector machine (red), and logistic regression (purple). ANN:
artificial neural network; CART: classification and regression trees; RF: random forest; SVM: support vector machine.
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In the comorbidity category [6,13-35,61,64-67,84,95-99,102,
103] (Figure S1 in Multimedia Appendix 3), which consti-
tutes the largest part of our study data (37/98, 38%; Fig-
ure 4), ML methods were used for various tasks, including
identifying risk factors for cardiac complications, predict-
ing vaccine responses in the context of HIV co-infection,
testing for retinal damage in people living with HIV that
may lead to subtle visual field defects, and predicting
increasing comorbidity risks using EHR data [6]. Cardinal
[13] conducted a study that identified significant associa-
tions between carotid artery plaques and selected features
in a population of HIV-positive and HIV-negative individ-
uals with low to intermediate cardiovascular risk. The RF
algorithm effectively distinguished between individuals with
and without carotid artery plaques by combining traditional
cardiovascular risk factors with strain elastography features,
using 5 most discriminant combinations of features achieved
area under the receiver operating characteristic (AUROC)
between 0.76 and 0.80 as classification performance. For
predicting vaccine response in the context of coinfection,
nonlinear models estimated by regression tree and RF were
more accurate than generalized linear models in predicting
humoral responses to SARS-CoV-2 mRNA vaccination in
people living with HIV (classification and regression trees:
R?=0.795; root mean square error=0.451 and RF: R2=0.845;
root mean square error=0.412) [64]. This is linked to the fact
that the different feature selection strategies used in linear
models often tend to exclude important variables which, taken
in isolation, might have a more significant predictive role
[110]. Kozak et al [14] and Goldbaum et al [15,61] inves-
tigated whether people living with HIV had retinal lesions

https://www jmir.org/2026/1/€79219
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resulting in subtle visual field defects, and whether ML
classification methods could distinguish these defects from
those of HIV-negative individuals. The results confirm that
HIV has an effect on the retina, and the eyes of people
living with HIV with low cluster of differentiation 4 (CD4)
counts show visual field defects and retinal lesions, while
those of people living with HIV with high CD4 counts
can appear normal. The SVM method was able to distin-
guish the visual fields of people living with HIV from
those of HIV-negative people, even for people living with
HIV with high CD4 counts, a task that is more challeng-
ing for a human expert. The model achieved an AUROC
of 0.843 for the subset of people living with HIV with
low CD4 counts, and an AUROC of 0.695 for those
with high CD4 counts. Another study was also conducted
on predicting the risk of multidrug-resistant enterobacterial
(MDR-E) infections among people living with HIV [16].
Among 4734 study participants, MDR-E was isolated from
1.6% (95% CI 1.2%-2.1%). In unadjusted analyses, MDR-
E was strongly associated with nadir CD4 cell count <200
cells/mm?® (prevalence ratios [PR], 4.0; 95% CI, 2.3-7.4),
history of an AIDS-defining clinical condition (PR, 3.7;
95% CI 2.3-6.2), and hospital admission in the prior 12
months (PR, 5; 95% CI 3.2-7.9). Searches were also made to
identify biomarkers and assess the patterns of T lymphocyte
cell activation associated with the development of tubercu-
losis following the initiation of ART in people living with
HIV displaying high CD4 counts [95,102]. Furthermore,
ML methods were able to identify biomarkers associated
with metabolic syndrome and HIV-associated neurocognitive
disorders. They also pinpointed genetic features on the HIV
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envelope, accurately predicted neurocognitive impairment,
and recognized molecular signatures linked to HIV-associated
neurocognitive disorders diagnosis [17-23,25,29-31,33-35,65,
84,96,97,103].

Another example of application: a multivariable logistic
regression model was more suitable to predict the risk of
serious falls among an older population of people living
with HIV. However, including ART classes taken by these
individuals did not improve the algorithm’s prediction, with
the C-statistic increasing only slightly from 0.725 to 0.732
after the inclusion of ART classes [32]. The most frequently
used method in this category is RF, as seen in (Figure S1 in
Multimedia Appendix 3), valued for its robustness and use of
the bootstrap principle.

For predicting or classifying drug resistance to antiretrovi-
rals and identifying genetic signatures, 23% (23/98) of the
articles focused on this area (Figure 4; Table S2 in Multime-
dia Appendix 2; Figure S2 in Multimedia Appendix 3) [36-
43,62,63,68-77,85,86,104]. The classification and regression
trees algorithm was able to predict drug resistance pheno-
types from HIV-1 genotypes with good accuracy; some key
sequence positions that are associated with drug resistance
were identified using a mutual information analysis [68].
RF algorithm shows strongest correlation between predic-
ted and actual virological responses, outperforming SVM
and ANN. The mean absolute error ranged in [0.494-0.644]
for RF, in [0.50-0.790] for SVM, and in [0.677-0.903] for
ANN. Combining these methods further enhanced prediction
accuracy, indicating that ensemble approaches are particu-
larly effective in forecasting virological response [62]. ML
methods were also used to analyze correlations between
HIV-1 genotypes and resistance phenotypes, to predict
virological responses to therapy based on HIV genotype, to
detect mutations associated with HIV drug resistance without
requiring expert knowledge, and to improve computational
prediction of resistance from genotype data [36-43,63,69-77,
85,86,104]. Both RF and SVM classified reverse transcriptase
mutants with known resistance or sensitivity to nevirapine,
achieving high accuracy in predicting susceptibility to the
drug.

In the category of monitoring HIV infection, 13% (13/98)
of (Table S3 in Multimedia Appendix 2; Figure S3 in
Multimedia Appendix 3) studies involved applications of
ML for tracking viral load and infection status [44-50,
78,79,87,88,100,105]. For example, some studies identify
biomarkers of viral rebound in people living with HIV from
independent cohorts' pretreatment interruption [47] or tend
to determine the viral compartmentalization dynamics to
document a specific genetic signature of virus [44]. Mahto
and Sood [49] evaluate various ML methods for predict-
ing HIV progression and patient outcomes, identifying RF
and extreme gradient boosting as the most effective, with
accuracy rates of 0.88 and 0.89, respectively. They highlight
the potential for further optimization through hyperparameter
fine-tuning, feature engineering, and incorporating additional
data sources to enhance algorithm robustness and generaliza-
bility. Kagendi and Mwau [88] developed an RF algorithm to
predict HIV viral load hotspots in Kenya as an early warning
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system, achieving an accuracy of 0.78 and correctly identi-
fying 434 viral load hotspots in December 2019, demonstrat-
ing its potential to optimize ART programs by supporting
proactive resource allocation. A study found that the risk
of HIV infection was higher for African Americans com-
pared to non-African Americans. By using the fairness-aware
causal paths decomposition method, researchers identified
several social determinants of health that contribute to this
racial disparity, including education, income, violent crime,
drinking, smoking, and rurality. Performance evaluation of
predictive models demonstrated comparable results across
methods: boosted logistic regression achieved an AUROC
of 0.79, decision tree-based methods yielded an AUROC of
0.77, and RF outperformed with an AUROC of 0.80 [50].
The SVM was the top-performing algorithm for predicting
CD4/CD8 ratios in patients with baseline CD4 counts below
200 cells/ml. The RF followed with R? values of 0.438 and
0.519 for SVM [100]. ML methods also monitored ART
adherence and retention in care for people living with HIV.

For predicting treatment outcomes, 11% (11/98) of
the articles explored this topic (Table S4 in Multimedia
Appendix 2; Figure S4 in Multimedia Appendix 3) [51-53,
80,81,89-92,101,106]. Among 7 classifiers, the RF algo-
rithm achieved high accuracy in predicting CD4 count
changes, with precision, sensitivity, and recall values close
to 0.99 (sensitivity=1.00, precision=0.987, Fi-score=0.993,
AUC=0.998), and it outperformed other algorithms in
predicting virological failure and identifying key predictors
[89]. The logistic regression excelled in predicting virologi-
cal suppression [90]. ML methods were also able to predict
adverse events [53], immune changes in ART recipients
[52,54], biomarkers linked to mitochondrial toxicity [51,52],
viral load [81,92], and highly active antiretroviral therapy
(HAART) regimens recommendations [80].

For treatment adherence and predicting retention in care,
8% (8/98) of the articles examined ML applications (Table
S5 in Multimedia Appendix 2; Figure S5 in Multimedia
Appendix 3) [54-57,93,94,107,108]. A study conducted in
Nigeria by Ogbechie et al [94] was able to predict interrup-
tions in ART treatment at 30 days among people living with
HIV, using routine program data. The method used integra-
ted boosting tree and extreme gradient boosting techniques
and demonstrated a strong performance, with a sensitivity
of 0.81, specificity of 0.88, and a positive predictive value
of 0.83. After its integration into the national electronic
medical records system, the proportion of people living with
HIV interrupted ART treatment cases decreased from 58.6%
to 14.2%. Health workers reported that the model enabled
proactive interventions, underscoring the potential of ML
to enhance HIV treatment adherence and improve patient
outcomes. Stockman et al [108] used ML methods to predict
loss to follow-up among people living with HIV on ART
treatment in Nigeria and Mozambique, using data from health
facilities, geospatial sources, and satellite imagery. For the
Mozambique dataset, the RF was the best method with an
area under the precision-recall curve of 0.65, while in Nigeria,
the boosted tree method achieved an area under the precision-
recall curve of 0.52. Lu et al [57] demonstrated that SVM
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effectively models factors influencing adherence to HAART
in people living with HIV, outperforming neural networks.

In total, 6 articles (6%) [58-60,82,83,109] discussed the
use of ML for treatment recommendations in people living
with HIV (Table S6 in Multimedia Appendix 2; Figure S6 in
Multimedia Appendix 3. Fuzzy discrete event system-based
HIV regimen selection system demonstrated high self-learn-
ing accuracy in predicting treatments, with more than 80%
agreement with actual prescribed regimens for 35 patients
under practical conditions. The system outperformed neural
networks in transparency and interpretability and showed an
accuracy of 0.84 to 1 in predicting new treatment regimens.
Additionally, it achieved 82.9% agreement with non-expert
physicians and 100% agreement with expert physicians. By
considering clinical, demographic, and genotypic data, the
combined system provided the best prediction performance
for HAART therapy recommendations based on genotype
(Figure S6 in Multimedia Appendix 3) [58-60,82,109].
Another approach was to assess the relevance of clinical drug
interaction (DDI) with ART. Two DDI prediction algorithms:
DeepARV-ChemBERT and DeepARV-sim were developed
by Pham et al [83] for predicting DDIs between ARVs
and comedications. Those algorithms achieved a weighted
accuracy of 0.729 and 0.776, respectively.

Discussion

Principal Findings

Through our scoping review, we identified 6 major catego-
ries of ML applications used in the clinical field of HIV:
consideration of comorbidities for people living with HIV,
predicting drug resistance of the virus, monitoring HIV
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infection itself, predicting treatment outcomes for people
living with HIV, treatment adherence for people living with
HIV, and treatment recommendation for clinicians. In terms
of models, RF emerged as the most used algorithm in all of
the studies cited in this review.

Our results indicate that certain ML models are better
suited to certain tasks in the field of HIV care. Indeed, model
performance depends on the type and complexity of the data.
In studies predicting the drug resistance of the virus, the data
comes from the 2 main sources, namely the Stanford HIV
Drug Resistance Database and EuResist DataBase. Thus, we
observed that some models work better with linear relation-
ships, while others, such as RFs, can handle both linear and
nonlinear data, which may explain their widespread use in
many of the articles included in this review.

Limitations

This scoping review presents a few limitations, relative to
the review process itself. First, non-English articles have
been excluded, which may omit some ML applications, but
English remains the major language of scientific publications,
and therefore, this bias appears to be limited. Second, this
literature analysis did not assess in a comprehensive manner
the methodological quality of the included studies, which
represents a possible bias in the interpretation. To address
these limitations, next research must consider in detail the
robustness of the different approaches used in those studies
in order to propose best practices and specific limitations of
Al models used in the field of HIV. However, our main goal
was to map the existing publications using Al in the field of
HIV. In Table 2, we discuss the strengths and limitations of
the various ML tools identified in this literature analysis on
people living with HIV care.

Table 2. Strengths and limitations of the most widely used machine learning algorithms.

Algorithms Applications Strengths Limitations
Random forest (RF) * Effectively distinguished ¢ Can handle linear, nonlinear * Less interpretable than a single
between individuals with and data, and missing data tree
without carotid artery plaques * Reduce overfitting compared ¢ Can be computationally heavy
¢ Predicting vaccine response in to single trees with large datasets
the context of coinfection * Robust to noise and outliers * Struggles with very high-
¢ Predicting (forecasting) ¢ Provide feature importance dimensional sparse data
virological response measures
¢ Classified reverse transcriptase * Good generalization ability
mutants with known resistance or
sensitivity to nevirapine
¢ Predict HIV progression and
patient outcomes
¢ Predict HIV viral load hotspots
 Identified several social
determinants of health
contributing to this racial
disparity
* Predict CD4* count changes
¢ Predict humoral responses
Support vector machines (SVM) ¢ Able to distinguish the visual ¢ Effective in high-dimensional ¢ Not scalable to very large

fields of people living with

spaces datasets.
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Algorithms Applications Strengths Limitations
HIV from those of HIV-negative ¢ Works well with clear margin * Requires careful kernel and
people of separation. parameter choice
* Predict risk of MDR-E° ¢ Kernel trick allows nonlinear ¢ Less interpretable than simple
infections among people living classification models
with HIV
¢ Classified reverse transcriptase
mutants with known resistance or
sensitivity to Nevirapine
¢ Predict (forecasting) virological
response
» Effectively models factors
influencing adherence to
HAART®
Decision trees (CART)¢ * Predict drug resistance * Easy to visualize and * Unstable with small data
phenotypes from HIV-1 interpret changes
genotypes with good accuracy ¢ Handles nonlinear ¢ Prone to overfitting
¢ Identified several social relationships and interactions ¢ Not as accurate as ensemble
determinants of health naturally methods
contributing to this racial * Can work with categorical
disparity and numerical data
» Effectively models factors * No need for feature scaling
influencing adherence to
HAART and identifying genetic
signatures
Artificial neural networks (ANN) * Predict drug resistance * Capture highly complex and * Require massive amounts of

phenotypes from HIV-1
genotypes with good accuracy
¢ Identified several social
determinants of health
contributing to this racial
disparity
* Effectively models factors
influencing adherence to
HAART and identifying genetic
signatures
Logistic regression * Predict drug-drug interaction
¢ Predict drug resistance
¢ Predict virological suppression
¢ Predict the risk of serious falls
among an older population of
people living with HIV

nonlinear patterns data

¢ Can automatically learn * High computational
Hard to interpret (black box)

¢ Risk of overfitting without

feature representations .

regularization

¢ Training can be unstable

¢ Simple, fast, and ¢ Assumes linear relationships

interpretable between predictors and
* Works well with small outcome
datasets * Struggles with complex and
¢ Easy to implement and nonlinear data
regularize » Sensitive to multicollinearity
and outliers

¢ Limited predictive power

compared to advanced models

4 CD4: cluster of differentiation 4.

PMDR-E: multidrug-resistant enterobacterial.
“HAART: highly active antiretroviral therapy.
dCART: classification and regression trees.

We can also consider certain limitations inherent in the
results. Concerning the type of Al models, a lot of articles
focus on ML models, while other Al approaches, such as
natural language processing and large language models have
been less explored or remain underexplored. Moreover, data
availability is limited: many studies rely on small or localized
datasets, with frequent reuse of the same databases, reduc-
ing both novelty and representativeness. Databases dealing
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with the issue of Al applied to HIV are heterogeneous and
require the definition of a federated database oriented by
clinical field. This highlights the need to develop large-scale,
interconnected, multicenter, and openly accessible datasets in
order to reduce barriers to progress, for example, to improve
the performance of causal inference methods.
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We could similarly address as limitations the complexity
of this disease. For example, another chronic disease such as
type 2 diabetes mellitus [111] revealed common difficulties,
in particular in the lack of model validation across different
clinical contexts and populations. Indeed, Lépez et al [111]
also expose the necessity to build highly specialized and
effective Al models. In a similar way, algorithms trained
on specific subpopulations of people living with HIV may
not provide the same performance score with other differ-
ent populations of people living with HIV due to genetic
variations, lifestyles, and socioeconomic factors. That is why,
as in clinical trials, the characteristics of individuals are
crucial, as they determine whether or not the results can be
extrapolated.

The use of AI in health care raises important ethical
questions, particularly with regard to patient data privacy
and informed consent. Regulations governing personal data
are not standardized, and the data currently available is not
structured in the same way and is often incomplete, which
can limit its use with Al methods and tools. The establish-
ment of clear, globally standardized regulatory frameworks
and training in data ethics for health care professionals and
students is essential to ensure the safe, ethical adoption, trust
of Al, and the development of sustainable solutions for the
care of people living with HIV.

Future Directions

We observed through this scoping review that many
applications of ML are not yet explored. Among these is
the field of public health, where identifying clusters through
social media monitoring would enable contact tracing. Al
methods and tools could also be used for individual monitor-
ing, disease progression, and real-time support for people
living with HIV. Notably, this review did not identify
any studies on predicting the onset of adverse effects and
therapeutic optimization in the context of drug resistance,
DDI, and iatrogenic events, as well as other associated
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chronic diseases that must incorporate the concept of aging.
Among these areas of research, monitoring adverse effects
is becoming an important field. The field of Al in pharma-
covigilance is gaining momentum in health care [112-114].
Recently, several studies have focused on predicting HIV-
related mortality and comorbidities, or predicting admission
to intensive care [115-118].

Another point to consider for the future is the use of
algorithms based on real clinical data that could be used
serving a teacher and assessor in medical education, with
the creation of fictitious patients, for example, to improve
management by future clinicians. This should help to educate
practitioners about Al.

Conclusions

In summary, our review identified the most suitable ML
methods across the 6 categories chosen. RF emerged as
the most used algorithm due to its versatility and suitabil-
ity for both classification and prediction tasks. Following
closely was the SVM, both of which are supervised ML
algorithms widely applied to various aspects of HIV infection
challenges. The diversity of databases is a critical element to
consider. However, key challenges remain, including limited
data availability, quality, and accessibility, which continue
to hinder the broader adoption of evidence-based medicine
in HIV care. Regular updates of ML tools are crucial to
ensure that evidence-based medicine tools provide accurate,
up-to-date information for clinical decision-making. Although
there has been an increase in publications across various
aspects of HIV care, there remains a critical lack of research
addressing treatment safety and optimization. Future efforts
should focus on monitoring adverse events and developing
decision-support tools based on the risk of drug-related
adverse effects. Addressing this gap will be the focus for
future studies, where the aim to leverage Al is to develop
more personalized, effective ART regimens.

Acknowledgments

The authors would like to express our sincere gratitude to Kokou Laris EDJINEDJA, Omar ELFAHIM (from Université Marie
& Louis Pasteur), and the entire OCTAVIA project team Hervé Cardot, Xavier Dupuis, and Catherine Labruere-Chazal from
the Université de Bourgogne Europe for their unwavering dedication and constant availability. We thank also Camelia Goga
for careful reading of the manuscript. Generative artificial intelligence was not used in any portion of the manuscript writing.

Conflicts of Interest

JLR reports receiving travel grants from Gilead Sciences and ViiV Healthcare to attend international conferences, as well as
personal fees from Gilead Sciences and MSD outside of this work. The other authors declare no conflicts of interest.

Multimedia Appendix 1
Artificial intelligence vocabulary - some basic definitions.

[DOCX File (Microsoft Word File), 18 KB-Multimedia Appendix 1]

Multimedia Appendix 2
Selected studies with their summaries for each category.

[DOCX File (Microsoft Word File), 83 KB-Multimedia Appendix 2]

Multimedia Appendix 3
Top five algorithms and statistical methods for all categories.

https://www jmir.org/2026/1/€79219

J Med Internet Res 2026 | vol. 28 179219 | p. 14
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app1.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app2.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app2.docx
https://www.jmir.org/2026/1/e79219

JOURNAL OF MEDICAL INTERNET RESEARCH Boudra et al

[DOCX File (Microsoft Word File), 193 KB-Multimedia Appendix 3]

Checklist 1

PRISMA 2020 checklist.
[PDF File (Adobe File), 270 KB-Checklist 1]

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Jiang F, Jiang Y, Zhi H, et al. Artificial intelligence in healthcare: past, present and future. Stroke Vasc Neurol. Dec
2017;2(4):230-243. [doi: 10.1136/svn-2017-000101] [Medline: 29507784]

Yang J, Mwangi AW, Kantor R, et al. Tree-based subgroup discovery using electronic health record data: heterogeneity
of treatment effects for DTG-containing therapies. Biostatistics. Apr 15, 2024;25(2):323-335. [doi: 10.1093/biostatistics/
kxad014] [Medline: 37475638]

Birkhead GS, Klompas M, Shah NR. Uses of electronic health records for public health surveillance to advance public
health. Annu Rev Public Health. Mar 18, 2015;36(1):345-359. [doi: 10.1146/annurev-publhealth-031914-122747]
[Medline: 25581157]

Marcus JL, Hurley LB, Krakower DS, Alexeeff S, Silverberg MJ, Volk JE. Use of electronic health record data and
machine learning to identify candidates for HIV pre-exposure prophylaxis: a modelling study. Lancet HIV. Oct
2019;6(10):688-e695. [doi: 10.1016/S2352-3018(19)30137-7] [Medline: 31285183]

Davis SE, Zabotka L, Desai RJ, et al. Use of electronic health record data for drug safety signal identification: a scoping
review. Drug Saf. Aug 2023;46(8):725-742. [doi: 10.1007/s40264-023-01325-0] [Medline: 37340238]

Yang X, Zhang J, Chen S, Weissman S, Olatosi B, Li X. Utilizing electronic health record data to understand
comorbidity burden among people living with HIV: a machine learning approach. AIDS. May 1, 2021;35(Suppl 1):S39-
S51. [doi: 10.1097/QAD.0000000000002736] [Medline: 33867488]

Kaipio J, Lidveri T, Hypponen H, et al. Usability problems do not heal by themselves: national survey on physicians’
experiences with EHRs in Finland. Int J Med Inform. Jan 2017;97:266-281. [doi: 10.1016/].ijmedinf.2016.10.010]
[Medline: 27919385]

Auffray C, Balling R, Barroso I, et al. Making sense of big data in health research: towards an EU action plan. Genome
Med. Jun 23,2016;8(1):71. [doi: 10.1186/s13073-016-0323-y] [Medline: 27338147]

Kiourtis A, Mavrogiorgou A, Mavrogiorgos K, et al. Electronic health records at people’s hands across Europe: the
InteropEHRate protocols. Stud Health Technol Inform. Nov 3, 2022;299:145-150. [doi: 10.3233/SHTI220973]
[Medline: 36325855]

Kaplan-Lewis E, Aberg JA, Lee M. Aging with HIV in the ART era. Semin Diagn Pathol. Jul 2017;34(4):384-397. [doi:
10.1053/j.semdp.2017.04.002] [Medline: 28552209]

Back D, Marzolini C. The challenge of HIV treatment in an era of polypharmacy. J Int AIDS Soc. Feb
2020;23(2):€25449. [doi: 10.1002/jia2.25449] [Medline: 32011104]

Lee SW, Koo MJ. PRISMA 2020 statement and guidelines for systematic review and meta-analysis articles, and their
underlying mathematics: life cycle committee recommendations. Life Cycle. 2022;2. [doi: 10.54724/1c.2022.e9]
Cardinal MHR, Durand M, Chartrand-Lefebvre C, Soulez G, Tremblay C, Cloutier G. Association between early carotid
artery plaque presence, vascular strain imaging features and traditional cardiovascular risk factors in HIV infected
individuals. Presented at: 2021 IEEE International Ultrasonics Symposium (IUS); Sep 11-16, 2021:1-3; Xi’an, China.
[doi: 10.1109/1US52206.2021.9593389]

Kozak I, Sample PA, Hao J, et al. Machine learning classifiers detect subtle field defects in eyes of HIV individuals.
Trans Am Ophthalmol Soc. 2007;105:111-118. [Medline: 18427600]

Goldbaum MH, Kozak I, Hao J, et al. Pattern recognition can detect subtle field defects in eyes of HIV individuals
without retinitis under HAART. Graefes Arch Clin Exp Ophthalmol. Apr 2011;249(4):491-498. [doi: 10.1007/s00417-
010-1511-x] [Medline: 20865422]

Henderson HI, Napravnik S, Kosorok MR, et al. Predicting risk of multidrug-resistant enterobacterales infections among
people with HIV. Open Forum Infect Dis. Oct 2022;9(10):0fac487. [doi: 10.1093/ofid/ofac487] [Medline: 36225740]
Holman AG, Gabuzda D. A machine learning approach for identifying amino acid signatures in the HIV env gene
predictive of dementia. PLoS ONE. 2012;7(11):e49538. [doi: 10.1371/journal.pone.0049538] [Medline: 23166702]
Choi JY, Hightower GK, Wong JK, et al. Genetic features of cerebrospinal fluid-derived subtype B HIV-1 tat.J
Neurovirol. Apr 2012;18(2):81-90. [doi: 10.1007/s13365-011-0059-9] [Medline: 22528397]

Cassol E, Misra V, Dutta A, Morgello S, Gabuzda D. Cerebrospinal fluid metabolomics reveals altered waste clearance
and accelerated aging in HIV patients with neurocognitive impairment. AIDS. Jul 17,2014;28(11):1579-1591. [doi: 10.
1097/QAD.0000000000000303] [Medline: 24752083]

https://www.jmir.org/2026/1/€79219 J Med Internet Res 2026 | vol. 28 179219 | p. 15

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app3.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app3.docx
https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app4.pdf
https://jmir.org/api/download?alt_name=jmir_v28i1e79219_app4.pdf
https://doi.org/10.1136/svn-2017-000101
http://www.ncbi.nlm.nih.gov/pubmed/29507784
https://doi.org/10.1093/biostatistics/kxad014
https://doi.org/10.1093/biostatistics/kxad014
http://www.ncbi.nlm.nih.gov/pubmed/37475638
https://doi.org/10.1146/annurev-publhealth-031914-122747
http://www.ncbi.nlm.nih.gov/pubmed/25581157
https://doi.org/10.1016/S2352-3018(19)30137-7
http://www.ncbi.nlm.nih.gov/pubmed/31285183
https://doi.org/10.1007/s40264-023-01325-0
http://www.ncbi.nlm.nih.gov/pubmed/37340238
https://doi.org/10.1097/QAD.0000000000002736
http://www.ncbi.nlm.nih.gov/pubmed/33867488
https://doi.org/10.1016/j.ijmedinf.2016.10.010
http://www.ncbi.nlm.nih.gov/pubmed/27919385
https://doi.org/10.1186/s13073-016-0323-y
http://www.ncbi.nlm.nih.gov/pubmed/27338147
https://doi.org/10.3233/SHTI220973
http://www.ncbi.nlm.nih.gov/pubmed/36325855
https://doi.org/10.1053/j.semdp.2017.04.002
http://www.ncbi.nlm.nih.gov/pubmed/28552209
https://doi.org/10.1002/jia2.25449
http://www.ncbi.nlm.nih.gov/pubmed/32011104
https://doi.org/10.54724/lc.2022.e9
https://doi.org/10.1109/IUS52206.2021.9593389
http://www.ncbi.nlm.nih.gov/pubmed/18427600
https://doi.org/10.1007/s00417-010-1511-x
https://doi.org/10.1007/s00417-010-1511-x
http://www.ncbi.nlm.nih.gov/pubmed/20865422
https://doi.org/10.1093/ofid/ofac487
http://www.ncbi.nlm.nih.gov/pubmed/36225740
https://doi.org/10.1371/journal.pone.0049538
http://www.ncbi.nlm.nih.gov/pubmed/23166702
https://doi.org/10.1007/s13365-011-0059-9
http://www.ncbi.nlm.nih.gov/pubmed/22528397
https://doi.org/10.1097/QAD.0000000000000303
https://doi.org/10.1097/QAD.0000000000000303
http://www.ncbi.nlm.nih.gov/pubmed/24752083
https://www.jmir.org/2026/1/e79219

JOURNAL OF MEDICAL INTERNET RESEARCH Boudra et al

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Underwood J, Cole JH, Leech R, Sharp DJ, Winston A, CHARTER group. Multivariate pattern analysis of volumetric
neuroimaging data and its relationship with cognitive function in treated HIV disease. J Acquir Immune Defic Syndr.
Aug 1,2018;78(4):429-436. [doi: 10.1097/QA1.0000000000001687] [Medline: 29608444]

Luckett P, Paul RH, Navid J, et al. Deep learning analysis of cerebral blood flow to identify cognitive impairment and
frailty in persons living with HIV.J Acquir Immune Defic Syndr. Dec 15, 2019;82(5):496-502. [doi: 10.1097/QALI.
0000000000002181] [Medline: 31714429]

Dastgheyb RM, Sacktor N, Franklin D, et al. Cognitive trajectory phenotypes in human immunodeficiency virus—
infected patients. J Acquir Immune Defic Syndr. Sep 1,2019;82(1):61-70. [doi: 10.1097/QAI1.0000000000002093]
[Medline: 31107302]

Rubin LH, Sundermann EE, Dastgheyb R, et al. Sex differences in the patterns and predictors of cognitive function in
HIV. Front Neurol. 2020;11:551921. [doi: 10.3389/fneur.2020.551921] [Medline: 33329301]

Shu C, Justice AC, Zhang X, et al. DNA methylation biomarker selected by an ensemble machine learning approach
predicts mortality risk in an HIV-positive veteran population. Epigenetics. 2021;16(7):741-753. [doi: 10.1080/15592294.
2020.1824097] [Medline: 33092459]

Paul RH, Cho KS, Belden AC, et al. Machine-learning classification of neurocognitive performance in children with
perinatal HIV initiating de novo antiretroviral therapy. AIDS. Apr 1, 2020;34(5):737-748. [doi: 10.1097/QAD.
0000000000002471] [Medline: 31895148]

Luckett PH, Paul RH, Hannon K, et al. Modeling the effects of HIV and aging on resting-state networks using machine
learning. J Acquir Immune Defic Syndr. Dec 1,2021;88(4):414-419. [doi: 10.1097/QAI1.0000000000002783] [Medline:
34406983]

Paul R, Tsuei T, Cho K, et al. Ensemble machine learning classification of daily living abilities among older people with
HIV. EClinicalMedicine. May 2021;35:100845. [doi: 10.1016/j.eclinm.2021.100845] [Medline: 34027327]

Solomon IH, Chettimada S, Misra V, et al. White matter abnormalities linked to interferon, stress response, and energy
metabolism gene expression changes in older HIV-positive patients on antiretroviral therapy. Mol Neurobiol. Feb
2020;57(2):1115-1130. [doi: 10.1007/s12035-019-01795-3] [Medline: 31691183]

Finkelstein A, Faiyaz A, Weber MT, et al. Fixel-based analysis and free water corrected DTI evaluation of HIV-
associated neurocognitive disorders. Front Neurol. 2021;12:725059. [doi: 10.3389/fneur.2021.725059] [Medline:
34803875]

Oliveira NL, Kennedy EH, Tibshirani R, et al. Longitudinal 5-year prediction of cognitive impairment among men with
HIV disease. AIDS. May 1, 2021;35(6):889-898. [doi: 10.1097/QAD.0000000000002827] [Medline: 33534203]
Pinheiro L, Pereira MLD, Andrade E de, et al. An intelligent multicriteria model for diagnosing dementia in people
infected with human immunodeficiency virus. Appl Sci (Basel). 2021;11(21):10457. [doi: 10.3390/app112110457]
Womack JA, Murphy TE, Leo-Summers L, et al. Predictive risk model for serious falls among older persons living with
HIV.J Acquir Immune Defic Syndr. Oct 1,2022;91(2):168-174. [doi: 10.1097/QAI1.0000000000003030] [Medline:
36094483]

Mohammadzadeh N, Zhang N, Branton WG, et al. The HIV restriction factor profile in the brain is associated with the
clinical status and viral quantities. Viruses. Jan 23,2023;15(2):316. [doi: 10.3390/v15020316] [Medline: 36851531]
Murdoch DM, Barfield R, Chan C, et al. Neuroimaging and immunological features of neurocognitive function related
to substance use in people with HIV. J Neurovirol. Feb 2023;29(1):78-93. [doi: 10.1007/s13365-022-01102-2] [Medline:
36348233]

Marques de Menezes EG, Bowler SA, Shikuma CM, Ndhlovu LC, Norris PJ. Circulating plasma-derived extracellular
vesicles expressing bone and kidney markers are associated with neurocognitive impairment in people living with HIV.
Front Neurol. 2024;15:1383227. [doi: 10.3389/fneur.2024.1383227] [Medline: 38725641]

Rhee SY, Taylor J, Wadhera G, Ben-Hur A, Brutlag DL, Shafer RW. Genotypic predictors of human immunodeficiency
virus type 1 drug resistance. Proc Natl Acad Sci U S A. Nov 14, 2006;103(46):17355-17360. [doi: 10.1073/pnas.
0607274103] [Medline: 17065321]

Ravich VL, Masso M, Vaisman II. A combined sequence-structure approach for predicting resistance to the non-
nucleoside HIV-1 reverse transcriptase inhibitor Nevirapine. Biophys Chem. Jan 2011;153(2-3):168-172. [doi: 10.1016/
j.bpc.2010.11.004] [Medline: 21146283]

Masso M. Prediction of human immunodeficiency virus type 1 drug resistance: representation of target sequence
mutational patterns via an n-grams approach. Presented at: 2012 IEEE International Conference on Bioinformatics and
Biomedicine; Oct 4-7, 2012:1-6; Philadelphia, PA, USA. 2012.[doi: 10.1109/BIBM.2012.6392665]

Yu X, Weber IT, Harrison RW. Prediction of HIV drug resistance from genotype with encoded three-dimensional
protein structure. BMC Genomics. 2014;15 Suppl 5(Suppl 5):1-13. [doi: 10.1186/1471-2164-15-S5-S1] [Medline:
25081370]

https://www.jmir.org/2026/1/€79219 J Med Internet Res 2026 | vol. 28 179219 | p. 16

(page number not for citation purposes)


https://doi.org/10.1097/QAI.0000000000001687
http://www.ncbi.nlm.nih.gov/pubmed/29608444
https://doi.org/10.1097/QAI.0000000000002181
https://doi.org/10.1097/QAI.0000000000002181
http://www.ncbi.nlm.nih.gov/pubmed/31714429
https://doi.org/10.1097/QAI.0000000000002093
http://www.ncbi.nlm.nih.gov/pubmed/31107302
https://doi.org/10.3389/fneur.2020.551921
http://www.ncbi.nlm.nih.gov/pubmed/33329301
https://doi.org/10.1080/15592294.2020.1824097
https://doi.org/10.1080/15592294.2020.1824097
http://www.ncbi.nlm.nih.gov/pubmed/33092459
https://doi.org/10.1097/QAD.0000000000002471
https://doi.org/10.1097/QAD.0000000000002471
http://www.ncbi.nlm.nih.gov/pubmed/31895148
https://doi.org/10.1097/QAI.0000000000002783
http://www.ncbi.nlm.nih.gov/pubmed/34406983
https://doi.org/10.1016/j.eclinm.2021.100845
http://www.ncbi.nlm.nih.gov/pubmed/34027327
https://doi.org/10.1007/s12035-019-01795-3
http://www.ncbi.nlm.nih.gov/pubmed/31691183
https://doi.org/10.3389/fneur.2021.725059
http://www.ncbi.nlm.nih.gov/pubmed/34803875
https://doi.org/10.1097/QAD.0000000000002827
http://www.ncbi.nlm.nih.gov/pubmed/33534203
https://doi.org/10.3390/app112110457
https://doi.org/10.1097/QAI.0000000000003030
http://www.ncbi.nlm.nih.gov/pubmed/36094483
https://doi.org/10.3390/v15020316
http://www.ncbi.nlm.nih.gov/pubmed/36851531
https://doi.org/10.1007/s13365-022-01102-2
http://www.ncbi.nlm.nih.gov/pubmed/36348233
https://doi.org/10.3389/fneur.2024.1383227
http://www.ncbi.nlm.nih.gov/pubmed/38725641
https://doi.org/10.1073/pnas.0607274103
https://doi.org/10.1073/pnas.0607274103
http://www.ncbi.nlm.nih.gov/pubmed/17065321
https://doi.org/10.1016/j.bpc.2010.11.004
https://doi.org/10.1016/j.bpc.2010.11.004
http://www.ncbi.nlm.nih.gov/pubmed/21146283
https://doi.org/10.1109/BIBM.2012.6392665
https://doi.org/10.1186/1471-2164-15-S5-S1
http://www.ncbi.nlm.nih.gov/pubmed/25081370
https://www.jmir.org/2026/1/e79219

JOURNAL OF MEDICAL INTERNET RESEARCH Boudra et al

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Shen C, Yu X, Harrison RW, Weber IT. Automated prediction of HIV drug resistance from genotype data. BMC
Bioinformatics. Aug 31,2016;17 Suppl 8(Suppl 8):278. [doi: 10.1186/s12859-016-1114-6] [Medline: 27586700]
Pawar SD, Freas C, Weber IT, Harrison RW. Analysis of drug resistance in HIV protease. BMC Bioinformatics. Oct 22,
2018;19(Suppl 11):362. [doi: 10.1186/s12859-018-2331-y] [Medline: 30343664]

Steiner MC, Gibson KM, Crandall KA. Drug resistance prediction using deep learning techniques on HIV-1 sequence
data. Viruses. May 19, 2020;12(5):560. [doi: 10.3390/v12050560] [Medline: 32438586]

Dampier W, Link RW, Earl JP, et al. HIV- bidirectional encoder representations from transformers: a set of pretrained
transformers for accelerating HIV deep learning tasks. FrontVirol. 2022;2:880618. [doi: 10.3389/fviro.2022.880618]
Pillai SK, Good B, Pond SK, et al. Semen-specific genetic characteristics of human immunodeficiency virus type 1 env.
J Virol. Feb 2005;79(3):1734-1742. [doi: 10.1128/JV1.79.3.1734-1742.2005] [Medline: 15650198]

Pohlmeyer CW, Gonzalez VD, Irrinki A, et al. Identification of NK cell subpopulations that differentiate HIV-infected
subject cohorts with diverse levels of virus control. J Virol. Apr 1,2019;93(7):10-1128. [doi: 10.1128/JVI.01790-18]
[Medline: 30700608]

Weissman S, Yang X, Zhang J, Chen S, Olatosi B, Li X. Using a machine learning approach to explore predictors of
healthcare visits as missed opportunities for HIV diagnosis. AIDS. May 1, 2021;35(Suppl 1):S7-S18. [doi: 10.1097/
QAD.0000000000002735] [Medline: 33867485]

Giron LB, Palmer CS, Liu Q, et al. Non-invasive plasma glycomic and metabolic biomarkers of post-treatment control
of HIV. Nat Commun. Jun 29, 2021;12(1):3922. [doi: 10.1038/s41467-021-24077-w] [Medline: 34188039]

Murnane PM, Ayieko J, Vittinghoff E, et al. Machine learning algorithms using routinely collected data do not
adequately predict viremia to inform targeted services in postpartum women living with HIV. J Acquir Immune Defic
Syndr. Dec 15,2021;88(5):439-447. [doi: 10.1097/QA1.0000000000002800] [Medline: 34520443]

Mahto R, Sood K. HIV progression and outcome prediction to enhance patient matching for clinical trials. Presented at:
2024 IEEE 14th Annual Computing and Communication Workshop and Conference (CCWC); Jan 8-10,
2024:0278-0284; Las Vegas, NV, USA. [doi: 10.1109/CCWC60891.2024.10427778]

Prosperi M, Xu J, Guo JS, et al. Identification of social and racial disparities in risk of HIV infection in Florida using
causal Al methods. Presented at: 2022 IEEE International Conference on Bioinformatics and Biomedicine (BIBM); Dec
6-8,2022:2934-2939; Las Vegas, NV, USA. [doi: 10.1109/BIBM55620.2022.9995662]

Lee JS, Paintsil E, Gopalakrishnan V, Ghebremichael M. A comparison of machine learning techniques for classification
of HIV patients with antiretroviral therapy-induced mitochondrial toxicity from those without mitochondrial toxicity.
BMC Med Res Methodol. Nov 27, 2019;19(1):216. [doi: 10.1186/s12874-019-0848-z] [Medline: 31775643]

Bose E, Paintsil E, Ghebremichael M. Minimum redundancy maximal relevance gene selection of apoptosis pathway
genes in peripheral blood mononuclear cells of HIV-infected patients with antiretroviral therapy-associated
mitochondrial toxicity. BMC Med Genomics. Dec 1,2021;14(1):285. [doi: 10.1186/s12920-021-01136-1] [Medline:
34852799]

Premeaux TA, Bowler S, Friday CM, et al. Machine learning models based on fluid immunoproteins that predict non-
AIDS adverse events in people with HIV. iScience. Jun 21, 2024;27(6):109945. [doi: 10.1016/j.is¢i.2024.109945]
[Medline: 38812553]

Oliwa T, Furner B, Schmitt J, Schneider J, Ridgway JP. Development of a predictive model for retention in HIV care
using natural language processing of clinical notes. ] Am Med Inform Assoc. Jan 15,2021;28(1):104-112. [doi: 10.1093/
jamia/ocaa220] [Medline: 33150369]

Ramachandran A, Kumar A, Koenig H, et al. Predictive analytics for retention in care in an urban HIV clinic. Sci Rep.
Apr 14,2020;10(1):6421. [doi: 10.1038/s41598-020-62729-x] [Medline: 32286333]

Petersen ML, LeDell E, Schwab J, et al. Super learner analysis of electronic adherence data improves viral prediction
and may provide strategies for selective HIV RNA monitoring. JAIDS Journal of Acquired Immune Deficiency
Syndromes. 2015;69(1):109-118. [doi: 10.1097/QAI.0000000000000548]

LuZ,Ying H, Lin F, Neufeld S, Luborsky M, Brawn DM. Multi-class support vector machines for modeling HIV/AIDS
treatment adherence using patient data. Presented at: International Joint Conference on Neural Networks 2005; Jul 31 to
Aug 4,2005:2417-2422; Montreal, Que, Canada. 2005.[doi: 10.1109/IJCNN.2005.1556281]

Ying H, Lin F, Luan X, et al. A fuzzy discrete event system with self-learning capability for HIV/AIDS treatment
regimen selection. Presented at: NAFIPS 2005 - 2005 Annual Meeting of the North American Fuzzy Information
Processing Society; Jun 26 to Feb 28, 2005:820-824; Detroit, MI, USA. 2005.[doi: 10.1109/NAFIPS.2005.1548646]
Ying H, Lin F, MacArthur RD, et al. A fuzzy discrete event system approach to determining optimal HIV/AIDS
treatment regimens. IEEE Trans Inf Technol Biomed. Oct 2006;10(4):663-676. [doi: 10.1109/titb.2006.874200]
[Medline: 17044400]

https://www.jmir.org/2026/1/€79219 J Med Internet Res 2026 | vol. 28 179219 | p. 17

(page number not for citation purposes)


https://doi.org/10.1186/s12859-016-1114-6
http://www.ncbi.nlm.nih.gov/pubmed/27586700
https://doi.org/10.1186/s12859-018-2331-y
http://www.ncbi.nlm.nih.gov/pubmed/30343664
https://doi.org/10.3390/v12050560
http://www.ncbi.nlm.nih.gov/pubmed/32438586
https://doi.org/10.3389/fviro.2022.880618
https://doi.org/10.1128/JVI.79.3.1734-1742.2005
http://www.ncbi.nlm.nih.gov/pubmed/15650198
https://doi.org/10.1128/JVI.01790-18
http://www.ncbi.nlm.nih.gov/pubmed/30700608
https://doi.org/10.1097/QAD.0000000000002735
https://doi.org/10.1097/QAD.0000000000002735
http://www.ncbi.nlm.nih.gov/pubmed/33867485
https://doi.org/10.1038/s41467-021-24077-w
http://www.ncbi.nlm.nih.gov/pubmed/34188039
https://doi.org/10.1097/QAI.0000000000002800
http://www.ncbi.nlm.nih.gov/pubmed/34520443
https://doi.org/10.1109/CCWC60891.2024.10427778
https://doi.org/10.1109/BIBM55620.2022.9995662
https://doi.org/10.1186/s12874-019-0848-z
http://www.ncbi.nlm.nih.gov/pubmed/31775643
https://doi.org/10.1186/s12920-021-01136-1
http://www.ncbi.nlm.nih.gov/pubmed/34852799
https://doi.org/10.1016/j.isci.2024.109945
http://www.ncbi.nlm.nih.gov/pubmed/38812553
https://doi.org/10.1093/jamia/ocaa220
https://doi.org/10.1093/jamia/ocaa220
http://www.ncbi.nlm.nih.gov/pubmed/33150369
https://doi.org/10.1038/s41598-020-62729-x
http://www.ncbi.nlm.nih.gov/pubmed/32286333
https://doi.org/10.1097/QAI.0000000000000548
https://doi.org/10.1109/IJCNN.2005.1556281
https://doi.org/10.1109/NAFIPS.2005.1548646
https://doi.org/10.1109/titb.2006.874200
http://www.ncbi.nlm.nih.gov/pubmed/17044400
https://www.jmir.org/2026/1/e79219

JOURNAL OF MEDICAL INTERNET RESEARCH Boudra et al

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

Ying H, Lin F, MacArthur RD, et al. A self-learning fuzzy discrete event system for HIV/AIDS treatment regimen
selection. IEEE Trans Syst Man Cybern B Cybern. Aug 2007;37(4):966-979. [doi: 10.1109/tsmcb.2007.895360]
[Medline: 17702293]

Goldbaum MH, Falkenstein I, Kozak I, et al. Analysis with support vector machine shows HIV-positive subjects without
infectious retinitis have mfERG deficiencies compared to normal eyes. Trans Am Ophthalmol Soc. 2008;106:196-204.
[Medline: 19277235]

Cheng BY, Carbonell JG. Automatic detection of HIV drug resistance-associated mutations. Presented at: 2010 Ninth
International Conference on Machine Learning and Application. Dec 12-14, 2010:1EEE. 528-533; NW Washington, DC,
United States. 2010.[doi: 10.1109/ICMLA .2010.83]

Pillai SK, Pond SLK, Liu Y, et al. Genetic attributes of cerebrospinal fluid-derived HIV-1 env. Brain (Bacau). Jul
2006;129(7):1872-1883. [doi: 10.1093/brain/awl136] [Medline: 16735456]

Montesi G, Augello M, Polvere J, Marchetti G, Medaglini D, Ciabattini A. Predicting humoral responses to primary and
booster SARS-CoV-2 mRNA vaccination in people living with HIV: a machine learning approach. J Transl Med. May
7,2024;22(1):432. [doi: 10.1186/s12967-024-05147-1] [Medline: 38715088]

Underwood J, Cole JH, Caan M, et al. Gray and white matter abnormalities in treated human immunodeficiency virus
disease and their relationship to cognitive function. Clin Infect Dis. Aug 1, 2017;65(3):422-432. [doi: 10.1093/cid/
¢ix301] [Medline: 28387814]

Gelpi M, Mikaeloff F, Knudsen AD, et al. The central role of the glutamate metabolism in long-term antiretroviral
treated HIV-infected individuals with metabolic syndrome. Aging (Milano). Oct 15,2021;13(19):22732-22751. [doi: 10.
18632/aging.203622]

Olund Villumsen S, Benfeitas R, Knudsen AD, et al. Integrative lipidomics and metabolomics for system-level
understanding of the metabolic syndrome in long-term treated HIV-infected individuals. Front Immunol.
2021;12:742736. [doi: 10.3389/fimmu.2021.742736] [Medline: 35095835]

Beerenwinkel N, Schmidt B, Walter H, et al. Diversity and complexity of HIV-1 drug resistance: a bioinformatics
approach to predicting phenotype from genotype. Proc Natl Acad Sci U S A. Jun 11, 2002;99(12):8271-8276. [doi: 10.
1073/pnas.112177799] [Medline: 12060770]

Wang D, Larder B, Revell A, et al. A comparison of three computational modelling methods for the prediction of
virological response to combination HIV therapy. Artif Intell Med. Sep 2009;47(1):63-74. [doi: 10.1016/j.artmed.2009.
05.002] [Medline: 19524413

Zazzi M, Incardona F, Rosen-Zvi M, et al. Predicting response to antiretroviral treatment by machine learning: the
EuResist project. Intervirology. 2012;55(2):123-127. [doi: 10.1159/000332008] [Medline: 22286881 ]

Heider D, Senge R, Cheng W, Hiillermeier E. Multilabel classification for exploiting cross-resistance information in
HIV-1 drug resistance prediction. Bioinformatics. Aug 15,2013;29(16):1946-1952. [doi: 10.1093/bioinformatics/btt331]
[Medline: 23793752]

Riemenschneider M, Senge R, Neumann U, Hiillermeier E, Heider D. Exploiting HIV-1 protease and reverse
transcriptase cross-resistance information for improved drug resistance prediction by means of multi-label classification.
BioData Min. 2016;9:10. [doi: 10.1186/s13040-016-0089-1] [Medline: 26933450]

Riemenschneider M, Hummel T, Heider D. SHIVA - a web application for drug resistance and tropism testing in HIV.
BMC Bioinformatics. Aug 22,2016;17(1):314. [doi: 10.1186/s12859-016-1179-2] [Medline: 27549230]

Ramon E, Belanche-Muiioz L, Pérez-Enciso M. HIV drug resistance prediction with weighted categorical kernel
functions. BMC Bioinformatics. Jul 30,2019;20(1):410. [doi: 10.1186/s12859-019-2991-2] [Medline: 31362714]

Tunc H, Sari M, Kotil S. Machine learning aided multiscale modelling of the HIV-1 infection in the presence of NRTI
therapy. PeerJ. 2023;11:e15033. [doi: 10.7717/peerj.15033] [Medline: 37020854]

Tunc H, Dogan B, Darendeli Kiraz BN, Sari M, Durdagi S, Kotil S. Prediction of HIV-1 protease resistance using
genotypic, phenotypic, and molecular information with artificial neural networks. PeerJ. 2023;11:¢14987. [doi: 10.7717/
peerj.14987] [Medline: 36967989]

Paremskaia A, Rudik AV, Filimonov DA, Lagunin AA, Poroikov VV, Tarasova OA. Web service for HIV drug
resistance prediction based on analysis of amino acid substitutions in main drug targets. Viruses. Nov 11,
2023;15(11):2245. [doi: 10.3390/v15112245] [Medline: 38005921]

Rojas Sanchez P, Cobos A, Navaro M, Ramos JT, Pagan I, Holguin A. Impact of clinical parameters in the intrahost
evolution of HIV-1 subtype B in pediatric patients: a machine learning approach. Genome Biol Evol. Oct 1,
2017;9(10):2715-2726. [doi: 10.1093/gbe/evx193] [Medline: 29044435]

Ahlstrom MG, Ronit A, Omland LH, Vedel S, Obel N. Algorithmic prediction of HIV status using nation-wide
electronic registry data. EClinicalMedicine. Dec 2019;17:100203. [doi: 10.1016/j.eclinm.2019.10.016] [Medline:
31891137]

https://www.jmir.org/2026/1/€79219 J Med Internet Res 2026 | vol. 28 179219 | p. 18

(page number not for citation purposes)


https://doi.org/10.1109/tsmcb.2007.895360
http://www.ncbi.nlm.nih.gov/pubmed/17702293
http://www.ncbi.nlm.nih.gov/pubmed/19277235
https://doi.org/10.1109/ICMLA.2010.83
https://doi.org/10.1093/brain/awl136
http://www.ncbi.nlm.nih.gov/pubmed/16735456
https://doi.org/10.1186/s12967-024-05147-1
http://www.ncbi.nlm.nih.gov/pubmed/38715088
https://doi.org/10.1093/cid/cix301
https://doi.org/10.1093/cid/cix301
http://www.ncbi.nlm.nih.gov/pubmed/28387814
https://doi.org/10.18632/aging.203622
https://doi.org/10.18632/aging.203622
https://doi.org/10.3389/fimmu.2021.742736
http://www.ncbi.nlm.nih.gov/pubmed/35095835
https://doi.org/10.1073/pnas.112177799
https://doi.org/10.1073/pnas.112177799
http://www.ncbi.nlm.nih.gov/pubmed/12060770
https://doi.org/10.1016/j.artmed.2009.05.002
https://doi.org/10.1016/j.artmed.2009.05.002
http://www.ncbi.nlm.nih.gov/pubmed/19524413
https://doi.org/10.1159/000332008
http://www.ncbi.nlm.nih.gov/pubmed/22286881
https://doi.org/10.1093/bioinformatics/btt331
http://www.ncbi.nlm.nih.gov/pubmed/23793752
https://doi.org/10.1186/s13040-016-0089-1
http://www.ncbi.nlm.nih.gov/pubmed/26933450
https://doi.org/10.1186/s12859-016-1179-2
http://www.ncbi.nlm.nih.gov/pubmed/27549230
https://doi.org/10.1186/s12859-019-2991-2
http://www.ncbi.nlm.nih.gov/pubmed/31362714
https://doi.org/10.7717/peerj.15033
http://www.ncbi.nlm.nih.gov/pubmed/37020854
https://doi.org/10.7717/peerj.14987
https://doi.org/10.7717/peerj.14987
http://www.ncbi.nlm.nih.gov/pubmed/36967989
https://doi.org/10.3390/v15112245
http://www.ncbi.nlm.nih.gov/pubmed/38005921
https://doi.org/10.1093/gbe/evx193
http://www.ncbi.nlm.nih.gov/pubmed/29044435
https://doi.org/10.1016/j.eclinm.2019.10.016
http://www.ncbi.nlm.nih.gov/pubmed/31891137
https://www.jmir.org/2026/1/e79219

JOURNAL OF MEDICAL INTERNET RESEARCH Boudra et al

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

Bogojeska J, Bickel S, Altmann A, Lengauer T. Dealing with sparse data in predicting outcomes of HIV combination
therapies. Bioinformatics. Sep 1,2010;26(17):2085-2092. [doi: 10.1093/bioinformatics/btq361] [Medline: 20624779]
Zazzi M, Kaiser R, Sonnerborg A, et al. Prediction of response to antiretroviral therapy by human experts and by the
EuResist data-driven expert system (the EVE study). HIV Med. Apr 2011;12(4):211-218. [doi: 10.1111/].1468-1293.
2010.00871 .x] [Medline: 20731728]

Rosen-Zvi M, Altmann A, Prosperi M, et al. Selecting anti-HIV therapies based on a variety of genomic and clinical
factors. Bioinformatics. Jul 1, 2008;24(13):1399-406. [doi: 10.1093/bioinformatics/btn141] [Medline: 18586740]

Pham T, Ghafoor M, Grafiana-Castillo S, et al. DeepARV: ensemble deep learning to predict drug-drug interaction of
clinical relevance with antiretroviral therapy. NPJ Syst Biol Appl. May 6, 2024;10(1):48. [doi: 10.1038/s41540-024-
00374-0] [Medline: 38710671]

Niemczak CE, Montagnese B, Levy J, et al. Machine learning for predicting cognitive deficits using auditory and
demographic factors. PLoS ONE. 2024;19(5):¢0302902. [doi: 10.1371/journal.pone.0302902] [Medline: 38743715]
Singh Y. Machine learning to improve the effectiveness of ANRS in predicting HIV drug resistance. Healthc Inform
Res. Oct 2017;23(4):271-276. [doi: 10.4258/hir.2017.23.4.271] [Medline: 29181236]

Ekpenyong ME, Edoho ME, Udo 1J, et al. A transfer learning approach to drug resistance classification in mixed HIV
dataset. Informatics in Medicine Unlocked. 2021;24:100568. [doi: 10.1016/j.imu.2021.100568]

Kimaina A, Dick J, DeLong A, Chrysanthopoulou SA, Kantor R, Hogan JW. Comparison of machine learning methods
for predicting viral failure: a case study using electronic health record data. Stat Commun Infect Dis. Sep 1,
2020;12(Suppl1):20190017. [doi: 10.1515/scid-2019-0017] [Medline: 37288469]

Kagendi N, Mwau M. A machine learning approach to predict HIV viral load hotspots in Kenya using real-world data.
Health Data Sci. 2023;3:0019. [doi: 10.34133/hds.0019] [Medline: 38487196]

Mamo DN, Yilma TM, Tewelgne MF, et al. Machine learning to predict virological failure among HIV patients on
antiretroviral therapy in the University of Gondar Comprehensive and Specialized Hospital, in Amhara Region,
Ethiopia, 2022. BMC Med Inform Decis Mak. 2022;23(1):75. [doi: 10.1186/s12911-023-02167-7]

Bisaso KR, Karungi SA, Kiragga A, Mukonzo JK, Castelnuovo B. A comparative study of logistic regression based
machine learning techniques for prediction of early virological suppression in antiretroviral initiating HIV patients.
BMC Med Inform Decis Mak. Sep 4, 2018;18(1):77. [doi: 10.1186/s12911-018-0659-x] [Medline: 30180893]

Kebede M, Zegeye DT, Zeleke BM. Predicting CD4 count changes among patients on antiretroviral treatment:
application of data mining techniques. Comput Methods Programs Biomed. Dec 2017;152:149-157. [doi: 10.1016/].
cmpb.2017.09.017] [Medline: 29054255]

Ekpenyong ME, Etebong PI, Jackson TC. Fuzzy-multidimensional deep learning for efficient prediction of patient
response to antiretroviral therapy. Heliyon. Jul 2019;5(7):02080. [doi: 10.1016/j.heliyon.2019.¢02080] [Medline:
31372545]

Maskew M, Sharpey-Schafer K, De Voux L, et al. Applying machine learning and predictive modeling to retention and
viral suppression in South African HIV treatment cohorts. Sci Rep. Jul 26, 2022;12(1):12715. [doi: 10.1038/541598-022-
16062-0] [Medline: 35882962]

Ogbechie MD, Fischer Walker C, Lee MT, et al. Predicting treatment interruption among people living with HIV in
Nigeria: machine learning approach. JMIR Al. May 12, 2023;2:e44432. [doi: 10.2196/44432] [Medline: 38875546]
Tiburcio R, Barreto-Duarte B, Naredren G, et al. Dynamics of T-lymphocyte activation related to paradoxical
tuberculosis-associated immune reconstitution inflammatory syndrome in persons with advanced HIV. Front Immunol.
2021;12:757843. [doi: 10.3389/fimmu.2021.757843] [Medline: 34691079]

Ogishi M, Yotsuyanagi H. Prediction of HIV-associated neurocognitive disorder (HAND) from three genetic features of
envelope gp120 glycoprotein. Retrovirology (Auckl). Jan 27, 2018;15(1):12. [doi: 10.1186/s12977-018-0401-x]
[Medline: 29374475]

Babu H, Sperk M, Ambikan AT, et al. Plasma metabolic signature and abnormalities in HIV-infected individuals on
long-term successful antiretroviral therapy. Metabolites. Sep 30, 2019;9(10):210. [doi: 10.3390/metabo9100210]
[Medline: 31574898]

Yin Y, Xue M, Shi L, et al. A noninvasive prediction model for Hepatitis B virus disease in patients with HIV: based on
the population of Jiangsu, China. Biomed Res Int. 2021;2021(1):6696041. [doi: 10.1155/2021/6696041] [Medline:
33860053]

Zhao J,Ma Z, Chen F, et al. Human immune deficiency virus-related structural alterations in the brain are dependent on
age. Hum Brain Mapp. Jul 2021;42(10):3131-3140. [doi: 10.1002/hbm.25423] [Medline: 33755269]

LiB,Li M, Song Y, et al. Construction of machine learning models to predict changes in immune function using clinical
monitoring indices in HIV/AIDS patients after 9.9-years of antiretroviral therapy in Yunnan, China. Front Cell Infect
Microbiol. 2022;12:867737. [doi: 10.3389/fcimb.2022.867737] [Medline: 35646738]

https://www.jmir.org/2026/1/€79219 J Med Internet Res 2026 | vol. 28 179219 | p. 19

(page number not for citation purposes)


https://doi.org/10.1093/bioinformatics/btq361
http://www.ncbi.nlm.nih.gov/pubmed/20624779
https://doi.org/10.1111/j.1468-1293.2010.00871.x
https://doi.org/10.1111/j.1468-1293.2010.00871.x
http://www.ncbi.nlm.nih.gov/pubmed/20731728
https://doi.org/10.1093/bioinformatics/btn141
http://www.ncbi.nlm.nih.gov/pubmed/18586740
https://doi.org/10.1038/s41540-024-00374-0
https://doi.org/10.1038/s41540-024-00374-0
http://www.ncbi.nlm.nih.gov/pubmed/38710671
https://doi.org/10.1371/journal.pone.0302902
http://www.ncbi.nlm.nih.gov/pubmed/38743715
https://doi.org/10.4258/hir.2017.23.4.271
http://www.ncbi.nlm.nih.gov/pubmed/29181236
https://doi.org/10.1016/j.imu.2021.100568
https://doi.org/10.1515/scid-2019-0017
http://www.ncbi.nlm.nih.gov/pubmed/37288469
https://doi.org/10.34133/hds.0019
http://www.ncbi.nlm.nih.gov/pubmed/38487196
https://doi.org/10.1186/s12911-023-02167-7
https://doi.org/10.1186/s12911-018-0659-x
http://www.ncbi.nlm.nih.gov/pubmed/30180893
https://doi.org/10.1016/j.cmpb.2017.09.017
https://doi.org/10.1016/j.cmpb.2017.09.017
http://www.ncbi.nlm.nih.gov/pubmed/29054255
https://doi.org/10.1016/j.heliyon.2019.e02080
http://www.ncbi.nlm.nih.gov/pubmed/31372545
https://doi.org/10.1038/s41598-022-16062-0
https://doi.org/10.1038/s41598-022-16062-0
http://www.ncbi.nlm.nih.gov/pubmed/35882962
https://doi.org/10.2196/44432
http://www.ncbi.nlm.nih.gov/pubmed/38875546
https://doi.org/10.3389/fimmu.2021.757843
http://www.ncbi.nlm.nih.gov/pubmed/34691079
https://doi.org/10.1186/s12977-018-0401-x
http://www.ncbi.nlm.nih.gov/pubmed/29374475
https://doi.org/10.3390/metabo9100210
http://www.ncbi.nlm.nih.gov/pubmed/31574898
https://doi.org/10.1155/2021/6696041
http://www.ncbi.nlm.nih.gov/pubmed/33860053
https://doi.org/10.1002/hbm.25423
http://www.ncbi.nlm.nih.gov/pubmed/33755269
https://doi.org/10.3389/fcimb.2022.867737
http://www.ncbi.nlm.nih.gov/pubmed/35646738
https://www.jmir.org/2026/1/e79219

JOURNAL OF MEDICAL INTERNET RESEARCH Boudra et al

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

Mulyadi WJ, Qomariyah NN. Using machine learning to analyse the effect of antiretroviral therapy (ART) on people
with HIV. Presented at: 2023 10th International Conference on ICT for Smart Society (ICISS); Sep 6-7, 2023:1-5;
Bandung, Indonesia. [doi: 10.1109/ICISS59129.2023.10291717]

Jaganath D, Rajan J, Yoon C, et al. Evaluation of multi-antigen serological screening for active tuberculosis among
people living with HIV. PLoS ONE. 2020;15(6):e0234130. [doi: 10.1371/journal.pone.0234130] [Medline: 32497095]
Paul RH, Cho KS, Luckett P, et al. Machine learning analysis reveals novel neuroimaging and clinical signatures of
frailty in HIV.J Acquir Immune Defic Syndr. Aug 1, 2020;84(4):414-421. [doi: 10.1097/QAI.0000000000002360]
[Medline: 32251142]

Blassel L, Tostevin A, Villabona-Arenas CJ, et al. Using machine learning and big data to explore the drug resistance
landscape in HIV. PLOS Comput Biol. Aug 2021;17(8):e1008873. [doi: 10.1371/journal.pcbi.1008873] [Medline:
34437532]

Ragonnet-Cronin M, Golubchik T, Moyo S, et al. Human immunodeficiency virus (HIV) genetic diversity informs stage
of HIV-1 infection among patients receiving antiretroviral therapy in Botswana. J Infect Dis. Apr 19,
2022;225(8):1330-1338. [doi: 10.1093/infdis/jiab293] [Medline: 34077517]

Streeck H, Maestri A, Habermann D, et al. Dissecting drivers of immune activation in chronic HIV-1 infection.
EBioMedicine. Sep 2022;83:104182. [doi: 10.1016/j.ebiom.2022.104182] [Medline: 35905559]

Benitez AE, Musinguzi N, Bangsberg DR, et al. Super learner analysis of real-time electronically monitored adherence
to antiretroviral therapy under constrained optimization and comparison to non-differentiated care approaches for
persons living with HIV in rural Uganda. J Int AIDS Soc. Mar 2020;23(3):e25467. [doi: 10.1002/jia2.25467] [Medline:
32202067]

Stockman J, Friedman J, Sundberg J, Harris E, Bailey L. Predictive analytics using machine learning to identify ART
clients at health system level at greatest risk of treatment interruption in Mozambique and Nigeria. JAIDS Journal of
Acquired Immune Deficiency Syndromes. 2022;90(2):154-160. [doi: 10.1097/QAI1.0000000000002947]

Herrera-Ibatd DM, Pazos A, Orbegozo-Medina RA, Romero-Duran FJ, Gonzélez-Diaz H. Mapping chemical structure-
activity information of HAART-drug cocktails over complex networks of AIDS epidemiology and socioeconomic data
of U.S. counties. BioSystems. Jun 2015;132-133:20-34. [doi: 10.1016/j.biosystems.2015.04.007] [Medline: 25916548]
Michael Olusegun A. Identifying the limitation of stepwise selection for variable selection in regression analysis.
AJTAS. 2015;4(5):414. [doi: 10.11648/j.ajtas.20150405.22]

Camacho Lopez PA, Latorre-Arevalo MG, Camacho-Naranjo P, Villabona-Florez SJ. Global research trends in artificial
intelligence and type 2 diabetes mellitus: a bibliometric perspective. Cureus. Jul 2025;17(7):e88114. [doi: 10.7759/
cureus.88114] [Medline: 40831862]

Algarvio RC, Conceigdo J, Rodrigues PP, Ribeiro I, Ferreira-da-Silva R. Artificial intelligence in pharmacovigilance: a
narrative review and practical experience with an expert-defined Bayesian network tool. Int J Clin Pharm. Aug
2025;47(4):932-944. [doi: 10.1007/s11096-025-01975-3] [Medline: 40736603]

Dsouza VS. Artificial Intelli- Gence in Pharmacovigilance: A Systematic Review on Predicting Adverse Drug Reactions
in Hospitalized Patients Research in Social and Admin- Istrative Pharmacy. 2025. [doi: 10.1016/j.sapharm.2025.02.008]
Rudnisky E, Paudel K, Paudel KR. Pharmacovigilance in the era of artificial intelligence: advancements, challenges, and
considerations. Cureus. Jun 2025;17(6):€86972. [doi: 10.7759/cureus.86972] [Medline: 40734859]

Lai S, Wei W, Yang S, et al. Machine learning-driven in-hospital mortality prediction in HIV/AIDS patients with
cytomegalovirus infection: a single-centred retrospective study. J Med Microbiol. Nov 2024;73(11). [doi: 10.1099/jmm.
0.001935] [Medline: 39606806]

Xie Z, Hu H, Kadota JL, et al. Prevention of adverse HIV treatment outcomes: machine learning to enable proactive
support of people at risk of HIV care disengagement in Tanzania. BMJ Open. Sep 24, 2024;14(9):e088782. [doi: 10.
1136/bmjopen-2024-088782] [Medline: 39317499]

Chen Y, Pan K, Lu X, Maimaiti E, Wubuli M. Machine learning-based prediction of mortality risk in AIDS patients
with comorbid common AIDS-related diseases or symptoms. Front Public Health. 2025;13:1544351. [doi: 10.3389/
fpubh.2025.1544351]

LiJ,Ding Y, Hao Y, et al. Machine learning algorithms to predict the risk of admission to intensive care units in HIV-
infected individuals: a single-centre study. Virol J. Aug 5, 2025;22(1):267. [doi: 10.1186/s12985-025-02900-w]
[Medline: 40764558]

Abbreviations

Al artificial intelligence

ANN: artificial neural network

ART: antiretroviral therapy

AUROC: area under the receiver operating characteristic curve
CD4: cluster of differentiation 4

DDI: drug-drug interaction

EHR: electronic health record

https://www.jmir.org/2026/1/€79219 J Med Internet Res 2026 | vol. 28 179219 | p. 20

(page number not for citation purposes)


https://doi.org/10.1109/ICISS59129.2023.10291717
https://doi.org/10.1371/journal.pone.0234130
http://www.ncbi.nlm.nih.gov/pubmed/32497095
https://doi.org/10.1097/QAI.0000000000002360
http://www.ncbi.nlm.nih.gov/pubmed/32251142
https://doi.org/10.1371/journal.pcbi.1008873
http://www.ncbi.nlm.nih.gov/pubmed/34437532
https://doi.org/10.1093/infdis/jiab293
http://www.ncbi.nlm.nih.gov/pubmed/34077517
https://doi.org/10.1016/j.ebiom.2022.104182
http://www.ncbi.nlm.nih.gov/pubmed/35905559
https://doi.org/10.1002/jia2.25467
http://www.ncbi.nlm.nih.gov/pubmed/32202067
https://doi.org/10.1097/QAI.0000000000002947
https://doi.org/10.1016/j.biosystems.2015.04.007
http://www.ncbi.nlm.nih.gov/pubmed/25916548
https://doi.org/10.11648/j.ajtas.20150405.22
https://doi.org/10.7759/cureus.88114
https://doi.org/10.7759/cureus.88114
http://www.ncbi.nlm.nih.gov/pubmed/40831862
https://doi.org/10.1007/s11096-025-01975-3
http://www.ncbi.nlm.nih.gov/pubmed/40736603
https://doi.org/10.1016/j.sapharm.2025.02.008
https://doi.org/10.7759/cureus.86972
http://www.ncbi.nlm.nih.gov/pubmed/40734859
https://doi.org/10.1099/jmm.0.001935
https://doi.org/10.1099/jmm.0.001935
http://www.ncbi.nlm.nih.gov/pubmed/39606806
https://doi.org/10.1136/bmjopen-2024-088782
https://doi.org/10.1136/bmjopen-2024-088782
http://www.ncbi.nlm.nih.gov/pubmed/39317499
https://doi.org/10.3389/fpubh.2025.1544351
https://doi.org/10.3389/fpubh.2025.1544351
https://doi.org/10.1186/s12985-025-02900-w
http://www.ncbi.nlm.nih.gov/pubmed/40764558
https://www.jmir.org/2026/1/e79219

JOURNAL OF MEDICAL INTERNET RESEARCH Boudra et al

HAART: highly active antiretroviral therapy

MDR-E: multidrug-resistant enterobacterial

ML: machine learning

PR: prevalence ratio

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RF': random forest

SVM: support vector machine

Edited by Alicia Stone; peer-reviewed by Dan Liu, Jason Ong; submitted 17.Jun.2025; final revised version received
06.Nov.2025; accepted 11.Nov.2025; published 28.Apr.2026

Please cite as:

Boudra T, Idrissou A, Barakat O, Davani S, Valnet Rabier MB, Lagoutte-Renosi J
Machine Learning in HIV Care and Antiretroviral Therapy: Systematic Review

J Med Internet Res 2026,28:¢79219

URL: hitps://www .jmir.org/2026/1/e79219

doi: 10.2196/79219

© Thamina Boudra, Arafate Idrissou, Oussama Barakat, Siamak Davani, Marie-Blanche Valnet Rabier, Jennifer Lagoutte-
Renosi. Originally published in the Journal of Medical Internet Research (https:/www.jmir.org), 28.Apr.2026. This is
an open-access article distributed under the terms of the Creative Commons Attribution License (https://creativecom-
mons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the
original work, first published in the Journal of Medical Internet Research (ISSN 1438-8871), is properly cited. The complete
bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license
information must be included.

https://www.jmir.org/2026/1/e79219 J Med Internet Res 2026 | vol. 28179219 | p. 21
(page number not for citation purposes)


https://www.jmir.org/2026/1/e79219
https://doi.org/10.2196/79219
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2026/1/e79219

	Machine Learning in HIV Care and Antiretroviral Therapy: Systematic Review
	Introduction
	Methods
	Search Strategy
	Eligibility Criteria
	Study Selection
	Data Synthesis and Analysis

	Results
	Discussion
	Principal Findings
	Limitations
	Future Directions
	Conclusions



