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Abstract
Introduction: Artificial intelligence (AI) and, in particular, machine learning (ML) have emerged as transformative tools in HIV
care, driving advancements in diagnostics, treatment monitoring and patient management. The present review aimed to sys-
tematically identify, map and synthesize studies on the use of AI methods across the HIV care continuum, including applica-
tions in HIV testing and linkage to care, treatment monitoring, retention in care, and management of clinical and immunologi-
cal outcomes.
Methods: A comprehensive literature search was conducted across databases, including PubMed and ProQuest Central, Sco-
pus and Web of Science, covering studies published between 2014 and 2024. The review followed PRISMA guidelines, screen-
ing 3185 records, of which 47 studies were included in the final analysis.
Results: Forty-seven studies were grouped into four thematic areas: (1) HIV testing, AI models improved diagnostic accuracy,
with ML achieving up to 100% sensitivity and 98.8% specificity in self-testing and outperforming human interpretation of
rapid tests; (2) Retention in care and virological response, ML predicted clinic attendance, viral suppression and virological
failure (72–97% accuracy; area under the curve up to 0.76), enabling early identification of high-risk patients; (3) Clinical and
immunological outcomes, AI predicted disease progression, immune recovery, comorbidities and HIV complications, achieving
up to 97% CD4 status accuracy and outperforming clinicians in tuberculosis diagnosis; (4) Testing and treatment support,
AI chatbots improved self-testing uptake, linkage to care and adherence support. Methods included random forests, neural
networks, support vector machines, deep learning and many others.
Discussion: AI has the potential to transform HIV care by improving early diagnosis, treatment adherence and retention in
care. However, challenges such as data quality, infrastructure limitations and ethical considerations must be addressed to
ensure successful implementation.
Conclusions: AI has demonstrated immense potential to address gaps in HIV care, improving diagnostic accuracy, enhancing
retention strategies and supporting effective treatment monitoring. These advancements contribute towards achieving the
UNAIDS 95-95-95 targets. However, challenges such as data quality and integration into healthcare systems remain. Future
research should prioritize scalable AI solutions tailored to high-burden, resource-limited settings to maximize their impact on
global HIV care.
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1 INTRODUCT ION

The HIV pandemic has had devastating consequences. Since
its onset, an estimated 85.6 million people have acquired HIV,

and 40.4 million people have died from AIDS-related causes.
In 2022, approximately 39 million people globally were living
with HIV. In the same year, approximately 1.3 million individu-
als newly acquired HIV, while 630,000 lost their lives to AIDS-
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related illnesses [1]. Notably, nearly 29.8 million people had
access to antiretroviral therapy (ART) [1], and UNAIDS esti-
mates revealed considerable progress towards the 95-95-95
targets. The achievement of 86%-89%-93% (86% of people
living with HIV [PLWH] knowing their status, 89% of those
with a known status on treatment and 93% of those on treat-
ment achieving viral suppression) is a significant improvement
from the 71%-67%-83% estimates of 2015 [1]. Much work,
however, still needs to be done: at the end of 2023, ±5.5
million PLWH were not yet aware of their status; ±9 mil-
lion were not on ART; and ±11.3 million were not virally sup-
pressed. To attain the global HIV targets, innovative strategies
will be needed.

Artificial intelligence (AI) is at the forefront of global inno-
vation, with its potential to enhance health outcomes gaining
increasing recognition. AI refers to the capacity of machines,
such as computers, to replicate aspects of human intelli-
gence [2]. Machine learning (ML), a subset of AI, entails the
utilization of algorithms and statistical models programmed
to learn from data, thereby discerning patterns and exe-
cuting tasks without explicit human instructions [2]. Super-
vised learning, a type of ML, learns to map inputs to out-
puts through pre-matched (labelled) pairs, contrasting with
unsupervised learning, which identifies patterns in data with-
out prior labelling [2]. Neural networks, inspired by biologi-
cal systems, employ interconnected neurons with adjustable
weights to make predictions, while deep learning refers
to neural networks with multiple hidden layers of neurons
[2]. These concepts collectively underpin the potential of
AI to revolutionize various fields, including healthcare, by
enhancing decision-making processes and ultimately improving
outcomes [2].

AI’s integration into clinical HIV care offers promise for
the improvement of disease diagnosis, treatment selection and
risk assessment. This has the potential to enable healthcare
systems to more accurately identify PLWH, initiate ART in
a timely manner and implement targeted retention strate-
gies, ultimately improving patient and public health out-
comes. While systematic reviews have been conducted on
the role of AI in managing conditions like hypertension and
diabetes, there does not appear to have been an explo-
ration of the potential applications of AI in various aspects
of HIV care [3–6]. This study aimed to systematically iden-
tify, map and synthesize studies on the use of AI meth-
ods across the HIV care continuum, including applications in
HIV testing and linkage to care, treatment monitoring, reten-
tion in care, and management of clinical and immunological
outcomes.

2 METHODS

This systematic review followed the Preferred Reporting
Items for Systematic reviews and Meta-Analyses (PRISMA)
guidelines [7]. The systematic review was registered with
PROSPERO to ensure transparency and adherence to
the predefined methodology and reporting standards
(https://www.crd.york.ac.uk/PROSPERO/display_record.php?
RecordID=517798).

2.1 Search strategy

The search strategy was developed by a librarian, author LM,
in consultation with SN. This search strategy was designed to
gather relevant articles on HIV care and the application of
AI in healthcare, spanning the period from 2014 to 2024. It
included queries in four key databases: PubMed, Scopus, Web
of Science and ProQuest Central. The search terms focused
on HIV-related care and treatment, including HIV manage-
ment, ART and HIV/AIDS interventions, paired with terms
related to AI and healthcare technologies such as ML, auto-
mated systems and digital health. Filters for article type, lan-
guage (English) and time span (2014−2024) were applied
to ensure the results were up to date and relevant. The
search results from these databases included 265 articles
from PubMed, 355 from Scopus, 314 from Web of Science
and 2799 from ProQuest Central. The detailed search strat-
egy is provided in Supplementary Material 1.

2.2 Screening

In accordance with PRISMA guidelines, a total of 3733
records were identified through database searching. After
duplicates were removed, 3185 records remained for screen-
ing eligibility. The title and abstract screening phase was con-
ducted by two authors, SN and TB, who reviewed the 3185
remaining records based on predefined inclusion and exclu-
sion criteria. Of these, 3060 records were excluded based on
predefined criteria. Subsequently, 125 full-text articles were
assessed for eligibility, of which 74 were excluded for vari-
ous reasons such as irrelevant study designs, populations that
did not focus on PLWH or interventions that were not related
to AI in HIV care. Ultimately, 47 studies were included in the
narrative synthesis for analysis (Figure 1).

2.3 Study selection criteria

This systematic review included observational studies, exper-
imental trials and studies that investigated AI applications in
HIV care. We defined HIV care to encompass clinical activi-
ties and outcomes following HIV diagnosis, including ART initi-
ation, adherence and retention, viral suppression, immunologic
monitoring (e.g. CD4/CD8 ratios), management of comor-
bidities, prediction of treatment-related outcomes (e.g. frailty,
mortality, coinfections) and clinical decision support for ongo-
ing care. While our search strategy primarily targeted HIV
care and management terms, we also included studies on AI
interventions that facilitated entry into care through mech-
anisms such as HIV self-testing promotion that was linked
to clinical follow-up or ongoing care engagement (e.g. AI
chatbots promoting self-testing with linkage to services). The
inclusion criteria were established to capture a comprehensive
range of AI applications in HIV diagnosis, treatment monitor-
ing and patient management. Studies were excluded if they
were published in languages other than English, were con-
ducted before 2014 or focused on AI applications without
a direct connection to HIV care. Additionally, studies that
applied AI techniques but did not report outcomes related to
HIV care were excluded to ensure relevance.
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Figure 1. PRISMA 2020 flow diagram of study selection.

2.4 Data collection process

The data extraction process followed a structured approach
to maintain accuracy and consistency. SN and TS indepen-
dently extracted data, and the compiled dataset was subse-
quently reviewed and refined by author ML, who acted as
the third reviewer. Given the complexity of ML methodolo-
gies, JS, a mathematician specializing in AI, conducted an inde-
pendent review of the extracted ML techniques to ensure
precise classification and correct interpretation of algorith-
mic approaches. To enhance consistency, the research team
conducted virtual consensus meetings, where reviewers dis-
cussed discrepancies and reached a final agreement on study
inclusion and data categorization. Data extraction adhered
to PRISMA guidelines and was systematically recorded in
Microsoft Excel. The extracted variables included: Study
ID (Article Title), File Name, ML Techniques Used, Study
Design, Study Setting, Study Population/Participants, Sample
Size, Intervention/Exposure, Comparator/Control, Outcomes
of Interest, Effect Size/Measure of Association, Statistical
Methods, Key Findings/Results and Conclusion/Summary. This
structured approach facilitated a comprehensive synthesis of
the data while ensuring consistency across studies. ML tech-
niques were categorized using standard taxonomies found in
authoritative sources such as Scikit-learn, The Elements of

Statistical Learning and Topol’s framework for AI in health-
care.

2.5 Quality appraisal

The methodological rigour of the included studies was
assessed using the Critical Appraisal Skills Programme (CASP)
checklist (Supplementary Material 2) [8]. TS evaluated the
studies, focusing on key aspects such as study design, risk of
bias, validity and generalizability. Any discrepancies in quality
assessment were discussed and resolved through consensus
to maintain the integrity of the review.

2.6 Synthesis strategy

The synthesis of findings was structured around four key the-
matic areas that reflected the different applications of AI in
HIV care. Studies were categorized into: (1) HIV testing; (2)
Retention in care and virological treatment response; (3) Clin-
ical and immunological treatment outcomes; and (4) Testing
and treatment support. In parallel, ML techniques were anal-
ysed based on the ML methods employed, such as random
forests (RFs), logistic regression (LR), support vector machines
(SVMs) and neural networks, to map their usage in various
aspects of HIV care.
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Figure 2. Geographic coverage of included studies on AI in HIV care.

3 RESULTS

Table 1 summarizes the 47 included studies, detailing authors,
study design, setting, population, sample size, outcomes and
AI methods used. Figure 2 presents the country distribution
of included studies, with the highest representation from the
United States (n = 7), South Africa (n = 6), China (n = 5),
Canada (n = 3), and Kenya, Nigeria and Tanzania (n = 4).
Studies were conducted across both high- and low- to middle-
income countries, reflecting the global interest in applying
AI methods across the HIV care continuum. Study designs
ranged from retrospective and prospective cohorts to ran-
domized controlled trials and cross-sectional analyses.*

The results are structured into four thematic areas: (1)
HIV testing; (2) Retention in care and virological treatment
response; (3) Clinical and immunological treatment outcomes;
and (4) Testing and treatment support.

3.1 HIV testing

ML models have been employed to predict HIV and other
sexually transmitted infection testing uptake [48], while pre-
dictive models have been applied to classify field-based rapid

* Numbers represent the count of included studies conducted in each country.

diagnostic test images for HIV diagnosis [47]. The applica-
tion of ML algorithms enhanced the specificity and positive
predictive value in interpreting HIV rapid diagnostic tests,
significantly reducing false positives compared to traditional
visual methods [50]. AI-assisted HIV self-testing in Kenya
demonstrated perfect sensitivity (100%) and high specificity
of 98.8%, ensuring accurate interpretations and enhancing
service delivery in pharmacy-based HIV testing [56]. In rural
South Africa, ML algorithms trained on 11,374 HIV rapid test
images achieved 97.8% sensitivity and 100% specificity, out-
performing human interpretation and supporting REASSURED
mobile diagnostics [47].

3.2 Retention in care and virological treatment
response

Predictive AI has been applied across multiple domains in HIV
care, including retention in care [9, 15, 18, 22], viral load sup-
pression [16, 18, 20, 57] and virological failure [14, 21]. ML
models have been employed to forecast missed ART appoint-
ments [34, 58] and predict clinic attendance [22], support-
ing adherence and retention strategies. ML models for reten-
tion in HIV care showed strong predictive performance across
diverse contexts. Models achieved an area under the curve
(AUC) of 0.69 for predicting clinic visit attendance in South
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Africa [59]; demonstrated the potential for identifying high-
risk patients with AUC values of 0.65 and 0.52, respectively,
in Mozambique and Nigeria [9], and 75% accuracy [15]. A
categorical boosting ML model, applied in a South African
cohort, correctly identified 22,119 of 35,985 missed clinic vis-
its, achieving a sensitivity of 62%, specificity of 67% and a
positive predictive value of 20% [34, 58].

AI methods applied to predict VL suppression and iden-
tify patients in HIV care at risk of virological failure uti-
lized algorithms such as RFs, LR and SVMs [16, 18, 20, 57].
These models, trained on routine patient data, including clinic
attendance, viral load results and treatment history, generally
achieved varying levels of accuracy (approximately 80−96%)
and sensitivity (72−97%), but successfully identifying patients
at a high risk for disengagement and highlighting the poten-
tial for targeted interventions to improve outcomes and opti-
mize resource allocation. In South Africa, these models pre-
dicted retention and viral suppression with an AUC of up to
0.76 [59]. Models achieved 78% accuracy in identifying viral
load hotspots in Kenya [16], 97% accuracy in predicting viro-
logical failure [20].

3.3 Clinical and immunological treatment
outcomes

AI has shown promise in improving the monitoring of clini-
cal outcomes in PLWH. Predictive models have been applied
to predict clinical progression to AIDS [12], diagnose PLWH
with laboratory-confirmed bacteraemia or fungemia (here-
after, bloodstream infection [BSI]) [52], predict immune func-
tion recovery [35] and identify comorbidity predictors [53].
Additionally, various ML models have been employed to iden-
tify individuals at high risk for HIV-associated morbidity—for
example development of peripheral neuropathy [10] and mor-
tality.

Models achieved 97% accuracy in predicting CD4 status in
Ethiopia, and 90% accuracy in clustering regions by ART out-
comes [20, 41]. In Yunnan, China, a study developed ML mod-
els to predict long-term immune function changes in PLWH on
ART. The SVM model performed best for CD4+ T cell recov-
ery in patients with counts <200 cells/μl, while the RF model
excelled for those with counts ≥200 cells/μl [35]. At Wenzhou
Central Hospital in China, a study developed an AI diagnostic
model to identify PLWH with BSI on the basis of eight clinical
factors combined with age and gender. The model, built using
the SVM with Radial Basis Function Kernel (svmRadial) algo-
rithm, achieved an AUC curve of 0.916, sensitivity of 0.824
and specificity of 0.855, demonstrating excellent performance
in diagnosing PLWH with BSI [52].

Furthermore, ML and AI have significantly enhanced diag-
nostic tools for HIV-related conditions. In Malawi, a computer-
aided digital chest X-ray system improved the timeliness of
tuberculosis (TB) diagnoses, reducing the median time to TB
treatment initiation from 11 days under standard care to just
1 day [25]. In South Africa, the CheXaid deep learning algo-
rithm achieved 79% accuracy in diagnosing TB from chest X-
rays in PLWH, outperforming human clinicians (65% accuracy)
and proving particularly valuable in resource-limited settings
[46].

In the United States, a study used deep neural networks
to classify cognitive impairment and frailty in PLWH, achiev-
ing accuracies of 82–86% and 75%, respectively, while iden-
tifying critical cerebral blood flow patterns [38]. In a subse-
quent study, ML models were used to analyse resting state
networks of the brain in 297 virologically suppressed PLWH
and 1509 healthy controls, identifying that the salience and
parietal memory networks effectively distinguished HIV sta-
tus, while features of the frontal parietal network were asso-
ciated with cognitive impairment, with minor variability in pre-
dictive strength observed across different age groups [37].

3.4 Testing and treatment support

AI chatbots have shown substantial potential in enhancing
HIV services in Malaysia, Hong Kong and Singapore by pro-
viding accessible, stigma-free and personalized support. In
Malaysia, 93% of users found chatbots useful, and 79%
expressed willingness to continue using them for HIV test-
ing and related services [40]. A focus group with 31 MSM
in Malaysia highlighted that chatbots addressing HIV testing
were well-received for their anonymity and ability to over-
come systemic barriers like stigma and discrimination [23]. In
Hong Kong, a trial involving 528 participants demonstrated
that chatbots effectively promoted self-testing uptake and
provided counselling comparable to traditional methods [60].
In Singapore, chatbots offered accurate, comprehensive health
information while reducing barriers to care, addressing stigma,
and improving access to HIV prevention and treatment [61].

3.5 ML techniques

Various AI techniques have been extensively applied to
enhance HIV care and research by addressing critical clini-
cal and public health challenges (Table 2). Artificial neural net-
works (ANNs) [9, 12, 27, 29, 30, 35–38] and RF [9–12, 14,
16–20, 27, 29, 32, 33, 35, 39, 41, 51, 55] models have been
utilized to predict treatment outcomes, viral load (VL) sup-
pression and long-term health trends. SVM [20, 22, 30, 33,
35, 41, 49, 51, 52, 54] and LR [9–11, 18, 22, 41, 48, 49,
51] have been applied to identify factors influencing clinic
attendance, immune function and comorbidities. Deep learn-
ing models, including convolutional neural networks [25, 46,
50], assist in diagnosing co-infections like TB through chest X-
rays, while bidirectional recurrent neural networks [21] cap-
ture temporal trends in VL and CD4 counts. Natural lan-
guage processing [23, 26, 40, 60] has enabled the develop-
ment of chatbots to promote HIV self-testing and enhance
patient engagement. Specialized techniques like YOLOX Nano
[47] for interpreting HIV self-test images, clustering meth-
ods for identifying socio-behavioural predictors and gradient
boosting [20, 44, 45] for predicting patient retention and ART
interruptions, further highlight the capabilities of AI in HIV
care. These applications showcase the versatility of AI in opti-
mizing diagnosis, treatment and care delivery for PLWH.

4 D ISCUSS ION

The current review underscores the significant potential of
predictive ML applications in advancing HIV care, aligning
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with broader analyses of ML in healthcare. Reviews, such as
Obermeyer et al. on predictive analytics in general healthcare,
and Topol on AI in clinical medicine, emphasize ML’s versa-
tility in improving patient outcomes through early interven-
tion and resource optimization [63, 64]. Similarly, our analysis
illustrates how ML models, using routine patient data, predict
virological suppression, retention in care and clinical outcomes
with moderate to high accuracy.

Previous reviews have noted ML’s capacity to address crit-
ical healthcare gaps, such as predicting patients’ risk of dis-
ease progression, treatment interruption, adverse drug reac-
tions, and loss to follow-up and optimizing treatment path-
ways [65–67]. For example, Topol discusses ML’s role in per-
sonalized medicine, which aligns with this review’s findings on
predicting individual patient outcomes, such as virological fail-
ure and immune function recovery [64]. The capacity of ML
to address retention in care parallels findings in primary care
reviews, where predictive models have improved appointment
adherence and patient engagement strategies [63].

The use of AI in diagnostics, as highlighted in our anal-
ysis, mirrors broader findings in imaging and pathology. For
example, the application of AI-assisted diagnostic tools in TB
and BSI detection aligns with reviews in oncology and radiol-
ogy, which documented the enhancement of diagnostic accu-
racy and efficiency through deep learning models [68]. These
advancements underscore ML’s versatility in integrating clini-
cal data and imaging for timely and precise diagnosis.

Previous reviews have identified challenges in the imple-
mentation of AI within clinical practice, including poor data
quality, algorithmic bias and limited scalability of models
across diverse settings [67, 69]. Issues such as the need for
high-quality training datasets, ethical considerations in model
deployment and integration into clinical workflows have been
extensively documented [64]. Furthermore, the introduction
of AI into HIV care presents significant regulatory and ethical
challenges, particularly concerning data privacy and potential
biases in AI models [69, 70]. Ensuring patient confidentiality
is paramount, as AI systems often require access to sensitive
health information, raising concerns about data security and
unauthorized use [71]. Moreover, AI models trained on non-
representative datasets may perpetuate existing health dispar-
ities, leading to biased outcomes in diagnosis and treatment
[72].

To address the identified challenges, practical steps, includ-
ing embedding equity into AI design from the outset by
ensuring inclusive data, applying bias-aware modelling strate-
gies, auditing decision outcomes and institutionalizing fairness
through policy, can help prevent the perpetuation of health
inequities [73]. Moreover, clear regulatory frameworks and
ethical guidelines should be developed to safeguard patient
data privacy and support responsible AI deployment in HIV
care [70, 74]. Strengthening collaborations between clinicians,
data scientists and policymakers is essential for aligning AI
innovations with frontline healthcare needs [63].

This synthesis reinforces the broader consensus that ML
has the potential to transform healthcare delivery across vari-
ous disciplines. While specific to HIV care, the findings reflect
universal themes in ML applications, emphasizing the need
for ongoing research and collaboration to maximize the bene-

fits of these technologies in achieving better health outcomes
globally.

AI and ML have the potential to revolutionize HIV care,
particularly in sub-Saharan Africa, where the epidemic remains
most severe, and health systems face significant challenges.
AI is transforming HIV care by enabling early identification of
high-risk patients, strengthening retention strategies, acceler-
ating TB/HIV co-infection diagnosis and expanding access to
self-testing, with the potential of driving better health out-
comes in the most affected regions. As these technologies
continue to evolve, their integration into healthcare systems
could optimize resource allocation, enhance early intervention
strategies and improve overall patient outcomes. However, to
maximize their impact, AI-driven solutions must be tailored
to local contexts, address structural barriers and ensure equi-
table access, ultimately strengthening HIV care delivery in the
regions that need it most.

Looking ahead, the next phase for AI in HIV care and
research should focus on evaluating the long-term impact of
AI interventions on patient outcomes, health system efficiency
and equity in HIV care, particularly in under-resourced set-
tings. Moreover, the development of locally relevant imple-
mentation frameworks grounded in ethical, regulatory and
infrastructural realities will be essential to guide the respon-
sible and sustainable integration of AI into HIV programmes.

The present review has several limitations. The heterogene-
ity of studies makes direct comparisons challenging due to
variations in design, population and AI methods. Additionally,
publication bias may influence findings, as negative results are
less frequently reported. Only studies published in English
were included due to resource constraints, which may have
led to the exclusion of relevant studies published in other lan-
guages.

5 CONCLUS IONS

Our review highlights the transformative potential of ML
applications in HIV treatment and care, demonstrating their
effectiveness in predicting critical outcomes such as reten-
tion in care, virological treatment response and clinical com-
plications. By leveraging routine patient data, ML mod-
els have proven valuable in optimizing resource allocation,
improving diagnostic accuracy and enabling targeted inter-
ventions, particularly in resource-limited settings. While sig-
nificant advancements have been achieved, challenges such
as data quality, algorithmic bias and integration into clini-
cal workflows persist. Addressing these limitations through
robust research, ethical considerations and scalable implemen-
tations will be crucial for maximizing the impact of ML on HIV
care.

The findings of this work reinforce the broader poten-
tial of ML across healthcare disciplines, aligning with global
efforts to enhance patient outcomes and achieve pub-
lic health goals, including the UNAIDS 95-95-95 targets.
Future research should focus on refining ML algorithms,
fostering interdisciplinary collaborations and ensuring equi-
table access to AI-driven innovations in HIV treatment and
beyond.
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