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Abstract

HIV testing is a critical tool for preventing HIV transmission, with early identification in key populations reducing onward 
spread. This study aims to evaluate risk prediction models, identify factors influencing HIV testing, and provide recommenda-
tions to enhance testing among key populations. Electronic databases were searched for peer-reviewed and gray literature 
published in English and Chinese from January 1, 1996, to November 14, 2025. Two reviewers independently assessed 
methodological quality and extracted data. The prediction model risk of bias assessment tool was used to evaluate bias and 
applicability. Of 3693 initially identified studies, seven met the inclusion criteria. Reported area under the curve (AUC) values 
ranged from 0.72 to 0.82, and the pooled AUC of validated models was 0.77 (95% confidence interval: 0.70-0.84), indicating 
moderate discriminative performance. However, most of the studies were assessed as having a high risk of bias, primarily 
due to insufficient reporting in the analysis domain, limiting the reliability of existing models for clinical or public health appli-
cations. Predictors of HIV testing were broadly grouped into sociodemographic, behavioral, knowledge-related, and structural 
factors, and predictors of HIV testing varied considerably across models, reflecting differences in study populations, beha-
vioral characteristics, and contextual factors across settings. Overall, although existing models demonstrate moderate predic-
tive ability, their methodological limitations and lack of external validation restrict their generalizability and practical utility. 
Therefore, reliable prediction models remain limited. Future research should develop high-quality models with larger sample 
sizes, robust designs, and multi-center external validation to support clinical application, improve practical relevance, and 
inform strategies to advance HIV testing. Beyond HIV testing prediction, this study highlights the need for broader prevention 
approaches, including sexuality education, risk awareness, and safe sexual behaviors, alongside targeted testing interventions.
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Introduction

HIV infection continues to pose a significant global 
public health challenge. By the end of 2024, an estima-
ted 40.8 million individuals were living with HIV world-
wide, with approximately 91.4 million cumulative deaths 
attributed to AIDS-related causes.1 Despite notable 
advancements in HIV prevention and treatment, new 
infections persist disproportionately among key popu-
lations.2 It is estimated that around 70% of new HIV 
cases globally occur within key populations and their 
sexual partners.3 Key populations are defined as indi-
viduals at heightened risk of HIV infection due to spe-
cific behaviors,4 including gay men and other men who 
have sex with men sex workers (MSM), female sex 
workers (FSW), transgender women (TGW), people 
who inject drugs (PWID), prisoners, and other incarce-
rated individuals.5 Importantly, the magnitude of HIV 
risk differs across these populations. The risk of HIV 
acquisition is approximately 13  times higher among 
MSM and 22 times higher among PWID compared with 
the general population. Among FSW, the global HIV 
prevalence is around 12%, reaching up to 30.7% in 
high-prevalence settings. TGW are also disproportio-
nately affected, with a pooled HIV prevalence of 
19.1%.6,7 In addition, HIV prevalence in prison popula-
tions is estimated to be 2-10  times higher than that in 
the general population. The increased susceptibility of 
these populations arises from the interplay of behavio-
ral risk factors and structural determinants, including 
high-risk sexual behaviors and drug-related practices, 
such as inconsistent condom use, multiple sexual part-
ners, and drug use involving unsafe injection practi-
ces.8-10 Failure to identify HIV infection early and 
interrupt transmission within these groups not only 
heightens onward transmission through high-risk sexual 
behaviors and needle sharing,11 but also delays diag-
nosis and treatment, leading to disease progression, 
poorer clinical outcomes, and a higher likelihood of 
undiagnosed infections persisting in the community.12 
Consequently, early identification and targeted preven-
tion efforts among key populations are essential for 
effective HIV prevention and control.

HIV testing is crucial for detecting HIV infection, faci-
litating the diagnosis, treatment, and monitoring of 
AIDS, and determining an individual’s HIV status.13 It is 
the cornerstone of HIV diagnosis, treatment initiation, 
and long-term care, serving as a fundamental entry 
point for the HIV care continuum.14 In addition, HIV tes-
ting plays a vital role in achieving the Joint United Nations 
Programme on HIV/AIDS (UNAIDS) 95-95-95 targets, 

which aim to eliminate the AIDS epidemic as a public 
health threat.15 Enhancing HIV testing uptake among 
key populations enables individuals to become aware 
of their HIV status, reduce high-risk behaviors, and 
commence antiretroviral therapy (ART) early, thereby 
reducing HIV transmission at both individual and popu-
lation levels.16 Despite the integration of key populations 
into national HIV testing services guidelines in many 
countries, evidence indicates that HIV testing coverage 
among these groups remains inadequate on a global 
and regional scale.17 Evidence from a systematic review 
and meta-analysis further illustrates this gap,18 reporting 
that the median proportion of individuals tested for HIV 
within the past 12 months was 54% among MSM, 61% 
among sex workers, 49% among PWID, and 45% 
among transgender individuals. These findings highlight 
substantial variability in testing uptake across key popu-
lations and underscore the need for more targeted and 
context-specific HIV testing strategies. Such strategies 
should be guided by country-specific epidemiological 
profiles, including the distribution and relative burden of 
HIV across different at-risk populations, as well as local 
patterns of transmission, to more effectively address 
unmet testing needs.19 Nowadays, various HIV testing 
approaches, including provider-initiated testing, commu-
nity-based testing, and HIV self-testing, have been intro-
duced to enhance access to testing.20 However, the 
number of HIV diagnoses falls short of global targets, 
which may reflect gaps in timely detection among key 
populations, including low perceived risk, limited aware-
ness of HIV status, concerns about confidentiality, fear 
of stigma in healthcare settings, and structural barriers 
to accessing testing services.21,22 Consequently, promo-
ting early diagnosis and reducing transmission within 
key populations poses significant challenges in HIV pre-
vention and control efforts.23 It is imperative to imple-
ment effective strategies to expand HIV testing 
opportunities for these specific groups and investigate 
the factors influencing HIV testing among key popula-
tions to improve testing coverage and awareness within 
these communities.

Previous studies have identified various factors asso-
ciated with HIV testing uptake among key popula-
tions,24-26 including sociodemographic characteristics, 
sexual behaviors, substance use, risk perception, and 
access to healthcare services. However, analyses that 
focus solely on individual influencing factors may not 
adequately capture the complex and multi-factorial 
nature of HIV testing behaviors.27 In contrast, 
risk prediction models integrate multiple predictors 
simultaneously to estimate the probability of a specific 
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outcome, thereby offering greater accuracy, practicality, 
and operational feasibility compared to single-factor 
analyses.28,29 These models have been widely utilized 
in clinical and public health research to predict disease 
occurrence and other health-related outcomes.30,31 
With advancements in big data analytics and statistical 
learning methods, the approaches for developing pre-
diction models have become increasingly diverse, lea-
ding to improved predictive performance.32 Furthermore, 
many models can be translated into simple, user-
friendly tools, such as scoring systems or digital appli-
cations, which are non-invasive, low-cost, and highly 
acceptable to users.33 These tools do not require 
sophisticated equipment, pose no physical harm to indi-
viduals, and have the potential to enhance efficiency 
while reducing societal and healthcare costs.34,35

In recent years, risk prediction models have gained 
traction among key populations, primarily to evaluate the 
risk of HIV infection and the probability of undergoing HIV 
testing. For instance, one study created a prediction 
model to estimate the risk of HIV, HCV, and syphilis infec-
tion among key populations in two Canadian provinces, 
achieving an area under the curve (AUC) of 0.79.36 
Another study focused on developing a risk prediction 
model for HIV infection among MSM and identified four 
significant predictive variables.37 However, no systematic 
review has thoroughly synthesized the evidence regar-
ding these models for HIV testing within key populations. 
Consequently, this study aimed to conduct a systematic 
review to summarize the characteristics, performance, 
and methodological quality of existing risk prediction 
models for HIV testing that target key populations. 
Employing the Joanna Briggs Institute systematic evalua-
tion methodology,38 this review seeks to provide a com-
prehensive overview of the current state of research and 
to inform future model development and strategies to 
enhance HIV testing among key populations.

Methods

This study was conducted according to the Preferred 
Reporting Items for Systematic Reviews and Meta-
Analyses guidelines,39 and the study protocol was 
registered in PROSPERO (registration number: 
CRD42024504653, https://www.crd.york.ac.uk/pros-
pero/search).

Search strategy

Our search began with an exploration of studies 
on MEDLINE (PubMed) to develop our search strategy. 

After identifying MeSH terms and free-text keywords, 
we customized them for each database before conduc-
ting a comprehensive search on each. The snowballing 
method was used to screen references cited in the 
included articles when necessary. Studies from data-
bases such as China National Knowledge Infrastructure, 
Wanfang Database, PubMed, Web of Science, and 
ProQuest were retrieved since the onset of the AIDS 
epidemic in 1996 until November 14, 2025. Publications 
were restricted to English or Chinese. Detailed retrieval 
strategies can be found in the Supplementary Data. 
The key items of our systematic review are as follows:
−	P (population): this study primarily focused on key 

populations, including but not limited to drug users, 
LGBTQ+ individuals, and sexual partners of people 
living with HIV (PLWH).

−	 I (intervention): risk prediction models were develo-
ped and validated for HIV testing among key 
populations.

−	C (comparator): there was no competing model.
−	O (outcome): the outcomes are centered on HIV tes-

ting behaviors, irrespective of testing methods, inclu-
ding serological testing, hospital-based testing, and 
self-testing.

−	T (Timing): not limited.
−	S (setting): not limited.

Inclusion and exclusion criteria

The inclusion criteria for the study were as follows: 
(1) studies focused on individuals aged 18  years and 
older, including but not limited to drug users, LGBTQ+ 
individuals, and sexual partners of PLWH; (2) risk pre-
diction models in the studies were validated either inter-
nally or externally; (3) study outcomes that concentrated 
on HIV testing behaviors, and (4) the study types inclu-
ded quantitative studies, encompassing but not limited 
to cross-sectional and cohort studies.

The exclusion criteria were (1) unavailability of the full 
text; (2) duplicate or overlapping publications, and 
(3) articles published in languages other than English 
or Chinese.

Study selection and screening

We employed NoteExpress (NE) to select the litera-
ture. Initially, all retrieved literature was imported into 
NE for deduplication. Subsequently, two researchers 
(XX and WZ) independently and rigorously screened 
the literature based on the established inclusion and 
exclusion criteria. The authors first assessed the titles 
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and abstracts, followed by a comprehensive review of 
the full texts that met the criteria. Furthermore, the 
reference lists of all eligible studies were examined to 
identify any potentially relevant studies. In cases of 
disagreement regarding study selection, a discussion 
among the three authors (XX, WZ, and SH) was con-
ducted to achieve consensus.

Data extraction

Two authors (XX and WZ) independently extracted 
the data, resolving any disagreements through discus-
sion until a consensus was reached, or by consulting 
a third author (SH) when necessary. Following the 
CHARMS checklist,40 the following data were extracted 
from each study: (1) demographic information, including 
the country of data collection, setting, data source, 
study design, and outcome definition; (2) methods for 
handling missing data, predictor selection, modelling, 
and model validation and presentation, and (3) predic-
tion outcomes, including accuracy, sensitivity, specifi-
city, and AUC.

Quality assessment

We utilized the available version of the prediction 
model risk of bias assessment tool (PROBAST)41 to 
assess the applicability and potential bias risk of the 
included studies. The PROBAST checklist serves as a 
critical appraisal tool for studies involved in the deve-
lopment, validation, or updating of prediction models 
for individualized predictions. It consists of 20 signaling 
questions categorized into four domains: participants, 
predictors, outcomes, and analysis.

Data synthesis and statistical analysis

A meta-analysis of the AUC values from the models 
was performed using R software (version 4.4.0) along 
with the R packages “metaphor” and “meta.” The sta-
tistical heterogeneity of the pooled rate was evaluated 
using the I2 statistic and a corresponding p-value, 
where a p < 0.05 indicated the presence of heteroge-
neity. The I2 values were categorized to indicate low, 
moderate, and high heterogeneity, with thresholds set 
at 25%, 50%, and 75%, respectively.42 The selection 
between fixed-effects and random-effects models 
depended on the level of heterogeneity observed in the 
analysis outcomes.

Results

Search and study selection

Fig.  1 depicts the selection and inclusion process 
utilized in this review. The initial search produced 3,693 
articles; following the removal of duplicates, 3,541 
papers remained. Subsequently, 3,464 articles were 
excluded based on title and abstract screening, resul-
ting in 77 articles for full-text evaluation. After asses-
sing the full texts, 74 articles were excluded: 47 studies 
were eliminated for not establishing prediction models 
or focusing solely on risk factors, 17 studies did not 
match the review’s population criteria, 10 studies pre-
sented outcomes inconsistent with the review’s objec-
tives, and 4 studies meeting the inclusion and exclusion 
criteria were obtained from citations. Ultimately, seven 
studies43-49 were included in this review.

Study characteristics

Table 1 presents a summary of the characteristics of 
the studies incorporated in this systematic review, 
encompassing publications from 2012 to 2025 conduc-
ted in the United States,44,45 Tanzania,46 China,49 
Ethiopia,47 and sub-Saharan Africa.43,48 Among these 
studies, four were prospective,43,44,46,49 while three were 
retrospective.45,47,48

The study populations exhibited significant diversity. 
Brown et al.43 concentrated on the sexual partners of 
PLWH recruited from outpatient sexually transmitted 
infection clinics, whereas Pan et al.44 focused on subs-
tance users using data from a previous clinical trial. 
Two studies specifically addressed missed or delayed 
HIV diagnosis: Weissman et al.45 examined individuals 
with missed opportunities for earlier HIV diagnosis 
using electronic health records, and Xu et al.49 explored 
individuals with late HIV diagnosis using a national 
surveillance database. The remaining three studies tar-
geted broader high-risk populations. Chikusi et al.46 
recruited clients engaged in index testing and partner 
notification services. Alie et al.47 analyzed adolescents 
and young adults aged 15-24  years using nationally 
representative demographic and health survey data, 
while Jaiteh et al.48 investigated adults who had ever 
undergone HIV testing using repeated cross-sectional 
survey data. Across all the studies included, HIV testing 
or diagnosis was the primary outcome. Nevertheless, 
there was considerable variation in the event definitions 
and sample sizes, with event-to-sample ratios ranging 

N
o

 p
ar

t 
o

f 
th

is
 p

u
b

lic
at

io
n

 m
ay

 b
e 

re
p

ro
d

u
ce

d
 o

r 
p

h
o

to
co

p
yi

n
g

 w
it

h
o

u
t 

th
e 

p
ri

o
r 

w
ri

tt
en

 p
er

m
is

si
o

n
 �o

f 
th

e 
p

u
b

lis
h

er
.  


©

 P
er

m
an

ye
r 

20
26



X. Xie et al.  Risk prediction models for HIV testing

5

Figure 1. Preferred reporting items for systematic reviews and meta-analyses flowchart of literature search and 
selection.

Records identified from
database searching: (n = 3693)
PubMed (n = 896)
Web of Science Core Collection
(n = 2436)
ProQuest (n = 129)
CNKI (n = 29)
WanFang (n = 203)

Records removed before
screening:
Duplicate records removed
through
NoteExpress (n = 152)

Additional studies identified
in references (n = 4)

Records excluded
Population (n = 1034)
Intervention (n = 1335)
Outcome (n = 1065)
Study Type (n = 30)

Records screened through
title and abstract (n = 3541)

Records screened through
full-text (n = 77)

Records excluded
Population (n = 17)
Intervention (n = 47)
Outcome (n = 10)

Studies included in review
(n = 7)

from 4.4 to over 158.4/parameter, indicating substantial 
heterogeneity in study scale and statistical power.

Model characteristics

Table  2 summarizes the characteristics of the seven 
prediction models. One study utilized traditional logistic 
regression,43 while the other six studies employed various 
machine learning techniques, such as random forest 
(RF), least absolute shrinkage and selection operator 
(LASSO)-based models, and other supervised learning 
methods.44-49 The selection of candidate predictors varied 
among studies. Three studies defined candidate predic-
tors primarily based on prior knowledge or existing litera-
ture,44,45,48 while two studies included all available 
variables without specific pre-selection criteria.46,47 The 
methods for selecting final predictors were inconsistently 

reported, including backward selection,43 LASSO regula-
rization,45 univariable associations,49 and bootstrap-based 
approaches,44,47 with unclear procedures in one study.46

Across the seven included studies, no single predic-
tor was consistently retained in all final models.43-49 Sex 
and age were the most frequently included demogra-
phic variables, each appearing in four studies,43,45,46,48 
although their operationalization varied across models. 
Behavioral factors related to sexual activity and rela-
tionship characteristics were also commonly identified, 
particularly in studies focusing on individual-  or com-
munity-level HIV testing.43,44,47,48 In contrast, predictors 
reflecting HIV-related knowledge, media exposure, and 
healthcare access tended to emerge in models based 
on population surveys or programmatic data.46-48 In 
addressing missing data, Pan et al.44 utilized a non-
parametric imputation method integrated into a RF 
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Table 1. Characteristics of the studies included in the systematic review

Author, 
Year

Study 
region

Study design Participants Data source Main outcome Events/Sample 
size (EPV or per 
parameter)

Brown 
et al., 
201243

Sub‑ 
Saharan 
Africa

Prospective 
cohort study

Sexual partner 
provided by PLWH 
within the last 3 
months

the Kamuzu Central 
Hospital and the Bwaila 
Hospital outpatient 
sexually transmitted 
infection clinics

Sexual partner 
HIV testing and 
counseling

37/170 (4.6)

Pan et al., 
201744

America Prospective 
cohort study

People ≥ 18 years or 
older and reported 
negative or 
unknown HIV status.

National Institute on 
Drug Abuse Clinical 
Trials Network HIV 
testing and counseling 
study (CTN‑0032)

HIV testing in 
substance users

763/1281 (4.4)

Xu et al., 
201949

China Prospective 
cohort study

Late‑diagnosed 
cases of HIV/AIDS

The Comprehensive 
AIDS Prevention and 
Control Information 
System of China from 
2007 to 2017

The situation of 
late detection of 
HIV infection and 
its influencing 
factors

187/628 (17.0)

Weissman 
et al., 
202145

America Retrospective 
study

Individuals at least 
18 years of age who 
were diagnosed 
with HIV for the 1s 
time between 
January 2008 and 
December 2016.

Electronic health records 
data

Individuals with 
missed 
opportunities for 
earlier HIV 
diagnosis

1514/4725 (60.6)

Chikusi 
et al., 
202246

Tanzania Prospective 
cohort study

The clients who 
participate in the 
Index Testing 
Services and 
Partner Notification 
Services

Different health centres 
and community sites 
from Arusha, Kilimanjaro, 
and Manyara

The number of 
HIV Index testing

Unknown

Alie and 
Negesse, 
202447

Ethiopia Retrospective 
study

Individuals aged 
15‑24 years old

Publicly available data 
set of the demographic 
and health survey of 
2016

whether the 
adolescent had 
undergone HIV 
testing within the 
past 5 years

1553/4506 (50.1)

Jaiteh 
et al., 
202548

South 
Africa

Retrospective 
study

Male and female 
participants aged 
18 years and older 
who provided a 
definitive 
response (Yes or 
No) to the outcome 
variable (“ever_hiv_
test”) during the 
survey

Five secondary 
datasets (South African 
national HIV prevalence, 
incidence, behaviour and 
communication survey 
[SABSSM] 2002, 2005, 
2008, 2012, and 2017), 
which were originally 
conducted by the Human 
Science Research 
Council (HSRC)

Identify factors 
associated with 
HIV testing 
among South 
African adults 
aged 18 and 
older

2002: 
1627/6228 (30.7)
2005: 
4816/14285 (90.9)
2008: 
6222/11833 (105.9)
2012: 
16133/24263 (153.4)
2017: 
26674/35071 (158.4)

algorithm, whereas Chikusi et al.46 dealt with missing 
values by imputing the most frequent category. Alie and 
Negesse47 employed multiple imputation for handling 
missing data, while Jaiteh et al.48 utilized single impu-
tation. The remaining three studies did not disclose 
either the proportion of missing data or the methods 
employed to address this issue.43,45,49

Model performance was reported inconsistently 
across studies. Discrimination was evaluated in most 
cases using the C-statistic or AUC, with values ranging 
from 0.72 to 0.82, which indicates a moderate level of 
discriminative ability. Internal validation was con-
ducted in the majority of studies, primarily through 
cross-validation or bootstrap resampling. However, 
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none of the models underwent external validation. 
Calibration was largely overlooked, with only one study 
providing a calibration-related metric,49 without ade-
quate methodological detail. In terms of model presen-
tation, only three studies converted model outputs into 
practical risk scores or formulas for potential clinical or 
public health applications.43,45,48 The remaining studies 
offered limited insights into how the models could be 
implemented in real-world HIV testing programs.

Risk of bias and applicability assessment

The results of the risk of bias and applicability 
assessment are summarized in Table 3. Overall, signi-
ficant methodological limitations were identified across 
the included studies. Regarding the overall risk of bias, 
five studies were classified as high risk,43-46 while two 
studies were deemed unclear.47,48

Risk of bias domains

In the participants’ domain, three studies were asses-
sed as high risk due to concerns regarding retrospec-
tive data sources or participant representativeness.45,46,49 
Two studies were rated as unclear due to insufficient 
information about participant recruitment or source 
populations.43,47 The remaining two studies were eva-
luated as having a low risk of bias.44,48 In the predictor’s 
domain, two studies were classified as high risk, pri-
marily due to non-transparent reporting or the potential 
influence of outcome information on predictors.45,49 In 
addition, in several instances, predictors were selected 
based on univariable screening or prior knowledge 
without adequate justification, which increased the risk 
of biased estimation. Three studies were assessed as 
unclear due to inadequate reporting on the definition, 
processing, or handling of predictors in the presence 
of missing data.43,44,46 The remaining two studies exhi-
bited a low risk of bias.47,48

In the outcome domain, two studies were deemed to 
have a high risk of bias due to insufficient justification 
of outcome definitions or potential overlap with predic-
tor information.45,49 Three studies were classified as 
unclear because of limited reporting on outcome 
assessment procedures.46-48 The remaining two stu-
dies were rated as having a low risk of bias.43,44 The 
analysis domain emerged as the most problematic 
aspect across the included studies. Only one study was 
assessed as having a low risk of bias in this domain.48 
Four studies were rated as having an unclear risk of 
bias, primarily due to inadequate reporting on data 

complexity, the handling of missing data, and the pro-
cessing of categorical and continuous variables.45-47,49 
Two studies were judged to have a high risk of bias, 
reflecting concerns related to predictor selection based 
on univariable screening, an insufficient number of 
outcome events relative to the number of predictors, 
and an increased risk of model over-fitting.43,44

Applicability assessment

Most of the studies exhibited relatively low concerns 
regarding applicability. In the participants’ domain, all 
studies were rated as having low applicability concerns, 
indicating that the included populations were generally 
relevant to the review question. Similarly, concerns 
related to predictors were uniformly low across all stu-
dies. In the outcome applicability domain, three studies 
were rated as unclear due to insufficient reporting on 
outcome relevance or operationalization.43,46,49 The 
remaining four studies were assessed as having low 
concerns, as the outcomes were well-aligned to predict 
HIV testing or diagnosis.44,45,47,48

Meta-analysis of the models included in 
the review

Among the seven articles ultimately included, four 
models reported AUC values and their 95% confidence 
interval (CI), and were suitable for meta-analysis. 
Utilizing a random-effects model, four validation data-
sets from three studies were synthesized to evaluate 
model discrimination. The pooled AUC was 0.77 (95% 
CI: 0.70-0.84), indicating acceptable discriminative per-
formance of HIV testing risk prediction models across 
key populations. However, high heterogeneity between 
studies was observed (I2 = 78.2%, τ2 = 0.0015, 
Q = 13.76, p = 0.0032) (Fig. 2). Individual study AUC 
estimates varied from 0.72 to 0.82, with all CIs remai-
ning above 0.70. The overall pooled effect was statis-
tically significant (t = 35.83, p < 0.0001).

Discussion

This is the first systematic review focused on risk 
prediction models for HIV testing in key populations. 
The study aimed to identify factors influencing HIV tes-
ting within these populations and evaluate current 
modelling methodologies. This study lays the ground-
work for research aimed at promoting HIV testing 
among key populations while also reducing the burden 
of early diagnosis and transmission of HIV.
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Key populations are the primary drivers of new HIV 
infections.14 Consequently, it is both essential and 
practical to prioritize and actively encourage these 
groups to undergo HIV testing. In contrast, the 
United Kingdom implemented an “opt-out” strategy for 
universal HIV testing across all populations in 2021.50 
Although this approach has effectively identified a 
greater number of undiagnosed infections and reduced 
HIV-related stigma, our findings indicate that further 
research is necessary to assess its effectiveness and 
long-term sustainability. This is particularly critical, as 
many regions, including countries such as China, 
remain low-prevalence settings where large 
population sizes present significant challenges to the 
implementation of comprehensive testing strategies.51 
Furthermore, universal testing may be challenging to 
operationalize in resource-limited settings, such as 
various areas of the Democratic Republic of the Congo, 
where the availability of HIV test kits is constrained for 
multiple reasons.52

The processes of study selection, data extraction, 
and quality assessment in this review also merit consi-
deration. Following the literature screening, four models 
were identified that aligned with our study objectives. 
Although the number of available predictive models 
remains limited, many existing studies have focused 
primarily on identifying associated factors rather than 
developing validated prediction tools.53-55 This highlights 
a clear gap in predictive models specifically tailored to 
key populations, particularly for HIV testing behaviors. 
Our evaluation indicated that the four models included 
in the study exhibited acceptable discriminative perfor-
mance, with AUC values ranging from 0.72 to 0.82. 
However, most of the models were assessed as having 
a high risk of bias, primarily due to inadequate reporting 
of analytical methods, which highlights ongoing 
methodological challenges in model development.

The meta-analysis of four validation datasets produ-
ced a pooled AUC of 0.77, indicating moderate-to-good 
discrimination and supporting the potential utility of risk 
prediction models in identifying factors that may 
influence HIV testing behaviors.56,57 Nonetheless, the 
wide CI (0.70-0.84) and significant heterogeneity 
suggest that model performance varies considerably 
across studies and settings, necessitating further 
model refinement before widespread implementation.58 
Moreover, AUC reflects discrimination only and does 
not capture calibration, clinical utility, or decision-
analytic performance.59 The lack of reported calibration 
metrics and impact analyses in several studies further 
limits conclusions regarding real-world applicability.
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Figure 2. Forest plot of the random effects meta-analysis of pooled AUC estimates for three models.

The observed heterogeneity (I2 = 78.2%) likely arises 
from variations in study populations, epidemiological 
contexts, and modelling strategies, including differen-
ces in key population definitions, HIV prevalence, pre-
dictor selection, and validation methods.60-62 In addition, 
the similarity in weights and overlapping CIs between 
two validation datasets from the same study may fur-
ther contribute to this heterogeneity.45,63 Such factors 
limit the independence of pooled estimates and highlight 
the lack of external validation evidence.64 Research 
indicates that harmonizing outcome definitions, predic-
tor selection, and validation approaches can reduce 
heterogeneity and enhance comparability across stu-
dies.65 Consequently, future research should prioritize 
the development of high-quality predictive models that 
focus on key populations and HIV testing behaviors. 
These initiatives must encompass larger sample 
sizes, robust study designs, transparent reporting of 
calibration measures, implementation-focused impact 
analyses, and multi-center external validation of exis-
ting HIV testing risk models across diverse key popu-
lations and settings.66,67

From the retained predictors in the models analyzed, 
researchers identified four broad categories of predic-
tors present in multiple studies: Sociodemographic cha-
racteristics,43,45,46,48,49 sexual behavior-related 
factors,43,44,47,48 HIV-related knowledge, awareness, 
and information access,46-48 and healthcare access or 
structural factors.44,45,48 Sociodemographic factors 
were the most commonly reported predictors across 
studies; only one study excluded sociodemographic 
variables from its final HIV testing prediction model,44 
while the remaining studies retained at least one socio-
demographic predictor.43,45-49 This finding is somewhat 
inconsistent with existing evidence that demonstrates 

strong associations between HIV testing behavior and 
sociodemographic factors,13 underscoring the need for 
further validation to clarify the role and relative contri-
bution of these predictors across different contexts. In 
addition, although the included studies generally provi-
ded clear definitions and measurement approaches for 
their predictors, the validity and generalizability of the 
final predictors remain uncertain, because none of the 
seven studies conducted external validation, highlighting 
the necessity for future research to assess these pre-
dictors in independent datasets and diverse set-
tings.68,69 Meanwhile, the predictors in HIV testing 
prediction models varied significantly across studies, 
indicating a lack of universally shared predictors. This 
diversity suggests that HIV testing behavior is highly 
context-dependent, and predictors identified in one set-
ting may not be directly applicable to others, particu-
larly when differences exist in study populations, data 
sources, and testing methodologies.70,71 Specifically, 
the included studies were primarily conducted in the 
United States44,45 and African regions.43,46-48 and can 
be broadly classified into resource-rich and resource-
limited settings based on resource availability. Such 
regional differences may influence HIV testing beha-
viors through variations in cultural norms, socioecono-
mic conditions, and healthcare system capacity. For 
instance, resource-rich settings such as the United 
States generally have more developed healthcare 
infrastructure, greater availability of testing services, 
and fewer structural barriers to care than resource-
limited settings. In this context, predictors identified in 
U.S.-based models were more likely to relate to health-
care utilization (e.g., emergency or inpatient visits), 
demographic characteristics (e.g., age and gender), 
and individual behavioral factors such as alcohol use 
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and sexual risk behaviors, suggesting a stronger link 
between testing and healthcare engagement.

In contrast, in resource-limited settings in parts of 
Africa, predictors tended to reflect a broader range of 
socioeconomic, informational, and structural factors, 
including knowledge and awareness of HIV and testing 
services, educational level, media exposure, and indi-
cators of socioeconomic position (e.g., wealth index 
and residence). Relational factors, such as marital sta-
tus, number of sexual partners, and awareness of a 
partner’s HIV status, were also commonly identified, 
indicating that testing behaviors in these settings may 
be more influenced by access to information, social 
context, and structural inequalities. Cultural beliefs, 
stigma, and policy environments (e.g., routine or opt-
out testing) may further shape these regional differen-
ces.72,73 However, it should also be noted that this 
classification may not fully reflect within-country 
heterogeneity.

In addition to geographical variation, heterogeneity in 
study populations may further contribute to the obser-
ved variability in predictors. The included studies 
encompassed diverse participant groups, including 
sexual partners of PLWH,43 adults with unknown HIV 
status (substance users),44,48 individuals with delayed 
HIV diagnosis,45,49 participants engaged in index tes-
ting and partner notification services,46 and adoles-
cents.47 These populations differ substantially in risk 
exposure, prior testing experience, health awareness, 
and social and relational contexts, which may shape 
the relative importance and direction of predictors 
across models.

For example, individuals engaged in partner notifica-
tion services may exhibit higher awareness and testing 
uptake due to structured interventions and provider-
initiated contact;74 accordingly, predictors in this group 
are more likely to reflect basic sociodemographic and 
structural characteristics, such as age, sex, marital sta-
tus, and social position, rather than individual-initiated 
health-seeking behaviors. In contrast, sexual partners 
of PLWH may be more influenced by interpersonal 
dynamics and perceived risk within intimate relations-
hips,73 with predictors more likely to center on relation-
ship-related factors, including partner gender, 
relationship duration, and educational level.

Adolescents may be more affected by developmental 
factors, health literacy, and prevailing social norms; 
therefore, their predictors are more likely to involve a 
broader combination of knowledge- and behavior-related 
factors, such as awareness of HIV and sexually 
transmitted infections, sexual behaviors, access to 

information (e.g., media exposure), and educational 
attainment. Meanwhile, individuals with unknown HIV 
status or those with delayed HIV diagnosis may be 
more influenced by informational gaps, risk perception, 
and barriers to early engagement with testing servi-
ces;75 accordingly, their predictors often reflect health-
care access and utilization (e.g., availability of on-site 
rapid testing and prior healthcare visits), as well as 
individual risk behaviors such as condomless sexual 
activity and alcohol use.

In addition, two included studies45,49 further illustrate 
variability in predictive factors at the model level when 
examining studies focusing on similar clinical popula-
tions across different settings. Specifically, in studies 
focusing on individuals with delayed HIV diagnosis, the 
Chinese study identified predictors such as sample 
source, infection route, and age at diagnosis, whereas 
the English study more frequently emphasized health-
care utilization and behavioral factors (e.g., emergency 
department visits, inpatient visits, alcohol use, and 
male gender). Although based on a limited number of 
studies, this comparison suggests that even within simi-
lar populations, the relative importance of predictive 
factors may vary across healthcare systems and epi-
demiological contexts.76

As a result, predictors identified in one population 
may not be directly transferable to others. Taken 
together, these findings highlight the importance of 
accounting for both contextual and population-level 
heterogeneity when interpreting predictive models. 
Future research may benefit from more standardized 
definitions of study populations, stratified analyses 
within more homogeneous subgroups with appropriate 
adjustment for potential confounding factors, or the 
incorporation of contextual variables to improve the 
comparability, robustness, and generalizability of pre-
dictive models.

The included studies employed traditional regression 
methods43 and machine-learning techniques for model 
development and predictor selection.44,45 While both 
approaches are capable of developing prediction 
models, evidence suggests that machine-learning 
methods may offer superior accuracy compared with 
traditional regression.77,78 A growing trend toward inte-
grating machine learning into modelling has been 
observed, with its application expanding across diverse 
domains, including artificial intelligence-driven compu-
ter-aided drug design and development, disease pre-
diction, and clinical decision support.79-81 Relevant 
policies82 further emphasize the importance of incorpo-
rating artificial intelligence (AI) and medical technology 
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on a global scale. Consequently, future research should 
place greater emphasis on exploring machine-learning 
approaches to enhance model performance.

This study establishes a foundation for the develop-
ment of models in future research. The interventions 
discussed in the included studies also provide impor-
tant insights for subsequent investigations. For exam-
ple, one study suggested the implementation of targeted 
referral services,43 while another recommended exten-
ding on-site counseling sessions and following up with 
individuals who declined services to comprehend their 
reluctance and offer tailored solutions.45 These recom-
mendations serve as valuable references for guiding 
future intervention research. Therefore, future research 
should leverage the model development experiences 
outlined in this review, incorporate established predic-
tive factors and proposed intervention strategies, and 
translate these elements into enhanced HIV testing risk 
prediction models to more effectively promote HIV tes-
ting uptake among key populations.

Beyond HIV testing, a more comprehensive preven-
tion framework is needed, incorporating sexuality edu-
cation, affective awareness, and safe sexual practices. 
These factors play a critical role in shaping individuals’ 
risk perception, sexual decision-making, and health-
seeking behaviors. As highlighted by Soriano et al.,83 
sexuality is influenced by a complex interplay of biolo-
gical, psychological, and sociocultural factors. During 
adolescence, individuals often experience evolving 
emotional and sexual perceptions, which may affect 
their understanding of identity, relationships, and sexual 
behaviors. In this context, providing accurate, age-
appropriate information and fostering open communi-
cation with parents, educators, and healthcare 
professionals are essential to support healthy develo-
pment. Such approaches may contribute to more infor-
med decision-making and reduce engagement in 
high-risk sexual practices.84

Importantly, these gaps in sexuality and affectivity 
education are not only relevant to HIV transmission but 
also extend to a broader spectrum of sexually transmit-
ted infections (STIs). As noted by Soriano et al.,85 
insufficient understanding of sexual health may increase 
vulnerability to multiple STIs. HIV and other STIs share 
common transmission routes and are often driven by 
similar behavioral factors, including inconsistent con-
dom use, multiple sexual partnerships, and substance 
use during sexual activity.8 In addition, contemporary 
social environments, including digital and online inte-
ractions, may further influence adolescents’ sexual 
behaviors by facilitating partner seeking and increasing 

exposure to diverse sexual content, potentially shaping 
norms and risk perception.86

Therefore, prevention strategies should not address 
HIV in isolation but rather adopt an integrated sexual 
health approach. Strengthening comprehensive sexua-
lity education, promoting healthy relationships, impro-
ving risk perception, and encouraging protective 
behaviors such as consistent condom use remain 
essential, alongside ensuring access to testing, coun-
seling, and other supportive services.87 Overall, while 
HIV testing remains a cornerstone of current prevention 
strategies, it should be complemented by educa-
tion-  and behavior-oriented interventions. Integrating 
these approaches may not only support earlier identi-
fication of infection but also address upstream determi-
nants of sexual risk behaviors, thereby providing a 
more effective and sustainable pathway for reducing 
both HIV and other STIs at the population level.

Limitations

This study has several limitations. First, the inclusion 
of non-English literature may introduce potential lan-
guage-related bias; however, it also allowed for the 
inclusion of additional context-specific evidence. 
Second, most included studies were conducted in the 
United States and African regions, which may introduce 
regional bias due to differences in healthcare systems 
and resource availability. Further research is needed in 
underrepresented regions, particularly in Asia and 
Europe. Third, the included studies covered diverse key 
populations with limited representation within each sub-
group, which constrained the ability to conduct stratified 
analyses and may affect the generalizability of the fin-
dings. Finally, the relatively broad time span of the 
included studies may have influenced the identification 
and relevance of predictive factors, given that HIV tes-
ting practices, policies, and technologies have evolved. 
However, no substantially outdated studies were inclu-
ded, which partially mitigates this concern.

Conclusion

This systematic review identified seven studies deve-
loping risk prediction models for HIV testing in key 
populations. Overall, most models were assessed as 
having a high risk of bias according to PROBAST, indi-
cating substantial methodological limitations in the 
current evidence base. In addition, the heterogeneity in 
study populations and settings suggests that predictive 
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factors may vary across different contexts, particularly 
between resource-rich and resource-limited regions.

These findings highlight the need for future research 
to develop more rigorous and generalizable prediction 
models. Efforts should focus on larger and more repre-
sentative samples, improved study design, and robust 
external validation across diverse populations and set-
tings. Strengthening methodological quality will be 
essential to enhance the reliability, clinical applicability, 
and potential impact of prediction models in supporting 
HIV testing strategies.
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