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Abstract

Obijectives. To explore how artificial intelligence (Al) can enhance infodemiology, which
distributes and scans information in the electronic medium, to process social media posts for
HIV pre-exposure prophylaxis (PrEP).

Design: Systematic Review

Methods. We searched in the U.S. Centers for Disease Control and Prevention’s Prevention
Research Synthesis database through June 2024 (PROSPERO: CRD42023458870). We included
infodemiology studies published in English and reported using Al to process social media posts on
PrEP. Two reviewers independently screened citations, extracted data, and conducted a risk of bias
assessment using the Joanna Briggs Institute Critical Appraisal Checklist for Prevalence Studies.
Findings are narratively summarized.

Results. Of the 135 citations screened, eight infodemiology studies were identified, analyzing
over 58.9 million posts. Infodemiology studies found the PrEP topics commonly discussed in
communities (e.g., barriers of uptake), rumors that may raise public health concerns (e.g., PrEP is
a prevention method against COVID-19 infection), geographic locations where concerns regarding
risk of acquiring HIV were raised (e.g., most HIV-related posts were from the 10 states with the
highest numbers of new HIV diagnoses), and predicted HIV trends (e.g., HIV-related tweets were
negatively correlated with the county-level HIV incidence rate in the following year).

Conclusions. Despite the limitations of this review including a small number of studies
reviewed, our review suggests social media posts may provide information on real-time PrEP-
related concerns, and Al can accelerate and enhance the processing of mass data to identify
the information that communities need and the areas/locations that may need HIV prevention
intervention.
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Social media has been one of the most popular sources for retrieving information, and

its use is constantly expanding [1]. In 2023, an estimated 4.9 billion people around the
world used social media to share information and engage with news content [2, 3]. Social
media platforms are well used by all race/ethnicity groups and sexual orientations, and users
frequently share and openly engage in discussions about their health practices, including
those related to HIV [4-7].

Studies that report findings from infodemiology (the distribution of health information in
electronic media to inform public health and public policy) have been on the rise [8].
Infodemiology allows us to obtain real-time, user-generated data from multiple social

media platforms (e.g., a microblogging site [X], a news aggregation and discussion site
[Reddit], photo and video sharing platform [Instagram]) [9, 10]. These data are difficult to
collect with traditional, time-consuming survey methods [9, 10]. Infodemiology is especially
advantageous for getting behavioral responses (e.g., acceptance of vaccinations, prevention
and control practice) to health-related issues [11] and information on sensitive topics, such
as HIV and pre-exposure prophylaxis (PrEP) knowledge and behaviors, especially among
disproportionately affected groups [12].

Social media content expands every second. Scanning and analyzing big data, such as social
media posts, are time-consuming and require significant efforts in filtering and removing
unwanted information [13]. Artificial intelligence (Al), such as machine learning (ML)

or deep learning (DL), may help process social media posts [14]. Al is defined as a
multidisciplinary field that focuses on developing intelligent systems capable of performing
tasks that typically require human intelligence [15]. ML enables computers to learn from
historical data and improve their performance without explicit programming [16], while DL
simulates the complex decision-making processes of the human brain through multilayered
neural networks [17]. Because of its real-world applications and ability to mimic human
decision-making and judgment, Al has rapidly been adopted in medical care, especially
during the COVID-19 pandemic to obtain or provide COVID-19-related information [18,
19]. This study is the first systematic review, to our knowledge, that describes infodemiology
studies that used Al to process mass social media data to understand what communities are
saying about HIV PrEP, to identify the advantages and disadvantages of using Al for this
purpose, and to determine the next steps.

METHODS

The study protocol for the parent review [20] was registered in PROSPERO
(CRD42023458870) [21]. Our report followed the Preferred Reporting Items for Systematic
Reviews and Meta-analysis (PRSIMA) Statement [22].
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A search was conducted in CDC’s Prevention Research Synthesis (PRS) Project database
that had amassed more than 130,000 HIV prevention citations by the end of March 2025.
Details of search strategies were published elsewhere [20]. For this review, a PRS Project
team librarian searched the PRS database in August 2023, with a second query conducted in
March 2024, for literature published from 2012 to the present. Two components were used
in the search. The first component looked at Al with phrases centered on ML and natural
language. The second component focused on pre-exposure prophylaxis and PrEP. The search
query looked specifically at the title, abstract, and indexing terms for citations focused on
PrEP and Al. We also searched for any newly published literature in PubMed, Scopus, and
Google Scholar by using the same search terms (June 2024). See the Appendix for full PrEP
annual searches, PRS database queries, and supplementary searches for this review.

Inclusion/Exclusion Criteria

Studies published in English and reported using Al, such as ML or natural language
processing (NLP), to assess social media posts related to PrEP were included. We excluded
studies that used Al to assess HIV information in general and did not focus on PrEP.

Screening and Data Abstraction

A two-step approach was applied to select studies. First, two reviewers independently
screened the citations by title and abstract. Second, two reviewers independently reviewed
the full text of included citations to confirm study eligibility. Disagreements were resolved
through discussion. If the two reviewers failed to reach an agreement, a third reviewer
resolved the discrepancy. Reviewers were trained, and all screening forms were pilot-tested
and revised as necessary. Identified citations were exported to DistilleSR (a systematic
review software, Evidence Partners, Ottawa, Canada) for data management to screen and
identify eligible studies. For all eligible studies, two reviewers extracted data on population
characteristics and Al program-related information and outcomes with a standard data
abstraction form.

Quality Assessment/Data Synthesis

RESULTS

Study quality assessment of included studies was conducted by using the Joanna Briggs
Institute (JBI) Critical Appraisal Checklist for Prevalence Studies [23, 24]. The JBI checklist
consisted of 9 questions with “yes” (1 point), “no” (0 points), “unclear” (0 points), or not
applicable” (0 points). A total score of nine was possible, with four or less being considered
as “high,” five or six being considered as “moderate,” and seven to nine considered as “low”
[25-27]. We narratively synthesized the characteristics and findings of the included studies.

Of the 142 identified citations, 53 were duplications and 32 were excluded by title screening
(Figure 1). Of the remaining 57 citations, 49 were excluded by full-report screening because
they were modeling studies (n=21), interventional studies (n=13), non-Al studies (n=8),
reviews (n=6), or non-PrEP—relevant studies (n=1). The remaining 8 studies were eligible for
this review.
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The study years included were from 2010 through 2022 (Table 1). Because social media
posts could not be validated and may not be reliable, all studies scored low on our study
quality assessment for measurement, classification, and other biases. Additionally, because
social media posts were voluntary and may not represent the voices of those who did not use
social media, the study’s validity was diminished; thus, all studies had moderate risk of bias.

Studies used ML in various social media platforms to identify HIV or PrEP-related social
media posts (e.g., text, still images, video footage) with the hashtag #HIV or #PrEP on
Instagram [28-31], Reddit [30, 31], Tumblr [31], X (formerly Twitter) [30-35], or YouTube
[31]. Three studies used NLP [29, 33, 34], which mimicked human decision-making, while
one study [28] used convolutional neural networks (CNNs) for analyzing visual imagery.

The total number of social media posts screened by the included studies was more than 58.9
million. The highest number screened for one study was by Adrover [36], who purchased
from an official X data reseller almost 40 million tweets that represented the full and
unbiased stream of data posted between September 2010 and August 2013. The elements

in social media posts that Al analyzed were categorized as either language content (e.g.,
tweets, texts) or visual content (e.g., still images, video footage).

Language Content

The included infodemiology studies scanned more than 55.8 million tweets and texts with
ML or NLP and identified 15,217 relevant social media posts (0.03%). The tweets were
posted mainly on X between September 2010 and December 2021 and represented a variety
of real-time conversations in communities.

Erdengaslieng [35] randomly selected 1,200 of 3,700 PrEP-related tweets posted between
January 2018 - December 2021 to understand the perceptions, awareness, and barriers to
using PrEP. They reported that one of the major PrEP-related tweet topics advocated for
better access to PrEP with insurance coverage and stated that pricing was the major reason
for not using PrEP [35].

Adrover [36] screened X around July 16, 2012, to identify tweets discussing the adverse
effects of antiretroviral therapy and associated sentiments around that date when the U.S.
Food and Drug Administration (FDA) approved Truvada for PrEP. Out of approximately 40
million tweets, they identified 1,642 tweets and 512 unique users who described personal
experiences with HIV drug treatment between September 2010 to August 2013 [37]. In the
summer of 2012, around the time of the FDA approval, they observed a peak in tweeting
about Truvada with increased media attention. The tweets included a significant number
of negative posts, such as adverse effects of the medication (e.g., renal toxicity, nausea,
vomiting) [36]. The tweets represented novel events, such as the availability of PrEP to
prevent HIV infection and the adverse effects or negative sentiments, that may have been
widely discussed in communities.

Xu used social media posts to explore the disruptions in PrEP care [31] and barriers to PrEP
uptake during the COVID-19 pandemic [30]. The authors screened, from October 2020
to December 2020, 522,430 posts on X, YouTube, Tumblr, Instagram, and Reddit. Terms
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linked to PrEP and HIV were examined to explore PrEP experiences, attitudes, and barriers
among racial/ethnic minorities and sexual minorities [31]. Based on 785 identified posts,
the impact of COVID-19 included access issues due to limited PrEP care services and lack
of insurance coverage, referral, and transportation services [31]. The authors also scanned
267,689 posts from March 13, 2020 to December 11, 2020, a time of emerging concern

for COVID-19 [30]. They identified 317 posts on X, Reddit, and Instagram discussing
PrEP and COVID-19. The major themes identified were concerns that resources were being
taken away from PrEP due to COVID-19 and that the pandemic contributed to disruption

in PrEP uptake due to the inaccessibility of clinics. False information and myths regarding
PrEP uptake included that PrEP could be used as a prevention method or precaution against
COVID-19 infections [30]. Authors also found reduced self-reported sexual behavior and
perceived lower HIV risk due to social distancing. This led to self-reported termination of
PrEP and other HIV prevention methods [30].

Two studies [33, 34] used geolocation of HIV-related tweets and assessed the association
with incidence rates of HIV infection. Klein [34] scanned over 3 million tweets containing
keywords of gay, bisexual, and other men who have sex with men (collectively referred to as
MSM) posted between September 2020 and January 2021 and identified 8,756 unique users
with U.S. state-level geolocations and their ages. The authors found that most HIV-related
posts (the residence of MSM users) were from the 10 states with the highest numbers of
new HIV diagnoses in the United States. Moreover, over two-thirds (68%) of users with
county-level geolocations were in counties or states considered priority jurisdictions by the
Ending the HIV Epidemic in the U.S. initiative. The age distribution reflected that of persons
who received a new diagnosis of HIV in the United States, with the 25-34 years age group
being the most common, followed by the 13-24 years age group [34].

The second study by Stevens [33] explored associations between the number of geolocated
HIV-related tweets and the future incidence rates of HIV infection. The authors examined
how X activities among young men (aged 13-24 years) were related to the incidence of HIV
infection in the United States. Reviewing 15.1 million tweets (2,517 were relevant) posted
during all of 2016 (January 1-December 31, 2016), the study found that HI\-specific tweets
were more likely to appear in counties where HIV incidence rates were high. Furthermore,
geolocated HIV tweets were negatively associated with the county-level HIV incidence rate
in the following year; for each additional 100 HIV-specific tweets per person in a particular
county, there was a 3% reduction in the HIV incidence rate in the following year [33].

Visual Content

Included infodemiology studies scanned 65,999 image-based posts with CNN or NLP and
identified 36,802 relevant social media posts (56%). All of these were posted on Instagram
from January 2017 through July 2018.

Nobles screened the social media posts to explore the demographic characteristics of human
faces posted with the hashtag #HIV [28] and concepts of these images [29]. For the former
study, the authors screened 26,766 Instagram posts to explore HIV risk perception and
communication in public health and found 10,036 with detectable human faces [28]. Social
media posts with the hashtag #HIV on Instagram often feature faces of individuals from
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groups that tend to have a lower prevalence of HIV infections, such as older adults, women,
and white persons. This discrepancy might lead Instagram users to potentially misjudge
their HIV risk [28]. For the latter study, the authors examined 39,233 posts and identified
26,766 that were relevant. They found that the visual content of posts with the hashtag
#HIV primarily focused on presenting infographics about clinical interventions (like PrEP)
presented images of persons aimed at reducing the stigma of sexual minorities and persons
with HIV, and shared their anonymized HIV test results [29].

DISCUSSION

This systematic review identified 8 infodemiology studies that used Al to screen more than
58.9 million social media posts. Analyzing language elements (e.g., tweets, texts) in social
media enabled us to analyze PrEP-related experiences or concerns (e.g., barriers to uptake
[30, 31, 35], adverse effects of PrEP [36]), and rumors (e.g., PrEP can prevent COVID-19
infection [30]). Analysis also allowed for the geolocation of MSM who may be PrEP
candidates [34] and to predict trends of HIV incidence [33]. Meanwhile, analyzing visual
elements (e.g., still images, video footage) on video platforms (e.g., Instagram) revealed
demographic profiles of pictures of human faces posted [28] and images of #HIV posts [29].
Here, we discuss how Al can enhance infodemiology to process social media posts, the
advantages and disadvantages of using Al in the field, and future uses of Al for analysis.

First, infodemiology studies using Al can help gather mass data. This includes real-time,
health-related information and how people consume such information (e.g., adverse effects
of medications [36] or accessibility of care during public health emergencies [30, 31]),
from a wide variety of communities; specifically from those who may not be included in
traditional surveys. One of the biggest questions is the reliability and accuracy of capturing
the actual communities’ experiences and conversations.

The Infodemiology studies in this review found that the reasons for changes in PrEP use
during the COVID-19 pandemic were the inaccessibility of PrEP care [31] and reduced
sexual behaviors [30]. These were the 2 most common impacts of COVID-19 found by a
recent systematic review examining the influences of the pandemic on PrEP care from 46
studies [38]. Additionally, renal toxicity, nausea, and vomiting reported on X as experiences
of the communities [36] are well-recognized potential side effects of PrEP [39]. These
findings indicated that scanning social media posts with Al can capture information typically
collected by using traditional time-consuming and labor-intensive surveys, but with the
advantage of collecting mass data quickly in a timely manner.

Second, social media helps spread public health information quickly and widely. Relative
to traditional media (e.g., newspapers, TV, radio broadcasts), social media accelerates the
recirculating of information [36]. As an example, tweeting about the first antiretroviral
treatment approved for PrEP (i.e., Truvada) hit a peak when the FDA approval spurred
coverage by the traditional media [36]. 512 unique users who tweeted about their HIV
experiences on X had an average of 2,300 followers between 2010-2013 [36]. This suggests
that a post by one person can spread broadly and influence thousands of followers and
communities.
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Meanwhile, one of the major PrEP-related tweet topics was to advocate better access,

stating that insurance coverage and pricing were the major concerns in accessing care and
using PrEP [35]. As a matter of fact, financial support, including changes in medication
options (e.g., availability of generic drugs), Medicaid expansion, insurance coverage policies
and regulations (e.g., Affordable Care Act or ACA), and PrEP assistance programs from
manufacturers, are available [40]. A significant barrier may be low PrEP awareness,
including a lack of information on the availability of PrEP financial support. Thus, when

we introduce or promote preventive or public health strategies, we can take advantage of the
influential factors of social networks and social media posts to promote awareness of the
strategies [36].

On the other hand, information posts on social media may not always be appropriate or
accurate. Negative sentiment may increase and influence communities to raise concerns
[36]. For example, tweets associating undesirable medical experiences, such as adverse
effects of medications, may negatively impact persons interested in the medications. False
information can also be widely shared. During the COVID-19 pandemic, the rumor that
PrEP can be used as a prevention method or precaution against COVID-19 infection was
widely spread on X [30]. Evidence that PrEP can prevent COVID-19 infection, or lead to a
less severe course of COVID-19 disease, has not been presented or verified [41].

Our current analyses do not explicitly differentiate between the sources of social media
posts. However, distinguishing between unsolicited or unregulated posts and those posted by
authoritative sources (e.g., government agencies, community organizations) or professionals
and experts could provide deeper insights into the sources of information shared on social
media. Future studies in this area could explore this differentiation in greater detail to better
understand the impact of different sources on public perceptions and behaviors.

Social media can serve as both a powerful tool for promoting awareness and a platform that
may contribute to the spread of misinformation. By targeting key influencers, addressing
misinformation, or providing additional information to communities on social media
platforms, we can enhance PrEP awareness and uptake.

Next, geolocated social media posts can identify populations with concerns and where
those issues are across the country. Our review found that HIV-related tweets were more
likely to be posted from the counties that had high HIV incidence rates or the priority
jurisdictions of the Ending the HIV Epidemic in the U.S. initiative [33, 34]. Meanwhile, the
HIV-related tweets were negatively associated with the county-level HIV incidence rate in
the following year [33]. These findings could suggest that higher numbers of HIV-related
tweets may be indicators of increased risk awareness, support, and community involvement
[33]. Additionally, faces appearing in social media posts with the #HIV hashtag are more
likely to belong to individuals who have a lower risk of HIV infection, especially older
persons, women, and White persons. This could suggest that HI\-related social media posts
may not resonate with persons at high risk for HIV and they might underestimate their own
risk [28].
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Finally, noise problems in ML could be tricky and impact the performance of scanning and
analyzing social media posts. “Noise” means tweets about unrelated topics. By dropping the
search terms that could be noise [36], analysis problems can be reduced but the ability to
identify relevant data may also be reduced. The strategies of noise reduction, such as data
cleaning, algorithm selection, and validation, should be well planned and executed. Beyond
the use of Al, researchers still have to go through several validation steps, crowdsourcing,
and human interventions to declare the validity of filters [32]. Additionally, further refining
Al algorithms to identify relevant, high-quality, and influential social media posts related
to PrEP is necessary. The integration of such factors as context, source credibility, and
legitimacy into Al models is crucial to ensure that analyses capture not only the volume of
posts but also evaluate their quality and influence.

One of the review limitations was the limited number of studies identified and reviewed.
This is likely due to the evolving nature of research in this field, as well as the relatively
novel application of Al in PrEP and infodemiology studies. Some of the evidence discussed
in this review was concluded from single studies rather than from a synthesis of multiple
studies. It is important to avoid making overly broad conclusions based on the limited
number of studies. A synthesis of evidence across multiple studies is needed to draw

more definitive conclusions and guide policy and practice effectively. Additionally, the
variability in platforms used, study years, and data collection methods presented challenges
in generalizing the findings across studies. Our included studies did not provide detailed
information on several aspects, such as content type, engagement metrics, tone, and target
audiences, which are crucial for understanding the reach and impact of these posts. To
strengthen the evidence of PrEP use and behavioral trends, we need additional high-quality
studies that explore these research areas in greater depth and consistency.

In conclusion, this review found that infodemiology studies provide real-time, public health
trends and behaviors. Al, including ML and DL, helps scan mass, real-time, user-generated
data on social media platforms quickly and accurately to capture simultaneous public health
concerns and the locations/communities of those discussing the concerns. Social media data
may serve as a proxy of people’s behaviors in communities, and analyzing big data has

the potential to provide the information needed to improve patient outcomes and gain new
insights into various human behaviors [42—44]. Our review explored whether Al can be
used to identify populations who may face public health concerns and the areas/locations
that may need public health interventions the most, as well as messages that the public
seeks. However, we cannot ignore the issue of infodemic, which refers to an excessive
amount of information, including false information in online or offline settings [45]. Al may
further help identify specific public health topics that are unnecessary in certain locations.
We should take advantage of developing technology and use it appropriately and wisely to
improve and promote good health for all.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Flow diagram of included studies
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