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Objective(s): Acceptance of pre-exposure prophylaxis (PrEP) and testing for HIV is
likely to vary as a function of the norms and communications within a geographic area.
This study examined associations involving county tweets, in person communications,
and HIV prevention and testing in regions with higher (vs. lower) estimated rates of men
who have sex with men (MSM).

Design and Methods: Ecological analyses examined (a) tweets about HIV (i.e. tweet
rates per 100 000 county population and topic probabilities in 1959 US counties); (b)
individual-level survey data about HIV prevention and testing and communications
about PrEP and HIV (N¼30 675 participants); and (c) estimated county-level MSM rates
(per 1 000 adult men).

Results: In counties with higher rates of MSM, tweet rates were directly associated with
PrEP use and HIV testing (rs¼ .06, BF10>10). Topics correlated with PrEP use
(rs¼�0.06 to 0.07, BF10>10) and HIV testing (rs¼�0.05 to 0.05, BF10>10).
Mediation analyses showed that hearing about and discussing PrEP mediated the
relations between tweet rates and PrEP use (bi

�¼0.01–0.05, BF10>100) and between
topics and PrEP use (bi

�¼�0.04– 0.05, BF10>10). Moreover, hearing about PrEP was
associated with PrEP use, which was in turn associated with tweet rates (bi

�¼0.01,
BF10>100) and topics (bi

�¼�0.03 – 0.01, BF10>10).

Conclusions: Rates of MSM appear to lead to HIV tweets in a region, in person
communications about PrEP, and, ultimately, actual PrEP use. Also, as more men hear
about PrEP, they may use PrEP more and may tweet about HIV.
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AIDS 2021, 35 (Suppl 1):S101–S109
Keywords: communication, HIV testing, HIV, men who have sex with men, pre-
exposure prophylaxis, PrEP use, social media
Tweeting about HIV: estimating possible influences on
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the United States

Studying the impact of social media messages about HIV
can provide valuable insights for policies and health
communications at a time when eradicating HIV is
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possible. However, there are currently no estimates of the
size of the influence of social media messages on behavior
like pre-exposure prophylaxis (PrEP) use or the processes
leading to this influence. In this paper, we ask whether
social media messages within a region correlate with HIV
prevention and testing, whether social media messages
also correlate with other communication about PrEP and
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HIV, and whether social media messages and commu-
nications correlate with PrEP use and HIV testing. We
also ask whether these associations to be present in
geographic areas with a larger men who have sex with
men (MSM) community.

What are the health behavior consequences of living in a
region with higher concentrations of people ‘like you,’ such
as more sexual minorities when you are one? Prior studies
have provided insights into how the presence of other sexual
minorities affects psychological well-being and health
behaviors. For example, sexual minorities in more (vs. less)
inclusive contexts report less fear, are more willing to ‘come
out’ (i.e. disclose their sexual identity and preferences) [1],
are more likely to utilize health services [2], and have lower
rates of risky sexual behaviors [3]. Likewise, communica-
tions aboutPrEPorHIV,both inperson andon socialmedia,
may differ between communities with more MSM and
communities with fewer MSM [4,5].

Imagine African-American men who date other men in
Manhattan, San Francisco, Pittsburgh, and Oklahoma
City. There are stark contrasts in the number of MSM,
service use, and social media activity across these cities. In
terms of numbers of inhabitants, 87 556 and 66 586 MSM
live in Manhattan and San Francisco, whereas only 26 666
and 14 028 MSM live in Pittsburgh and Oklahoma City.
In terms of service use, HIV-relevant services are also
higher in Manhattan and San Francisco than in Pittsburgh
and Oklahoma City [6]. For example, New York State has
approximately seven times the rate of PrEP use (i.e. 103
PrEP users per 100 000 population) as Oklahoma (i.e.
about 15 PrEP users per 100 000 population) [6].
Furthermore, these cities also differ in social media use
[7]. Manhattan ranks 3 in terms of Twitter use, whereas
Oklahoma City is much further down the line [8].

The rates of MSM in a community may be important for
social media messages to exert an influence on behavior.
More MSM in a region may need more tweets and in-
person communications about topics of interest, includ-
ing PrEP. Also, more MSM in a region may lead to greater
openness in messaging and/or talking about HIV issues,
which may influence HIV prevention and testing. In
contrast, regions with less MSM may not reach the
necessary amount of social media messages and/or other
communications about HIV to ultimately promote HIV
prevention and testing. This paper considered whether
regions with higher MSM rates promote more social
media messages about HIV or specific topics of social
media conversation, and whether these conversations are
associated with other relevant communications and with
PrEP use and HIV testing.

The United States setting is ideal to understand the real-
life influences of social media for two reasons. First, the
United States has the highest social media penetration rate
in the world, with Twitter specifically having over 65
 Copyright © 2021 Wolters Kluwer H
million active users and about 17 million posts a day.
Second, the political will to halt HIV has facilitated
expansion of HIV testing and promotion of PrEP use [9].
The present study examined whether tweets about HIV
that posted between 2014 and 2016 and geotagged to
counties correlate with reported communication about
PrEP and HIV (i.e. hearing about PrEP, discussing PrEP
use, and discussing HIV testing), and HIV prevention and
testing (i.e. PrEP use and HIV testing) in United States
counties with higher (vs. lower) rates of MSM. We
studied communications and HIV prevention and testing
from the American Men Internet Survey (AMIS 2014–
2016). We proposed that Twitter messages about HIV
may correlate with PrEP use and HIV testing, either
directly or via mediating associations with reported
communication about PrEP and HIV (see Fig. 1) and that
these relations may differ as a function of county MSM
rates. We first examined a proposed model in which
communications mediate the relations between tweets
(see top panel of Fig. 1) and HIV prevention and testing.
We also examined a model in which hearing about and
discussing HIV and PrEP facilitate HIV prevention and
testing behaviors, and these behaviors then yield different
tweets (see bottom panel of Fig. 1). We considered Bayes
factors (BF10) and posterior probabilities to gauge support
for different directional models. Furthermore, we
estimated if a mediator explained all of the influence
of the external variable on the dependent variable (i.e. full
mediation) or just part (i.e. partial mediation).

The analysis of tweets was two-fold. We first obtained a
rate of HIV tweets per 100 000 county population. This
rate represents the level of tweets in each county when
taking the county population into account. We then
conducted topic modeling that assesses the co-occur-
rences of words in the tweet corpus to identify a mixture
of themes for each county. Thus, the models in Fig. 1
were tested with both HIV tweet rates and topics.
Methods

The present study combined (a) individual-level data
obtained from AMIS, which is an annual, cross-sectional,
online HIV behavioral survey of MSM in the United
States, (b) county-level tweets about HIV, and (c)
estimated county-level MSM rates (per 1000 adult
men) [10]. Details of the estimated county-level MSM
rates, Twitter data, and survey data are described in the
following sections and supplemental information (SI,
http://links.lww.com/QAD/C22).

Men who have sex with men rates
We used the estimates reported by Grey et al. [10] and the
total number of adult men to calculate the rates of MSM
in each county:
ealth, Inc. All rights reserved.
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Fig. 1. Two conceptual models showing the associations from tweets about HIV (i.e. tweet rates and Twitter topics) to
communications to behaviors to tweets about HIV (bottom).
Rates of MSM ¼MSM Estimates
Total Adul Men

1000

� �

We then used the median of the MSM rates (i.e. 40.87) to
split the dataset into two subgroups: (a) counties with
higher MSM rates and (b) counties with lower MSM rates
(see Supplemental Information for details).

Twitter data
HIV-related tweets
We used the Twitter Streaming Application Program-
ming Interface to collect 1% of random tweets from 2014
to 2016 and geotagged 43 930 487 tweets that were posted
in the United States [11]. We applied an HIV support
vector model classifier to the 2014–2016 tweet corpus
led to the inclusion of 651 061 tweets about HIV
(see Supplemental Information for details). We then
calculated tweet rates per 100 000 county population and
probabilities of HIV topics for those 651 061 tweets.

Tweet rates
To measure the volume of tweets about HIV per county
each year, we counted the number of HIV tweets from
2014 to 2016 and obtained the population estimates from
the American Community Survey to calculate a tweet
rate per 100 000 population for each county.

Topic modeling
We used the Python package scikit-learn to convert a
collection of documents (i.e. tweets in each county) into
a frequency matrix of token counts. The matrix of

communications to behaviors (top) and the associations from
 Copyright © 2021 Wolters Kluwe
token counts was then analyzed using a well-established
algorithm in computer science, namely, latent Dirichlet
allocation (LDA) [12]. LDA is a Bayesian mixture model,
P (word j topic) and P (topic j document), that groups
words that often appear together to create topics (see
Fig. 2). We experimented different numbers of topics
(i.e. k) and a model with 100 topics had the highest log
perplexity score. Hence, we used this model for to
calculate topic probabilities for each county.

Twitter topics indicate general social attitudes within a
community rather than personal plans to engage in HIV
testing and prevention (see word clouds of the selected
topics in Supplemental Figure 1, http://links.lww.com/
QAD/C22 and all topics in Supplemental Table 1, http://
links.lww.com/QAD/C22). For example, some of the
words identified in the topics refer to formal and informal
communications, like ‘deals’ and ‘coverage’ (topic 69) or
‘advice’ and ‘reply’ (topic 95). Other topics refer to infor-
mation and information sources, like ‘media’, ‘nytimes’,
‘talk’ (topic 76), and real-world events that raise awareness
of HIV infections, such as ‘Worldaidsday’ (topic 95). Yet,
other topics refer to love and celebrations, like ‘romance’
and ‘raw’ (topic 66), or ‘birthday’ and ‘celebrating’ (topic
45). More generally, topics refer to issues but have no literal
interpretation (for a discussion of this issue) [11].

Survey data
Design and methods
We used the 2014–2016 AMIS data. Respondents were
recruited online from various websites through banner
r Health, Inc. All rights reserved.
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Fig. 2. Procedures of processing tweets.
advertisements and e-mail blasts to complete a self-
administered online survey, which is suitable for reporting
private or sensitive health behaviors [13,14]. Men were
eligible to participate in the survey if they were at least
15 years old, resided in the United States, provided a valid
United States zip code and reported ever having sex with
a man (see Supplemental Information for details).

Measures of pre-exposure prophylaxis and HIV testing
We used answers (i.e., ‘Yes’ or ‘No’) to two questions to
indicate respondents’ PrEP use status and HIV testing
behavior in the past 12 months (see Supplemental
Information for details).

Measures of hearing about pre-exposure prophylaxis,
discussing pre-exposure prophylaxis use, and
discussing HIV testing
We used answers (i.e. ‘Yes’ or ‘No’) to three questions to
indicate whether respondents heard about PrEP, discussed
PrEP, and discussed HIV testing (see Supplemental
Information for details).

Statistical analyses
We first calculated intra-class correlations (ICCs) of survey
measures (see Supplemental Information for details) and
then conducted Bayesian statistical analyses to estimate the
Bayesian factors and posterior probabilities of our
hypotheses in relation to the data [15]. The key advantage
of Bayesian analyses is a direct test of both the null and
alternative hypotheses to measure the strength of evidence
[16]. Details of each Bayesian analysis appear next.

Bayesian correlation
We used Jeffreys’s Amazing Statistics Program [17] with
the default uniform prior (i.e. 1) in which the possible
 Copyright © 2021 Wolters Kluwer H
correlation between �1 and þ1 is equally plausible [18].
We examined the relations of the tweet rates and topic
probabilities with (a) HIV prevention and testing (i.e.
PrEP use and HIV testing) and (b) reported communica-
tion about PrEP and HIV (i.e. hear about PrEP, discuss
PrEP, and discuss HIV). When the correlations suggested
both an association between tweets and reported
communications and an association between reported
communication and HIV prevention and testing (i.e.
BF10> 10), they met the condition for mediation
analyses, and we proceeded to analyze mediation.

Bayesian mediation analyses
We next used the BayesMed package in R to conduct
Bayesian mediational models [19]. The analyses examined
the mediation effect (i.e. path ab) and the direct effect (i.e.
path c’). The presence of evidence of path ab (BF10> 10)
but not path c’ (BF10< 10) indicates a full mediation,
whereas the presence of evidence of both path ab and path
c’ suggests a partial mediation. After examining the first
proposed model (see top panel of Fig. 1), we assessed the
alternative model containing paths from reported
communication to HIV prevention and testing to either
tweet rates or Twitter topics (see bottom panel of Fig. 1).
Results

ICCs determine if the data vary primarily across
individuals or across counties. All ICCs showed low
levels of county variability (ICCs ranged between 0.03
and 0.14), suggesting that the associations with tweets
could be assessed at the individual level. Therefore, we
used single-level Bayesian analyses in the following
analyses. The present study first examined the
ealth, Inc. All rights reserved.
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correlations between tweets about HIV and the AMIS
survey data (N in 2014–2016¼ 30 675) and assessed the
data for counties with higher and lower MSM rates.

Associations of HIV tweets and reported
communication about pre-exposure prophylaxis
and HIV, and HIV prevention and testing across
counties with higher and lower rates of men who
have sex with men
results for higher rates of men who have sex with men
Table 1 presents the correlations between tweet rates,
topic probabilities, PrEP use, HIV testing, hearing about
PrEP, discussing PrEP use, and discussing HIV testing in
 Copyright © 2021 Wolters Kluwe

Table 1. Correlational results among HIV tweets (rates and topic probab

HIV prevention
and testing

Rep
a

Variable PrEP use
HIV
testing

Hear
about PrEP

Survey measures
HIV testing 0.22MMM –
Hear about PrEP 0.17MMM 0.16MMM –
Discuss PrEP use 0.61a 0.36MMM NA
Discuss HIV testing 0.09MMM 0.16MMM 0.02

Measures of tweets
Tweet rates 0.06MMM 0.06MMM 0.08MMM

Twitter topics
Topic 0 0.04MMM 0.02 0.02
Topic 1 �0.04MMM �0.02 �0.02
Topic 8 �0.04MMM �0.02 �0.02
Topic 12 �0.04MM �0.03 �0.04MMM

Topic 17 0.04MMM 0.02 0.02
Topic 19 0.04MMM 0.03 0.03
Topic 25 0.02 0.01 0.03M

Topic 32 �0.03 �0.03 �0.04MMM

Topic 35 �0.04MMM �0.04MMM �0.03
Topic 42 �0.04MMM �0.03M �0.02
Topic 43 0.03 0.03M 0.02
Topic 45 �0.04MMM �0.03M �0.03M

Topic 48 0.04MMM 0.03 0.03
Topic 49 0.05MMM 0.02 0.04MMM

Topic 50 0.04MMM 0.02 0.02
Topic 54 �0.04MMM �0.02 �0.02
Topic 57 �0.04MMM �0.01 �0.03
Topic 62 �0.04MMM �0.03 �0.04MM

Topic 66 �0.05MMM �0.03 �0.03
Topic 69 0.07MMM 0.05MMM 0.06MMM

Topic 74 0.04MMM 0.01 0.03
Topic 76 0.05MMM 0.03 0.04MM

Topic 78 0.04MM 0.01 0.03
Topic 83 �0.06MMM �0.03MM �0.05MMM

Topic 84 �0.03 �0.01 �0.03
Topic 87 0.01 �0.02 0.01
Topic 88 0.04MMM 0.02 0.02
Topic 91 0.03 0.03M 0.04MMM

Topic 92 �0.04MMM �0.02 �0.04MMM

Topic 95 0.04MMM 0.03 0.03
Topic 96 0.04MM 0.04MMM 0.04MM

Topic 98 �0.04MMM �0.05MMM �0.02
Topic 99 0.04MMM 0.02 0.02

MBF10>10.
MMBF10>30.
MMMBF10>100, 8BF10 infinite. AMIS, American Men Internet Survey; MSM
counties with higher rates of MSM. First, hearing about
PrEP and discussing PrEP use were positively correlated
with actual PrEP use (rs¼ 0.17–0.61, BF10> 100) and
discussing HIV testing was positively correlated with
actual testing (rs¼ .16, BF10> 100).

Second, the rate of HIV tweets per 100 000 county
population was positively correlated with all survey
measures (rs¼ 0.06–0.08, BF10> 100), except discussing
HIV testing. These results thus support associations of the
tweets with reported communications and HIV preven-
tion and testing but cannot determine the direction of
the relations.
r Health, Inc. All rights reserved.

ilities) and AMIS variables in counties with higher rates of MSM.

orted communication
bout PrEP and HIV

Discuss
PrEP use

Discuss
HIV testing

Any indication of mediating
associations (yes/no)
(If yes, number of mediation)

–
0.21MMM –

0.08MMM 0.02 Yes (2)

0.05M �0.01 Yes (1)
�0.05MM 0 Yes (1)
�0.06MMM 0.01 Yes (1)
�0.04 �0.01 Yes (1)
0.05MM 0.01 Yes (1)
0.04 0 No
0.03 �0.01 No
�0.03 0 No
�0.06MMM �0.03 Yes (1)
�0.05M 0 Yes (1)

0.03 �0.01 No
�0.04 0 Yes (1)
0.04 0 No
0.05M �0.01 Yes (2)
0.03 �0.01 No
�0.05M �0.02 Yes (1)
�0.03 0.01 No
�0.05MM 0 Yes (2)
�0.06MMM �0.02 Yes (1)
0.08MMM �0.01 Yes (2)

0.04 0.01 No
0.04 �0.01 Yes (1)
0.04 0 No

�0.06MMM 0.01 Yes (2)
�0.04 0.01 No
�0.03 �0.04MM No
0.04 �0.01 No
0.04 0.01 No
�0.04 0 Yes (1)
0.04 �0.01 No
0.04 0 Yes (1)
�0.03 �0.01 No
0.04 �0.01 No

, men who have sex with men; PrEP, pre-exposure prophylaxis.
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As for topics, over 50% of the correlations (BF10> 10)
were positive and primarily involved PrEP use, hearing
about PrEP, and discussing PrEP use. A total of 17 topics
were associated with both PrEP use and either hearing
about or discussing PrEP use (rs¼�0.06–0.08,
BF10> 10), suggesting that hearing and discussing PrEP
could be relevant to the influence of Twitter topics.
As with rates, no topics were correlated with discussing
HIV.
Additionally, we assessed the direct and mediational
pathways in Figure 1. Direct pathways alone would imply
that tweets alone can explain HIV prevention and testing,
whereas indirect pathways would imply that tweets
influence communications, which in turn influence HIV
prevention and testing. A summary of the correlational
results presented in Table 1 shows 23 possible mediating
associations involving either tweet rates or topics, all of
which concerned PrEP.

Results for lower rates of men who have sex with men
The results for lower rates of MSM appear in
Supplemental Table 2, http://links.lww.com/QAD/
C22. Hearing about PrEP and discussing PrEP use were
also positively correlated with actual PrEP use (rs¼ 0.14–
0.58, BF10> 100). Likewise, discussing HIV testing was
correlated with actual testing (rs¼ 0.18, BF10> 100).
However, neither tweet rates nor Twitter topics
were associated reported communications or HIV
prevention and testing (BF10< 10). There was thus no
evidence to conduct mediation analyses, which were
then conducted for counties with higher rates of
MSM only.

Summary
The correlation results were in line with our expectation
that, in regions with more MSM, HIV tweets would
correlate with reported communications and with HIV
prevention and testing. In contrast, the associations
between HIV tweets and communications and between
HIV tweets and behaviors were not present in regions
with fewer MSM.

Assessing mediating associations with HIV
tweets in counties with higher rates of men
who have sex with men
Table 2 presents the mediational analyses, first for a model
from either tweet rates or topics to communications to
behaviors (see panel 1) and then for a model from
communications to behaviors to either tweet rates or
topics (see panel 2). For each mediation model, we used
Bayes factors of the indirect path (i.e. path ab) to assess the
strength of evidence and Bayes factors of the direct path
(i.e. path c’) to indicate the type of mediation (i.e. full or
partial). As shown in panel 1 (see Table 2), the model with
hearing about PrEP and discussing PrEP use as mediators
of the influence of the tweets on PrEP use received
 Copyright © 2021 Wolters Kluwer H
support (i.e. BF10 of path ab> 10). Specifically, tweet
rates and six topics (i.e. 0, 17, 49, 69, 76 and 96) were
positively correlated with reported communication about
PrEP, and these relations were associated with PrEP use
(tweet rates: bi

�¼ 0.01–0.05, BF10> 100, Twitter topics:
bi
�¼ 0.01 – 0.05, BF10> 10; see top panel of Fig. 3).

According to these results, in counties with higher MSM
rates, respondents from areas with higher tweet rates and
topic probabilities were more likely to hear about PrEP
and discuss PrEP use, and these relations then facilitated
higher PrEP use.

Additionally, there were 13 negative correlations between
topics and reported communication about PrEP, which
revealed that certain topics of discussion had negative,
indirect effects on PrEP use (bi

�¼�0.04 – �0.01,
BF10> 10). In other words, lower probabilities of various
topics (i.e. 1, 8, 12, 35, 42, 45, 54, 62, 66, 83, and 92)
promoted hearing about and discussing PrEP, which in
turn increased PrEP use.

As shown in panel 2 of Table 2, the results provided some
support of the alternative model. There were indirect
paths from hearing about PrEP to PrEP use to tweet rates
(bi
�¼ 0.01, BF10> 100) and to the probabilities of eight

topics (i.e. 12, 45, 49, 62, 69, 76, 83 and 96; bi
�¼�0.03–

0.01, BF10> 10; see bottom panel of Fig. 3). Hearing
about PrEP presumably promotes PrEP use, and PrEP
used then increased tweets about HIV and about certain
topics (i.e. 49, 69, 76 and 96) and decreased tweets about
other topics (i.e. 12, 45, 62 and 83). Lastly, the mediation
pathways from discussing PrEP to tweets via PrEP use
yielded unidentified Bayes factors, leading to inconclusive
results.

Altogether, a certain threshold of communication
about the issues may be necessary for tweets to influence
behavior. A larger MSM community may actually
lead to more tweets or more in person conversations
about HIV relevant issues. We conducted additional
correlations and found extremely strong evidence
(BF10> 100) between rates of MSM and communica-
tions about PrEP (see Supplemental Information for
details).
Discussion

Our analyses supported the notion that, in the United
States, social media messages about HIV within a county
correlate directly with HIV prevention and testing
behaviors (i.e. PrEP use and HIV testing in the past
12 months) or indirectly, via reported communication
about PrEP (i.e. hear about PrEP and discuss PrEP use).
More importantly, the results were only present in
counties with higher rates MSM, suggesting that a sizable
community and favorable regional norms are important
ealth, Inc. All rights reserved.
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Fig. 3. A summary of mediation results of main (top) and alternative (bottom) models. NA indicates unidentified Bayes factors
and standardized estimates.
for in person and social media communications about
PrEP or HIV. Tweet rates had consistent positive
associations with reported communication about PrEP
and actual PrEP use. However, Twitter topics had mixed
correlations with reported communication about PrEP
and actual PrEP use. Some topics were positively
correlated with communication about PrEP and PrEP
use, whereas others were negatively correlated with
communication and PrEP and PrEP use.

To the best of our knowledge, this study is the first to assess
how social media messages influence communications
about PrEP that promote PrEP use. There was also some
support for the alternative pathway in which hearing about
PrEP can promote PrEP use, which influences HIV tweets
(see Supplemental Figure 1, http://links.lww.com/QAD/
C22). Additionally, these models received support only in
counties with higher rates of MSM, suggesting that a real-
life community provides the context for in-person
communications that are keys for social media to influence
behavior. Altogether, our results provided empirical
evidence that social media messages are associated with
reported communication about PrEP and PrEP use only
when MSM rates are higher.

Several caveats are in order.
(1) W
e examined ecological associations between tweets and

service use across United States counties. They did not

evaluate the longitudinal sequence of tweets and service

use, which will only be possible as more years of social

media and survey data accumulate and given sufficient

change over time.
(2) T
he study analyzed over 600 000 HIV tweets and survey

data from more than 30 000 respondents in 1959 United

States counties. Despite the careful study design and

statistical analysis, this study may be limited by the

analyses of a subset of HIV tweets and the sample

representativeness of AMIS, thus reducing the gener-

alizability of the findings. Future research may examine
 Copyright © 2021 Wolters Kluwer Hea
these associations through experiments or large-scale

randomized controlled trials.
(3) O
ur data established associations between county-level

tweets and individual-level variables, such as discussing

PrEP use and actual PrEP use. Future research should

investigate the associations at the individual level.
(4) W
e examined the presence of messages about HIV based

on generative probabilistic models, which calculate the

likely topics in a county. Therefore, no identified topics

(i.e. clusters of words) can be used to monitor

individuals’ messaging or biomedical service use.
(5) T
his work provides preliminary evidence about the effects

of tweets about HIVand HIV prevention and testing. The

results, therefore, may not generalize to associations with

other themes (e.g. drug use) or other outcome variables

(e.g. uptake of an eventual HIV vaccine). Future studies

should explore generalizability in other contexts and to

other media. For example, HIV topics could also be

identified from Tumblr posts, Flickr captions, Instagram

captions, or other text-based social media when data are

available. The strength of the associations with commu-

nications may differ across sites, but Twitter remains one of

the most popular platforms [20], and its users are

representative of the social media population [7] and the

younger, diverse populations at risk for HIV [21].
Implications
Our findings offer new insights and have practical
implications for HIV prevention and testing, which are
likely applicable to other private and sensitive health
behaviors. Specifically, regional diversity may create an
open atmosphere to discuss topics that empower people
to use PrEP and reduce the stigma that often delays help
seeking. In addition to new and conventional health
strategies, social media conversations hold promise to
reduce HIV infections by encouraging communications
about prevention and testing strategies and ultimately
facilitating actual PrEP use. The rates of MSM appear to
lth, Inc. All rights reserved.

http://links.lww.com/QAD/C22
http://links.lww.com/QAD/C22
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explain the relations between tweeting about HIV and
having in-person conversations, probably by the sheer
volume of MSM in the county or perhaps by mitigating
prejudice and stigma [22]. For example, Brooks et al. [23]
concluded that social biases in a community hinder
conversations about healthcare, and these differences, in
turn, maintain health disparities. Our analyses provide
strong evidence that social media can act as a societal force
that sparks dialogues about health and that these dialogues
then promote health behaviors. Moreover, they show
that individual communications and behaviors may also
influence regional social media messages about HIV.
Understanding these mechanisms is critical to designing
effective large-scale, digital health campaigns that
facilitate communication, promote HIV prevention
behaviors, and ultimately end the HIV epidemic in the
United States.
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