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Abstract

Social media platforms like Twitter (now X) have been piv-
otal in information dissemination and public engagement, es-
pecially during COVID-19. A key goal for public health ex-
perts was to encourage prosocial behavior that could impact
local outcomes such as masking and social distancing. Given
the importance of local news and guidance during COVID-
19, the objective of our research is to analyze the effect of
localized engagement, on social media conversations. This
study examines the impact of geographic co-location, as a
proxy for localized engagement between public health ex-
perts (PHEs) and the public, on social media. We analyze a
Twitter conversation dataset from January 2020 to November
2021, comprising over 19 K tweets from nearly five hundred
PHEs, along with approximately 800 K replies from 350 K
participants. Our findings reveal that geo-co-location is as-
sociated with higher engagement rates, especially in conver-
sations on topics including masking, lockdowns, and educa-
tion, and in conversations with academic and medical pro-
fessionals. Lexical features associated with emotion and per-
sonal experiences were more common in geo-co-located con-
texts. This research provides insights into how geographic co-
location influences social media engagement and can inform
strategies to improve public health messaging.

1 Introduction

Social media platforms such as Twitter (now X) often play
a crucial role in information dissemination and public en-
gagement. The COVID-19 pandemic presented a complex
social media communication challenge along many dimen-
sions: public health experts had to provide vital guidance to
the public, in a scenario where the science was constantly
being updated, and in the midst of a social media deluge of
mis- and dis-information.

A key goal for public health experts was to encourage pro-
social behavior that could impact In Real Life (IRL) out-
comes (Miles et al. 2022). Pro-social behavior including
masking and social distancing was critical during the initial
stages, in the absence of vaccines and treatments. Given the
differences in COVID-19 effects across regions, and the lack
of unifying federal guidance, states and local government
played an important role in developing regulations. The pub-
lic had to rely on news and guidance, at the local level, to
receive timely and relevant information (Fischer 2020).

Given the importance of local news and guidance during
COVID-19, the objective of our research is to analyze the
effect of localized engagement, on social media conversa-
tions. We use geographic co-location (which we formally
define in the paper) between public health experts and the
public as a proxy for localized engagement. Prior research
has shown that the physical distance between social media
users can impact their online interactions; for example, the
probability of online interaction between users in a social
network lessens exponentially with an increase in the physi-
cal distance between these users (Liben-Nowell et al. 2005;
Leskovec and Horvitz 2008; Newman, Barabasi, and Watts
2011). It has also been shown that users on Twitter consume
and retweet more Tweets from users who are co-located in
their own country (Kulshrestha et al. 2012; Cuevas et al.
2014). A study on Reddit (Bozarth et al. 2023) found that
news sharing and user interactions occur more often within a
state, when compared to across states. While there has been
some recent research on social media engagement during
COVID-19 (Rao et al. 2023; Bojja et al. 2020; Gallagher
et al. 2021), there is very limited prior research on conver-
sations involving public health experts and their peers (Rao
et al. 2024).

In this paper, we hypothesize that geographic co-location
between public health experts and the public may promote
greater engagement on social media. Our novel research ad-
vances the state of the art by analyzing the impact of ge-
ographic co-location between public health experts and the
public on the following: (1) The engagement rate, as mea-
sured by the count of participants and replies in a conversa-
tion comprising an original tweet and replies. (2) The lexical
features that are expressed in the conversation. We also eval-
uate the effect of geographic co-location on (3) the COVID-
19 topics being discussed and on (4) the profile (profession)
of the public health expert. We note that our research is the
first to understand the role of geographic co-location on en-
gagement. The study also contributes to the literature on the
effectiveness of public health messaging during COVID-19.

Our research is based on an X (Twitter) dataset spanning
January 2020 through November 2021. Starting with a seed
set of thirty public health experts (PHEs), we identified a
larger group of almost five hundred PHEs or their expert
peers in adjacent domains, e.g., medical communications
and outreach. We then curated a dataset of conversations,



comprising over 19 K posts (tweets) from the PHEs, and ap-
proximately 800 K replies from almost 350 K participants in
the conversations.

We used Carmen (Dredze et al. 2013; Zhang, DeLucia,
and Dredze 2022) to determine the geo-location (US state)
of the PHEs and the participants. We then identified geo-co-
located pairs - where the PHE and participant are co-located
in the same US state, and non-geo-co-located pairs, respec-
tively. Linguistic Inquiry and Word Count (LIWC) (Pen-
nebaker et al. 2015) was used to identify lexical features
that capture levels of self-disclosure and psychological pro-
cesses. We used machine learning models from (Rao et al.
2023) to identify COVID-19 topics in the original post
(tweet), and Large Language Models (LLMs) to determine
the profile (professions) of the PHE authors.

Our analysis reveals the following key findings:

1. Statistical tests show that the engagement rates when the
PHESs and the public are geo-co-located are significantly
higher than the engagement rates when they are not geo-
co-located.

2. Conversations discussing COVID-19 issues such as
masking, lockdown, and education have higher geo-co-
located engagement rates. In contrast, vaccine-related
conversations show an opposite trend, eliciting more en-
gagement from non-geo-co-located participants.

3. Based on lexical analysis, the presence of first-person
pronouns and emotional expressions, e.g., anxiety, in a
tweet, are associated with a larger gap between the geo-
co-located and non-geo-co-located engagement rates.
This indicates that conversations that share personal ex-
periences or emotions are associated with higher geo-co-
located engagement rates.

4. Replies from participants who are geo-co-located with
PHEs are generally more positive in sentiment, and ex-
press more emotions and positive personal issues when
the PHEs share personal experiences / feelings, in com-
parison to non-geo-co-located replies.

5. Geo-co-location has a greater impact on engagement for
conversations originated by PHEs representing academic
and medical professions, and a somewhat lesser impact
for PHEs in media and policy / political professions.

This research provides valuable novel insights into un-
derstanding the impact of localization or geographic co-
location, on social media engagement. It has the potential to
inform how public health messaging strategies can harness
geo-co-location, to enhance engagement, and to maintain a
positive discourse around public health guidance in online
communities.

2 Related Work

Geo-co-location in social networks Many studies have
shown that users on social media platforms tend to con-
nect or interact preferentially with users who are geographi-
cally closer over those who are farther away (Leskovec and
Horvitz 2008; Crandall et al. 2010; Scellato et al. 2011; La-
niado et al. 2018). Similar findings have also been repli-
cated for users on cellphone social networks (Hong, Frias-
Martinez, and Frias-Martinez 2016; Frias-Martinez et al.

2012b). Our study focuses on message-exchange interac-
tions (i.e., replying to an original post) on platforms such as
Twitter, where interactions typically reflect a shared inter-
est in specific topics (Kwak et al. 2010). We specifically in-
vestigate the shared geo-location between users, which dif-
fers from prior research focusing on the correlation between
users’ geo-location and content of discussion (Hu, Farnham,
and Talamadupula 2015; Pavalanathan and Eisenstein 2015;
Cheke et al. 2020). While many researchers have used Twit-
ter interactions in the form of replies and mentions as predic-
tors of geographically closer connections (Sadilek, Kautz,
and Bigham 2012; McGee, Caverlee, and Cheng 2013; Ju-
rgens et al. 2015), few have considered the opposite direc-
tion, i.e., how geo-co-location influences users’ interaction
behaviors. Kulshrestha et al. (2012) analyze the information
flow between different countries by counting the number of
information producers and consumers in each country and
they consider all followers of a user as the consumers of the
tweets shared by this user. Similarly, Cuevas et al. (2014)
count the number of retweets and compare how tweets are
shared across countries; while Bozarth et al. (2023) finds
geographical diffusion of news articles on Reddit is rare
among states in the U.S. However, all these studies are ei-
ther limited to a country-level analysis or fail to investigate
the content involved in the interactions. With Twitter releas-
ing its API v2 in late 2020, which facilitates the collection
of all conversations sparked by an original post, we can
more closely study how geo-co-location affects the tweets
and their replies.

Geo-location data on Twitter Twitter provides geo-
location information in the metadata of tweets and users, in-
cluding coordinates and the Place object from tweets, as well
as location information in user profiles. The geo-location
of a tweet can also be inferred from its content (Mahmud,
Nichols, and Drews 2012; Izbicki, Papalexakis, and Tsotras
2019). Given that our study focuses on the geo-location of
users, we rely on tools that extract geo-location from user-
provided metadata in tweets and user profiles (Dredze et al.
2013; Zhang, DeLucia, and Dredze 2022). We acknowledge
that Twitter users (Wojcik and Hughes 2019) and those who
use Twitter’s geo-location services (Sloan and Morgan 2015;
Pavalanathan and Eisenstein 2015; Karami et al. 2021) may
be a biased sample of the population. Despite that limitation,
Twitter’s geo-location data has been shown to be valuable in
many applications such as disaster response (Crooks et al.
2013; Ghahremanlou, Sherchan, and Thom 2015; Hong and
Frias-Martinez 2020), urban planning (Frias-Martinez et al.
2012a; Milusheva et al. 2021) and public health surveil-
lance (Jordan et al. 2018; Xu, Dredze, and Broniatowski
2020; Sigalo, Frias-Martinez et al. 2023; Xu, Broniatowski,
and Dredze 2024; Sigalo et al. 2023).

Content understanding for interactions on social me-
dia Numerous text analysis tools are employed to compre-
hend user interactions on social media, such as topic anal-
ysis (Cheke et al. 2020; Li et al. 2024), linguistic analy-
sis (Pavalanathan and Eisenstein 2015; Choi et al. 2021;
Wood-Doughty et al. 2021), and text classification models
for constructs like sentiment (Lwin et al. 2020) and emo-



tion (Wheaton, Prikhidko, and Messner 2021). With the
recent advance in Large Language Models (LLMs), many
works have explored the possibilities of using LLMs to un-
derstand social questions (Ziems et al. 2024; Zhou et al.
2024). In this work, we utilize a wide range of text anal-
ysis tools, including topic modeling (Eisenstein, Ahmed,
and Xing 2011), LIWC for linguistic analysis (Pennebaker
et al. 2015), sentiment classification (Loureiro et al. 2022),
and LLMs, to answer research questions related to geo-co-
location engagement.

3 Data

The Twitter conversation dataset used in this study is cen-
tered around COVID-19 discussions. The creation of the
dataset commenced with a curated seed user list of 30 Public
Health Experts (PHEs) (see Appendix A), both academics
and medical professionals, who were active in COVID-19
discussions. These 30 experts were handpicked by academic
colleagues in public health. A network of retweets of these
30 seed experts was then constructed using a dataset of over
1 billion publicly available COVID-19 Tweets (Chen et al.
2020). All users in the retweet network were ranked using
eigenvector centrality (Ghosh and Lerman 2010) and the
Top 500 ranked users were identified. A small count of users
were manually identified as organizations or bots and were
removed. The result was an expanded set of 489 PHEs or
PHE adjacent influential users. An example of a PHE adja-
cent influential user may be a medical reporter or a policy
expert or an appointee in a medical of health agency who
actively retweets COVID-19 tweets from the seed PHEs.

The next step was to collect all of the original posts
(tweets) of PHEs, and the resulting conversations, com-
prised of replies'. The dataset covered a period from the
early days of the pandemic, starting in January 21, 2020,
through November 4, 2021. We only consider the original
posts (tweets) of the 489 PHEs, i.e., we exclude their own
retweets, replies, and quoted tweets, giving a dataset of 144
K tweets. The final step was to collect all of the replies for
the original tweets. Unfortunately, restrictions and rate limits
imposed by Twitter on the academic API limited our ability
to rehydrate all of the replies (conversations). We were able
to obtain all reply tweets for 19.5 K original tweets, from
462 PHE:s, that had at least one reply. The final dataset in-
cluded approximately 786 K reply tweets from 345 K unique
participants in conversations with the 462 PHEs. Each tweet
received an average of 40.24 replies, with a median of 5
replies per original PHE tweet, and approximately 70% of
the tweets did not have replies.

In the rest of the paper, we refer to an original PHE tweet
as a tweet and a reply tweet as a reply. We refer to the PHEs
as either authors or PHE authors. All users who responded
with a reply tweet to an original tweet are referred to as par-
ticipants in the conversation. Finally, we refer to the union
of participants who reply to any of the original tweets of a
PHE author as the audience of the PHE author.

"https://developer.twitter.com/en/docs/twitter-
api/conversation-id

4 Geo-Co-Location and Engagement

We report on the activity statistics of PHE authors and par-
ticipants, comparing those who share geo-location and those
who do not. We then define geo-co-located engagement.
Prior research has shown that social media users who share
their location information are more active (Rzeszewski and
Beluch 2017).

4.1 Geo-Located Activity Statistics

We use the Carmen library (Dredze et al. 2013; Zhang,
DeLucia, and Dredze 2022) to infer the geo-location of the
PHE authors and the participants. Carmen uses the following
features: location information and self-description from the
user profile, coordinates, and the Place object from the meta-
data associated with tweets. The most frequently mentioned
(inferred) state is selected as the home state for the user. We
note that Carmen could infer the geo-location (state) of over
2/3 of the PHEs (Table 1) and over 1/3 of the participants
(Table 2).

We report on activity statistics comparing PHE authors,
and participants, who share or do not share geo-location, in
Tables 1 and 2, respectively. The mean and standard devia-
tion (Std) of the count of replies per participant, for tweets
from PHE authors with geo-location, is 2.29 + 6.55, in
comparison to 1.91 £ 7.82 for tweets from PHE authors
without geo-location information. We used the two-sample
Kolmogorov-Smirnov (KS) test (Hodges Jr 1958), a non-
parametric statistical test, to assess the statistical signifi-
cance of the difference between the samples. It rejected the
null hypothesis (p < 0.001), pointing to a statistically sig-
nificant increase in engagement from participants for PHE
authors with geo-location information. The mean and Std of
the count of replies per tweet, for PHE authors with geo-
location is 23.08 £ 53.93, in comparison to 25.98 £ 60.79
for PHE authors without geo-location. However that differ-
ence it not statistically significant (the null hypothesis was
not rejected with p-value > 0.01).

We conclude that geo-location information for PHE au-
thors does appear to impact engagement at the participant
level, with higher engagement for PHEs that have geo-
location information; however, that impact is not significant
when measuring the intensity of responses.

Next, we consider the statistics for the participants in Ta-
ble 2. We observe that participants with geo-location infor-
mation post significantly more replies, with a mean and stan-
dard deviation of 2.45 £ 8.33, than participants without geo-
location, with mean and standard deviations of 2.38 4 7.43.
This difference is statistically significant (two-sample KS
test rejected the null hypothesis with p < 0.05).

To summarize, these activity statistics reflect that sharing
geo-location information is an important signal for engage-
ment in social media conversations, for both PHE authors
and participants. This finding is also consistent with prior
results that social media users who share their location in-
formation are more active (Rzeszewski and Beluch 2017).
This further motivates our study to understand the impact of
geographic co-location on social media engagement. Next,
we formalize our definition of geo-co-located engagement
and then we present our results in Section 5.



# Authors  # Tweets # Replies # Participants Mean (Std) followers Mean (Std) replies per tweet Mean (Std) replies per participant

With state 342 16,465 380k 166k
No state 120 4,432 115k 60k

157k (654K)
160k (438K)

23.08 (53.93)
25.98 (60.79)

2.29 (6.55)
1.91 (7.82)

Table 1: Statistics for PHEs with and without geo-location in the COVID-19 Conversation Dataset. We bold the statistic com-
parison between the PHEs with and without state that is significant from a two-sample KS test (p < 0.001).

# Participants ~ Mean (Std) replies

With state 73,912 2.45 (8.33)
No state 131,760 2.38 (7.43)

Table 2: Statistics for participants with and without geo-
location in the COVID-19 Conversation Dataset. We bold
the statistic comparison between participants with and with-
out state that is significant from a two-sample KS test (p <
0.05).

4.2 Geo-co-located Engagement

Geo-co-location (gcl) For each (tweet, reply) pair in the
dataset, we refer to the participant being geo-co-located (gcl)
with the author of the tweet, if they are both located in the
same state. Conversely, the participant and the author are not
geo-co-located (non-gcl) if the participant and the author are
located in different states. Participants with no geo-location,
i.e., state, information are excluded from the gcl and non-gcl
groups for further analysis.

Engagement Rate For a tweet 7' from PHE author A, we
define the gcl audience as the set of all gcl participants
across all the tweets created by A in the dataset.

The gcl engagement rate for a tweet T' from author A is
then defined as the fraction of A’s gcl audience that replied
to their tweet T  i.e.,

count of gcl participants for T’

gcl engagement rate =

9

count of gcl audience for A

The non-gcl engagement rate for tweet T of author A is sim-
ilarly defined using non-gcl participants and non-gcl audi-
ence.

Justification for Engagement Rate Using the total au-
dience size of an author as the normalization term for the
proposed engagement rate enables direct comparisons be-
tween gcl and non-gcl engagement rates. On average, the
gcl replies take up 14.2% of the replies for a Tweet while
non-gcl replies take up 20.4%. With the proposed measure-
ment, we can compare the distributions of gcl and non-gcl
engagement rates with appropriate statistical tests.

5 Understanding the Effect of
Geo-co-location on Engagement

Our research on analyzing the effect of gcl on engagement
is organized and presented as follows: First, we test our hy-
pothesis that gcl promotes greater engagement, i.e., attracts
more replies. Next, we explore this hypothesis disagregated
by COVID-19 topics i.e., whether greater gc/ engagement
is dependent on the type of issue being discussed. We then

drill down into the content, to identify lexical features that
may reveal additional insights into the emotions and con-
cerns that are expressed in gcl versus non-gcl conversations.
Finally, we determine if the PHE author profile, and in par-
ticular, the professional, has an impact on attracting greater
rates of gcl engagement.

5.1 Does gcl promote more engagement?

We first investigate whether geo-co-location (gcl) promotes
greater engagement by comparing the distribution of gc/ and
non-gcl engagement rates. Since computing gc/ and non-
gcl engagement rates requires authors to have both a gcl
and non-gcl audience, we filter the dataset to only include
authors that meet this constraint. This results in a subset
of 256 authors and 15,926 original tweets. The 256 au-
thors represent approximately 75% of the 342 authors that
have state information. However, we note that the subset
of 15,926 tweets includes approximately 97% of the tweets
from the 342 authors, and it covers ~ 76% of the entire tweet
dataset.2. Thus, our analysis focuses on the more active au-
thors who share their location, and on a large, representative
fraction of the dataset.

Table 3 displays the engagement rates (ER) for gcl and
non-gcl audiences, as well as for audiences where the loca-
tion of the participant could not be inferred (labeled as no-
loc). The table shows that a higher average engagement rate
is observed for gcl audiences, in comparison to non-gcl audi-
ences (mean values: 1.89% vs 1.76%). A two-sample KS test
confirmed the significance of this difference (n = 15, 926,
p < 0.001). In addition, the no-loc engagement rate is very
similar to the non-gcl rate (mean values: 1.76% vs 1.78%).
This validates that our focus on comparing gcl versus non-
gcl subsets is a reasonable experimental filter.

Finally, Figure 1 provides a histogram of the gcl (red
hatched bars) and non-gcl (blue bars) engagement rates. The
significant rightward skew of the gc/ histogram clearly illus-
trates its dominance in the region with a higher engagement
rate region; for example, we see the histogram extend to a
100% engagement rate.

In summary, the statistical significance of the gcl versus
non-gcl distributions, and the insights from the histograms,
confirm our hypothesis that geographical co-location be-
tween PHE authors and participants promotes greater en-
gagement on social media.

5.2 What Tweets attract more gcl engagement?

Impact of COVID-19 Concerns We first examine
whether the gcl engagement rates vary across Tweets with

278.8% % 97% = 76% , where 78.8% is the percentage of orig-
inal posts from the 342 authors with state, calculated from Table 1.



Mean (Std) participants per tweet  Mean (Std) ER

gcl 0.99 (3.32) 1.89% (8.05%)
non-gcl 5.16 (13.09) 1.76 % (6.10%)
no-loc 11.18 (26.56) 1.78% (5.53%)

Table 3: Engagement rate (ER) for different types of partic-
ipants. no-loc means there is no location information for the
participants. We bold the statistic comparison between gcl
and non-gcl groups that is significant from a two-sample KS
test (p < 0.05).
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Figure 1: Distribution of gcl and non-gcl engagement rate.
Tweets with 0% engagement rate are not shown in the plot.

different topics, and how these variations relate to gcl ver-
sus non-gcl engagement. We adopt a method from Rao
et al. (2023) to identify tweets that discuss different COVID-
19 issues. Their method extracts issue-relevant keywords
from Wikipedia articles by identifying the most distinctive
keywords when comparing issue-specific articles with gen-
eral articles on the pandemic and politics in the U.S. using
SAGE (Eisenstein, Ahmed, and Xing 2011). These manually
verified keywords are then used to label tweets through key-
word matching. Rao et al. (2023) validate their method by
evaluating its results on a test sample with manual annota-
tions. We replicate this method and retain issues that have F1
scores higher than 0.7; the issues are masking, lockdowns,
education, and vaccines. Details can be found in Appendix
B, where Table 10 shows sample tweets about each issue.
We repeat the engagement rate analysis in Section 5.1
on each of the subsets of tweets identified representing dif-
ferent COVID-19 issues namely, masking, lockdowns, ed-
ucation, and vaccines. Table 4 shows that masking-related
tweets have the highest engagement rates for both gc/ and
non-gcl audiences and present the largest gap between these
two types of engagement rates (two-sample KS test was
significant at p < 0.001). This is consistent with Rao
et al. (2023) that finds that masking-related tweets gained
more replies. Similarly to masking issues, lockdown- and
education-related Tweets also show higher engagement rates
for gcl audiences when compared to non-gcl, and these dif-
ferences were all statistically significant. On the other hand,
vaccine-related Tweets attract more engagement from

Masking Lockdowns Education Vaccines

gcl ER 2.32% 1.49% 1.94% 1.52%
non-gcl ER 1.88% 1.39% 1.80% 1.73%
Diff 0.44%* 0.10%* 0.14%*  -0.21%*
# authors 162 107 168 202
# Tweets 929 326 812 2240

Table 4: Difference between gcl and non-gcl engagement
rate (ER) for Tweets discussing different COVID-19 issues.
* indicates that KS test results for gc/ ER and non-gcl ER
are significant at p < .001.

non-gcl audiences.

LIWC Analysis LIWC has been extensively used to study
psychological patterns and emotional states in social media
texts, providing insights into user behavior and social dy-
namics (Schwartz et al. 2013; Jiang and Wilson 2018; Choi
et al. 2021). To explore whether psychological and emo-
tional states - measured via LIWC categories - might affect
the gcl engagement rates, when compared to non-gcl au-
diences, we propose the following approach. We count the
occurrences of the LIWC categories in each original Tweet
and normalize them by the number of tokens in the Tweet.
We use the TweetTokenizer from NLTK (Bird, Klein, and
Loper 2009) for tokenization. Next, we run coefficient re-
gression analyses with the ocurrences of LIWC categories
in the original Tweets as independent variables, and with the
engagement rates as dependent variables, to assess the ef-
fect of LIWC categories on engagement rates. We include
the following LIWC categories: first person singular pro-
nouns (i), first person plural pronouns (we), and second
person pronouns (you) because the usage of pronouns re-
veal levels of self-disclosure (De Choudhury and De 2014;
Wang, Burke, and Kraut 2016) and they are also some of
the most distinctive features in the tweets with high gcl en-
gagement rate based on our preliminary analysis (see Ap-
pendix C). Additionally, we choose subcategories in psycho-
logical processes potentially relevant to COVID-19 discus-
sions. These include: (1) all subcategories in the affective
process, i.e., positive emotion (posemo), negative emotion
(negemo) and its subcategories (anxiety (anx), anger and
sadness (sad)); (2) selected subcategories in the social pro-
cesses, i.e., family and friends; (3) selected subcate-
gories in the biological processes, i.e., body and health;
(4) all subcatgories in the personal concerns, i.e., work,
leisure, home, money, religion (relig), and death;
and (5) swear words (swear) from informal language, re-
sulting a total of 19 variables. We define the linear regression
as follows:

Engagement Rate = [y + Z (BiLi) + e,

L,eLIWC

where L; and 3; are selected LIWC categories and their co-
efficients , 7 indexes the categories and starts with 1, 5y and
€ are the constant and error term respectively. We repeat the
analysis for three types of engagement rate as the dependent
variable, i.e., gcl, non-gcl and the difference between gcl and
non-gcl (denoted as Diff).



Additionally, we repeat the coefficient regression anal-
yses while controlling for number of followers (¥
followers), as this is recognized as one of the driving
factors for engagement on social media (Cha et al. 2010;
Bakshy et al. 2011). We also control for the normalization
terms of the proposed engagement rates, i.e., the sizes of gcl
and non-gcl audiences (gcl audience and non-gcl
audience). We min-max normalize these controlling fac-
tors. Moreover, we include four categorical variables to indi-
cate whether the Tweet belongs to each of the four COVID-
19 issues.

Table 5 show the coefficient regression analysis for the
model with both LIWC categories and control variables.
Similar results were observed without the controls. We dis-
cuss the results using Diff as the dependent variable, since it
cancels out the effect of LIWC categories that are significant
for both gcl and non-gcl engagement rates, such as posemo,
family, gcl audience and non-gcl audience,
and allows us to focus on the LIWC categories that have
a significant effect on increasing or decreasing the gcl en-
gagement rate. We can observe that the coefficients for i
and anx are significant and positive, indicating that a 1% in-
crease of word usage in these two categories would increase
the difference between gcl and non-gcl engagement rates by
0.1% and 0.13% respectively (gcl ER is higher). This sug-
gests that PHEs sharing personal experiences and feel-
ings (especially anxiety) attract higher engagement from
gcl audiences. On the other hand, the table also shows a sig-
nificant negative coefficient for Tweets discussing vaccines
(vaccines_True), suggesting an increase in non-gcl engage-
ment rates with respect to gcl for vaccine-related Tweets.
This is consistent with our results in Table 4. We also exper-
imented with a mixed-effect model (Lindstrom and Bates
1988) grouped by authors and found similar results.

Qualitative Analysis Table 6 presents sample tweets and
their gcl and non-gcl replies. The author of the first tweet
is located in California yet the tweet is about Michigan,
resulting in a higher non-gcl engagement rate. The other
two examples demonstrate that sharing personal experiences
(with first-person pronouns) attracts higher gcl and non-gcl
engagement rates. However, their gc/ engagement rates are
higher than non-gcl ones, which is aligned with the regres-
sion results in Table 5, given that the occurrence of 1 is as-
sociated with sharing personal experiences or feelings.

5.3 How are gcl replies different than non-gcl
ones?

Our linguistic analysis has focused on the original Tweets.
Now, we shift to the replies and attempt to understand the
differences in language usage between gcl replies and non-
gcl replies. We first do a sentiment analysis and continue
with a coefficient regression analysis to understand the effect
of LIWC features on gcl and non-gcl engagement.

Sentiment We start by looking into the sentiment ex-
pressed in the gcl and non-gcl replies. We use a RoBERTa-
base model (Loureiro et al. 2022) trained on 124M tweets
from January 2018 to December 2021, and fine-tuned for

Diff gel non-gcl

Selected LIWC categories

i 0.102%* 0.420%** 0.318%*%*
(0.038) (0.037) (0.028)
posemo 0.038 0.087%%* 0.049%*
(0.024) (0.023) (0.017)
negemo -0.070 0.012 0.082%#*
(0.046) (0.044) (0.034)
anx 0.128* -0.052  -0.179%**
(0.069) (0.067) (0.050)
family 0.104 0.236%** 0.132%*
(0.086) (0.083) (0.063)
death 0.020 -0.041 -0.061%*
(0.041) (0.040) (0.030)

Control variables

# followers -0.001 0.011 0.012*
(0.008) (0.008) (0.006)
gcl audience 0.000  -0.016%** -0.016%***
(0.004) (0.003) (0.003)
non-gcl audience -0.002  -0.025%**  -0.023%%**
(0.003) (0.003) (0.002)
masking_True 0.004 0.004 0.000
(0.003) (0.003) (0.002)
education_True -0.001 -0.001 -0.000
(0.003) (0.003) (0.002)
lockdowns_True -0.003 -0.003 -0.000
(0.005) (0.004) (0.003)
vaccines_True -0.004**  -0.005%** -0.001
(0.002) (0.002) (0.001)
R-squared 0.002 0.024 0.031
R-squared Adj. 0.000 0.023 0.029

Table 5: LIWC regression results of LIWC categories’ im-
pact on different types of engagement rates. We only show
LIWC categories that are significant in at least one of the re-
gression models (columns). Standard errors in parentheses.
*p < .1,%* p < .05, ¥**p < .01. Full table in Appendix D.

sentiment analysis with the TweetEval benchmark (Rosen-
thal, Farra, and Nakov 2017). We classify each reply as
positive, neutral, or negative. For each original Tweet T,
we compute the positive rate for its gcl replies and non-
gcl replies, respectively. We find that gcl replies are slightly
more positive and less negative than non-gcl replies. The
mean percentage of gcl replies labeled as positive is 14% and
the standard deviation is 29%, while the mean percentage for
non-gcl replies labeled as positive is 13% 4= 22%. The differ-
ence between the two distributions was statistically signifi-
cant (KS test with p < 0.001 and n = 3,521). The mean
percentage of gcl and non-gcl replies labeled as negative
were also significantly different (p < 0.001) with mean and
standard deviation values of 43% =+ 39% and 45% + 29%,
respectively.

LIWC analysis To examine differences in language usage
between gcl and non-gcl replies, we propose to run a logistic
regression where the dependent variable indicates whether
a reply is gcl or non-gcl and the independent variables are
the LIWC categories described in Section 5.2. A coefficient



Tweet - Author state gcl ER non-gcl ER gcl reply - participant state  non-gcl reply - participant state

2 emerging US surges: Michigan

§3B11512g)) ngh \I/\il(r)ir:lg?: Stare(B\;ell.clc.iZl—g The little inflection that is Michigan has a comprehensive
" ’ 0.7% 1.8% not receiving adequate at- & P

responsive. They need very aggressive
vaccination efforts + avoid relaxing
mitigation. — CA

tention [URL] — CA VAX plan in place. [ur]l] — MI

Anybody have ideas for pandemic-era

holiday or birthday gifts? I'm think-

ing books, obviously, and magazine sub-

scriptions. Gift certificates to nearby 42.9% 5.7%
restaurants with delivery or safe take-

out? Fun masks — to grim? Outdoor gear?

[url] - DC

Gift certificates to nearby Flowbee, Netflix subscription,
local movie theatres that are  Zoom subscription.... Oh wait,
streaming like @[user] do you mean for me or other
-DC people? — WA

Had another one of my “I’'m in a crowded

indoor place where no one is masked

and then I suddenly remember Covid” 41.7% 38.3%
dreams last night. How many of you have

those too? — NY

All the time. But I genuinely
wonder in the dream, “wait.
Is ‘it” over so it’s ok no one
around me is masked??”

- NY

I’'ve had about 15 ... no joke!
Horror films in my head run-
ning for exits through unmasked
hoards. — CA

Table 6: Sampled tweets and replies with gcl and non-gcl engagement rate (ER). First-personal pronouns in the tweets that

indicates self-disclosure are colored in red.

analysis will allow us to identify linguistic features that are
uniquely associated with gcl or non-gcl replies. As the Ta-
ble 7 shows, negative emotions (particularly anger) are more
prevalent in non-gcl replies; while the use of pronouns such
as we and you is more common in gcl replies, which might
suggest more direct communication with the gc/ PHE au-
thors. Interestingly, gcl and non-gcl replies are associated
with different types of personal concerns. For example, gcl
replies involve topics related to work, home, and money
more frequently, while non-gcl replies are more likely to
discuss relig and death and biological processes (i.e.,
body and health).

From Original Tweets to Replies We extend our analysis
by investigating how specific language (LIWC categories)
in the original Tweets might elicit similar language (LIWC
categories) in their corresponding gcl and non-gcl replies.
To carry out this analysis, we run logistic regressions with
the independent variables being all the LIWC categories in
the original Tweet T, and the dependent variable being one
binarized LIWC category present in the replies for that tweet
T'. Formally, the model is defined as:

cl_replies
LETP = By + E

LTeLiwc

(6%‘[’?) + €,

where LEP is a binary value of 1 if the i-th LIWC cat-
egory is present in at least one of the gc/ replies to 7', and
LT is the i-th LIWC score of T". We run this model for each
binarized LIWC category (dependent variable), and for gcl
and non-gcl replies, separately. A comparison of the regres-
sion coefficients for the gcl and non-gcl groups (see Fig-
ure 2) reveals a strong diagonal effect for both groups, with
slightly larger diagonal coefficients in gcl replies for most
personal concerns (work, home, relig, and death) and
swear words. This suggests that gcl/ replies may be more

likely to discuss personal concerns compared to non-gcl
replies, when these concerns have been raised in the original
Tweets. However, there is a stronger agreement in non-gcl
replies for LIWC categories associated with affective pro-
cesses, including posemo and negemo and all its subcate-
gories, anx, anger, and sad. This suggests that, while gcl
and non-gcl replies discuss similar types of personal con-
cerns when they are mentioned in the original Tweets, non-
gcl replies are more likely to share similar emotions to the
original Tweets. We hypothesize that this may be due to non-
gcl participants having weaker social connections with the
authors, leading them to share similar emotions and poten-
tially avoiding conflict, while gcl participants express more
freely a diverse set of emotions independently of the ones
that are raised in the original Tweets from local authors.

More interestingly, when observing the heatmaps hori-
zontally, the coefficients for i are significant and positive in
almost all regressions for non-gcl replies, while only signifi-
cant and positive in posemo, social processes (family and
friend), and some personal concerns (leisure, home,
religqg) for gcl replies. This pattern indicates that authors
sharing personal experiences tend to elicit all kinds of
psychological and emotional states from non-gcl replies
but mostly positive gcl replies. This finding reveals that
geo-co-located messaging could be used as a strategy for
enhancing engagement and maintaining a positive dis-
course in online communities.

5.4 What types of PHEs have more gcl
engagement?

As understanding who disseminates information is as crucial
as the content itself on social media, we shift our focus to-
ward the tweet authors. In the public health context, we want
to know what kinds of PHEs attract more gcl engagement.
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Dependent variables: LIWC categories in gcl replies
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Dependent variables: LIWC categories in non-gcl replies

Figure 2: How gcl replies and non-gcl with specific LIWC categories correlate with LIWC features in the original Tweet. Each
column is a logistic regression. Each cell is the coefficient. p < 0.1 is marked with *, p < 0.05 with **, and p < 0.01 with ***,

Variable Coefficient  Odds ratio 95% CI

i -0.46 0.63 (0.39, 1.03)
we 1.45 4 .25%%* (2.15, 8.40)
you 2.05 7.73%%% (5.12, 11.68)
posemo 0.04 1.04 (0.78, 1.40)
negemo -0.95 0.39%* (0.20, 0.76)
anx -0.51 0.60 (0.16, 2.20)
anger -1.43 0.24%* (0.08, 0.69)
sad 0.70 2.01 (0.73, 5.54)
family -1.39 0.25 (0.06, 1.06)
friend -1.33 0.26 (0.05, 1.30)
body -1.98 0.14%%:% (0.05, 0.39)
health -1.31 0.277%#:% (0.14, 0.52)
work 0.73 2.08%%:% (1.38,3.13)
leisure -0.15 0.86 (0.37,1.99)
home 3.80 44 4% (12.12, 163.25)
money 1.35 3,855k (1.78, 8.31)
relig -1.22 0.29%* (0.11, 0.82)
death -1.77 0.17%* (0.06, 0.50)
swear 0.66 1.93 (0.74, 4.98)

Table 7: Logistic regression results on LIWC categories for
gcl vs. non-gcl replies. Positive coefficients and odds ratios
larger than 1 indicate the LIWC categories are more often
in gcl replies. 95% Cl is the confidence interval for the odds
ratio. p < 0.05 is marked with *, p < 0.01 with ** and
p < 0.001 with ***,

# followers Our analysis begins with a key characteristic
of Twitter users—the number of followers. We split the 346
PHEs with available state information into quartiles based
on their follower counts. We then compare the distributions
between gcl and non-gcl engagement rates of tweets whose
authors are in each quartile group, using the KS test. Table 8

# followers  (0,4105) [4105, 15703) [15703,67164) [67164, 10.4M)
& quartiles <25% 25-50% 50-75% >75%
gcl ER 12.16% 3.25% 2.37% 1.11%
non-gcl ER 12.16% 2.91% 2.16% 1.06%
Diff 0.00% 0.34%* 0.21%* 0.05%*
# authors 25 62 79 90
# Tweets 222 2291 4007 9406

Table 8: Difference between gcl and non-gcl engagement
rate for Tweets whose authors have different numbers of fol-
lowers. * indicates that KS test results for the gcl ER and
non-gcl ER comparison is significant at p < .001.

shows that the engagement rate difference between gcl and
non-gcl groups is statistically significant for authors with a
volume of followers larger than the 25% quartile i.e., au-
thors with a volume of followers that is above the lower
quartile of the follower distribution have higher gcl engage-
ment rates when compared to non-gcl. This finding points
to authors with larger volumes of followers and with geo-
location information being able to engage more with gcl
audiences when compared to non-gcl ones.

Professions Given that the authors in the dataset are very
active Twitter users and have rich information in their user
descriptions, it is feasible to identify the professions of these
authors. With the advancement of Large Language Mod-
els (LLMs) in understanding social context (Ziems et al.
2024), we use gpt4 to annotate these authors’ professions
based on their descriptions and usernames. After prelim-
inary analysis, we categorize the users into four profes-
sion types namely, media, academic, medical, and political-
related. For each profession type, we include a few profes-
sions in the prompt. For example, journalists and reporters
for media-related professions. We instruct the model to gen-



erate a binary prediction for each profession type, as well as
the rationale for the prediction, to increase robustness and
accuracy. We show the complete prompt, as well as sam-
ple data and prediction in Appendix F. A member of the re-
search team manually reviewed the classification results for
50 authors and found around or above 90% accuracy for all
four profession types.

As Table 9 shows, the differences between gcl and non-
gcl engagement rates are all significant (p < 0.001) across
the four profession types, with gc/ engagement rates be-
ing always significantly higher than non-gcl. Academic and
medical-related professions attract the highest gcl en-
gagement rates (2.09% and 1.94%, respectively), as well
as the largest differences with respect to their non-gcl
counterparts with changes in engagement of 0.2% and

0.21%.
Professions Media Academic Medical Political
gcl ER 1.63% 2.09% 1.95% 1.72%
non-gcl ER 1.55% 1.89% 1.73% 1.65%
Diff 0.08%* 0.20%*  0.23%* 0.07%*
# authors 131 96 105 20
# Tweets 9107 5610 6734 1394
Test Acc. 88% 98% 94% 98%

Table 9: Differences between gcl/ and non-gcl engagement
rates for Tweets whose authors have different professions.
Test Acc is gpt4’s accuracy on a sample of 50 authors. *
indicates that KS test results for the gcl ER and non-gcl ER
comparison are significant at p < .001.

6 Limitations and Future Work

We enumerate several limitations and areas of future work.
Our study is based on a dataset collected on Twitter, where
users who use location services may be more active than
those who do not (Rzeszewski and Beluch 2017). Addition-
ally, Twitter users may provide inaccurate location informa-
tion (Hecht et al. 2011) and the geo-location inference tool
we adopt is imperfect, leading to potential inaccuracies in
our analysis. Future work could benefit from using more ad-
vanced geo-inference tools, which leverage deep learning
models (Zhang et al. 2023) or require richer user data in-
cluding tweet content and users’ following network (Tian
et al. 2020), to improve the accuracy and coverage of geo-
location information. Moreover, it would also be interesting
to investigate how our findings generalize to discussions of
other topics beyond public health messaging and on other
platforms such as Reddit.

Although we employed a carefully validated COVID-19
issue detection model (Rao et al. 2023) and sentiment clas-
sification model (Loureiro et al. 2022), as well as the widely
adopted LIWC for linguistic analysis, the models are not
perfect and LIWC partially captures the linguistic properties
as it focuses on word-level features. Future work should con-
sider these contexts when interpreting the conclusions from
this study.

7 Conclusion

This study highlights the critical role of geographic co-
location in influencing social media engagement. By ana-
lyzing a dataset of Twitter conversations during COVID-19,
we found that users who are gcl with PHEs exhibit higher
engagement rates, particularly in discussions about mask-
ing, lockdowns, and education. Conversely, vaccine-related
discussions tend to attract higher engagement from non-gcl
participants. Our findings indicate that emotional language
and personal experiences significantly enhance engagement
from gcl participants who reply more positively in senti-
ment. Particularly, gcl participants express more positive
emotions and personal issues in response to tweets that share
personal experiences or emotions. Furthermore, The impact
of gcl is greater for PHEs in academic and medical fields
compared to media and political professions. These find-
ings highlight the need to consider geographic co-location in
public health messaging to improve engagement and main-
tain a positive discourse around public health guidance in
online communities.
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A Seed PHEs

The usernames for the 30 seed PHEs on Twitter are:
EricTopol, PeterHotez, ashishkjha, trvrb, EpiEllie,
JuliaRaifman, devisridhar, meganranney, luckytran,
asosin, DrLeanaWen, dremilyportermd, DrJaime-
Friedman, davidwdowdy, BhramarBioStat, geochurch,
DrEricDing, michaelmina_lab, Bob_Wachter, Jennifer-
Nuzzo, mtosterholm, MonicaGandhi9, cmyeaton, natal-
iexdean, angie_rasmussen, ProfEmilyOster, mlipsitch,
drlucymcbride, ScottGottliebMD, CDCDirector, and
Surgeon_Genera

B COVID-19 Issues

The lockdown issue comprises content pertaining to early
state and federal mitigation efforts, such as quarantines,
stay-at-home orders, business closures, reopening, and calls
for social distancing. The masking issue is defined by dis-
cussions on the use of face coverings, mask mandates, mask
shortages, and anti-mask sentiment. Education-related con-
tent involves tweets about school closures, reopening of ed-
ucational institutions, homeschooling, and online learning
during the pandemic. The vaccine issue pertains to discus-
sions about COVID-19 vaccines, vaccine mandates, anti-
vaccine sentiment, and vaccine hesitancy in the U.S.

Issue Sample Tweets

This is a GREAT idea. We're all in this
together. Take care of each other. #Stay-
Home #TakeltSeriously #FlattenTheCurve
#COVIDI19

We’re in the middle of a pandemic and y’all are
still coughing and sneezing without covering
your mouths? Come on now.

Lockdowns

Masking

More glimmers of hope as we “safely” move
forward and open up Texas AM University
while containing #COVID19.

Education

You are joking right? Zero sympathy for anti-
vaxxers who quit their jobs rather than get vac-
cinated. They put us all at risk and make the
pandemic prolonged for the world.

Vaccines

Table 10: Sample Tweets for each COVID-19 issue. Issue-
relevant keywords are in red. Table from Rao et al. (2023).

C Lexical Analysis for Geo-co-located Tweets

To gain insights into what lexical features are most distinc-
tive for gcl tweets, we compare Tweets that have 0% gcl
engagement rate (N = 10, 854, bottom 68% of the tweets)
with the top 10% percentile of tweets (3.4% gcl engagement
rate with N = 1,576).We also compare 0% gcl ER tweets
with the top 20% percentile of tweets (1.0% gcl engagement
rate with N = 3,190).

We follow Monroe, Colaresi, and Quinn (2008) and use
normalized log-odds-ratio z to find out the n-grams (n €
{1,2,3}) more associated with Tweets with higher and
lower gcl engagement rates. We find that the top group

shares more personal experiences/feelings (“my”, “me”),
while the bottom group talks about the national or global
situation of COVID-19 with keywords such as “covid19”,
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us”, “united states”, “study”, “the world” (Figure 3).
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Figure 3: Most distinctive n-grams (n € {1,2,3}): tweets
with 0% gcl engagement rate (bottom 68% of the tweets)
vs. (a) the top 10% percentile of tweets (3.4% gcl engage-
ment rate) and (b) the top 20% percentile of tweets (1.0%
gcl engagement rate) . Only n-grams with 99.5% confidence
level are colored (z > 2.57)

D Full Regression Results for Section 5.2

The complete results of the LIWC regression analysis in
Section 5.2 is shown in Table 11.

E Full Heatmap for Section 5.3

The heatmaps with all LIWC categories from Section 5.3 are
shown in Figure 4.

F Prompt for Profession Classification

The prompt we used for profession classification in Section
5.4 is as follows:

For the following Twitter user profile
description and username, infer

whether the user’s profession is



Diff gcl non-gcl

const 0.002 0.023 %% 0.021%#%*
(0.002) (0.002) (0.001)

i 0.102%%* 0.420%** 0.318%%*
(0.038) (0.037) (0.028)

we -0.012 -0.005 0.007
(0.030) (0.029) (0.022)

you -0.023 -0.008 0.014
(0.039) (0.038) (0.028)

posemo 0.038 0.087%%* 0.049%%*
(0.024) (0.023) (0.017)

negemo -0.070 0.012 0.082%*
(0.046) (0.044) (0.034)

anx 0.128* -0.052  -0.179%**
(0.069) (0.067) (0.050)

anger 0.105 0.028 -0.077
(0.073) (0.071) (0.053)

sad 0.057 -0.017 -0.074
(0.074) (0.072) (0.054)

family 0.104 0.236%** 0.132%*
(0.086) (0.083) (0.063)

friend -0.021 0.051 0.072
(0.093) (0.090) (0.068)

body -0.065 -0.061 0.004
(0.055) (0.053) (0.040)

health -0.017 -0.017 -0.000
(0.026) (0.025) (0.019)

work 0.007 -0.011 -0.018
(0.018) (0.018) (0.013)

leisure -0.059 -0.034 0.025
(0.039) (0.038) (0.028)

home 0.019 -0.010 -0.029
(0.060) (0.058) (0.043)

money -0.035 -0.055 -0.020
(0.042) (0.040) (0.030)

relig -0.009 -0.079 -0.070
(0.081) (0.079) (0.059)

death 0.020 -0.041 -0.061%*
(0.041) (0.040) (0.030)

swear -0.041 -0.056 -0.015
(0.157) (0.152) (0.114)

# followers -0.001 0.011 0.012%*
(0.008) (0.008) (0.006)

gcl audience 0.000  -0.016%** -0.016%**
(0.004) (0.003) (0.003)

non-gcl audience -0.002  -0.025%#* -0.023*#**
(0.003) (0.003) (0.002)

masking_True 0.004 0.004 0.000
(0.003) (0.003) (0.002)

education_True -0.001 -0.001 -0.000
(0.003) (0.003) (0.002)

lockdowns_True -0.003 -0.003 -0.000
(0.005) (0.004) (0.003)

vaccines_True -0.004*%  -0.005%** -0.001
(0.002) (0.002) (0.001)

R-squared 0.002 0.024 0.031
R-squared Adj. 0.000 0.023 0.029

Table 11: LIWC regression results of LIWC categories’ im-
pact on different types of engagement rates. Standard errors
in parentheses. * p < .1, ** p < .05, ¥**p < .01

related to each of the professions

as follows: media professions (e.qg.,
journalist, reporter, writer, editor,
and author), academic (e.g., professor,
researcher, and Scientist), medical
professions (e.g., physician, doctor,
epidemiologist), and politicians. For
each Twitter user, output the results
for each of the four professions

and provide a brief explanation in

the Jjson format of ’{"screen_name":
USER_NAME, "Media_Professions":
true/false, "Academic": true/false,
"Medical Professions": true/false,
"Politicians": true/false,
"Explanation": "[Explanation]"}. Only
output true for the best-matched
professionals if possible. All outputs
should be in the json format as
described above.

We then concatenate it with usernames and user descrip-
tions of five authors for each query in the following format:
username: {screen_name}
description: {description}

Note that {screen_name} and {description} are
replaced with actual usernames and descriptions. A sample
output from ChatGPT with an anonymized user name is:

"screen_name": "ANONYMIZED",
"Media_Professions": false, "Academic":
true, "Medical Professions": true,
"Politicians": false, "Explanation":
"The user is a Clinical Psychology PhD
Student and does research in Global
Mental Health, which indicates that
he is involved in academic and medical
professions."}
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Dependent variables: LIWC categories in non-gcl replies

Figure 4: How gcl replies and non-gcl with specific LIWC categories correlate with LIWC features in the original Tweet. Each
column is a logistic regression. Each cell is the coefficient. p < 0.1 is marked with *, p < 0.05 with **, and p < 0.01 with ***,
Only selected LIWC categories are shown for demonstration purposes.
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