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Abstract

Background Online infodemics have represented a major obstacle to the offline success of public health interven-
tions during the COVID-19 pandemic. Offline contexts have likewise fueled public susceptibility to online infodem-
ics. We combine a large-scale dataset of Twitter conversations about face masks with high-performance machine
learning tools to detect low-credibility information, bot activity, and stance toward face masks in online conversations.
We match these digital analytics with offline data regarding mask-wearing and COVID-19 cases to investigate the
bidirectional online-offline dynamics of the face mask infodemic in the United States.

Results Online prevalence of anti-mask over pro-mask stance predicts decreased offline mask-wearing behavior and
subsequently increased COVID-19 infections. These effects are partially influenced by low-credibility information and
automated bot activity, which consistently feature greater anti-mask stance online. Despite their purported contro-
versy, mask mandates generally decrease anti-mask stance online and increase mask-wearing offline, thus reducing
future COVID-19 infections. Notable asymmetries are observed, however, between states run by Democratic and
Republican governors: the latter tend to see higher levels of low-credibility information and anti-mask stance online,
and thus lower mask-wearing and higher infection rates offline.

Conclusions These findings contribute new insights around collective vulnerabilities to online infodemics and their
links to evolving offline crises. We highlight the need to synergize and sustain targeted online campaigns from legiti-
mate information sources alongside offline interventions in and beyond the pandemic.
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Background

Over two years since the beginning the COVID-19 pan-
demic, broad scientific consensus has highlighted the
need for both top-down systemic interventions and bot-
tom-up collective changes in public behavior [1, 2]. Face
masks have been crucial to such initiatives, given their
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effective disruption of disease transmission while pos-
ing minimal risk to users [3, 4]. However, many coun-
tries have seen public health mandates entangled with
ideological conflicts: over and above personality, demo-
graphics, or local risk levels [5, 6]. These dynamics have
obstructed pandemic responses worldwide, extending
beyond masks and into later interventions like vaccines
[7,8].

Rich scholarship in digital health points to the over-
whelming wave of online information linked to the pan-
demic, also known as the ‘infodemic; as a major driver
of these societal divides [9-11]. Social media platforms
feature low-credibility information undermining expert
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communications and public policy [8, 12, 13]. Evidence
likewise continues to accrue around information cam-
paigns involving automated bots to spread misinforma-
tion, hate speech, and conspiracy theories during the
pandemic [14, 15].

Yet despite the rich literature on online and offline con-
flicts around face masks, surprisingly little is known that
connects these two sets of processes. Prior scholarship
in the social sciences suggests that offline events trigger
beliefs and behavior reflected in the online world [15, 16].
Yet digital platforms also reshape conversations and com-
munities that impact the offline world [17, 18]. From this
perspective, we ask: How have offline events during the
COVID-19 pandemic affected the online face mask info-
demic? And conversely, what impacts has the online face
mask infodemic had on offline public health outcomes?

Focusing on the United States, this paper quantifies
the online-offline dynamics of the face mask infodemic.
The United States serves as a crucial site for this work
given the sharply politicized nature of face masks during
the COVID-19 pandemic [5, 6]. Mirroring similar con-
texts in other countries, messaging from political lead-
ers around face masks was hotly divided, and these rifts
persisted among the general public in a form of ‘culture
war’ against repression of ‘individual freedoms’’. None-
theless, state-wide mask mandates were implemented to
bolster public health responses against the virus, even
if in uneven ways that broke according to political lines
[19]. Such societal dynamics make for fertile ground for
triggering infodemics, as well as for infodemics to subse-
quently exacerbate.

We undertake this analysis by integrating large-scale
online Twitter data with various offline records including
official COVID-19 case reports, mask-wearing surveys,
and mask mandate announcements. We take advantage
of a retrospective and ecological design to closely exam-
ine a global period during which mask mandates served
as a core intervention prior to the emergence of vaccines
and challenges stemming from viral variants. Hence,
though the crisis has since evolved over time, these find-
ings offer unique, focused insights that may inform syn-
ergized measures to tackle “two fronts” of health and
social cohesion in and beyond the pandemic [20, 21].

Data and methods

Twitter data

We collected a large sample of tweets from the United
States between January 29, 2020 and November 30,
2020 (N = 22,143,552), filtered for tweets about the

! https://www.theguardian.com/world/2020/jun/29/face-masks-us-politics-
coronavirus
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COVID-19 pandemic with any terms that referenced
masks and mask-wearing (e.g., ‘mask; ‘shield; ‘cover’). We
combined explicit platform-enabled geolocation with a
machine learning model for location prediction to limit
our data corpus only to tweets that were likely to have
originated from the United States and to identify their
specific state of origin [15, 22]. This technique has pre-
viously produced fine-grained classifications at a 92.1%
accuracy [22].

Offline records

Offline records of daily state-level COVID-19 cases were
obtained from the Centers for Disease Control and Pre-
vention’s (CDC) COVID Data Tracker?. This was linked
to the schedule of mask mandates taken from the United
States government’s open data catalog, indicating the
start and end dates for various orders®. We additionally
noted the official party affiliation of each state’s governor
prior to the November 2020 elections®.

To capture mask-wearing, we used datasets from COV-
IDcast by Carnegie Mellon University’s Delphi group for
trend information around reported mask-wearing in each
state®. This data is based on seven-day smoothed self-
reports of mask-wearing behavior in public, and records
only began to be recorded on September 8, 2020. Note
that smoothing may introduce issues in lagged regres-
sions and path modelling, which we address in the Sup-
plementary Material. We additionally recognize that
because of its reliance on self-reports and potentially
biased samples, these measures are also highly coarse-
grained estimates [23].

Collectively, our analyses thus focused only on the
state level. Although mask mandates could indeed be
enacted on finer-grained scales—cities and counties—
such microscopic location information is rarely available
to link to social media or mask-wearing activities. The
state level was thus chosen as an optimal point of com-
parison given trade-offs in precision and information
accessibility.

Computational predictions

To measure the sharing of low-credibility information,
we used an existing list of low-credibility websites [13].
For a given state on a given day, we calculated the per-
centage of tweets that contained a link to any of these

2 https://data.cdc.gov/Case-Surveillance/United-States-COVID-19-Cases-
and-Deaths-by-State-0/9mfq-cb36/data

3 https://catalog.data.gov/dataset/u-s-state-and- territorial-public-mask-
mandates-from-april-10-2020-through-july-20-2021-by--7e5b8
* https://www.nga.org/governors/

> https://delphi.cmu.edu/covidcast/?mode=indicator+&%3Bsensor=tb-
survey-smoothed_wwearing_mask_7d
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websites. Because new low-credibility information sites
are dynamically evolving, this measure provides a con-
servative estimate of how much low-credibility infor-
mation was shared on Twitter in relation to masks and
mask-wearing. Note this list includes satirical sites as we
do not assume exposure to satire is well-discerned by the
public.

Next, to assess the activity of bots, we used the BotH-
unter tool [24]. BotHunter is a machine learning model
that achieves high accuracy and scalability in bot predic-
tion on Twitter. In our dataset, BotHunter produced a
probability that the account which sent each tweet was
a bot. This accounts for both individual account features
as well as some features of the social network in which
the bot engages in its activities. While based on a well-
established dataset of known automated accounts, the
algorithm achieves over 90% accuracy but may not per-
fectly classify all accounts. In addition, it may pick up
on accounts that behave in a bot-like fashion but are not
fully automated (e.g., cyborg accounts). Taking the aver-
age BotHunter probability provided us with state-level
daily estimates of the distribution of likely automated
accounts in online masking conversations during the
pandemic.

Finally, to classify stance toward face masks, we used
a state-of-the-art machine learning approach with label
propagation and co-training to identify pro-mask and
anti-mask stance [25]. This method is a semi-supervised
method, meaning that it uses the social network to iden-
tify pro- and anti-mask hashtags based on how they are
used in similar contexts. For this work, some of the most
common pro-mask hashtags were validated to include:
#WearAMask, #WearADamnMask, and #YourAction-
sSaveLives. Anti-mask hashtags included: #MasksOf-
fAmerica, #masksdontwork, and #RefuseMasks. More
information around the top hashtags identified by the
algorithm is available in the Supplementary Material. The
top hashtags for each stance polarity validate the predic-
tions of the methodology.

Given individual stance classifications, we computed
the daily percentage of pro-mask and anti-mask stance
on a collective level per state. To jointly consider the
effects of anti-mask relative to pro-mask stance, we com-
puted an aggregate measure represented by the natural

; : ; ; #anti—masktweets
logarithm of their quotient, i.e., In% /= 0 G lone.

Note that because bots may intend to skew the stance
of online conversations toward face masks, we retain
the original measure without filtering for bots in subse-
quent analysis. This is because we are interested here in
how the social media conversation overall orients toward
face masks, which automated tweets may also have an
impact on. Hence, by measuring both bot activity and
stance toward face masks, we can use their co-variation
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over time to account for the extent to which the former
impacts the latter.

Multilevel mediation modeling

Multilevel models have been used in longitudinal studies
where individuals (or in this study, states) are treated as
clusters that change over time [26]. Two multilevel medi-
ation models are implemented in this study: (a) one on
the overall data corpus without mask-wearing behavior
(Model 1); and (b) one on a subset of the dataset coin-
ciding with available mask-wearing behavior (Model 2).
These models quantified how offline factors like mask
mandates, current COVID-19 cases, and the state gov-
ernor’s political party predicted online prevalence of
anti-mask stance, low-credibility information, and bots.
Conversely, we then used these online factors to predict
offline outcomes such as future COVID-19 cases, par-
tially mediated by actual mask-wearing behavior. Note
that because we are studying these relationships at a
state-level over time, the unit of analysis is the state-day.
This means that while we have collected 22 million tweets
featuring 1.7 million accounts in total, we are interested
in measures that apply per state per day (e.g., cases per
state per day). For Model 1, this results in 11266 data
points; and for Model 2, this results in 4010 data points.

All measures were mean-centered and scaled to have
unit variance. Coefficients may thus be interpreted as
standard deviation changes in the response variable as
a result of standard deviation changes in the predictor.
Time variables, however, were simply divided by the total
number of days in the dataset, while a binary variable
was retained to indicate whether a state had a Republi-
can governor. In the special case of mask mandates, we
used interrupted time series techniques [27] to model
three types of effects: (a) a shock variable, coded as a
binary measure for before and after the implementation
of mask mandates; (b) a pre-shock trend, which captures
the slope of the outcome variable over time before mask
mandates; and (c) a post-shock slope change, which cap-
tures the modified slope of the outcome variable over
time after mask mandates are implemented.

All predictors were treated as fixed effects except for
the governor’s party affiliation, which was treated as a
state-level random effect. Mediation models were evalu-
ated with: (a) two fit indices, namely, the Comparative Fit
Index (CFI) and the Tucker-Lewis Index (TLI); and (b)
two error measures, namely, the root mean square error
of approximation (RMSEA) and the standardized root
mean square residual (SRMR) [28]. All models achieving
high values in the fit indices (> 0.90) and low values on
the error measures (< 0.10) were considered adequate
models for describing the data.



Uyheng et al. BMC Digital Health (2023) 1:27

State Politics

— Rep-Governor

Page 4 of 10

Dem-Governor

°
58
n 300
cC N
f— L N
1 200 SR 3
5} /7 7 S ~
3 \\ /, \\ . — g 4 |\\\ ’,;::\\\
E | S L g Ry == =~ i — N
< 100 . S 7 S Nis--zIs- |
(O] S = 2 N ~ - s s
©
E o
n
Ll 0 50 100 150 200
Time in Days (Solid Line: Mandate)
. Proportion of Low—-Credibility Logged Ratio of Anti-Mask
Average Bot Probability Information Links to Pro—Mask Stance
0.595
)
n 0.050
S 0.585 / 10
8 0.045
O 0.575 ——————— 0.040
2 / -1.5
\
% 0.565 \ 0.035
o) 0.030 \
0.555 —2.0
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

Time in Days (Solid Line: Mandate)

Fig. 1 Volume and features of social media conversations in states with Republican (red) and Democratic governors (blue), with mask mandates
modelled as a shock in an interrupted time series setup. Top: Average daily volume of tweets over time. Loess trends (dashed) are presented
alongside the predictions of negative binomial regressions with 95% confidence intervals. Bottom: Average bot probabillity, proportion of
low-credibility information links, and logged ratio of anti-mask to pro-mask stance over time. Linear predictions are presented with 95% confidence

intervals

Results

Offline contexts shift online discourse

Figure 1 depicts significant shifts in online discourse
following the implementation of mask mandates. Ini-
tially, online talk in Republican-run states discussed face
masks 34% less than in Democrat-run states (p < .001).
Yet the face mask conversation saw a notable spike upon
the announcement of mask mandates, approximately
increasing 1.62 times in size across all states (p < .001).
Further, over time, although the conversation generally
waned in volume, it did so more quickly in Democrat-run
states at a rate of -0.50% (p < .001) every day. In Repub-
lican-run states, the conversation decayed by only -0.23%
a day (p < .001), eventually closing the gap in tweet
volume.

Beyond the volume of tweets, even prior to mask
mandates, bots predominantly targeted Democrat-run
states (p < .001), such that there was no clear differ-
ence in the level of bot activity after mandates were
put in place (p > .05). Conversely, bots swarmed to
Republican-run states with the enforcement of mask

mandates (p < .001). Before the mandates, bot activity
decreased steadily over time in all states (p < .001), but
the level of bot activity held steady after mask mandates
were implemented (p < .001). Bots thus strategically
targeted Republican-run states with mask mandates
in place, and thereafter sustained their participation
throughout online conversations everywhere.

Meanwhile, states generally saw their share of
low-credibility information links reduced upon the
announcement of mask mandates (p < .001), though
there was weak evidence for the opposite effect in
Republican-run states (p < .10). Hence, across states
in general, legitimate information sources became rela-
tively more prevalent on the day mask mandates began.
However, both Democrat-run and Republican-run
states eventually saw marked increases in low-credibil-
ity information links (p < .05). Low-credibility infor-
mation thus demonstrates notable resilience against
more legitimate sources of information, especially if
the latter become dominant only in the initial stages of
policy implementation.
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Fig. 2 Future COVID-19 cases and mask-wearing are associated with relative prevalence of anti-mask to pro-mask stance online, which are in

turn shaped by bot activity and low-credibility information. Top-Left: Increased share of anti-mask stance predicts higher levels of lagged new
daily COVID-19 infections in a given state (N = 11266). Top-Right: Increased share of anti-mask stance predicts lower levels of actual masking
behavior in a given state (N = 4010). Top-Insets: Coefficient estimates across time lags, with higher absolute values indicating stronger associations
between online discourse and offline impacts. Bottom-Left: Account-level estimates of anti-mask stance, given bot probability and low-credibility
information-sharing (N = 1787963). Bottom-Right: State-level estimates of the logged ratio of anti-mask to pro-mask stance based on the average

bot probability and proportion of low-credibility information-sharing (N =

Finally, we observed that pro-mask tweets generally
rose significantly relative to their anti-mask counterparts
with mask mandates put in place (p < .001). However,
while pro-mask stance grew more steadily in Democrat-
run states, relative levels of anti-mask stance held more
rigidly in Republican-run states (p < .001).

Online discourse predicts offline impacts

Figure 2 shows that in states where anti-mask stance
was more prevalent online relative to pro-mask stance,
higher rates of COVID-19 infection were more likely to
occur weeks later. The strongest relationship was appar-
ent with a three-week lag (p < .001). Conversely, we saw

11266)

a consistent negative relationship between the ratio of
anti-mask to pro-mask stance, and actual mask-wearing
behavior, controlling for present levels of mask-wearing
(p < .001). In general, for both future COVID-19 cases
and mask-wearing behavior, shorter-term lags yield
weaker or non-significant associations, affirming that
indeed digital influences may not link to offline behav-
iors—and crucially, pandemic outcomes—in an instanta-
neous fashion [3].

Importantly, in the context of an infodemic, online dis-
course did not evolve without influence from bots and
low-credibility information. Figure 2 additionally shows
that, on the account level, bots were more likely than
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humans to express anti-mask stance (p < .001). Shar-
ing of low-credibility information also indicated that an
account was likely to be anti-mask (p < .001). It was esti-
mated that the most bot-like accounts which spread low-
credibility information had about a 69.11% probability
of being anti-mask, while the most human-like accounts
who did not spread low-credibility information had only
about an 11.08% probability of being anti-mask. A Welch
two-sample t-test further revealed that sharers of low-
credibility information had higher bot probabilities than
accounts which did not share low-credibility information
(£(90524) = 57.053, p < .001). Hence, not only were bots
more likely to be anti-mask; they also shared more low-
credibility information.

These same patterns hold on the state level. On any
given day, a 10% increase in low-credibility information
was specifically linked to about a 2.23 unit increase in the
logged ratio of anti-mask to pro-mask stance (p < .05).
Further, a 10% increase in a state’s average bot probability
was linked with a 1.18 unit increase in the logged ratio
of anti-mask to pro-mask stance (p < .001). The great-
est prevalence of anti-mask stance relative to pro-mask
stance was thus detected in states where online conver-
sations about face masks were inundated with the most
low-credibility information links and social bots.

Bidirectional dynamics of the face mask infodemic

Piecing this information together, offline contexts thus
trigger shifts in online discourse, and in turn, online
discourse links to offline impacts in the context of the
COVID-19 pandemic in the United States. Figure 3 dis-
plays the estimates of two multilevel mediation mod-
els. The first model reflects the full data corpus without
mask-wearing information and predicts future COVID-
19 cases with a 21-day lag. The second model predicts
future COVID-19 cases with a 21-day lag, mediated by
future mask-wearing with a 14-day lag. We obtain esti-
mates of direct, indirect, and total effects of these fac-
tors on the trajectory of the COVID-19 pandemic in the
United States, as summarized in Table 1.

Both models affirm that even after controlling for a
variety of offline factors—such as mask mandates, the
state governor’s party, and current COVID-19 cases—
the ratio of anti-mask to pro-mask stance was signifi-
cantly linked to future COVID-19 cases. This was evident
in both direct effects (Model 1: p < .001), and indirect
effects as mediated by actual mask-wearing (Model 2:
p < .01). Widespread online conversations about face
masks therefore had credible public health impacts, espe-
cially via changes to mask-wearing behaviors to the ben-
efit or detriment of pandemic outcomes.

Crucial to note is that greater prevalence of anti-
mask over pro-mask stances was associated with higher
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levels of low-credibility information sharing (Model 1:
p < .001, Model 2: p < .001) and greater bot activity
(Model 1: p < .001, Model 2: p < .001). This highlights
the susceptibility of public opinions online to undue
influence from misinformation and disinformation, and
underscores the public health costs associated with these
online dangers.

These online vulnerabilities were in turn shaped by
their evolving offline contexts. Sharply counter to pub-
lic health interests, times with higher current infections
invited more anti-mask stance (Model 1: p < .001). State
politics were paramount in this regard, as Republican-
run states generally saw more anti-mask stance online
(Model 1: p < .10, Model 2: p < .05) amidst lower mask-
wearing among their populations (Model 2: p < .001)
and more low-credibility information spread by humans
(Model 1: p < .01, Model 2: p < .10). Meanwhile, bots
targeted states with the highest mask-wearing rates
(Model 2: p < .01), which were more likely to be Dem-
ocrat-run (Model 2: p < .001). In addition, both bots
(Model 1: p < .01, Model 2: p < .001) and low-credibility
information (Model 1: p < .05) targeted states at times
when they had lower infection rates.

Finally, we observe the key impacts of mask mandates.
For all states, mask mandates predicted lower levels of
future COVID-19 infections (Model 1: p < .001), medi-
ated by greater pro-mask stance over anti-mask stance
online (Model 1: p < .001). These effects were mediated
by offline mask-wearing behaviors, indicating a coherent
causal link between online discourse about face masks
and its offline impacts (Model 2: p < .001).

Discussion

Amidst a surge of research on infodemics coinciding with
COVID-19 outbreaks around the world [9, 10], crucial
unanswered questions have persisted around their effects
on public health outcomes. We unite a wealth of dispa-
rate research separately examining online and offline
processes [1, 17] to unearth a complex understanding of
their interplay in the face mask infodemic. These insights
suggest practical directions for forward-looking policies
in and beyond the COVID-19 pandemic that has ravaged
the globe for over two years now.

This research emphasizes three online-offline links
uncovered in relation to the face mask infodemic. First,
politically bifurcated vulnerabilities to online harms—
that is, to low-credibility information in Republican-run
states and social bots in Democrat-run states—expose
unique informational challenges faced in a polarized
democracy [8, 13]. Past scholarship highlights the need
for robust interventions against pandemic misinforma-
tion [7, 21]. By linking online and offline processes, our
work encourages that these responses be sensitively



Uyheng et al. BMC Digital Health (2023) 1:27 Page 7 of 10

Low-
Credibility
Information

Mandate: -0.056
R-Gov: 0.117**
Infection: -0.034*

Low-Cred: 0.237***
Bots: 0.082***

Mandate: -0.009
R-Gov: -0.137
Infection: -0.046**

Bot Activity

Online Influences

State
Mandates

Stance: 0.026***

Mandate: -0.293***
R-Gov: 0.132* Online Opinions
Infection: 0.047***

Current
Infections

. % %k %k
Mandate: -0.218 Future

State
R-Gov: 0.222 k
Politics R-Gov: Infection: 0.555%** Infections
\ /  To Mandate: -0.448***
To Infection (Now): 0.102
Offline Contexts Offline Impacts
R-Gov: Mandate: -0.074
To Mand.ate: -0.776*** R-Gov: 0.126* LOW—
To Infection (Now): 0.640’:’;’; Infection (Now): -0.030 Credibility Low-Cred: 0.351%+*
To Masking (Now): -1.706 Masking (Now): -0.204*** Information .

Bots: 0.096***

/ ™\ Mandate: 0.022
R-Gov: -0.162
State Infection (Now): -0.113***
Mandates Masking (Now): 0.159**

Bot Activity Stance
To Masking: -0.012**

To Infections: 0.013

Mask
Stance
Ratio

Online Influences

Mandate: 0.008

R-Gov: 0.271*

Infection (Now): 0.044
Masking (Now): 0.157***

Current
Masking

Online Opinions

Future
Masking

Current
Infections

Mandate: 0.224***

R-Gov: -1.734%**

Infection (Now): 0.033*** Masking: -0.349***
Masking (Now): 0.367***

Future
State Mandate: -0.033 Infections

Politics R-Gov: 0.586** \ /
\ J/ Infection (Now): 0.627*** .
Offline Impacts

Offline Contexts
Fig. 3 Mediation models of online-offline dynamics in relation to the face mask infodemic. The effect of state politics and mask mandates
on future mask-wearing (14-day lag) and COVID-19 cases (21-day lag) is partially mediated by low-credibility information and bot activity,
which in turn shape online anti-mask and pro-mask stance. All coefficients are standardized, with statistical significance reported as:
Tp <.10*p < 05 p < .01,%** p < .001.Top: Model 1 includes the full data corpus (N = 11266) without mask-wearing data. Bottom: Model 2
uses a subset of the data (N = 4010) coinciding with mask-wearing data
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Table 1 Direct, indirect, and total effects of offline contexts,
online influences, and online discourse on future COVID-19
infections (21-day lag). Model 1 includes the full data corpus
without mask-wearing data (N = 11266). Model 2 uses a subset of
the data coinciding with mask-wearing data (N = 4010). Estimates
are standardized except binary variable for Republican governor

Model Variable Direct Indirect Total

Model T Present Cases 0.555"**  0.001* 0.556™*
Mask Mandates -0.218"*  -0.008™* -0.226™**
Republican Governor 0.222 0.162 0.383
Stance Ratio 0.026™* - 0.026™**
Bot Activity - 0.002**  0.002***
Low-Credibility Information - 0.006™*  0.006™**

Model 2 Present Cases 0.627***  -0011™*  0616™*
Mask Mandates -0.033 0078 -0.111%
Republican Governor 0.586** 1306  1.892%**
Mask Behavior -0.349"% - -0.349%**
Stance Ratio 0.013 0.004**  0017*
Bot Activity - 0.002% 0.002%
Low-Credibility Information - 0.006"  0.006™

Note: tp < .10* p < .05 p < .01,*** p < 001

targeted to their social contexts. Organic misinformation
in Republican-run states may be better addressed with
accuracy nudges to correct organic misinformation [29].
On the other hand, more mask-compliant Democrat-run
states may require additional investment in exposing and
countering coordinated influence campaigns seeking to
inorganically contaminate conversations that are other-
wise informed by more legitimate sources. Future work
drawing on these insights may delve deeper into the spe-
cific types of messages propagated by bots or low-cred-
ibility information sources across the political divide, in
order to design more pointed strategies at countering
their influence.

However, it is not sufficient to merely root out pan-
demic-related falsehoods without addressing the under-
lying conditions which enable their proliferation [30].
This brings us to our second insight: although mask man-
dates have been subject to widespread controversy [5,
6], the conflicts they precipitate have less to do with the
policies themselves, and instead reflect already existing
political cleavages. Our findings reaffirm that mandates
improve mask-wearing and reduce infections [3, 4]. But
we echo that communication around their implementa-
tion should aim to minimize partisan divides to avoid
nullifying their positive impacts [12]. From this perspec-
tive, more in-depth analysis could be performed in future
work that tackles specifically how pro-mask and anti-
mask stances respond to the implementation of mask
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mandates, to identify effective messaging around these
policies which mitigate political flare-ups.

These observations culminate in our third, overarch-
ing finding linking online stances to future infections,
an association mediated by actual mask-wearing. Our
results reaffirm that online talk does not remain isolated
to the digital sphere. Instead, it explains offline outcomes
beyond what one would expect purely from exclu-
sively offline factors. This showcases social media talk’s
offline consequences for collective behavioral change,
and its overall importance in the public health arena [7,
8]. Future work may benefit from drilling down on the
specific social processes involved in this transition from
online to offline dynamics. This affirms the need for sus-
tained and targeted public health communication, both
online and offline, with messages that mobilize identity-
aligned narratives and originating from politically trust-
worthy sources of information [1, 7].

The interoperable methodology we employ likewise
constitutes valuable contributions to future study and
practical monitoring of infodemics during crisis [9, 31].
Although we focus on the face mask conversation in the
United States, many of the tools we employ are readily
applicable across novel contexts. From a practical stand-
point, this may guide efforts to design informational
counter-measures and enhance digital resilience, espe-
cially to misinformation and disinformation [1, 29].

As with any research on social media platforms like
Twitter, nuance is needed in interpreting findings for
generalizability. Our findings reflect a reliance on sev-
eral external databases, and are thus also dependent on
their quality and provenance. This includes, for instance,
the reliance on self-reports around mask-wearing data,
which may reflect social desirability biases. This likewise
extends to the use of predictive algorithms which repre-
sent practical and scalable labeling tools for large-scale
datasets based on prior knowledge, but may not always
capture the ways these phenomena evolve in the future
[13, 24, 25]. Finally, as we restrict our analysis to the state
level, our work does not speak to more fine-grained set-
tings (e.g., counties) which previous work has examined
[6]. Relatedly, nor do we assume that our results are
straightforwardly applicable outside the United States or
the specific time period upon which we focus. However,
these gaps open up valuable avenues for future work,
especially to investigate the global impacts of diverse
infodemics as they evolve alongside the pandemic around
the world.

Conclusions

Considerable research examines the offline social con-
flicts surrounding face masks as a public health inter-
vention during the COVID-19 pandemic. Digital health
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scholarship likewise characterizes the online infodemic
that has muddied public discourse with a wave of low-
credibility information and increased polarization
throughout the global crisis. However, surprisingly lit-
tle work links the online infodemic with its offline ante-
cedents and outcomes. Our findings richly add to prior
work which separately examines online and offline
processes by demonstrating novel, powerful intercon-
nections between them. We show that as states enforce
mask mandates, online conversations shift in terms of
anti-mask stance, bots, and low-credibility information.
These factors in turn predict trajectories in COVID-19
infections, beyond the predictive capacity of offline fac-
tors and present COVID-19 infections. This is partially
mediated by actual mask-wearing behavior, suggesting
a coherent causal link between online discourse and
future offline behavior. Taken together, these insights
guide forward-looking action in and beyond the pan-
demic and inform measures for enhanced resilience
to future crises and conflicts. Offline implementations
of public health interventions require complementary
online campaigns that minimize group division and
promote legitimate information sources on digital plat-
forms. Likewise, digital measures to counter online inf-
odemics need to be sensitively tailored to their offline
contexts of social division.
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