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Objectives: Due to political polarization, adherence to public health measures
varied across US states during the COVID-19 pandemic. Although social media
posts have been shown effective in anticipating COVID-19 surges, the impact of
political leaning on the effectiveness of different topics for early warning remains
mostly unexplored. Our study examines the spatio-temporal early warning
potential of different geo-social media topics across republican, democrat, and
swing states.

Methods: Using keyword filtering, we identified eight COVID-19-related geo-
social media topics. We then utilized Chatterjee’s rank correlation to assess their
early warning capability for COVID-19 cases 7 to 42 days in advance across
six infection waves. A mixed-effect model was used to evaluate the impact of
timeframe and political leaning on the early warning capabilities of these topics.

Results: Many topics exhibited significant spatial clustering over time, with
quarantine and vaccination-related posts occurring in opposing spatial regimes
in the second timeframe. We also found significant variation in the early
warning capabilities of geo-social media topics over time and across political
clusters. In detail, quarantine related geo-social media post were significantly
less correlated to COVID-19 cases in republican states than in democrat states.
Further, preventive measure and quarantine-related posts exhibited declining
correlations to COVID-19 cases over time, while the correlations of vaccine and
virus-related posts with COVID-19 infections.

Conclusion: Our results highlight the need for a dynamic spatially targeted
approach that accounts for both how regional geosocial media topics
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of interest change over time and the impact of local political ideology on their
epidemiological early warning capabilities.

KEYWORDS

spatio-temporal semantic analysis, spatio-temporal epidemiology, geo-social media,
political polarization, epidemiological early warning

1 Introduction

COVID-19 was declared a pandemic on March 12th, 2020,
by the World Health Organization (WHO). The disease posed a
significant societal threat due to its high contagiousness and severe
impact on those infected (1). However, reliably predicting the
impact of COVID-19 waves was a major challenge for policymakers
and health experts worldwide (2). Political tensions, particularly
in the US, further complicated the situation by politicizing and
polarizing public responses to the pandemic (3-7). In response,
researchers sought to integrate diverse digital data sources, such
as geo-social media data, to improve COVID-19 modeling and
develop early warning systems that better captured the disease’s
transmission dynamics (8-10).

Geo-social media data, referring to microblogs on social
networks with explicit geo-references, offers a valuable tool for local
event detection (11, 12). Therefore, many studies have explored
the potential of geo-social media data for enhancing early warning
systems during the COVID-19 pandemic (13). For instance, Kogan
etal. (10) used geo-social media data at the US state level to predict
COVID-19 cases early in the pandemic, while Stolerman et al. (9)
showcased its value on US county-level.

The strength of social media data, however, lies in its ability
to provide semantic insights into public sentiment (14), behavioral
trends (15), or reactions to societal events (16). Thus, researchers
have used geo-social media data to analyze various aspects of the
COVID-19 pandemic, including public sentiment (17), attitudes
toward health measures (18), and general trends and topics of
discussion (19, 20). In this regard, Hussain et al. found that geo-
social media data closely aligned with nationwide surveys in the
US and UK (18). Techniques commonly employed for analyzing
this semantic dimension include keyword filtering (9, 21, 22)
unsupervised statistical methods like Latent Dirichlet Allocation
(LDA) (17, 19), and machine learning models like Bidirectional
Encoder Representations from Transformers (BERT) (18, 20, 23).
In this study, however, we rely on traditional keyword filtering to
identify topics related to local COVID-19 infection rates. While
the integration of semantic modeling to assess the early warning
potential of various geo-social media topics constitutes a key
innovation of our analysis, the keyword filtering itself is not the
central contribution of this research. We further discuss possible
advantages and shortcomings of this methodological choice in our
limitations section.

Abbreviations: API, Application Programming Interface; LDA, Latent Dirichlet

Allocation.
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Research also indicates that topics of interest can vary
depending on the political leaning of a geo-social media user
(24-26). Political leaning can also influence attitudes toward
pharmaceutical (27) and non-pharmaceutical interventions, such
as mask-wearing (4), social distancing, or personal COVID-
19 risk perceptions (28). Accordingly, Kaashoek et al. suggest
that political differences may even manifest in varying mortality
rates across regions (29). These findings emphasize the need for
epidemiological early warning models to consider local political
leaning. Supporting this, Arifi et al. found strong variation in
the early warning capabilities of geo-social media data across
different political clusters and COVID-19 waves (22). This study
extends their analysis by examining how the early warning
capabilities of different geo-social media topics related to COVID-
19 changed across US states and over time in the context of
political leaning.

In summary, while numerous studies have analyzed the
semantic content of geo-social media data in the context of
COVID-19, the role of regional political beliefs and related social
media topics, as well as how they shape the effectiveness of early
warning models over time, has not yet been fully explored. This
study seeks to address this gap by evaluating the spatio-temporal
dynamics of geo-social media topics as early warning indicators
across regions with differing political leanings. Therefore, we
address the following research questions:

1. Which emerging spatial patterns can be observed in the
early warning capabilities of different geo-social media topics
over time?

2. To what degree do the early warning capabilities of geo-social
media topics depend on the timeframe in which they are
discussed or the political leaning of a given state?

2 Data and methods

2.1 Study area and timeframe

The spatial unit of analysis of our study is US state-level, while
we specifically focused on the contiguous US to ensure sufficient
data availability and facilitate a more meaningful analysis of spatial
patterns, avoiding potential biases due to unconnected regions.
Furthermore, we chose an analysis timeframe which covers the
most prominent COVID-19 waves and periods, with and without
vaccine accessibility. In particular, our analysis spans from the
beginning of the COVID-19 pandemic in the US (February 28,
2020) to the end of the first major Omicron wave (April 27,
2022) (30).
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2.2 Data

2.2.1 COVID-19 case data

The official daily COVID-19 cases data, employed in this
study, was acquired from the not-for-profit public data aggregator
USAFacts (31). We transformed their cumulative data into daily
incidence data and subsequently applied a 14-day moving average
to account for possible reporting delays and differing update cycles
across states.

2.2.2 Geo-social media data

We collected 727 million geo-social media posts from the
X (formerly Twitter) REST and Streaming API (Application
Programming Interface) access points. Using the X Rest API we
were able to collect posts in a 7 day sliding window, while the
Streaming API access point allowed us to capture a continuous
real-time data flow. We specifically filtered only for posts including
a geo-location, which can be given by a polygon (e.g., city, state)
or a point location depicted by a longitude-latitude pair. In either
case, the geolocation can be manually set by the user or reflect the
actual location of the device where the post was sent from. For
the subsequent analysis steps, we only utilized geo-social media
posts which had geometries completely within a US state, which
left us with about 420 million posts. In addition, prior studies have
shown that a substantial proportion of geo-tagged posts on X may
originate from cross-posting on other platforms (>97%), such as
Instagram or Foursquare (32), suggesting that the data used in
our analysis may reflect user behavior across multiple social media
platforms. Please note that the API access has been restricted by X
and comparable data can no longer be collected through academic
access. Future data collection efforts of a similar kind will need a
commercial agreement with X.

Furthermore, we filtered the geo-social media posts using
predefined keyword sets to identify topics relevant to COVID-
19. These included eight specific topics, focusing on virus-
related discussions (Virus and Symptoms), health authority
positions (Health Officials), non-pharmaceutical interventions
(Testing, Preventive Measures, Quarantine), and pharmaceutical
interventions (Vaccination). A COVID-19 Baseline topic was added
to provide a comparison of the early warning capabilities between
a broader geo-social media topic and more specific subtopics. The
keywords used to define these topics were primarily derived from
prior research on COVID-19-related geo-social media content.
Specifically, the topics Virus, Symptoms, Testing, Health Officials,
Preventive Measures, and Quarantine were largely informed by
the work of Chandrasekaran et al. and Xue et al., both of whom
applied LDA (Latent Dirichlet Allocation) (33) to identify core
themes in COVID-19-related geo-social media posts (19, 34).
While their unsupervised topic modeling approaches often resulted
in overlapping keywords across topics, we aimed to minimize
such overlap by carefully selecting distinct keyword sets and
excluding ambiguous terms not directly related to COVID-19. In
addition, given the extensive focus in the literature on vaccine-
related discussions in geo-social media (27, 34), we included
a dedicated vaccination topic into our analysis. Lastly, medical
experts contributed to the expansion of our keyword list to better
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TABLE 1 Keywords used for relevant Tweet extraction.

Topics Keywords

Virus COVID, corona, sarscov, sars-cov, epidemic, pandemic,
influenza, virus, viral, infect, 2019-ncov, Delta variant,
Omicron, HIN1, H3N2, Wuhan, transmission, super

spread, incubation

fever, cough, shortness of breath, sore throat, headache,
fatigue, body aches, loss of taste, loss of smell, no smell,
no taste, nasal congestion, runny nose, respirator,
symptom

Symptoms

Testing PCR, antigen, rapid, test

Vaccination vaccin, booster, Pfizer, Moderna, AstraZeneca, Johnson
& Johnson, Cominarty, Janssen, mrna, vax, Biontech,

jab

Preventive measures | mask, face covering, FFP2, N95, KN95, KF94, stay safe,

flatten the curve, handwashing, wash your hands

Quarantine quarantine, lockdown, social distancing, stay-at-home,
isolat, social distance, keep distance
Health officials health expert, Fauci, world health organization, CDC,

centers for disease control, virologist, immunologist,
supportive care, hospital, ventilat, clinic, intensive care
unit, FDA

COVID-19 baseline All the above keywords were used for this topic.

The keyword filtering was performed using lowercase keywords only, however, for reasons of
readability names and hashtags are written with capital letters.

capture disease-specific terminology and symptoms. Table 1 shows
the exact keywords used for each topic.

Overall, we found about 24.8 million geo-social media posts
including at least one keyword related to COVID-19, while posts
could contain several different keywords at once. We aggregated
daily geo-social media posts by state and topic and normalized
by the total number of posts per state on each day. In addition,
we applied a 14-day rolling average to smooth out outliers. The
subsequent analyses used these topic-specific ratios.

2.2.3 US state-level political clusters

We classified US states as republican, democrat, or swing states
based on the MIT county-level voting data for the 2020 election
(35), which we aggregated to the state level. However, identifying
swing states is a complex and not undisputed task in political
science. Some authors rely on definitions from news agencies
(36), which may be biased (37), while others use thoroughly
defined criteria like bellwether status and competitiveness, which
are in nature somewhat qualitative making them difficult to
use (38).

In this study, we sought to identify which geo-social media
topics resonated most across regions with different political beliefs.
Accordingly, we defined swing states as those where both parties
exert a balanced influence, that is, where the difference between the
republican and democrat vote share is <10%, which is also in line
with established political science conventions (38). Figure 1 shows
a map of the resulting political clusters. Note, the source of all maps
depicted in this study is © OpenStreetMap contributors © CARTO
and the projections are Web Mercator (EPSG: 3857).
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FIGURE 1

US state based political clusters. Please find a table with state abbreviations and the corresponding full state names in Table 3 in the

Supplementary Appendix.

2.3 Methods

2.3.1 Defining epidemiological waves

To assess the early warning capabilities of geo-social media
topics over time, we divided the US COVID-19 case time series
into six epidemiological waves. In general, various methods exist
to define such waves, using metrics like the effective reproduction
number (29, 39), exponential growth models (10, 40), or data-
driven thresholds (41). However, they all rely on subjective criteria
to define an epidemiological wave. Thus, following the approach
of Ayala et al. (41) and Arifi et al. (22), we used a data-driven
approach, defining waves by splitting the 21-day moving average
of US COVID-19 cases at their local minima (22, 41). Although
this initially resulted in seven timeframes, we omitted the original
third local minimum (January 2021) to avoid splitting the larger
third wave (approximately ranging from October 2020 to April
2021) into separate phases. This left us with six distinct timeframes,
which are together with additional information illustrated in
Figure 2 (42, 43).

2.3.2 Assessing early warning capabilities of
geo-social media topics

We assessed the ability of geo-social media topics to provide
early warning signals for COVID-19 cases within a 7 to 42 day
window. This time window was based on prior results by Stolerman
et al. (9), who found signals in digital traces anticipating COVID-
19 cases up-to 6 weeks in advance (9). In detail, for each US
state, we shifted the geo-social media time series forward by 7
to 42 days and computed Chatterjee’s rank correlation with the
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COVID-19 case time series for each shift. This process was repeated
for each topic across all epidemiological waves, with the topic
achieving the highest correlation, at any shift, considered to have
the strongest early warning capability. This is because Chatterjee’s
rank correlation quantifies the dependence between two sets of
variables. Put differently, a high correlation value indicates that
one set of values may be functionally related to and thus can be
predictive of the other, suggesting a higher early warning capability.
We disregarded correlations with Bonferroni-corrected p-values >
0.05 to account for multiple hypothesis.

3 Results

3.1 State-level spatial autocorrelation of
geo-social media topics’ early warning
capabilities

Figure 3 illustrates the Chatterjee’s rank correlation for each
geo-social media topic to the COVID-19 cases across states and
the emerging spatial patterns during timeframe 2. The eight
different colors reflect the different topics. A global Moran’s I
analysis confirmed the significant positive spatial autocorrelations
in the second timeframe for the COVID-19 Baseline, Vaccination,
and Quarantine topic. Furthermore, the results clearly indicate
that certain topics achieved higher correlations in specific spatial
regimes. Notably, the Vaccination topic showed the highest
correlations in the northern central states, while the Quarantine
topic peaked in nearly opposite states in the southeast and west.
A similar, albeit weaker, spatial opposition between these topics

frontiersin.org
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FIGURE 2

Timeframes capturing different waves of COVID-19 cases based on local minima.

was observed during the presidential election in timeframe 3.
Furthermore, the topics exhibiting positive spatial autocorrelation
varied over the course of the pandemic and the corresponding
maps for different timeframes can be found in Figures 6-10 in the
Supplementary Appendix.

Figure 4 resents Anselin’s Local Moran’s I for each topic during
timeframe 2, using a queen contiguity spatial weights matrix.
Consistent with the patterns shown in Figure 3, we observed a
significant high-high cluster (hot spot) for the Vaccination topic
in the mid-northern states, and a low-low cluster (cold spot) in
the southwestern states. In contrast, the Quarantine topic reveals
a significant hot spot in the southwestern region and a cold
spot in the state of Minnesota. Additional maps depicting the
local spatial autocorrelation for other topics are provided in the
Supplementary Appendix (Figures 11-15).

3.2 Interaction effects of geo-social media
topics with timeframe and political cluster

We utilized a linear mixed-effects model to assess the influence
of the fixed effects Topic, Timeframe, and Political_Cluster on
the Correlation between geo-social media posts and COVID-19
cases. Additionally, we introduced Timeframe as a random effect
to control for variability in Correlation baselines across different
timeframes. We introduced interaction effects between the variable
Topic and Timeframe as well as between Topic and Political_Cluster.
These interaction effects allowed to specifically test, whether the
correlations between certain geo-social media topics and COVID-
19 case varied depending on the political leaning of a state or
the timeframe in which a topic was discussed. Note, we did not
include an additional interaction effect between a state’s political
leaning and the time frame, as prior tests indicated that its
coefficient was neither significant nor improved the model fit. To
mitigate potential multicollinearity arising from keyword overlap
between topic categories, we excluded the COVID-19 Baseline
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topic from the analysis. Although geo-social media posts can still
be associated with multiple topic categories, diagnostic checks
using Variance Inflation Factors (VIFs) indicated only moderate
multicollinearity (VIFs < 10) for topic coeflicients. While these
levels of multicollinearity may still inflate standard errors, we deem
them acceptable given the semantic complexity of social media data
and the persistent significance of many topic coefficients. Further,
to reduce heteroscedasticity in the models’ residuals we disregarded
samples exhibiting zero correlation. The model is depicted in
Equation 1 and Equation 2.

Correlation = By + B (Timeframe X Topic)
+8 (Political_Cluster X Topic) + UTimeframe (1)

Where UTimeframe™ N (0’ Ulzﬁmeframe) @

Table 2 shows the coeflicients of the model in Equation 1. The
results suggest that the geo-social media topics Virus, Quarantine,
Preventive Measures achieved significantly higher influence on
the correlation between geo-social media data and COVID-
19 cases, compared to the Health Officials topics (reference
category for Topic), while the Testing topic had a significantly
lower influence. In addition, we found a significant negative
interaction effect between the geo-social media topic Quarantine
and Political_Cluster, indicating that the Quarantine topic is less
effective for early warning in republican states than in democrat
states (reference category for Political_Cluster), relative to the
Health Officials topic (reference category for Topic). Beyond that,
we also found significant interaction effects between the Virus,
Vaccination, Quarantine, and Preventive Measures topics with
the Timeframe variable, respectively. While the early warning
capability of the Preventive Measures and the Quarantine topic
declined over time, both the Virus and Vaccination topic showed
an increasing trend over time. Furthermore, we employed a 10-
fold cross-validation approach to assess the model’s fit and found
no significant differences across the MSE (mean: 0.6043), RMSE
(mean: 0.7771), or MAE (mean: 0.6244) across all folds. The
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FIGURE 3

Chatterjee’s rank correlation for each geo-social media topic for mainland US states in timeframe 2. Please find a table with state abbreviations and
the corresponding full state names in Table 3 in the Supplementary Appendix.

dependent variable was log-transformed to meet the normality
assumptions of the residuals and ranged from —2.271 to 3.225.
Furthermore, Figure 5 shows the corresponding distributions
of Chatterjee’s rank correlation between each geo-social media topic
and COVID-19 cases time series, averaged over all states within the

specified political cluster and for each timeframe.

Frontiersin Public Health

4 Discussion

4.1 Principal results

Our
highlighting the value of geo-social media data as an early

findings validate and expand previous research
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FIGURE 4

Local spatial autocorrelation over Chatterjee’s rank correlation for each geo-social media topic for mainland US states in timeframe 2. Please find a
table with state abbreviations and the corresponding full state names in Table 3 in the Supplementary Appendix

warning tool for COVID-19 cases (9, 10, 20, 22, 44). We provide
new insights into how the early warning capabilities of different
geo-social media topics evolved across states, political beliefs, and
over time. In detail, our results suggest that selecting geo-social
media topics based on a dynamic spatially targeted approach,
which accounts for different political ideologies and therewith

Frontiersin Public Health

warning in advance.

associated differences in topics of interest, can improve the
performance of future geo-social media-based early warning
systems. However, it is important to highlight that our findings
do not yet offer a straightforward approach to identifying the
most promising geo-social media topic for epidemiological early
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TABLE 2 Coefficients of the linear mixed-effects model depicted in Equations 1, 2.

10.3389/fpubh.2025.1618347

Variable Coefficient Std. error P-value
Intercept 0.530 0.378 0.160
Topic: Preventive_Measures 0.483 0.122 0.000%**
Topic: Quarantine 0.734 0.122 0.000***
Topic: Symptoms 0.102 0.122 0.402
Topic: Testing —0.439 0.122 0.000***
Topic: Vaccination —0.067 0.122 0.582
Topic: Virus 0.505 0.122 0.000"**
Political_Cluster: Republican 0.055 0.090 0.539
Political_Cluster: Swing 0.041 0.097 0.671
Topic: Preventive_Measures x Political_Cluster: Republican 0.054 0.127 0.673
Topic: Quarantine x Political_Cluster: Republican —0.243 0.127 0.055*
Topic: Symptoms x Political_Cluster: Republican —0.115 0.127 0.367
Topic: Testing x Political_Cluster: Republican —0.019 0.127 0.882
Topic: Vaccination x Political_Cluster: Republican 0.018 0.127 0.886
Topic: Virus x Political_Cluster: Republican —0.040 0.127 0.753
Topic: Preventive_Measures x Political_Cluster: Swing 0.004 0.137 0.977
Topic: Quarantine x Political_Cluster: Swing —0.031 0.137 0.819
Topic: Symptoms x Political_Cluster: Swing —0.084 0.137 0.538
Topic: Testing x Political_Cluster: Swing 0.102 0.137 0.456
Topic: Vaccination x Political_Cluster: Swing 0.027 0.137 0.845
Topic: Virus x Political_Cluster: Swing 0.024 0.137 0.861
Timeframe —0.122 0.123 0.324
Topic: Preventive_Measures x Timeframe —0.085 0.031 0.007***
Topic: Quarantine x Timeframe —0.065 0.031 0.037**
Topic: Symptoms x Timeframe 0.038 0.031 0.226
Topic: Testing x Timeframe 0.050 0.031 0.112
Topic: Vaccination x Timeframe 0.201 0.031 0.000%*
Topic: Virus x Timeframe 0.087 0.031 0.005*
Group Variable 0.258 0.283

x interaction effect between variable x and y.
p < 0.01; % p < 0.05; *p < 0.1.

Spatial analysis revealed that the correlations of some geo-
social media topics with COVID-19 cases appeared to be spatially
clustered, while certain topics performed best in different and
sometimes even opposing spatial regimes. This suggests that
underlying spatial characteristics such as demographic, socio-
economic, or political factors might have shaped the online
discourse that reflects regional COVID-19 trends. In this regard,
Jiang et al. (6) specifically point to the fact that the vast majority
of hashtags related to the COVID-19 pandemic in the US
were concerned with major political events or political leaders.
This suggests that infection-related geo-social media discussions
reflecting surges in COVID-19 cases, were most likely amplified by
partisan political agendas. Accordingly, we found direct significant
evidence that the early warning capability of geo-social media
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topics can depend on the political leaning of a state. Specifically,
the early warning capability of the highly polarized Quarantine
topic (28), was found to be weaker in republican compared to
democrat states. This is also in line with the results by Arifi et al.
(22), who found differences in the early waning capabilities for one
broad geo-social media baseline topic across county-level political
clusters. Our results expand on these findings by demonstrating
that future epidemiological early warning systems can benefit from
accounting for diverse regional geo-social media topics, particularly
those reflecting the prevailing political leaning of a state.
Furthermore, we observed a significant decrease in the early
warning capabilities of the geo-social media topic Preventive
Measures and Quarantine over the course of the pandemic, whereas
the topics Vaccination and Virus increased in effectiveness. This
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could indicate that the public interest in preventive measures
like masks and hand washing to combat rising infections as well
as quarantine measures, decreased over time and might have
been overtaken by the emerging topics concerned with new virus
variants and the increasingly polarized discourse surrounding the
introduction of vaccines as a means to contain the virus (5, 7).
These findings are also somewhat in line with results by Arifi et al.
(22), who found a decreasing number of COVID-19 related posts
over the course of the pandemic which they suggested might be
caused by some kind of pandemic and/or social media fatigue
that might have reduced online engagement with COVID-19. In
contrast, our results, suggest that their observed decrease in posts,
might reflect a shift in public interest, with attention moving from a
static baseline topic with limited keywords toward emerging and at
times polarizing new topics. This further emphasizes the need for
a spatially targeted approach that can account for newly emerging
local topics of discussion related to COVID-19 infections. However,
it remains the task of future research to explore such approaches
and to further examine how polarization of a topic might influence
its epidemiological early warning capabilities.

4.2 Limitations

Chatterjee’s rank correlation can identify whether a relationship
between geo-social media posts and COVID-19 cases exists,
however, it does not reveal their exact functional nature. Thus,
it remains the task of future research to identify these functional
relationships to build accurate prediction models. However, our
study focused on assessing how different geo-social media topics
impact epidemiological early warning, in the context of political
leaning. The significant differences across observed across states,
timeframes and topics underscore the spatial nature of this early
warning capability, though further research is needed to confirm
whether these patterns persist in more advanced prediction models.

We opted for a keyword filtering approach for the semantic
analysis in parts due to the size of our dataset (>500 GB)
and the high storage and computing resources machine learning
methods would have demanded. In addition, we tested algorithms
like for instance BERTopic (45) or LDA (33) on our data and
different data subsets. However, these experiments yielded poor
topic coherence, low precision, or failed due to resource constraints,
even on GPU enabled compute clusters. In contrast, keyword
filtering allowed for more precise topic definitions, while reducing
topic overlap issues commonly observable in machine learning
approaches (27). Moreover, our focus was not on advancing
NLP techniques for large datasets but rather on examining
the relationship between political leaning and geo-social media
posts concerned with different discussion for epidemiological
early warning, which keyword filtering effectively enabled.
Nevertheless, future advances in machine learning may allow
more sophisticated semantic analysis solutions, suitable for real-
time application.

In addition, we acknowledge that our selected keywords may
not fully capture all topics that were relevant throughout the
pandemic. However, in defining the eight topics, we aimed to strike

Frontiersin Public Health

10.3389/fpubh.2025.1618347

a balance between thematic relevance and analytical clarity. We
deliberately excluded keywords that were difficult to assign to a
specific topic [e.g., “panic buying” (19)] or a which were a priori
highly politicized or predominantly used by one party [e.g., “small
businesses, China” (24)]. This approach aimed to minimize bias
in our comparison across states with different political leanings,
ensuring that differences in early warning capability were not
merely artifacts of topic polarization. Nevertheless, our findings
still revealed significant differences in topic early warning capability
across states with different political leaning, underscoring how
deeply political dynamics shape regional public discourse and as
a result the early warning capability of geo-social media data.
Nevertheless, we recognize that future research could explore
additional topics to further substantiate our findings.

Another limitation stems from the fact that our dataset only
contains social media posts with an explicit geolocation. While
this is vital for our analysis, studies suggest that only 0.85% of all
posts on X included a geolocation (46) which introduces possible
representation biases. Therefore, future work could utilize methods
to infer geographic locations from the textual content of social
media posts (e.g., named locations) without an explicit geolocation,
as for instance introduced by Serere et al. (32), which may enhance
spatial coverage and representativeness of the utilized data.

Further, our definition of timeframes is not without its
difficulties and can influence the observed results. Specifically,
state-specific factors such as holidays, lockdowns, and infection
patterns exhibit differences across states, which inevitably influence
the early warning capabilities of different geo-social media topics.
Nevertheless, defining analysis timeframes based on the aggregate
of COVID-19 cases over all states ensured comparability across
states. Clearly future epidemiological analyses will not have
the privilege of relying on timeframes defined on retrospective
knowledge and will need to substantiate our findings in different
infectious real-time early warning settings.

We also acknowledge that our results are most likely driven
by underlying socio-economic conditions which constitute political
beliefs. We tried to identify possible alternative explanatory
variables instead of political beliefs to further understand the
underlying driving factors for the differences in early warning
capability across regions. Specifically, we included education level
(share of college graduates) and population density, which are
commonly associated with voting behavior (47, 48), as well as
vaccination rates, which we used as a proxy for adherence to
public health measures. While we did not observe significant
coeflicients for education and population density, we did observe
a negative significant coefficient for vaccination rate as well as
positive significant interaction effects between vaccination rate
and the Virus, Preventive Measures, Quarantine, Testing and
Vaccination topics (see Supplementary Appendix Table 4 for more
details). Hence, it appears that the early warning potential of these
topics improved in states where vaccination rates were rising.
However, the precise dynamics driving the observed effects could
not be conclusively determined within the scope of this study.
Nonetheless, gaining insight into the underlying mechanisms
behind the variation in early warning performance of different
topics across politically distinct regions would significantly enhance
future epidemiological models.

frontiersin.org


https://doi.org/10.3389/fpubh.2025.1618347
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Arifi et al.

Lastly, this research explores the early warning capabilities
of different geo-social media topics discussed on the platform X
during the COVID-19 pandemic in the US, which might not be
directly transferable to future epidemiological crises across different
geographies. Also changes in executive company structure (49)
or recommendation algorithm design (50) of geo-social media
companies might lead to differing levels of polarization in future
crises. In this regard, our research highlights how the early warning
capabilities of different geo-social media topics can indeed depend
on geographies, political beliefs and timeframe. Nevertheless, it
remains a task of future research to assess to what degree the
here presented results hold true for upcoming health crises, across
different geographies and social media environments.
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