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This study investigates early COVID-19 communication strategies and content of four public health 
and four news media organizations across Australia, China, the UK, and the US on X (formerly Twitter) 
and their public engagement. 15,711 COVID-19-related tweets from the selected accounts posted 
from January 1 to May 19, 2020, were collected using a web crawler. Public engagement was measured 
through replies, retweets, and likes. The tweets were grouped into 37 clusters using unsupervised 
learning and analyzed thematically based on the top 30 tweets per cluster. Descriptive statistics 
quantified the tweets and their engagement, and a chi-square test compared differences between the 
two organization types across topics. Six topics were identified: “policies, methods, and action”, “case 
updates”, “opinions and responses”, “medical research and treatment information”, “impacts and 
consequences”, and “health instructions and suggestions”, with five communication phases: inception, 
awareness, panic, spreading, and cohabitation. Analysis revealed that more hashtags and longer 
texts were associated with lower engagement, except for tweets on “medical research and treatment 
information” and “health instructions and suggestions”. Our study indicated that fewer hashtags and 
concise language might improve public engagement, while detailed content with more hashtags was 
effective for specific health instructions. Overall, tweets about treatment progress and health guidance 
received the most engagement.
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The COVID-19 pandemic has dramatically affected global health, the economy, and social life1–3. Effective 
communication of accurate, timely information is critical to guiding public behavior, controlling virus 
transmission, and alleviating panic4. The success of crisis response strategies and public security depends on the 
ability of governing bodies and communities to communicate information5,6.

Public health and news media organizations play key roles in crisis communication. Public health 
organizations serve as professional opinion leaders, providing accurate information to the public, developing 
response strategies, and countering misinformation through fact-checking7. Meanwhile, news media 
organizations relay this to the broader public, updating them on developments and promoting safety measures8,9. 
This collaboration, underpinned by the “two-step flow of communication” theory10, keeps the public informed 
on virus transmission, prevention, and vaccines, supporting informed decisions and public safety11.

Social media platforms, such as X (formerly Twitter), TikTok, and Instagram have become key sources of 
information during crises12, enabling health professionals and other enterprises to serve as influential “health 
pedagogues” to guide the public in navigating content amidst “digital misinformation”13. These platforms 
accelerate communication, provide immediate public feedback, and reveal societal sentiments and informational 
needs14, informing communication strategies to address public concerns, adapt to cultural and linguistic 

1Centre for Digital Transformation, School of Computing and Information Technology, Faculty of Engineering and 
Information Sciences, University of Wollongong, Wollongong 2522, Australia. 2Communication and Media, School 
of the Arts, English and Media, Faculty of Law, Humanities and the Arts, University of Wollongong, Wollongong 
2500, Australia. 3School of Economics and Management, Chongqing University of Posts and Telecommunications, 
Chongqing 400065, China. email: ping@uow.edu.au

OPEN

Scientific Reports |        (2025) 15:18082 1| https://doi.org/10.1038/s41598-025-90759-w

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-90759-w&domain=pdf&date_stamp=2025-5-24


contexts, and communicate complex information effectively15–17. However, they also pose challenges due to the 
rapid spread of misinformation, making monitoring essential18.

Existing research on COVID-19 communication has mainly focused on public perceptions of social 
media19–23 and the spread of fake news24,25. Among studies in the complementary fields of communication, 
journalism, and news media, researchers have conceptualized the circulation of disinformation by investigating 
how, when, and why active social media users engage with fake news24, as well as how they observe, experience, 
and conduct “social corrections” in the face of dysfunctional sharing25. Meanwhile, experts’ use of platforms such 
as X, demonstrates how peer-to-peer communication bridges extended content and social networking functions 
inclusive of general society26. Despite various strategies by public health and news media organizations, gaps 
remain in comprehending their impact on public response, the roles these organizations play and how these 
roles change over time.

Moreover, most empirical studies on pandemic-related social media posts are either cross-sectional27–30 
or region-specific27,30–33. Although research has explored the effects of strategies such as hashtag use and text 
length (i.e., the word count of a tweet) on public engagement34,35, little is known about how these strategies 
perform across varied content. This study addresses these gaps by analyzing how public health and news media 
organizations communicated COVID-19 information on X during the early pandemic (January 1 to May 19, 
2020) and the public engagement with these tweets, focusing on the following research questions:

RQ1. What topics did public health and news media organizations tweet about during the early COVID-19 
pandemic and how did the public engage?

RQ2. How did these topics and public engagement change over time?
RQ3. Did the number of tweets and public engagement vary across topics based on communication strategies 

(such as tweet length and hashtag use)?

Theoretical framework
Agenda-setting theory
Agenda-setting theory critically explains social media’s role in shaping public attention and perception36,37. It 
suggests that media coverage, by emphasizing certain themes, directs public focus toward specific issues38. Social 
media portrayals of the outbreak, including recovery narratives, varied regionally, significantly impacting public 
trust and decision-making through their portrayal of facts and guidance39. This highlights their crucial role in 
framing public understanding of health risks and preventive measures. During this period, public health and 
news media organizations played a key role in conveying policy messages, not only by alerting the public and 
constructing the epidemic agenda but also by guiding public opinion and spreading knowledge40,41. However, 
the scientific accuracy and potential exaggeration in reporting affected public trust42. Therefore, analyzing social 
media topics is critical to understanding crisis communication content and identifying public concerns and 
misinformation, enabling real-time adjustments in communication strategies.

Situational crisis communication theory
Situational crisis communication theory offers guidance on effective crisis communication, emphasizing the 
need to prioritize public safety through two main approaches: providing clear instructions on how to protect 
against physical harm, and addressing psychological well-being43,44. This includes disseminating safety measures 
and offering mental health support to help individuals cope with the crisis45. Accurate, timely information is 
also crucial to prevent misinformation and panic. This theory is essential for evaluating the effectiveness of early 
COVID-19 communications, as it helps identify the crisis type, assess threat levels, and recommend strategies 
to manage public perceptions and rebuild trust. By applying this framework, researchers can determine whether 
initial messaging addressed public concerns, matched the crisis severity, and guided behavior effectively, 
providing insights to refine communication strategies for future health crises.

Use and gratification theory
Use and gratification theory suggests that people consume media to fulfill needs such as information gathering, 
social interaction, and self-expression. Social media offers an advantage over traditional media by enabling 
community-building and active user engagement46. Shao identifies three ways people use media to meet diverse 
needs47. First, they passively consume content for information or mood management (e.g., reading news or 
watching movies to relax). Second, they interact with content and users to enhance social connections, such as 
replying, retweeting, and liking on X to engage with virtual communities. Third, they create content for self-
expression, sharing posts or comments to convey their opinions.

Social media’s interactive features—replies, reposts, and likes—shape how the public engages with health 
and news content19,21,48. Replies allow users to respond and start conversations49. Reposts (retweets) extend the 
original post’s reach, fostering long-term advocacy49,50. Likes serve as quick endorsements, showing appreciation 
for content51. Although these engagement types often overlap, each form can exhibit unique patterns based on 
differing levels of information use and satisfaction48,52.

Crisis life cycle theory
Crisis life cycle theory outlines communication and response patterns across different crisis stages53,54. Coombs 
identifies three phases: pre-crisis (prevention and preparation), crisis (response), and post-crisis (learning and 
revision)53. Each phase requires tailored communication strategies to minimize impact on the organization and 
its stakeholders. Understanding these shifts is crucial for analyzing how information and public engagement 
evolve, particularly during a pandemic.

This study integrates four theoretical frameworks to analyze COVID-19 communications by public health 
and news media organizations on X. Agenda-setting theory explains how these organizations highlight 
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certain issues to shape public opinion. Situational crisis communication theory explores how they manage 
messaging to maintain credibility. Uses and gratifications theory sheds light on why the public engages with 
these communications, suggesting people seek information that meets their informational and social needs. 
Finally, crisis life cycle theory contextualizes these interactions, showing how communication strategies adapt 
throughout different crisis stages.

Materials and methods
Ethics consideration
This study did not involve human participants or the use of personal user data. All data were sourced from 
publicly available tweets on official X accounts. As a result, ethical approval from an Institutional Ethics 
Committee was not required.

Data sources
Four countries were included in this study: Australia, China, the UK, and the US. This selection was based on 
their distinct roles in the COVID-19 pandemic and their distinct public health system, diverse sociopolitical 
contexts, and varied roles during the early stages of the COVID-19 pandemic. Our primary objective was to 
provide a representative range of crisis communication approaches, which builds on the diverse geopolitical 
insights from previous studies21,55–58. Australia was selected because of its strong public health system and its 
commendable COVID-19 response. Moreover, a significant portion of our research team is based in Australia, 
allowing direct insight into its public health strategies and communication practices. China was included due to 
its unique position as the first country to report COVID-19, shedding light on initial outbreak communication. 
Although X has only limited presence in China, we sought to explore how crisis messaging emerged at the 
pandemic’s point of origin. The UK and the US were also selected because these public health agencies were 
known to have reach and influence beyond their respective countries. Specifically, the UK’s public health system 
closely mirrors that of Australia. This similarity facilitates a comparative analysis of public health communication 
strategies between these countries. One member of our research team (H.Y.) was based in the US at the onset 
of the pandemic, enabling timely data collection and first observations of American responses to public health 
directives. While X use may not be archetypal to the general population59, these four countries represent key 
markets for the exchange of medical and health-related communication via major social media platforms60.

After identifying the countries, we initially searched for the public health organizations in each. Both China 
and the US have dedicated Centers for Disease Control (CDC), whereas the UK and Australia do not have 
specific CDCs; instead, their roles are filled by the UK National Health Service (NHS) and the Australian 
Government Department of Health and Aged Care (DHAC), respectively. The X accounts were found on their 
official websites. The news media in each country were specifically selected for their substantial influence and 
popularity, given their established reputation offline and significant followings outside the world of social media. 
Their selection was based on the size of the country and the relatively large population of active users on X, 
ensuring that they truly represent the national discourse. Finally, four accounts comprised highly active public 
health organizations in each of these four countries—the Australian DHAC; the Chinese CDC; the UK NHS; 
and the US CDC, which are among the leading science-based, policy-driven institutions in large countries 
seeking to safeguard public health. The other four accounts encompassed preeminent news media organizations 
in each of these four countries: The Australian; China Daily; British Broadcasting Corporation; and Cable News 
Network (Table 1).

Web crawler technology and X API were used to collect data from the eight identified X accounts. The API 
allowed us to retrieve the following types of data for each tweet: (1) original tweet text, (2) post date, (3) public 
engagement metrics (i.e., replies, retweets, and likes), and (4) the hashtags used61. API queries were authenticated 
and parameterized to ensure precise retrieval of data over 21 weeks, from January 1 to May 19, 2020, based on 
account-specific identifiers.

To ensure statistical reliability in detecting significant differences across two groups (public health 
organizations vs. news media organizations), we calculated the required sample size based on a large effect 

Organization type Organization name Country X account Followers No. of tweets No. of replies No. of retweets No. of likes

Public health organizations

aAustralian DHAC Australia @healthgovau 135,000 408 3424 8378 12,177
bChinese CDC China @ChinaCDCWeekly 316 30 5 44 39
cUK NHS UK @NHSEngland 512,000 287 6093 67,168 169,457
dUS CDC US @CDCgov 5,127,000 424 48,704 311,712 525,093

News media organizations

The Australian Australia @australian 802,000 1109 13,941 22,164 40,442

China Daily China @ChinaDaily 4,226,000 6219 56,053 194,684 552,298
eBBC UK @BBCWorld 37,554,000 1456 133,716 448,659 1,125,889
fCNN US @CNN 59,116,000 5778 739,760 1,457,674 4,393,314

Table 1.  The data sources—four public health organizations and four news media organizations. aAustralian 
DHAC: Australian Government Department of Health and Aged Care; bChinese CDC: Chinese Center for 
Disease Control and Prevention; cUK NHS: United Kingdom National Health Service; dUS CDC: US Centers 
for Disease Control and Prevention; eBBC: The British Broadcasting Corporation; fCNN: The Cable News 
Network.

 

Scientific Reports |        (2025) 15:18082 3| https://doi.org/10.1038/s41598-025-90759-w

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


size (Cohen’s d = 0.5), achieving 95% power at a 0.05 significance level63. This analysis indicated a need for a 
minimum of 105 tweets per group, totaling 210 tweets for the study.

Finally, to explicitly address the potential confounding impact, our data collection was concluded before 
the resurgence of the Black Lives Matter movement, significantly propelled by the killing of George Floyd64. 
This decision was made to clearly define the study period and avoid the substantial shifts in public opinion 
and behavior that such an event could cause. The study period of 21 weeks provided an adequate dataset while 
ensuring manageability in data processing and analysis.

Using unsupervised machine learning to cluster the “topics” of tweets
This study utilized multiple software tools and libraries throughout the analysis:

•	 R (RStudio Team, 2016): Libraries tm, NLP, and plyr were used for text mining and preprocessing tasks62.
•	 Python: Employed for advanced analytics, including word embedding (using GloVe), binary code conversion, 

convolutional neural network modeling, and clustering with K-means.
•	 Excel: Used for qualitative content analysis and categorization of machine-identified clusters.
•	 IBM SPSS (version 26): Used for statistical analysis, including chi-square tests and Spearman correlation 

analysis.

Data pre-processing
Using the R programming language, the data was filtered by the keywords “coronavirus disease 2019”, 
“COVID-19”, “coronavirus”, “Corona”, “COVID”, “2019-nCoV acute respiratory disease”, “novel coronavirus 
pneumonia”, “novel pathogenic severe pneumonia”, “Wuhan acute respiratory syndrome (WARS)” and “SARS-
CoV-2”, then punctuation, numeric digits, split words (‘s, ‘t, ‘ve), whitespace, stop words and duplications were 
removed65.

Hashtags were not pre-selected but were directly extracted from the original tweet text during the text 
preprocessing stage. This ensured that all hashtags naturally included by the organizations were analyzed without 
additional filtering or selection criteria, maintaining the authenticity and representativeness of the dataset.

Unsupervised machine learning to cluster the tweets
After data preprocessing, tweets were embedded into 200-dimensional numerical vectors, representing semantic 
features of words in a multi-dimensional space, using a pre-trained GloVe model66. The average word embedding 
was applied to reduce the dimensionality of the data to compact binary codes67,68. These vectors were converted 
to binary codes in the Python program, which were then processed by a convolutional neural network (CNN) 
to extract deep feature representations69. The CNN used layers of convolutional filters to detect patterns or local 
features in the text data70. In the context of tweets, which were limited in length, CNN focused on extracting 
significant features from these short texts, such as key phrases, hashtags, and other linguistic patterns71. These 
features provided a deep understanding of the text’s content, sentiment, or thematic elements, despite the brevity 
of the text.

Afterward, an unsupervised K-means clustering was applied to group tweets into clusters based on their 
semantic features72,73. This initial selection of K = 6 was based on an exploratory approach, starting with a 
manageable number of clusters and then incrementally increasing it to find the optimal number72. The K-means 
algorithm minimizes the squared error between samples and centroids. It defines the sum of squared distances 
between each sample and its cluster centroids as the ‘distortion’ value73. This distortion tends to decrease as the 
number of clusters increases. However, for data that exhibits a certain level of distinctness, there is a significant 
improvement in the degree of distortion when it reaches a specific threshold. This threshold can be likened to an 
‘elbow’ inflection point, signifying a point of optimal clustering performance. This led to the identification of 37 
clusters, informed by the finding that optimal clustering occurred at K = 37.

To measure the performance of the clustering method, 300 tweets were randomly selected for manual 
annotation and classification to produce the golden standard as the reference74. This manual clustering was 
then compared to the machine-identified clusters. Key metrics calculated included accuracy and F-score. The 
evaluation used true positives (TP, tweets correctly identified by both the algorithm and manual classification), 
false positives (FP, tweets identified by the algorithm but not by manual classification), and true negatives (TN, 
tweets neither identified by the algorithm nor manual classification) and false negatives (FN, tweets missed by 
the algorithm but identified manually).

	
Accuracy = TP + TN

TP + TN + FP + FN
× 100%

	
F Score = 2 × TP

2 × TP + FP + FN
× 100%

Inductive qualitative content analysis to further refine and condense the clusters
As the number of clusters derived from unsupervised machine learning was too large to allow a clear human 
perception of the key topics presented, we applied an inductive, qualitative content analysis method to further 
group the content into topics. We used a Microsoft Excel spreadsheet for data organization, cluster aggregation, 
and qualitative coding support75. The top 30 tweets were selected in each cluster, totaling 1100 tweets across 37 
clusters, were identified based on their cosine similarity scores to the respective cluster centroid76. The cosine 
similarity score was used to determine the semantic alignment of tweets with their respective cluster centroids. 
Higher scores indicate stronger semantic alignment.
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Three researchers independently coded all 1100 selected tweets by examining each tweet verbatim to 
determine its core meaning and latent themes77,78. Clusters with similar meanings were compared, aggregated, 
and grouped into an overarching category. Any discrepancies were resolved through consensus-building 
discussions, arbitrated by the fourth researcher. After establishing representative categories, all tweets in each 
cluster were reassigned to these categories to ensure consistent classification.

Statistical analyses
The unit of analysis was a tweet. First, we counted the number of tweets posted by public health and news media 
organizations on each topic and the number of replies, retweets, and likes attracted per tweet, then converted 
all these to a proportion of the total of the six topics. The comparison between the two types of organizations 
was facilitated by categorizing the pandemic into distinct communication phases, informed by analyzing trends, 
amplitudes, and inflection points of the four key indicators. Each phase was named based on combining the 
trend in the number of tweets and public engagement, with relevant events identified from the tweet content.

Second, a chi-square test was conducted to examine whether there were differences between the two types 
of organizations in the number of tweets and the number of replies, retweets, and likes per tweet. Third, a 
nonparametric Spearman correlation analysis was conducted to determine the correlation between the three 
variables of public engagement, “reply”, “retweet”, and “like”, and the two variables of communication strategy: 
the number of hashtags and length of a tweet. All statistical analyses were conducted using IBM SPSS (version 
26)79–81. Statistical significance was determined by P < .0.05.

Results
Public health organizations posted fewer tweets (1149) than news media organizations (14,562). On average, 
public health organizations received fewer replies but more retweets and likes per tweet (51 replies, 337 retweets, 
and 615 likes/tweet) compared with news media organizations (65 replies, 146 retweets, and 420 likes/tweet).

The machine-learning algorithm categorized 15,711 tweets into 37 clusters, achieving 75% accuracy and a 
0.76 F1 score, indicating good and acceptable performance based on the previous research standards82.

Tweet topics
The 37 clusters were manually grouped into six topics: (A) policies, methods, and action, (B) case updates, (C) 
opinions and responses, (D) medical research and treatment information, (E) impacts and consequences, and 
(F) health instructions and suggestions. Table 2 provides descriptions and examples. Table 3 shows tweet counts 
and the number of replies, retweets, and likes per tweet.

	a.	 (A) Policies, methods and action. This topic included organizational measures to curb virus spread, such 
as density restrictions, altered supermarket hours, service guarantees, travel bans, and hospital procedure 
changes. It also covered economic support policies like a $1 billion boost for the US Department of Veter-
ans Affairs, payroll tax relief in Victoria, and initiatives to boost car sales in China. Actions by individuals 
or organizations to combat COVID-19, such as Ruth May’s call for retired nurses to return, Justin Bieber’s 
support video for Wuhan, and safety measures by retailers like Walmart, were also included. This was the 
most-tweeted topic, with 4231 tweets (26.9%).

	b.	 (B) Case updates. This topic focused on real-time reports and statistics on COVID-19 outbreaks, transmis-
sions, case numbers, and death tolls by region. It included notable events such as the Ruby Princess cruise 

Topic Description Examples Exemplary tweets

A. Policies, 
methods and 
action

Policies and methods to prevent the spread of the 
virus and to stimulate or sustain the economy
Actions by individuals or organizations to combat 
COVID-19

Density restrictions, changes in supermarket 
hours, hospital procedures, travel bans, 
funding boosts, payroll tax relief measures, 
Ruth May calling for nurse support, Justin 
Bieber cheering for China

New Zealand’s strict new travel ban kicks in, throwing 
Australian sport into turmoil, as Trump blocks 
travellers from the UK | Live updates #coronavirus 
#auspol

B. Case updates
Real-time reporting and updating of statistics on 
COVID-19 cases and the status of infection spread, 
and death toll

Ruby Princess cruise ship incident, Prince 
Charles testing positive

#Latest: #Italy?? total #coronavirus cases close to 
15,000, death toll at 1266

C. Opinions and 
response

Opinions and responses from politicians, health 
experts, influencers, and the general public, and 
related activities and events

Discussions about social distancing ethics, 
criticism of President Trump’s COVID-19 
treatment, and New Jersey’s social distancing 
measures

Former NFL player Dr. Myron Rolle on facing the 
influx of coronavirus cases at Massachusetts General 
Hospital. “I don’t think we all anticipated or prepared 
for the number of patients coming in.”

D. Medical 
research and 
treatment 
information

News about and research progress in virology, 
pathology, infectious agents, modes of transmission, 
medications, vaccines, treatment techniques, and 
standards

Statements on COVID-19 vs. SARS, study 
on virus transmission, chloroquine and 
hydroxychloroquine as potential cures

Smoking, drinking and general poor health are some 
of the factors that could explain why more men 
seem to be dying from coronavirus than women, 
researchers say

E. Impacts and 
consequences

Health, economic, and social impact of COVID-19, 
including casualties, economic collapse, and impact 
on social events

Forced closures, conversion to online 
education and work, impact on the Tokyo 
Olympics

All Mormon temples worldwide are closing due to the 
coronavirus pandemic. The Church of Jesus Christ of 
Latter-day Saints, informally known as the Mormon 
Church, announced the closures in a statement

F. Health 
instructions and 
suggestions

Advice to prevent the spread of the virus, answers 
to FAQs, and website links and apps for accessing 
relevant information

Advice on masks, social distancing, staying at 
home, and hand washing

New guidance to reduce the spread of coronavirus in 
long-term care facilities like nursing homes includes: 
- Screening staff, residents and patients for symptoms 
- Separating infected patients and residents from 
uninfected ones - Wearing face masks

Table 2.  The description and examples of the six topics.
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ship outbreak in Australia and Prince Charles testing positive in the UK. This topic was covered by 3,647 
tweets (23.2%).

	c.	 (C) Opinions and responses. This topic captured reactions and viewpoints from politicians, health experts, 
influencers, and the public on COVID-19 and related events. Examples include debates on reducing social 
distancing in the US, criticism of President Trump’s suggested treatments, and New Jersey’s social distancing 
measures. This topic was covered by 3242 tweets (20.6%) and received the highest average engagement with 
121 replies and 551 likes per tweet.

	d.	 (D) Medical research and treatment information. This topic mainly included news and research on virology, 
pathology, transmission methods, medications, vaccines, and treatment standards. Examples include chal-
lenges in preventing COVID-19 compared to SARS, studies on transmission through prolonged contact, 
and claims about chloroquine and hydroxychloroquine as treatments. This topic was covered by 1819 tweets 
(11.6%).

	e.	 (E) Impacts and consequences. This topic reported the health, economic, and social impact of COVID-19. It 
included COVID-19 casualties, economic downturns, business bankruptcies, school and workplace closures, 
and shifts to online education and work. It also covered major event disruptions like the postponement of 
the Tokyo Olympics, closures of California’s Universal Studios and LA Zoo, and the cancellation of BTS’s 
Seoul tour. This topic was covered by 1638 tweets (10.4%) and received the lowest engagement (24 replies, 74 
retweets, and 213 likes/tweet).

	f.	 (F) Health instructions and suggestions. This topic provided guidance on preventing virus spread, including 
mask-wearing, social distancing, staying home, and hand hygiene. It also addressed frequently asked ques-
tions, shared expert advice, and provided links to relevant resources. An example tweet: “Are facemasks use-
ful? Where can I get the latest travel advice? Can I get coronavirus from food? Watch this video for answers.” 
Despite being the least-tweeted topic (n = 1,34, 7.2%), it received the highest average retweets (221 retweets/
tweet).

A comparison of number of tweets and public engagement between public health and news 
media organizations on various topics
A significant difference was found in the number of tweets the two types of organizations posted on each of the 
six topics (Fig. 1). Public health organizations tweeted the most about “health instructions and suggestions” 
(n = 604, 52.6% of their total), while news media tweeted the fewest on this topic (n = 530, 3.6% of their total). 
Public health organizations tweeted least on “impacts and consequences” (n = 31, 2.7% of their total), while news 
media tweeted most about “policies, methods, and action” (n = 4102, 28.2% of their total).

Public engagement varied significantly between the two organization types across all six topics. Overall, 
“likes” were the most common response, followed by “retweets” and then “replies” (Fig. 2). Tweets on “medical 
research and treatment information” attracted the most retweets (public health: 533 retweets/tweet vs. news 
media: 179 retweets/tweet) and received the most replies and likes from public health organizations’ tweets (72 
replies/tweet, 980 likes/tweet). For news media organizations, “opinions and responses” had the highest replies 
and likes (123 replies/tweet, 553 likes/tweet). “Impacts and consequences” received the lowest engagement for 
both types of organizations (public health: 31 replies/tweet, 182 retweets/tweet, 317 likes/tweet; news media: 24 
replies/tweet, 72 retweets/tweet, 211 likes/tweet).

Communication phases
Five communication phases were identified by the trend, amplitude, and inflection point of the number of 
tweets, replies, retweets, and likes (I) inception phase, (II) awareness phase, (III) panic phase, (IV) spreading 
phase, and (V) cohabitation phase (Fig. 3).

Phase I: inception phase (Jan 1–21, 2020)
Started with the WHO’s first COVID-19 announcement (Jan 5) and ended after China confirmed human-to-
human transmission (Jan 21). Tweets focused on identifying the virus and its potential threat. For example, 
a tweet posted by China Daily claimed, “An expert team found a new coronavirus on Tuesday at a lab after 
analyzing samples collected from the cases”, illustrating the early efforts to comprehend the emerging health 
crisis, marking this period the “inception phase”. Despite the fewest tweets posted per week (24 tweets/week) 
during this period, these tweets sparked an intense response from the public, attracting the highest average 
weekly replies and retweets (16 replies/tweet/week, 62 retweets/tweet/week). The public’s strong interest reflected 
the urgency to share early information.

Topic No. of tweets (%) No. of replies/tweet (%) No. of retweets/tweet (%) No. of likes/tweet (%)

A. Policies, methods and action 4231 (26.9) 441 (11.4) 120 (12.1) 345 (13.5)

B. Case updates 3647 (23.2) 64 (17.9) 180 (18.2) 486 (19)

C. Opinions and response 3242 (20.6) 121 (33.8) 178 (18) 551 (21.6)

D. Medical research and treatment information 1819 (11.6) 56 (15.5) 217 (21.9) 527 (20.6)

E. Impacts and consequences 1638 (10.4) 24 (6.8) 74 (7.5) 213 (8.3)

F. Health instructions and suggestions 1134 (7.2) 52 (14.6) 221 (22.3) 433 (17)

Table 3.  Number of tweets posted and replies, retweets and likes per tweet across six topics.
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Phase II: awareness phase (Jan 22–Feb 4, 2020)
The pandemic spread globally, with initial cases in Singapore (January 23), France (January 24), and Australia 
(January 25). Quarantine in Wuhan and US flight suspensions drove a surge in tweets (789/week), receiving 
the highest average likes (106 likes/tweet). This phase reflected a high level of public engagement of the virus 
crossing borders signifying the onset of the so-called “awareness phase”.

Fig. 2.  Comparison of replies, retweets and likes per tweet on each topic by organization type.

 

Fig. 1.  Comparison of the percentage of tweets on each topic by organization type. Superscripts ‘a’ and ‘b’ 
indicate statistically significant differences between the two organization types in the percentage of tweets 
within each content category, based on a chi-square test (p < .005)..
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Phase III: panic phase (Feb 5–18, 2020)
Global deaths reached 1,000, and WHO named the virus COVID-19. Despite rising cases, tweets dropped to 280/
week, and public engagement was low (7 replies/tweet/week). Such a brief period of stagnation was termed the 
“panic phase”, characterized by global panic and the severe disruption to everyday life caused by the pandemic. 
For example, the Australian tweeted “Rumours of toilet paper food shortages send Hong Kong residents into 
coronavirus panic buying frenzy”.

Phase IV: spreading phase (Feb 19–Mar 31, 2020)
After confirming more than 118,000 cases and 4,291 deaths in 114 countries, WHO declared COVID-19 a 
pandemic, pushing tweet activity to its peak (1,086/week), known as the “spreading phase”. Discussions covered 
virus mutations, vaccine research, and health recommendations, but engagement was lower (71 likes/tweet/
week), indicating information overload amidst the crisis.

Phase V: cohabitation phase (Apr 1–May 21, 2020)
The number of tweets declined (998/week), and retweets hit their lowest (24/tweet/week). With fewer “hot 
topics,” public engagement waned as people adjusted to living with the virus, marking the normalization of the 
pandemic. Consequently, this period has been called the “cohabitation phase”.

A comparison of number of tweets and public engagement between the two types of 
organizations in different phases
News media organizations consistently posted more tweets than public health organizations across all five 
phases. In the inception phase, news media organizations posted 5.5 times more tweets, peaking at 24 times in 
the awareness phase, and then gradually declining to 19.7, 14.4, and 10.2 times in the panic, spreading, and co-
habitant phases, respectively.

In terms of public engagement, news media organizations attracted 2.1, 1.1, and 2 times more replies per 
tweet than public health organizations in the inception, awareness, and cohabitation phases, respectively. 
However, during the panic and spreading phases, news media organizations received only 23.3% and 84.5% of 
the replies per tweet compared to public health organizations. News media organizations consistently attracted 
fewer retweets per tweet than public health organizations across all phases, ranging from 65.4 to 57.2% of the 
retweets per tweet that public health organizations received. Similarly, news media organizations attracted more 
likes per tweet in the inception (1.04 times) and awareness (1.4 times) phases, but fewer likes in the panic 
(47.3%), spreading (55.9%), and cohabitation (83.6%) phases.

Significant differences were found between the two organization types in the number of tweets, retweets, and 
likes per tweet across all five phases, and the number of replies per tweet in the inception, panic, and spreading 
phases (Table 4). The chi-square tests confirmed these differences with p-values < 0.05 for all highlighted metrics.

Fig. 3.  Changes in the number of tweets and the public engagement they attracted over time.
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A comparison of number of tweets and public engagement between two organization types 
on various topics across five pandemic phases
During the inception phase, public health organizations posted 11 tweets over three weeks (Table  5). Three 
tweets on “case updates” were from the Chinese CDC (n = 2) and the Australian DHAC (n = 1), attracting 
minimal engagement (1 reply, 2 retweets, and 4 likes per tweet). The remaining eight tweets were from the US 
CDC, covering “health instructions and suggestions” (n = 3), “policies, methods and action” (n = 3), “impacts 
and consequences” (n = 1) and “medical research and treatment information” (n = 1). The tweets on “policies, 
methods and action” attracted the most retweets and likes (575 retweets and 516 likes/tweet), and the tweets on 
“impacts and consequences” attracted the most replies (54 replies/tweet). In contrast, news media organizations 
posted 60 tweets in this period, dominated by “case updates” (n = 30). Only two tweets each were on “health 
instructions and suggestions” (The Australian: n = 1; China Daily: n = 1) and “policies, methods and action” 
(China Daily: n = 1; CNN: n = 1). The 14 tweets on “medical research and treatment information” attracted the 
highest engagement (109 replies, 342 retweets, and 419 likes/tweet), whereas the seven tweets on “opinions and 
responses” saw the lowest (3 replies, 10 retweets, and 35 likes/tweet).

In the awareness phase, public health organizations increased the number of tweets, posting 63 tweets in 2 
weeks. The most frequent topic was “health instructions and suggestions” (n = 22), with 17 from the Australian 
DHAC, four from the UK NHS and one from the Chinese CDC. The fewest tweets were on “opinions and 
responses” (n = 3), all from the US CDC, which attracted the highest engagement (68 replies, 477 retweets, and 
563 likes/tweet). The 153 tweets on “impacts and consequences” attracted the lowest engagement (11 replies, 
443 retweets, and 102 likes/tweet). In contrast, the four tweets on “impacts and consequences” (Chinese CDC: 
n = 2, Australian DHAC: n = 2) attracted the lowest engagement (5 replies, 16 retweets, and 13 likes/tweet). News 
media organizations also increased their activity, posting 1,515 tweets. Their most common topic was “policies, 
methods, and action” (n = 483), while “health instructions and suggestions” (n = 32) were the least posted. Tweets 
on “case updates” (n = 419) attracted the most engagement (35 replies, 145 retweets, and 270 likes/tweet).

In the panic phase, public health organizations posted 27 tweets over 2 weeks, a decrease from the previous 
phase. “Health instructions and suggestions” remained the most frequent topic (n = 10), with contributions from 
the Australian DHAC (n = 5), UK NHS (n = 3), and Chinese CDC (n = 2). These tweets attracted the highest 
average replies (103 replies/tweet). The single tweet on “impacts and consequences” from the Australian DHAC 
attracted the fewest average replies (2 replies/tweet). The three tweets on “medical research and treatment 
information” from the US CDC (n = 2) and the Chinese CDC (n = 1) attracted the highest average retweets 
(425 retweets/tweet). The three tweets on “policies, methods and action” from the US CDC (n = 2) and the 
UK NHS (n = 1) attracted the highest average likes (634 likes/tweet). Conversely, the three on “opinions and 
responses” from the Australian DHAC (n = 2) and the Chinese CDC (n = 1) saw the lowest average retweets and 
likes (7 retweets and 4 likes/tweet). Similarly, news media organizations reduced their posts to 532 tweets during 
this period. The most common topic was “policies, methods, and action” (155 tweets), which also received the 
highest average retweets (81 retweets/tweet) and likes (219 likes/tweet). Tweets on “case updates” (n = 131) had 
the highest average replies (19 replies/tweet). In contrast, “impacts and consequences” (78 tweets) saw the lowest 
engagement (5 replies, 15 retweets, and 48 likes/tweet).

In the spreading phase, public health organizations increased their posts with 423 tweets over seven weeks. 
“Health instructions and suggestions” dominated with 220 tweets, while “impacts and consequences” had the 
fewest (n = 13). The 83 tweets on “medical research and treatment information” received the highest engagement 
(120 replies, 860 retweets, 1,525 likes/tweet), whereas the 30 tweets on “case updates” saw the lowest (47 replies, 
199 retweets, and 326 likes/tweet). News media organizations also saw a sharp rise, posting 6093 tweets. The 
most common topic was “policies, methods, and action” (n = 1807), while “health instructions and suggestions” 
remained the least covered (n = 244). “Case updates” attracted the most average retweets (189 retweets/tweet), 
while “opinions and responses” attracted the most average replies and likes (112 replies and 536 likes/tweet). 
In contrast, “impacts and consequences” (n = 746) saw the lowest engagement (23 replies, 91 retweets, and 240 
likes/tweet).

In the cohabitation phase, public health organizations posted 631 tweets over seven weeks, with 349 on 
“health instructions and suggestions”. However, the 74 tweets on “case updates” attracted the highest engagement 
(64 replies, 385 retweets, and 1244 likes/tweet). In contrast, the 12 tweets on “impacts and consequences” 

Phase

No. of tweets No. of replies/tweet No. of retweets/tweet No. of likes/tweet

PHO NMO PHO NMO PHO NMO PHO NMO

I. Inception phase 11 (1%)a 60 (0.4%)b 24 (11.8%)a 51 (22.4%)b 262 (19.2%)a 172 (26.8%)b 258 (12.6%)a 267 (17.4%)b

II. Awareness phase 63 (5.5%)a 1515 (10.4%)b 20 (9.8%)a 22 (9.6%)a 148 (10.9%)a 103 (16.1%)b 157 (7.7%)a 213 (13.9%)b

III. Panic phase 27 (2.3%)a 532 (3.6%)b 50 (24.5%)a 12 (5.3%)b 213 (15.6%)a 57 (8.9%)b 304 (14.8%)a 144 (9.4%)b

IV. Spreading phase 423 (36.6%)a 6093 (41.6%)b 67 (32.8%)a 56 (24.6%)a 461 (33.8%)a 149 (23.2%)b 725 (35.3%)a 405 (26.4%)b

V. Cohabitation phase 631 (54.6%)a 6435 (44%)b 43 (21.1%)a 87 (38.2%)b 279 (20.5%)a 160 (25.0%)b 607 (29.6%)a 508 (33.1%)b

Overall 1149 (100%) 14,562 (100%) 204 (100%) 229 (100%) 1364 (100%) 641 (100%) 2050 (100%) 1537 (100%)

Table 4.  Number of tweets and replies, retweets and likes per tweet by two organization types across five 
pandemic phases. PHO public health organizations, NMO news media organizations; Superscripts ‘a’ and ‘b’ 
indicate statistically significant differences (p <0.05) between the two organization types for the respective 
metric within a phase.
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(Australian DHAC: n = 8, UK NHS: n = 3, US CDC: n = 1) had the lowest engagement (22 replies, 81 retweets, 
and 160 likes/tweet). News media organizations posted 6435 tweets, still dominated by “policies, methods and 
action” (n = 1655), while “health instructions and suggestions” remained the least covered (n = 237). The 687 
tweets on “medical research and treatment information” attracted the most average retweets (207 retweets/
tweet), while the 1604 tweets on “opinions and responses” attracted the most average replies and likes (150 
replies and 640 likes/tweet). “Impacts and consequences” (n = 626) continued to receive the lowest engagement 
(31 replies, 65 retweets, and 224 likes/tweet).

Differences in public engagement by topic uzing different communication strategies
Use of hashtags.
The correlation between the number of hashtags and public engagement varied for public health and news 
media organizations (Table 6). For news media organizations, a significant negative correlation was observed 
between hashtag usage and replies, retweets, and likes across all topics (all P < .0.01). In contrast, for public 
health organizations, the same negative correlation appeared only in the “case updates” topic (P < 0.01 for replies, 
retweets, and likes). Significant positive correlations were found for public health organizations between hashtag 
use and engagement in “health instructions and suggestions” and “policies, methods, and action” (P < .01 for 
replies, retweets, and likes), as well as for retweets and likes in “medical research and treatment information” 
(P < 0.01).

Phase Topic

No. of tweets
No. of 
replies/tweet

No. of 
retweets/
tweet

No. of likes/
tweet

PHO NMO PHO NMO PHO NMO PHO NMO

I. Inception phase

A 3 2 48 39 575 85 516 158

B 3 30 1 41 2 163 4 289

C 0* 7 0* 3 0* 10 0* 35

D 1 14 16 109 210 342 232 419

E 1 5 54 31 131 72 144 171

F 3 2 16 32 272 14 301 35

II. Awareness phase

A 7 483 22 14 163 87 172 195

B 12 419 12 35 94 145 112 270

C 3 205 68 22 477 80 563 175

D 15 224 43 26 317 121 330 260

E 4 152 5 11 16 43 13 102

F 22 32 5 17 37 88 29 187

III. Panic phase

A 3 155 33 8 204 81 634 219

B 7 131 6 19 56 80 99 174

C 3 77 3 12 7 22 4 68

D 3 76 53 13 425 49 458 120

E 1 78 2 5 17 15 10 48

F 10 15 103 13 343 38 421 102

IV. Spreading phase

A 55 1807 60 38 379 116 579 321

B 30 1379 47 54 199 189 326 461

C 22 1286 58 112 508 171 633 536

D 83 631 120 38 860 181 1525 465

E 13 746 48 23 344 91 593 240

F 220 244 53 63 368 153 530 360

V. Cohabitation phase

A 61 1655 42 54 235 123 461 415

B 74 1562 64 86 385 183 1244 568

C 35 1604 40 150 259 198 426 640

D 94 678 36 82 285 207 627 591

E 12 626 22 31 81 65 160 224

F 349 237 42 66 272 122 526 380

Table 5.  Number of tweets and public engagement between two organization types on various topics across 
five pandemic phases. PHO public health organizations, NMO news media organizations. (A) Policies, 
methods and action; (B) Case updates; (C) Opinions and response; (D) Medical research and treatment 
information; (E) Impacts and consequences; (F) Health instructions and suggestions. *Excluded from the 
comparative analysis due to the number 0
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Length of the tweet
The correlation between tweet length and public engagement varied between public health and news media 
organizations (Table 7). For public health organizations, tweet length showed significant positive correlations 
with replies, retweets, and likes in “medical research and treatment information,” “health instructions and 
suggestions” (all P < 0.01), and “opinions and responses” (P < 0.05 for replies and likes; P < 0.01 for retweets). 
In contrast, for news media organizations, positive correlations were found only for “health instructions and 
suggestions” (P < 0.01 for replies) and “opinions and responses” (P < 0.01 for replies, retweets, and likes).

No significant correlation was observed for public health tweets in “case updates,” “impacts and consequences,” 
or “policies, methods, and action”. However, tweets from news media organizations showed significant negative 
correlations between tweet length and replies, retweets, and likes in “impacts and consequences” and “policies, 
methods, and action” (all P < 0.01), as well as for retweets and likes in “case updates” (P < 0.01).

Discussion
Principal results
This study analyzed 15,711 tweets from four public health organizations and four news media organizations 
across four countries and the public engagement during the early COVID-19 pandemic (January 1–May 19, 
2020). These tweets were first divided into 37 clusters using unsupervised machine learning and then grouped 
into six main categories using qualitative content analysis: (A) policies, methods, and action, (B) case updates, 
(C) opinions and responses, (D) medical research and treatment information, (E) impacts and consequences, and 
(F) health instructions and suggestions. Analysis of trends, amplitudes, and inflection points in the number of 
tweets, replies, retweets, and likes identified five communication phases: inception, awareness, panic, spreading, 
and co-habitation.

The results showed public health organizations tweeted most about “health instructions and suggestions” and 
least about “impacts and consequences”, while news media tweeted most on “policies, methods, and action” and 
least on “health instructions and suggestions”. In terms of public engagement, “likes” were the highest, followed 
by “retweets” and then “replies”. The least engaging topic for both types of organizations was “impacts and 
consequences”, while “medical research and treatment information” attracted the most retweets. For replies and 
likes, public health organizations saw the most engagement with “medical research and treatment information”, 
while news media saw the highest engagement with “opinions and responses”.

For different communication strategies, the more hashtags used, the less the public engaged in replies, retweets, 
and likes. Longer tweets received fewer retweets overall but did not affect replies or likes. Post hoc analysis on 
each topic found the longer the tweet length, the more retweets and likes attracted on “medical research and 
treatment information” and more replies, retweets, and likes on “health instructions and suggestions”.

Comparison with prior work
Although existing literature examined information communication on social media during public health crises, 
most of these studies focused on public sentiment toward a single type of information13,23,27,29,35,83–85. This study 
used computational-aided qualitative content analysis to cluster tweet content more comprehensively and fine-

Topic

No. of replies No. of retweets No. of likes

PHO NMO PHO PHO NMO PHO

Length of the tweet

A. Policies, methods and action 0.167 − 0.062** 0.102 − 0.106** 0.129 − 0.111**

B. Case updates − 0.03 -0.016 0.011 − 0.057** 0.065 − 0.060**

C. Opinions and response 0.320* 0.066** 0.335** 0.057** 0.317* 0.059**

D. Medical research and treatment information 0.205** 0.026 0.197** 0.012 0.196** 0.022

E. Impacts and consequences − 0.066 − 0.145** 0.117 − 0.103** 0.051 − 0.090**

F. Health instructions and suggestions 0.224** 0.117** 0.297** -0.004 0.327** 0.037

Table 7.  Correlation between the length of tweets and public engagement by topic. * P < 0.05, ** P < 0.01, PHO 
public health organisations, NMO news media organisations.

 

Topic

No. of replies No. of retweets No. of likes

PHO NMO PHO NMO PHO NMO

Number of hashtags

A. Policies, methods and action 0.303** − 0.612** 0.357** − 0.539** 0.448** − 0.575**

B. Case updates − 0.429** − 0.660** − 0.381** − 0.656** − 0.251** − 0.629**

C. Opinions and response -0.023 − 0.618** 0.072 − 0.651** 0.121 − 0.629**

D. Medical research and treatment information 0.030 − 0.626** 0.151* − 0.595** 0.197** − 0.564**

E. Impacts and consequences 0.183 − 0.566** 0.271 − 0.528** 0.267 − 0.491**

F. Health instructions and suggestions 0.344** − 0.469** 0.429** − 0.485** 0.458** − 0.463**

Table 6.  Correlation between number of hashtags used and public engagement by topic. ** P < 0.01,,PHO 
public health organisations, NMO news media organisations.
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grained into six topics. This approach improved data processing efficiency and accuracy, reducing manual error 
and enhancing result interpretation86. The findings provide valuable insights for enhancing communication, 
public relations, and community engagement strategies in public health and news media organizations.

Whether the different organizations perform their traditional roles in the COVID-19 context 
and over time?
Our findings align with previous studies20,23,85, showing that social media serves as a valuable tool for monitoring 
public health and news media activities and public engagement during health crises. Consistent with agenda-
setting theory, the distinct thematic focuses suggest each organization set a unique public agenda36,39. Specifically, 
public health organizations posted fewer tweets, mainly on “health instructions and suggestions”, while news 
media organizations shared more tweets focused on “policies, methods, and action”.

Although news media organizations focused heavily on “policies, methods, and action,” public engagement 
with these posts was relatively low. This may be because, during a health crisis, news media use social media 
to relay policy updates specific to local situations, targeting organizations rather than engaging individuals6,87. 
Conversely, “opinions and reactions” received higher engagement, likely because they invite personal relevance 
and interaction, resonating emotionally with the audience88,89. The highest engagement was seen in “medical 
research and treatment information,” aligning with the uses and gratifications theory52. It suggested that during 
crises, people seek content that addresses their immediate needs and concerns.

 Notably, the tweets from public health organizations gained significantly more engagement (replies, retweets, 
and likes) compared to those from news media organizations. This trend can likely be attributed to the nature 
of the content. According to situational crisis communication theory, this reflects varying public perceptions 
and trust levels, highlighting the need for tailored communication strategies22,44,90. Public health tweets are 
often based on expert assessments, adding credibility and reliability, which may explain fewer tweets but higher 
engagement. The public’s active responses suggest they view this information as critical, indicating greater trust 
in these organizations during the pandemic91. These present an opportunity for more in-depth exploration in 
future research.

From a dynamic perspective, public health organizations initially concentrated on communicating 
information related to “policies, methods and action”, “medical research and treatment information” and “health 
instructions and suggestions”, reinforcing their role as authoritative sources of guidance. In contrast, news media 
prioritized “case updates”, reflecting their critical role in rapidly communicating the evolving situation of the 
pandemic.

As the pandemic progressed through the awareness and panic phases, both public health and news media 
organizations significantly increased their tweets across all themes, reflecting efforts to meet the growing public 
demand for timely, comprehensive information. Notably, news media organizations expanded beyond “case 
updates” to include more “medical research and treatment information” and “policies, methods, and action”, 
showcasing a shift towards providing in-depth analysis and critical perspectives on the pandemic’s unfolding 
events. During the spreading and cohabitation phases, the continued focus on these themes underscored both 
organizations’ dedication to public education and scientific guidance. This pattern suggests that news media may 
have broadened the information landscape through diverse topic coverage, potentially enabling opinion leaders 
to shape discourse, as described by the two-step flow of communication theory10. However, further research is 
needed to examine how these dynamics unfold on social media during public health crises.

How could public health and news media organizations more effectively communicate with 
the public during crises?
Our findings suggest tailored strategies for both organization types. Public health organizations should increase 
hashtag use for content related to “policies, methods, and action”, “medical research and treatment information”, 
and “health instructions and suggestions” while reducing hashtags for “case updates” to increase engagement. 
For news media, minimizing hashtags across all categories is recommended. Engagement patterns indicate that 
concise tweets work best for factual information, while longer, detailed tweets are more effective for advisory 
content. This approach can enhance public relations and community building during future crises. Interestingly, 
these results differ from Weibo studies, where longer posts attracted more engagement22,92, possibly due to 
cultural differences. Weibo’s user base is predominantly Chinese, while X is popular in Western contexts93. 
Future research could explore cultural variations in responses to social media strategies, such as hashtag use.

The evolving social media landscape has critical implications for public health crisis communication. Our 
findings, aligned with crisis life cycle theory, highlight how communication needs and strategies shift at different 
crisis stages, underscoring the need for adaptable approaches54. In today’s rapidly changing social media 
environment, public health and news media organizations must refine their strategies—using more targeted, 
concise language and strategic hashtag use to boost engagement and clarity. As platforms like X continue to 
evolve, especially post-COVID-19, their role in crisis communication grows more complex94,95. Organizations 
must remain agile, continuously analyzing and adjusting to how audiences consume and react to information.

Limitations
This study has several limitations. First, we did not formally calculate inter-observer reliability for the qualitative 
content analysis. Instead, we adhered to a collaborative, consensus-driven approach in which multiple researchers 
jointly developed and iteratively refined the coding framework. Although this methodology, combined with 
advanced clustering techniques, helped to mitigate observer bias and expedite theme detection, the absence of a 
reliability statistic may limit replicability. Second, our focus on the early stages of the COVID-19 outbreak limited 
insights into the entire pandemic. While this choice provided a manageable dataset and captured initial shifts 
in public engagement, it may not reflect later shifts in public attitudes. Third, the limited presence of X in China 
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may result in an underrepresentation of tweets from that country. However, because this platform constraint 
presumably impacts both public health and news media accounts equally, the influence on comparative findings 
is likely minimal. Fourth, this study focuses on four countries with distinct public health systems and global 
influence during the COVID-19 pandemic. While this selection allows for meaningful comparative analysis, 
we acknowledge its limitations in generalizability. Similarly, the limited number of accounts included was 
chosen to facilitate depth of analysis but may not encapsulate the full range of communication strategies used 
across diverse context. Future research should consider a broader set of countries to capture varied cultural and 
regulatory environments and to enhance the external validity of the findings. Fifth, reliance on hashtags and 
tweet length alone may not fully explain communication effects; therefore, future studies might incorporate 
additional message features (e.g., visuals, external links) or more nuanced analyses (e.g. sentiment). Six, due to 
the brief nature of tweets, machine learning algorithms struggled to accurately cluster short texts, potentially 
overlooking contextual subtleties. Lastly, using a limited number of X accounts further restricted the scope 
of findings. Future research could expand to diverse platforms (e.g., TikTok, Instagram) or include qualitative 
interviews to examine communicative strategies in diverse regional and cultural settings. Such expansions, both 
in timeframe and geographic coverage, would offer more comprehensive insights on evolving global public 
health communication and community engagement.

Conclusions
During the early COVID-19 pandemic, public health and news media organizations communicated six main 
topics: policies, methods, and action, case updates, opinions and responses, medical research and treatment 
information, impacts and consequences, and health instructions and suggestions. Public health organizations 
have maintained their leadership in policy development, medical research, and public health guidance, and the 
news media has played a key role in increasing public awareness and supporting medical research through case 
updates and real-time information dissemination. Overall, public engagement was higher with public health 
organizations. To enhance outreach, the use of concise language and fewer hashtags is recommended for factual 
posts and detailed content with more hashtags for advisory posts. This study offers insights for enhancing social 
media communication and public engagement during crises.

Data availability
The data supporting the findings of this study have been provided as requested.
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