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A B S T R A C T   

This study delves into the intricate dynamics of agenda-setting between Twitter and elite news media concerning 
COVID-19 vaccines. A comprehensive dataset comprising 501,531 US-based, English-language tweets and 7,282 
news headlines extracted from The New York Times and The Washington Post was collected from January 1, 
2020, to April 30, 2021. To uncover the temporal evolution of content topics, Latent Dirichlet Allocation (LDA) 
was employed alongside sentiment analysis to gage corresponding valence levels. Granger causality tests were 
then conducted on the time series of topic sizes and valence scores from tweets and news headlines to explore the 
intermedia agenda-setting effects. The LDA analysis identified 13 topics, with Twitter discourse predominantly 
focusing on the top five ranked topics, while news headlines exhibited a more even distribution across all topics. 
The Granger causality tests revealed tweets-to-news Granger causality for four topics, news-to-tweets Granger 
causality for four topics, and mutual influence for the remaining five topics. Consequently, the directions of the 
agenda-setting effects varied depending on the specific discussions’ topics. The findings indicated that elite news 
media wielded greater influence over socially impactful aspects of COVID-19 vaccination, while Twitter 
exhibited an agenda largely independent of elite news media, centering on highly personal facets of COVID-19 
vaccination. Furthermore, the transfer of salience in topics was more pronounced compared to valence.   

Introduction 

The discussion surrounding the safety and effectiveness of vaccines, 
particularly those developed for COVID-19, has presented a significant 
challenge to public acceptance. These vaccines were created in an un-
usually short period of time, as highlighted by Ball [1], which has 
sparked widespread attention from the media and generated numerous 
discussions on social media. In this context, the role of news media has 
become increasingly crucial, as it serves as a vital channel for dissemi-
nating information related to health and environmental issues, exerting 
a substantial impact on the public’s awareness and comprehension 
[2–4],. Hence, it is imperative to investigate how information regarding 
various aspects of COVID-19 vaccines was shared through diverse 
channels, such as reputable newspapers and popular social platforms, 
and to explore the reciprocal influence between these sources. Such 
analysis can provide valuable insights into effective communication 

strategies during public health crises. 
While it has long been acknowledged that influential news media 

outlets such as The New York Times and The Washington Post have a 
significant impact on shaping public agendas and directing public 
attention [5,6], the emergence of participatory social media platforms, 
like Twitter, with their round-the-clock cycle, has disrupted the tradi-
tional one-way flow of agenda-setting power from elite news media to 
the general public [5]. A growing body of literature suggests that Twitter 
has become a vital and cost-effective resource for journalists in their 
quest for news and information, with Twitter discussions on specific 
topics even capable of triggering news coverage [7,8]. Consequently, the 
question of who sets the agenda in the digital age has been re-examined 
[9,10], yet the dynamics between elite news media and social media, 
particularly in the context of public health crises, have not received 
sufficient exploration. 

This paper seeks to investigate the reciprocal relationship between 
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the agenda set by elite news media, as demonstrated by their editorial 
choices in news selection, and the agenda shaped by public discourse on 
social media platforms, particularly Twitter discussions of COVID-19 
vaccines, during the COVID-19 pandemic. Moving beyond the first 
level of agenda-setting, which primarily deals with the prominence of 
issues in the media, our research delves into the second level of agenda- 
setting. This involves examining the characteristics and sentiments 
surrounding an issue, suggesting that how these elements are presented 
in media discourse can also influence the public’s perception and agenda 
[11]. Specifically, we aim to identify the areas where elite news media 
exert greater influence in determining the topics driving public 
discourse on COVID-19 vaccines and the instances where public 
discourse on social media, in turn, influences the reporting of elite news 
media regarding COVID-19 vaccines. 

While traditional studies on agenda-setting have relied on manual 
coding techniques to identify key issues and attributes within news 
media coverage, recent advancements in natural language processing 
have introduced computational approaches, such as topic modeling and 
sentiment analysis, to analyze vast volumes of text and uncover latent 
information. Prior research has employed topic modeling to identify 
latent topics [12–15] and sentiment analysis [16] to assess the prevail-
ing sentiments (positive, neutral, or negative) surrounding COVID-19 
vaccine discourse on Twitter [12,13,17]. These descriptive studies 
have hinted at the influence of news media on Twitter discussions 
regarding COVID-19 vaccines [12,13,17]. However, no statistical anal-
ysis has been performed to substantiate this influence, and the impact of 
Twitter discourse on traditional news media remains unclear. 

Employing advanced natural language processing (NLP) techniques, 
this research investigated the evolving patterns over time regarding the 
topics and emotional tone surrounding COVID-19 vaccines on Twitter, 
as well as within the coverage of two esteemed newspapers, namely The 
New York Times and The Washington Post, renowned for their influence 
in shaping the agendas of other media outlets [18]. Additionally, 
Granger analysis [19,20] was employed to explore the reciprocal rela-
tionship between the public discourse on Twitter and the agenda set by 
news media, with a focus on each specific topic under examination. 

The current study aims to contribute to agenda-setting research by 
building upon the foundational work of earlier studies, extending the 
focus beyond the first level of agenda-setting, and utilizing automated 
coding compared to traditional manual methods. By integrating 
advanced natural language processing (NLP) techniques to analyze both 
the cognitive and affective dimensions of media content, this research 
offers a more sophisticated and nuanced analysis of the agenda-setting 
process. This methodological innovation facilitates a deeper under-
standing of how specific topics gain prominence and how they are 
emotionally framed, which is crucial in the context of public health 
crises where information and sentiment can rapidly change. Further-
more, applying Granger causality analysis to trace the directional in-
fluence between the elite media and Twitter, provides empirical 
evidence of the reciprocal nature of agenda-setting in the digital age. It 
also provides a framework for future research to explore the dynamic of 
agenda-setting effects in other contexts. 

Literature review 

The dynamic of agenda-setting 

Agenda-setting refers to the influence exerted by mass media on the 
public’s perception of issue salience [5]. Building upon this traditional 
framework, subsequent studies have explored factors that serve as pre-
cursors to the media agenda [21,22]. One crucial factor is intermedia 
agenda-setting, which usually pertains to the agenda-setting effects of 
various mass media on one another [6,18,23,24]. Scholars have argued 
that intermedia agenda-setting effects lead to content convergence and 
homogenization, as journalists tend to align their perspectives by vali-
dating the newsworthiness of topics through peer scrutiny, particularly 

among elite members [6,25–27]. 
However, the rapid emergence of social media platforms like Twitter 

challenges the traditional norms of professional journalism due to 
extensive audience participation and the expectation of a continuous 
news cycle. While early research on web logs indicated that social media 
might produce distinct agendas compared to traditional media [28], the 
agenda-setting effects between news media and social media can be 
reciprocal and mutually influential, contingent upon contexts and issues 
[29–33]. For example, Vargo and Guo [34] found that, in many cases, 
online partisan media are taking the lead in setting the media agenda, 
overshadowing traditional news sources like The New York Times and 
The Washington Post. Nevertheless, these traditional outlets still 
significantly shape the media narrative on specific topics, such as health 
care. This aligns with Vargo et al.’s [35] observation that traditional 
elite media exert a stronger agenda-setting influence on ongoing de-
bates. Conversely, new media platforms have shown a notable impact in 
directing the media focus on topics like civil liberties, poverty, and 
religion, demonstrating their potential to amplify diverse perspectives 
[35]. Thus, further research is necessary to explore the varying impacts 
of different types of issues, such as those that are more or less obvious to 
the public [36] and those characterized by certainty versus uncertainty 
[37]. 

The agenda-setting effects manifest across multiple levels. The first 
level pertains to the transfer of issue salience [5]. The second level in-
volves the transfer of attribute salience associated with specific issues [6, 
27,38–40]. These attributes can be categorized into cognitive and af-
fective dimensions [38,39]. Cognitive attributes entail structured in-
formation about an issue, while affective attributes encompass 
emotional reactions oftentimes measured through valence [38,39]. For 
instance, the effectiveness of vaccines represents a cognitive attribute 
within the context of COVID-19 vaccines, while the positive, neutral, or 
negative sentiment associated with the content embodies an affective 
attribute. The third level of agenda-setting posits the transfer of salience 
regarding networked relationships among issues and attributes [41,42]. 
It suggests that by mentioning or linking different issues or attributes 
together, the audience’s memory network can be activated, or new 
connections can be established. The choice of which level of agenda 
items to assess in agenda-setting research is both conceptual and 
methodological [43]. Su and Xiao [44] systematically reviewed the 
landscape of intermedia agenda-setting (IAS) studies from 1997 to 2019, 
revealing a predominant focus on the first level of agenda-setting. This 
level, which concerns the salience of issues within the media, was 
typically examined through content analyses that relied on manual 
coding techniques. Their comprehensive analysis underscores a critical 
call to action for future research to embrace a broader array of contexts 
and to leverage more sophisticated, innovative methodological 
approaches. 

Our study focuses on the second level of agenda-setting, operation-
alizing cognitive attributes as topics related to COVID-19 vaccines and 
affective attributes as content valence. Furthermore, our research ex-
pands the examination of agenda-setting dynamics within the context of 
public health. This approach contributes to the theoretical advancement 
of agenda-setting literature and offers practical insights into the 
communication strategies that can effectively inform and engage the 
public on vital health-related issues. 

Twitter as a source of public discourse during health crises 

Twitter, as a prominent social media platform and a valuable source 
of text-based public discourse, has been extensively examined to gain 
insights into public reactions during public health crises. Previous 
research has explored Twitter’s role in capturing public sentiments and 
responses during events such as the COVID-19 pandemic [45], the 2009 
H1N1 pandemic [46], and the Ebola outbreak [47]. Public health re-
searchers and stakeholders have utilized text-based public discourse on 
Twitter to identify risk factors [48] and monitor public perceptions of 
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health crises [46,47] as well as evaluate the effectiveness of health 
intervention measures [13,49]. 

In addition, Text-based public discourse on Twitter has also been 
examined from the dynamic agenda-setting perspective [9,10,39]. 
While most of these studies have primarily focused on political news 
agenda-setting, these inquiries have illuminated the intricate interplay 
between Twitter’s agenda and that of traditional news media in notable 
events such as the 2019 Hong Kong anti-extradition bill movement [50] 
and the 2016 U.S. presidential election [39]. This perspective has also 
been applied to contexts like climate change [9] and natural disaster 
coverage [10]. However, there is a notable scarcity of research on the 
reciprocal influence between traditional media and Twitter in the realm 
of public health crises. A recent study by Shi and Wang [51] investigated 
the intermedia agenda-setting effects during China’s Changsheng vac-
cine crisis, uncovering a two-way influence between traditional media 
and WeChat’s we-media, where each influenced the other under specific 
frames. Thus, our study aims to address this gap by exploring the dy-
namics between Twitter and news media agendas concerning COVID-19 
vaccines. 

While natural language processing techniques have been extensively 
utilized to uncover latent topics and sentiments from vast amounts of 
data, a majority of studies within this domain have primarily focused on 
analyzing data from a single media outlet [13,15,17,52]. For instance, 
Lyu et al. [17] analyzed 1499,421 unique tweets originating from 583, 
499 distinct users between March 11, 2020, and January 31, 2021. Their 
study identified five overarching themes: opinions and emotions 
regarding vaccines and vaccination, knowledge about vaccines and 
vaccination, global perspectives on vaccines, vaccine administration, 
and updates on vaccine development and authorization. Another study 
by Wang et al. [13] explored a dataset comprising 154,978 geo-tagged 
coronavirus tweets from March 20th to August 9th, 2020, identifying 
five major topics associated with COVID-19 vaccines: science, coping 
without vaccine, immunity boost, vaccine race, and politics around 
vaccine. Although the specific themes varied based on different stages of 
the pandemic, both studies observed that the public discourse sur-
rounding COVID-19 vaccines on Twitter was heavily influenced by 
significant events related to these vaccines and aligned with active news 
topics in mainstream media [13,17]. However, a comprehensive statis-
tical analysis has yet to be conducted to substantiate this influence. 

In addition to examining individual media outlets, researchers have 
also explored multiple media outlets to offer comparative descriptive 
insights. For instance, de Melo and Figueiredo [12] conducted a study 
comparing news articles and tweets about COVID-19 in Brazil. Their 
findings revealed that while Twitter displayed similar topic coverage to 
news media, there were differences in theme distribution and entity 
diversity. Similarly, Hussain et al. [53] compared public attitudes to-
wards COVID-19 vaccines on Facebook and Twitter in the United 
Kingdom and the United States, while Luo et al. [54] examined the se-
mantic and sentiment aspects of COVID-19 vaccine discussions between 
Twitter and Weibo. However, it is worth noting that these studies pri-
marily presented descriptive findings, lacking statistical tests to explore 
the dynamic agenda-setting effect, specifically how traditional media 
and Twitter influence each other’s agenda in a public health crisis 
context. 

Building upon the literature above, our study delved into the ex-
amination of temporal patterns in content topics and sentiment sur-
rounding COVID-19 vaccines. Specifically, we investigated these 
patterns within both Twitter discussions and traditional news headlines. 
Additionally, we explored the intricate dynamics of agenda-setting be-
tween tweets and news headlines. To guide our research, we formulated 
the following research question: 

Research Question 1 (RQ1): What are the differences between tweets 
and news headlines regarding the evolving content topics and content 
valence related to COVID-19 vaccines? 

Research question 2 (RQ2): What are the dynamics of agenda-setting 
between tweets and news headlines in content topics and content 

valence of COVID-19 vaccines? 
The results of this study will contribute to the existing body of 

knowledge by enhancing our comprehension of the evolutionary pat-
terns of topics and valence concerning COVID-19 vaccines on Twitter 
and within two prominent newspapers in the United States. Moreover, it 
will extend our understanding of the dynamic agenda-setting effects 
within public health, specifically concerning COVID-19 vaccines. 

Method 

In our study, we leveraged two natural language processing tech-
niques, namely topic modeling and sentiment analysis, to automatically 
identify the cognitive and affective attributes of COVID-19 vaccines, 
respectively. To address the cognitive attributes, we employed Latent 
Dirichlet Allocation (LDA) to operationalize content topics [55]. The 
application of LDA-based analysis has demonstrated empirical efficiency 
and validity in analyzing mass communication text, particularly in the 
context of large-scale social media data [56]. As for the affective attri-
butes, we operationalized them as content valence, which was deter-
mined through sentiment analysis. Sentiment analysis is a 
dictionary-based text classification approach commonly employed to 
ascertain valence and identify affective emotions within a message by 
comparing it to a pre-calibrated sentiment lexicon [16]. This method has 
been utilized in recent studies to analyze the sentiments expressed in 
tweets related to COVID-19 vaccines (e.g., [17,53,57]). 

We tested the dynamics of agenda-setting effects using Granger 
causality tests [19,20] on the temporal patterns of content topics and 
content valence. This methodology, commonly employed by econome-
tricians, enables us to infer causality and has been widely utilized in 
recent agenda-setting research [39,58–60]. Examining the temporal 
trends in content topics and valence is crucial for comprehending the 
dynamics of agenda-setting concerning rapidly evolving issues such as 
COVID-19 vaccines. The causality inference derived from the parallel 
time series can yield valuable insights into how information regarding 
COVID-19 vaccines is reported and disseminated. Specifically, it helps 
identify the issues where the editorial attention of elite news media 
Granger-causes the level of social media attention and the issues where 
the influence is reversed. 

Data source 

We collected tweets and news headlines about COVID-19 vaccines 
from January 1, 2020, to April 30, 2021. The start date was chosen to 
reflect the beginning of the development of COVID-19 vaccines [61]. 

To access the public agenda as reflected on Twitter discourses, we 
collected publicly available original tweets about COVID-19 vaccines 
using snscrape [62], which were further filtered on user profile data to 
include only tweets in English and from US-based users. This resulted in 
a total of 501,531 tweets from 143,172 unique users. While acknowl-
edging that online tweets do not equal “public opinion” in general as 
Twitter users are not demographically representative [63], other 
methods, such as public opinion polls with self-reported phone or online 
survey questions, could also be biased and distorted. Thus, we consider 
text mining from the big data perspective to represent an increasingly 
important “instantiation of public opinion just as the outcomes derived 
from those who choose to answer surveys and those who choose to vote” 
[60]. 

To access the news agenda from the elite news media, we collected 
7284 news headlines about COVID-19 vaccines from The New York 
Times and The Washington Post, which have been conventionally 
considered to set the agenda of other media outlets from numerous 
agenda-setting studies (e.g., [18,64]). The New York Times and The 
Washington Post are exemplars for their extensive reach and authori-
tative reporting, distinguished not just by their historical significance 
but by their consistent role in shaping both public opinion and media 
landscapes. They serve as benchmark publications for news outlets 
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nationwide, often setting the agenda for what becomes national news; 
other media frequently cite them, and their stories consistently lead to 
policy changes, public awareness, and national conversation [9,63]. In 
addition, the two newspapers are chosen to cover both angles from 
domestic and international editorial attention on COVID-19 vaccines, 
given that The Washington Post is considered one of the best newspapers 
in domestic coverage, and The New York Times is a significant source of 
international information for US readers [9,64]. This approach ensures 
that our study encompasses a broad spectrum of narratives, thus accu-
rately reflecting the complex nature of U.S. media discourse. Thus, the 
selection of the two news newspapers as representative elite news media 
in the U.S. not only considers their historical depth and journalistic rigor 
but also their diverse readership, editorial stance, and reporting styles. 
The decision to analyze only news headlines is grounded in the 
comparability of their brevity to the concise nature of tweets. During the 
study period, Twitter had a limitation of 280 characters, longer than its 
original 140 characters limitation but still “short and brief” [65]. 

The online news was collected using Google BigQuery on GDELT’s 
GEO 2.0 API [66] in its gdelt-bq.covid19.onlinenewsgeo databases. 
GDELT is an open database that provides various content, including 
worldwide news. Scholars in multiple academic disciplines have used 
data from the GDELT database to collect and analyze news content (e.g., 
[39,67]). Its gdelt-bq.covid19.onlinenewsgeo database contains online 
news articles in the English language that have at least one of the 
following keywords: “social distan*,” “quarantin*,” “lockdown*,” “stay 
at home,” “shelter in place,” “self isolat*,” “*virus*,” “Covid-19,” and 
“Sars-Cov-19,” where “*” indicates a character string of any length, to 
capture all variations of the same word. 

Drawing on prior social media studies on vaccines [68,69], we 
developed search keywords to filter Twitter and GDELT news data by 
balancing general COVID-19 vaccine information, brand-specific infor-
mation, and technology-specific information. For brand-specific infor-
mation, we included four brands: Pfizer-BioNTech, Moderna, Johnson & 
Johnson/Janssen, and AstraZeneca. Unlike the first three vaccines, 
which were authorized for emergency use as of the end of our study 
period on April 30, 2021 [70], we included AstraZeneca because it too, 
received considerable media coverage and public attention in the US, for 
its conditional marketing authorizations in the European Union coun-
tries [71]. Pfizer-BioNTech and Moderna used mRNA technology, and 
Johnson & Johnson and AstraZeneca-Oxford used the viral vector 
technology. 

As a result, a tweet or a news headline from the two newspapers was 
included if it contained the keyword “vaccine,” together with one of the 
following keywords: “COVID,” "COVID19," "COVID-19," "Pfizer," "Pfizer- 
BioNTech," "Moderna," "Johnson & Johnson," "Janssen," "AstraZeneca," 
and "Oxford-AstraZeneca"; or it contained the keyword “vaccine,” 
together with one of the following combinations: “mRNA” & “COVID,” 
“viral vector” & “COVID,” and “adenovirus” & “COVID.” Moreover, we 
checked government Twitter accounts such as the US CDC and FDA to 
explore hashtags for tweets and added tweets that contained either 
“#covid19vaccine” or “#covidvaccine” in our dataset. 

Data processing 

We combined the Twitter and news headline datasets into one final 
dataset. Regardless of the source, each tweet or news headline is 
considered a record in all later steps. 

To perform topic model training, the final dataset was pre-processed 
through the following four steps: tokenization, stop word removal, 
bigram grouping, and lemmatization. More specifically, each record is 
first converted into a list of tokens, the smallest units for all latter steps, 
such as a single word or an inseparable sequence of characters like a 
phone number or a URL. Second, stop words, i.e., tokens which are 
grammatically necessary but don’t add meanings, were removed, such 
as articles or conjunctions. We used the standard stop word library from 
nltk [72] and extended it to include tokens such as https. Third, some 

adjacent token pairs, such as New York, are inseparable to keep the 
original meaning. We grouped such pairs of tokens as single units, i.e., 
the bigrams. We trained a bigram model on our entire dataset using 
Gensim [73] and labeled the bigrams in the list of tokens. Finally, to 
reduce the complexity of language modeling, all tokens were mapped to 
their lemma’s, the root form from which all the variations are derived, 
such as verb tenses. This pre-processed dataset is used as the corpus for 
topic modeling. 

For each record, we used a pre-trained model from TextBlob [74] to 
calculate its valence score. The score is a floating measure from -1 and 1, 
which indicates the most negative and positive emotional responses, 
respectively, normalized from the model’s training text. 

Measures 

Content topics 

The tweets and news headlines in our final dataset were subjected to 
topic modeling using the LDA algorithm [55]. Such topic models can 
assign a probability score to each token belonging to a latent topic 
defined by the model, and hence map out a distribution of topics for any 
sequence of text, such as a tweet or a news headline. The latent topics are 
represented by a Dirichlet distribution of tokens [75], with a token-topic 
matrix of conditional probabilities for a word to appear in the topic. In 
our study, an LDA topic model was trained over the corpus of combined 
tweets and news headlines. We interpreted the latent topics by exam-
ining the token-topic matrix and reviewing the original texts from tweets 
and news headlines, for which a particular topic is the most 
predominant. 

Topic salience 

Topic salience was operationalized by topic size. The size of each 
topic on a single record can be represented as the weighted sum of the 
loading score from LDA over its popularity score. More specifically, the 
popularity score of a record k is calculated as Pk = 1 + nlike

k + nshare
k , 

where Pk is the popularity score of a tweet k, nlike
k is the number of likes, 

and nshare
k is the number of shares. For a tweet, the number of shares is the 

retweet count. For news headlines, we set both nlike
k and nshare

k to 0, where 
we conceptualize the attention of each news article as its editorial de-
cisions only. 

A record’s topic-specific loading score from LDA, which is repre-
sented by the percentage of tokens assigned to the topic by the LDA 
model, is calculated as vj,k = nj,k/

∑

i
ni,k, summed over all tokens from the 

record, where nj,k denotes the number of tokens assigned to the topic j in 
the record k. It indicates the conditional probability that a topic is likely 
to occur in a record. The topic sizes of all loading topics in a single record 
add to 1. That is,

∑

j
vj,k = 1. For a sample of records, the size of each 

topic Vj,k is represented by the weighted sum of individual topic sizes of 
all records in the sample, over its popularity Pk. More specifically, we 
calculate the sample topic size for tweets and news headlines as Vtweets

j =
∑Ntweets

k vj,kPk, and Vnews
j =

∑Nnews
k vj,kPk, respectively. 

A normalized sample topic size is the sample topic size percentage of 
the sum of popularities throughout the corpus. That is, 

Vtweets
j = Vtweets

j

/
∑Ntweets

k
Pk and Vnews

j = Vnews
j

/
∑Nnews

k
Pk. (1)  

Content valence 

For each tweet or news headline k, we denote the valence score using 
TextBlob [74] by sk. For any given sample of size Ntweets or Nnews, we 
denote the sample valence of topic j as Stweets

j and Snews
j , following 
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Stweets
j =

∑Ntweets

k
vj,kPksk

/

Vnews
j and Snews

j =
∑Nnews

k
vj,kPksk

/

Vnews
j , (2)  

which are weighted averages of a record valence over the topic sizes and 
popularities, normalized to the sample topic sizes. 

Data analysis 

To study the changes in topic size and valence over the study period, 
we denote a sequence of timestamps by ti, separated by 1-day intervals, 
with t0 and tend representing January 1, 2020, and April 30, 2021, 
respectively. Two-time series can then be constructed for each topic j on 
the normalized topic size {Vtweets

j (ti), t0 ≤ ti ≤ tend} and {Vnews
j (ti),

t0 ≤ ti ≤ tend}, and topic valence {Stweets
j (ti), t0 ≤ ti ≤ tend} and {Snews

j (ti),
t0 ≤ ti ≤ tend}, where for each time interval i, the sample is collected 

such that the tweets and news headlines were published between ti− 1 
and ti. 

We used Granger analysis to test the agenda-setting dynamics. In this 
framework, x is said to “Granger-cause” y, under the condition that y can 
be better predicted from past values of x and y together, than from past 
values of y alone [76]. Thus, if the predictability of traditional news 
media on Twitter discourse about the same topic in preceding days is 
above its autoregressive function, which is its impact from the past to the 
days preceding, we can conclude that the attention in traditional news 
media Granger-caused the level of social media attention for this topic, 
vice versa. In our study, we studied bi-directional Granger casualties on 
each pair of tweet and news headline time series for a given topic, for 
their normalized topic sizes and sentiment valances, respectively. 

In a typical setting of the Granger causality test, two-time series are 
required to be stationary, or if not stationary, transformed into sta-
tionary series by taking the first (or higher) difference. Therefore, in our 
study, we examined the stationarity of each time series by the 
Augmented Dickey-Fuller test, the null hypothesis of which states a unit 
root exists, and thus the time series is non-stationary [77]. For time 
series failing to pass the Augmented Dickey-Fuller test, we recursively 
take the first difference in the data until the null hypothesis can be 
rejected, resulting in a stationary series. 

To study the Granger causality between two time series, an F test is 
typically performed on the regression between one time series and the 
other with a specific time lag. The test statistically implies whether the 
past values of one variable offer statistically significant information to, 
or in other words, Granger-caused the other variable. In a typical setting, 
multiple values on the time lag are considered. In our study, we report 
the most significant statistic among time lags between 1 and 7 days, 
following insights from previous studies, which suggest that agenda- 
setting often occurs in a week or less [78,79]. Roberts et al. [78] 
found that the lag between traditional news and online discussion varied 
from 1 to 7 days, with day 7 producing the most effects. 

Results 

Content topics 

During the model training process, we focused on optimizing our 
final model based on its coherent score, Cv, which evaluates the likeli-
hood of token co-occurrence within the same topics [80]. To achieve 
this, we conducted a grid search on the Dirichlet concentration param-
eters, exploring a range of topic sizes from 3 to 21. The resulting model 
yielded a coherent score of Cv=0.43. The findings and interpretations of 
the 13 identified topics were thoroughly discussed among the research 
team members. To ensure accuracy, the team extensively reviewed 
high-frequency tokens and examined sample tweets and news headlines 
with high topic-specific loadings. A summary of the 13 topics is pre-
sented in Table 1. 

Fig. 1 presents a comparative analysis of topic sizes between tweets 

and news headlines regarding COVID-19 vaccines. Within tweets, the 
most prominent topic, indicated by the largest topic size, revolved 
around people’s views (Topic 1), closely followed by efficacy and rollout 
(Topic 2), and vaccine access (Topic 3). In contrast, news headlines 
predominantly covered the topic of efficacy and rollout (Topic 2), fol-
lowed by research and risk (Topic 4), and people’s views (Topic 1). 
Notably, the distribution of topic sizes among the 13 identified topics 
was more evenly spread among news headlines compared to tweets. 
Twitter discourses exhibited a stronger focus on the top five ranked 
topics. 

Fig. 2a and b depicted the normalized topic size over time for tweets 
and news headlines, respectively. Each data point represents a sample 
topic size aggregated over a 7-day period. The analysis reveals notable 
similarities and differences in the trends observed. 

Both tweets and news headlines exhibited spikes in topic sizes for 
most topics during significant events related to COVID-19 vaccines. 
Notably, a spike in topic sizes occurred when Pfizer published its vaccine 
results on November 9, 2020 [81]. This event generated considerable 
public interest and discussion, likely leading to a surge in topic sizes on 
both platforms. Furthermore, another spike in topic sizes was observed 
when the FDA advisory panel endorsed the Pfizer-BioNTech COVID-19 
vaccine in December 2020 [82]. These spikes in topic sizes indicate 
heightened engagement and public attention surrounding 
vaccine-related news and developments during those periods. After 
experiencing a slight drop in popularity following the initial spikes, the 
discussions regarding COVID-19 vaccines remained consistently high in 
2021. 

However, while news headlines relatively consistently covered all 
topics throughout the study period, discussions on Twitter displayed 
larger fluctuations. This discrepancy suggests that Twitter discussions 

Table 1 
Summary of Topics.  

Topic 
No. 

Topic label Top 15 words by frequency and relevance (λ =
0.6) 

1 People’s views go, take, want, know, come, vaccine, let, would, 
say, think, trump, tell, right, people, thing 

2 Vaccine efficacy 
and rollout 

shoot, case, virus, death, still, variant, vaccine, 
spread, get, number, new, infection, protect, rate, 
effective 

3 Vaccine access community, vaccine, help, share, access, join, 
pandemic, global, effort, member, distribution, 
ensure, rollout, support, discuss 

4 Research and risk use, vaccine, study, safety, data, show, develop, 
rare, research, result, blood_clot, create, response, 
read, drug 

5 Vaccine eligibility dose, first, week, shot, second, received, day, 
administer, vaccine, trial, next, begin, morning, 
last, least 

6 Vaccination status get, safe, thank, do, today, back, part, great, 
work, way, hope, opinion, good, look, family 

7 Vaccine 
appointment 

appointment, update, site, available, vaccine, 
schedule, visit, information, open, sign, check, 
call, find, link, vaccination 

8 Reopen economy state, retweet, require, plan, school, business, 
local, run, travel, passport, urge, employee, 
return, center, pharmacy 

9 Age and issues vaccinate, get, fully, age, old, risk, people, adult, 
eligible, vaccinated, group, vaccine, line, worker, 
love 

10 Resident care health, question, resident, offer, care, tomorrow, 
answer, concern, medical, public, supply, official, 
staff, provider, area 

11 Feeling and side- 
effect 

live, feel, mask, arm, watch, side_effect, wear, 
please, hour, black, video, yesterday, push, nee, 
experience 

12 children and 
concern 

pause, increase, fact, reach, child, change, hit, 
due, wait, surge, list, clot, warn, ever, effect 

13 Student and 
campaign 

clinic, student, woman, Biden, bring, encourage, 
together, card, trust, demand, campaign, nation, 
meet, deliver, college  
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are more susceptible to variations in popularity and engagement 
compared to news headlines. Interestingly, the discussion about vac-
cines appeared much later on Twitter compared to news headlines. On 
Twitter, vaccine-related discussions gained traction after the WHO 
declared COVID-19 a Pandemic on March 11, 2020 [82]. In contrast, 
news headlines had already started covering topics regarding the 
COVID-19 vaccine even before February 3, 2020, when the US declared 
a public health emergency [82]. This discrepancy highlights a temporal 
disparity between the two platforms, indicating that news headlines 
were more proactive in reporting vaccine-related information prior to its 
widespread discussion on Twitter. 

Topic valence 

Overall, tweets about the COVID-19 vaccine showed a more positive 
average valence score (0.15) than news headlines (0.05). As shown in 
Fig. 1, For tweets, the most positive topic was vaccine access (Topic 3), 
followed by efficacy and rollout (Topic 2) and people’s views (Topic 1). For 
news headlines, the most positive topic was people’s views (Topic 1), 
followed by vaccine access (Topic 3) and vaccine eligibility (Topic 5). 
While none of the topics in news headlines has an average valence score 
above 0.1, on a scale from -1 to 1, only one topic in Twitter discussions 
shows an average valence score below 0.1. 

Fig. 3 shows the comparison in the change of valence for each topic 
over time for tweets and news headlines. Both tweets and news head-
lines exhibited fluctuating average valence scores for different topics, 
particularly during the initial period of the study, which corresponds to 

the first quarter of 2020. At this stage, the average valence scores 
significantly differed from one another for both tweets and news head-
lines. However, as the study period progressed, the average sentiment 
scores for different topics gradually converged, eventually stabilizing 
around two distinct levels for both tweets and news headlines. 

Despite the overall similarities in the trend, the valence trends for 
tweets and news headlines also demonstrated noticeable differences. At 
the beginning of the pandemic, there was a significant drop and fluc-
tuations in valence scores on Twitter; however, all average valence 
scores remained positive. In contrast, news headlines showed negative 
valences at multiple instances during the same period. During the later 
stages of the pandemic, while tweets leveled off at a slightly positive 
valence level, news headlines predominantly displayed neutral valence. 
This indicates that Twitter discussions maintained a relatively stable and 
positive sentiment, while news headlines remained more neutral in their 
coverage. 

The dynamics of agenda-setting 

To measure the salience transfer of content topics between tweets 
and headlines, we used the Granger causality analysis to examine 13 
pairs of topic size time series for headline news and tweets, for each of 
the 485 days of our study period. Similarly, to measure the affective 
salience transfer of valence, we examined 13 pairs of valence time series. 
The results are presented in Table 2a and Table 2b, respectively. 

The results revealed that for 9 out of the 13 topics, time series in topic 
sizes in tweets, Granger caused topic sizes in news headlines. The most 

Fig. 1. Comparisons of topic sizes and average valence scores between tweets and news headlines.  
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significant impact of tweets on news headlines was found at different 
lags: 6 days on vaccine access (Topic 3), research and risk (Topic 4), 
vaccine eligibility (Topic 5), vaccine appointment (Topic 7) and reopen 
economy (Topic 8); 2 days on vaccination status (Topic 6), five days on 
resident care (Topic 10), three days on feeling and side-effect (Topic 11), 
and seven days on children and concern (Topic 12). On the other hand, 
news headlines Granger caused Twitter discourses in 9 out of the 13 
topics. The difference in lags for the most significant impact was also 
revealed: 5 days on people’s view (Topic 1), efficacy and rollout (Topic 2), 
vaccine access (Topic 3), and vaccination status (Topic 6); 6 days on 
research and risk (Topic 4), age and issues (Topic 9) and resident care 
(Topic 10); 4 days on vaccine eligibility (Topic 5); and seven days on 
student and campaign (Topic 13). 

Tweets had a one-way influence on news headlines on four topics: 
vaccine appointment (Topic 7), reopening the economy (Topic 8), feeling 
and side effects (Topic 11), and children and concern (Topic 12). News 

headlines had a one-way influence on tweets on four topics: people’s 
views (Topic 1), efficacy and rollout (Topic 2), age and issues (Topic 9), 
and student and campaign (Topic 13). Reciprocal causality was revealed 
in the remaining five topics, which were: vaccine access (Topic 3), 
research and risk (Topic 4), vaccine eligibility (Topic 5), vaccination status 
(Topic 6), and resident care (Topic 10). 

As to salience transfer of valence between tweets and news, valence 
in tweets Granger caused the changes of topic valence in news headlines 
in 4 of the 13 tests, which were people’s views (Topic 1), research and risk 
(Topic 4), vaccine eligibility (Topic 5), and children and concern (Topic 
12). Except for Topic 1, where the lag time for most significant influence 
is six days, the transfer of affective tone from Twitter to news is rela-
tively faster, with a lag time of 1 day for Topic 4 and Topic 5, and 3 days 
for Topic 12. On the other hand, news headlines Granger caused the 
changes of topic valence in tweets in 3 out of 13 topics, which were age 
and issues (Topic 9), feeling and side-effects (Topic 11), and children and 

Fig. 2. (a) Normalized topic size over time of tweets for each topic. (b) Normalized topic size over time of news headlines for each topic.  
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concern (Topic 12). The lag from news to tweets is four days for Topic 9 
and Topic 11, and 2 days for Topic 12. Unlike salience transfer of content 
topics, mutual reciprocal causation for valence was only revealed on one 
topic: children and concern (Topic 12). It is noteworthy that the salience 
transfer was more evident for topic contents than for topic valence be-
tween tweets and news headlines. 

Discussion 

This study focused on exploring the evolving agendas of tweets and 
news headlines concerning the issue of COVID-19 vaccines. The analysis 
went beyond cognitive attributes by investigating the dynamic agenda- 
setting effects in terms of the transfer of both cognitive (content topics) 
and affective (valence) attributes. The study aimed to determine 
whether there was a clear dominator between elite news media and 
Twitter in setting the agenda for both cognitive and affective aspects of 
the COVID-19 vaccine issue. 

The comparison of normalized topic sizes over time for tweets and 
news headlines reveals both similarities and differences in the observed 
trends. Both platforms exhibited topic size spikes during significant 
vaccine-related events, such as the publication of Pfizer’s vaccine results 

and the FDA advisory panel endorsement. Additionally, sustained in-
terest in vaccine discussions was observed in 2021. However, Twitter 
discussions displayed larger fluctuations in topic sizes compared to news 
headlines, reflecting the dynamic nature of the platform. Moreover, 
news headlines covered vaccine-related discussions earlier than Twitter, 
suggesting a temporal disparity in the reporting and emergence of 
vaccine-related topics between the two platforms. 

The findings of this study indicate that no clear dominator emerged 
between elite news media and Twitter regarding agenda-setting for the 
cognitive and affective attributes of the COVID-19 vaccine issue. In other 
words, neither platform appeared to have a consistent influence in 
setting the agenda for the topics discussed or the emotional tone sur-
rounding COVID-19 vaccines. 

On a cognitive level, the reciprocal influence between elite news and 
Twitter discourse was observed for five out of the 13 topics analyzed. 
Elite news media was found to have an exclusive impact on Twitter 
discourses regarding people’s views (Topic 1), efficacy and rollout 
(Topic 2), age and related issues (Topic 9), and student and campaign 
(Topic 13). Conversely, Twitter discourse exhibited greater influence on 
topics such as vaccine appointment (Topic 7), reopening the economy 
(Topic 8), feelings and side-effects (Topic 11), and children and concerns 

Fig. 3. Comparisons of topic valence trends between tweets and news headlines.  

Y.(J. Wang et al.                                                                                                                                                                                                                                



Telematics and Informatics Reports 13 (2024) 100122

9

(Topic 12). These findings align with previous research on the dynamic 
relationship between traditional media and social media, which lacks a 
clear dominator [60]. Traditional news and social media possess their 
unique resonances and interactions, exchanging insights on public 

attention [5,25,27,83], with their responses intertwined based on spe-
cific issues and their attributes. 

In our analysis, elite news demonstrated a greater influence on topics 
that hold societal significance within the context of COVID-19 vacci-
nation, such as efficacy and rollout, age-related issues, and people’s 
views. This finding aligns with previous research that emphasizes the 
audience’s need for orientation, enhancing agenda-setting effects [40]. 
Particularly when individuals lack direct and personal experiences, they 
heavily rely on media coverage to comprehend unobtrusive issues, 
which is particularly relevant during a public health crisis like the 
COVID-19 pandemic. Therefore, echoing previous studies, our findings 
highlight the continued significance of elite media in setting the agenda 
for public discourse on COVID-19 vaccines. 

Conversely, our study also suggests that individuals on Twitter, play 
a significant role in shaping the COVID-19 agenda, sometimes inde-
pendently of traditional media’s agenda-setting. As observed in our re-
sults, news media exhibited insignificant unidirectional Granger 
causality on nine topics discussed on Twitter. Contrarywise, four out of 
these nine topics demonstrated influential agenda-setting effects from 
Twitter to traditional news, including vaccine appointment (Topic 7), 
feelings and side-effects (Topic 11), children and concerns (Topic 12), 
and reopening the economy (Topic 8). This pattern highlights that 
conversations on Twitter about personal impact and emotions can set 
the agenda for traditional media coverage. The topic of reopening the 
economy, in particular, showed a unique trend where Twitter users were 
engaging with economic and governmental issues more than expected 
[60], likely due to the direct financial impact of the pandemic on in-
dividuals. The study underscores the dynamic and context-dependent 
relationship between social media discourse and traditional news 
coverage. It also emphasizes the potential for public health officials to 
use Twitter as a real-time monitor for public sentiment and concerns, 
which can inform public health strategies and communication. Twitter’s 
responsiveness to issues of individual concern suggests it could be a 
valuable channel for disseminating health messages that resonate on a 
personal level, such as information about vaccine appointments or re-
sponses to parental concerns regarding vaccinations for children. 

Furthermore, our findings shed light on the effective lag time for the 
transfer of topics between tweets and news headlines. The analysis 
revealed that the most common effective lag time for the transfer of 
topics from tweets to news headlines was six days, encompassing a total 
of 5 topics. The longest effective lag time observed was seven days, as 
evident in Topic 12, while the shortest lag time was two days, exem-
plified by Topic 6. Conversely, the most common effective lag time for 
the transfer of topics from news headlines to tweets was five days, 
encompassing four topics, followed closely by six days, observed for 
three topics. The longest effective lag time between news headlines and 
tweets was seven days, as observed in Topic 13, whereas the shortest lag 
time was four days, exemplified by Topic 5. 

These findings support previous observations suggesting that 
agenda-setting often occurs within a week or less [78,79]. Moreover, the 
lag between traditional news and online discussion has been reported to 
vary from 1 to 7 days [78]. The consistent patterns identified in the 
effective lag times between tweets and news headlines further under-
score the temporal dynamics involved in the agenda-setting process. The 
transfer of topics from one platform to the other is not instantaneous but 
takes time for the influence to manifest. 

Moving to the affective level, our analysis revealed fewer instances of 
Granger causations in valence trends compared to cognitive attributes. 
Furthermore, when the transfer of valence occurred from tweets to news 
headlines, the affective lag time was relatively faster, with examples 
such as one day observed for Topic 4 and Topic 5. In contrast to the 
transfer of cognitive attributes indexed by topic, the transfer of affective 
attributes indexed by valence demonstrated weaker patterns. This 
discrepancy can be attributed, in large part, to the neutral valence 
typically associated with news headlines, as the pursuit of objectivity 
has long been a fundamental principle in news coverage. 

Table 2a 
Granger analysis of topic size trends in the tweets and news headlines from 
January 1, 2020, to April 30, 2021.   

Tweets to news headlines News headlines to Tweets 

Topic Vectors Chi- 
Square 

Lag 
time 

P-value Chi- 
Square 

Lag 
time 

P-value 

1 People’s views 5.75 2 
days 

.056 24.53** 5 
days 

<0.001 

2 Efficacy and 
rollout 

9.13 7 
days 

.244 22.40** 5 
days 

<0.001 

3 Vaccine access 26.43** 6 
days 

<0.001 29.41** 5 
days 

<0.001 

4 Research and 
risk 

19.02** 6 
days 

.004 15.05* 6 
days 

.02 

5 Vaccine 
eligibility 

16.64* 6 
days 

.011 15.92** 4 
days 

.003 

6 Vaccination 
status 

20.93** 2 
days 

<0.001 15.72** 5 
days 

.008 

7 Vaccine 
appointment 

25.52** 6 
days 

<0.001 12.31 6 
days 

.055 

8 Reopen 
economy 

18.18** 6 
days 

.006 11.32 7 
days 

.125 

9 Age and issues 11.72 7 
days 

.110 16.65* 6 
days 

.011 

10 Resident care 21.51** 5 
days 

.001 15.11* 6 
days 

.019 

11 Feeling and 
side-effect 

9.23* 3 
days 

.026 1.72 1 
days 

.189 

12 Children and 
concern 

17.83* 7 
days 

.013 7.59 3 
days 

.055 

13 Student and 
campaign 

4.96 2 
days 

.084 15.02* 7 
days 

.036 

*P <0.05. 
** P <0.01. 

Table 2b 
Granger analysis of topic valence trends in the tweets and news headlines from 
January 1, 2020, to April 30, 2021.   

Tweets to news headlines News headlines to tweets 

Topic Vectors Chi- 
Square 

Lag 
time 

P- 
value 

Chi- 
Square 

Lag 
time 

P- 
value 

1 People’s view 20.87** 6 
days 

.002 1.38 1 
days 

.240 

2 Efficacy and 
rollout 

1.95 1 
days 

.162 2.29 2 
days 

.318 

3 Vaccine access 1.49 1 
days 

.222 5.88 6 
days 

.436 

4 Research and 
risk 

9.67** 1 day .002 9.98 6 
days 

.125 

5 Vaccine 
eligibility 

10.35** 1 day .001 0.61 1 
days 

.433 

6 Vaccination 
status 

8.10 5 
days 

.151 1.68 1 
days 

.195 

7 Vaccine 
appointment 

3.19 4 
days 

.526 3.80 2 
days 

.150 

8 Reopen 
economy 

2.83 2 
days 

.242 4.98 2 
days 

.083 

9 Age and issues 3.30 4 
days 

.509 13.91** 4 
days 

.008 

10 Resident care 7.08 5 
days 

.215 9.17 7 
days 

.241 

11 Feeling and 
side-effect 

4.56 3 
days 

.207 9.55* 4 
days 

.049 

12 Children and 
concern 

7.94* 3 
days 

.047 7.77* 2 
days 

.021 

13 Student and 
campaign 

7.96 7 
days 

.336 6.21 7 
days 

.515 

*P <0.05. **P <0.01. 
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In summary, our study provides an in-depth examination of how elite 
news media and social media platforms, especially Twitter, reciprocally 
influence the public conversation surrounding COVID-19 vaccines. It 
enriches agenda-setting theory by uncovering the complex, multifaceted 
interactions between these media in shaping both the cognitive and 
emotional dimensions of the vaccine discourse. Consistent with prior 
research, we find that elite media outlets like The New York Times and 
The Washington Post significantly influence healthcare narratives. 
However, our study goes further, examining the second level of agenda- 
setting, which allows us to explore not only the topics themselves but 
also the public’s perception and emotional engagement with these 
topics. Our analysis shows that COVID-19 vaccination is a complex and 
multifaceted issue. Elite media tends to have a greater impact on topics 
of societal importance related to COVID-19 vaccination, whereas 
Twitter discussions, particularly those focusing on personal impact and 
emotions, often influence the coverage of these topics in traditional 
media. By applying the agenda-setting theory within the public health 
context, we highlight the critical role of both cognitive and emotional 
elements in shaping public perception and response. These findings offer 
valuable guidance for public health officials and communication strat-
egists in crafting informative and emotionally resonant messages and 
utilizing communication channels effectively. Understanding these 
agenda-setting dynamics is increasingly vital in the evolving media 
landscape for effective public health communication, particularly in 
times of crisis. 

Limitations 

This study employed computational methods to identify cognitive 
and affective attributes related to the COVID-19 vaccine issue across 
Twitter discourse and two elite newspapers. Granger causality tests were 
subsequently employed to quantify the dynamic agenda-setting effects 
by examining the time series pairs of topic sizes and their corresponding 
valences between the two platforms. However, it is important to 
acknowledge certain limitations in interpreting the Granger causality 
tests. 

While Granger causality tests suggest a causal relationship, it is 
crucial to note that the observed findings should not be construed as 
indicating that Twitter discourse "causes" traditional news topic atten-
tion, or vice versa. It is possible that traditional news and Twitter 
operate based on their unique characteristics and responsiveness to 
global events, rather than one directly influencing the other in a causal 
manner [60]. 

Furthermore, the generalizability of the findings is limited by the 
focus on the English language and the inclusion of US-based newspapers 
and tweets. The dynamics of agenda-setting and the relationship be-
tween platforms and news sources may differ in other languages and 
cultural contexts. Including data from a broader range of countries and 
languages would enhance the external validity of the findings. 

Additionally, the computational methods used to analyze cognitive 
and affective attributes rely on algorithms and models, which may have 
inherent limitations and biases. Likewise, the operationalization of 
content valence as a floating score ranging from -1 to 1 has limitations 
when studying the impact of specific emotions on dynamic agenda- 
setting effects. It does not allow for a nuanced examination of how 
particular emotions, such as fear expressed on Twitter, influence sub-
sequent news reporting or vice versa. Future studies could explore the 
influence of specific emotions on agenda-setting processes in the context 
of public health. 

It is also important to acknowledge that the COVID-19 pandemic and 
related discussions are constantly evolving. The study’s findings are 
based on a specific time period and may not capture the entirety of the 
discourse or reflect subsequent developments or shifts in public opinion. 
Similarly, the sampling rate of every 24 hours in the time series may 
have limited the ability to capture more granular phenomena occurring 
within a single day. More frequent sampling intervals could provide a 

more detailed understanding of agenda-setting dynamics. 
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