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Summary
Background The literature has identified various factors that promote or hinder people’s intentions towards COVID-
19 vaccination, and structural equation modelling (SEM) is a common approach to validate these associations. We
propose a conceptual framework called social media infodemic listening (SoMeIL) for public health behaviours.
Hypothesizing parameters retrieved from social media platforms can be used to infer people’s intentions towards
vaccination behaviours. This study preliminarily validates several components of the SoMeIL conceptual
framework using SEM and Twitter data and examines the feasibility of using Twitter data in SEM research.

Methods A total of 2420 English tweets in Toronto or Ottawa, Ontario, Canada, were collected from March 8 to June
30, 2021. Confirmatory factor analysis and SEM were applied to validate the SoMeIL conceptual framework in this
cross-sectional study.

Findings The results showed that sentiment scores, the log-numbers of favourites and retweets of a tweet, and the log-
numbers of a user’s favourites, followers, and public lists had significant direct associations with COVID-19
vaccination intention. The sentiment score of a tweet had the strongest relationship, whereas a user’s number of
followers had the weakest relationship with the intention of COVID-19 vaccine uptake.

Interpretation The findings preliminarily validate several components of the SoMeIL conceptual framework by testing
associations between self-reported COVID-19 vaccination intention and sentiment scores and the log-numbers of a
tweet’s favourites and retweets as well as users’ favourites, followers, and public lists. This study also demonstrates
the feasibility of using Twitter data in SEM research. Importantly, this study preliminarily validates the use of these
six components as online reaction behaviours in the SoMeIL framework to infer the self-reported COVID-19
vaccination intentions of Canadian Twitter users in two cities.
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Introduction
Throughout the COVID-19 pandemic, social media have
played a substantial role in shaping public perceptions
and attitudes towards COVID-19 vaccination.1,2 As a
result of extreme interventions such as lockdowns to
contain COVID-19 transmission before vaccines were
available, people have increasingly connected and relied
on digital channels, such as social media, to receive
information related to COVID-19. Although social me-
dia platforms can be useful tools for disseminating ac-
curate and helpful information, they also fuel vaccine
hesitancy.1–6 The spread of misinformation about
COVID-19 vaccines has been a breeding ground for
vaccine hesitancy given conspiracy theories and other
*Corresponding author.
E-mail address: zahid.butt@uwaterloo.ca (Z.A. Butt).

www.thelancet.com Vol 70 April, 2024
misleading information regarding vaccine safety and
efficacy, polarization, and emotions, which can easily go
viral and create doubts among users.1–6 In addition to
typical online questionnaires or qualitative analysis, re-
searchers have applied machine learning (ML) or arti-
ficial intelligence (AI) techniques to investigate and
better understand public discourse and sentiments and
infer people’s COVID-19 vaccine intentions.7–9 The
World Health Organization coined the term “social
listening” to describe such activities and deployed its
Early AI-Supported Response with Social Listening
(EARS) platform during the pandemic.10

Social listening studies have adopted existing the-
ories from health behaviours, communication, and
1
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Research in context

Evidence before this study
Typical structural equation modelling (SEM) research has used
online surveys to examine people’s intentions to accept
COVID-19 vaccines during the pandemic. Various theories,
such as the health belief model and the theory of planned
behaviour, have been commonly adopted in previous
research. However, existing theories have limitations given
the complex information ecosystems in modern societies,
especially social media. We propose social media infodemic
listening (SoMeIL) as a conceptual framework for public
health behaviours. However, validation of the proposed
conceptual framework is needed. Since this framework is
developed according to social media, it requires the use of
social media data. However, social media data, such as Twitter
data, have rarely been used in SEM research, although they
have been analysed in other studies that have investigated
people’s intentions or behaviours in relation to the COVID-19
vaccination.

Added value of this study
The findings of this study indicate significant statistical
relationships between COVID-19 vaccination intention and
several components derived from Twitter, including a tweet’s
sentiment score, the numbers of a tweet’s favourites and
retweets, and the numbers of Twitter users’ favourites,
followers, and public lists. Therefore, this study provides a
preliminary validation of the proposed SoMeIL conceptual
framework. This study also demonstrates the feasibility of
using Twitter data rather than survey data in SEM research.
For public health contexts, some indicators on Twitter, such
as the numbers of likes and shares, can be used to infer

Canadian Twitter users’ vaccination behaviours in real life.
Therefore, the findings of this study can be adopted and
expanded to forecast vaccination coverage for vaccine-
preventable diseases. This approach can also help to tailor
communication strategies and address specific issues based on
Twitter users’ discussions and online behaviours to effectively
reach different groups. The SoMeIL conceptual framework can
be extended to other areas, such as symptom reports or
behavioural patterns, to aid in public health decision-making
and resource allocation. By integrating social media platforms
such as Twitter into pandemic preparedness, health
organizations and government agencies can harness their
potential as powerful tools to engage with the public, address
health misinformation, and effectively respond to crises,
ultimately helping to mitigate the impact of future
pandemics. Similar to other pandemic surveillance platforms,
the SoMeIL conceptual framework can provide real-time
monitoring and surveillance since social media data can
complement traditional surveillance methods and help public
health authorities respond quickly to potential outbreaks.

Implications of all the available evidence
Our findings preliminarily validate the proposed conceptual
framework and show that social media data from Twitter can
be used in SEM research. The best model demonstrates that
the four variables derived from Twitter can be used as proxies
linked to Canadian Twitter users’ intentions to receive the
COVID-19 vaccine. However, additional studies are needed to
further confirm the proposed conceptual framework with
different model specifications and social media data.
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behavioural sciences.7–10 However, these models have
limitations, and they do not truly reflect current complex
information ecosystems. The literature includes various
social listening studies that investigate the impacts of
exposure to information circulated on social media
platforms on individuals’ intentions or behaviours in
relation to COVID-19 vaccination.11 This research has
generally been conducted using surveys and statistical
analyses, such as structural equation modelling (SEM),
to identify associations.12–17 SEM has been widely used to
investigate factors that influence people’s intentions or
attitudes towards the COVID-19 vaccination through the
use of different theories as well as latent and multiple
dependent variables.12–17 A distinctive feature of SEM is
its incorporation of latent variables, which are theoret-
ical constructs that cannot be directly observed or
measured but are inferred from a set of measured in-
dicators, such as intentions or perceptions.12–17 SEM al-
lows researchers to investigate complex relationships
among variables, both observable and latent, and offers
a practical and flexible tool for understanding complex
structural associations. SEM represents an advanced
statistical technique beyond typical regression analysis.
Regression analysis is a special type of SEM that typi-
cally focuses on understanding the relationship between
one dependent observable variable and at least one in-
dependent observable variable. Unlike regression
models, SEM allows multiple dependent variables to be
included in the modelling simultaneously.12–17 This en-
ables researchers to explore not only direct relationships
but also indirect relationships, often referred to as paths,
among various observable or latent variables.12–17

Therefore, SEM is particularly well suited for testing
multiple hypotheses for various associations within a
complex phenomenon. For example, several studies
have adopted health behavioural theories, such as the
health belief model (HBM), theory of planned behaviour
(TPB), and extended parallel process model (EPPM), to
investigate factors that encourage or discourage COVID-
19 vaccine uptake.12–17 In general, respondents are more
likely to be vaccinated as a result of a perceived higher
risk of being infected with the COVID-19 virus, perceive
greater benefits of vaccines, or subjective norms.12–17

Online surveys have been primarily used in SEM
www.thelancet.com Vol 70 April, 2024
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research given their advantages such as cost effective-
ness, easy administration, global outreach, and effi-
ciency.18 However, survey research involves the
limitations of nonresponse bias, recall bias, assumed
honesty, respondents’ misunderstanding or misinter-
pretation of questions, and others.18 Although social
media data have been used in numerous COVID-19
social listening studies,7,10 it is rare to find SEM
studies that use social media data. Although researchers
can apply ML or AI techniques to analyse large amounts
of social media data, such studies do not demonstrate
statistical relationships in the same way as SEM.

Accordingly, a new conceptual framework, social
media infodemic listening (SoMeIL) for public health
behaviour, has been proposed to address multifaceted
health infodemics on social media.19 The SoMeIL con-
ceptual framework theorizes that social media users’
online reaction behaviours can indicate their intentions
to receive COVID-19 vaccines, for example.19 In other
words, parameters derived from social media platforms,
such as the number of likes and shares of a given post,
can be used as proxies for social media users’ self-
reported intentions towards COVID-19 vaccination in
real life. Given our interest in social media and its
critical role in health infodemics and thus people’s be-
haviours, it is important to directly use social media data
to validate such associations. SEM has been commonly
used to validate conceptual frameworks where latent
variables involve survey data,12–17 but social media data
have not been directly and extensively used in SEM
analysis. Although many studies have investigated how
social media has influenced people’s intentions towards
COVID-19 vaccination, most previous studies have
relied on questionnaires to collect data,12–17 while few
studies have requested that participants provide their
social media posts. The use of social media data is
conceptually similar to typical SEM research with online
surveys since social media data share the same benefits
while mitigating some limitations. Ideally, researchers
can retrieve as many relevant parameters and data as
possible from application programming interfaces
(APIs) on social media platforms. Thus, the sample size
of social media data is generally not an issue. Social
media data may have similar nonresponse biases due to
inactive users or users not on a given social media
platform, but this nonresponse bias can be addressed by
using the numbers of likes, shares, or other parameters
to infer the opinions of inactive social media users. In
addition, when data from multiple social media plat-
forms are collected for studies, it is possible to obtain a
more comprehensive representation of the target audi-
ence. Since researchers do not need to design the
questions, there is no need to assume respondents’
honesty or worry about respondents misunderstanding
or misinterpreting the questions. However, researchers
need to actively screen posts as relevant or irrelevant
after retrieving social media posts. Therefore, this study
www.thelancet.com Vol 70 April, 2024
aims to validate partial components of the SoMeIL
conceptual framework using SEM with Twitter data and
demonstrates the feasibility of using Twitter data in
SEM research.
Methods
Conceptual framework and hypotheses
The objective of this study was to preliminarily validate
online reaction behaviours, intentions, and self-reported
offline reaction behaviours in the proposed SoMeIL
conceptual framework using SEM with Twitter data.
Fig. 1 shows the proposed SEM derived from part of the
SoMeIL conceptual framework and corresponding hy-
potheses. Directly measured variables are represented
by rectangles, and latent variables are represented by
circles. The definitions of the key terms shown in Fig. 1
are presented below.

• Sentiment_score: a continuous value normalized
between −1 (most negative) and +1 (most positive) by
summing positive, negative and neutral scores via
the Valence Aware Dictionary and sEntiment
Reasoner (VADER) for each tweet.20

• Favourite_log: transformed into favourite_log from
favourite_count, which represents the number of
times that a tweet was liked by Twitter users.21

• Retweet_log: transformed into retweet_log from
retweet_count, which represents the number of
times a tweet has been retweeted (i.e., shared).21

• Tweet engagement: a latent variable that represents
engagement activities inferred at the tweet level.

• User_favourites_log: transformed into user_favour-
ites_log from user_favourites_count, which repre-
sents the number of followers the account currently
has.22

• User_followers_log: transformed into user_follo-
wers_log from user_followers_count, which repre-
sents the number of followers the account currently
has.22

• User_friends_log: transformed into user_-
friends_log from user_friends_count, which is the
number of users the account is following (i.e.,
“followings”).22

• User_listed_log: transformed into user_listed_log
from user_listed_count, which represents the num-
ber of public lists that the user is a member of.22 It is
transformed into user_listed_log.

• User engagement: a latent variable that represents
engagement activities inferred at the user level.

• Vaccinated: a tweet that indicates a Canadian Twitter
user’s intention to receive the first dose of the
COVID-19 vaccine.

The health information in this case is from the
massive vaccination campaign that encouraged people
in Canada to receive the first dose of the COVID-19
3
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Fig. 1: Proposed social media infodemic listening for public health behaviour conceptual framework using Twitter data. The components are:
Sentiment score (a continuous value normalized between -1 as most negative and +1 as most positive), Favorite_log (natural logarithm
transformation of favorite counts), Retweet_log (natural logarithm transformation of retweet counts), User_favourite_log (natural
logarithm transformation of a user’s favourite counts), User_followers_log (natural logarithm transformation of a user’s follower
counts), User_friends_log (natural logarithm transformation of a user’s friend counts), User_listed_log (natural logarithm trans-
formation of the number of public lists that the user is a member of), User engagement (a latent variable that represents engagement
activities inferred at the user level), Vaccinated (a tweet indicating a user’s intention to receive the first dose of the COVID-19 vaccine),
H1 (Hypothesis 1), H2 (Hypothesis 2), H3 (Hypothesis 3), H4 (Hypothesis 4), H5 (Hypothesis 5), H6 (Hypothesis 6), H7 (Hypothesis 7), H8

(Hypothesis 8), and H9 (Hypothesis 9).
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vaccine. Online reaction behaviours include sentiment
scores (i.e., emotion in the framework), the log-number
of favourites, the log-number of retweets, the log-
number of user favourites, the log-number of user fol-
lowers, the log-number of user friends, and the log-
number of times a user is listed in a tweet. Offline re-
action behaviour is self-reported vaccination or not in a
tweet. We theorized positive associations for all hy-
potheses as follows:

• H1: There is a significant relationship between a
tweet’s sentiment score and tweet engagement.

• H2: There is a significant relationship between the
log-number of a tweet’s favourites and tweet
engagement.

• H3: There is a significant relationship between the
log-number of a tweet’s retweets and tweet
engagement.

• H4: There is a significant relationship between tweet
engagement and COVID-19 vaccination.

• H5: There is a significant relationship between the
log-number of a user’s favourites and user
engagement.
• H6: There is a significant relationship between the
log-number of a user’s followers and user
engagement.

• H7: There is a significant relationship between the
log-number of a user’s friends and user engagement.

• H8: There is a significant relationship between the
log-number of a user’s public lists and user
engagement.

• H9: There is a significant relationship between user
engagement and COVID-19 vaccination.

Data collection
This study utilized a cross-sectional design since we
were interested in understanding COVID-19 vaccination
behaviours among adults in Toronto and Ottawa when
the first dose of COVID-19 vaccines became available via
online appointments. English tweets related to the
COVID-19 pandemic from March 8 to June 30, 2021,
were retrieved via Twitter’s Academic API using the
keywords and hashtags listed in Table S1
(Supplementary Materials). This process resulted in
approximately two billion tweets. Next, the tweets were
narrowed to those that included “Toronto” or “Ottawa”
www.thelancet.com Vol 70 April, 2024
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in tweets or in users’ locations to gather as many tweets
as possible in Toronto or Ottawa, Ontario, Canada. This
approach was used to address missing geolocations
indicated in the literature23 and resulted in approxi-
mately four million tweets.

To prepare for the subsequent sentiment analysis,
Twitter handles (i.e., @username), uniform resource
locator links (URLs), punctuation, stop words, and
retweets were removed in accordance with existing
studies.24,25 Then, the words in a tweet were converted to
their most general form24,25 using the Natural Language
Toolkit (NLTK) package version 3.8.1.26

Measures
In addition to tweets, the other directly measured in-
dependent variables were added and then transformed
using the natural logarithm given the presence of zeros
since the natural logarithm of one is zero. The variables
were subsequently grouped to represent the latent
dependent variables, tweet engagement and user
engagement, as shown in Fig. 1 and based on the
SoMeIL conceptual framework.

To prepare for the dependent variable “vaccinated”
shown in Fig. 1, a subset of the four million tweets was
created by retrieving tweets that included “appoint,”
“jab,” “shot,” and “vaccin.” We manually reviewed and
labelled tweets “1” if users explicitly self-reported that
they were seeking or waiting for a vaccine appointment
or if they were already vaccinated with the COVID-19
vaccine. Tweets were labelled “0” if users explicitly
self-reported that they were hesitant or against the
COVID-19 vaccine. Other tweets were excluded if they
did not include explicit expressions about the COVID-19
vaccination or if they were news, although these were
still relevant to the overall pandemic and vaccine rollout
in Canada. The subset ultimately included 2420 English
tweets with 2420 unique users, which was comparable
to the sample sizes of survey respondents in the existing
SEM literature.12–17

Statistical analysis
Descriptive statistics, such as means or frequencies,
standard deviations, and Spearman correlations, were
used to describe the measures in the proposed model
(Supplementary Materials Tables S2 and S3, respec-
tively), except for the latent variables. Spearman corre-
lations were calculated to account for outliers and
nonnormal distributions in some measured variables
even after the data transformation via the natural loga-
rithm (Supplementary Materials Appendix A).

Confirmatory factor analysis (CFA) with diagonally
weighted least squares (DWLS), also known as robust
WLS, was used to test the “fit” of the observed variables
for each latent variable. The robust WLS was specified
because some measured variables still violated the
normal distribution assumption after the data
transformation.27–29 For each CFA model, variables were
www.thelancet.com Vol 70 April, 2024
removed until the fit indices, including chi-square,
comparative fit index (CFI), goodness of fit (GFI),
adjusted goodness of fit (AGFI), Tucker–Lewis index
(TLI), and root mean square error of approximation
(RMSEA), were acceptable. For the CFI, GFI, AGFI and
TLI, ≥0.90 is generally considered acceptable and ≥0.95
is considered good. An RMSEA ≤0.08 is
recommended.30,31

After CFA, SEM was performed to test the proposed
model (Model 1) in Fig. 1 with the DWLS and the same
recommended criteria for the fit indices. Model 1 was
optimized if the model fit indices suggested that better
models could be found according to the proposed con-
ceptual framework and correlation matrix. All the data
analyses were performed in Juypter Notebook, available
in Anaconda version 4.3.3, with the semopy package
used for CFA and SEM.32,33

Ethical approval
This study was approved by the University of Waterloo
Office of Research Ethics (#43961).

Role of funding source
This study was supported by the 2023-24 Ontario Grad-
uate Scholarship awarded by the Government of Ontario
in Canada. The funding source had no role in study
design, data collection/analyses/interpretation, manu-
script preparation, or submission at all. All authors had
full access to all of the study data and took final re-
sponsibility for the decision to submit for publication.

Results
The descriptive statistics and correlations of the
measured variables are shown in Table S2 and Table S3
(Supplementary Materials), respectively. The results of
CFA are shown in Table 1. The latent variable “twee-
t_engagement” was saturated, and the latent variable
“user_engagement” had good fit indices except for the
RMSEA, which was greater than the recommended
0.08. When both latent variables were combined in the
full measurement model, CFA revealed borderline fit
indices that were close to the acceptable cut-off points.
The RMSEA of the full-measure model also decreased
slightly.

Given the borderline CFA results using DWLS and
Twitter data instead of typical surveys, we decided to test
Model 1 using SEM. Fig. 2 presents Model 1, and the
model fit indices are shown in Table 1. As Fig. 2 illus-
trates, two hypotheses, H2 and H6, were not supported
because they did not have a statistically significant as-
sociation. Instead, SEM suggested that the log-number
of a tweet’s favourites and the log-number of a user’s
followers were fixed in the model as references:

• H1: There is a significant relationship between a
tweet’s sentiment score and tweet engagement
(p < 0.05).
5
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Tweet_engagement User_engagement Complete measurement model

Degrees of freedom 0 2 13

chi-square p valuea – <0.05 <0.05

CFI 0.98 0.97 0.88

GFI 0.98 0.97 0.88

AGFI – 0.90 0.80

NFI 0.98 0.97 0.88

TLI – 0.91 0.80

RMSEA ∞ 0.12 0.12

CFI: comparative fit index. GFI: goodness of fit. AGFI: adjusted goodness of fit. NFI: Non-Normed Fit Index. TLI: Tucker–Lewis index. RMSEA: root mean square error of
approximation. aThe chi-squared p value is not recommended for consideration regardless of the SEM because it is heavily influenced by the sample size.

Table 1: Fit statistics for each latent variable and full measurement model.
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• H2: There is a significant relationship between the
log-number of a tweet’s favourites and tweet
engagement (p value not provided).

• H3: There is a significant relationship between the
log-number of a tweet’s retweets and tweet engage-
ment (p < 0.05).

• H4: There is a significant relationship between tweet
engagement and COVID-19 vaccination (p < 0.05).

• H5: There is a significant relationship between the
log-number of a user’s favourites and user engage-
ment (p < 0.05).
ig. 2: Model 1 results according to the proposed conceptual framework.
alue normalized between -1 as most negative and +1 as most positi
ounts), Retweet_log (natural logarithm transformation of retweet cou
ser’s favourite counts), User_followers_log (natural logarithm transfo
ogarithm transformation of a user’s friend counts), User_listed_log (
hat the user is a member of), User engagement (a latent variable th
accinated (a tweet indicating a user’s intention to receive the first d
• H6: There is a significant relationship between the
log-number of a user’s followers and user engage-
ment (p-value not provided).

• H7: There is a significant relationship between the
log-number of a user’s friends and user engagement
(p < 0.05).

• H8: There is a significant relationship between the
log-number of a user’s public lists and user
engagement (p < 0.05).

• H9: There is a significant relationship between user
engagement and COVID-19 vaccination (p < 0.05).
*p < 0.05. The components are: Sentiment score (a continuous
ve), Favorite_log (natural logarithm transformation of favorite
nts), User_favourite_log (natural logarithm transformation of a
rmation of a user’s follower counts), User_friends_log (natural
natural logarithm transformation of the number of public lists
at represents engagement activities inferred at the user level),
ose of the COVID-19 vaccine).

www.thelancet.com Vol 70 April, 2024
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The fit indices of Model 1 in Table 2 indicated that
the model could be optimized. According to the results
from CFA and SEM for Model 1, it was hypothesized
that instead of two latent variables, one might be better.
Fig. 3 shows the final SEM (Model 2) after model re-
visions based on the proposed conceptual framework.
That is, instead of two latent variables representing
engagement activities at the tweet and user levels, one
latent variable, “VaxIntent,” was proposed to represent
Canadian Twitter users’ intentions to be vaccinated
against COVID-19. The model indices of Model 2 are
also included in Table 2. According to Model 2, the log-
number of a user’s friends was removed, and the
remaining variables had statistically significant re-
lationships with the latent variable. Nonetheless, it was
not straightforward to interpret the estimated co-
efficients and standard errors when the variables were
transformed with the natural logarithm. Therefore,
Tables S4 and S5 (Supplementary Materials) show the
coefficients and standard errors for each variable in
Model 1 and Model 2, respectively, after the estimates
were converted back.
Discussion
The present study was conducted to preliminarily eval-
uate the online reaction behaviours, emotions, in-
tentions, and self-reported offline behaviours proposed
in the SoMeIL conceptual framework.19 According to the
SoMeIL conceptual framework,19 sentiment scores as
emotions, the log numbers of a tweet’s favourites and
retweets, and users’ favourites, followers, and public
lists, as online reaction behaviours, were investigated
using SEM to assess their relationships with self-
reported COVID-19 vaccination, as an offline reaction
behaviour, with a total of 2420 English tweets. As shown
in Table S4 (Supplementary Materials), most variables
in Model 1 had positive associations. However, the re-
lationships between a tweet’s sentiment score and tweet
engagement, between the number of a tweet’s retweets
Model 1 Model 2

Degrees of freedom 18 20

Chi-square p valuea P < 0.05 1.0000

CFI 0.8321 1.0079

GFI 0.8287 1.0000

AGFI 0.7335 1.0000

NFI 0.8267 1.0000

TLI 0.7388 1.0106

RMSEA 0.1219 0.0000

CFI: comparative fit index. GFI: goodness of fit. AGFI: adjusted goodness of fit.
NFI: Non-Normed Fit Index. TLI: Tucker–Lewis index. RMSEA: root mean square
error of approximation. aThe chi-squared p value is not recommended for
consideration regardless of the SEM because it is heavily influenced by sample
size.

Table 2: Model fit indices for Model 1 and Model 2.

www.thelancet.com Vol 70 April, 2024
and tweet engagement, and between tweet engagement
and vaccination could vary. Similarly, in Model 2, the
association between the number of a user’s followers
and COVID-19 vaccination intention could be positive
or negative (Table S5 in the Supplementary Materials),
whereas other variables in Model 2 had positive associ-
ations with the latent variable. However, Model 2 was
the best model according to the fit indices shown in
Table 2, and all the variables in Model 2 had statistically
significant relationships despite one unstable variable.
According to Model 2 (Table S5 in the Supplementary
Materials), the sentiment score had the strongest posi-
tive relationship with COVID-19 vaccination intention,
followed by the number of public lists to which a user
belonged. The number of followers had the weakest
association with COVID-19 vaccination intention.

Overall, Model 2 provides preliminary results that
validate the partial components of the SoMeIL concep-
tual framework given the significant associations. That
is, variables derived from Twitter could be used to infer
Twitter users’ intentions to receive the COVID-19 vac-
cine, which was the latent variable. The sentiment score,
which was calculated via VADER sentiment analysis,23

represented emotions and was significantly associated
with the literature.2,12–17 In other words, Twitter users
who generally expressed positive sentiments towards the
COVID-19 vaccine were more likely to be vaccinated
again during the pandemic.2,12–17 The other variables
exhibited similar relationships. The more favourites and
retweets a tweet received or the more favourites, fol-
lowers, or public lists a user received, the more likely the
user was to accept the first dose of the COVID-19 vac-
cine, although the number of a user’s followers could
have a negative effect in some cases.

Surprisingly, it appeared that outliers had little
impact on SEM since Model 2 met all the recom-
mended criteria of the fit indices. In fact, when outliers
were removed or replaced with medians, none of the
structural equation models converged. This outcome
remained unchanged even after different combina-
tions of the measured variables were tested. For
example, “favourite_log” was excluded because it
became useless after its outliers were removed or
replacing with its median, which was zero. This
approach allowed the variable to include only zeros
since nonzero values were outliers. Even after
“favourite_log” was excluded, the other SEMs still
failed to converge. Therefore, we hypothesized that
without the “favourite_log” variable, the remaining
data would not fit the SEM well.34,35 Therefore,
although the assumption of no outliers in SEM was
violated in the current study, the outliers actually
included important information that should not be
removed from the modelling. Given the nature of so-
cial media data, outliers could be legitimate since some
tweets could receive more likes or shares or some users
could have more followers or likes than others.
7
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Fig. 3: Model 2 results after Model 1 is optimized. *p < 0.05. The components are: Sentiment score (a continuous value normalized
between -1 as most negative and +1 as most positive), Favorite_log (natural logarithm transformation of favorite counts), Retweet_log
(natural logarithm transformation of retweet counts), User_favourite_log (natural logarithm transformation of a user’s favourite
counts), User_followers_log (natural logarithm transformation of a user’s follower counts), User_friends_log (natural logarithm
transformation of a user’s friend counts), User_listed_log (natural logarithm transformation of the number of public lists that the user
is a member of), User engagement (a latent variable that represents engagement activities inferred at the user level), Vaccinated (a
tweet indicating a user’s intention to receive the first dose of the COVID-19 vaccine).

Articles

8

In addition to the preliminary validation of the partial
components within the SoMeIL conceptual framework,
this study may be the first to use only Twitter data in
SEM research. The findings show promise for the use of
Twitter data in SEM research with proper theoretical
frameworks, but there are several limitations. First, the
generalizability of this study was limited since it did not
include Twitter users who were excluded from the data
or non-Twitter users. Furthermore, SEM was conducted
in a cross-sectional manner, so it offered only a snap-
shot of the entire pandemic. In the future, longitudinal
SEM could be performed. However, unlike surveys, re-
searchers have no control over the frequency of people’s
tweeting behaviours. Some very active users might tweet
daily, whereas others might tweet sporadically. Consid-
erable effort would be required to find enough users
with similar tweeting frequencies to conduct a longitu-
dinal SEM study, although this would not be impossible.
The quality of the data was another major limitation. For
example, users’ demographic information, such as sex
and gender, was not available to the researchers unless
users self-identified their demographic information on
their Twitter profiles. Extensive manual identification or
complex ML or AI techniques are required to retrieve or
infer users’ complete demographic characteristics from
Twitter data.36,37 This could lead to even fewer repre-
sentative samples since the majority of Twitter users do
not include demographic information in their profiles.
Additionally, there are other methods for calculating
sentiments,8,9 although VADER sentiment analysis has
commonly been used.23 The data transformation via the
natural logarithm also limited the data quality due to
information loss. In general, log transformations are not
recommended for count data despite their common
usage in linear models such as regressions and SEM.34,35

Instead, modelling count data with Poisson or negative
binomial distributions is recommended.35 Nonetheless,
Poisson or negative binomial distributions have not
been made available in open-source SEM packages, such
as the semopy package.32,33 We mitigated this concern by
using the DWLS to analyse data that did not meet the
normal distribution assumption.27–29,34,35 Finally, ecolog-
ical fallacy is a disadvantage in a SEM study. In other
words, the findings should not be interpreted at the
individual level.

Despite these limitations, this study confirmed that
Twitter data can be useful for SEM research and
partially and preliminarily validated the SoMeIL con-
ceptual framework.19 That is, parameters retrieved from
Twitter as online reaction behaviours can be used to
infer Twitter users’ self-reported intentions, which can
be used as a proxy for users’ vaccination behaviours in
real life. For future research, we plan to apply ML or AI
techniques to correctly classify self-reported offline
www.thelancet.com Vol 70 April, 2024
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reaction behaviours to scale up the data sample. Alter-
natively, instead of self-reported offline reaction behav-
iours derived from Twitter, other data on offline
reaction behaviours can be collected and analysed to
further validate the SoMeIL framework. Alternatively,
different social media data can be collected, such as
videos and images, to study how the SEM approach and
the SoMeIL conceptual framework can be applied. For
example, as in typical SEM research, future studies can
design questionnaires to collect participants’ de-
mographic information and request that participants
voluntarily give social media posts to researchers to
investigate how participants’ online and offline reaction
behaviours are associated with their demographic in-
formation. However, we acknowledge that collecting
social media has become increasingly difficult for re-
searchers since social media platforms have started to
restrict their API access.

This study provided preliminary validations of parts of
the SoMeIL conceptual framework. The results showed
that the six variables retrieved from Twitter had statisti-
cally significant relationships with the latent variable,
which could be used as a proxy for Twitter users’ self-
reported COVID-19 vaccination uptake. This study also
demonstrated that it is feasible to use Twitter data in
SEM research. However, further studies are needed to
examine other SEM approaches and other social media
platforms to further validate the SoMeIL conceptual
framework. As social media have been integrated into
people’s daily lives worldwide, their dominance will in-
crease the impact of health infodemics. As a result, in
addition to conventional channels such as surveys or
word of mouth, it is crucial to “listen to” public discourse
on different social media platforms and address
emerging confusion, questions, and even misinforma-
tion in a timely manner.10 As this study illustrates, several
indicators on Twitter, such as the numbers of likes and
shares, can be used to infer the vaccination behaviours of
Toronto and Ottawa Twitter users in real life. Therefore,
this approach can be adopted to forecast vaccination
coverage for future vaccine-preventable diseases. This
approach can also help tailor communication strategies
and address specific issues based on Twitter users’ dis-
cussions and online behaviours to effectively reach
different groups.38,39 The SoMeIL conceptual framework
can be extended to other areas, such as symptom reports
or behavioural patterns, to aid in public health decision-
making and resource allocations.40 By integrating social
media platforms such as Twitter into pandemic pre-
paredness, health organizations and government au-
thorities can harness their potential as powerful tools to
engage with the public, address health misinformation,
and effectively respond to crises, which can ultimately
help to mitigate the impact of future pandemics.38,39

Similar to the WHO’s EARS platform,10 the SoMeIL
conceptual framework can be implemented as a way to
provide real-time monitoring and surveillance. The
www.thelancet.com Vol 70 April, 2024
literature has shown that social media can be used for the
early detection of emerging health threats and to track
misinformation trends.7,10,11 Social media data can also
complement traditional surveillance methods and help
public health authorities respond quickly to potential
outbreaks.

Overall, this study provides a preliminary yet quan-
tifiable method to examine social listening based on
components of the SoMeIL conceptual framework. It is
recommended that future pandemic preparedness
recognize the substantial roles of social media in
shaping public perception, disseminating information,
and influencing behaviours during a health crisis.
Incorporating social media into pandemic preparedness
strategies can enhance communication, information
sharing, and response efforts.
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