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Twitter is a powerful tool for world leaders to disseminate public health information and to
reach citizens. While Twitter, like other platforms, affords world leaders the opportunity to
rapidly present information to citizens, the discourse is often palitically framed. In this study,
we analysed how leaders’ of the Five Eyes intelligence sharing group use Twitter to frame
the COVID-19 virus. Specifically, four research questions were explored: 1) How frequently
did each leader tweet about COVID-19 in 20207 2) Which frames emerged from tweet
content of each leader regarding COVID-197 3) What was the overall tweet valence of each
leader regarding COVID-197 and 4) To what extent can leaders’ future tweets be predicted
by the data? We used natural language processing (NLP) and conducted sentiment
analysis via Python to identify frames and to compare the leaders’ messaging. Results
showed that of the leaders, President Trump tweeted the most, with Prime Minister
Morrison posting the least number of tweets. The majority of each leaders’ tweets were
positive, while President Trump had the most negative tweets. Predictive modelling of
tweet behavior was highly accurate.

Keywords: twitter, framing, natural language processing, sentiment analysis, COVID-19

INTRODUCTION

In March 2020, the World Health Organization (WHO) declared COVID-19 a global pandemic.
Since December 2019, more than 170 million people have been infected with the virus and more than
3.5 million have died (Johns Hopkins Coronavirus Resource Center, updated daily). As the virus
spread, billions went into lockdowns. Schools were shut down, businesses closed, international travel
virtually halted, and many people transitioned to work from home. As governments and citizens
grapple with lockdowns and social distancing, people have increasingly used social media to
communicate their thoughts, opinions, beliefs, feelings and information about the virus (Wicke
and Bolognesi, 2020). Similarly, leaders have increasingly turned to social media as a platform to
disseminate information about the virus, government response plans, to promote public health, and
to connect with citizens (Hubner, 2021; Rufai and Bunce, 2020).

During the COVID-19 pandemic, Twitter hashtags such as #coronavirus, #COVIDI19,
#pandemic, and others multiplied as people began to debate, discuss, and discover the COVID-
19 world. Twitter has become a powerful tool for world leaders to disseminate public health
information and to reach its citizens. Rufai and Bunce (2020) for example found that of the G7 world
leaders, only Angela Merkel did not have a Twitter account, while the leaders of Canada, France,
Italy, Japan, the United Kingdom, and the United States were active users. Though Twitter, like other
platforms, affords leaders (and other users) the opportunity to rapidly present information to
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citizens, the discourse is often politically framed (Burch et al,
2015; Ross and Caldwell, 2020). COVID-19 is one such issue that
has been politically framed via media (traditional and social), as
the pandemic has become a health, economic, and political issue
(Croucher et al., 2020; Hubner, 2021).

This study explores how the leaders of the “Five Eyes” nations
framed the COVID-19 discourse. The “Five Eyes” is a multilateral
intelligence sharing and gathering group including the U.S,
United Kingdom, Australia, New Zealand (NZ), and Canada.
At the end of World War II, the United Kingdom and the U.S.
signed the British-U.S. Communication Agreement (BRUSA),
later known as UKUSA. The UKUSA initially focused on
intelligence gathering about the Soviet Union. Canada joined
the alliance in 1948, followed by Australia and New Zealand in
1956 (Pfluke, 2019). The group’s members gather and share
intelligence information vital to defence planning and
responding to global crises (Craymer, 2021). During the
COVID-19 pandemic, the group expanded their coordination
to focus on providing consular assistance, increased sharing of
scientific information, and joint economic responses to the
pandemic (Manch, 2020). Of the Five Eyes nations, only the
NZ leader is not active on Twitter.

In comparison, the other four leaders are active users of
Twitter for connecting with their citizens and communicating
urgent messages such as public health and pandemic messaging.
Previous research shows social media messaging has framed
COVID-19 in various ways (Cinelli et al, 2020; Wicke &
Bolognesi, 2020), sometimes facilitating or hindering public
health efforts (Oladap et al, 2020). This article applies
sentiment analysis to the Twitter activity of the Five Eyes
leaders to how they framed COVID-I19.
Understanding how political leaders convey messages via
platforms like Twitter will help inform future real-time public
policy and crisis messaging.

examine

FRAMING

The practice of media and politicians framing information or
news is widely documented and shown to impact public opinion
(e.g., de Vreese, 2004; Scheufele, 1999; Wicks, 2005). Frames are
mental schemas that enable processing of information. The
communicative process of framing is when frames or issues
are presented “in such a way as to promote a particular
problem definition, causal interpretation, moral evaluation,
and/or treatment recommendation” (Entman, 1993, p. 52).
The framing process is the selection of, and emphasis on,
particular aspects of reality (frames) and making those more
salient to the audience. Consistent use of frames helps guide
audiences and publics towards certain perspectives on issues.
Focusing on news events, Gamson and Modigliani (1989)
described framing as emphasising specific aspects of reality
while pushing other aspects into the background. de Vreese
and Lecheler (2012) identified two types of frames used in the
coverage of an issue: generic or issue-specific frames. Generic
frames are ones that cross-thematic areas/topics and are
applicable in all situations. Issue specific frames are ones that
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are relevant only to a specific topic or event, such as framing of
the Vancouver riots on Twitter (Burch et al., 2015), or world
leaders’ response to COVID-19 on Twitter (Wicke & Bolognesi,
2020).

In addition, the valence or the extent to which media frames
are positive or negative in nature has a significant effect on the
persuasiveness of framing (Levin et al, 1998). It is through
framing messages that political leaders are able to influence
opinions and attitudes on a particular issue (Cappella &
Jamieson, 1997; Levin et al., 1998).

Strategic framing approaches the analysis of strategic messages
looking across who is communicating, what they are saying (here,
the content of the tweet), the receiver, and the culture (Guenther,
et al,, 2020). The focus of the frame is to understand what is
foregrounded and what is neglected in the message. For this study
we focus specifically on how these leaders are composing their
tweets on COVID-19, though there is the potential for future work
to explore a larger corpus that includes the threaded conversations.

Unlike more traditional mass media, social media provide a
sense of immediacy, connectedness and dialogue (Papacharissi,
2016). Frames draw on wider knowledge, memory, and attitude,
and thus are shaped over time. Twitter is also dialogic, meaning
frames are amplified, reinforced and refined. Therefore, to
understand how leaders use frames, it is necessary to look at
their social media activity over a significant period to assess the
nature and influence of the frames brought to bear on individual
and collective messaging strategies.

Prior research has also found a relationship between frames
propagated via Twitter and frames emerging in mainstream
media (An et al, 2012; Moon and Hadley, 2014). Twitter
informs not only general publics and populations, but also
journalists who construct news out of the Twitter message or
even the tweet itself. Though only a handful of studies have
explored this link (Nerghes and Lee, 2019), it suggests the
importance of understanding the frames of Twitter messaging
in dynamic and complex situations such as that of the evolving
pandemic crisis. That political actors carefully compose tweets to
appeal to certain frames is already well-understood (Johnson, Jin,
and Goldwasser, 2017). While earlier studies used manual
techniques to explore the emerging frames, large data
techniques are only now being used to develop insight into
Twitter frames by exploring the sentiment of the language
used as representative of the frames being foregrounded.

Political leaders and public actors use Twitter as a key
communication space due to its directness and immediacy. As
Hemphill, Culotta, and Heston (2013) note, Twitter frames
different from mass media frames in that Twitter frames are
direct from key sources. As such, they reflect direct attempts to
influence public opinion and debate and to help shape what is
included and excluded in the public imagination. Furthermore,
Twitter frames were often most clearly applied to divisive or
complex issues (Hemphill et al., 2013). By creating a consist frame
over time through regularly repeating key phrases and language,
maintaining tone and sentiment, and focusing on clear priorities,
political leaders can use Twitter to steer the national conversation
onto what they see as the main priorities in what are complex and
dynamic issues, including pandemics.
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Prior research has looked at how Covid-19 has been framed on
Twitter generally (Dubey, 2020), for or against specific groups or
populations (Shurafa, Darwish, and Zaghouani, 2020; Wicke and
Bolognesi, 2021), or within limited contexts (Wicke and
Bolognesi, 2020). Few studies have compared Twitter use
during the pandemic between national leaders.

STUDY RATIONALE

Research has demonstrated the ability of framing to influence
public opinions and attitudes on issues. While framing research
has mainly focused on traditional media, social media platforms
like Twitter have been shown to be platforms for framing. As the
world has grappled with COVID-19, many world leaders took to
social media platforms, such as Twitter to communicate with
their citizens. The language used by world leaders is significant in
shaping and guiding public health measures (Rufai and Bunce,
2020). The Twitter messaging from world leaders, as well as the
public, in 2020 ranged from informative, to political, to negative
(Wicke and Bolognesi, 2020). Thus, in line with suggestions to
further clarify how COVID-19 is framed (Rufai & Bunce, 2020;
Wicke & Bolognesi, 2020), and building off of methodological
developments using sentiment analysis and natural language
processing to explore human language and communication
(Burscher et al, 2014; Evans et al., 2019; Oz, et al., 2018;
Havens, and Bisgin, 2018) we pose the following research
questions about the Twitter behaviour of the Five Eyes leaders
regarding COVID-19:

RQI: How frequently did each leader tweet about COVID-19
in 2020?

RQ2: Which frames emerged from tweet content of each leader
regarding COVID-192

RQ3: What was the overall tweet valence of each leader
regarding COVID-19?

RQ4: To what extent can leaders’ future tweets be predicted by
the data?

METHOD

This research explores leaders’ opinions on Twitter, regarding
the COVID-19 pandemic through sentiment analysis using
natural language processing (NLP). Data were processed in
Python and visualized through Excel. Twitter boasts 330
million monthly active users, which allows leaders to reach a
broad audience and connect with their people without
intermediaries (Tankovska, 2021). Sentiment analysis
involves monitoring emotions in conversations on social
media platforms. Sentiment analysis uses NLP to make sense
of human language and machine learning (Klein et al., 2018).
Sentiment analysis is the process of mining meaningful patterns
from textual data. This kind of analysis examines attitudes and
emotions, and gathers information about the context so to
predict and make accurate computational decisions based on
large textual datasets. One method of sentiment analysis assigns
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polarity to a piece of text, for example, positive, negative, or
neutral (Agarwal et al., 2011). Connecting sentiment analysis
tools directly to Twitter allows researchers to monitor tweets as
and when they come in, 24/7, and get up-to-the-minute insights
from these social mentions. Sentiment analysis is gaining in
prominence in communication research (Burscher et al., 2014;
Robles et al., 2020; Rudkowsky et al., 2018). Sentiment analysis
using NLP is a novel and robust form of data analysis used to
understand various frames in media, including Twitter and
other forms of social media (Akyiirek et al., 2020; Luo,
Zimet, and Shah, 2019).

Data Collection

A total of 15,848 posts were collected from the five leaders’
Twitter accounts wusing the Twitter Streaming API
(Application Programme Interface). The Twitter API allows
researchers to access and interact with public Twitter data. We
used the Twitter streaming API (Tweepy) to connect with Twitter
data streams and gather tweets and retweets containing keywords
and hashtags, as well as number of likes and number of retweets
and their posting time from these five leaders. The data selection
frame for all tweets was from January 1, 2020 to December 21,
2020. Johnson (United Kingdom), Trudeau (Canada), Ardern
(NZ) and Morrison’s (AUS) data were successfully collected using
Twitter API streaming.

During data collection in January 2021, Twitter announced
that former President Donald Trump’s (US) Twitter was
suspended permanently on January 8, 2021 (Permanent, 2021).
The suspension meant Trump’s prior tweets were out of public
view. Retweets of the president’s messages were removed from the
forwarding user’s timelines, and quote tweets were replaced with
the message “Account suspended,” and a further sentence was
added saying, “Twitter suspends accounts which violate the
Twitter Rules”. It meant the ability to navigate his likes,
retweets, and quotes of tweets was gone, as was the ability to
see, in one place, all replies to anything he tweeted. Trump’s
data were collected from “Trump Twitter Archive” (Trump,
n.d.). This archive allows the public to search through more than
56,000 tweets posted to his account between 2009 and 2021. The
archive allows the ability to filter tweets by date and the device
used, and also archived the tweets Trump posted and then later
deleted, starting in September 2016 (Where, 2021). Thus, a total
of 11,880 posts, including tweets and retweets containing
keywords and hashtags as well as number of likes and
number of retweets and their posting time, were collected for
this research.

Reviewing the data collected, we realized that NZ Prime
Minister Ardern only posted three tweets over the sample period
and none of them were COVID-19 related. Thus, her Twitter
data was excluded from this study. Moreover, we found
Canadian Prime Minister Trudeau used more than one
language in his tweets, English and French. As both
languages appeared in his tweets, which may affect the
results, we dropped his French-only tweets. However, there
were many tweets that included both English and French,
and these tweets were retained. In the final analysis Trump,
Trudeau, Johnson, and Morrison were included.
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TABLE 1 | Criteria for sentiment level.

Criteria Sentiment polarity
Sentiment Level >0.4 Positive
Sentiment Level <0.1 Negative

Data Processing

Social media data is unstructured and needs to be cleaned before
analysis. TextBlob is the python library for processing textual
data. TextBlob is a high-level library built within the natural
language toolkit (NLTK). First, we conducted a “clean_tweet”
method to remove links, special characters, etc. from each tweet.
Then, we analyzed each tweet to create a TextBlob object; this is a
four step process. First, each tweet is tokenized, i.e. split words
from body of text. Second, stop-words are removed from the
tokens. Stop-words are commonly used words that are irrelevant
in text analysis like: I, am, you, are, etc. Third, part of speech
(POS) tagging is conducted. POS is when each token is analyzed
for only significant features like, adjectives, adverbs. Fourth,
tokens are passed through a sentiment classifier, which
classifies the tweet sentiment as positive or negative by
assigning it a polarity between —1.0 and 1.0.

Pre-processing a Twitter dataset involves a series of tasks like
removing all types of irrelevant information such as emojis,
special characters, and extra blank spaces. It also involves
making format improvements, deleting duplicate tweets, or
tweets that are shorter than three characters. To clean the data
and prepare it for key phrase extraction, we applied the following
pre-processing steps using NLP techniques implemented by
Python. First, declined a utility function to clean the text in a
tweet by removing links and special characters using regex,
including URLs and hashtags. Second, removed all retweets.
Third, removed all non-English tweets, except Trudeau’s
tweets. Fourth, reduced repeated characters (e.g., toooooool
becomes tool). Fifth, removed numeric words.

After the pre-processing tasks were completed, non-English
and duplicated tweets were removed, thereby reducing the total
number of comments to 8,485. We then extracted meaningful
keywords or topics to convey the subject content of the review.
For example, Trump shared a post on 10:20:32 PM 2020-08-31

Number of Tweets

5998
T UMD N 11880

Johnson - gm’3016

1396
Trudeau o’ 2407

Morrison u 32‘6582

0 2000 4000 6000 8000 10000 12000 14000

Cleaned ® Original

FIGURE 1 | Number of tweets.

Sentiment Analysis and Twitter

The Number of Tweets Containing these
Keywords
250 217
200 =
156
150
100
. -
o ] 24
Trump Johnson Trudeau Morrison
. COVID virus ——Total
FIGURE 2 | The Number of Tweets Containing “Covid” and/or “virus”.

(NZDT), and its original content shows “Will be interviewed by
Laura Ingraham (@IngrahamAngle) tonight at 10:00 P.M.
Eastern on @FoxNews. Enjoy!.” After it has been pre-
processed, the special characters, P.M., at, (), and ! were
dropped, the numeric words, 10:00, was dropped, and non-
meaningful words, “will,” “be,” “by,” “at,” and ‘on’, were
dropped as well. So, the remaining text identified as
meaningful keywords for this post is ‘interviewed Laura
Ingraham IngrahamAngle tonight Eastern FoxNews Enjoy.”

Sentiment Level Analysis

To determine opinionated words, a scoring module computes
sentiment level, ranging from -1 to 1 for each post using the
VADER lexicon-based algorithm (Borg and Boldt, 2020).
Afterwards, each theme is assigned a polarity based on the
sentiment level using the criteria in Table 1.

To classify sentiment level, we followed three steps. First, we
created a column with the result of positive or negative attitude
for each tweet. Second, we parsed the tweets, classifying each
tweet as positive or negative. Third, we trained the sentiment
analysis model by tagging each of the tweets as either positive or
negative based on the polarity of the opinion. We defined
sentiment level greater than or equal to 0 as positive words,
and sentiment level less than 0 as negative words.

Positive and negative features are extracted from each positive
and negative review. Training data now consists of labelled
positive and negative features. In the following, we refer to the
data set containing annotations as a corpus, and each annotated
document as a document. Since our goal is to evaluate public
opinion and the impact on the COVID-19 pandemic, we focus on
targeted topics, that is, expressing or suggesting positive or
negative emotions. To use this data for predictive purposes, we
applied eight steps using Python. First, we split the data into two
datasets, including training data, which contains 95% of the data,
and test data, which contains 5% of the data. Second, the X_train
dataset was trained by Vectoriser, which converts a collection of
raw documents into a matrix of TF-IDF features, or a statistical
measure that evaluates how relevant a word/document is within a
corpus. Third, we transformed the X_train and X_test dataset
into matrix of TF-IDF features by using the TF-IDF Vectoriser.
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SENTIMENT DISTRIBUTION
M Postive Negative
FIGURE 3 | Sentiment distribution.

TF-IDF indicates what the importance of the word is in order to
understand the dataset. Fourth, we evaluated model function.
Fifth, we ran a Bernoulli Naive Bayes (BernoulliNB) model},
linear Support Vector Classification (LinearSVC) model, and
logistic regression (LR) model. Sixth, we evaluated model
accuracy. Seventh, we selected the model of best fit. Eighth, we
computed and plotted a confusion matrix.

RESULTS

Frequency of Tweets

Verified Twitter accounts of four final subjects were identified as
active accounts. Originally, 15,848 tweets were collected from
these four national leaders and after data processing, 8,485 tweets
were left for further analysis. The detailed distribution of tweets
for each leader are shown in Figure 1 above.

As shown in Figure 1, Trump is the most active Twitter user
amongst the leaders by a significant margin; he tweeted 11,880
tweets in 2020. The other leaders tweeted much less. Morrison
tweeted 452 times, which is the least among the four leaders. The
number of Trump’s cleaned tweets dropped to 5,998, which is
almost half of its original data. This indicates he has either
retweeted a significant amount or shared URLs in his tweets
without other content in the tweets.

Figure 2 shows the number of tweets that contain two
keywords, COVID and virus, which are words directly related
to the COVID-19 pandemic. Trump mentioned these two words
217 times in 2020, ranking the highest amongst the four national
leaders. However, considering the total number of tweets posted
throughout the year in the cleaned dataset and compared with the
other three leaders, he did not tweet these two words the most per
tweet. Johnson and Trudeau used “COVID” and “virus” on their
Twitter frequently. As shown in Figure 1, Johnson, the Prime
Minster of the United Kingdom, who only shared 723 COVID-19
related tweets mentioned both COVID and virus 129 times in
2020, 17.84% of his total posts. Similarly, Morrison’s COVID and
virus related Twitter sharing accounts for 14.13% and Trudeau’s
makes up to 11.17%. Trump’s was only 3.6%. Thus, we can see

'Naive Bayes is a conditional probability model.
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that although Trump has used these two words 217 times, overall,
he did not use these words as frequent per tweet. The more
detailed discussion of this frequency is presented in the
implications.

Tweet Sentiment

Figure 3 displays the sentiment distribution of the four national
leaders. Trudeau shared the most positive tweets, accounted for
9.24%. Trumps’ Twitter had the most negative tweets, accounting
for 22.6% in total. Except for Trump, the other three leaders all
shared more than 85% positive tweets.

Expanding on the sentiment analysis, Table 2 shows the most
common words when emotional value is scaled from positive to
negative in these four leaders’ tweets. Table 3 shows the 10 most
common positive and negative words used by the four leaders. It
is worth mentioning that “bushfire,” “today,” “us,” and "fake” are
top 10 negative words used by Morrison, Trudeau, Johnson, and
Trump, respectively. It is interesting that NLP automatically
categorized the word “us” as a negative word. Similarly,
“Australia” and “today” were labelled as positive words.

Predictive Modelling

We plotted a confusion matrix to understand the predictive
nature of our models (Rameshbhai and Paulose, 2019). After
testing the model fit, linear support vector classification model
(SVC) was the most parsimonious. The confusion matrix and
model accuracy for each leader is displayed in Table 4. We ran
linear SVC modelling to conduct the confusion matrix. For a
step-by-step guide to SVM and NLP see Rameshbhai and Paulose
(2019). As shown in Table 4, both Trump and Trudeau’s models
achieve at least 92% accuracy while classifying the sentiment of a
tweet. These results indicate these two models predict at least 92%
of their future Twitter posts. Morrison’s model forecasts 74% of
his future posts.

DISCUSSION

In a digital global media landscape, the social media activities of
political leaders has become an increasingly important source of
information, perspective, and reassurance for their populations
(Stier et al., 2018; Tromble, 2018). As our data show, high
profile political leaders can have follower counts into the
millions, granting them an extensive, always-on point of
contact with their citizens and a global audience, and one
that can be used to reassure or inflame. In times of crisis, these
tweets are authoritative messages from those nominally in
charge in a crisis and can help set the tone of public
reaction, and guide what constitutes a legitimate part of the
discussion.

However, Twitter messages are by design brief and do not
allow for significant information density, so how leaders tweet can
be just as important as what is tweeted (Ceron et al., 2014; Hong,
Choi, & Kim, 2019). These on-going flow of these micro-
messages from leaders to publics help set the tone of public
debate and steer the conversation in different ways which have a
significant effect in a crisis. Our research suggests some
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TABLE 2 | Most common words when the emotion value positive and negative separately.

Word-cloud for positive tweets

Morrison S
Name g O O d
Shinzo
. ** sharing
aroundsophle women
hey _un
Trudeau Tr
wishes evéryone
incredible thank
celebrat
best
111
Johnson amp spoke
great% beautiful
people
Trump

interesting implications for the frames found in Twitter use by the
Five Eyes leaders in the midst of a global pandemic.

The results revealed Trump tweeted the most, with Morrison
posting the least number of tweets (RQI). A variety of positive
and negative frames emerged from each leaders’ tweets (RQ2),
with the majority of each leaders’ tweets being positive. However,
President Trump had the most negative tweets (RQ3). Predictive
modelling is 73.91-92.54% accurate in predicting future tweets
about COVID-19 from these leaders (RQ4).

Word-cloud for negative tweets

news

dtype

object

remember
us

Canada

aujourd d

measureterrible

Alexey

1d killing

wor

— Shameful

Trump’s tweets stood out in the data, both in terms of volume
of overall messages and negative sentiment in the sample, but
perhaps most interestingly in the comparatively infrequent use of
terms “covid” and “virus.” One possible explanation was Trump
was using different language to shift the frame away from these
more neutral, scientifically ground terms. Another possible
explanation is that by adopting a negative frame, he was
attempting to elicit stronger attitude certainty and support, in
this case in opposition to scientific advice. This would also

TABLE 3 | Top 10 most common positive and negative words from each politician.

Positive words

Negative words

Morrison Trudeau Johnson Trump
0 australia De Today great
1 today Et coronavirus amp
2 australians La Thank thank
3 thank Les Nhs people
4 support L People big
5 coronavirus Le Country vote
6 australian Pour Fantastic biden
7 jobs Des Uk Election
8 new Canada Virus new
9 amp En Must country

Morrison Trudeau Johnson Trump
Bushfires today us fake
Australia canada difficult news
Today business people biden
Time past know people
Awful de tough joe
News need past never
Small la hard democrats
Heart work uk media
People people attack bad
condolences keep lives even
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TABLE 4 | Confusion matrix and model accuracy.

SVC model confusion matrix

Morrison
Confusion Matrix
-15
True Neg False Pos
w 2 435% 26.09% -12
-
T Z =9
>
©
Trudeau 2 -6
< False Neg True Pos
2 0.00% 69.57% !
] 3
&
' ' -0
Negative Positive
Predicted values
Confusion Matrix
-250
- razlslclf'os
¢ = ) - 200
=
o =
= -150
©
=
i1
< | False Neg 100
4 5.36%
2 -
8 50
Neq‘anvc FOSI‘(IVC
Predicted values
Confusion Matrix
- 120
- 100
A True Neg False Pos
" 4 138% 13.79%
£l i”
o =
>
Johnson = -60
|
<
< d False Neg True Pos 0
2 138% 83.45%
Z -20
&
Negiitwe Posn‘twe
Predicted values
Confusion Matrix
-250
True Neg False Pos
2 46.75% 211%
o & - 200
2 g
© =
> =
Trump = 150
©
=]
<
< d False Neg True Pos i
kS 5.36% 45.78%
8 -50

Negative Positive

Predicted values
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Model accuracy (%)

73.91

92.53

84.83

92.53

support the finding of strong negative sentiment across Trump’s
tweets and a messaging style at odds with other global leaders.

The other leaders in our sample took a more positive tone,
reflecting messages of gratitude and support as part of their
overall COVID-related twitter activity. However, closer

examination of the data suggest some possible analytical
issues, with both bilingual phrasing and common terms like
“Australia” for the Australian Prime Minister both being
coded with a positive sentiment. Even with this result, the
data suggest a generally positive framing from all but the U.S.
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leader in the sample over a considerable period of
tweeting time.

This suggests a strategic choice by these leaders to use a more
positive frame to influence opinion and action (such as to encourage
compliance with lockdowns) and reserve more negatively-coded
words to reflect on tragedy and loss of life, as seen in Table 3. The
choice of positive frames here may in part be explained as an attempt
to guide the national conversation away from seeking “blame” for
the pandemic towards a collective approach necessary to support the
public health strategies required to manage a pandemic.

Research exploring political leaders’ framing of COVID-19 have
shown leaders’ framing of COVID-19 significantly shapes how the
public understands the virus (Rufai and Bunce; Wicke and
Bolognesi, 2020). Our findings suggest that, apart from Trump,
most other Five Eyes leaders adopted frames that stress social
cohesiveness and positively present compliance with often stressful
social demands such as lockdowns as the norm.

While leaders’ via social media frame the virus in varied ways,
the use of Twitter, which provides instant dialogue with world
leaders, demonstrates the significant ability of social media to
influence public opinions and attitudes on issues. Future research
should expand past identifying these frames and explore how
these frames influence how publics, including other Twitter users
and mainstream media actors such as journalists, perceive/
understand issues, such as COVID-19.

As noted, this research uncovered issues with how sentiment
analysis coded terms (such as bilingual content), and this needs to
be addressed by future research. This will be particularly
important for any future research that engages with bilingual
content or tweets in languages other than English. Future
research could expand beyond the Five Eyes group, which
represents a reasonably homogeneous content sample, to a
wider set of political leaders who tweet or otherwise
microblog. Additionally, while this sentiment analysis
identified the frames of the Five eyes leaders, future research
could expand on this work by exploring these frames within each
nations’ political, and socio-economic ideological foundations.
Understanding the frames deployed by Five Eyes leaders in their
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