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Examining spread of emotional political content
among Democratic and Republican candidates
during the 2018 US mid-term elections
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Previous research investigating the transmission of political messaging has primarily taken a

valence-based approach leaving it unclear how specific emotions influence the spread of

candidates’ messages, particularly in a social media context. Moreover, such work does not

examine if any differences exist across major political parties (i.e., Democrats vs. Repub-

licans) in their responses to each type of emotional content. Leveraging more than 7000

original messages published by Senate candidates on Twitter leading up to the 2018 US mid-

term elections, the present study utilizes an advanced natural language tool (i.e., IBM Tone

Analyzer) to examine how candidates’ multidimensional discrete emotions (i.e., joy, anger,

fear, sadness, and confidence) displayed in a given tweet—might be more likely to garner the

public’s attention online. While the results indicate that positive joy-signaling tweets are less

likely to be retweeted or favorited on both sides of the political spectrum, the presence of

anger- and fear-signaling tweets were significantly associated with increased diffusion among

Republican and Democrat networks, respectively. Neither expressions of confidence nor

sadness had an impact on retweet or favorite counts. Given the ubiquity of social media in

contemporary politics, here we provide a starting point from which to disentangle the role of

specific emotions in the proliferation of political messages, shedding light on the ways in

which political candidates gain potential exposure throughout the election cycle.
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Introduction
“Thinking we’re only one signature away from ending the
war in Iraq” (Obama, 2007)1

The tweet above, sent by Senator Barack Obama in April
2007, launched the very first Twitter campaign for a pre-
sidential election (Newkirk, 2016), providing an early

glimpse into how social media might shape politics in the years to
come (e.g., Becatti et al., 2019; Casteltrione and Pieczka, 2018). A
decade later, with more than 154 million users utilizing Twitter
daily (Pew Research Center, 2019), this platform has become an
important resource for political candidates to conduct campaigns,
gain direct access to potential voters, and strategically gauge
constituents’ preferences in real-time (Straus et al., 2016). Given
that all US Senators adopted Twitter during the 115th Congress
(2017–2018; Congressional Research Service, 2018), recent stu-
dies have devoted considerable attention to the social media
platform’s expanding power in contemporary politics (e.g., Ger-
vais et al., 2020; Gross and Johnson, 2016).2 The ubiquity of the
post-and-share Twitter paradigm (Lyons and Veenstra, 2016), for
example, has provided an unprecedented opportunity for candi-
dates to engage an almost limitless number of followers and
spread their messaging on a large scale (Hixson, 2017), attracting
those most likely to vote, and offering the potential to expand
their political clout throughout the election cycle (e.g., Druckman
et al., 2007; 2010; Galdieri et al., 2017; Thurber et al., 2000).

Though numerous studies identify the widespread use of social
media in political circles (e.g., Becatti et al., 2019; Casteltrione and
Pieczka, 2018), less is known about what types of emotional
messaging have a broad reach on such sites. Past research on the
topic has largely taken a valence-based approach (Rodríguez-
Hidalgo et al., 2015), revealing a positive-negative asymmetry in
which negative content tends to be more effective at increasing
voter turnout or choice (see Levin et al., 1998 on motivating
supporters to participate, and see Miller et al., 2016 on fun-
draising). The 2018 US mid-terms, for example, were found to be
a notably antagonistic election (Gervais et al., 2020; Nai and
Maier, 2020), in which tweets containing emotional terms by
politicians frequently generating worldwide attention, regardless
of whether the content was deemed to uncivil or offensive
(Thurber et al., 2000). Since broad campaigning tactics (e.g., what
to post and when) can be carefully crafted (Gross and Johnson,
2016; Nai and Maier, 2020), a large body of work has identified
that the incentive to embrace negative rhetoric is stronger
(compared to traditional media) for candidates seeking all
available venues to gain an edge through emotional appeals (see
Druckman et al., 2010 for a review of negative posting strategies
over three election cycles and Brady et al., 2017, 2019 for sup-
porting evidence).

Specific emotions in retweeting
Specific positive and negative emotions have unique properties
and may be distinguishable from one another (e.g., anger vs.
sadness), regardless of the homogeneity of their valence. Anger,
for example, is often considered a motivator, promoting action,
whereas sadness reduces motivation, promoting withdrawal
(Lerner et al., 2015; Lerner and Tiedens, 2006). Such work (e.g.,
Frijda, 1986) has been invaluable and highlights the importance
of disentangling how distinct emotional messaging might shape
behaviors differently. However, to the best of our knowledge, this
has not been systematically examined in the context of social
media politicking. Leveraging 7310 original Twitter messages
from Senate candidates in the lead up to the 2018 US mid-term
elections, we utilize an advanced natural language processing tool
(i.e., IBM Tone Analyzer) to explore two important questions: (a)
Are certain types of emotional content (i.e., joy, anger, fear,

sadness and confidence) more likely to capture the public’s
attention, thereby driving the spread of candidates’ messages (i.e.,
be directly retweeted or favorited) through social media net-
works?; and (b) if so, is this pattern similar or different across the
political party divide (i.e., Democrats vs. Republicans)?

Although some argue that retweeting is random (e.g., Shi et al.,
2020), the scarce research focusing on the influence of specific
emotions for online behavior suggests that anger-inducing
information tends to be the most likely content prompting user
engagement (e.g., retweeting or favoriting) or attracting feedback
(see Brady et al., 2017; Brady and Crockett, 2019). A recent report
(Rose-Stockwell, 2018) found that when streams of political
outrage and vitriol became the primary products of social media
feeds during the 2016 US election, messages employing emotional
terms often generated significant worldwide attention in online
debates (see also Hughes and Van, 2018); the more outrageous
words the candidates used, the more coverage they received
(Brady et al., 2019). Similarly, the Pew Research Center (2019)
suggests that certain types of messages (e.g., “things that my friend
is angry about”) often garner more clicks, likes, or retweets. As
Brady and Crockett (2019) noted, since online communication
tools are literally just a few keystrokes, a person’s threshold for
responding to negativity is probably lower than in offline con-
versations, i.e., the individual directly involved is neither con-
fronted with the same physical risks, nor do they risk the same
reputational damage.

Despite a nascent body of work showing that anger-charged
content tends to promote the proliferation of messages online
(e.g., Hughes and Van, 2018; Rose-Stockwell, 2018), thus far,
there is little systematic research examining whether messages
conveying other forms of negative emotion, such as fear and
sadness, attract the same degree of attention in online political
discourse. Existing research on the topic has mainly focused on
the content of candidates’ campaigns (e.g., Nai and Maier, 2020;
Straus et al., 2016), with limited analyses of the responses evoked
among their followers or supporters. Though some research has
assessed the proliferation of fear- or sadness-charged messages
online, such work has focused almost entirely on public health or
crisis communication (e.g., see Rus and Cameron, 2016, for the
negative effects of sadness-related imagery on user engagement
and Schultz et al., 2018, for supporting evidence), leaving it
unclear as to how these emotions spread in the lead up to an
election. Given that tweets expressing either condemnation or
claiming great sadness may both spark a significant volume of
retweets or favorites, it is of considerable interest to see if the
effect truly differs, i.e., whether certain kinds of emotionally
charged messages by candidates are indeed more effective at
promoting online engagement, thus reaching a wider number of
users over the course of a political campaign.

Retweeting patterns between Democrats vs. Republicans
In addition to examining specific emotions on message diffusion,
the present study also explores what differences exist, if any, in
retweeting and favoriting of online emotional content published
by the two main US political parties (Democrats and Repub-
licans). As prior research has found that political parties are
tightly aligned with their ideology, with Democrats and Repub-
licans corresponding closely with liberals and conservatives,
respectively, here we draw on extensive work in the political
psychology of ideology field (see Levendusky, 2009). According to
motivated social cognition (MSC) theory, conservatives (rather
than liberals) tend to be more sensitive to environmental stimuli,
especially those that are negatively valenced (see also Janoff-
Bulmann, 2009). A meta-analysis found the development of the
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conservative political ideology to be particularly associated with
increased intolerance of uncertainty, fearfulness, and perceptions
of risk (among other things; Jost et al., 2003). In a series of
studies, Hibbing and colleagues (2014) came to the same con-
clusion, suggesting that individuals who identify with con-
servative political parties are more responsive (than their liberal
counterparts) to negatively valenced words or images (for details,
see Inbar et al., 2009)—a relationship borne out by longitudinal
(e.g., Bonanno and Jost, 2006), physiological (e.g., Oxley et al.,
2008) and psychological evidence (e.g., Amodio et al., 2007).

However, although much of the literature examined thus far
suggests that conservatives do have a negativity bias, several
studies indicate that such a relationship is considerably more
nuanced (e.g., Choma and Hodson, 2017; Greenberg and Jonas,
2003). For example, Bakker et al. (2020) contradicted the main
findings based on the MSC perspective, reporting that the reac-
tions to environmental stimuli follow a comparable trajectory
regardless of any underpinning ideological orientation (e.g., for
expressing prejudice to an equal degree, see Crawford et al.,
2015). Moreover, a few studies in social and political psychology
even posit an opposing pattern, i.e., people who are relatively left-
wing may respond more strongly to negative stimuli (e.g.,
Crawford, 2017).

Taken together, the findings on the psychological differences
between liberals and conservatives are often mixed. This may be
due to reliance on either self-reported surveys assessing college
students, who may not yet have formed stable political attitudes
(see the review by Crawford et al., 2015), or on behaviors
exhibited in a laboratory experiment, which can be lower in
external validity (Barberá et al., 2015). Additionally, as Choma
and Hodson (2017) suggest, perhaps such long-assumed relations
cannot be reduced to simple statements and should be oper-
ationalized narrowly (Duckitt, 2001; Onraet et al., 2014), with
conservatives reporting more responsiveness to certain types of
negative stimuli and liberals reporting more responsiveness
towards other types. With these considerations in mind, the
current work utilizes an extensive media-based database to
unobtrusively observe user behaviors (e.g., retweets or favorites)
in a naturalistic setting. By looking beyond an approach based
solely on valence, the present study will focus on disentangling
the role that these specific emotions (i.e., joy, anger, fear, sadness,
and confidence) play in driving the online spread of political
information, shedding light on the differences or similarities, if
any, in responses to Democratic and Republican candidates based
on the emotional content of their social media messages. Our data
reveal that joy-related tweets were less likely to be retweeted or
considered a favorite regardless of whether the message came
from Democratic or Republican candidates. However, fear-based

tweets were more likely to garner social media engagement when
posted by Democratic candidates, while anger-based tweets were
more likely to garner engagement when created by Republican
candidates.

Methods
Dataset. The current study employed a Twitter dataset, exam-
ining original messages published by Senate candidates over four
weeks leading up to the 2018 US mid-term elections (09
October–06 November 2018; Election Day: 06 November 2018).
The outcome of this election was significantly important:
depending on how well the Democrats did, the party could regain
control of the legislature against the Republican White House of
Donald Trump (Cohn and Kesterton, 2018).

By pulling directly from a user’s timeline via Twitter API with
Tweepy’s userTimeline function (Hasan et al., 2018), we collected
7310 original posts3 (Democrats: n= 3711; Republicans:
n= 3599) published by 65 Senate candidates across the two
major political parties, including 29 incumbents who were
seeking re-election and 36 significant challengers who have taken
~30% or more of the vote in the final round of elections (for
details, see the Supplementary Table S1). Overall, a total of
35 states were contested in the 2018 US mid-term elections,
including the special elections in Minnesota and Mississippi. Two
states (i.e., Vermont and Wisconsin) were either contested by
third-party candidates (i.e., Independents) or had unavailable
tweets (e.g., tweets sent by a non-verified Twitter account),
leaving 33 states considered for analysis, with each state including
the top-two candidates who received the most votes advancing to
elections (except Maine; for full details on the sampling
procedure, see Supplementary Table S1).

Text pre-processing. Unlike emotions expressed in other textual
sources (e.g., articles, emails, or product reviews), Twitter mes-
sages (a) often utilize a high number of colloquialisms (e.g., FTL
is used in place of the phrase “for the loss”), symbols (e.g., for
anger; for sadness), special characters (e.g., #end-
gunviolencetogether), or letter repetition (e.g., “stroong”), and (b)
can only be a limited length, which has created a new way of
expressing emotion online (Wang et al., 2012).

To convey tweets in a way that optimizes the analysis, we
conducted text pre-processing (Naveed et al., 2011). As Table 1
presents, we removed the URLs and user-mentions (e.g.,
@TOMS), and replaced any character that occurred multiple
times consecutively (e.g., stroong) with the correct spelling of that
word (e.g., strong). As Twitter users often use the hashtag symbol
“#” before a relevant keyword or phrase in their tweet to describe

Table 1 Tweet pre-processing.

Tweet Cleaning functions

Amazing to see @TOMS taking a stroonga stand to support universal background checks and
encouraging customers to #endgunviolencetogether. & amp https://t.co/8h6OA1vUi4

Original tweet was published by Chris Murphy on
22 Nov 2018.

Amazing to see @TOMS taking a stroong stand to support universal background checks and
encouraging customers to #endgunviolencetogether. https://t.co/8h6OA1vUi4

Decoding the complex symbols to simple and
human-readable characters by UTF-8.

Amazing to see @TOMS taking a stroong stand to support universal background checks and
encouraging customers to #endgunviolencetogether.

Removing URL, http, ftp, etc.

Amazing to see taking a stroong stand to support universal background checks and encouraging
customers to #endgunviolencetogether.

Removing a user-mention, including the word fixed
with @.

Amazing to see taking a stroong stand to support universal background checks and encouraging
customers to endgunviolencetogether.

Removing the hashtag and keeping the word
prefixed with #.

Amazing to see taking a strong stand to support universal background checks and encouraging
customers to endgunviolencetogether.

Checking spelling errors with repeated characters.

aWe have modified the original tweet by replacing “strong” to “stroong” to present the spelling correction function in this sample.
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a topic or theme, it would have been risky to remove all the text
included in a hashtag (Hasan et al., 2019). In such cases, we only
removed the special character “#” and kept the keywords that
followed it. In addition, as emoticons (e.g., , , ) are
frequently used online to express emotions that affect
the meaning of the tweet (Hasan et al., 2019; Liu et al., 2012),
the pre-processing work maintained this feature to increase the
accuracy of the analysis.

Detecting emotional rhetoric in tweets using IBM Watson’s
tone analyzer. Over the past decade, while there have been
numerous studies exploring whether the words expressed in
written text provide clues to an individual’s emotional states (e.g.,
Bleich et al., 2021; Young and Soroka, 2012), those studies mainly
focus on textual sources, such as articles, emails, or product
reviews, leaving it unclear how to examine such states in a more
naturalistic environment (IBM Cloud, 2015). Given the unique-
ness of social media expressions, using a traditional approach,
such as counting the word frequency from a built-in dictionary
(e.g., LIWC), may result in low validity due to the lack of
inclusion of sentiment-oriented language in the social media
context (for reviews, see Hutto and Gilbert, 2014).

In 2016, IBM Watson released the Tone Analyzer as a natural
language functionality to detect correlations between the
psycholinguistic features of a given text and a user’s thinking
styles, intrinsic needs, values, and emotional states, especially on
social media (IBM Cloud, 2015). In a digital world full of ever-
expanding datasets (Hutto and Gilbert, 2014), such tools aim to
more accurately and automatically detect those features disclosed
in an online message. Instead of just reading text and counting
the frequency of words associated with different emotions from a
build-in dictionary, IBM’s Tone Analyzer is built on a stacked
generalization-based ensemble framework that uses multiple
machine learning algorithms to classify emotion categories
(IBM Cloud, 2015). Specifically, given a training dataset (e.g.,
2.6 million user requests from Twitter customer-support forums)
and associated emotive tones (e.g., human-annotated; for details,
see IBM Cloud, 2020), such an ensemble framework is built on a
machine learning model that combines several other learning
algorithms (e.g., Logistic Regression, Support Vector Machine,
etc) to better predict new emotionally relevant utterances (e.g., see
Liang and Yi, 2021 for the predictive accuracy in ensembles of
text classification). Leveraging a variety of features, the Tone
Analyzer also considers (a) N-gram features (i.e., allowing the
model to learn occurrences of every two and three-word
combinations to determine the probability of a word occurring
after a certain word; Srinidhi, 2019), (b) lexical features from
various dictionaries (e.g., a base or root word without considering
any prefixes or suffixes), (c) some dialog-specific features, such as
the topic-inferring “thank you” or “apologizing”, (d) several
higher-level features, such as the existence of consecutive question
marks or exclamation marks, or emoticons, and other slang
words commonly used in social media communications (IBM
Cloud, 2017; 2020), and (e) negations in a sentence (e.g., “Not
disappointed in them”; this issue is often solved by a supervised
approach with high-order n-grams to detect special prefixes and
suffixes appended to negation, such as “not”, “!!!” or “?”,
processing those features as negated words) to handle gramma-
tical constructs and drive the accuracy of outputs at both the
sentence and document levels (IBM Cloud, 2016).

With nearly 30% of training samples having more than one
associated tone (IBM Cloud, 2020), it is worth noting that the
Tone Analyzer moves beyond a valence-based model (e.g.,
positive vs. negative) to detect multi-label classifications from
various dimensions. Being trained by a One-vs-Rest classifier (i.e.,

using binary classification algorithms for multi-class classifica-
tion; Brownlee, 2020), the Tone Analyzer gives optimal weight to
certain words, including considerations of sequential importance,
particularly for imbalanced samples (see IBM Cloud, 2020 for a
demonstration of model accuracy).

Once our Twitter corpus was cleaned by the pre-processor, as
stated above, a string of text was sent through the Tone Analyzer
API and a JSON object returned as output (see the Supplemen-
tary Appendix I for a JSON sample). For each given input (e.g., a
tweet), the Tone Analyzer produced a confidence score for every
single predicted tone taken from the following set of dimensions:
Joy, Anger, Fear, Sadness, and Confidence. For example, for the
given text “The NRA has had lawmakers in its pocket for too long
—and our country has suffered the consequences. If we fight
together, if we channel our outrage, our heartbreak and our
frustration, we can take on the NRA and put a stop to this senseless
violence” (Gillibrand, 2018),4 the output is presented as anger
(0.51) and sadness (0.56). Based on the returned scores, the
results illustrate that the text mainly expresses “sadness” and
“anger”, with 56% and 51% confidence, respectively, indicating
that such emotions are likely to be perceived in the content. To
provide a valid predictive result, the Tone Analyzer returns an
emotional tone only when the confidence score is greater than 0.5
(IBM Cloud, 2020). As the input in the Tone Analyzer can be
processed either on an individual sentence basis or for the entire
block of text, to simplify the tone features gathered in our
analysis, here we used the entire block of text as the given input
(see the Supplementary Appendix II for a large sample of tweets
processed by IBM’s Tone Analyzer).5

Twitter engagement. Several studies investigating social media
indicate that political candidates have given considerable atten-
tion to online posts and their engagement metrics (Brady et al.,
2019; 2020). Twitter, for example, has proven to be one of the
most valuable sources of information for political advertising as it
allows references to appeal for votes or soliciting financial support
—although the company has recently updated the policy to
prohibit certain political content (for details, see Twitter, 2021).
The ubiquity of its accessibility, coupled with the ease of pub-
lishing multimedia materials, has created a platform on which
candidates can engage an almost limitless number of followers
and drive their speech spreading on an unprecedented scale
through the connected world of social media (Park, 2013).

Several activities in response to tweets, such as replies, retweets
(including direct retweets and retweets with additional commen-
tary—currently known as “quote tweets”) and favorites (currently
known as “likes”) are commonly used as measures of engagement
in the digital realm (Park, 2013; Sainudiin et al., 2019). Here, our
analysis focuses on direct retweets and favorites as these often
represent endorsement or trust in the message organizer (Park,
2013; Sainudiin et al., 2019), while quoted tweets and replies to
tweets can capture a broad range of meanings (e.g., expressing
divergent opinions, ridicule, satire; Park, 2013). Especially in
political campaigns, direct retweeting and favoriting frequently
occur as a means to support the endorsed candidate or serve as a
way of saying “me too” in response to the original poster (Dang-
Xuan et al., 2013). While numerous studies have examined
retweeting as a political engagement indicator, little is known
about the impact of the distinct emotive content on those
responses specifically, or whether, compared to retweeting, a
similar pattern would emerge when examining the number of
favorites.

By directly pulling tweets from a user’s timeline via Twitter
API using Tweepy’s userTimeline function (Hasan et al., 2018),
we extracted the original retweet and favorite counts attached to
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each message. Due to the limitation of Twitter API,6 it is
important to note that our target predictor of a direct retweet was
met by using API in combination with web-page-scraping to filter
out commented retweets from the total retweets (for full details
on collection approach, see Data Syntax). All other metadata,
including favorite counts, presence of URLs, and the number of
followers and friends of that user, were pulled directly from
Twitter API at the time of data collection
(October–December, 2018).

Statistical models. Given the present sample is organized in a
hierarchical structure (e.g., several tweets sent by the same user),
traditional methods (e.g., linear regression) may return biased
parameter estimates as the assumption of independence is no
longer tenable (Bates, 2010; Doran et al., 2007). This covariance
motivated us to (a) incorporate random factors and (b) char-
acterize the true variances among units within similar groups
(Bates, 2010).

Specifically, by using the lme4 package in R (Bates, 2010), we fit
the linear mixed-effects models to examine which emotional
factors explain the direct retweet and favorite counts (log-
transformed both predictors to reduce skewness), with the
controlling variables (i.e., the number of followers and friends
that a given candidate has, their incumbency status, and the
competitiveness of the race that can potentially influence the
engagement level).7 As our data were measured on different
scales, meaning that variables with a large interval (e.g., the
number of followers) can outweigh variables ranging between 0
and 1 (e.g., emotional factors), we rescaled the data to have values
between 0 and 1 according to equation (1):

x0¼ x�xmin

xmax�xmin

where x′ represents the normalized feature within the range [0,1],
and xmin and xmax represent the minimum and maximum values
of the feature, respectively (Paulson, 1942).

Based on the hierarchical structure, the outcome variance
should be considered as being either within-groups or between-
groups (Bates, 2010). Some candidates may have sent a series of
tweets containing a specific emotion (e.g., anger) much more
often than others, thus the variance within a candidate’s data
sample could be more homogeneous (Doran et al., 2007). To
overcome such a hierarchical structure among observations, we
incorporated random factor grouping by each level of candidate
in conjunction with time effects (aggregated to a week-level factor
to reduce variances; see Supplementary Nested vs. Crossed
Grouping Factors in LMER for more details).

To evaluate how well these random terms fit our model, we
specified various criteria to compare the results with other models
(see Supplementary Model Comparison). Given the lowest value
regarding both Akaike’s Information Criterion (AIC) and
Schwartz’s Bayesian criterion (BIC), results indicate that the
present model is significantly better at capturing the data than
others using different combinations of random factor sets (e.g.,
Democrats: x2(1)= 205.1, p < 0.001; Republicans: x2(1)= 223.3,
p < 0.001). We also measured the distribution for both residuals
and random effects to ensure that the statistical assumptions are
satisfied (see Supplementary Model Diagnostics).

Results
Out of the total original tweets examined in our sample, more
than 13% (n= 969) were retweeted at least 500 times, nearly 40%
(n= 2833) over 100 times, and only less than 1% (n= 6) had zero
retweets (i.e., generated no observable engagement). To measure
whether the spread of online information was driven by a

negativity bias, we examined the effect that each type of emo-
tionally charged message had on the retweet and favorite counts
of both the Democratic and Republican candidates.

Breakdown of emotional content across retweets and favorites.
As Fig. 1a presents, out of the emotionally charged messages
published by Democratic candidates (n= 1952), ~62% of fear-
based content was retweeted over 100 times, with the next highest
rate identified as anger (58%), followed by sadness (55%), con-
fidence (50%), and joy (33%).8 When analyzing those messages
with an especially broad reach (i.e., messages with retweets >500),
a similar pattern was found, with fear tending to be the leading
emotion and having the greatest impact on capturing the public’s
attention (see Fig. 2a for a similar pattern regarding favoriting
levels). As Table 2 shows, fear-based messages published by
Democratic candidates were retweeted an average of 950 times
(s.e.m.= 311.9, 95% CI [316, 1585]), proving to be nearly three
times more effective in motivating action than positive tweets
signaling joy (Mean= 349, s.e.m.= 53.61, 95% CI [244, 454]).
These differences are statistically significant (x2(4)= 90.54,
p < 0.001).

Concerning the dispersal of emotional content among Repub-
licans, although the retweeting levels remained comparatively low
for joy-charged messages, a different pattern emerged in response
to tweets signaling anger and fear in particular (see Fig. 1b). Of all
the emotionally charged messages published by Republican
candidates (n= 1765), ~52% of anger-charged tweets were
retweeted over 100 times, followed by 31% of those conveying
confidence, 30% for joy, and under 25% for tweets conveying fear
or sadness. For those messages with an especially broad reach
(i.e., messages with retweets > 500), anger remained the key driver
most likely to attract subsequent responses when compared to all
other types of emotional content (see Fig. 2b for a similar pattern
regarding favoriting levels). Anger-charged tweets by a Repub-
lican candidate received on average 362 retweets each
(s.e.m.= 106.4, 95% CI [148, 576]), proving to be nearly 1.3
time more effective at motivating responses than those conveying
fear (Mean= 274, s.e.m.= 165.7, 95% CI [34, 614]). Such
differences are statistically significant, as shown in Table 2
(x2(4)= 14.56, p < 0.01).

Predicted effects on retweets and favorites. Controlling certain
variables (i.e., the number of followers and friends that a given
candidate has, their incumbency status, and race competitive-
ness), here, we applied linear mixed-effect models to measure the
emotional factors to respectively predict the direct retweets and
favorites across the political party divide (i.e., Democrats vs.
Republicans). Utilizing the ANOVA function from the
R–lmerTest package, we implemented the Satterthwaite (1941)
approximation to estimate the degrees of freedom for F statistics
and to show the importance of the components (Kuznetsova
et al., 2017).

Although goodness-of-fit metrics like the R-squared value are
well developed, it is worth noting that the application of such
values to correlated data is rare (for reviews, see Pek and Flora,
2018; Rights and Sterba, 2018). To estimate the variance
explained by the selected variables in our model, we applied the
following: (a) a conditional R2 (for methodology development, see
Nakagawa et al., 2013; for implementation, see Lefcheck and
Freckleton, 2016) and (b) the squared correlation coefficient
between the observed and fitted values (Xu, 2003). Overall, with
the conditional R2 and Ω2 ranging from 0.744 to 0.794, ~74 to
80% of variation in the results can be explained by the selected
variables, suggesting a quality model validity structure (Pek and
Flora, 2018; Rights and Sterba, 2018).
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As Figs. 3 and 4 reveal, by adjusting the other variables at a
fixed value, both camps became less inclined to act upon, or
respond to, positive tweets expressing joy, with a negative
association in response to Democratic candidates (predicted
retweets: β=−0.66, s.e.m.= 0.05, 95% CI [−0.75, −0.56], F(1,
3662)= 173.1, p < 0.001; predicted favorites: β=−.35,
s.e.m.= 0.04, 95% CI [−0.44, −0.25], F(1, 3661)= 52.49,
p < 0.001) and Republican candidates (predicted retweets:
β=−0.40, s.e.m.= 0.04, 95% CI[−0.48, −0.29]), F(1,
3364)= 67.04, p < 0.001; predicted favorites: β=−0.18,
s.e.m.= 0.04, 95% CI[−0.26, −0.07]), F(1, 3404)= 12.93,
p < 0.001). However, expressions of neither confidence nor
sadness were associated with the predicted counts, with such
effects identified on both sides of the political spectrum.

Dissimilarities tend to be clearer when examining responses to
the remaining negative emotions. For Democrats, although
messages signaling anger were not significantly associated with an
increase in retweets (β= 0.27, s.e.m.= 0.23, 95% CI [-0.19, 0.74],
F(1, 3656)= 1.29, p= 0.254; see Fig. 3a), candidates’ expressions of
fear had the greatest impact on message diffusion, which was
associated with a significant increase in retweets (β= 0.53,
s.e.m.= 0.22, 95% CI [0.10, 0.98], F(1, 3648)= 5.60, p < 0.05). As
Fig. 3b presents, a similar pattern emerged when examining the
predicted favorite counts, with the more negative the emotions (i.e.,
fear) expressed by Democratic candidates in a given tweet, the
greater the chance that tweet had of getting more likes (β= 0.58,
s.e.m.= 0.21, 95% CI [0.16, 1.01], F(1, 3649)= 7.25, p < 0.01).

In contrast to this outlined pattern, when analyzing the retweet
counts for Republican candidates, fear was found to have no

significant impact on the level of retweets via online social
networks (β= 0.23, s.e.m.= 0.23, 95% CI [−0.28, 0.61]), F(1,
3366)= 0.90, p= 0.342; see Fig. 4a). The results do indicate,
however, that the diffusion among Republicans was driven largely
by the expression of anger (β= 0.60, s.e.m.= 0.18, 95% CI [0.33,
1.06]), F(1, 3343)= 9.90, p < 0 .01). A similar pattern emerged
concerning such effects on the level of favoriting, with the more
negative the emotions (i.e., anger) expressed by Republican
candidates in a given tweet, the greater the chance that tweet had
of getting more likes (β= 0.43, s.e.m.= 0.19, 95% CI [0.16, 0.89]),
F(1, 3381)= 5.22, p < 0.05; see Fig. 4b).

To further explore the asymmetry between Democrats and
Republicans, we examined various features that may encourage
users to interact with tweets (Hasan et al., 2019; Liu et al.,
2012), including the use of hashtags to connect a tweet with
certain topics, handles to interact directly with others, emoji to
emphasize part of the content, or URLs to provide further
information in the limited space. The results show that all
these features had either a non-significant or a negative impact
on the predicted count. For example, tweets containing a user-
mention (e.g., β=−0.32, s.e.m.= 0.04, 95% CI [−0.39, −0.23],
F(1, 3668)= 59. 02, p < 0.001) or URL (e.g., β=−0.44,
s.e.m.= 0.06, 95% CI [−0.56, −0.30], F(1, 3604)= 41.85,
p < 0.001) were significantly less likely to be retweeted or
favorited when shared by Democratic candidates, whilst
publishing a hashtag was negatively and significantly asso-
ciated with the predicted counts achieved by candidates at both
ends of the political spectrum (e.g., Democrats: β=−0.23,
s.e.m.= 0.04, 95% CI [−0.31, −0.13], F(1, 3673)= 24.96,

Fig. 1 Retweeting rates of emotionally charged messages. Retweeting rates of messages containing emotional content published by a Democratic vs.
b Republican candidates. Error bars are derived to estimate the proportion between the upper and lower limits (proportion ± standard error).
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p < 0.001; Republicans: β=−0.16, s.e.m.= 0.04, 95% CI
[−0.18, −0.02], F(1, 3389)= 13.34, p < 0.001).9

Discussion
Though numerous studies investigating the transmission of
political information identify candidate preferences on social

media (e.g., Auter and Fine, 2016; Nai and Maier, 2020; Straus
et al., 2016), little is known about how distinct emotions might
specifically influence the spread of politicians’ messages on such
sites. By looking beyond an approach based solely on valence, the
current study addresses this gap through an extensive analysis of
how candidates present—in terms of the multidimensional

Fig. 2 Favoriting rates of emotionally charged messages. Favoriting rates of messages containing emotional content published by a Democratic vs.
b Republican candidates. Error bars are derived to estimate the proportion between the upper and lower limits (proportion ± standard error).

Table 2 Comparison of emotive posts on retweets and favorites.

Average counts of retweet

Democrats Republicans

Mean (s.e.m.) 95% CI Mean (s.e.m.) 95% CI

Joy 349 (53.61) [244, 454] 227 (47.12) [135, 320]
Anger 429 (114.7) [198, 659] 362 (106.4) [148, 576]
Fear 950 (311.9) [316, 1585] 274 (165.7) [34, 614]
Sadness 383 (48.66) [288, 479] 240 (74.54) [94, 387]
Confidence 631 (75.99) [482, 781] 271 (35.66) [147, 287]

x2(4)= 90.54, p < 0.001a x2(4)= 14.56, p < 0.01
Average counts of favorite
Joy 1389 (251.7) [895, 1883] 698 (132.2) [439, 958]
Anger 1257 (372.9) [508, 2007] 815 (286.9) [238, 1391]
Fear 3112 (902.6) [858, 5385] 623 (375.2) [4, 1391]
Sadness 1060 (138.6) [787, 1332] 703 (226.3) [258, 1149]
Confidence 2179 (286.5) [1616, 2742] 618 (105.8) [410, 826]

x2(4)= 51.48, p < 0.001 x2(4)= 9.85, p < 0.05

aStatistically significant difference is based on Kruskal–Wallis test; H0= population medians are equal.
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discrete emotions displayed in a given tweet— tends to be more
likely to capture the public’s attention online. Leveraging more
than 7000 original messages published by Senate candidates
leading up to the 2018 US mid-term elections, results suggest that
positive joy-signaling tweets were less likely to be retweeted or
favorited on both sides of the political spectrum, whereas the
presence of anger- and fear-based tweets were significantly
associated with increased diffusion among Republicans and
Democrats, respectively. Neither expressions of confidence nor
sadness were associated with retweet or favorite counts.

These findings advance recent research (Brady et al., 2017;
2020; Brady and Crockett, 2019) showing an asymmetric pattern
in that negative posts tend to be more effective at mobilizing or
alienating voters than positive posts (e.g., Auter and Fine, 2016;
Druckman et al., 2010; Gervais et al., 2020). Such work suggests
that when negativity spreads online, they may become more easily
accessible and require less effort to respond to (compared to
traditional medium; Druckman et al., 2010). As evidenced by
Brady et al. (2020), such diffusion is often reinforced within
liberal and conservative ideological bubbles, minimizing the
likelihood of backlash from the opposing side (Brady and
Crockett, 2019), and offering potential to encourage both the
candidates and their supporters to engage in harsh rhetoric with
little concern for confronting sanctions (see also Nai and Maier,
2020). Recent work (e.g., Gervais et al., 2020; Gross and Johnson,
2016) highlights that the negative tendencies in social media
campaigning might be reinforced in the Trump era and con-
sistently yield mixed consequences. While some studies present
the essential and occasionally virtuous characteristics of negative

communication (e.g., Mattes and Redlawsk, 2015), it is important
to note an ever-expanding polarization and political extremism in
this digital age that may cause more harm than good to our public
discourse (e.g., Bekafigo et al., 2019; Druckman et al., 2007; 2010;
Wilson et al., 2020).

Though the positive-negative asymmetry in the spread of
political messaging is clear, our current analysis of specific
emotions reveals that not all negative emotions work in the same
way and that the diffusion of patterns may vary across the poli-
tical divide. Specifically, prior research reveals that anger is
associated with approach and reward-related motivations; for
example, the experience, expectation, and perception of anger
often coincide with activities and behaviors that promote action
instead of flight (Carver and Harmon-Jones, 2009; Frijda, 1986).
Contrary to Janoff-Bulmann (2009) view of conservatives as
avoidance-motivated or prevention-focused, here we found
messages with anger-charged content to be strongly associated
with a considerable increase in message diffusion for Republican
candidates who are more likely to represent the conservative end
of the political spectrum (compared to their Democratic coun-
terparts). In contrast to anger, fear is often associated with
avoidance motivation,10 with the experience, expectation, and
perception of fear typically— but not exclusively—coinciding
with withdrawal activities and behaviors (Lerner et al., 2015;
Frijda, 1986). Unlike the hypothesis addressed by Jost et al.
(2003), i.e., relatively right-wing individuals report greater
responsiveness to fear, threat, or uncertainty (see also Jost, 2017),
the current work suggests a strikingly opposite pattern in which
fear-based messaging among Democrats is more likely to gain

Fig. 3 Predicted effects on Twitter engagement among Democrats. Predicted effects on a retweet and b favorite counts leading up to the 2018 US mid-
term elections (09 October–06 November 2018) among Democrats. Conditional R2 (0.744) Ω2 and (0.765) measure the model’s variance between the
observed and the predicted response. Recoded #, @, URL and emoji to dummy variables (x= 1 for a given tweet contains the feature). Bands reflect 95%
CIs with follower/friend counts, race competitiveness and incumbency as offset variables. *p < 0.05, **p < 0.01, and ***p < 0.001 based on an F-test.

ARTICLE HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS | https://doi.org/10.1057/s41599-021-00987-4

8 HUMANITIES AND SOCIAL SCIENCES COMMUNICATIONS |           (2021) 8:300 | https://doi.org/10.1057/s41599-021-00987-4



attention and be diffused online (see Bakker et al., 2020;
Crawford, 2017).

Given the diverse nature of emotional reactions, we suggest
that the links between political orientation and response ten-
dencies to specific emotions may be more nuanced and should be
analyzed depending on the context (Van et al., 2016; see also
Brady et al., 2020). For example, considering the salience of group
identity in the experience and expression of emotion (Mackie
et al., 2000; Turner et al., 2007), the context of “which political
party is currently in power” may play an important role in this
case (Auter and Fine, 2016; Druckman et al., 2007; 2010). Prior
research highlights how feelings of uncertainty, particularly about
things relevant to or reflecting one’s political identity may
motivate behaviors aimed at reducing uncertainty and enhancing
ingroup defense (Hogg, 2007).11 As the party out of power in
2018 (Cohn and Kesterton, 2018), Democrats may have had a
strong sense of existential angst, a sense of shared fate, common
enemy, and the need to restore a positive identity relative to their
rivals (Hogg, 2007; Hogg and Adelman, 2013). A heightened
spread with fear-based content may, in this sense, reflect a psy-
chological defense by the group, serving the specific purpose of
removing or buffering potential threats (Belavadi et al., 2020;
Hogg and Adelman, 2013). Such effects may not have been the
case for Republicans who held presidential power at the time and
were thus more susceptible to other types of appeal (e.g.,
approach- or reward-related appeals) instead of threats (Hohman
and Hogg, 2015). However, it is essential to note that these
explanations are speculative and future research is needed to
examine whether groups in different power positions (e.g., being

an underdog or in power) may respond differently to these spe-
cific emotional appeals (e.g., fear- or anger-based appeals).

Limitations and future research
One limitation of these findings is that we specifically focused on
the 2018 US mid-term elections, the first major election during
the Donald Trump presidency. Future research should replicate
and extend this work in different political contexts. Another
limitation is that as the proportion of messages conveying anger
or fear is relatively small in our sample, they are perhaps more
likely to activate political engagement than other types of emo-
tional content. Although we utilized mixed-effects models to
examine messages at both the inter- and intra-individual levels
(Bates, 2010; Doran et al., 2007), thereby accommodating the
homogeneity of variance more substantially in the prediction of
the emotional effects on the retweet and favorites count, future
work would benefit from a balanced dataset with more equally
charged emotional content.

Additionally, given that Facebook continues to dominate the
online landscape, with more than 60% of adult Americans
reporting being users (compared to 25% for Twitter; Pew
Research Center, 2021), it will be especially instructive to examine
emotive posts on other venues to see whether the engagement
patterns identified in our sample parallel those on Facebook. And
finally, future research would benefit from expanding the current
research beyond examining the role of specific emotions on social
media engagement across the political spectrum and additionally
examine how certain content by politicians that involve sharing
news media content or those that refer to specific high-profile

Fig. 4 Predicted effects on Twitter engagement among Republicans. Predicted effects on a retweet and b favorite counts leading up to the 2018 US mid-
term elections (09 October–06 November 2018) among Republicans. Conditional R2 (0.794) and Ω2 (0.792) measure the model’s variance between the
observed and the predicted response. Recoded #, @, URL and emoji to dummy variables (x= 1 for a given tweet contains the feature). Bands reflect 95%
CIs with follower/friend counts, race competitiveness and incumbency as offset variables. *p < 0.05, **p < 0.01, and ***p < 0.001 based on an F-test.
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individuals (e.g., Donald Trump, Barack Obama) influence social
media engagement. The current study provides a starting point
from which to disentangle the role of specific emotions in online
engagement across the political spectrum.

Data availability
Owing to Twitter’s policy, we cannot publicly share the original
dataset. The sample dataset with codes used to collect/analyze
data are available at Data Syntax.

Received: 3 June 2021; Accepted: 19 October 2021;

Notes
1 The original tweet was published by @BarackObama, 30 April 2007. Available at
https://twitter.com/BarackObama/status/44240662.

2 But see Hixson (2017) on the uncertainty of the exact nature of social media
politicking.

3 We removed messages initialized with “RT” to ensure that the final dataset consisted
only of original messages composed by the candidates’ accounts.

4 The original tweet was published by @SenGillibrand, 20 November 2018. Available at
https://twitter.com/sengillibrand/status/1064624356557389824?lang=en.

5 See a demo presentation of IBM’s Tone Analyzer at https://tone-analyzer-
demo.ng.bluemix.net/.

6 The previous API (standard v1.1) only allowed the collection of a mixed count of
retweets, including both direct retweets and retweets with commentary. Since Twitter
significantly changed the retweet function in 2020, the updated API (v2.0) is now able
to extract the retweets (without commentary) directly.

7 The race competitiveness was measured based on the predicted ratings by the Cook
Political Report (2018), with “0” indicating that the candidate was running a race
deemed “Safe”, “1” indicating the race was deemed “Likely” for either the Democratic
or Republican candidate, “2” indicating the race was “Leaning” toward either the
Democratic or Republican candidate, and “3” indicating that the race was a “Tossup”
with neither candidate having an advantage. For details, see Supplementary Table S1.

8 A number of messages express more than one type of emotion (n= 280) and, thus,
are overrepresented in the total percentage.

9 Including an extended dataset (i.e., 09 October–04 December 2018) did not alter the
results. For a separate analysis of emotive effects across the post-campaign period, see
Supplementary Post-election Facts.

10 Although fear is primarily associated with avoidance motivations, it is worth noting
that some studies identify certain situations where the experience, expectation, and
perception of fear coincides with activities and behaviors related to approach
motivation (e.g., Simunovic et al., 2013).

11 For an overview of uncertainty-identity theory, see also self‐uncertainty, social
identity, and the solace of extremism, edited by Extremism and the Psychology of
Uncertainty (Hogg, 2011).
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