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Abstract 
Observing inconsistent results in prior studies, 

this paper applies the elaboration likelihood model to 

investigate the impact of affective and cognitive cues 

embedded in social media messages on audience 

engagement during a political event. Leveraging a 

rich dataset in the context of the 2020 U.S. presidential 

elections containing more than 3 million tweets, we 

found the prominence of both cue types. For the 

overall sample, positivity and sentiment are negatively 

related to engagement. In contrast, the post-hoc sub-

sample analysis of tweets from famous users shows 

that emotionally charged content is more engaging. 

The role of sentiment decreases when the number of 

followers grows and ultimately becomes insignificant 

for Twitter participants with a vast number of 

followers. Prosocial orientation (“we-talk”) is 

consistently associated with more likes, comments, 

and retweets in the overall sample and sub-samples.  

1. Introduction  

“Don't ever diminish the power of words.  

Words move hearts, and hearts move limbs.”  

Hamza Yusuf 

 

Today, social media is firmly sewed into the 

public discourse and permanently accompanies civic 

and political life (for meta-review, see [1]), e.g., events 

like festivals, demonstrations [2], elections [3], as well 

as crises [4]. In the past decade, the popularity of 

Twitter, Facebook, Instagram, and, more recently, 

TikTok skyrocketed and turned these platforms into 

digital “barometers” of the community’s mood and 

intentions, simultaneously representing the shortest 

and most straightforward way to reach and convince 

an audience [5].  
Consequently, knowledgeable information 

senders pay a lot of attention to crafting social media 

content. Indeed, extensive evidence suggests that 

linguistic features matter for acceptance and sharing of 

news articles [6][7], the support of crowdfunding 

projects [8], or patients in online health communities 

(OHC) [9]. Among others, ICT-mediated 

conversations in the context of political events 

received significant attention [10][3]. Especially 

Twitter has established itself as a forum for political 

deliberation, with posts validly mirroring offline 

political sentiment [5]. Noteworthy is the swiftness of 

information dissemination: based on Twitter data on 

the 2016 E.U. referendum (“Brexit”) and the 2016 

U.S. presidential elections, [11] finds that information 

diffusion on this SNS is largely complete within  

1–2 hours. The speed and the engagement of a big 

audience are essential to reap the benefits of Twitter as 

a medium of collective movement, e.g., when 

organizing protests or reacting to crisis events [12].  

In spite of multiple scholarly attempts to connect 

message sentiment and audience engagement in terms 

of feedback and willingness to share [3][4], a closer 

examination of their results shows mixed evidence 

(see Section 2), even within the political domain. 

Concept-wise, most past studies take a one-sided 

perspective and focus on the affective dimension of 

the message, i.e., sentiment valence and intensity, 

often ignoring the cognitive dimension. Meanwhile, it 

has been shown that both affective and cognitive 

aspects are complementary in involving the audience 

[9] [13]. Against this background, we ask: 

RQ: How are social media message characteristics 

related to audience engagement? 

To answer this question, we lean on the 

elaboration likelihood model [13] as the overarching 

theoretical framework and conceptualize public social 

media posts as a way to communicate persuasive 

messages [14]. Our research model combines cues on 

the central and peripheral route, including sentiment 

valence, intensity, and social orientation, to explain 

social engagement in computer-mediated 

conversations, operationalized via likes, shares, and 

comments as typical feedback opportunities online. 

To empirically examine our research 

propositions, we leverage a novel dataset of tweets 

made in the context of the 2020 U.S. presidential 
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elections. In this high-stake setting, social media is a 

scene to inform, persuade, ultimately gain support and 

thus more votes [15]. Political candidates present 

themselves and their vision, while citizens can react to 

it or express their own opinions on issues, possibly 

tipping the scales.  Thus, the selected research site 

provides a solid ground to examine the research 

question stated above.  
We report the following set of results. First, we 

find that on the overall sample, both central route 

(cognitive) and peripheral route (affective) cues matter 

for the audience engagement and information 

dissemination. Second, we revealed that the 

importance of sentiment (i.e., emotional charge) 

decreases with the increasing popularity of the author 

(negative moderation), becoming insignificant for 

people with more than 1 million followers. We also 

find the significance of prosocial orientation expressed 

in tweets (“we-talk”) created positive feedback in 

terms of likes, comments, and retweets. “I-talk” is 

beneficial only for famous people with many 

followers, while for an average user, it might be 

harmful and lead to fewer likes, comments, and shares. 

Moreover, cognitive cues exhibited their prominence, 

with language indicating discrepancy being positively 

related to the overall engagement. For tweets written 

by a famous person, expressed certainty in the used 

language is desirable.  

Our work makes several contributions to the 

academic literature and practice. Building on prior 

studies that have examined the effects of the sentiment 

of social media content [10][3], we extend the 

literature by empirical evidence derived from a recent 

large-scale political event such as the U.S. presidential 

elections. Whereas earlier works conceptually focus 

on the impact of the peripheral route cues [6][10], our 

model exhibits the effects of both central and 

peripheral route cues.  

By demonstrating that tweet characteristics have 

different impacts in terms of audience feedback for 

famous people with millions of followers as compared 

to the overall Twitter audience, our study contributes 

to the current literature on the role of popularity and 

influence in the social media space. From the practice 

perspective, our results hint at the necessity to craft the 

messages by famous people differently from messages 

by average users when one wants to maximize 

engagement.  

2. Theoretical background  

This paper looks at social media as a stimuli-

based environment, widely used to form and influence 

opinions about products, services, and events. Stimuli 

are represented through text, video, images, audio, 

animations, or a layout [13]. Especially during a 

political event, social media conversations aim to 

intrigue, promote an opinion, inform, convince, or call 

for action and therefore can be conceptualized as 

persuasive messages [14]. In the last decade, instant 

posts on Twitter or Facebook have become the 

primary tool to spread ideas, find supporters, and 

observe the electorate mood [10]. Thus, every message 

represents a persuasion opportunity for an information 

sender, which may influence recipients by drawing 

their attention, assigning cognitive resources, and 

evoking affective responses and behaviors [13]. 

The elaboration likelihood model (ELM) 

proposes that when processing persuasive messages, a 

recipient engages in elaboration approaches [16]. If a 

recipient possesses motivation and skills to handle 

analytical information, they engage in central route 

processing [13]. It implies decisions grounded in 

careful consideration of logic and reason, researching 

relevant facts, and imposes high demands on cognitive 

resources [14]. In the lack of either motivation or skills 

to regard analytical information, the processing 

happens via the peripheral route [13]. This method is 

less effortful, and judgments come down to heuristics, 

rules of thumb, habits, impulses, emotions, and desires 

[14]. On social media, because the audience is highly 

heterogeneous and unknown, information senders are 

interested in what stimuli work best for each route to 

ensure comprehensive audience coverage.   

Perceiving prior investigations through the ELM 

lens, we observe extensive evidence on the effects of 

message characteristics processed in the peripheral 

route. Studies are aligned that emotionally intensive 

content is shared more often in news settings [6][7] 

and political discourse [10]. At the same time, a closer 

look at the results reveals inconsistencies, even 

accounting for the context. E.g., when it comes to a 

message valence (i.e., whether it is emotionally 

positive, negative, or neutral) and its association with 

sharing behavior, the evidence is mixed. Exhibiting 

that positively charged news articles in prominent U.S. 

and German electronic outlets are more frequently 

emailed, shared with SNS friends on Facebook, 

Twitter, and Google+, and receive feedback with the 

“Like” button, [6] and [7] advocate for the so-called 

positivity bias. Further, an upbeat emotional language 

style increased information sharing during a crisis 

event [17]. Contrary to them, in online health 

communities (OHC), more negative content receives 

greater support [9], confirming a negativity bias. 

Political tweets having a negative sentiment were 

insignificantly related to retweeting frequency and 

speed in [10]. A recent paper by R. Mallipeddi [3] 

submits that both positive and negative toned tweet 

content by candidates in the Indian election is 
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associated with higher engagement operationalized by 

retweet numbers. Theory-wise, [9] represents an 

exception regarding both central and peripheral route 

cues. Taken together, the lack of consensus among 

prior studies, as well as the dominance of a one-sided 

perspective to social media message processing (by 

focusing on the peripheral route), is a research gap, 

which motivated our current investigation.  

3. Research model and hypotheses  

Under the ELM, engagement can be achieved by 

logical argumentation or emotional arousal of the 

audience. We start building our research model 

(Figure 1) with the path less effortful for human 

cognition, i.e., message peculiarities that may drive 

persuasion through the peripheral route. 

3.1. Peripheral route of persuasion in political 

SNS conversations 

Humans have an evolutionally rooted proclivity to 

pay attention to negative information rather than 

positive information. The amygdala, the almond-

shaped brain structure responsible for the alertness to 

danger, employs two-thirds of its neurons to search for 

“bad” stimuli, and upon recognition, quickly store 

them in memory, activating the ancient fight-or-flight 

limbic system [18]. Positive experiences “usually need 

to be held in awareness for a dozen or more seconds to 

transfer from short-term memory buffers to long-term 

storage.” [18]. Not only do adverse events imprint 

quicker, but they also linger longer – a tendency 

known as negativity bias, which has been consistently 

observed across domains and nations [19]. In mediated 

communication, a more vivid reaction to negative 

content was found for online reviews [20], video news 

[19], and political Facebook posts [21]. We assume the 

negativity bias to hold in political Twitter 

communication, with negative content producing 

more feedback. Thus, we hypothesize:  

H1: The lower the positivity (a.k.a. emotional valence) 

expressed in a SM post during a political event, the 

higher engagement it produces. 
Perceiving new information as a persuasion 

signal, a stronger signal should produce a more 

intensive response. For online conversations, past 

studies suggest that highly emotionally charged 

messages generate more feedback than neutral ones 

[10][9]. In line with this, we hypothesize:  

H2: The higher the sentiment (a.k.a. emotional 

intensity) expressed in a SM post during a political 

event, the higher engagement it produces. 

In addition to emotional valence and its intensity, 

the feeling of affiliation matters in social media 

conversations as well. Evolutionally, belongingness to 

a group as a bigger, stronger entity compared to a 

single individual, creates a sense of safety and is 

therefore valuable. Nowadays, the feeling of 

togetherness is associated with healthy relationship 

behaviors, e.g., being kind and empathetic in stressful 

times. Interdependence theory states that inter-

dependent romantic partners are more inclusive in how 

they both think, feel, behave, and rely on each other 

for the support over time [22]. Linguistically, the 

interdependence is expressed in the frequent use of 1st 

person plural pronouns, a.k.a. we-talk, implying that a 

speaker includes a partner in the events, planning, and 

experiences. A meta-analysis of 30 studies confirmed 

couples who often say “we” and “us” have better 

relationship outcomes, as well as better mental and 

physical health for people in romantic relationships 

[23]. In the political context, the royal “we” is 

commonly employed by monarchs, bishops, and 

university rectors since they are often speaking as 

leaders of a nation or institution. A multi-method 

investigation across 5 studies found that participants 

with higher status consistently used fewer 1st-person 

singular (I) and more 1st-person plural (we) and 2nd -

person singular (you) pronouns in both writing and 

speech [24]. The researchers attributed this pattern to 

the demonstration of a greater focus on others, using 

“we” in a prosocial way [25]. If this reasoning holds, 

the audience should be engaged more with posts that 

show a carrying attitude. Thus, we hypothesize:  
H3: The higher the prosocial orientation expressed in 

a SM post during a political event, the higher 

engagement it produces.  

3.2. Central route of persuasion in political 

SNS conversations 

We surmise that in political conversations, not 

only an emotional but also an analytical part is 

important [26], for which evaluation happens via the 

central route. Staying informed on current events is 

one motivation of many social media users [26]. 

Especially younger generations consider SNSs as a 

source of political knowledge [27]. Past studies in the 

political context show that social media platforms 

foster the exchange of information that is vital for 

coordination and collective action [28][29]. Therefore, 

we hypothesize:  

H4: The higher the insight expressed in a SM post 

during a political event, the higher engagement it 

produces. 
People continually rely on causation when 

clarifying what has already happened, to foresee what 
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will come, and to influence what happens in the future 

[30]. The persuasive power of causal arguments is 

known in social psychology [31] and consumer 

research [32]. In politics, causal claims help to 

comprehend the range of alternatives available to 

national and international actors, to develop policy 

prescriptions, and to critically assess policy decisions 

against other feasible solutions [15]. During the U.S. 

presidential elections, the stakes are high for the 

candidates, their parties, U.S. citizens, and beyond. 

Not only the concrete proposals are of interest, but the 

reasoning behind them, which allow voters to 

anticipate the consequences of their decision in the 

long term [32]. Thus, we hypothesize:  
H5: The higher the causation expressed in a SM post 

during a political event, the higher engagement it 

produces. 
Leadership is often related to confidence. 

Decreased confidence is perceived as a warning signal 

in many sectors, including religion and business, from 

education to nonprofits [33]. We expect strong, clear 

opinions to get a lot of positive reactions from the 

people that agree with them while also being a point 

of vivid discussion for people disagreeing. 

Expressions made with a high degree of certainty have 

the potentials to be polarizing [34]. Therefore, our 

hypothesis is: 
H6: The higher the certainty expressed in a SM post 

during a political event, the higher engagement it 

produces. 
Spotting discrepancies between how a situation is 

now and how it possibly should be in the future is 

critical for communicating a strategic plan, which, in 

turn, is attractive and empowering [35]. Polemic on 

hopes, vision, needs, fears, and expectations one has 

for the outcome of the election and thus, the next 

government typically produce a resonance. In line 

with our reasoning, we expect those to be an essential 

topic of political discussions on election day when SM 

users are likely to share their personal opinions and 

beliefs in order to convince still undecided voters. 

Hence, we hypothesize: 

H7: The higher the discrepancy expressed in a SM 

post during a political event, the higher engagement it 

produces. 

In the heterogeneous SM audience, one can 

distinguish popular users, i.e., online celebrities with 

many followers, commonly coined influencers [36]. 

Influencers are recognized as experts in a field (e.g., 

politics, culture, entertainment industry) and already 

enjoy public attention [36]. Due to reputation, posts by 

highly followed people are likely to produce more 

resonance (e.g., retweets [10]) than those of an 

ordinary information sender regardless of their 

content. Following [3], who found a negative 

moderating effect of popularity on the relationship 

between positive sentiment and engagement for the 

Indian election in 2014, we suspect that online fame 

may intrude upon the above links stemming from the 

ELM and hypothesize:  

H8: The relationship between a SM post’s 

characteristics and the engagement produced is 

weaker for SM users with a large number of followers.  

Figure 1 summarizes the proposed hypotheses.  

 
Figure 1. Research model 

4. Data and methodology 

To empirically test our propositions, we created a 

comprehensive dataset of over 3 million posts on 

Twitter written in English on November 03, 2020, the 

day of the U.S. Presidential Elections. We considered 

tweets made on November 03 in any U.S. mainland 

time zone. Using the web-scraping tool twint, the 

following hashtags were searched: #biden, #trump, 

#republicans, #democrats, #2020election, and 

#USelection. We expect that on election day, social 

media interactions are especially intense as each side 

tries to utilize the last moments available to convince 

voters that are still undecided and raise the spirits of 

initial supporters.  
We performed several cleaning steps on our 

corpus. Precisely, special characters (e.g., #, /, @) 

were removed from the tweet contents, as well as 

URLs and e-mail addresses. Following [10], we 

controlled for the existence of hashtags and URLs by 

introducing variables that indicate the presence of a 

URL in the original tweet and the number of hashtags, 

respectively, since the abundance of those might be an 

indicator of questionable content like spam. Language 

detection was performed on the tweets using the 

python package langdetect, and all tweets that were 

not classified as English were not considered for the 

final data set. Langdetect utilizes a naïve Bayesian 
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filter to detect language based on character n-grams 

[37]. This was done as a precaution to remove tweets 

that might have been wrongly returned when scraping 

to reduce the possibility of errors during the later 

language and sentiment analysis, which are dictionary-

based. Finally, duplicate tweets were eliminated. After 

cleaning, the final dataset comprises 3,172,976 unique 

tweets made by 1,405,284 unique Twitter users, of 

which 512,796 posted multiple times. 

4.1. Variables 

In this study, social media engagement is 

operationalized through the number of replies to a 

post, i.e., the number of likes, comments, and shares 

(i.e., retweets). Though all these actions indicate 

public reactions, they might differ in meaning. Thus, 

clicking on the “like” button is a form of personal 

feedback, which expresses agreement and full support, 

and requires the least effort. Commenting requires 

more effort and can express any feedback, including 

approval (agreement) or rejection (disagreement). 

Resharing is seen to be the most effortful action on the 

side of the information recipient. 

The strength of positive/negative emotions 

expressed in the Twitter posts was assessed with the 

sentiment analysis tool SentiStrength [38], exhibited 

to outperform other machine learning approaches [39] 

and deemed to be state of the art for the analysis of 

tweets [40]. To each tweet, SentiStrength assigns a 

positive sentiment score, which ranges from 1 (no 

positive attitude) to 5 (very strong positive attitude), 

and a negative sentiment score, on a scale from -1 (no 

negative attitude) to -5 (very strong negative attitude). 

Following Stieglitz and Dang-Xuan [10], we applied 

the formula (positive score – negative score) – 2 to 

derive the variable sentiment (Senti), which reflects 

the extent of overall emotional charge and varies on a 

scale from 0 (low emotional intensity) to 8 (high 

emotional intensity). Likewise, the degree of positivity 

(Pos) is defined as (positive score + negative score + 

4) and ranges from 0 (very negative content) to 8 (very 

positive content) [10]. 

Prosocial orientation and cognitive cues were 

assessed using the linguistic inquiry and word count 

(LIWC) software tool [41]. LIWC calculates the 

percentage of particular words in the text, so its 

measures are always relative to the length of the 

message. Precisely, prosocial orientation was 

measured as the proportion of 1st person plural 

pronouns (we, our) and contrasted with 1st person 

single pronouns (I, my) and 3rd person plural pronouns 

                                                 
1 https://github.com/linusha/twitter-sentiment-2020-election 

(they, their). Cognitive processes were operationalized 

as the percentage of words expressing insight (Ins) 

(e.g., think, know), causation (Cause) (e.g., because, 

effect), certainty (Cert) (e.g., always, never), and 

discrepancy (Disc) (e.g., should, would) [41]. 

Social media popularity expressed in the number 

of followers an account has is addressed via the fame 

level proxy. Based on lists of influential Twitter 

accounts in the U.S. in the domains of celebrities 

(n=1,000), media and news outlets (n=1,000), and 

politicians (n=639) from Socialbakers [42], we 

collected influential accounts and their follower 

numbers. With this, we assigned each tweet in our 

sample a fame level (Fame) using the following 

criteria. Level: 0 – account is not present on the list; 1 

– account is present on the list and has <100,000 

followers; 2 – account is present on the list and has 

more than 100,000 and less than 1,000,000 followers; 

3 – account is present on the list and has more than 

1,000,000. For each account, the highest fitting 

category was assigned. 

We control for the post length, i.e., the number of 

words in a post. Since past research reports the 

significance of URL and hashtag inclusion (e.g., [43], 

[10]), the existence of at least one URL in a post (URL) 

and the number of hashtags in a post were also 

regarded (hashtags). User activity, expressed as the 

number of tweets a given user posted in our sample, is 

included to control for excessive posting, which, e.g., 

could indicate social bots.  

For the target variables that count likes, retweets, 

and the number of comments a post achieved, outliers 

were removed from the sample. The decision was 

made based on boxplots of the respective variables. 

Therefore, e.g., a post made by the former U.S. 

president Barack Obama was excluded, as his 

exceptionally high numbers of followers 

(N=129,774,783 on June 13, 2021) led to an extreme 

number of interactions (210,942 likes, 8,393 

comments, and 24,467 retweets). 

The unit of analysis was the single Twitter post (a 

tweet). On average, a tweet in our sample has received 

20 likes, three retweets, and one reply. Standard 

deviations for all these variables in the complete 

sample are high, inter alia, because tweets made from 

accounts with a fame level greater than zero got 1,571 

likes, 204 retweets, and 77 replies on average. The 

highest user activity we found was 1,482 tweets made 

on election day in the overall sample and 333 tweets 

posted from an account classified as famous. We 

provide our final data set as well as all code used for 

the collection, preprocessing, and analysis of the data 

in a GitHub repository1.
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Table 1. Regression estimates for the overall sample 

Model (1) (2) (3) (4) (5) (6) 

Method Negative binomial regression Logistic regression 

DV→ LIKE COM RET LIKE COM RET 

Positivity -0.019*** -0.031*** -0.029***  0.009** (0.001) -0.019** (0.001) -0.014** (0.001) 

Sentiment -0.112*** -0.101*** -0.130*** -0.024** (0.001) -0.119** (0.001) -0.019** (0.001) 

I-talk -0.018***  0.004*** -0.031***  0.030** (0.0003)  0.018** (0.0003) -0.002** (0.0004) 

We-talk  0.005*** -0.004***  0.004***  0.009** (0.0004) -0.020** (0.001)  0.016** (0.001) 

They-talk -0.016*** -0.025*** -0.003*  0.003** (0.001) -0.004** (0.001) -0.002* (0.001) 

Insight -0.021***  0.003*** -0.038*** -0.002** (0.0004)  0.013** (0.0004) -0.014** (0.001) 

Cause  0.003***  0.003***  0.012***  0.003** (0.0004)  0.012** (0.0004)  0.002** (0.001) 

Discrepancy  0.001***  0.016***  0.023***  0.015** (0.0003)  0.005** (0.0004)  0.015** (0.0005) 

Certainty -0.008*** -0.018*** -0.018*** -0.001* (0.0004) -0.011** (0.0004) -0.001* (0.001) 

N hashtags -0.105*** -0.093*** -0.067***  0.007** (0.001) -0.145** (0.002)  0.084** (0.001) 

URL -0.301***  0.066***  0.053*** -0.507** (0.005) -0.595** (0.006)  0.593** (0.006) 

WC  0.021***  0.021***  0.029*** 0.009** (0.0001) 0.025** (0.0001)  0.012** (0.0001) 

User activity  0.001***  0.009***  0.010*** -0.001** (0.00003) -0.001** (0.00003) -0.00000 (0.00003) 

Fame 1  0.045  0.813  0.158  1.396 (1.955)  2,569** (0.578)  0.482 (0.846) 

Fame 2  2.348***  2.060***  1.686***  3.968** (0.393)  2.601** (0.172)  2.704** (0.190) 

Fame 3  4.009***  4.141***  3.646***  7.700** (1.5)  6.011** (0.480)  6.520** (0.650) 

Fame 1 * Pos  0.245  0.201  0.316  0.225 (0.479) -0.174 (0,128)  0.403* (0.200) 

Fame 2 * Pos -0.091 -0.048  0.031  0.071 (0.094)  0.011 (0.041)  0.090* (0.046) 

Fame 3 * Pos  0.069  0.039  0.086 -0.128 (0.354) -0.163 (0.113) -0.056 (0.151) 

Fame 1 * Senti  0.233  0.114  0.224  1.443** (0.499)  0.166 (0.130)  1.176** (0.220) 

Fame 2 * Senti  0.292***  0.247***  0.347*** -0.059 (0.087)  0.171** (0.039)  0.078† (0.043) 

Fame 3 * Senti  0.128*  0.062  0.172 -0.238 (0.301) -0.033 (0.097) -0.020 (0.133) 

Fame 1 * I  0.045 -0.005 -0.055 -0.056 (0.098)  0.022 (0.058) -0.046 (0.060) 

Fame 2 * I  0.136***  0.118***  0.126  2.686 (5.322)  0.143** (0.053)  0.172** (0.055) 

Fame 3 * I  0.194***  0.149***  0.186** -0.184† (0.106) -0.051 (0.059) -0.133** (0.043) 

Fame 1 * We  0.019 -0.076  0.023 -0.039 (0.106)  0.010 (0.51)  0.004 (0.059) 

Fame 2 * We  0.015  0.085***  0.004 -0.148** (0.024) -0.037** (0.015) -0.039* (0.017) 

Fame 3 * We  0.161***  0.099***  0.140*** -0.064 (0.123)  0.039 (0.044)  0.008 (0.067) 

Fame 1 * They  0.145  0.235  0.260 -0.268 (0.168) -0.076 (0.109) -0.056 (0.140) 

Fame 2 * They -0.023  0.041 -0.020 -0.046 (0.052)  0.020 (0.027)  0.006 (0.028) 

Fame 3 * They  0.038  0.057*  0.063 -0.164 (0.115) -0.093** (0.047) -0.0156** (0.050) 

Fame 1 * Ins -0.067 -0.055 -0.057 -0.008 (0.085) -0.060 (0.052) -0.105† (0.059) 

Fame 2 * Ins  0.073***  0.004  0.103**  0.038 (0.033) -0.006 (0.013) -0.003 (0.014) 

Fame 3 * Ins  0.078***  0.050**  0.082* -0.132 (0.097) -0.116** (0.032) -0.112** (0.042) 

Fame 1 * Cause -0.099 -0.097* -0.105 -0.041 (0.045) -0.072† (0.039) -0.045 (0.038) 

Fame 2 * Cause -0.068*** -0.060*** -0.069** -0.065** (0.018) -0.052** (0.009) -0.052** (0.010) 

Fame 3 * Cause -0.003  0.037*  0.006  0.079 (0.158) -0.065** (0.029)  0.062 (0.061) 

Fame 1 * Disc  0.499  0.050  0.010 -0.058 (0.086)  0.019 (0.061)  0.075 (0.070) 

Fame 2 * Disc -0.060** -0.023 -0.048 -0.067* (0.030)  0.009 (0.017) -0.028 (0.017) 

Fame 3 * Disc  0.073***  0.018  0.088*  1.709 (2.705)  0.056 (0.054) -0.073 (0.051) 

Fame 1 * Cert  0.026  0.131  0.025  3.049 (9.901)  0.121 (0.082)  0.046 (0.081) 

Fame 2: * Cert  0.253***  0.226***  0.270***  0.076 (0.057) -0.018 (0.018)  0.009 (0.022) 

Fame 3 * Cert  0.149***  0.150***  0.165***  0.106 (0.272)  0.038 (0.061)  0.113 (0.087) 

(Intercept)  2.438*** -0.309***  0.441*** -0.311** (0.005) -1.198** (0.005) -2.219** (0.007) 

N 1,541,354 904,876 406,541 3,172,976 

Log Likelihood -6,972,172 -3,408,070 -2,285,288 -2,166,862 -1,838,134 -1,186,502 

AIC 13,944,434 6,816,231 4,570,668 4,333,812 3,676,356 2,373,092 

Theta 0.115 0.153 0.031  

Std. Error 0.0001 0.0002 0.0001 

Note: ‘***’- p<0.001 | ‘**’ p<0.01 | ‘*’ p<0.5| ‘†’ p<0.1. For logistic regression, standard errors are in brackets. 

Fame – Fame level | Pos – Positivity | Senti – Sentiment | I - I-talk | We – We-talk | They – They-talk | Ins – Insight | Disc – 

Discrepancy | Cert – Certainty. 
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5. Estimation results   

5.1. Overall sample  

To assess the importance of affective and 

cognitive characteristics of tweets on engagement, we 

utilized negative binomial regressions, because our 

dependent variables, i.e., number of likes, comments, 

and retweets, are count data and are overdispersed 

(with χ²(1)Likes, χ²(1)Comments, χ²(1)Retweets >> 1,000 and 

p-values << 0.0001 respectively) [44]. The results for 

the overall sample are presented in Table 1. For 

message characteristics that engage via a peripheral 

route, we observe negative relationships between 

positivity and all three measures of engagement 

(model 1,2,3), confirming negativity bias as assumed 

in H1. Contrary to our expectations and the results of 

past studies (e.g., [10]), degree of emotional charge 

(i.e., sentiment) is negatively related to the number of 

likes, comments, and retweets, rejecting H2. 

Next, the results suggest the significance of the 

variables measuring prosocial orientation. The so-

called “we-talk” receives more likes and comments on 

the overall sample but does not significantly impact 

sharing behavior in terms of retweets (H3 partially 

supported). The use of 1st person singular pronouns 

(“I-talk”) is significantly negatively related to 

audience engagement.  

We observe the significance of the cues processed 

via a central route. Interestingly, tweets expressing 

new insights received fewer likes, comments, and 

retweets (H4 rejected). Signs of certainty are also 

negatively related to the amount of audience 

involvement (H6 rejected). Providing causes and 

effects and spotting discrepancy is positively 

associated with likes, comments, and sharing content, 

supporting H5 and H7 on the overall sample.    

To validate our findings, we also ran logistic 

regressions, with binary dependent variables that 

reflect whether a tweet has received at least one like 

(model 4), at least one comment (model 5), and at least 

one retweet (model 6). The results are consistent with 

the above-observed dynamics on counts.  

Table 2. Regression estimates for the subsample of famous Twitter accounts 
Subsample Famous Very famous 

Model (7) (8) (9) (10) (11) (12) 

Method Negative binomial regression Negative binomial regression 

DV→ LIKE COM RET LIKE COM RET 

Positivity -0.090*** -0.170*** -0.087*** -0.055† -0.131*** -0.060* 

Sentiment  0.044*  0.018***  0.054* -0.014 -0.027  0.005 

I-talk  0.226***  0.172***  0.196***  0.190***  0.138***  0.161*** 

We-talk  0.130***  0.064***  0.100***  0.140***  0.064***  0.112*** 

They-talk  0.005  0.024  0.028† -0.028 -0.010 -0.007 

Insight  0.019*  0.025**  0.014†  0.013  0.020†  0.013 

Cause -0.031*** -0.020** -0.023*** -0.028** -0.013 -0.022* 

Discrepancy  0.049***  0.070***  0.067***  0.024*  0.046***  0.032** 

Certainty  0.146***  0.128***  0.162***  0.134****  0.110***  0.139*** 

N hashtags -0.246*** -0.406*** -0.200*** -0.256*** -0.420*** -0.264*** 

URL -2.487*** -2.013*** -2.355*** -1.937*** -1.547*** -1.854*** 

WC  0.002  0.003†  0.006** -0.011*** -0.010*** -0.008** 

User activity  0.005***  0.005***  0.005*** -0.004*** -0.002*** -0.004* 

(Intercept)  8.170***  5.631***  6.047***  9.322***  6.707***  7.269*** 

N 9,050 3,354 

Log Likelihood -58,146 -36,543 -41,906 -26,321 -34,700 -19,983 

AIC 116,323 73,117 83,842 52,673 36,117 39,997 

Theta 0.289 0.277 0.276 0.396 0.391 0.412 

Std. Error 0.003 0.004 0.004 0.008 0.008 0.008 

Note: ‘***’- p<0.001 | ‘**’ p<0.01 | ‘*’ p<0.05| ‘†’ p<0.1 
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5.2. Sub-sample of famous people  

In the next step, we extended our analysis by 

looking at the subsample of tweets made from accounts 

marked as famous. The rationale behind it is the 

presumably higher impact of celebrities, especially 

politicians, who may craft their content differently from 

the general public. In this vein, the tweets of participants 

with fame level values of 1, 2, and 3 were examined 

separately. Table 2 presents the regression estimates for 

the subsample of all people on the Socialbakers list, 

coined as “famous,” and separately for people with more 

than 1,000,000 followers, coined as “very famous.”   

Consistent with the overall sample, the findings 

suggest that positivity is negatively related to 

engagement. Noteworthy, for the subsample of all 

tweets made by authors considered as famous, we 

observe the positive association between sentiment and 

engagement and no association for the subsample of 

“very famous” people (i.e., with more than 1,000,000 

followers). As in the whole sample, “we-talk” is 

appreciated, generating more likes, comments, and 

retweets. At the same time, the use of single 1st person 

pronouns also evidenced a positive relationship to 

engagement. As for the cognitive dimension, famous 

people can engage their audience on Twitter by spotting 

discrepancies and expressing certainty. The effect of 

expressed insights in tweets is insignificant for the 

information’s diffusion as operationalized by the 

number of retweets. Pointing to a cause in posts is 

negatively related to the audience engagement for the 

subsample of famous participants. To sum up, the 

subsample of tweets from famous personalities exhibits 

differences in the effects of message characteristics on 

audience feedback compared to the overall sample. We 

discuss the findings together with their implications in 

the next section. 

6. Discussion and concluding remarks  

Politicians constantly try to convince citizens that 

their party has the “best solutions for the country’s 

problems and the best people to implement those 

solutions” [45, p. 137]. This study sought to advance our 

understanding of how the public comes to react to these 

persuasive messages with its engagement on social 

media. Leaning on the ELM, we shed light on the 

effectiveness of affective (peripheral route) and 

cognitive (central route) cues on information appeal and 

dissemination on Twitter during a political event.  

The results from the large-scale analysis of tweets 

during the 2020 U.S. presidential elections suggest the 

significance of both routes when processing a SM 

message. Specifically, we show that for the overall 

sample, the positivity of a tweet is negatively related to 

the number of likes, comments, and retweets it collects, 

which is in line with [3].  The core explanation behind 

these relationships is negativity bias leading masses to 

react stronger to the adverse impulses. 

While emotionally charged content is reported to be 

accepted and spread more [6][7][10], in our sample, we 

observe the reverse pattern. Appreciation of less 

emotionally intensive posts may hint at an aversion 

towards extreme statements by the participants on 

election day. The reasons could vary from fatigue by the 

tension involved in the election to the attribution of 

strong claims to propaganda, which fuel polarization in 

society or might remain empty promises. Next, the 

prosocial orientation (”we-talk”) expressed in a tweet 

drive SNS peers’ likes and comments. It might be linked 

to the increased feeling of togetherness during a 

collective action like elections, the outcome of which 

defines the country’s economic and general 

development vector for the next several years. In 

contrast, “I-talk” has the opposite effect. 

On the central route, the significance of expressed 

discrepancy (i.e., a vision of how things should be) is 

remarkable. One possible rationale behind it is the 

appeal of a strategic plan as a property of a good leader 

whom the electorate can trust and rely on [46].  

The post-hoc analysis on the subsample of people 

with large followings, i.e., thousands and sometimes 

millions of followers, delivered noteworthy insights. 

Here, we observe that positivity expressed in a tweet is 

still inversely related to engagement. At the same time, 

emotionally charged posts are liked, commented, and 

shared more, in contrast to the overall sample. However, 

for the top celebrities, the sentiment of a tweet does not 

significantly impact audience engagement. Thus, the 

focus should be shifted to other characteristics. 

Interestingly, both “I-talk” and “we-talk” generate likes, 

replies, and retweets, pointing to the importance of 

expressing belongingness as well as leadership and 

responsibility for their own opinion for famous people. 

On the cognitive route, this corresponds to the positive 

impact of certainty and discrepancy expressed in a 

Twitter post on peer support, feedback, and willingness 

to spread the word. Overall, these findings make 

theoretical and practical contributions and suggest 

avenues for future research. 

For academics, we add to research on the impact of 

message characteristics in mediated online 

conversations [9][10][11] by empirically validating the 

“sentiment – public engagement” pathway in the 

political domain. While previously affective signals 

were in the spotlight, we refer to ELM [13][15] to 

conceptually account for the central and peripheral 

processing of a message and exhibit the significance of 

both paths. This study’s results for a political event 

Page 3229



support the ELM relevance, earlier observed in other 

contexts (e.g., web personalization [13]). On a broader 

scale, our insights inform the dual-process theories in 

social psychology [47] and in the field of political 

persuasion [48], which as well rely on the cognitive-

affective dichotomy [49]. Our findings also highlight 

the importance of distinguishing between Twitter 

dynamics for average users and prominent people in 

politics, media, and society, thus advancing the research 

stream about SM influencers [36]. The effect of message 

characteristics for influential people on engagement 

differs, sometimes evidencing the opposite pattern than 

for average users. 

As for practice, our findings suggest that to gain 

recognition in terms of likes, comments, and retweets, 

users might want to formulate their messages in a 

prosocial manner and express a vision or a plan, what is 

needed or should be improved. For celebrities, it might 

be worth being bold and, apart from “we-talk,” also use 

“I-talk” to boost audience engagement.  

Our study has several limitations, which may open 

interesting research directions. First, the data is limited 

to one political event and 24 hours (i.e., election day) 

time frame. Further studies may validate the results on a 

series of cases and on data for a longer time span, which 

in turn would allow accounting for the actual timing of 

tweets. Second, images, emojis, and videos in tweets 

were not a part of the current analysis. Third, our data 

set did not directly account for the exact number of 

followers a given poster had. While we mitigated this 

downside by assigning over 500 accounts from relevant 

celebrities, news entities, and politicians’ levels 

according to their follower numbers, past research [10] 

has shown that the concrete number of followers 

significantly influences the number of interactions that 

posts achieve. This additional data might be informative 

in determining from which follower number onwards 

the observed pattern changes occur.  
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