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Abstract
Social media users tend to produce content that contains more positive than negative emotional language. However, negative emotional 
language is more likely to be shared. To understand why, research has thus far focused on psychological processes associated with 
tweets’ content. In the current study, we investigate if the content producer influences the extent to which their negative content is 
shared. More specifically, we focus on a group of users that are central to the diffusion of content on social media—public figures. We 
found that an increase in negativity was associated with a stronger increase in sharing for public figures compared to ordinary users. 
This effect was explained by two user characteristics, the number of followers and thus the strength of ties and the proportion of 
political tweets. The results shed light on whose negativity is most viral, allowing future research to develop interventions aimed at 
mitigating overexposure to negative content.
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Significance Statement

Though most original social media content expresses positive emotions, content expressing negativity is shared more, inflating the 
platform’s total negativity. In this study, we asked: whose negative content is more likely to be shared. Based on previous research, 
we suspected public figures’ negativity is shared more due to the structure of their social network structure and their produced con-
tent. We found that negativity boosts the likelihood of public figures’ content being shared, more than ordinary users. This is ex-
plained by the fact that negativity is more likely to be shared for weaker social ties and political content. Our findings offer 
insights into how negativity is shared and provide the basis for interventions reducing overexposure to negativity.

Introduction
Most original content on social media is positive in affective tone 
(1–3). Yet, there is a growing realization that negative content is 
shared more than positive content (4–6). Users’ increased ten-
dency to share negative emotions inflates exposure to negativity 
on social media compared to its true proportion in content pro-
duction. Overexposure to negativity is known to have adverse con-
sequences at the individual level, leading to a reduction in 
well-being (7–9). At the collective level, exposure to negativity con-
tributes to group polarization and intergroup conflicts (10, 11). 
Therefore, it is crucial to understand the roots of negativity shar-
ing online and its driving mechanisms.

Previous research on negativity sharing has mainly focused on 
specific content-level features and psychological mechanisms that 

encourage the sharing of negative tweets (5, 12, 13). Here, we hope 
to tackle the question in a complementary way by asking: whose 
negative content is more likely to be shared? More specifically, we 
hope to examine whether the association between negativity and 
sharing is stronger for public figures compared to ordinary users. 
We hypothesize that such association is stronger for public figures 
because they have distinctive characteristics that make their nega-
tive content more likely to be shared. Specifically, we show that two 
unique attributes seem to be responsible for the difference between 
public and ordinary users in the association between negativity and 
sharing. The first is the fact that public users have weaker ties, who 
are more likely to share negative emotions (14). The second is that 
public figures are more likely to write about politics, which is content 
that is typically more negative and more conducive to sharing (6).
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To examine these hypotheses, we first replicated the previous 
finding showing that original content on social media tends to 
be more positive. Second, we assessed whether the association be-
tween negativity and the number of retweets was stronger for 
public figures compared to ordinary users. We further examined 
if this effect was driven by a certain type of public figures. We 
then compared two user characteristics, number of followers 
and proportion of political tweets, and assessed which of these 
user characteristics were associated with an increased likelihood 
that the negative content users generated was shared. Finally, we 
tested whether the differential effect of negativity on sharing for 
public figures and ordinary users was mediated by their distinct-
ive user characteristics.

Negativity sharing on social media
Shared content represents up to 75% of all content that people see 
on social media (15). It is therefore important to understand what 
context is more likely to be shared. Generally speaking, language 
that contains more emotional content is more likely to be shared 
(16), but one central question is whether positive or negative emo-
tional language leads to more sharing. Although some studies 
have suggested that positive content, such as scientific articles 
(17), Olympic Games posts (18), or news articles via email (19), is 
shared more than negative content, other studies have found 
that negative content tends to be shared more frequently than 
positive content in other contexts (4–6). The tendency to share 
negative content can be found in different cultures and platforms, 
including Facebook (5), Twitter (20), and Weibo (14).

Previous research has suggested several reasons why negativ-
ity might be shared more than positivity. The first reason is that 
heightened attention to negative content, also known as the nega-
tivity bias (21–23), may lead to more engagement and sharing (13, 
24). The impact of the negativity bias seems to be moderated by tie 
strength (25), with negativity shared more between weaker ties, 
while positivity is shared more between close ties (14, 26). Given 
that negativity is more likely to be shared between weaker ties 
(25, 26), negativity should be more viral for users with a higher 
proportion of weak ties, such as public figures. A second reason 
why negativity is more likely to be shared is specific to political 
and intergroup discourse, which is frequent on social media (27– 
29). Users who write political tweets are often driven by intergroup 
hostility and reputation considerations, which might lead them to 
share more negative content (5, 6, 30). Therefore, users who are 
writing about politics more often may be more likely to have their 
negative content shared. It is important to note, however, that at-
tention to political content and negativity sharing may also be 
driven by a bias in the literature toward political figures and 
news media. Recent research suggests that despite the fact that 
Twitter users seem to be more engaged with politics than the aver-
age US population (31), the majority of users (60%) do not follow 
any political public figures on Twitter (32).

Public figures and ordinary users
Verification status is one of the distinguishing features between 
users on major social media websites such as Twitter, Facebook, 
and Instagram. Verified users encompassed a wide range of public 
figures, including politicians, journalists, celebrities, and athletes. 
At the time of our data collection, the verification status on 
Twitter indicated whether a user was a public figure authenti-
cated by the platform or not. The verified status of users changed 
on 2022 November 5, after which every user was able to verify 
their account for $8 a month. Before the transition, verified users 

made up only a small proportion of all users. For example, Twitter 
has 229 million active users, of which only 420,300 (0.18%) were 
verified. Despite their relatively small number, verified users are 
central to the diffusion of content online (33, 34).

Public figures have distinctive characteristics on social media, 
which may affect the extent to which their negativity would be as-
sociated with sharing. The first characteristic is their high number 
of followers (35), which often means that many of these ties are 
weak ties (36). Given that weaker ties are more likely to share 
negative content than positive content (14, 25), negative content 
generated by users who have many followers, such as public fig-
ures, is more likely to be shared compared to other types of con-
tent. The second characteristic of public figures on social media 
is that they produce a relatively higher proportion of political content. 
Public figures use social media not only to promote themselves 
but also to promote social and political causes (37–39). 
Additionally, many verified users on social media are political fig-
ures, journalists, or other users who specialize in politics, making 
them more likely to produce political content. Given that negativ-
ity is especially likely to be shared in political content (5, 6, 20), 
negative content from users who produce a higher proportion of 
political content is more likely to be shared.

Previous research has already demonstrated a positive link be-
tween negativity and increased content sharing when focusing on 
public figures such as political leaders or news outlets (20, 40, 41). 
However, these previous studies have not compared public figures 
to ordinary users and have not examined for whom the associ-
ation between negative emotions and sharing is stronger. This 
question seems to be crucial if the ultimate goal is to find ways 
to reduce negativity sharing on social media. Furthermore, given 
that research on public figures has mostly focused on news media 
and political figures, it remains unclear whether the observed re-
lationship between negativity and content diffusion can be gener-
alized beyond this specific subset of public figures.

The present research
The primary goal of this study was to assess whether the association 
between negativity and content sharing is stronger when the con-
tent is produced by verified users compared to when it is produced 
by ordinary users. We further examined whether specific user char-
acteristics—number of followers and proportion of political tweets 
—can account for this difference in the strength of association. To 
achieve these goals, we first tested whether the type of user (ordin-
ary user, public figure) moderated the association between negative 
content and sharing. As there are various types of public figures who 
can obtain verification status, we further tested if certain types of 
public figures were more likely to be differentiated from ordinary 
users in the association between negative language and sharing. 
We then verified that public figures have relatively more followers 
and produce a higher proportion of political tweets before investi-
gating if these characteristics mediated the differential effect of ex-
pressed sentiment on sharing of content produced by public figures 
and ordinary users. The analyses were not preregistered, but the 
data and code are available at https://osf.io/xuraq/.

Results
Using the Twitter Application Programming Interface (API), we 
first compiled a list of users (n = 45,918) and their account descrip-
tions and then extracted their tweets in 2019 January (see Materials 
and methods for more information on our data extraction proced-
ure). We classified users into two groups, public figures and 
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ordinary users, based on account verification status. At the time of 
our data collection, public figures had a blue checkmark indicat-
ing that their account was verified by Twitter, while ordinary users 
were not verified. Triangulating a few classification methods, we 
further classified public figures into categories, including enter-
tainment, journalists, news outlets, organizations, politics, sports, 
and others. For a detailed description and breakdown of this 
classification, see Materials and methods and Section S5 and 
Tables S10–S12. We then selected an equal number of public fig-
ures and ordinary users (n = 6,678) who were matched by their ac-
tivity level on the platform using propensity score matching. This 
method involved matching ordinary users to public figures based 
on their tweet count, as described in detail in Materials and meth-
ods, resulting in a total sample of 427,502 tweets from public fig-
ures and 428,213 tweets from ordinary users (see Materials and 
methods and Section S1, Tables S1–S3, and Figs. S1–S5 for analysis 
using the full sample). To assess user characteristics, we collected 
data on each user’s number of followers as a measure of tie 
strength and analyzed their proportion of political tweets.

Following our process of user identification, we then turned to 
processing the tweets produced by the users. A retweet occurs 
when one user shares another user’s message with his or her 
own social network (42). For each tweet, we retrieved the number 
of retweets and evaluated the affective content of each tweet using 
the preevaluated sentiment analysis tool VADER (43). For each 
tweet, VADER generates a continuous sentiment score ranging 
from −1 (extremely negative) to +1 (extremely positive), along 
with an overall valence categorization (positive, neutral, and nega-
tive). A tweet is classified as positive if the sentiment score exceeds 
0.2, negative if it falls below −0.2, and neutral if the score falls be-
tween the two values. See Materials and methods for a detailed ex-
planation of the tweet evaluation process. We further compared 
the results of different sentiment analysis tools in Section S2, 
Table S4, and Fig. S6. We identified political tweets using Latent 
Dirichlet Allocation (LDA) topic modeling (44), which uses the co- 
occurrence of words or phrases to identify a predefined number 
of underlying themes. This method is capable of identifying polit-
ical tweets because political content often contains similar words, 
such as the names of political figures or events. To identify the topic 
that represents political tweets, we manually inspected the most 
frequently occurring words in each topic and selected the one 
that contained political terms. More details on the assessment of 
these characteristics and their transformations in Materials and 
methods and Section S3, Tables S5–S9, and Figs. S7 and S8 for details 
on the different configurations of topic modeling.

Frequency of positive, negative, and neutral 
content for public figures and ordinary users
We tested if public figures and ordinary users produced more posi-
tive compared to negative and neutral affective content using the 
three VADER categories. For this analysis, we counted the number 
of a user’s tweets in each of VADER’s three affective categories. As 
we matched both user types by their total number of tweets, we 
were able to compare the absolute number of tweets in the given 
categories as the dependent variable. Using linear regression 
models, we predicted the total number of tweets per affective cat-
egory based on user type (public figure and ordinary user).

As expected, positive affective content was more frequent than 
negative for both user types (b = −12.79 [−13.78, −11.80], SE = 0.50, 
t (37,358) = −25.40, P < 0.001, R2 = 0.021; see Fig. 1).1 The difference 

between positive and neutral content was only marginally signifi-
cant (b = −0.90 [−1.88, 0.083], SE = 0.50, t (37,358) = −1.79, P = 0.072, 
R2 = 0.021). Looking at the comparison between public figures and 
ordinary users, we found that public figures produced a similar 
amount of positive content compared to ordinary users (b = 1.09 
[−0.30, 2.48], SE = 0.71, t (37,358) = 1.53, P = 0.12, R2 = 0.021), a simi-
lar amount of neutral content (b = −1.32 [−3.29, 0.64], SE = 1.01, 
t (37,358) = −1.31, P = 0.18, R2 = 0.021), but most importantly less 
negative content compared to ordinary users (b = −2.15 [−4.12, 
−0.17], SE = 1.01, t (37,358) = −2.13, P = 0.032, R2 = 0.021). These re-
sults suggest that public figures tended to produce fewer negative 
tweets compared to ordinary users.

Associations between sentiment scores and the 
number of retweets for public figures and ordinary 
users
To examine the association between negativity sharing and re-
tweets for each user type, we conducted an interaction between 
the user type (public figure and ordinary user) and the continuous 
sentiment score from VADER in predicting the log-modulus- 
transformed number of retweets (see Materials and methods for 
more details on the transformation). According to previous re-
search, an increase in both positive sentiment and negative senti-
ment should lead to more retweets; therefore, we decided to fit a 
quadratic mixed model to predict the number of retweets using 
a quadratic function of the continuous sentiment score between 
−1 and 1. We also investigated potential nonquadratic relation-
ships between sentiment and sharing, but the quadratic model 
seemed to produce the most predictive model (see Section S7, 
Tables S14 and S15, and Figs. S12 and S13). A quadratic function 
(y = ax2 + bx + c) returns three coefficients describing the parabola. 
The coefficient a defines how wide the U-shaped graph is and if it 
opens upward or downward. If a is positive, then the parabola 
opens upward, and if a has a higher absolute value, this means 
that the line slopes more steeply. The coefficient b represents 
whether and to what extent the local peak is a positive or a nega-
tive x value. If b is negative, the local peak is a positive x value, and 
if b is positive, the local peak is a negative x value. The coefficient c 
is the intercept with the y-axis (at x = 0). A larger a coefficient in 
the present model would indicate a stronger association between 
sentiment and content sharing, while a larger b coefficient would 
suggest that positivity was shared more than negativity. In other 
words, the coefficient a informs us about the overall influence of 
emotional intensity or extremity on content sharing, while the co-
efficient b informs us about whether positivity or negativity is 
more likely to be retweeted. To account for differences in the 
number of tweets produced by users in our model, we included 
a random intercept for each user.

Looking first at the interaction, results suggested that higher 
sentiment values (positive or negative) were more strongly posi-
tively associated with the number of retweets for content pro-
duced by public figures than for content produced by ordinary 
users (a = 0.18 [0.17, 0.19], SE = 0.0067, t (845,141.16) = 27.17, 
P < 0.001, R2 = 0.085; see Fig. 2). This means that emotional content 
in general was more likely to be shared for public figures. The 
extent to which negativity led to more content sharing than posi-
tivity was also greater for public figures than for ordinary users 
(b = −0.12 [−0.12, −0.10], SE = 0.0036, t (845,324.79) = −31.95, 
P < 0.001, R2 = 0.085).

Having established the fact that the association between nega-
tivity and sharing was stronger for public figures, we then exam-
ined whether this effect was driven by certain types of public 

1 Marginal R2 calculated based on recommendations from (45) using R 
package “MuMIn” (46).
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figures. To achieve this, we replicated the previous mixed model 
analysis, using the log-modulus-transformed retweet count as 
our outcome variable and the interaction of two predictors: the 
quadratic function of the continuous sentiment score from 
VADER and the user type category. Unlike our previous analysis, 
where the user type variable was a simple binary variable (verified 
users vs. ordinary users), we expanded it to include multiple user 
types, including ordinary users and seven types of public figures. 
We also included a random intercept for individual users.

We found that negativity was shared more for all types of pub-
lic figures compared to ordinary users (see Section S5, Table S12, 
and Fig. S9 for full description), even in comparison to the subset 
of public figures for whom negativity was associated with the 
smallest increase in retweets, namely, organizations (b = −0.034 
[−0.044, −0.023], SE = 0.0053, t (845,324.79) = −6.37, P < 0.001, 
R2 = 0.053). Negativity increased retweets most for political figures 

(b = −0.32 [−0.35, −0.30], SE = 0.012, t (845,324.79) = −26.51, P <  
0.001, R2 = 0.053), followed by news outlets (b = −0.21 [−0.24, 
−0.16], SE = 0.020, t (845,324.79) = −10.19, P < 0.001, R2 = 0.053).

Differences in user characteristics between public 
figures and ordinary users
We suspected that two variables can explain why negativity is 
more frequently shared for public figures: the difference in the 
number of followers and the proportion of political tweets. We 
first needed to establish that public figures indeed have a higher 
number of followers and a greater proportion of political tweets 
than ordinary users. We used a simple linear regression with a 
dummy-coded variable for verification status to predict the 
log-modulus-transformed number of followers and the propor-
tion of their political tweets. The proportion of political tweets 

Fig. 1. Number of affective tweets by categories for both user types. The bar graphs show that for both public figures and ordinary users, negative 
affective content is the least frequent type of originally created content, replicating previous findings. Additionally, public figures seem to produce even 
less negative content compared to ordinary users.

Fig. 2. Number of retweets as a function of sentiment and user type. The results suggest that stronger sentiment is associated with more retweets for 
both types of users. The local minimum for public figures is reached with a more positive emotional tweet, indicating that negativity is more strongly 
positively associated with the number of retweets for public figures than for ordinary users. Public figures also received more retweets for neutral content 
than ordinary users.
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was defined as the number of political tweets identified by topic 
modeling divided by the total number of tweets.

Compared to ordinary users, public figures had more followers 
(b = 4.40 [4.34, 4.46], SE = 0.029, t (13,352) = 151.3, P < 0.001, R2 =  
0.63; see Fig. 3a) and produced approximately 2% more political 
content (b = 0.019 [0.014, 0.024], SE = 0.0025, t (13,352) = 7.48, P <  
0.001, R2 = 0.041; see Fig. 3b). While the proportion of political 
tweets only slightly differed between verified and ordinary users 
(around 2% increase), the difference in their number of followers 
was more substantial (d = 0.01 vs. d = 0.16). This suggests that the 
follower count is likely a more salient factor in differentiating pub-
lic figures from nonpublic figures than political tweet content.

Association between user characteristics and 
negativity sharing
After confirming that public figures had more followers and talked 
more about politics, we tested if these characteristics moderated 
the effect of sentiment on the number of retweets. To achieve 
this, we conducted two mixed models with quadratic terms. First, 
we looked at the interaction between the quadratic term of the con-
tinuous sentiment score and the number of followers in predicting 
the number of retweets. We also included a random intercept for 
users in both models. We found a stronger association between 
general sentiment and the number of retweets (a = 0.049 [0.083, 
0.096], SE = 0.0033, t (846,247.48) = 26.88, P < 0.001, R2 = 0.21; see 
Fig. 4) and more specifically between negativity and the number 
of retweets (b = −0.061 [−0.064, −0.057], SE = 0.0018, t (846,530.08)  
= −33.29, P < 0.001, R2 = 0.21) for tweets produced by users with 
more followers. Given the dramatically higher number of followers 
of verified users, we wanted to make sure that the effect of the num-
ber of followers is not limited to verified users. We, therefore, re-
peated this analysis using only the subsample of ordinary users, 
finding a similar effect (see Section S4). Additionally, we tested an-
other model in which we matched a subset of ordinary users and 
public figures based on their number of followers. We found that 
negativity was shared more for ordinary users that have as many 
followers as some public figures, although not to the same extent 
(see Section S4 for detailed discussion).

In the second model, we examined the interaction between the 
quadratic term of the continuous sentiment score and the propor-
tion of political tweets. We again used a random intercept for 
users as in the previous models. We found that tweets that were 
produced by users with a higher proportion of political tweets 
showed a stronger association between general sentiment (posi-
tive or negative) and the number of retweets (a = 0.014 [0.0078, 
0.021], SE = 0.0034, t (854,258.36) = 4.23, P < 0.001, R2 = 0.014; see 
Fig. 5) and between negativity and the number of retweets (b =  
−0.017 [−0.021, −0.013], SE = 0.0019, t (854,302.00) = −9.17, P <  
0.001, R2 = 0.014).

Parallel mediation analysis
We hypothesized that negative content produced by public figures 
was shared more due to the differences in user characteristics 
that promote negativity sharing. To assess this prediction, we con-
ducted a parallel mediation analysis assessing two potential me-
diators of the effects of user type (public figures vs. ordinary 
users) on sharing of their negative content (47). To conduct the 
mediation, we needed an individual-level variable that reflected 
the degree to which negativity was shared for that user. We com-
puted a new dependent variable that quantified the extent to 
which an increase in negativity was associated with more re-
tweets for every individual user in our dataset, which allowed us 

to predict how much negativity is shared for certain users depend-
ing on their characteristics. This negativity sharing–dependent 
variable was calculated using a similar model to the previous 
ones with two additional changes. First, instead of a quadratic 
mixed model, we used a split regression to approximate the 
U-shaped relationship between sentiment and the number of re-
tweets. A split regression contains a categorical variable that is in-
serted into a linear regression model as an interaction factor to 
allow for separate slopes for different categories. In our case, we 
split the continuous variable sentiment using a binary categorical 
variable into values <0 (negative slope) and ≥0 (positive slope). 
This approach allowed us to derive a single coefficient specifically 
representing the association between an increase in negativity 
and the number of retweets. Second, we introduced random 
slopes representing the relationship between sentiment and the 
number of retweets for each user. Another benefit of using a split 
regression for the extraction of a per-person coefficient was that a 
linear regression uses one coefficient to describe the relationship 
between sentiment and retweets (the beta coefficient), while a 
quadratic regression uses two (coefficients a and b, describing 
how much sentiment was associated with retweets as well as if 
negative emotions were shared more than positive emotions). 
We extracted the random slope describing the extent to which 
an increase in negative emotion was associated with the number 
of retweets as our dependent variable for the mediation analysis. 
The potential mediators were the two user characteristics identi-
fied above, namely, the number of followers and the proportion of 
political tweets. We used the PROCESS v4 macro for RStudio by 
Hayes (47) to conduct the parallel mediation analysis.

Starting with the a-paths in our parallel mediation model, the 
user type was, as reported above, a significant positive predictor 
of both the number of followers (a1 = 4.40 [4.33, 4.45], SE = 0.029, 
t (13,352) = 150.82, P < 0.001, R2 = 0.63; see Fig. 6) and the propor-
tion of political tweets (a2 = 0.019 [0.014, 0.024], SE = 0.0025, 
t (13,352) = 7.47, P < 0.001, R2 = 0.0042). Both the number of fol-
lowers (b1 = 0.019 [0.018, 0.0021], SE = 0.0006, t (13,352) = 31.01, 
P < 0.001, R2 = 0.13) and the proportion of political tweets were 
also significant predictors of sharing of negative content (b2 =  
0.018 [0.043, 0.0032], SE = 0.0072, t (13,352) = 2.55, P = 0.01, R2 =  
0.13). While the total effect of user type on negativity sharing 
was significant (c = 0.081 [0.076, 0.085], SE = 0.0022, t (13,352) =  
37.08, P < 0.001, R2 = 0.13), the direct effect controlling for the me-
diators rendered this effect nonsignificant (c′ = −0.0047 [−0.011, 
0.0021], SE = 0.0035, t (13,352) = −1.36, P = 0.17, R2 = 0.13). A 95% 
bias-corrected confidence interval based on 10,000 bootstrap sam-
ples indicated that the sampled indirect effects of user type on 
sharing of negative tweets via the number of followers (a1b1 =  
0.083, SE = 0.0039), while holding the other mediator constant, 
were consistently above zero (0.075–0.091). These findings indi-
cate a significant positive indirect effect, suggesting that the num-
ber of followers mediates the relationship between the user type 
and the sharing of negative tweets. Similarly, the sampled indirect 
effects via the proportion of political tweets were also consistently 
above zero (a2b2 = 0.0004 [0.0001–0.0006], SE = 0.0010). These re-
sults from the parallel mediation analysis suggest that the user 
type only had an indirect effect on negativity sharing. This effect 
was mediated by both the user’s number of followers and propor-
tion of political tweets.

Discussion
In this project, we compared the extent to which emotional con-
tent is shared for public figures and ordinary users. We found 
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that despite the fact that public figures tended to produce less 
negative content than other users, the association between the in-
crease in emotional intensity, especially negativity, and the num-
ber of retweets the post received was stronger for public figures 
compared to ordinary users. This stronger association between 
negativity and sharing was consistent among all types of public 
figures, while we did not find that negativity was shared more 
than positivity for ordinary users. We identified two user charac-
teristics—the number of followers and the proportion of political 
content—that mediated the effect of user type on the extent to 
which negativity was associated with an increase in retweets. 
When comparing these two mechanisms, it seemed that the num-
ber of followers was a stronger mediator to the differences be-
tween user types. This work supplements previous research on 
sharing of negativity, which has mostly focused on psychological 
processes elicited by negative emotions in tweets (4, 6, 20).

Public figures seem to contribute substantially to people’s ex-
posure to negative content on social media. Whenever a tweet is 
shared, it is duplicated and displayed to the sharer’s followers. 
Considering the fact that public figures have a much larger num-
ber of followers and given their centrality in social media net-
works (33, 34), their shared content makes up a large share of 
the material presented on social media (see Fig. 7). The resulting 
negatively biased sample of retweeted content then may lead oth-
er users to infer that the most credible and popular users on social 
media platforms use negative language, which in turn might 
negatively influence emotion expression norms.

Disproportionate sharing of public figures’ negative content 
could have adverse implications for both individuals and collec-
tives on social media. Overrepresentation of negative informa-
tion, such as negative news or online hate, cultivates a more 
negative evaluation of the world (48), potentially leading to a 

Fig. 3. Differences between public figures and ordinary users. Results suggest that public figures have more followers than ordinary users A) and produce 
a higher proportion of political tweets B).

Fig. 4. Number of retweets as a function of sentiment and number of followers. To visualize the interaction between two continuous variables (sentiment 
and the number of followers), the panels show the mean number of followers in the middle panel as well as the M ± SD (left and right panels, respectively). 
The colored areas indicate the 95% confidence intervals. The results show that the effect of sentiment on content sharing is greater when there is a higher 
number of followers. In other words, negativity sharing was stronger for the content of users with more followers.
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decrease in social trust (49) and a reduction in subjective well- 
being (50, 51). In addition, exposure to negative political content 
has negative collective consequences such as contributing to 
group polarization and intergroup conflicts (10, 11). This study’s 
findings also provide an explanation for why the overrepresenta-
tion of negative emotional content produced by public figures has 
worsened over time (52). The increased sharing of negative affect-
ive content incentivizes public figures to generate more of it (53), 
thereby perpetuating the cycle of negativity on social media.

Limitations and future directions
While this work provides new insights into how negativity is shared 
online and despite our efforts to address alternative hypotheses, 
the current analysis has limitations that should be addressed in fu-
ture work. The most important limitation is the observational na-
ture of this study, which means that we could not manipulate 
user characteristics while controlling for others that differed be-
tween public figures and ordinary users such as average emotions 
expressed (see Section S6, Tables S13, and Figs. S10 and S11 for 
the influence of average emotions expressed on negativity sharing). 
In future studies, researchers should manipulate user characteris-
tics by using a curated news feed look-alike that allows for the ma-
nipulation of such user characteristics.

The second limitation pertains to our assessment of user char-
acteristics. While it is plausible that the average tie strength de-
creases as the number of followers a user has increased, we do 
not have a direct measure for tie strength, such as reciprocal con-
nections or mutual interactions. In a similar vein, political content 
was classified using topic modeling, which can be implemented in 
various ways. This raises the question of how accurately this clas-
sification can categorize political content. To alleviate some of 
these concerns, we tested different configurations of the topic 
modeling classifications, still finding similar results (see Section 
S3, Tables S5–S9, and Figs. S7 and S8). Future work should sample 
entire networks over time to measure how much users interact 
with each other to get a more fine-grained measurement of tie 
strength as well as a user’s general tendency to create political 
content.

In addition to addressing the abovementioned limitations, fu-
ture research should seek to develop interventions designed to 
minimize general overexposure to negative content by targeting 
the abovementioned user characteristics. We identified users 
whose negative content had the highest tendency to be shared. 
As negative content is in fact produced more rarely than positive 
content (2), an effective intervention should aim to prevent the 
followers of such users from disproportionally sharing negative 
content. One possible way of doing this is by educating users 
about the consequences of sharing negative content of users 
who have a high number of followers or by providing them with 
feedback about their tendency to share negative content pro-
duced by much-followed users (54). Given that the underlying 
mechanisms are likely driven by psychological tendencies, the in-
creased consumption of negativity and the associated well-being 
risks may also manifest in other online contexts, such as browsing 
behavior (55), as well as in offline contexts, such as news con-
sumption (40). As a result, solely intervening on social media 
may only address a fraction of the well-being risks associated 
with Internet use.

We believe that our findings emphasize the crucial role that 
users with large followings such as public figures have in the dis-
semination of negative content. Furthermore, the findings shed 
light on the mechanisms that are involved in the process of sharing 
negative content and provide the basis for developing interventions 
aimed to combat the exposure of negative content online.

Materials and methods
This research adhered to the best practice guidelines for 
Internet-mediated research set forth by the Central University 
Research Ethics Committee (CUREC) of the University of Oxford. 
According to these guidelines, the analysis of public data does 
not require further ethics approval.

Participants
Based on previous research, we aimed to collect at least 350,000 
tweets per user type to detect the effect of emotion expression 

Fig. 5. Number of retweets as a function of emotionality and proportion of political tweets. To visualize the interaction of two continuous variables 
(sentiment and the proportion of political tweets), the panels show the predicted association between sentiment and the number of retweets at the mean 
proportion of political tweets in the middle panel as well as the M ± SD (left and right panels, respectively). The colored areas indicate the 95% confidence 
intervals. The results indicate that tweets produced by users with a higher proportion of political tweets show stronger associations between sentiment 
and content sharing and between negativity and content sharing.
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on sharing (4, 6). We estimated that in 1 month, we could collect 
approximately 7,000 ordinary users (assuming that the median 
number of tweets is 50) (56). To collect a list of users from both 
user types, we used two separate approaches. For public figures, 
we first retrieved a full list of all public figures from the @verified 
Twitter account (N = 314,373) and their basic profile statistics. 
Next, we downloaded their tweets in the period of 2019 January 
1 to 2019 January 31. Our final sample included 2,246,068 tweets 
produced by 39,241 public figures. We then turned to ordinary 

users. Because there is no suitable method to sample random or-
dinary users directly, we extracted account names from randomly 
sampled tweets. We used the 1% Spritzer stream, a real-time 
stream of a random selection of 1% of all tweets, to collect random 
tweets between 2019 January 14 and 2019 February 13, which were 
produced by ordinary users as indicated by the absence of verifica-
tion status. We then obtained user names from the producer of 
these random tweets. After discarding duplicated users, we col-
lected the profile statistics such as their number of followers of 
6,681 users from this list and retrieved their tweets as well as their 
descriptive information of these tweets including the number of 
retweets produced in 2019 January (1,927,684 tweets) using the 
Twitter API. We removed all tweets that were not in English and 
nonoriginal tweets, meaning that we removed retweets that did 
not contain their own added text, resulting in a final sample of 
428,223 tweets produced by 6,678 ordinary users.

To achieve an equal sample size of users with similar Twitter 
activity, we used propensity score matching to match ordinary 
users to public figures based on their tweet count (57). This statis-
tical technique helps address possible confounding factors in ob-
servational studies driven by inherent differences in samples. 
First, we calculated a propensity score for each user, indicating 
their likelihood of tweeting during the given month. Then, we em-
ployed the nearest neighbor method to match verified and ordin-
ary users with similar propensity scores. This approach ensured 
that the two groups produced a similar number of tweets during 
the 1-month period, reducing any potential distortions resulting 
from different tweeting behaviors. Each ordinary user was 
matched to one public figure with the closest tweet count. After 
matching, the sample included 6,678 users of each type, with 
427,502 tweets from public figures and 428,213 tweets from ordin-
ary users. We repeated the analysis from Results using the full 
sample of public figures before matching, finding similar results 
(see Section S1, Tables S1–S3, and Figs. S1–S5).

Measures
Sentiment analysis
We used the sentiment analysis tool VADER (43) to estimate the 
affective content of tweets. VADER was specifically developed 
for sentiment analysis in social media and is especially suited 
for short texts such as those posted on Twitter (58). For each tweet, 
VADER returns a categorization of the content’s overall valence 
(positive, neutral, and negative) as well as a continuous sentiment 
score ranging from −1 (extremely negative) to +1 (extremely posi-
tive). For the statistical analysis, we used the continuous 

Fig. 6. Parallel mediation analyzes the effect of user type on negativity sharing via two different user characteristics. User type positively predicts user 
characteristics: number of followers and proportion of political tweets. The indirect effects of user type on negativity sharing via the number of followers 
and the proportion of political tweets were both significant.

Fig. 7. Relative frequencies of emotional content in original tweets and 
retweets of public figures A) compared to ordinary users B). Although 
negative content only made up 20.67% of the original tweets for public 
figures, it accounted for 30.92% of all retweets, signifying an increase of 
10.25%. Conversely, for ordinary users, the proportion of negative content 
increased only slightly from 21.95 to 24.28% (2.33%). In contrast, when 
examining content that is less likely to be shared, such as neutral content 
for both user types, the proportion of such content decreases. 
Consequently, this content is underrepresented in retweets in 
comparison to its original frequency. These results suggest that the 
virality of negative content for public figures can lead to an inflation of 
their content compared to the original texts they produce.
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sentiment score. We repeated the analysis using a different senti-
ment analysis tool (SentiStrength) (59) (see Section S2, Table S4, 
and Fig. S6 for more details).

Topic modeling
To identify users who produced a higher proportion of political 
tweets, we first needed to distinguish political tweets from non-
political tweets. We used LDA topic modeling to identify political 
content in tweets (60, 61). LDA clusters texts into a predefined 
number of topics representing distinct themes. This enabled us 
to assess the extent to which each sampled user produced polit-
ical content. We conducted the topic modeling analysis in 
RStudio (version 4.0.2) using the “topicmodel” package (62).

The specificity/generality of the topics that are identified de-
pends on how many of them are preselected by the investigator. 
If the investigator decides to examine a small number of topics, 
topic modeling will use broad brushstrokes to divide the content 
but ignore finer distinctions. By contrast, specifying a large num-
ber of topics can result in topics that are too specific for the par-
ticular research question. Choosing the number of predefined 
clusters is done to balance the specificity and interpretability of 
the created topics (63). Our goal in the topic number selection 
was to find one general political topic using the smallest number 
of topics possible to avoid having multiple, more specific political 
topics.

The meaning of a topic was assessed qualitatively by analyzing 
the words used most frequently in this topic (64). The frequency of 
a word in a topic is expressed in the β-score (“beta-scores”). After 
manual exploration of the semantic coherence of the topics, we 
found that using five topics created one topic that seemed to be al-
most exclusively about politics (as indicated by high β-scores for 
words such as “Trump,” “president,” “vote,” “government,” etc.; 
see Section S3, Tables S5–S9, and Figs. S7 and S8 for all efforts 
and details of the identified topics). After deciding on the number 
of topics, we derived γ-scores from the LDA analysis, which are 
percentage estimates of the likelihood that each tweet contained 
each of the specified topics. Based on this criterion, 25.03% of our 
sampled tweets were categorized as political tweets, which is 
similar to previous assessments of the quantity of political con-
tent on Twitter (65).

User-level variables
Our user-level variables were the user type, number of followers, 
and proportion of political tweets. A user was categorized as the 
user type of either public figures or ordinary users depending on 
whether the account was verified or not. Verification status and 
the number of followers were extracted from users’ basic account 
information. However, the distribution of the number of followers 
was skewed and contained zero values. We, therefore, performed 
a log-modulus transformation (y = log(x + 1)) on this variable be-
fore conducting our statistical analysis. The proportion of political 
tweets was calculated as the number of the user’s tweets that 
were categorized as political by the topic modeling analysis (as de-
scribed above) divided by their total number of tweets.

For verified accounts, we further classified them into several 
major categories of verified users, including political figures, jour-
nalists, news outlets, entertainment, sports, and organizations, 
and evaluated the tendency of their negative content to be shared 
by other users. To do so, we employed three classification ap-
proaches in conjunction to evaluate these categories. Our first ap-
proach was to analyze the most frequent words in users’ profile 
descriptions, in order to identify potential categories and build 

manually curated dictionaries that describe the words used to 
classify users into their respective types (see Section S5 and 
Tables S10 and S11 for all categories and corresponding word 
parts). Second, we matched users based on their identifiers with 
lists from previous research that had already classified them 
into specific public figure types. These lists include those created 
by Barberá (66) as well as Rathje et al. (5) for political figures and 
the documentation by Bellovary et al. (20) for media outlets. 
Finally, we employed the tool “Demographer” (67), which utilizes 
machine learning and natural language processing techniques 
to infer whether an account belongs to an individual or organiza-
tion from multilingual social media data.

Tweet-level variable
We used the number of retweets as the main dependent variable. 
Because the distribution of the number of retweets was skewed 
and contained a high frequency of zeros, we performed a log- 
modulus transformation before statistical analysis.
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