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Abstract 
Displaying community fact-checks is a promising approach to re-
duce engagement with misinformation on social media. However, 
how users respond to misleading content emotionally after commu-
nity fact-checks are displayed on posts is unclear. Here, we employ 
quasi-experimental methods to causally analyze changes in senti-
ments and (moral) emotions in replies to misleading posts following 
the display of community fact-checks. Our evaluation is based on a 
large-scale panel dataset comprising N = 2,225,260 replies across 
1841 source posts from X’s Community Notes platform. We find 
that informing users about falsehoods through community fact-
checks significantly increases negativity (by 7.3%), anger (by 13.2%), 
disgust (by 4.7%), and moral outrage (by 16.0%) in the corresponding 
replies. These results indicate that users perceive spreading misin-
formation as a violation of social norms and that those who spread 
misinformation should expect negative reactions once their content 
is debunked. We derive important implications for the design of 
community-based fact-checking systems. 

CCS Concepts 
• Human-centered computing → Social media; Empirical 
studies in collaborative and social computing; • Information 
systems → Crowdsourcing; • Security and privacy → Human 
and societal aspects of security and privacy. 
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1 Introduction 
Social media platforms like X (formerly Twitter), Facebook, and Tik-
Tok have become increasingly influential sources for news consump-
tion and social engagement, especially among younger generations 
[31, 117]. However, the fast-paced and interactive nature of social 
media has also compromised the quality of the information shared, 
as content can be posted rapidly without undergoing the thorough 
fact-checking essential to journalistic ethics [85]. As a result, misin-
formation spreads easily on social media platforms and has become 
a concerning issue in the digital age [48, 70, 121]. The negative 
effects of user engagement with online misinformation have been 
repeatedly observed across various domains [1, 37, 38, 42, 52, 90]. 
For instance, political misinformation is especially troubling, as 
engagement with false information during elections can undermine 
democracy and destabilize societies [6, 37, 52, 121]. Given the signif-
icant risks and threats posed by online misinformation, social media 
providers are thus urged to establish content moderation policies 
and implement effective interventions to identify misinformation 
and inform users on their platforms [15, 32, 34, 70]. 

As a countermeasure, the social media platform X/Twitter has 
recently adopted a crowdsourced (community-based) fact-checking 
approach, “Community Notes,” to fact-check misleading posts and 
communicate veracity to users on its platform [94]. Notes” repre-
sents the first attempt by a major social media platform to apply a 
crowdsourced approach to fact-checking on a large scale. It allows 
users to add context or correct information to posts via commu-
nity notes, providing additional perspectives or clarifications. Once 
community notes are rated helpful by other community contrib-
utors, they will be directly displayed on the corresponding mis-
leading posts. While the accuracy of crowdsourced fact-checking 
approaches has been thoroughly validated by previous research 
[8, 33, 43, 89, 103], a causal understanding of how users react to 
social media content that has been subject to community-based 
fact-checking is still in its infancy. 

Previous research studying the effect of community fact-checks 
on social media users has primarily focused on analyzing how it 
affects engagement with misinformation (e. g., shares, comments, 
replies, or likes) [20, 21, 33, 36, 97]. For instance, studies have shown 
that community notes can reduce users’ belief in false content and 
their intentions to share misleading posts [19, 20, 35, 97]. However, 
little is known about how social media users emotionally react to so-
cial media posts that have been subject to fact-checking. Emotions 
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are highly influential for human decision-making and judgment 
[72]. It is thus conceivable that fact-checking social media posts 
triggers emotional backlash towards the authors of such content.1 

For example, users may feel a sense of urgency to correct the record 
or call out the spreaders of misinformation. In this scenario, the 
debunking of misinformation via community notes might provoke 
strong emotional reactions (e. g., negative sentiment, anger, disgust) 
from social media users. Note that such emotional backlash from the 
user base may be seen as a double-edged sword. On the one hand, 
it can be a desirable reaction in the fight against misinformation as 
it may signal to the content creator and other users that spreading 
misinformation is unacceptable and subject to public scrutiny. Also, 
collective emotional backlash may help pressure authors to correct 
or delete misleading content and discourage others from sharing 
or engaging with it. On the other hand, however, social media plat-
forms also need to maintain a healthy and constructive dialogue. In 
this regard, the emotional reactions from the user base pose risks of 
fueling political polarization, escalating conflicts, and entrenching 
divisions. Yet, empirical evidence on how fact-checking emotionally 
resonates with the audience on social media is missing. 

Furthermore, fact-checking social media posts may trigger pro-
nounced moral reactions from the user base. Content moderation of 
online speech is a moral minefield, especially when two key values 
come into conflict: upholding freedom of expression and preventing 
harm caused by the violation of social norms and spreading mis-
information [68]. From a theoretical perspective, spreading online 
misinformation may be perceived as immoral behavior, motivating 
users’ moral reasoning and judgment and triggering their moral 
emotions [84]. Previous work has identified the phenomenon of 
moral outrage, which occurs when individuals perceive the actions 
of another person or an entire situation as a serious violation of 
their moral principles or ethical standards. Moral outrage is com-
monly associated with a higher likelihood of inter-group hostility 
and can contribute to the further escalation of conflicts on the plat-
forms [28, 84, 117]. Emotionally, this often results in a combination 
of anger and disgust, prompting individuals to express these emo-
tions in an attempt to restore what they perceive as the proper 
moral norm [104]. This response typically involves blaming the 
violator and demanding corrective actions [84, 117]. Based on this 
rationale, we hypothesize that social media users might react with 
expressions of moral outrage to misleading posts and their authors 
once they are informed about the falsehoods via community notes. 

Research questions: In this study, we causally analyze whether 
the display of community notes changes expressions of sentiments 
and (moral) emotions in social media users’ replies to misleading 
posts. Specifically, we address two main research questions. Our 
first research question is to examine the effects of community notes 
on sentiments and basic emotions in replies (RQ 1.1). Previous 
research further suggests that emotions may play a particularly 
pronounced role in the context of political (mis-)information [11, 

1Note that an alternative rationale posits that some users (e. g., those with strong 
partisan alignments) may respond emotionally to a post from their “side” being labeled 
as misleading, rather than reacting to the misinformation itself. However, previous 
research suggests that replies are typically aimed at the content or the post authors 
[129]; and users are more likely to reply to authors from ideologically opposing groups 
[49]. In line with this notion, our later analysis and manual validation imply that 
community notes primarily elicit replies focused on the content of misleading posts or 
their authors (see details in Section 4.4). 

95]. We thus additionally analyze how the emotional reactions differ 
across misleading posts that cover a political vs. a non-political topic 
(RQ1.2): 
• RQ1.1: Which sentiments (positivity, negativity) and basic emo-
tions (e. g., anger, disgust) in replies to misleading posts are trig-
gered by the display of community notes? 

• RQ1.2: Do the effects of community notes on sentiments and 
basic emotions in replies differ across political and non-political 
misleading posts? 

Furthermore, when anger and disgust are mixed, they generate 
“moral outrage,” a more intense emotional reaction to perceived 
moral transgressions than either anger or disgust alone [9, 28, 104]. 
Our second research question is to examine whether community 
notes trigger moral outrage in replies (RQ2.1), and analyze the sen-
sitivity across political and non-political misleading posts (RQ2.2): 
• RQ2.1: Does the display of community notes trigger moral out-
rage in replies to misleading posts? 

• RQ2.2: Do the effects of community notes on moral outrage in 
replies differ across political and non-political misleading posts? 
Data & methods: To address our research questions, we collect 

a dataset of N = 2,225,260 replies to 1841 misleading posts that 
have been fact-checked via community notes over a 4-month pe-
riod since the roll-out of “Community Notes” feature on X/Twitter. 
The dataset includes all the replies that are directly toward mis-
leading posts before and after the display of community notes. 
Subsequently, we employ methods from Natural Language Process-
ing (NLP) in combination with Regression Discontinuity Design 
(RDD) to estimate the causal effects of community notes on the 
sentiments and (moral) emotions in the replies to the fact-checked 
posts. 

Contributions: To the best of our knowledge, this study is 
the first to causally analyze the emotional reactions of social me-
dia users in response to (community) fact-checks. We find that 
informing users about falsehoods through the display of commu-
nity fact-checks significantly increases the expression of negativity 
in the corresponding replies by 7.3%. Furthermore, we provide a 
fine-granular analysis of emotions. Here, the largest effect sizes are 
observed for (negative) emotions from the moral emotions family. 
Specifically, displaying community notes increases anger in the 
corresponding replies by 13.2%, disgust by 4.7%, and moral outrage 
by 16.0%. The observed effects are significantly more pronounced 
for political vs. non-political posts. Overall, these results imply that 
social media users perceive misinformation as moral transgressions 
and that authors of misinformation should expect negative reac-
tions once their content is debunked. Based on our findings, we 
derive important implications for behavioral theory, media literacy, 
and the design of community-based fact-checking systems on social 
media. 

2 Background and Related Work 

2.1 Misinformation on Social Media 
Social media platforms, as a source for news consumption and 
social engagement, have become increasingly popular. As of July 
2024, there is a large population base of ∼5.17 billion users on social 
media, and the number continues to grow [113, 117]. Especially 
among younger users aged 18 to 24, up to 65% prefer social media 
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as one of their preferred news sources [31]. Together, these data 
indicate a trend toward partially substituting traditional media with 
social media channels that provide fast access to information [12] 
and offer a more interactive way to engage with content [105]. 

Due to the lack of editorial oversight, social media platforms 
have also become fertile soil for spreading misinformation. Recently, 
there have been some critics arguing that the prevalence of mis-
information on social media is overestimated, and the exposure is 
concentrated among narrow fringe groups [4, 13]. However, given 
the large population base on social media platforms, its negative 
effects can be profound. For example, the spread of online health 
misinformation has posed severe risks to public health in both the 
Global North and the Global South [42, 65, 90, 120]. Additionally, 
the rise of AI makes generating misinformation faster, which poses 
new challenges and further undermines the credibility of social 
media [45, 50, 130, 132]. 

The spread of political misinformation on social media: 
The spread of political misinformation on social media has become 
a tool to pursue political agenda, and its negative effects are contin-
ually observed in threatening the stability of societies and eroding 
trust in democracy [1, 37, 38]. For example, conspiracy theories 
claiming that the 2020 U.S. presidential election was “stolen” were 
widely shared on social media. It is found that users who were ex-
posed to at least one misinformation website are 17.3% more likely 
to believe that the election was fraudulent [29]. As surveyed, almost 
40% of the U.S. public and, especially, almost 70% of Republicans 
negated the legitimacy of the 2020 presidential election outcome 
[112]. The reduced faith in electoral institutions have had real-
world consequences in affecting voters’ behaviors in subsequent 
elections and hate campaigns [37, 52]. Similar patterns have been 
observed in countries of the Global South, such as in Brazil [54, 96]. 
Moreover, political misinformation is often interconnected with 
the politicization of other social issues, such as health crises and 
climate change, further contributing to polarized attitudes toward 
these topics [23, 24, 55]. 

Altogether, with the increasing use of social media for news 
consumption and the continuously observed negative effects of 
misinformation across various domains, the spread of misinfor-
mation on social media has become a significant societal issue in 
the digital age [117, 121]. Particularly, political misinformation has 
been found to spread significantly faster than non-political misin-
formation on social media [121]. Previous studies also show that 
social media users share information to single their political affilia-
tion and moral stance, even knowing that it is inaccurate [77, 86]. 
To protect users from being affected by misinformation and prevent 
harm, it is both warranted and required to implement effective 
countermeasures to fight against its spread [6, 37]. 

2.2 Content Moderation for Misinformation 
Social media providers are increasingly urged to establish content 
moderation policies to regulate online behavior and combat the 
spread of misinformation on their platforms [32, 70]. The content 
moderation process includes two main aspects: fact-checking mis-
information and handling identified misinformation. 

To identify misinformation, social media platforms are widely 
collaborating with professional third-party fact-checkers (e. g., the 

International Fact-Checking Network) [78]. While fact-checking 
experts can accurately access veracity [71, 79], the implementa-
tion of this approach faces two main challenges. First, professional 
fact-checking is a lengthy and resource-consuming process, leading 
to a situation where only a small proportion of posts are actually 
checked [76, 79, 91, 123]. Second, professional fact-checkers face 
suspicions of (political) bias, e. g., by selectively fact-checking con-
tent [24, 116]. Therefore, the trust of the public in professional fact-
checking is discounted [19, 36, 47]. To overcome these challenges, 
researchers have proposed to fact-check and identify misleading 
posts on social media platforms at scale based on the non-expert 
fact-checkers from the crowd [2, 80, 89]. While the individual as-
sessments can have bias and noise [3], it has been shown that the ac-
curacy of aggregated judgments, even from relatively small crowds, 
is reliable and comparable to the accuracy of expert fact-checkers 
[8, 43, 89, 103]. Additionally, the crowdsourced assessments are 
perceived as more trustworthy by the users than fact-checks from 
experts [2, 36, 131]. 

Subsequently, social media platforms generally have three op-
tions for handling identified misleading posts: removing them, re-
ducing their visibility, or informing users about the falsehoods 
[64, 78, 124]. The first two options – removal and visibility reduc-
tion – are forms of “hard moderation,” where the platforms limit or 
entirely cut off the spread of misinformation. In contrast, informing 
other users that a post is misleading represents “soft moderation,” 
where the platforms refrain from imposing direct controls and in-
stead allow users to make their own decisions on how they process 
the informed misleading post. The hard moderation approaches 
face a dilemma, where the two key values of protecting freedom 
of expression and preventing harm from the spread of misinfor-
mation come into conflict [68, 107]. Given this, soft moderation 
approaches can be regarded as a trade-off between freedom of 
expression and misinformation intervention. Previous lab/survey 
experiments consistently show that communicating the falsehood 
to users (especially with explanations) is effective in reducing users’ 
beliefs and sharing intentions [2, 26, 57, 59, 62, 92, 127, 131]. 

2.3 Sentiments, Basic Emotions, and Moral 
Outrage on Social Media 

As an essential element of human communication, sentiments and 
emotions play a pivotal role in shaping interactions on social media 
platforms [7, 63, 72, 114]. They can be understood as two affective 
dimensions: valence (sentiment) and arousal (emotion). Sentiment, 
i. e., the valence of content (positive vs. negative), is an attitude, 
thought, or judgment promoted by a feeling [126]. Research has 
shown that negativity is a particularly significant characteristic of 
online engagement [30, 99, 133]. Negative sentiment tends to evoke 
stronger reactions, promoting users to comment and share online 
posts, especially among polarized communities [30, 133]. 

The relationship between sentiments and social interaction is 
more nuanced than simply the valence (positive vs. negative) of 
the content alone. From the arousal dimension, specific emotions 
(i. e., affect ladenness) are embedded within the content, adding 
intensity to the positive or negative feelings expressed [87, 126]. 
With various models classifying basic emotions, Ekman’s six ba-
sic emotion model is widely used and commonly shared across 
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other frameworks [126]. Specifically, Ekman’s model identifies six 
universal emotions: anger, disgust, fear, joy, sadness, and surprise 
[40, 41, 106]. These emotions are considered fundamental across 
different cultures and can combine to form more complex emotional 
experiences [106]. Emotions also vary on the level of physiological 
arousal or activation they evoke [7]. For example, anger and sadness 
are often expressed as negative emotions. However, anger is a state 
of heightened arousal and makes online content more viral, while 
sadness is low arousal and makes online content less viral [7, 18]. 
Particularly, users’ reliance on emotions can promote their belief 
in misinformation [75]. Several studies have found that emotions 
can explain the spread of true vs. false information on social media, 
with anger being the most significant emotion in driving the spread 
of misinformation [22, 93]. 

Additionally, moral emotions can arise in response to perceived 
moral violations or standards and motivate moral behavior [53]. 
One large family of moral emotions is other-condemning emotions 
that often lead to behavioral outcomes, that is, actions to correct the 
other’s behavior and increase justice-relevant judgment [53, 118]. 
Specifically, anger and disgust are the main other-condemning emo-
tions used in coordinating and constraining the behavior of the 
group member who made the morally unacceptable actions [53]. 
During the COVID-19 pandemic, other-condemning emotions are 
significantly associated with the higher virality of misinformation 
on social media [111]. Within political contexts, social media posts 
containing moral-emotional language have been shown to be 20% 
more likely to be shared, particularly within polarized partisan net-
works (liberal or conservative), with stronger effects within these 
groups than between them [11]. This highlights the role of moral 
emotions in amplifying online engagement, particularly through 
expressions of out-group animosity. Such expressions, especially 
within partisan networks, have been shown to drive higher en-
gagement than in-group favoritism, further entrenching political 
polarization [95]. 

Previous studies highlight moral outrage – a mixture of anger 
and disgust triggered by a perceived moral norm violation – as 
a powerful emotion that motivates people to shame and punish 
wrongdoers, especially in the digital age [10, 28, 104, 110]. Social 
media platforms, such as X/Twitter, inherently amplify expressions 
of moral outrage over time, as users who learn such language get 
rewarded with an increased number of likes and reposts [9]. Moral 
outrage is also contagious. Knowing that a person or entity is 
being publicly condemned can provoke moral outrage in others 
[108]. This contagious has the potential to ignite online firestorms 
– large waves of insults, criticism, or swearing directed at persons 
and organizations on social media [101, 115]. In addition, users 
frequently overestimate the level of outrage and hostility in social 
media posts, perceiving emotional expressions as more extreme 
than the authors actually report. This overperception can lead to 
escalated responses and increase the spread of moral outrage [10]. 
The consequences of heightened moral outrage on social media 
are double-edged. On the one hand, it can fuel inter-group conflict 
and polarization, exacerbating online tensions and divisions. On 
the other hand, it can also amplify constructive facets of morality, 
such as social support and prosociality [28, 117]. This dual role 
underscores the importance of understanding how moral outrage 

operates in specific circumstances to mitigate its negative impacts 
while promoting its potential positive effects. 

Overall, the analysis of sentiments and (moral) emotions is a 
crucial and growing area of research for understanding online en-
gagement and its consequences [46]. A large research body has doc-
umented that sentiments, (moral) emotions, and moral outrage play 
a pronounced role in shaping engagement with (mis-)information 
on social media. However, an understanding of how users emo-
tionally react to social media posts after they are informed of the 
falsehoods is missing, which presents the aim of our study. 

3 Data and Methods 
3.1 Datasets 
In this study, we analyze the emotional reactions of social media 
users in response to (community) fact-checks. For this purpose, 
we collect a large dataset of posts that have been fact-checked 
on X’s (formerly Twitter) “Community Notes” platform (formerly 
Birdwatch). “Community Notes” was officially rolled out to users on 
December 11, 2022, and is a crowdsourced fact-checking program 
that allows users to identify posts that they believe are misleading 
and write short textual notes that provide context to the posts. After 
a community note is created, other users can rate its helpfulness and, 
if it reaches a certain level of helpfulness, it is displayed prominently 
beneath the original post. An example of a misleading post with 
a displayed community note and one direct reply is shown in Fig. 
1a. Importantly, before note display, users who reply to the source 
posts can only see the original post content (as shown in Fig. 1b). 
After note display, users who reply to the source posts can see both 
original post content and displayed community notes flagging the 
post content as being misleading. 

As detailed in the following, we collect data from three different 
sources: (i) note dataset, (ii) post dataset, and (iii) reply dataset. Sub-
sequently, we combine these three data sources into a longitudinal 
dataset that allows us to analyze the changes in reply emotions 
before and after the display of community notes. 

3.1.1 Note dataset. X publishes all community notes and their as-
sociated status histories on a dedicated website and updates them 
daily.2 We downloaded the community note datasets on April 8, 
2023, which include all note contributions up until April 6, 2023. 
Our note dataset contains the details for each note, including its 
unique ID, creation time, classification (misleading or not mislead-
ing), referenced source post ID, and the note status history (i. e., 
when the notes were rated helpful and displayed on the source 
posts). In our data, there are 68,235 community notes for 45,664 
source posts. However, only 4686 source posts (10.3%) received 
displayed community notes until the date of data collection. 

3.1.2 Post dataset. We use X’s Academic Research API to search for 
the 4686 source posts with displayed community notes and success-
fully collect 3872 (82.6%) posts. Notably, given that the “Community 
Notes” program was rolled out on December 11, 2022, and mainly 
developed in the U.S., we only consider the source posts that were 
created after the roll-out and are written in English. There are 1953 
source posts remaining after this filtering step. 
2All community notes are publicly available at https://x.com/i/communitynotes/ 
download-data. 

https://x.com/i/communitynotes/download-data
https://x.com/i/communitynotes/download-data
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(a) (b) 

Figure 1: Research overview. (a) An example of a misleading post with a displayed community note and one direct reply after 
note display. (b) Illustration of our research setup. Before note display, users who reply to the source posts can only see the 
original post content. After note display, users who reply to the source posts can see both original post content and displayed 
community notes flagging the post content as misleading. Using the sentiments and emotions in replies before note display as 
a baseline, we can examine the changes in sentiments and emotions in replies after the display of community notes. 

3.1.3 Reply dataset. We retrieve the entire conversation thread 
for each source post via X’s Academic Research API.3 Each con-
versation thread contains all the replies to the original posts, and 
they share one unique conversation ID. In this study, we analyze 
the changes of sentiments and emotions in replies to the original 
misleading posts after the display of community notes. Therefore, 
we only consider direct replies to the source posts and omit indirect 
replies (i. e., replies to replies). We successfully pull 𝑁 = 2,225,260 
direct replies to 1841 misleading source posts (94.3%) that were 
fact-checked via community notes during a period of 4 months4 

since its roll-out (Table 1). The remaining 5.7% (112) misleading 
source posts have no (English) replies and are thus omitted. 

3.2 Sentiments and Basic Emotions 
We extract sentiment and emotion features in the source posts and 
their replies using two state-of-the-art machine learning models. 
Specifically, we compute the probabilities of positive and nega-
tive sentiments for each source post and reply using the Twitter-
roBERTa-base model (2022 updated). It was trained on 124 million 
posts created from January 2018 to December 2021, and fine-tuned 

3See the documentation for X’s API at https://developer.x.com/en/docs/twitter-api/ 
conversation-id. 
4The collection of our dataset was completed over two months, from April to June 
2023. Subsequently, X deprecated the Academic Research API, restricting our ability 
to access additional data for analysis. Notwithstanding, previous research implies that 
our dataset covering the initial four-month period provides a representative data basis 
for the Community Notes program [19, 20, 97]. 

for sentiment analysis.5 This model achieves a high prediction 
performance compared to other sentiment models [16, 73]. Subse-
quently, we compute the probabilities of Ekman’s six basic emotions 
(i. e., anger, disgust, fear, joy, sadness, and surprise) [40, 106] for 
each source post and reply using a distilled version of the RoBERTa-
base model.6 The model was pre-trained on OpenWebTextCorpus, 
a reproduction of OpenAI’s WebText dataset with more than 8 
million documents, and fine-tuned for emotion analysis [56]. The 
performance of this emotion analysis model is comparable to hu-
man annotations and has been used in several previous studies 
[14, 102]. Summary statistics for the sentiments and emotions in 
the source posts and replies are reported in Table 1. 

3.3 Political vs. Non-Political Posts 
Misleading posts in the political domain are particularly concerning 
due to their potential to undermine democratic processes and desta-
bilize societies [37]. As observed by previous studies [77, 86, 121], 
political misinformation spreads faster than non-political misinfor-
mation and is particularly resistant to corrections. Therefore, we 
additionally conduct a sensitivity analysis examining changes in 
sentiments and emotions in replies to misleading posts that cover 

5The sentiment model is available at https://huggingface.co/cardiffnlp/twitter-roberta-
base-sentiment-latest. 
6The emotion model is available at https://huggingface.co/j-hartmann/emotion-
english-distilroberta-base. 

https://developer.x.com/en/docs/twitter-api/conversation-id
https://developer.x.com/en/docs/twitter-api/conversation-id
https://huggingface.co/cardiffnlp/twitter-roberta-base-sentiment-latest
https://huggingface.co/cardiffnlp/twitter-roberta-base-sentiment-latest
https://huggingface.co/j-hartmann/emotion-english-distilroberta-base
https://huggingface.co/j-hartmann/emotion-english-distilroberta-base
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Table 1: Dataset overview. Reported are mean values or count numbers for the variables (standard deviations in parentheses). 

(1) (2) (3) 
All Political Non-political 

#Replies 2,225,260 1,068,732 1,156,528 
#Source posts 1841 477 1364 
Date range of replies 2022-12-11 – 2023-05-28 2022-12-11 – 2023-05-27 2022-12-11 – 2023-05-28 
Date range of source posts 2022-12-11 – 2023-04-05 2022-12-11 – 2023-04-05 2022-12-11 – 2023-04-05 
Sentiments in replies 

Positive 0.112 (0.222) 0.098 (0.209) 0.124 (0.233) 
Negative 0.565 (0.336) 0.608 (0.324) 0.525 (0.342) 

Sentiments in source posts 
Source positive 0.114 (0.222) 0.084 (0.184) 0.125 (0.233) 
Source negative 0.443 (0.334) 0.513 (0.315) 0.419 (0.337) 

Emotions in replies 
Anger 0.181 (0.260) 0.205 (0.272) 0.160 (0.246) 
Disgust 0.097 (0.183) 0.098 (0.181) 0.096 (0.185) 
Fear 0.050 (0.146) 0.047 (0.138) 0.054 (0.153) 
Joy 0.066 (0.170) 0.061 (0.163) 0.069 (0.176) 
Sadness 0.107 (0.192) 0.109 (0.193) 0.104 (0.192) 
Surprise 0.172 (0.247) 0.164 (0.241) 0.180 (0.252) 

Emotions in source posts 
Source anger 0.159 (0.243) 0.195 (0.260) 0.147 (0.236) 
Source disgust 0.041 (0.117) 0.041 (0.112) 0.040 (0.119) 
Source fear 0.173 (0.276) 0.151 (0.242) 0.181 (0.287) 
Source joy 0.077 (0.176) 0.068 (0.158) 0.080 (0.182) 
Source sadness 0.126 (0.211) 0.140 (0.216) 0.122 (0.209) 
Source surprise 0.175 (0.245) 0.174 (0.249) 0.175 (0.244) 

a political vs. a non-political topic. To do so, we extract topic do-
mains from the context annotations attached to each source post 
and classify them as political or non-political. X performs entity 
recognition and semantic analysis (e. g., keywords, hashtags, and 
handles) for all posts and assigns corresponding domain labels 
based on a topic domain list.7 Within the domain list, we consider 
“Politician,” “Political Body,” and “Political Race” as political topic 
domains. Posts containing one of the political topic domains are 
classified as political; otherwise, they are classified as non-political. 
As a result, there are 477 political misleading posts in our data, 
accounting for 25.9% of all misleading posts. However, nearly half 
of the replies are directed at political misleading posts (see Table 1). 

3.4 Empirical Models 
In this study, we longitudinally examine the direct replies to the 
source posts before and after the display of community notes. To 
address our research questions, we use Regression Discontinuity 
Design (RDD) to causally estimate the effects of the display of com-
munity notes in terms of sentiments and basic emotions. RDD is 
a quasi-experimental method to estimate the average treatment 
effect of an intervention by exploiting a discontinuity in the rela-
tionship between a running variable and an outcome variable at a 

7The topic domains are curated by domain experts and have undergone refinement 
over several years. X’s internal team audits this approach quarterly through the manual 
review of 10,000 posts across all the domains. The precision scores are consistently 
∼80%. The topic domain list is available at https://developer.x.com/en/docs/twitter-
api/annotations/overview. 

specific threshold or cutoff point [5, 17, 21, 61]. In the following, we 
introduce the dependent variables (Section 3.4.1), display indicator 
and running variable (Section 3.4.2), and additional independent 
variables (Section 3.4.3) in our analysis. Subsequently, we detail the 
specification of our empirical RDD models (Section 3.4.4). 

3.4.1 Dependent variables. We define the following dependent 
variables that measure expressions of sentiments, basic emotions, 
and moral outrage in replies to social media posts: 
• Dependent variables for positive and negative sentiments 
– Positive: A continuous variable from 0 to 1 that indicates the 
probability of positive sentiment in a reply. 

– Negative: A continuous variable from 0 to 1 that indicates the 
probability of negative sentiment in a reply. 

• Dependent variables for basic emotions 
– Anger: A continuous variable from 0 to 1 that indicates the 
probability of anger in a reply. 

– Disgust: A continuous variable from 0 to 1 that indicates the 
probability of disgust in a reply. 

– Fear: A continuous variable from 0 to 1 that indicates the 
probability of fear in a reply. 

– Joy: A continuous variable from 0 to 1 that indicates the prob-
ability of joy in a reply. 

– Sadness: A continuous variable from 0 to 1 that indicates the 
probability of sadness in a reply. 

– Surprise: A continuous variable from 0 to 1 that indicates the 
probability of surprise in a reply. 

https://developer.x.com/en/docs/twitter-api/annotations/overview
https://developer.x.com/en/docs/twitter-api/annotations/overview
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• Dependent variable for moral outrage 
– MoralOutrage: A continuous variable from 0 to 1 that indi-
cates the probability of moral outrage in a reply. Moral outrage 
represents a unique combination of anger and disgust in which 
the two emotions interact so that each exacerbates the other’s 
influence on judgments [104]. This interaction extends beyond 
the isolated effects of anger and disgust, thereby offering im-
portant theoretical insights into moral outrage [9, 28, 104]. 
Accordingly, we use the product of anger and disgust (i. e., 
Anger × Disgust) as a measure of moral outrage to explore 
their interactive effect.8 

3.4.2 Display indicator and running variable. Based on RDD, we 
aim to examine whether there are significant discontinued changes 
in sentiments and emotions after the display of community notes 
and estimate the effects. The key rationale behind this is that the 
sentiments and emotions in replies should change smoothly (or 
keep stable) over time if without the display of community notes. 
Given this, we define the display indicator of community notes 
(binary treatment indicator) as Displayed. It is equal to 1 if a reply 
is created after note display; otherwise, it is equal to 0. Additionally, 
we examine the changes in sentiments and emotions over time be-
fore and after the display of community notes. Therefore, we define 
the running variable as HoursFromDisplay, which is a continuous 
variable indicating the hour(s) from note display to reply creation. 

3.4.3 Additional independent variables. Given that connected so-
cial media users may share similar emotions [51, 69, 100], the sen-
timents and emotions in the source posts are likely to affect the 
sentiments and emotions in the replies from users who are exposed 
to these source posts (see correlation analysis in Suppl. S1.1). Thus, 
we incorporate source sentiments and emotions into the regression 
models as independent variables: 
• Independent variables for source sentiments in misleading posts 
– SourcePositive: A continuous variable from 0 to 1 that indi-
cates the probability of positive sentiment in a source post. 

– SourceNegative: A continuous variable from 0 to 1 that indi-
cates the probability of negative sentiment in a source post. 

• Independent variables for source emotions in misleading posts 
– SourceAnger: A continuous variable from 0 to 1 that indicates 
the probability of anger in a source post. 

– SourceDisgust: A continuous variable from 0 to 1 that indi-
cates the probability of disgust in a source post. 

– SourceFear: A continuous variable from 0 to 1 that indicates 
the probability of fear in a source post. 

– SourceJoy: A continuous variable from 0 to 1 that indicates 
the probability of joy in a source post. 

– SourceSadness: A continuous variable from 0 to 1 that indi-
cates the probability of sadness in a source post. 

– SourceSurprise: A continuous variable from 0 to 1 that indi-
cates the probability of surprise in a source post. 

In addition, the times when community notes are displayed on the 
source post are not fixed and depend on note helpfulness scores that 
are recalculated every hour. Therefore, changes in sentiments and 
emotions after note display might be confounded by the post age 

8As a robustness check, we repeated our analysis with a dedicated classifier for digital 
outrage developed by previous research [9]. Here, we observe quantitatively identical 
results (see details in Suppl. S6). 

from post creation to reply creation. Given this, we use PostAge to 
control for the possible confounding effects of post age. Descriptive 
statistics of sentiments and emotions in replies and source posts 
are summarized in Table 1. 

3.4.4 Regression models. We specify two RDD models to estimate 
the effects of the display of community notes on sentiments and 
emotions in replies, respectively. For positive and negative senti-
ments, the RDD model is specified as: 

Sentimenti = 𝛽0 + 𝛽1Displayedi + 𝛽2HoursFromDisplayi 
+ 𝛽3SourcePositivei + 𝛽4SourceNegativei (1) 
+ 𝛽5PostAgei + 𝜖𝑖 , 

where Sentiment denotes the dependent variable of Positive or 
Negative, 𝛽0 is the intercept, and 𝜖 is the residual. 𝛽1 to 𝛽5 are 
coefficient estimates for the independent variables. 

For the six basic emotions, the RDD model is specified as: 
Emotioni = 𝛽0 + 𝛽1Displayedi + 𝛽2HoursFromDisplayi 

+ 𝛽3SourceAngeri + 𝛽4SourceDisgusti 
+ 𝛽5SourceFeari + 𝛽6SourceJoyi (2) 
+ 𝛽7SourceSadnessi + 𝛽8SourceSurprisei 
+ 𝛽9PostAgei + 𝜖𝑖 , 

where Emotion denotes the dependent variable of one of the six 
basic emotions: Anger , Disgust, Fear , Joy, Sadness, or Surprise. Ad-
ditionally, we further take MoralOutrage (i. e., Anger × Disgust) as 
the dependent variable to explore the changes in moral outrage 
after the display of community notes. The independent variables 
for source sentiments are replaced with the variables for source 
emotions. 

To balance the scales of variables, we further 𝑧-standardize all 
continuous variables when fitting the RDD models. The standard-
ization is based on: 

x
z i − 𝜇 
i = , (3) 

𝜎 
where xi denotes original value for a continuous variable X , and zi 
is the standardized value. 𝜇 and 𝜎 are mean and standard deviation 
of the variable X , respectively. Therefore, the coefficient estimates 
for Displayed, i. e., 𝛽1, in the models cannot be directly interpreted 
as the effects of note display. Given this, we define that Ybefore is the 
outcome of a dependent variable before the display of community 
notes and Yafter is the outcome of a dependent variable after the dis-
play of community notes. Assuming that all the other independent 
variables are equal for the outcomes of Ybefore and Yafter , we have: 

Yafter − Ybefore = 𝛽1 

yafter − 𝜇 ybefore − 𝜇 
⇒ − = 𝛽1 (4) 

𝜎 𝜎 
⇒ yafter − ybefore = 𝜎 𝛽1 . 

The value of 𝜎 𝛽1 can represent the estimated (predicted) effects of 
the display of community notes on the sentiments and emotions, 
with all else being equal. 

Considerations for the adoption of RDD: Previous studies 
evaluating the effect of community notes on engagement (e. g., 
the number of reposts) have typically employed Difference-in-
Differences (DiD) methods by constructing a counterfactual control 
group that evolves in parallel with the treatment group prior to 
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the display of community notes [19–21, 97]. However, constructing 
such control groups often omits a significant portion of posts. While 
our dataset includes a large volume of replies, the limited number 
of source posts makes it infeasible to conduct such matching at the 
post level. Additionally, previous studies focusing on engagement 
typically analyze repost counts at an hourly level to examine en-
gagement reductions attributed to the display of community notes. 
Therefore, they do not require the collection of every individual re-
post with a precise timestamp, and can count the number of reposts 
as zero for intervals without repost activity. In contrast, this paper 
focuses on analyzing sentiments and emotions in individual replies 
to misleading posts before and after the display of community notes. 
This analysis necessitates collecting every reply along with its asso-
ciated timestamp and content. As sentiments and emotions cannot 
be assumed to be zero in intervals without replies, gaps in time 
units are likely to arise. These considerations lead us to adopt RDD 
with a continuous running variable in time [17, 61]. 

Further, research has discussed the use of time as a running 
variable in RDD, i. e., Regression Discontinuity in Time (RDiT), 
and suggested considering the time-series nature of the underlying 
data-generating process [58, 66]. On social media platforms, the 
autoregressive time-series structure originates from the creation of 
original posts, extends to direct replies, and further encompasses 
indirect replies (i. e., replies to replies), with each direct reply ini-
tiating a separate reply thread. To minimize complications from 
autoregressive processes within reply threads, our study focuses 
exclusively on direct replies to the original posts and omits indirect 
replies. Nevertheless, direct replies to the same source post across 
different observational units are still likely to exhibit correlations 
in terms of sentiments and emotions. However, according to X’s 
algorithmic rules [125], replies in the conversations associated with 
the same source post are typically not displayed in chronologi-
cal order. Thus, the correlations among direct replies are likely to 
primarily arise from shared factors, e. g., source sentiments and 
emotions, in the original posts (as illustrated in Fig. 1b).9 Following 
prior research [58, 121], we cluster standard errors in all regression 
models by unique source posts to address the potential violation of 
independence assumption. By clustering the standard errors, we 
account for the potential within-cluster correlations and provide 
more precise and reliable standard error estimates. In addition to 
the cluster-robust method, the incorporation of source sentiments 
and emotions in the regression models explicitly controls for the 
correlations among replies linked to the same source posts. 

4 Results 
4.1 Data Overview 
Our dataset covers four months since the roll-out of the “Commu-
nity Notes” program on X in December of 2022. Fig. 2a shows that 
the daily number of misleading posts on which community notes 
are displayed has an increasing trend, with an average of 15.7. Fig. 
2b shows that misleading source posts tend to have higher negative 

9In our later robustness checks, we validate that the correlations of sentiments and 
emotions among direct replies are stable and consistent across different temporal 
orders. The results confirm that the correlations arise from the influence of original 
posts rather than from temporal dependencies between direct replies. Furthermore, 
we repeated our analysis with lagged-dependent covariates as an additional check. 
Again, the results remain robust and support our findings (see details in Suppl. S7.2). 

sentiment (mean of 0.443), compared to positive sentiment (mean 
of 0.114; 𝑡 = −28.810, 𝑝 < 0.001). In terms of emotions, anger (mean 
of 0.159), fear (mean of 0.173), and surprise (mean of 0.175) are most 
common in the fact-checked misleading source posts (Fig. 2c). 

To examine the effects of community notes on the sentiments 
and emotions in replies, we collect a large-scale longitudinal dataset 
of replies to misleading posts. Fig. 2d shows that each misleading 
source post receives an average of 1209 (median of 298) replies in 
total (i. e., before and after the display of community notes). On 
average, community notes are displayed 52.5 hours (median of 24.6 
hours) after the creation of the source misleading posts (Fig. 2e). 
Notably, most of the replies (mean of 82.2%, median of 88.8%) are 
created before the display of community notes (Fig. 2f). Therefore, 
some misleading posts may not have sufficient reply samples after 
note display to perform comparisons with the replies before note 
display. Given this, we restrict our main analysis to misleading posts 
that have at least (≥) 5 replies both before and after the display of 
community notes. This criterion10 results in 1339 misleading posts 
being included in the comparison of sentiments and emotions in 
replies before and after note display. 

The key assumption of RDD in this paper is that a discontinuity 
exists around the cut-off point, i. e., the time when community notes 
are displayed [17, 61, 109]. In the absence of this intervention, the 
sentiments and emotions in replies are expected to remain continu-
ous or stable. To validate this assumption, we first examine changes 
in sentiments and emotions over time before the display of commu-
nity notes. Our analysis shows that, in the absence of community 
notes, the sentiments and emotions in replies remain relatively sta-
ble and exhibit no statistically significant relationship with the age 
of misleading posts (see details in Suppl. S1.2). Subsequently, we 
use an interrupted time series design to analyze potential disconti-
nuities in sentiments and emotions in replies following the display 
of community notes. The results reveal statistically significant dis-
continuities for negative sentiment, anger, and surprise in replies 
after the display of community notes (each 𝑝 < 0.05). Addition-
ally, aside from the identified discontinuity at the cut-off point, the 
sentiments and emotions in replies after note display show trends 
similar to those in replies before note display and remain stable 
over time (see details in Suppl. S1.2). These findings confirm that 
RDD is appropriate for examining the effects of community notes 
on sentiments and emotions in replies. 

Another important consideration for RDD is to include as many 
samples as possible within a relatively short bandwidth, aiming 
to mitigate potential confounding factors associated with larger 
windows around the display of community notes [17, 58, 61]. In 
our dataset, 97.8% of total replies are captured within a one-week 
window before and after the display of community notes. We con-
sider 10% of this window (i. e., 16 hours) as the bandwidth, in which 
61.3% of total replies are included, to examine the effect sizes of 
community notes on sentiments and emotions in our main analy-
sis.11 To further illustrate the discontinuity around the display of 
community notes, we plot the hourly averages of sentiments and 

10This criterion is primarily applied to improve statistical inference. Our results remain 
robust and consistent when this restriction is removed (see details in Suppl. S7.4).
11Given the stable trends of sentiments and emotions in replies over time, we verify 
the robustness of RDD estimates across different bandwidths and find qualitatively 
identical results throughout the entire reply lifespan (see Fig. 5). 
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Figure 2: Summary statistics for misleading source posts, direct replies, and display of community notes. (a) The 2-week rolling 
average daily number of misleading source posts that are attached with displayed community notes. (b) The means of positive 
and negative sentiments in the misleading source posts. (c) The means of anger, disgust, fear, joy, sadness, and surprise in the 
misleading source posts. (d) The Complementary Cumulative Distribution Function (CCDF) for the number of replies that are 
directed at each misleading source post. (e) The CCDF for hour(s) from post creation to note display. (f) The CCDF for the ratio 
of replies before note display to the total replies. (g) The hourly averages of negative sentiment in replies across hours from 
note display. (h) The hourly averages of anger in replies across hours from note display. (i) The hourly averages of surprise in 
replies across hours from note display. The hourly averages of positive sentiment and other emotions are shown in Fig. S2 in 
Suppl. S1.2. The error bars (bands) represent 95% Confidence Intervals (CIs). Notably, previous studies consistently suggest a 
potential cold-start period of 4 hours for community notes to reach their full effect [19, 97]. Therefore, we visually omit reply 
points within the initial four hours after the display of community notes for better readability. 

emotions in replies within the 16-hour bandwidth before and after 
note display. Figs. 2g–2i demonstrate the significant discontinu-
ities in negative sentiment, anger, and surprise at the cut-off point 
with stable levels at both sides (see Fig. S2 in Suppl. S1.2 for the 
visualizations of positive sentiment and other emotions). 

To shed light on the relationships between sentiments and basic 
emotions in our reply dataset, we examine their cross-correlations 
based on Pearson’s 𝑟 correlation coefficients. We find that anger 
(𝑟 = 0.406, 𝑝 < 0.001), disgust (𝑟 = 0.323, 𝑝 < 0.001), fear (𝑟 = 0.089, 
𝑝 < 0.001), and sadness (𝑟 = 0.192, 𝑝 < 0.001) have significantly 
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positive correlations with negative sentiment, while joy (𝑟 = 0.572, 
𝑝 < 0.001) and surprise (𝑟 = 0.044, 𝑝 < 0.001) are positively 
correlated with positive sentiment (see Table S5 in Suppl. S1 for 
all cross-correlations). This suggests that, in replies to misleading 
posts, negative feelings are often expressed through anger, disgust, 
fear, and sadness. Notably, anger and disgust have the strongest 
correlations with negative sentiment. We further examine the cross-
correlations among the six basic emotions in each reply. We find that 
only anger and disgust have a significantly positive correlation with 
each other (𝑟 = 0.111, 𝑝 < 0.001). Other emotions all show negative 
correlations (reported in Table S6 in Suppl. S1). This suggests that 
replies to misleading posts often express anger and disgust together, 
which is a strong indicator of moral outrage [104]. 

4.2 Analysis of Sentiments and Basic Emotions 
(RQ1.1) 

4.2.1 Descriptive analysis. We start by using 𝑡 -tests to descrip-
tively report changes in sentiments and emotions in replies after 
the display of community notes, 12 compared to before note display.  

For sentiments, positive sentiment in replies after the display of 
community notes (mean of 0.115) is significantly lower than be-
fore the note display (mean of 0.127; 𝑡 = 10.249, 𝑝 < 0.001; Fig. 
S3a). In contrast, negative sentiment in replies after the display 
of community notes (mean of 0.566) is significantly higher than 
before the note display (mean of 0.524; 𝑡 = −23.748, 𝑝 < 0.001; Fig. 
S3b). In terms of basic emotions, anger (mean of 0.179) and disgust 
(mean of 0.093) in replies after the display of community notes 
are significantly higher than anger (mean of 0.155; 𝑡 = −18.531, 
𝑝 < 0.001; Fig. S3c) and disgust (mean of 0.090; 𝑡 = −2.717, 𝑝 < 0.01; 
Fig. S3d) in replies before the note display, respectively. Fear have 
no statistically significant changes after the display of community 
notes (each 𝑝 > 0.05; see Figs. S3e–S3g). Surprise in replies after 
the display of community notes (mean of 0.179) is significantly 
lower than that in replies before the note display (mean of 0.185; 
𝑡 = 5.325, 𝑝 < 0.001; Fig. S3h). Taken together, our descriptive 
analysis suggests that replies after note display tend to be more 
negative and embed higher anger and disgust, compared to replies 
before the display of community notes (see details in Suppl. S2). 

4.2.2 Causal analysis. We now use regression models based on 
RDD to estimate the causal changes in sentiments and emotions in 
replies to source misleading posts that are attributed to the display 
of community notes. The coefficient estimates for the regressions 
across sentiments and basic emotions are visualized in Fig. 3. Addi-
tionally, to interpret the effect sizes of the display of community 
notes on the specific sentiments and emotions in replies to mis-
leading posts, we examine the extent to which the sentiments and 
basic emotions in replies change compared to their corresponding 
baselines before the display of community notes. The changes in 
sentiments and emotions in replies to misleading posts within the 
16-hour window, along with the predicted effects of displaying 
community notes, are visualized in Fig. 4. 
12We use the 𝑡 -test rather than non-parametric alternatives such as the Mann–Whitney 
𝑈 -test or the Kolmogorov–Smirnov test due to its advantage in reporting confidence 
intervals, which enhances the robustness of statistical testing for large-scale data. 
Although the distributions of emotions and sentiments are not strictly normal, their 
sample means are approximately normally distributed in our dataset. Therefore, the 
𝑡 -test is valid in our study based on the central limit theorem [44, 74]. 

Effect of community notes display: For positive sentiment 
in replies, the coefficient estimate of Displayed is significantly neg-
ative (Fig. 3a: coef . = −0.055, 𝑝 < 0.01; 95% CI: [−0.089, −0.021]). 
This means that the display of community notes decreases the 
positive sentiment in replies by 0.012 (95% CI: [−0.020, −0.005]). 
As shown in Fig. 4a, the baseline of positive sentiment in replies 
before note display is 0.125, and the positive sentiment in replies 
after note display is predicted to be 0.113 (95% CI: [0.106, 0.121]). 
This suggests that positive sentiment in replies decreases by 9.7% 
after the display of community notes compared to that before note 
display. In contrast, for negative sentiment in replies, the coefficient 
estimate of Displayed is significantly positive (Fig. 3b: coef . = 0.114, 
𝑝 < 0.001; 95% CI: [0.070, 0.158]). This means that the display of 
community notes increases the negative sentiment in replies by 
0.038 (95% CI: [0.023, 0.053]). As shown in Fig. 4b, the baseline of 
negative sentiment in replies before note display is 0.521, and the 
negative sentiment in replies after note display is predicted to be 
0.559, (95% CI: [0.545, 0.574]). This suggests that negative sentiment 
in replies increases by 7.3% after the display of community notes 
compared to that before note display. 

We further examine the effects of community notes display on 
changes in basic emotions in replies to misleading posts before and 
after the display of community notes. The results are as follows: 
• For anger in replies, the coefficient estimate of Displayed is sig-
nificantly positive (Fig. 3c: coef . = 0.078, 𝑝 < 0.001; 95% CI: 
[0.058, 0.098]). This means that the display of community notes 
increases anger in replies by 0.020 (95% CI: [0.015, 0.026]). As 
shown in Fig. 4c, the baseline of anger in replies before note 
display is 0.154, and the predicted anger in replies after note dis-
play is 0.174 (95% CI: [0.169, 0.180]). This suggests that anger in 
replies increases by 13.2% after the display of community notes 
compared to that before note display. 

• For disgust in replies, the coefficient estimate of Displayed is 
significantly positive (Fig. 3d: coef . = 0.023, 𝑝 < 0.05; 95% CI: 
[0.004, 0.042]). This means that the display of community notes 
increases disgust in replies by 0.004 (95% CI: [0.001, 0.008]). As 
shown in Fig. 4d, the baseline of disgust in replies before note 
display is 0.090, and the predicted disgust in replies after note 
display is 0.094 (95% CI: [0.091, 0.098]). This suggests that disgust 
in replies increases by 4.7% after the display of community notes 
compared to that before note display. 

• For fear, joy, and sadness in replies, the coefficient estimates of 
Displayed are all not statistically significant (each 𝑝 > 0.05; see 
Figs. 3e–3g). This means that the display of community notes 
has no significant effect on these three emotions in replies to 
misleading posts. 

• For surprise in replies, the coefficient estimate of Displayed is 
significantly negative (Fig. 3h: coef . = −0.043, 𝑝 < 0.001; 95% 
CI: [−0.060, −0.025]). This means that the display of community 
notes decreases surprise in replies by 0.011 (95% CI: [−0.015, −0.006]). 
As shown in Fig. 4h, the baseline of surprise in replies before note 
display is 0.184, and the predicted surprise in replies after note 
display is 0.174 (95% CI: [0.169, 0.178]). This suggests that sur-
prise in replies decreases by 5.7% after the display of community 
notes compared to that before note display. 

Taken together, the display of community notes increases 7.3% more 
negative sentiment and triggers 13.2% more anger and 4.7% more 
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Figure 3: The estimated coefficients for the independent variables – Displayed, HoursFromDisplay, and source sentiments 
(or emotions). The independent variable PostAge is included during estimation but omitted in the visualization for better 
readability. Shown are mean values with error bars representing 95% CIs. Standard errors are clustered by source posts. The 
dependent variables are (a) positive sentiment in replies, (b) negative sentiment in replies, (c) anger in replies, (d) disgust in 
replies, (e) fear in replies, (f) joy in replies, (g) sadness in replies, and (h) surprise in replies, respectively. The full estimation 
results are reported in Suppl. S3. 

disgust in replies to misleading posts, respectively. The effects of 
community notes display on sentiments and emotions in replies are 
concordant with the observed changes of sentiments and emotions 
in replies after the display of community notes (see Fig. S3 in Suppl. 
S2). 

Effect of sentiments and emotions in source posts: We fur-
ther examine the link between the original sentiments and emotions 
in the source misleading posts and the subsequent sentiments and 
emotions in the direct replies. For positive sentiment in replies, the 

coefficient estimate of SourcePositive in Fig. 3a is significantly pos-
itive (coef . = 0.039, 𝑝 < 0.05; 95% CI: [0.002, 0.075]); for negative 
sentiment in replies, the coefficient estimate of SourceNegative in 
Fig. 3b is also significantly positive (coef . = 0.112, 𝑝 < 0.001; 95% 
CI: [0.066, 0.158]). This means that the positive and negative senti-
ments in replies are positively linked to the original positive and 
negative sentiments in the source misleading posts, respectively. In 
terms of emotions, the coefficient estimate of SourceAnger in Fig. 
3c (coef . = 0.078, 𝑝 < 0.001; 95% CI: [0.054, 0.102]), the coefficient 
estimate of SourceDisgust in Fig. 3d (coef . = 0.070, 𝑝 < 0.001; 95% 
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Figure 4: The predicted effects of the display of community notes on sentiments and emotions in replies. (a) The predicted effect 
on positive sentiment in replies. (b) The predicted effect on negative sentiment in replies. (c) The predicted effect on anger in 
replies. (d) The predicted effect on disgust in replies. (e) The predicted effect on fear in replies. (f) The predicted effect on joy in 
replies. (g) The predicted effect on sadness in replies. (h) The predicted effect on surprise in replies. The grey points indicate the 
hourly averages of sentiments or emotions between 16 hours before and 16 hours after the display of community notes. Similar 
to Fig. 2, we visually omit reply points within the initial four hours after the display of community notes for better readability. 
The blues lines indicate the averages of sentiments or emotions in replies over the 16 hours before note display and represent 
the baselines during before-display period. The yellow lines indicate the averages of sentiments or emotions over the 16 hours 
after the display of community notes. The average at the yellow line is the sum of the predicted effect and the corresponding 
baseline at the blue line in each figure. The yellow bands represent 95% CIs. The predicted effects are transformed based on the 
coefficient estimates of Displayed (see Fig. 3). The full estimation results are reported in Suppl. S3. 

CI: [0.040, 0.099]), the coefficient estimate of SourceFear in Fig. 3e 
(coef . = 0.066, 𝑝 < 0.001; 95% CI: [0.045, 0.087]), the coefficient 
estimate of SourceSadness in Fig. 3g (coef . = 0.052, 𝑝 < 0.001; 95% 
CI: [0.036, 0.068]), and the coefficient estimate of SourceSurpirse 
in Fig. 3h (coef . = 0.069, 𝑝 < 0.001; 95% CI: [0.043, 0.094]) are all 

significantly positive. This suggests that the expressions of anger, 
disgust, fear, sadness, and surprise in source misleading posts have 
significantly positive effects on anger, disgust, fear, sadness, and 
surprise in the subsequent replies, respectively. However, the coef-
ficient estimate of SourceJoy in Fig. 3f is not statistically significant 
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(coef . = 0.033, 𝑝 = 0.084; 95% CI: [−0.004, 0.070]). Thus, we find no 
evidence that the expression of joy in replies is significantly linked 
to the expression of joy in the source misleading posts. 

Effect of reply timing: We examine whether the sentiments and 
emotions in replies change over time without the display of commu-
nity notes. We find that the coefficient estimates of HoursFromDisplay 
are not statistically significant across all dependent variables (each 
𝑝 > 0.05; see Figs. 3a–3h). The coefficient estimates of PostAge are 
also not statistically significant (see details in Suppl. S3). This means 
that the sentiments and emotions in replies are relatively stable over 
time if community notes are not displayed on the corresponding 
misleading posts. 

RDD estimates across different bandwidths: Based on the 
previous analysis of stable trends in sentiments and emotions within 
the reply lifespan (see Section 4.1), the RDD estimates across dif-
ferent bandwidths should remain robust and have no statistically 
significant differences. To validate this, we examine RDD estimates 
using three different bandwidths: 16 hours (16H), one week (1W), 
and the entire reply lifespan (LSP). As shown in Fig. 5, the RDD coef-
ficient estimates across sentiments and emotions in replies have no 
statistically significant differences within the three bandwidths (see 
full estimation results in Suppl. S4). Additionally, we conduct SUEST 
tests to compare RDD models across the three bandwidths, further 
confirming the equivalence of the common coefficient estimates 
within these models (each 𝑝 > 0.05, see Table 2). 

Summary of findings: In sum, we find that replies are more 
negative and express more anger and disgust after the display of 
community notes compared to those before the display. Specifically, 
the display of community notes triggers 13.2% more anger and 4.7% 
more disgust in replies to source misleading posts. Additionally, 
the sentiments and almost all emotions (except for joy) in replies 
are positively linked to those expressed in the source misleading 
posts. Furthermore, we find that the expressions of sentiments and 
emotions in replies are relatively stable over time if without the 
display of community notes. 

4.3 Analysis Across Politic and Non-Political 
Misleading Posts (RQ1.2) 

We conduct sensitivity analysis to examine whether the effects of 
community notes on sentiments and emotions in replies vary across 
political and non-political misleading posts. The coefficient esti-
mates for the sensitivity analysis across political and non-political 
misleading posts are reported in Fig. 6. 

We first examine the sensitivity of the effects of community 
notes on positive and negative sentiments. In Fig. 6a, the coefficient 
estimate of Displayed for positive sentiment in replies to politi-
cal misleading posts is significant and negative (coef . = −0.068, 
𝑝 < 0.01; 95% CI: [−0.115, −0.022]). However, the coefficient esti-
mate of Displayed for positive sentiment in replies to non-political 
misleading posts is not statistically significant (coef . = −0.020, 
𝑝 = 0.197; 95% CI: [−0.051, 0.010]). This means that the negative 
effect of community notes on positive sentiment in replies is limited 
to political misleading posts. Regarding the negative sentiment in 
replies (Fig. 6b), the coefficient estimates of Displayed are signifi-
cantly positive in both political (coef . = 0.116, 𝑝 < 0.001; 95% CI: 
[0.067, 0.164]) and non-political misleading posts (coef . = 0.075, 

𝑝 < 0.001; 95% CI: [0.042, 0.107]). This means that the effects of 
community notes generally apply to both political and non-political 
misleading posts. 

Next, we examine the sensitivity of the effects of community 
notes on basic emotions: 
• In terms of anger in replies (Fig. 6c), the coefficient estimates 
of Displayed are significantly positive in both political (coef . = 
0.063, 𝑝 < 0.001; 95% CI: [0.036, 0.091]) and non-political mis-
leading posts (coef . = 0.070, 𝑝 < 0.001; 95% CI: [0.042, 0.099]). 
This suggests that the display of community notes triggers more 
anger in replies to both political and non-political misleading 
posts. 

• In Fig. 6d, the coefficient estimate of Displayed for disgust in 
replies to political misleading posts is significantly positive (coef . = 
0.027, 𝑝 < 0.01; 95% CI: [0.008, 0.046]). However, the coeffi-
cient estimate of Displayed for disgust in replies to non-political 
misleading posts is statistically not significant (coef . = 0.012, 
𝑝 = 0.473; 95% CI: [−0.020, 0.044]). This indicates that the ef-
fect of community notes on increasing disgust in replies is only 
applicable to political misleading posts. 

• As shown in Figs. 6e–6g, the coefficient estimates of Displayed 
for fear, joy, and sadness in replies to both political and non-
political misleading posts are consistently not significant (each 
𝑝 > 0.05). This means that the display of community notes has 
no significant effects on fear, joy, and sadness in replies to either 
political or non-political misleading posts. 

• In Fig. 6h, the coefficient estimates of Displayed for surprise 
in replies to both political (coef . = −0.025, 𝑝 < 0.05; 95% CI: 
[−0.050, −0.001]) and non-political misleading posts (coef . = 
−0.048, 𝑝 < 0.001; 95% CI: [−0.074, −0.022]) are significantly 
negative. This means that the display of community notes gener-
ally leads to a decrease of surprise in replies to both political and 
non-political misleading posts. 
Additionally, we examine the associations between the senti-

ments and emotions in replies and the source sentiments and emo-
tions across political and non-political misleading posts. Fig. 6a) 
shows that the coefficient estimate of SourcePositive is not statisti-
cally significant for positive sentiment in replies to political mis-
leading posts (coef . = −0.015, 𝑝 = 0.350; 95% CI: [−0.047, 0.017]), 
while it is significantly positive for positive sentiment in replies 
to non-political misleading posts (coef . = 0.099, 𝑝 < 0.001; 95% 
CI: [0.062, 0.136]). Similarly, in Fig. 6f, the coefficient estimate of 
SourceJoy is statistically not significant for joy in replies to political 
misleading posts (coef . = 0.008, 𝑝 = 0.614; 95% CI: [−0.024, 0.041]), 
while it is significantly positive for joy in replies to non-political 
misleading posts (coef . = 0.062, 𝑝 < 0.001; 95% CI: [0.031, 0.092]). 
This suggests that the positive association between source positive 
sentiment (joy) in original posts and positive sentiment (joy) in 
replies disappears for political misleading posts. In contrast, for 
negative sentiment, anger, disgust, fear, sadness, and surprise in 
replies, there are consistently positive associations with their cor-
responding emotions in the source misleading posts, regardless of 
whether the posts are political or non-political (each 𝑝 < 0.05, see 
Figs. 6b–6e and Figs. 6g–6h). 

Finally, we find that the coefficient estimates of HoursFromDisplay 
for all sentiment/emotions in replies to either political or non-
political misleading posts are consistently not significant (each 
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Figure 5: The RDD coefficient estimates (i. e., Displayed) for sentiments and emotions in replies across three different bandwidths. 
The three bandwidths are 16 hours (16H), 1 week (1W), and reply lifespan (LSP), respectively. Shown are mean values with error 
bars representing 95% CIs. Standard errors are clustered by source posts. The full estimation results are reported in Suppl. S4. 

Table 2: SUEST tests for the equality of common coefficients across RDD models with different bandwidths. The tests are 
conducted separately for each sentiment/emotion in replies. 

(1) (2) 
16H vs. LSP 1W vs. LSP 

𝜒 2 𝑝 #Variables 𝜒 2 𝑝 #Variables 
Sentiments in replies 

Positive 8.47 0.132 5 10.74 0.057 5 
Negative 3.97 0.554 5 4.30 0.507 5 

Emotions in replies 
Anger 12.87 0.168 9 15.89 0.069 9 
Disgust 9.03 0.434 9 8.25 0.509 9 
Fear 6.23 0.717 9 8.16 0.518 9 
Joy 8.10 0.524 9 8.45 0.490 9 
Sadness 13.68 0.134 9 6.70 0.668 9 
Surprise 6.49 0.690 9 7.54 0.581 9 

𝑝 > 0.05; see Fig. 6). This suggests that the stability of sentiments 
and emotions over time remains robust, irrespective of whether the 
misleading posts are political or non-political. 

Summary of findings: Taken together, we observe two aspects 
of our findings that are specific to political misleading posts: (i) The 
effects of community notes on the decrease of positive sentiment 
and the increase of disgust in replies only apply to political mislead-
ing posts; (ii) The transfer of positive sentiment, particularly joy, 
from source posts to replies is disrupted in discussions on political 
topics. 

4.4 Analysis of Moral Outrage (RQ2.1 & RQ2.2) 
Given that moral outrage is typically expressed through anger 
and disgust, we examine whether the display of community notes 
triggers the moral outrage of users in their replies to misleading 
posts. Analogous to previous research [28], we define the depen-
dent variable moral outrage as MoralOutrage = Anger × Disgust. 
We first examine the changes of moral outrage in replies to all 
misleading posts. As shown in Fig. 7a, the coefficient estimate of 
Displayed is significantly positive (𝑐𝑜𝑒 𝑓 . = 0.067, 𝑝 < 0.001; 95% 

CI: [0.050, 0.084]). This means that the display of community notes 
increases moral outrage in replies to misleading posts by 0.003 (95% 
CI: [0.002, 0.004]). Additionally, using the baseline of moral outrage 
during a period of 16 hours before note display (mean of 0.019, Fig. 
7b), we find that the display of community notes triggers 16% more 
moral outrage in replies and increases it to a value of 0.023 (95% CI: 
[0.022, 0.023]). 

Robustness with alternative classifiers: Previous research 
developed a dedicated classifier to predict moral outrage, namely, 
the Digital Outrage Classifier (DOC) [9]. As a robustness check, we 
repeat our analysis with this classifier and find that the coefficient 
estimate of Displayed remains significantly positive (𝑐𝑜𝑒 𝑓 . = 0.067, 
𝑝 < 0.001; 95% CI: [0.041, 0.092]). A SUEST test indicates no sta-
tistically significant difference in the effect of Displayed between 
the operationalization of moral outrage in our main analysis and 
the operationalization of moral outrage via the DOC classifier 
(𝜒 2 = 0.00, 𝑝 = 0.957). Additionally, anger and disgust are cen-
tral components of other-condemning moral emotions [111]. Using 
a dedicated moral emotion classifier developed by prior research 
[67], we repeat our analysis and find that the effect of Displayed 
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Figure 6: The estimated coefficients for the independent variables – Displayed, HoursFromDisplay, and source sentiments (or 
emotions) across political and non-political misleading posts. The independent variable PostAge is included during estimation 
but omitted in the visualization for better readability. Shown are mean values with error bars representing 95% CIs. Standard 
errors are clustered by source posts. The dependent variables are (a) positive sentiment in replies, (b) negative sentiment in 
replies, (c) anger in replies, (d) disgust in replies, (e) fear in replies, (f) joy in replies, (g) sadness in replies, and (h) surprise in 
replies, respectively. The full estimation results are reported in Suppl. S5. 

on other-condemning moral emotions is also significantly positive 
(𝑐𝑜𝑒 𝑓 . = 0.132, 𝑝 < 0.001; 95% CI: [0.103, 0.161]). Altogether, these 
results consistently support that community notes trigger moral 
outrage beyond the isolated effects on anger and disgust (see details 
in Suppl. S6). 

Analysis across political and non-political misleading posts: 
We further examine the effects of community notes display on moral 
outrage in replies to political and non-political misleading posts sep-
arately. As shown in Fig. 7c, the coefficient estimates of Displayed 
are significantly positive within both political (𝑐𝑜𝑒 𝑓 . = 0.062, 𝑝 < 

0.001; 95% CI: [0.037, 0.087]) and non-political misleading posts 
(𝑐𝑜𝑒 𝑓 . = 0.060, 𝑝 < 0.001; 95% CI: [0.036, 0.084]). This indicates 
that the effects of community notes in triggering moral outrage are 
robust across political and non-political misleading posts. Addition-
ally, we analyze the average levels of moral outrage in replies to 
political and non-political misleading posts before and after the dis-
play of community notes (Fig. 7d). Before note display, the averages 
of moral outrage in replies to political and non-political misleading 
posts are 0.025 and 0.020, respectively (𝑡 = 63.709, 𝑝 < 0.001). After 
note display, these averages increase to 0.028 for political posts and 
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Figure 7: Moral outrage in replies to misleading posts increases after the display of community notes. (a) The estimated 
coefficients for the independent variables – Displayed, HoursFromDisplay, and source emotions. (b) The predicted effect of the 
display of community notes on moral outrage in replies to misleading posts. The error band represents 95% CIs. (c) The estimated 
coefficients for the independent variables – Displayed, HoursFromDisplay across political and non-political misleading posts. 
(d) The averages of moral outrage in replies to political and non-political misleading posts before and after the display of 
community notes. The error bars represent 95% CIs. (e) The twenty most frequent adjectives within replies with high moral 
outrage. For (a) and (c), the independent variable PostAge is included during estimation but omitted in the visualization for 
better readability. Shown are mean values with error bars representing 95% CIs. Standard errors are clustered by source posts. 
The full estimation results are reported in Suppl. S6. 

0.024 for non-political posts (𝑡 = 31.042, 𝑝 < 0.001). This suggests 
that the moral outrage in replies to political misleading posts is 
significantly higher than that in replies to non-political misleading 
posts, regardless of the display of community notes. However, the 
averages of moral outrage in the source posts between political 
(mean of 0.010) and non-political ones (mean of 0.009; 𝑡 = 0.575, 

𝑝 = 0.566) have no significant difference. This indicates that the 
heightened moral outrage in replies to political posts, compared to 
non-political posts, is not simply a transfer from the source posts’ 
moral outrage. 

Validation of targets of moral outrage: We conduct multi-
ple tests to validate that the measured moral outrage in replies is 
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primarily directed at the misleading posts or their authors (rather 
than reflecting emotional reactions from users whose “side” has 
been labeled as misleading). 

First, we consider two scenarios where replies may not be di-
rected toward original posts: mentions of other users (not authors) 
in replies and mentions of community notes in replies. If the level 
of moral outrage in these two scenarios is lower than in replies 
directed solely toward original posts, this would suggest that the 
moral outrage in replies is primarily focused on misleading content. 
We find that the ratio of mentioning other users in replies after 
note display (10.4%) is lower than that in replies before note display 
(12.3%). Meanwhile, after note display, moral outrage in replies that 
do not mention others (mean of 0.028) is 180.0% more than that in 
replies that mention others (mean of 0.010; 𝑡 = −82.018, 𝑝 < 0.001). 
Additionally, after the display of community notes, replies may 
discuss community notes rather than the original misleading posts. 
Given this, we check how many replies mention community notes 
after their display through the keywords: “community note” and 
“CN.” We find that, out of 533,495 replies created after note display, 
only 2986 (0.6%) replies mention community notes. Moreover, moral 
outrage in replies that do not mention community notes (mean of 
0.026) is 73.3% higher than the moral outrage in replies that mention 
community notes (mean of 0.015; 𝑡 = −11.791, 𝑝 < 0.001). Taken 
together, these validations suggest that the majority of replies, es-
pecially those with high moral outrage, are directed toward source 
misleading posts. 

Second, we randomly select 100 misleading posts with displayed 
community notes and manually evaluate the reply with the highest 
outrage score after the display of community note for each selected 
post. Specifically, two authors of this study independently reviewed 
these 100 replies, arriving at identical results: all 100 replies are 
consistently directed toward the content of the misleading posts or 
their authors. 

Third, we analyze the most frequently used words in replies that 
express moral outrage. We extract all words from replies posted 
after note display, focusing on those with a higher level of moral 
outrage (i. e., above the mean value). The most frequent word in 
these replies is “you,” often indicating a direct reference to the 
post author. Subsequently, we remove stop words and use Spacy, a 
Python library for advanced natural language processing, to extract 
the twenty most frequent adjectives. Then, we calculate the average 
level of moral outrage for each word based on the replies that 
include it. Fig. 7e shows that “stupid,” “fake,” and “dumb” are the 
most frequent adjectives in replies expressing moral outrage, with 
mean values of 0.105, 0.088, and 0.119, respectively. Additionally, 
words associated with higher levels of moral outrage (greater than 
0.100) tend to be more critical (e. g., racist, dumb, and corrupt), while 
words associated with lower levels of moral outrage (below 0.100) 
are more related to the veracity of the content (e. g., wrong, fake, 
and false). This suggests that higher levels of moral outrage are 
associated with the use of more critical or aggressive words. 

Summary of findings: Altogether, our analysis suggests that 
the display of community notes triggers moral outrage in replies 
to the corresponding misleading posts. Additionally, political mis-
leading posts tend to receive more moral outrage compared to 
non-political misleading posts. However, the effects of community 

notes on moral outrage in replies are robust across political and 
non-political misleading posts. 

4.5 Robustness Checks 
We conduct a wide range of additional robustness checks to ensure 
the reliability of our findings: 
• Multicollinearity check: We check for possible multicollinear-
ity issues using Variance Inflation Factors (VIFs). The VIFs are all 
close to one; and, thus well below the critical threshold of four 
(see details in Suppl. S7.1). 

• Analysis with lagged-dependent variables: To address the 
possibility that users replying to original posts may be influ-
enced by sentiments and emotions in previous direct replies, we 
conduct an auto-correlation test and repeat our analysis with 
lagged-dependent variables. The results remain robust, consis-
tently supporting our main findings (see details in Suppl. S7.2). 

• Shorter bandwidth and placebo test: To further ensure that 
the increase in moral outrage in replies to misleading posts is 
specific to the display of community notes, we repeat our analysis 
within a shorter bandwidth, i. e., 2 hours, around the display of 
community notes and conduct a placebo test at a different cut-off 
point before note display for comparison. We find that all results 
are robust and consistent with our main analysis (see details in 
Suppl. S7.3). 

• Analysis without reply restriction: We repeat the analysis 
without the restriction of 5 replies before and after note display. 
The results remain robust and consistent with our main findings 
(see details in Suppl. S7.4). 

• Month-year fixed effects: We incorporate month-year fixed 
effects into our regression models and repeat our analysis. The 
results remain robust and consistent with our main findings (see 
details in Suppl. S7.5). 

• Validation with dictionary-based approaches: We repeat 
our analysis using sentiment and emotion lexicons. Specifically, 
we use the VADER lexicon for sentiments and the NRC lexicon 
for emotions [60, 81]. The results remain robust across machine 
learning models and lexicons (see details in Suppl. S7.6). 

• Role of sentiments and emotions in community notes: To 
explore whether sentiments and emotions in community notes 
can potentially moderate the effects of community notes display, 
we incorporate sentiments and emotions in community notes 
and their interactions with Displayed into our regression models. 
The coefficient estimates of Displayed across the dependent vari-
ables remain robust. Additionally, the majority of the coefficient 
estimates for the interactions between sentiments (emotions) in 
community notes and Displayed are not statistically significant. 
This suggests that users’ emotional reactions are not significantly 
affected by the sentiments or emotions in community notes (see 
details in Suppl. S7.7). 

• Robustness across helpfulness scores: Misleading posts that 
garner significant public concern may be more likely to be quoted 
by influential accounts on X, thereby reaching a broader audience. 
This increased visibility may introduce confounding factors re-
lated to the helpfulness scores of community notes. For example, 
counter-partisan accounts can encourage other users to rate a 
community note as helpful, thereby increasing the helpfulness 
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score of the note [3]. To account for such potential confound-
ing factors, we incorporate NoteScore and its interaction with 
Displayed into our regression models. We find that the effect of 
community notes is robust across different helpfulness scores 
(see details in Suppl. S7.8). 

• Effect of community notes over the program’s develop-
ment: Given that the Community Notes program continuously 
evolves, we incorporate MFRO (i. e., months from the roll-out of 
Community Notes program) and its interaction with Displayed 
into regression models to investigate how the effect of commu-
nity notes changes over time from the roll-out of the program. 
We find that the effect of community notes on our dependent 
variables remains stable (see details in Suppl. S7.9). 

4.6 Summary of Main Findings 
In summary, we conduct a comprehensive causal analysis on the 
role of community notes in triggering sentiments, emotions, and 
moral outrage in replies to fact-checked social media posts. Further-
more, we extend our analysis by conducting sensitivity analysis 
across political and non-political misleading posts. Our main find-
ings are as follows: 
• The display of community notes triggers 7.3% more negativity, 
13.2% more anger, and 4.7% more disgust in replies to misleading 
posts (RQ1.1). 

• The effects of community notes on negativity and anger are 
robust across political and non-political misleading posts, while 
the effect on disgust only applies to political misleading posts 
(RQ1.2). 

• The display of community notes triggers 16% more moral out-
rage (RQ2.1), and this is robust across political and non-political 
misleading posts (RQ2.2). 

In addition to our main findings, we find the evidence of emotion 
transfers and time-independence for sentiments and emotions in 
online social networks: 
• The sentiments and emotions in replies to misleading posts are 
positively correlated with the sentiments and emotions of the 
corresponding source posts (with very few exceptions). 

• The sentiments and emotions in replies are stable over time if 
the posts are not subject to fact-checking (i. e., do not receive a 
displayed community note). 

5 Discussion 

5.1 Relevance 
The spread of online misinformation has become a significant chal-
lenge that social media platforms have to tackle. However, tradi-
tional (expert-based) fact-checking approaches have limitations 
regarding their scalability and face trust issues among the user base. 
As a remedy, crowdsourced fact-checking represents a promising 
approach to identify misinformation at scale and increase users’ 
trust in fact-checks. As the first large-scale attempt of crowdsourced 
fact-checking approach on a major social media platform, the “Com-
munity Notes” program has been shown to be effective in producing 
trustworthy community fact-checks and reducing engagement with 
misleading posts on X [19, 36]. It provides a reference for other 
social media platforms to implement similar crowdsourced fact-
checking approaches (e. g., YouTube [128]). However, to improve 

and extend the “Community Notes” program safely, it is important 
to understand how community notes affect the discussion environ-
ment after they are displayed on misleading posts, i. e., how users’ 
emotional expressions change after they are informed about the 
falsehood. To this end, our study causally examines the changes 
in emotional expressions in replies to misleading posts before and 
after the display of community notes. As detailed in the next sec-
tions, our findings provide important insights into the effects of 
(community-based) fact-checking on the discussion environment on 
social media and may help to improve the design of crowdsourced 
fact-checking platforms. 

5.2 Interpretations 
5.2.1 Community notes trigger negativity, anger, and disgust in 
replies to misleading posts. We find that the display of community 
notes leads users to post more negative replies, which is primarily 
due to heightened expressions of anger and disgust. These obser-
vations align with previous survey and lab studies in the field of 
psychology that people often report anger and disgust in response 
to moral violations of community, autonomy, and divinity ethics 
[82, 119]. In the context of our study, the display of community 
notes signals to users that the posts they are exposed to spread 
misinformation, which may thereby trigger their perception of a 
moral violation. Anger and disgust, though both negative, differ in 
their aggressive tendencies when responding to moral violations. 
Anger is typically associated with high-cost, direct aggression (e. g., 
physical violence or confrontational responses), whereas disgust is 
typically associated with less costly indirect aggression (e. g., gossip 
and social exclusion). Additionally, previous research suggests that 
people tend to express more anger than disgust when moral viola-
tions directly affect themselves, while they express more disgust 
than anger when moral violations target others [82]. Quantitatively, 
our findings reveal that the display of community notes increases 
anger in replies to misleading posts by 13.2%, compared to a 4.7% 
increase in disgust. Thus, users are more likely to express anger 
than disgust, which may indicate that users perceive the mislead-
ing content to primarily impact their own interests (rather than 
others’). Notably, our sensitivity analysis further reveals that the 
effect of community notes in increasing disgust is statistically sig-
nificant only in replies to political misleading posts. This could 
partially explain why the display of community notes is less effec-
tive in reducing the spread of political misleading posts, compared 
to non-political ones, which has been observed in a previous study 
[19, 20]. 

5.2.2 Community notes trigger moral outrage in replies to misleading 
posts. When anger and disgust are mixed, they generate “moral 
outrage,” a more intense emotional reaction to perceived moral 
transgressions than either anger or disgust alone [9, 28, 104]. Our 
findings show that the display of community notes increases moral 
outrage by 16% in replies to misleading posts, a greater increase than 
those observed for anger (13.2%) and disgust (4.7%) individually. 
This empirical evidence underscores the significant role of moral 
outrage in users’ responses to the moral transgression of spreading 
misleading posts. Specifically, our findings suggest that displaying 
community notes on misleading posts is a strong stimulus that 
calls attention to the moral norm violation, thereby motivating 
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expressions of moral outrage. Notably, research suggests that if 
users experience moral violations personally without such external 
stimuli, their intentions to express moral outrage might decrease 
[28]. This phenomenon might be explained by social conformity 
that users are inclined to conform to the majority’s opinions on 
the quality of online posts [27, 122]. The display of community 
notes signals consensus among diverse users, thereby potentially 
encouraging exposed users’ conformity and subsequent correcting 
actions. 

The expression of moral outrage to spreading misinformation 
is a double-edged sword that can both mitigate the harm of online 
misinformation and exacerbate the polarization of online commu-
nities. On the one hand, moral outrage can strengthen debunking 
effects on exposed users and pressure authors to correct or delete 
their misleading posts [19, 88]. Previous research has shown that 
the display of community notes significantly increases the likeli-
hood of deleting misleading posts by their authors [19]. Moreover, 
those who attempt to spread misinformation can expect strong neg-
ative reactions from the user base once their content is debunked, 
which may help to discipline users and encourage more respon-
sible behavior on social media. On the other hand, social media 
platforms also need to maintain a healthy, inclusive, and balanced 
online environment. However, online moral outrage can deepen 
social divides and fuel political polarization [9, 28, 37]. Additionally, 
the corrections and moral judgments from peer users may backfire 
and make authors of misleading posts feel defensive, promoting 
their subsequent shares of low-quality, partisan, and toxic content 
[83]. In this light, while moral outrage can be a powerful tool for 
combating misinformation, it also risks escalating conflicts and 
entrenching divisions within online communities. This risk may 
partially explain why community notes lead to smaller reductions 
in replies compared to reposts [97]. The potential negative effects 
of moral outrage triggered by community notes require a further 
rigorous examination to find a trade-off between mitigating the 
spread of misinformation and maintaining a positive discussion 
atmosphere. 

5.2.3 Emotion transfers and stable emotional responses over time. 
Our study provides strong empirical evidence supporting the idea 
that connected users on social media platforms express similar 
sentiments/emotions. Specifically, we find that all sentiments and 
emotions in misleading posts, especially non-political ones, are 
effectively transferred to subsequent sentiments and emotions in 
replies. This emotion transfer phenomenon can be explained pri-
marily through two mechanisms: emotion contagion and emotion 
alignment (i. e., homophily) among connected users. Here, emo-
tion contagion refers to the spreading effect of emotions from one 
user to another [51, 100], and emotion homophily indicates that 
like-minded users tend to flock together, potentially forming echo 
chambers that dominate online interactions and reinforce biases 
and attitude polarization [25]. Our findings further reveal that the 
intensity of sentiments and emotions in replies remains stable over 
time, showing no signs of fading. Moreover, misleading posts fact-
checked via community notes are predominantly characterized 
by negativity. The persistence of emotion transfers may further 
exacerbate these dynamics [22, 30, 133]. 

5.3 Implications for Further Design of 
Community-Based Fact-Checking 

Community-based fact-checking is a promising approach and can 
effectively reduce engagement with misinformation on social media 
[2, 19, 36, 62, 131]. However, our study finds that communicating 
falsehoods to users via community fact-checks can also trigger 
moral outrage in response to the perceived moral violation of spread 
misinformation. This heightened moral outrage can have dual im-
pacts. On the one hand, it may strengthen the effectiveness of 
community-based fact-checking by pressuring (disciplining) users 
to reconsider their actions. On the other hand, however, it may 
also backfire by increasing tension and polarization on social media 
[83]. 

The dual role of moral outrage highlights the need to minimize its 
negative consequences without undermining its positive effects in 
the design and implementation of community-based fact-checking 
to maintain health and constructive dialogue on social media. Pre-
vious research suggests that temporarily deactivating social media 
accounts can reduce polarization on policy issues [95]. Additionally, 
a “cooldown” period for highly active and polarized threads has 
been proposed to ensure a deliberatively interactive environment 
[39]. Given this, social media platforms might consider implement-
ing a temporary freezing period for misleading posts once they 
receive helpful community fact-checks. During this period – e. g., 
one hour – the misleading posts would be invisible to others, while 
the authors are notified, giving them time to delete or correct the 
misleading content. If they do not respond within the given time-
frame, the community fact-checks with associated misleading posts 
would then be publicly displayed on the platform. Similarly, plat-
forms may consider temporarily limiting the ability to comment on 
posts flagged by community fact-checks. This could take the form 
of a complete ban on posting responses during this period or a 
personal delay, where written comments are visible to others only 
after a certain period. In general, platforms may need to empha-
size community guidelines in heated/morally charged discussions 
(e. g., labels/brief prompts that appear when a user is about to post a 
highly emotional response; or additional monitoring by moderation 
teams) [98]. 

Importantly, however, any such design changes must be carefully 
evaluated through further research to assess their potential benefits 
and drawbacks. A core motivation behind community-based fact-
checking is to reduce censorship on social media platforms and 
empower users with greater autonomy to improve trust in the fact-
checking process [36]. Therefore, platforms must strike a delicate 
balance between fostering constructive discourse and preserving 
user autonomy to sustain trust and engagement in community-
based fact-checking. 

5.4 Limitations and Future Research 
Our study has several limitations that could open up potential av-
enues for future research. First, our study is limited to a 4-month 
period since the roll-out of the “Community Notes” program. As the 
program is continually evolving, it would be valuable to examine 
the effects of community notes on sentiments, emotions, and moral 
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outrage over a longer observation timeframe.13 Furthermore, while 
we conduct extensive robustness checks to ensure the reliability 
of our findings, it is challenging for a quasi-experimental study to 
fully isolate the effect of community notes from other potential 
concurrent misinformation interventions or external factors. There-
fore, future research is encouraged to validate our findings within 
controlled experimental designs. 

Second, on the date of data collection, the “Community Notes” 
program was primarily well-established in the U.S., and the fact-
checked posts were mainly in English. Consequently, we only con-
sider English posts in our study. In the future, a multilingual and 
cross-cultural evaluation would be beneficial to get a more com-
prehensive understanding of how community notes impact users’ 
emotional reactions across languages and cultures. Additionally, our 
sensitivity analysis is limited to general political and non-political 
misleading posts. Future research could expand this scope by exam-
ining more fine-grained topics (e. g., health, business & economics, 
celebrities, etc.). 

Third, our measurement of moral outrage cannot definitively 
ascertain whether it is directed toward misleading posts or their 
authors. To validate our approach, we analyze two special cases: 
mentions of other users and mentions of community notes in replies. 
We find that the moral outrage in replies that mention other users 
or community notes is significantly lower than the moral outrage 
in replies that solely react to the misleading posts and do not men-
tion other users or community notes. Additionally, replies with 
high moral outrage frequently use aggressive words (e. g., “stupid,” 
“dumb”). All of these analyses support the notion that community 
notes trigger moral outrage and critical remarks to misleading posts 
or their authors. Future research could further validate our findings 
through more advanced subject-aware emotion detection models. 

Finally, it has been found that the display of community notes 
increases the probability of post deletion by authors [20]. A possi-
ble contributing factor may be that expressions of moral outrage 
pressure authors to delete their misleading posts. This notion could 
be validated through the examination of moral outrage in replies to 
deleted and non-deleted posts. However, deleted misleading posts 
and corresponding replies cannot be collected through X’s API. As 
a remedy, future research could conduct lab experiments to causally 
examine whether expressions of moral outrage increase authors’ 
intentions to delete their misleading posts. Additionally, it would 
be interesting to further examine how the authors of misleading 
posts adapt their future behaviors on social media. 

6 Conclusion 
Community-based fact-checking is a promising approach to reduce 
engagement with misinformation on social media. Yet, an under-
standing of how community fact-checks affect users’ emotional 
perception of misleading posts and their authors was missing. In 
this study, we analyze a large-scale panel dataset of replies to mis-
leading posts that have been fact-checked via community notes. 
Our findings provide strong causal evidence that community fact-
checks trigger moral outrage in replies to misleading posts. This 

13Notably, we collected our dataset via X’s Academic Research API before it was 
deprecated. Currently, it is costly to collect such a high volume of data from X. 

suggests that social media users perceive spreading misinforma-
tion as moral transgressions, and that spreaders of misinformation 
should expect negative responses once their content is debunked. 
Our study highlights the need for further examination of both the 
positive and negative consequences of such emotional backlash. 
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