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Abstract
Online harassment and abusive language continue to be a
growing concern on social media platforms. In this study,
we explore the power of group dynamics to shape the tox-
icity of Twitter conversations. First, we examine how the
presence of others in a conversation can potentially diffuse
Twitter users’ responsibility to address a toxic reply. Second,
we examine whether the toxicity of the first direct reply to a
toxic tweet in conversations establishes group norms for sub-
sequent replies. By doing so, we outline users participating
in the conversation before the first toxic reply and the tone of
initial responses to a toxic reply as explanatory factors that
affect whether others feel uninhibited to post their own abu-
sive or derogatory replies. We test this premise by analyz-
ing a random sample of more than 187K tweets belonging
to ∼ 9K conversations. This analysis of group dynamics is
motivated by a larger body of scholarship on contagion of an-
tisocial behavior and the power of establishing social norms
that maintain rather than sanction toxicity. We find evidence
that an increased number of users participating in the conver-
sation before receiving a toxic tweet is negatively associated
with the number of users who responded to the toxic reply
in a non-toxic way. Furthermore, posting a toxic reply imme-
diately after a toxic comment is negatively associated with
users posting non-toxic replies and Twitter conversations be-
coming increasingly toxic. We argue that understanding how
social media users respond to uncivil comments or abusive
language reveals social norms as powerful social cues that
can shape human behavior online.

Introduction
Content Warning: This study analyzes group dynamics in
online toxic conversations. This paper provides demonstra-
tive examples of user content that might include profane
and hateful content that may be found offensive by some.

Social media and online communities allow individuals
to freely express opinions, engage in interpersonal commu-
nication, and learn about new trends and news stories. Plat-
forms such as Twitter (now known as X) hold promise for
users to engage in rich and vibrant conversations with oth-
ers from various backgrounds and cultures. Nevertheless,
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these platforms also serve as spaces for uncivil behavior.
In particular, toxicity as explicit language, derogatory, ag-
gressive, or disrespectful content has become endemic on
online platforms (Anderson et al. 2016; Dutton 1996; Pa-
pacharissi 2002; Hwang et al. 2008; Zannettou et al. 2020).
There is a growing concern regarding the prevalence of in-
civility over social media platforms and its impact on online
communities (Rost, Stahel, and Frey 2016; Duggan 2014).
How groups react to divisive behavior can reflect broader
social norms online, whether they spread negative behav-
iors, call out racist or sexist behavior, or ignore toxic behav-
iors (Binns 2012).

Toxic behavior frequently occurs in the presence of other
users whose actions can influence the dynamics of a so-
cial situation. For instance, they may actively engage with
the perpetrator’s behavior by posting toxic replies, endeavor
to counteract toxicity by confronting such behavior or con-
tributing positively to the conversation, or simply observe
the interaction unfold (Aleksandric et al. 2024). Social norm
theory provides a useful lens for understanding communi-
cation behavior on social media, particularly the persistence
of toxicity. Norms reflect shared expectations about appro-
priate behavior, shaping the cultural “dos and don’ts” that
guide interactions and regulate how individuals engage with
content and other users online. In online communities, users
are going to be guided both by their internalized discomfort
with breaking social norms, their perceptions of what oth-
ers view as acceptable, and by the behaviors they see others
engaging in.

The belief that people behave differently in groups is a
well-established social psychological tenet. In particular, the
bystander effect theory in social sciences refers to the phe-
nomenon where individuals are less likely to offer help or
intervene in emergency situations when other people are
present (Latané and Darley 1969; Darley and Latané 1968).
This theory suggests that the presence of others can lead
to diffusion of responsibility, where individuals believe that
someone else will take action, resulting in a reduced likeli-
hood of any single individual taking action themselves. The
bystander effect has been studied extensively in psychology
and sociology, and it highlights the complex social dynam-
ics that influence human behavior in group settings (Latane
and Darley 1968; Fischer et al. 2011).



However, less attention has been paid to how these dy-
namics play out in social media conversations, especially
when a user becomes a target of toxic behaviors like ha-
rassment, hate speech, cyberbullying, or trolling. Previous
literature has examined users’ behavior in toxic conversa-
tions on social media (Aleksandric et al. 2024; Xia et al.
2020; Shen et al. 2020), highlighting that users tend to en-
gage more in toxic than in non-toxic conversations. Also,
Saveski et al. (Saveski, Roy, and Roy 2021) explored how
the likelihood of a toxic reply differs depending on whether
the parent post is toxic or not. Nevertheless, our understand-
ing how the presence of others affects the user’s behavior
and their preference to encourage toxicity or stand up for
the target remains underexamined.

Based on the bystander effect theory, the presence of oth-
ers can diffuse one’s sense of responsibility to help, with
users believing another individual will act (Latané and Dar-
ley 1969; Darley and Latané 1968). Using social norms as
a theoretical framework, we analyze a random sample of
∼ 9K Twitter conversations to explore how group dynam-
ics can influence online behavior. We investigate how the
presence of others in a conversation affects users’ inclina-
tion to address toxic replies and how initial responses to such
toxicity impact the overall tone of the conversation. To an-
swer these questions, we conducted statistical tests while ac-
counting for potential confounding factors, including users’
account attributes, conversation structure, and topic of dis-
cussion.

Our findings suggest that there is a negative, statistically
significant relationship between the number of conversation
participants before the first toxic reply and the number of
unique users who respond to a toxic reply in a non-toxic
way. This indicates that the greater the pre-toxic participa-
tion, the fewer users tend to engage in a non-toxic way after
the first toxic reply occurs. In addition, the results demon-
strate that the toxicity levels of the initial responses to toxic
replies tend to affect the tone of the remainder of the conver-
sation by establishing a norm. Moreover, qualitative analy-
sis was employed to investigate how often positive stand-
ing up, i.e., correcting misunderstandings, agreeing civilly,
or defending an individual or a group of people, occurs in
toxic conversations. Through qualitative analysis, we find
that users rarely attempted to resolve the conflict, with only
19.7% standing up to resolve or stop the toxicity. Therefore,
our findings suggest that group dynamics play an important
role in shaping toxic threads, while some users’ characteris-
tics and discussion topics were also found relevant.

In summary, this study sheds light on how group dy-
namics influence online behavior, which could be an initial
step for developing effective interventions against toxicity.
In more detail, investigating how the presence of other users
before the first toxic reply, as well as initial responses to
toxicity, shape Twitter conversations, is crucial to this un-
derstanding. This comprehension can serve as a foundation
for designing targeted interventions that leverage group dy-
namics to encourage positive engagement and mitigate the
spread of harmful content. This contribution may help re-
searchers understand how quickly antisocial norms can be
established online and inspire future work to further inves-

tigate what factors lead users to adhere to or break social
norms in addressing a toxic reply in civil conversations.

Related Work
Social Norms: Social norms are often conceptualized as
prosocial, guiding interactions that benefit others or the col-
lective while discouraging or sanctioning actions that cause
harm (Heckathorn 1988). Foundational work has found that
some individuals adhere to group social norms even when
these perceptions conflict with their own (Asch 1956). But
rather than promoting prosocial behavior, group dynamics
can, in certain contexts, facilitate the spread of norm viola-
tions (Álvarez-Benjumea and Winter 2018). Observing anti-
social behaviors, such as littering or jaywalking, can lead
individuals to perceive as accepted norms increasing the
likelihood that they will engage in similar behaviors them-
selves (Cialdini, Kallgren, and Reno 1991; Mullen, Copper,
and Driskell 1990).

Research on cyberbullying has demonstrated that increas-
ing the number of bystanders decreases intentions to inter-
vene (Obermaier, Fawzi, and Koch 2016). However, other
scholarship has shown that when individuals are aware they
are visible to others, by using a webcam or making par-
ticipants’ screen-names more salient can reverse this ef-
fect (Van Bommel et al. 2012). Understanding the victim’s
perspective or empathizing with the target influence one’s
intentions of helping the victim (Paterson, Brown, and Wal-
ters 2019; Freis and Gurung 2013; Domínguez-Hernández,
Bonell, and Martínez-González 2018). In online communi-
ties, the adoption of antisocial behaviors may be amplified
by the anonymity and reduced social cues these settings pro-
vide (Suler 2004; Lee and Kim 2015), making individuals
more likely to conform to group norms, even when those
norms encourage harmful or antisocial conduct.

Detection and Classification. Empirical work on toxicity
has employed machine learning-based detection algorithms
to identify and classify offensive language, hate speech, and
cyberbully (Zhang et al. 2016; Davidson et al. 2017; Ko-
ratana and Hu; Pitsilis, Ramampiaro, and Langseth 2018;
Yin et al. 2023; Frenda et al. 2019). Works have used various
methods ranging from lexical-based approaches (Markov
et al. 2021; Wiegand et al. 2018) to deep neural net-
works (Mazari, Boudoukhani, and Djeffal 2023; Roy et al.
2021; del Valle-Cano et al. 2023; Alshamrani et al. 2021;
Chen, McKeever, and Delany 2019; Ribeiro and Silva
2019) Some recent works have used text and images to-
gether (Yang et al. 2019; Singh, Ghosh, and Jose 2017) as
well as text and socio-cultural information (Vijayaragha-
van, Larochelle, and Roy 2021) to detect hate speech. The
state-of-the-art toxicity detection tool is available through
Google’s Perspective API (Google Perspective API 2021).
Perspective API has been studied and used extensively in the
previous literature (Kumarswamy, Singhal, and Nilizadeh
2025; Singhal et al. 2023; Salehabadi et al. 2022; Zannet-
tou et al. 2020; Gröndahl et al. 2018; ElSherief et al. 2018;
Saveski, Roy, and Roy 2021; Kumar et al. 2023; González-
Pizarro and Zannettou 2023). Hence, we will use Google
Perspective API to detect toxic tweets in conversations.



Hypotheses
Prior work has examined the contagion of online toxicity in
a group setting, such as focusing on team-based predictors
of toxicity (Shen et al. 2020). Our work adds to the litera-
ture by investigating the group dynamics in naturally formed
Twitter conversations, without predefined team structures or
performance-based roles. Within our study, in larger con-
versations where no one speaks out against toxic behavior,
participants may infer an implicit acceptance of such ex-
changes, reinforcing the perception that hostile replies are
socially acceptable. Therefore, we hypothesize:

H1: The number of users participating in a conversation
before the first toxic reply is negatively associated with the
number of users who post non-toxic replies after the first
toxic reply.

We used the number of users who participated in the con-
versation before the first toxic reply as a proxy for users who
are observing the conversation. The goal is to understand
how the presence of a larger group shapes the remaining
thread after the first toxic reply occurs. Typically, Twitter
sends notifications to users when other accounts respond to
their comments (X Help Center 2026), so users can keep
observing what happens in the thread.Note that Twitter V2
provides the number of views a tweet has received. How-
ever, we did not use this metric because it is not a unique
count (Twitter 2023) and counts multiple views of the same
user. Thus, the number of followers of the root authors was
used as a control variable, since they might also observe the
conversation.

Reactions to toxic behaviors: Users observing the con-
versation can shape the reactions to toxic behavior online,
whether they actively follow the perpetrator’s behavior by
posting additional toxic replies or attempting to re-establish
norms of decorum. Online settings provide researchers with
an opportunity to investigate how quickly norms are es-
tablished among group members and the degree to which
one’s actions are expected to align with what is appropri-
ate or expected within the group (Tajfel 2010). Once estab-
lished, it is not surprising that individuals generally conform
to group norms (Asch 1956). Other work shows that observ-
ing trolling behavior by others influences new users (Cheng
et al. 2017). In other words, individuals may be more likely
to post toxic replies after seeing others do so, believing it is
the norm.

Peer conformity is positively associated with in-person
bullying (Duffy and Nesdale 2009) and cyberbully-
ing (Bleize et al. 2021; Bastiaensens et al. 2016). In this
instance, we might expect the toxicity of tweets within the
conversation to alter based on the introduction and reaffir-
mation of toxic content. For example, passive behavior by
users who initially participated in the conversation may be
perceived as implicit approval of hate speech, while indi-
vidual users’ reactions, such as countering, are important in
addressing online toxicity. For instance, when the first toxic
tweet is met with negative sanctions, it may be perceived as
inappropriate. In contrast, when initial toxicity is followed
by further toxic replies, others may perceive such behavior
as normative and follow suit. Thus, we test the following
two hypotheses: H2: If a Twitter user posts a non-toxic re-

ply immediately after the toxic reply, then more users post
non-toxic replies. H3: If a Twitter user posts a non-toxic re-
ply immediately after the toxic reply, then the toxicity of the
conversation after this reply is more likely to be non-toxic.

These hypotheses test the premise that passive behaviors
of users already participating in the conversation can be per-
ceived as implicit approval of toxicity. Even though prior
work found that the language toxicity of a comment signif-
icantly increased the number of its replies (Xia et al. 2020),
our analysis aims to shed light on whether the toxicity level
of the initial response to the first toxic reply plays a sig-
nificant role in toxicity levels of the remaining parts of the
conversation.

Data Collection
Dataset and Cleaning. Our dataset comes from Twitter1,
one of the most widely used social media platforms. One
part of our data originates from a recent study (Aleksandric
et al. 2024) where the dataset consists of a random sample
of public English tweets during the period of August 14th to
September 28th, 2021 (Dataset 1). To expand our dataset,
we used Twitter API V2 (Twitter 2022) to gather an ad-
ditional random sample of posts from March 31st to April
23rd, 2023 (Dataset 2). A detailed data collection procedure
for Dataset 2 is shown in Figure 1. We collected two datasets
to investigate if our findings can be generalized over a period
of time.

As described in Figure 1, two days after the collection
of daily tweets, we would use Twarc (Twarc 2020) to col-
lect complete conversations for each initial tweet in the daily
random sample. Twarc is a command-line tool and Python li-
brary for collecting Twitter data. We removed English tweets
that are retweets or replies in other public conversations to
only obtain the full conversations. We also dismissed con-
versations in which all responses were posted by the author
of the initial tweet, as no other users were involved. More-
over, the process of gathering conversation replies can take
up to 24 hours, so some posts would have more time to
acquire replies compared to others. Hence, we only saved
replies received in the first 48 hours after the initial tweet
was published, so the time frame for captured replies is con-
sistent for all the conversations to reduce possible bias in
the results. We used a threshold of 48 hours, as most of the
replies occur closely after the initial tweet has been posted.
We also removed conversations containing tweets or replies
that only included links, images, or videos (named empty
tweets) rather than text, as Perspective API is a text-based
toxicity detection tool (Google Perspective API 2021). Fur-
thermore, in certain cases, we were unable to extract the full
conversation due to users hiding some of the replies or re-
moving them. Such conversations were discarded from the
dataset, as we would not certainly know whether the miss-
ing replies were toxic or who they belonged to. Finally, the
cleaned dataset consists of 136,847 conversations containing
938,317 tweets.

1The data was collected before Twitter was rebranded to X,
while Twitter API V2 was available.



Figure 1: Data collection flow. The figure demonstrates the timeline used for a collection of a random sample of tweets and
their replies, as well as the data pre-processing steps.

Figure 2: An example of a conversation tree.

Definitions. The user who posted the initial tweet is
named root author, and each full conversation is represented
as a tree that started with the initial tweet named the root
tweet. As illustrated in Figure 2, each conversation is repre-
sented as a tree structure whose tweets (nodes) are connected
when one is responding to another.

Obtaining Conversation Topic. Certain topics, such as
political ones, can trigger greater toxicity or attract more at-
tention from other users, potentially revealing that the by-
stander effect tends to occur more frequently in specific con-
flicts. Thus, we used the Twitter multi-topic classification
model trained on TweetTopic dataset, which is shared and
evaluated by the recent study (Antypas et al. 2022), to ob-
tain coefficients for 19 relevant discussion points on social
media. Some topic examples include news & social concern,
science & technology, diaries & daily life, business & en-
trepreneurs, etc. This RoBERTa-based model is fine-tuned
on the Twitter corpus and has been recently used by sev-
eral works (Leiter et al. 2024; Hewitt et al. 2023; Cho et al.
2023; Towle and Zhou 2023). We passed our initial tweets to
the model as input to obtain scores in the range 0-1, where
higher scores indicate a higher probability that the tweet is
linked to a specific topic.

Discovering Conversations with Toxic Replies. To iden-
tify all the toxic tweets in our dataset, we leveraged Google’s
Perspective API (Google Perspective API 2021). Google
Perspective API applies different machine learning models
to score the toxicity of textual data. When a comment or text
is passed as input to the Perspective API, the API returns
scores for the requested attributes representing probability
scores between 0 and 1. However, for this study, it is crucial
to understand what such scores indicate. For example, a tox-
icity score of 0.8 means that 8 out of 10 people reading the
comment would perceive the comment as toxic. To accom-
plish that, Google Perspective API is trained on millions of
comments originating from multiple relevant sources, such
as Wikipedia and The New York Times, across a range of
languages (Google Perspective API 2021). These comments
are annotated by 3-10 coders who speak the suitable lan-
guage, followed by using their labels to train the API mod-
els (Google Perspective API 2021). Note that the models
have been evaluated under the ROC curve and also checked
for unintended biases for each of the identity groups (Per-
formance Overview 2023).

In this paper, we consider scores for the Toxicity attribute
since Google’s Perspective API defines a text having this
attribute as a rude, disrespectful, or unreasonable comment
that is likely to make people leave a discussion (Google Per-
spective API 2021). Note that before passing our tweets to
the Perspective API, we cleaned the text of tweets by re-
moving punctuation and URLs, and replacing emojis with
appropriate text describing the emojis. Moreover, the fact
that our initial tweets are written in English does not guar-
antee that their replies will also be in English. Thus, we
translated non-English replies into English, using Google
Trans API (Han 2024). There were around 287K replies that
were not classified as English replies by Twitter. Finally,
we created a binary variable indicating whether a tweet was
toxic or not toxic. In more detail, a tweet is labeled as toxic
if its toxicity score is higher than or equal to 0.7, accord-
ing to Google’s Perspective API recommendation (Google
Perspective API 2021). We acknowledge that Google’s Per-
spective API, as a toxicity detection tool, also has limi-
tations (Nogara et al. 2025; TeBlunthuis, Hase, and Chan
2024; Sap et al. 2022), leading to the use of a stricter thresh-



old, intending to reduce bias in the results. However, prior
research has demonstrated its effectiveness in identifying
various forms of toxic language in generated text as well
as on social media data (Ovalle et al. 2023; Kumarswamy,
Singhal, and Nilizadeh 2025; Aleksandric et al. 2024).

Consequently, around 2.4% of the tweets in our dataset
were considered as toxic, while 56.2% of the toxic tweets
were posted by users other than root authors. The analysis
focuses on toxic conversations only, as the bystander effect
can only occur in cases where a toxicity attack exists within
a conversation. Therefore, conversations that did not receive
any toxic reply are discarded from the analysis, leaving the
number of conversations at 10,455. In addition, we discarded
1,223 conversations that the root author initiated with the
toxic reply (root tweet is toxic), as such conversations might
not experience the same bystander effect as other conversa-
tions, which could possibly alter our results.

Also, note that some of the root authors appeared multi-
ple times in our data, which could potentially introduce bias
to our results since we use their account characteristics as
control variables. Therefore, we randomly picked a single
conversation from each user whose initial tweet repeatedly
appeared in the dataset. Hence, the final dataset consists of
9,107 conversations consisting of 187,658 tweets posted by
118,609 unique users, where 5,115 conversations belong to
dataset 1 and the rest of 3,992 conversations originated from
dataset 2.

Methodology
We use multivariate regression analysis to test our hypothe-
ses. Below, we explain our dependent, independent, and con-
trol variables in detail.

Independent Variables: The following independent vari-
ables are defined: (1) users_before_toxic: the number of
unique users engaged in the conversation before the first
toxic comment occurred. Examples of such tweets are col-
ored in green in Figure 2. Note that even though some replies
are at a higher level in the conversation tree, it does not nec-
essarily mean that they occurred before the first toxic com-
ment. For example, it is visible in Figure 2 that the second
layer of the tree contains both green and unlabeled nodes.
Even though some of the unlabeled nodes are positioned
higher in the tree structure, they are still posted later than
the green nodes in lower levels of the tree. Consequently,
this variable was computed by chronologically ordering all
tweets in the conversation from the oldest to the youngest
and then calculating the number of unique users that posted
tweets older than the first toxic tweet. Note that, on Twit-
ter, with every new post, notifications are sent to users who
have already participated in the discussion. For this variable,
we could instead use the number of followers each victim
has, but knowing that their accounts are public suggests that
more people might be observing the conversation. Further-
more, followers might be observing the conversation; how-
ever, because they did not engage before the first toxic tweet,
it is hard to claim they are interested in it. Therefore, we use
the number of followers as a control variable in our regres-
sion models. (2) reply_toxicity: the toxicity score of the first

comment posted that is a direct reply to the first toxic com-
ment in the conversation, e.g., circled in green in Figure 2.

Dependent Variables: To test our hypothe-
ses, we defined the following dependent variables:
(1) unique_users_non_toxic: the total number of unique
users who posted non-toxic comments after the first toxic
reply in the conversation thread. We focus only on the
single conversation thread that emerged from the first toxic
reply, as circled in orange in Figure 2. We did not use the
chronological ordering of all tweets in the conversation
because we would capture users involved in other conversa-
tion threads, even though they were not related to the first
toxic comment. (2) remaining_toxicity: the ratio of all toxic
replies that occurred in the conversation thread after the first
toxic reply and the total number of replies in the thread.
Note that this calculation excludes the reply_toxicity, and it
is surrounded by the purple rectangle in Figure 2.

Control Variables: We controlled for several factors that
could affect group behavior in Twitter conversations. We
added controls for root authors’ activity, i.e., num_friends,
num_tweets, and account_age, because more active users
might have different audiences. For example, if a user posts
many tweets, followers might engage less with their tweets
and be less likely to defend them against toxicity attacks.
We also controlled for the visibility, i.e., num_followers,
listed_counts and verified. For example, users with verified
accounts or influencers with many followers might receive
more help from others when they are under attack. Addi-
tionally, we controlled for profile characteristics, such as
description_length, has_URL, and has_location. Users who
provide less information on their profiles may receive less
defense from other participants, as others may be less in-
clined to support anonymous users. Finally, we used the
width and depth of the conversation tree to control for dif-
ferences in conversation structure. Depth is the length from
the root tweet to the conversation’s deepest node, and width
represents the maximum number of tweets at any level in
the conversation tree. Finally, control variables included in
all the models were conversation topics. There is a possi-
bility that the topics of conversations influence how toxic
conversations unfold, as well as whether users encourage or
stand up against toxicity. The list of topics is as follows: arts
& culture, business & entrepreneurs, celebrity & pop cul-
ture, diaries & daily life, family, fashion & style, film tv &
video, fitness & health, food & dining, gaming, learning &
educational, music, news & social concern, other hobbies,
relationships, science & technology, sports, travel & adven-
ture, and youth & student life. Each topic with a coefficient
greater than 0.5 was set to 1, and 0 otherwise (converting it
to binary), thereby determining which topics each conversa-
tion is associated with.

Dataset Characterization
Our final dataset consists of 9,107 conversations with
187,658 tweets, posted by 118,609 unique users. Table 1
shows the descriptive statistics of the variables used in the
statistical models. Note that we display the statistics of the fi-
nal (merged) dataset, including the statistics on each dataset



Table 1: Descriptive statistics of variables used in the analysis

Merged Dataset Dataset 1 Dataset 2
Variable Min Median Mean Max Min Median Mean Max Min Median Mean Max

Dependent remaining_toxicity 0 0 0.05 0.67 0 0 0.05 0.6 0 0 0.05 0.67
Variables unique_users_non_toxic 0 0 0.68 43 0 0 0.72 43 0 0 0.64 17
Independent users_before_toxic 1 2 5.13 463 1 2 4.6 385 1 2 5.8 463
Variables reply_toxicity 0.001 0.18 0.25 0.97 0.001 0.18 0.25 0.97 0.005 0.19 0.26 0.96
Control num_friends 0 589 2006 ∼ 1.5M 0 560 1847.1 ∼ 1.5M 0 642.5 2210.3 ∼ 610.5K
Variables num_tweets 1 ∼ 14K ∼ 40K ∼ 1.5M 1 ∼ 13K ∼ 36K ∼ 1.5M 1 ∼ 15.5K ∼ 45K ∼ 1M

account_age 0 3 5.03 17 0 3 4.5 15 0 4 5.8 17
num_followers 0 1,233 ∼ 97K ∼ 55M 0 1,019 ∼ 58K ∼ 54.4M 0 1613 ∼ 147K ∼ 55M
listed_counts 0 8 398.6 ∼ 218K 0 7 237.6 ∼ 102.8K 0 10 604.9 ∼ 218K
verified 0 0 0.1 1 0 0 0.08 1 0 0 0.13 1
description_length 0 78 81.29 193 0 74 79.55 183 0 83 85.52 193
has_URL 0 0 0.5 1 0 0 0.5 1 0 0 0.5 1
has_location 0 1 0.76 1 0 1 0.76 1 0 1 0.75 1
width 1 3 11.39 1,688 1 3 9.97 1,688 1 3 13.22 853
depth 1 3 4.23 197 1 3 4.3 197 1 3 4.13 73

separately. Dataset 1 collected in 2021 includes 5,115 con-
versations, while dataset 2 collected in 2023 includes 3,992
conversations. The collection of two datasets allows us to
gain insights into overall group dynamics and to check
whether the trend may have changed over time.

The minimum number of tweets in conversations is 2, and
the maximum is 1,689 tweets. The mean number of tweets
included in these conversations is 20.6. In more than half
of conversations, the number of users engaged in the con-
versation before the first toxic reply ( users_before_toxic)
is 2, while the maximum number is 463. Also, the av-
erage of reply_toxicity is 0.25. The mean number of
unique_users_non_toxic is 0.68, indicating that in more than
half of the conversations, there are users who posted non-
toxic comments after the first toxic reply. The deepest con-
versation in our dataset, i.e., depth is 197, while the maxi-
mum width is 1,688.

Interestingly, the maximum number of users posting non-
toxic replies after a toxic reply in dataset 1 is 47, which
is higher than that in dataset 2 (17). On the other hand,
the maximum users_before_toxic in dataset 2 is higher than
that of dataset 1 463 vs. 385. Furthermore, the percentage
of root authors in the two datasets who provided URLs and
locations on their profiles does not differ significantly. How-
ever, Mann-Whitney tests indicate that all other root authors’
characteristics differ significantly between the two datasets
(p < 0.05). In addition, the differences in other dependent
and independent variables between dataset 1 and dataset 2
are statistically significant (p < 0.05). In summary, the two
conversation samples differed significantly, allowing us to
examine whether our hypotheses hold across two time peri-
ods. The top five topics in the dataset were celebrity & pop
culture, film, tv & video, diaries & daily life, news & social
concern, and sports, which also matches the most prevalent
topics in the two datasets separately.

Results
To test hypotheses H1 and H2, we employed a
Poisson regression model as the distribution of
unique_users_non_toxic does not follow a normal distribu-
tion, and it is a count variable. We ran a linear regression
model to test hypothesis H3, as remaining_toxicity follows

a normal distribution. Additionally, we ran a Negative Bi-
nomial regression model that accounts for excess variance
in count data, and our key findings remained consistent.

Higher levels of pre-toxic participation are associ-
ated with a lower number of users engaging in non-
toxic responses following the toxic reply: The results ob-
tained from a Poisson regression model are displayed in Ta-
ble 2 (column H1) and reveal a statistically significant neg-
ative association between the unique_users_non_toxic and
users_before_toxic (p < 0.001). In other words, we find that
the greater the number of users participating in the conversa-
tion before the first toxic comment is significantly correlated
with the lower the number of users posting non-toxic replies
after that comment, in support of H1. Additionally, the re-
sults show that verified accounts are less likely to receive
non-toxic comments from users after the first toxic reply
than non-verified users, whereas the opposite is true for root
authors who specified locations on their profiles. In other
words, these results suggest that users are more likely to re-
spond in a non-toxic way after toxicity when interacting with
identifiable users, but are less likely to de-escalate when the
root author is a verified account. It may be that highly visi-
ble accounts, such as verified users, are less likely to receive
“standing up” responses to toxicity in their threads. More-
over, deeper conversations are more likely to have a higher
number of users posting non-toxic replies. Interestingly, this
implies that if a larger discussion develops, conversation par-
ticipants tend to engage in a less toxic way.

Greater toxicity level of the initial response to the first
toxic reply is associated with less non-toxic engagement.
In our second hypothesis, we posited that the first reply
immediately after the first toxic reply might play an im-
portant role in how the rest of the conversation develops.
For this analysis, we discarded conversations that do not
contain a direct reply to toxic tweets, leaving the dataset
with 3,959 conversations, consisting of 75,926 tweets posted
by 37,627 unique users. Reply_toxicity was used as the in-
dependent variable in the Poisson regression model. Ta-
ble 2 (column H2) shows that there is a negative statis-
tically significant association between reply_toxicity and
unique_users_non_toxic (p < 0.001). We find support for
Hypothesis 2, with our results indicating that fewer users



posting non-toxic replies is associated with greater toxicity
of the first reply to the initial toxic comment.

Toxic reply after first toxic reply is associated with
more uncivil behavior: For our final hypothesis, H3, we
examine how the toxicity of the first comment after the first
toxic reply might determine the direction in which the con-
versation thread will emerge. In other words, if the first reply
to a toxic reply is also toxic, the whole conversation thread
might become more toxic. In this case, conversations that
have less than two tweets after the first toxic reply are re-
moved, leaving 2,230 conversations for analysis. Further-
more, reply_toxicity was used as an independent variable in
the linear regression model, while the dependent variable
used was remaining_toxicity. The model results (Table 2
- column H3) indicate that there is a positive statistically
significant association between reply_toxicity and remain-
ing_toxicity (p < 0.001). This shows that there is a correla-
tion between the higher toxicity of the immediate comment
after the first toxic reply, and the greater toxicity levels in
the remaining of the conversation thread. Thus, we find evi-
dence in support of H3.

To ensure that these findings remained consistent across
samples, we ran models for both dataset 1 from 2021 and
dataset 2 from 2023 individually. Once we determined that
we found support for our hypotheses across datasets, the
samples were combined and we presented findings from the
merged dataset. This shows that our findings are not specific
to a timeline and specific offline events and they can be gen-
eralized.

Table 2: Results of the regression analysis. Note that stan-
dard errors are presented in parentheses.

Dependent variable:
unique_users_non_toxic remaining_toxicity

H1: Poisson H2: Poisson H3 :OLS
users_before_toxic −0.02∗∗∗ (0.002)
reply_toxicity −0.37∗∗∗ (0.058) 0.05∗∗∗ (0.01)
Followers 0.0 (0.0) −0.0 (0.0) −0.0 (0.0)
Friends −0.00001∗ (0.0) 0.00001∗ (0.0) −0.0 (0.0)
Num_tweets 0.0 (0.0) 0.0 (0.0) −0.0 (0.0)
Listed_count 0.0 (0.00001) 0.0 (0.00001) 0.0 (0.0)
VerifiedTrue −0.45∗∗∗ (0.06) 0.11 (0.06) −0.01 (0.014)
Age −0.01 (0.003) 0.004 (0.003) −0.001 (0.001)
UrlTrue −0.04 (0.03) −0.01 (0.03) −0.01 (0.01)
Description 0.00003 (0.0003) 0.001∗ (0.0003) 0.0001 (0.0001)
LocationTrue 0.11∗∗∗ (0.03) 0.02 (0.03) −0.01 (0.01)
Width 0.0001 (0.001) 0.0003 (0.0004) −0.0002 (0.0001)
Depth 0.02∗∗∗ (0.001) 0.01∗∗∗ (0.001) 0.0001 (0.0003)
Observations 9,107 3,959 2,230
R2 0.023

Note: ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001

Qualitative Analysis
Even though our regression analysis shows a negative as-
sociation between pre-toxic user participation and the num-
ber of users posting non-toxic reply post-toxicity, additional
qualitative analysis could provide insights into how often
standing up with the intent to resolve the conflict occurs in
our dataset.

Labeling of the first toxic replies. Firstly, we extracted
a random sample of 200 conversations for the manual label-

ing, where at least one additional user was involved in the
thread originating from the first toxic reply. The total num-
ber of such conversations is 3,959. This criterion ensures
that standing up might be present, compared to conversa-
tions where no other users or replies are found after the first
toxic reply. Then, two annotators labeled all the first toxic
replies in these conversations with a binary label depending
on whether it attacked an individual/group of people or not.
The main idea is to filter out the conversations where the first
toxic reply received a high toxicity score due to the usage of
profanity words or attacks directed to non-human subjects,
such as movies, anime, etc., as we are interested in positive
standing up for human targets, as this scenario most closely
resembles bullying compared to other scenarios mentioned.
The two annotators selected for this task are computer sci-
ence PhD students who are highly involved in social com-
puting research, especially in content moderation and users’
responses to online toxicity. The Cohen’s Kappa (McHugh
2012) score for two sets of labels was 0.7, indicating sub-
stantial agreement. After the annotators met and resolved
all conflicting labels, the total number of conversations in
which the first toxic reply represented an attack against an
individual or a group was 61.

Labeling positive standing up. The next step involved
identifying conversations where positive standing up hap-
pens. Some examples of positive standing-ups are respect-
fully correcting misunderstandings, setting boundaries, dis-
agreeing civilly, defending an individual or a group of peo-
ple, etc. (Allison and Bussey 2016; Biernesser et al. 2023;
Kärnä et al. 2011; Williford et al. 2012). As shown in our re-
gression analysis, toxicity begets more toxicity. Therefore,
negative standing up, such as counterattacking, responding
with sarcasm, threatening other users, and similar, is likely
to escalate a conflict further rather than resolve it. Hence, in
this analysis, we are interested in how often positive stand-
ing up with the intent to resolve the conflict occurs. Once
again, two annotators manually labeled a thread emerging
from the first toxic replies in these 61 conversations, assign-
ing a binary label to each reply indicating whether it rep-
resented a positive standing up or not. The total number of
replies labeled was 1,501, including the first toxic replies.
The intercoder agreement Cohen’s Kappa score equals 0.6,
suggesting moderate agreement between annotators. This
implies that this task is not easy for humans, potentially due
to many replies in some threads, making it hard for anno-
tators to understand the context of the conversation. Anno-
tators met to resolve any conflicting labels. The total num-
ber of standing-up replies was 20 out of 1,440, belonging to
12 (19.7%) conversations. These findings demonstrated that
positive standing up with the intent to resolve the conflict
rarely happens.

Representative examples of positive and negative
standing up. Below, we provide examples of positive and
negative standing up that were identified by the coders in
our dataset. Note that the reply that is in red color signifies
negative standing up, i.e., counterattacking and arguing their
point of view by insulting others. Additionally, the reply in
green color demonstrated positive standing up, in this case,
respectfully stating their point of view.



First toxic reply: [MASK] You are not going to call the
idiot an idiot He will gfight the Austin ISD all the way to
the scummy TX Supreme Court and then your son won’t be
safe Take a stand and call this pig out and his hypocrisy The
moron is playing with Texans lives while getting the vaccine
himself.

First response: [MASK] [MASK] Getting the vaccine is a
personal choice Same with wearing a mask One can choose
to do so or not Respect the right to choose.

Second response:[MASK] [MASK] No it’s not Are you
stupid It impacts others so it is not You don’t live in a cave
any more Is it your choice to shoot a gun on the street It’s not
Get a clue Kids need to show multiple vaccinations before
going to school camp etc.

Discussion
The present study sheds light on the practical question of
how norms of toxicity are established online. Online set-
tings allow us to investigate how quickly such group norms
are established and how closely one’s actions conform to
what is deemed appropriate or expected in the group (Tajfel
2010).Our study cannot measure users’ perceptions of the
group nor their internalization of norms. However, we use
a framework of social norms to gain insight into behavior,
such as the number of participants prior to the first toxic re-
ply and subsequent posting patterns, as proxies for the social
context in which users are impacted. These behavioral pat-
terns reveal how social dynamics within a single conversa-
tion can shape the nature of replies, highlighting the need for
further research on the formation of descriptive social norms
online.

We do not claim that the bystander effect is directly
present in our dataset, as it is difficult to determine how
many users actually observe a given incident (e.g., a toxic
reply). However, when individuals see that no one intervenes
in a toxic exchange, they may interpret this silence as signal-
ing that such behavior is acceptable or that intervention may
be further met with more antisocial behavior. This can cre-
ate a feedback loop in which users look to others for cues,
and the absence of response reinforces norms that tolerate or
even legitimize toxic or antisocial behavior. This dynamic
may suppress helping behavior, not only through diffusion
of responsibility, but also by shaping perceptions of what
constitutes appropriate online replies.

Despite these robust findings, the scope of this study was
limited. Firstly, our sample was restricted to tweets in En-
glish. Secondly, our dataset does not capture the ’true’ num-
ber of users who observe the conversation. Furthermore,
what different users see on their feeds might be algorithmi-
cally selected to recommend the root post or relevant replies.
Due to this, it is impossible to assume that a typical user will
consume all the threads in the conversation or all the replies
that occurred before the first toxic comment. Thus, it is hard
to estimate the number of conversation observers. However,
we believe users_before_toxic can be a good proxy for the
unique number of views because users who choose to partic-
ipate are also more likely to observe how the rest of the con-
versation will unfold. Hence, they could potentially stand up
for users who are attacked. In addition, the extent to which

social media users counter toxicity can be influenced by fac-
tors such as the extremity of the views expressed (Schieb
and Preuss 2016). Finally, we acknowledge that Google’s
Perspective API as a toxicity detection also contains cer-
tain limitations (Nogara et al. 2025; TeBlunthuis, Hase, and
Chan 2024; Sap et al. 2022). Despite these limitations, our
results suggest that the perceptions of social group norms
through increased conversational participants is associated
with fewer users responding in a non-toxic manner to toxic
replies. Furthermore, the similar trends observed across two
datasets imply that this phenomenon was not chance-driven
but rather reflects the true nature of online group social dy-
namics, which did not change over time.

Scholarship can build upon our work to investigate the
decision-making process and the potential costs users face
when considering whether to intervene or not to alter the
tone of a Twitter conversation. For instance, users observing
the conversation may struggle to empathize with targets of
toxicity or hate speech because they lack insight into oth-
ers’ perspectives or feelings. The literature showed that the
bystanders’ empathic concern shapes motivation to act and
intervene (Machackova, Dedkova, and Mezulanikova 2015).
Some recent scholarship has examined how technological
designs may encourage bystander interventions on cyberbul-
lying online on a large scale (Taylor et al. 2019). Future work
should examine interventions such as fostering bystanders’
role-taking, strengthening perspective-taking, and empathy
for targets of incivility (Davis and Love 2017).

Conclusion

In this study, we assessed a random sample of Twitter Con-
versations to understand how social norms and the toxic-
ity level of the first response to a toxic reply can lead to
the disinhibition of users’ toxic replies. Motivated by the-
ory of social norms and by the bystander effect theory, we
find that increased conversational participants are associated
with fewer Twitter users standing up to a toxic reply. We
also highlight the importance of initial responses to toxic
tweets within a conversation. Our results demonstrate that
there is an association between posting a toxic reply im-
mediately after an initial toxic comment and an increased
likelihood of the remaining of the conversation being more
toxic.Understanding how users respond to uncivil or abu-
sive content helps reveal how social norms shape behavior
online.
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