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ABSTRACT

KEYWORDS

Identifying types of online users’ toxic behavior reveals important
insights from social media interactions, including whether a user becomes “radicalized” (more toxic) or “pacified” (less toxic) over time.
In this research, we design two metrics to identify toxic user types: F
score that captures the changes in a user’s toxicity, and G score that
captures the direction of the shift taking place in the user’s toxicity
pattern. We apply these metrics to a dataset of 4M user comments
from Reddit by defining four toxic user types based on the toxicity
scores of a user’s comments: (a) Steady Users whose toxicity scores
are steady over time, (b) Fickle-Minded Users that switch between
toxic and non-toxic commenting, (c) Pacified Users whose commenting becomes less toxic in time, and (d) Radicalized Users that
become gradually toxic. Findings from the Reddit dataset indicate
that fickle-minded users form the largest group (31.2%), followed
by pacified (25.8%), radicalized (25.4%), and steadily toxic users
(17.6%). The results suggest that the most typical behavior type
of toxicity is switching between toxic and non-toxic commenting.
This research has implications for preserving the user-friendliness
of online communities by identifying continuously toxic users and
users in danger of becoming radicalized (in terms of their toxic
behavior), and designing interventions to mitigate these behavior
types. Using the metrics we have defined, identifying these user
types becomes possible. More research is needed to understand
why these patterns take place and how they could be mitigated.

online toxicity, user analysis, social media behavior, Reddit
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INTRODUCTION
Research on online toxicity provides a crucial inquiry into online
users’ experiences, as hate, profanity, and toxicity are prevalent
in many social networks, communities, and websites [14–16, 18,
26, 33]. Because of its high prevalence and multiple forms, content
providers, moderators, and the society at large are struggling to deal
with online toxicity [24]. Toxicity has a detrimental effect on the
health of online communities [11], degrading the user experience
in online social networks, especially for vulnerable groups such
as teens facing cyberbullying [10], women and minorities [9], and
other targets of online hate [26]. Online toxicity can be defined as
actions of a user or users that create a negative atmosphere for the
other users of social media [13].
To mitigate the many negative effects of online toxicity, researchers are striving to better understand its antecedents. However,
often the work is focused on development of machine learning classifiers [28], instead of understanding the users’ shifts in toxicity [3].
In addition, most prior work on analyzing online toxicity focuses at
either the community level [13, 19, 20] or comment level [24, 26],
rather than analyzing toxicity at a user level. Yet, toxicity originates from individual users and, therefore, research focusing on
individual users should be conducted to better understand the emergence of online hate. Finally, there is a general lack of approaches
for longitudinal analysis of users’ toxicity. In contrast, previous
research tends to assume that users’ toxicity would be constant or
uniform over time, so it would be possible to identify (permanently)
“toxic users” and “non-toxic users” [38]. Although very few studies have looked into the patterns and variation of users’ toxicity
over time, it has been shown that users’ online reactions vary over
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time [31], for example, such that radicalization takes place over
time.
Therefore, a longitudinal investigation of toxicity patterns has
the potential to reveal meaningful insights on the toxicity of individuals to a greater degree than mere labeling of users to toxic
or non-toxic. In addition, doing so can provide means of early detection of a user’s comments transforming from neutral to toxic.
Following the above rationale, the goal of this research is to analyze
the change of toxicity of online users over time. For this purpose, we
obtain a dataset from Reddit, a social network that has an active
user base of 1.6 billion monthly visitors1 and a known problem of
toxicity. As several researchers have found toxicity to be a major
problem on Reddit [5, 13, 19, 20, 31], a longitudinal dataset collected from various subreddits is likely to provide good grounds
for validation of our approach.
In the following section, we review the related literature. After this, we explain the methodology for data collection, toxicity
scoring, and pattern detection. We then present our findings and
discuss their implications for typologies of toxicity among online
users.

LITERATURE REVIEW
Approach
To identify related research, we search for online toxicity research
using relevant keywords (e.g., ‘online toxicity’) on two academic
databases – ACM Digital Library and Google Scholar – as done
in previous HCI literature reviews [27]. In these searches, we regard ‘toxicity’, ‘profanity’, and ‘hatefulness’ as synonyms, as done
in previous studies [26]. From the search results, we select the
articles that, based on their titles or abstract, focus on (a) variation of hate over time, or (b) individual users (rather than communities or groups). As we find little research on the toxicity
of users over time, we expand the literature search by considering toxicity as one form of sentiment, which opens a connection
to thematically related studies in sentiment analysis (SA). These
studies suggest various ways of investigating sentiment patterns
of online users over time and are thus relevant for our research
focus. General literature reviews on online toxicity are given in
[6, 37].

Impact of Community Norms
The previous research on online hate and toxicity has shown that
contextual and user-specific conditions affect online toxicity. For
example, the interpretation of a comment’s toxicity may depend
on the community norms and its linguistic patterns [24], so that
the same language is perceived toxic in one community and nontoxic in another community. There is also topical variation, e.g.
political topics being more prone to hate [14, 26]. Moreover, the
interpretation of toxicity seems to vary among users, and people
from different countries have different perceptions of toxicity of
the same online comments [30].
Sood et al [33] confirm the importance of community context in
detecting online profanity. They note that the definition of toxicity
and tolerance for profanity varies across different communities.
1 https://www.statista.com/statistics/443332/reddit-monthly-visitors
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Additionally, users may circumvent profanities by purposefully
misspelling or altering profane words. Traditional list-based approaches to profanity detection do not take these important factors
into account. A similar conclusion about the importance of context is drawn by Aisopos et al. [1] in their comparative analysis of
content and context-based approaches to sentiment analysis. They
argue for two innovations in sentiment analysis: a focus on character instead of word n-gram graphs, and the increased efficacy of
context-based approaches. Because sentiment polarity is reliant on
the social contexts of tweets (i.e. more positive tweets engenders
further positive tweets and vice versa), Aisopos et al. [1] propose a
metric – the Polarity Ratio – for determining the aggregate polarity
of a collection of comments thus extending the reach of traditional
SA beyond the user-level. The Polarity Ratio may be applied to
all contextual aspects of a comment, including all messages by
the same author, all messages relating to a specific topic and all
comments by followers [1].

Shifts in Online Users’ Sentiments
The evolution of Internet discussions’ sentiment over time has been
explored by several scholars. In Reddit, Singer et al. [31] provide
evidence that user performance and comment quality deteriorate
throughout users’ sessions. Giachanou et al. [7] suggest that one
approach to studying sentiment evolution is by identifying sentiment spikes in tweets of a certain entity. By using Latent Dirichlet
allocation, they extract topics contributing to the sentiment spike
and rank them using Kullback-Leibler divergence [12]. The ranking
of sentiment strength emerges is another approach for tracking the
long-term evolution of user comments. Giachanou et al. [8] employ
human Mechanical Turk workers to rank sentiment strength in a
sample of tweets.
The evolution of sentiment within individual online discussions
threads in relation to topic shifts is addressed by Topal et al. [36].
Their findings indicate the following: (1) the root comment appears
to set the tone for the comments to follow; (2) topic shifts occur
in 67-72% of all comments; (3) topic shifts increase when users
use highly emotional language on any topic; (4) the first-shifted
comment contain low levels of emotion; (5) after an initial firstshifted comment, all subsequent comments in different trees display
an increase in topic shift; (6) the emotion of comments can predict
with 75% accuracy whether a topic shift has occurred; (7) accuracy
can be increased by 1-2% if tree structure is taken into account;
and (8) by another 1-2% if the number of words in the comment is
known.
In their studies on sentiment spike, Giachanou et al. [7, 8] employ SentiStrength (see [34, 35] to categorize tweets as positive,
negative or neutral. Bamman & Smith [4, p. 575] distinguish between “tweet whole sentiment” and “tweet word sentiment”. The
former is determined by the Stanford Sentiment Analyzer [32] and
the latter by modeling the minimum and maximum word sentiment and the distance between the two in a single comment. As
Bamman & Smith [4] show, however, an analysis of commentlevel features is inadequate for determining ambiguous sentiments,
like sarcasm, that are embedded in cultural-specific social pragmatics, i.e., contexts. Aisopos et al. [1, p. 196] refer to the analysis of such sentiments as “fine-grained sentiment analysis”. In
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addition to sarcasm, this rubric also includes sentiments such as
tension, depression, anger and fatigue. Statistically significant improvements in sarcasm detection are obtained when context and
author features are taken into account [4]. Therefore, the inference
may be drawn that similar improvements will occur when contextlevel features are considered in the study of other fine-grained
sentiments.
Park et al. [23] aim to replicate human perceptions of the quality
of online comments by developing a model that defines quality
through a combination of comment and user history criteria. Comment criteria include conversational relevance, length, personal
experience, readability, and recommendation, while user history
criteria include user comment rate, user comment length, user
personal experience, user picks, user readability and user recommendations [23]. The evolution of sentiment across different online
communities on Reddit is tracked by Kumar et al. [13]. This largescale study, involving 40 months of Reddit data, including 1.8 billion
comments made by over 100 million users across 36, 000 communities, effectively combines different strands of SA into a single
methodology to study inter-community conflict and communication. The researchers define inter-community “mobilizations” as
“cases where a cross-link leads to an increase in the number of comments by current source members on the discussion thread of the
target post” [13, p. 935]. As the researchers point out, such mobilizations are a major source of online conflict. They find that 1% of
communities are responsible for 74% of negative inter-community
mobilizations and, therefore, that online anti-social behavior may
be reduced by banning these small groups of miscreants.

RESEARCH GAP
In previous research, time has been considered as an important
aspect for tracking social media sentiments. However, previous research rarely considers defining user types. Defining types of toxic
users can help many stakeholder groups: moderators to identify
and understand particular types of toxic behavior, policy makers
and researchers to detect those online users at risk to become increasingly toxic, and even the online users themselves by providing
information on their own toxicity patterns over time. Thus, the
research at hand has potential for positive impact towards the goal
of healthy and productive online encounters between users.
Moreover, previous studies on online toxicity tend to focus on
targets, types, and language of toxic behavior, not users per se.
While some authors have incorporated user-level features in their
models [23], users have not been the unit of analysis. Even more
importantly, prior research has not focused on analyzing users’
temporal toxicity trends. Some studies use features that may not
be available when querying anonymous users, especially given the
privacy concerns of accessing social media profiles in environments
where the users are anonymous. In these cases, the toxicity patterns
of the users may need to be constructed only using the historical
toxicity of their comments.
Overall, there is a gap of studying the toxicity patterns of individual users over time. We address this gap by devising an algorithmic
approach that utilizes sound theoretical concepts and empirical
distributions to analyze social media users’ toxicity over time to
identify specific types of toxic users.
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METHODOLOGY
Data Collection
To investigate the toxicity of users over time, we opt for collecting
data from Reddit. For data collection, we focus on the 10 largest
subreddits with the highest number of subscribers 2 . For each subreddit, we retrieve the 10 discussions with the highest number of
comments starting from 2009 until August of 2017. So, for each subreddit, we had a total of 90 discussions per year, and a total of 900
submissions over the period of 9 years. We focused on submissions
with the highest number of comments because the comment number usually implies the existence of more discussions. On average,
a discussion has 4, 202 comments.
Using Python’s Reddit API Wrapper (PRAW), we collected all
the comments associated with each discussion and ensured that the
comment objects retrieved from the API included (a) the time stamp,
(b) ID of the comment, (c) Username of the person that posted the
comment, and (d) the comment text. After collecting the comments,
we removed the long comments exceeding 3, 000 characters since
these pose issues for the toxicity scoring method that we used. The
potential impact of removing these comments in the results is likely
very small. We ended up with a large text collection; i.e., a corpus
of comments and discussions from the Top 10 subreddits on Reddit,
as shown by statistics about the total number of comments and
discussions in Table 1.

Toxicity Scoring
Alphabet has an initiative called Perspective API, aimed at developing computational methods for providing safer environments
for social media discussions. Perspective API has been trained on
millions of online comments that have been manually labeled for
toxicity [38]. Following other published research in HCI and related fields [17, 21, 29], we utilize the Perspective API to score the
comments collected for this research. Upon obtaining access to
the API from Alphabet, we tested it by inputting requests to score
comments. The version of the API at the time of the study had two
main types of models: (a) alpha models and (b) experimental models.
In this research, we use the alpha category’s toxicity model that returns a toxicity score between 0 and 1, where 1 indicates maximum
toxicity. According to the API documentation, the returned scores
are toxicity probability, i.e., how likely a comment is perceived to
be toxic.
To retrieve the toxicity scores, we sent 4, 028, 324 million comments to the Perspective API. Overall, we were able to successfully
score 3, 727, 889 comments, representing 92.54% of the comments
in the dataset. According to the Perspective API documentation,
failure to provide scores can be due to non-English content, and
lengthy comments. To further establish the validity of the toxicity
scores given by the Perspective API, we performed a manual rating
of a random sample of 150 comments. An independent human rater
determined if a comment is toxic or not toxic, and we compared
this rating to the score given by Perspective API.
We used the threshold of 0.50, so that comments scored below
that threshold by Perspective API are considered non-toxic and
comments above 0.50 are considered toxic, the human rater also
2 http://redditlist.com

NordiCHI ’20, October 25–29, 2020, Tallinn, Estonia

Mall et al.

classifying on this binary range. We obtained a simple percentage
agreement of 86.7%. We also computed Cohen’s Kappa (k) that
considers the the probability of agreement by chance in the ratings.
Here, we observed 135 agreements (90.0% of the observations),
whereas the number of agreements expected by chance would have
been 118.5 (79.0% of the observations). The Kappa metric was k
= 0.524, indicating a ‘moderate’ strength of agreement. While the
agreement score would ideally be higher, we consider it acceptable
for the purposes of this study, especially given that there is evidence
of toxicity ratings being subjective and thus hard to agree upon [25,
30].

these 900 long discussions and enable us to capture the inherent temporal toxicity trends of such users in comparison to users with fewer
comments. Moreover, the number of unique users with over 30 comments in the dataset reduces drastically (14, 520), thereby, preventing us from capturing certain user types estimated based on the toxicity scores of their comments over time. This is further validated in
Figure 1.

Table 1: Summary of the analyzed Reddit collection
Subreddit

Funny
AskReddit
Today I Learned
Science
World News
Pics
IAmA
Gaming
Videos
Movies
Total

No of Dis- No of Com- No
of
cussions
ments
Unique
Users
90
90
90
90
90
90
90
90
90
90
900

206, 444
1, 264, 723
238, 623
122, 841
365, 057
337, 624
371, 616
219, 202
241, 447
360, 312
3, 727, 889

86, 374
357, 732
82, 761
44, 550
106, 191
118, 918
154, 899
86, 378
85, 840
117, 718
1, 241, 361

Exploratory Analysis
We perform an initial exploratory analysis on the dataset. We identified a total of 741, 994 unique users contributing in total 3, 727, 889
comments in 900 long discussions spanning the 10 subreddits (see
Table 1). Here each user made at least one comment in at least one
discussion out of the 90 discussions per subreddit. We then analyzed the user comment history over time i.e. observe how many
users are highly active on Reddit and are making several comments
over these 10 subreddits versus those users who are infrequent
and sporadically comment only once or twice. The majority of the
unique users comment only once or twice in all the subreddits. The
maximum number of comments from one user in all discussions is
3, 413 while the average number of comments by a unique user in
the entire dataset is 4.41.
We further analyzed the user activity (comment frequency) for
each of the 10 subreddits as depicted in Figure 2a. Figure 2a indicates
majority of the users make one or two comments and are thus infrequent users in the discussions taking place in each subreddit. We
additionally highlight the average toxicity of such users (who make
one or two comments) per subreddit in Figure 2b and the average
toxicity of all unique users who make more than 2 comments per
subreddit (see Figure 2c). Since we are interested in understanding
the users’ online toxicity behavior over time in long discussions,
we analyze only those users who make at least 15 comments in the
entire dataset. We choose the threshold to be 15 as there are a significant number of unique users (43, 031) who have commented over

Figure 1: The first subplot showcases how the number of
unique users decreases monotonically as the minimum
number of comments they make in our dataset increases.
We show via horizontal lines that there are 162448, 43031
and 14520 unique users who made at least 5, 15 and 30 comments respectively. The second subplot showcases that how
the variance in toxicity scores of these unique users reduces and stabilizes (around 15) as the minimum number
of comments they make in our dataset increases. We observe that the variability in the toxicity score of these users
plateaus near a minimum of 15 comments per user and we
have a significant number of unique users with at least 15
comments in the entire dataset to apprehend the temporal toxicity trends of different types of user behaviors in
Reddit.

Metrics to Capture Temporal Toxicity Patterns
We make certain notational conventions, such as the i th user in
the dataset is represented by ui , the time when the k th comment
was made by the user is referred as tk , and the toxicity score of
ui at tk is defined as s(ui , tk ). We define the metrics utilized to
quantify the different temporal toxicity trends for users based on
their comments as follows:
F score: The F score captures the absolute changes in a user’s
toxicity scores. However, to account for the delay in the time spent
between two consecutive comments and, hence, the change in the
state of mind of the user, we utilize an additional decay term in
the formulation of the F score. Mathematically, the F score can be
written as:

F (ui ) =

NÕ
ui −1
k =1

exp(−

tk +1 −t k
α

) (|

s(ui , tk +1 ) − s(ui , tk ) |)
Nu i − 1

(1)
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(a)

(b)

(c)

Figure 2: 2a illustrates that for each subreddit, a major density belongs to the users who comment rarely. 2b shows that there is
larger variance in the average toxicity scores in the subreddits when considering the isolated user comments. However, users
who make more than 2 comments per subreddit usually have a smaller variance in the average toxicity score distribution
suggesting stability in their temporal toxicity behavior as depicted in 2c.
Here, Nui represents the number of comments made by user
ui , and α represents a constant time factor. From Equation 1, we
can observe that F score primarily captures the absolute change in
the toxicity scores between two consecutive comments. By seizing
absolute changes in toxicity scores, the F score does not consider
the direction of shift in the temporal toxicity pattern of the user,
which is appropriate for modeling the fluctuation of a user’s toxicity over time. Moreover, by incorporating the decay coefficient, it
can take into consideration the user’s state of mind between two
comments, which might influence their toxicity, given the temporal
patterns of Reddit users’ commenting observed, e.g., in the study
by Singer et al. [31]. For example, if a user is highly active in a
discussion and is responding to his own comments in a short span
of time, we expect a temporal smoothness in the toxicity patterns
of his comments, whereas, if a user replies to his comments after a long period of time, there might be a drastic change in the
toxicity score for the user’s next comment due to a shift in his
state of mind. Thus, to reduce the effect of such drastic changes
in toxicity scores happening between two consecutive comments
over a long period of time, we utilize the exponential decay term in
Equation 1.
We set α as 1 hour (3, 600 seconds) in all our experiments (note
that α can be set to other values as well, if the commenting frequency is very sparse). Hence, for consecutive comments which
are made in a short span of time say (ss), the decay factor becomes
ss
exp(− α ) ≈ exp(−0) = 1, while for the comments made over a
ll
long span of time, say ll, the decay factor becomes exp(− α ) ≈
exp(− inf) = 0. This principle is inspired by the concept of random
walk with restart used in the classic PageRank algorithm [22].
F (ui ) can take values between [0, 1], where F (ui ) will be 0 only
in the case when the toxicity pattern of the comments made by ui
is not changing over time. If a user ui ’s comments are becoming
more toxic (i.e., a user is becoming radicalized) or becoming less
toxic (i.e., a user is becoming pacific), the F (ui ) in both cases can be

the same (since F score accounts for absolute changes in toxicity
score of consecutive comments) and should usually be < 0.5. This
is because the changes are over a span of Nui ≥ 15 comments
which is used in the denominator of the F score to capture average
changes between toxicity scores of two consecutive comments. F
score will be maximum when there are drastic changes in a short
span of time between toxicity pattern of a user’s comments. For
example, s(ui , tk ) = 0 and s(ui , tk +1 ) = 1 and this pattern appears
for each pair of consecutive comments in very short span of time.
In this case, F (ui ) ≈ 1, indicating that the user ui is extremely
fickle-minded, i.e., user ui has severe fluctuations in their toxicity
scores between several consecutive comments.
G score: The G score is defined in the same way as the F score,
with the only difference that it can capture the direction of the shift
taking place in the temporal toxicity pattern of user ui . Mathematically, the G score can be defined as:

G(ui ) =

NÕ
u i −1
k =1

exp(−

t k +1 −t k
α

) (s(u

i , tk +1 ) − s(ui , tk ))
Nu i − 1

(2)

The only difference between the F and G score is that the G
score does not use the absolute difference in toxicity scores of two
consecutive comments made by user ui . Hence, G(ui ) score can
take values between (−1, 1), where, if G(ui ) is at the left of the first
quantile (a negative number i.e < 0), the toxicity score is decreasing
(as we are adding up negative numbers repeatedly). Similarly, if
G(ui ) is a large positive number (right of the third quantile), then
the toxicity score is increasing (since we are aggregating positive
changes in toxicity scores of consecutive comments). Moreover,
G(ui ) should be close to 0 for a fickle-minded person, where rapid
shifts in direction occur when assimilating their toxicity scores.
However, G(ui ) can also be 0 in the case when a user’s toxicity
pattern remains stable over time.
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Distribution of Devised Metrics
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(a) Distribution of F and G scores

(b) Correlation between F and G scores

(c) User Behavior categories based on F and G
scores

Figure 3: We show the distribution of F and G scores in Figure 3a. Figure 3b depicts the correlation between the F and G score
of all users, showing that the correlation is very low between these scores. Hence, each score is capturing distinct temporal
information that is further utilized to discriminate the 4 primary types of user behaviors as shown in Figure 3c.

Categorizing User Behaviors based on Estimated
Toxicity Metrics
Based on the intuitions provided in constructing the F and G scores,
and their distributions and correlations depicted in Figures 3a and 3b
respectively, we can define a set of rules to identify different types
of temporal trends from the toxicity scores, i.e., user behaviors
over time. The rules for identifying the patterns are defined as
follows.
Stable Users: The rule used to identify users with nearly stable
toxicity score over time is defined as:
G Q1 < G(ui ) < G Q3 and F (ui ) < F Q1

(3)

Here G Q1 =-0.016 and G Q3 = 0.013 represents the 1st and 3r d
quantiles of the G score distribution as also illustrated in Figure
3a. Similarly, F Q1 = 0.066 corresponds to the 1st quantile of the F
score distribution. As mentioned earlier, small value (≈ 0) of G(ui )
and small value (≈ 0) of F (ui ) indicates nearly stable toxicity scores
over time for ui .
Fickle-Minded Users: The rule used to identify this class of
users is:
G Q1 < G(ui ) < G Q3 and F (ui ) ≥ F Q1 + ϵ

(4)

Here ϵ represents a small constant value used to prevent overlapping user classes. Fickle-minded users show changes in their
toxicity patterns and hence require a low G score, whereas the F
score has be to ≥ F Q1 + ϵ, as it is the sum of absolute changes in
toxicity patterns over time.
Pacific Users: We define the rule to identify users who are
becoming less toxic or whose comment toxicities decrease over
time as follows:
G(ui ) < G Q1 − ϵ and F (ui ) ≤ F Q3 − ϵ

(5)

Here F Q3 = 0.15 corresponds to the 3r d quantile of the F score distribution. These users have toxicity scores that has a predominant
down trend (1 → 0) for their comments. Hence, they should have

large negative G scores and F scores lower than its third quantile, as
larger F scores would rather suggest fickle-minded user behavior.
Radical Users: We define the rule to identify users whose toxicity scores predominantly increase over time as:
G(ui ) > G Q3 + ϵ and F (ui ) ≤ F Q3 − ϵ

(6)

These users have toxicity scores with a primarily up trend (0 →
1) for their comments. Hence, they should have large positive G
scores, and F scores lower than its 3r d quantile.
We used ϵ = 0.01 in all our experiments. The different user
behaviors based on temporal toxicity patterns are illustrated in
Figures 3c and 4. The overlaps between these clusters in Figure 3c
correspond to the users whose toxicity patterns are fuzzy combinations of two or more such user behaviors. This makes it difficult to
correctly assign these users to a particular behavior type based on
their temporal toxicity patterns in the subreddits.

RESULTS
We first identify the total number of users belonging to each user
behavior class based on their temporal toxicity patterns in Table
2. The temporal toxicity pattern for each user behavior class is
highlighted in Figure 4 and an example of each behavior class
is provided in Table 3. We further showcase the total number of
comments made by the users belonging to each behavior class
in Table 2. Moreover, we highlight the top 3 subreddits based on
the ratio of the total number of comments made by the users
in a given subreddit to the total number of comments made by
users of a particular behavior class. These results are depicted in
Table 2.
From Table 2, we find that the maximum number of users for
each behavior class commented in Ask Reddit discussions. This is
because Ask Reddit community had the maximum number of comments from all of these users (183, 084). Interestingly, the subreddit
Movies and World News had the 2nd and 3r d highest number of
radicalized user comments, while the Pics subreddit had the 2nd
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(a) Fickle-Minded Users

(b) Pacified Users

(c) Radical Users

(d) Steady Users

Figure 4: Figure illustrates the different types of toxic user behaviors. Figures 4a, 4b, 4c and 4d represents the range of toxicity
scores for Fickle-Minded, Pacific, Radical and Steady users respectively in case of the 1st 15 comments made by them. By
connecting the medians, we capture the different shapes that the temporal toxicity patterns can take.
Table 2: Number (#) of users per behavior class and top 3 subreddits where these users have participated most. The number in
(·) is the fraction of total comments made by these users in an individual subreddit.
Class

#Users (% of all

#Comments

1st Subreddit

2nd Subreddit

3r d Subreddit

Fickle-Minded
Pacified
Radicalized
Steady

9,664 (31.2%)
8,002 (25.8%)
7,858 (25.4%)
5,461 (17.6%)

226,606
811,004
102,416
97,742

Ask Reddit (0.382)
Ask Reddit (0.312)
Ask Reddit (0.297)
Ask Reddit (0.268)

Pics (0.111)
World News (0.102)
Movies (0.106)
IAmA (0.108)

World News (0.108)
Movies (0.099)
World News (0.103)
Movies (0.106)
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largest fickle-minded population. Similarly, the IAmA subreddit has
2nd largest number of comments from users with steady toxicity
patterns.
From this sample, we find that most users (31.2%) are fickleminded, alternating between toxic and non-toxic comments. Pacified users are second-most common (25.8%), but the difference to
radicalized users in terms of frequency (25.4%) is not large. Steadily
toxic users are the least frequent (17.6%) in the sample.
Interestingly, results in Table 2 also indicate that pacified users
tend to contribute more comments (M = 101.4) than all other user
types combined (M = 18.6), and this difference is highly significant,
t(10, 077.3) = 139.6, p < .0001. The difference can be interpreted
by the fact that most comments in our dataset exhibit low toxicity
scores, so transitions from toxic to non-toxic commenting tends to
be proportionally higher than other shifts.
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toxicity of different subreddits and thereby remained at a community level rather than investigating user level toxicity. Here, we
show that toxicity patterns vary both by subreddit and by user. For
instance, the Ask Reddit community has maximum number of comments from each user behavior class. The fact that fickle-minded
users were the largest group in our analyzed sample is interesting. We interpret this finding such that switching between toxic
and non-toxic commenting styles can be seen to describe typical
social media behavior of users, whereupon users navigate many
discussion threads and topics and change their attitudes based on
the topic (and perhaps the participants’ triggering messages [2].
For some topics and subreddits, users may exhibit less toxicity,
whereas for more controversial topics (e.g., politics, religion [29]),
their behavior can become more toxic. This also frames the interesting question: are some users more drawn to controversial
topics than other users? While we did not explicitly investigate
this question, our results indicate that this might be one potential explanatory factor behind the fluctuation of toxicity, as Reddit
users typically engage in conversations in not only one, but several
subreddits.

Implications for Online User Experiences

Figure 5: Here the 1st value on x-axis represents the scores
for all users who made a minimum of 15 and maximum of
30 comments. The 2nd value represents scores for all users
who made [30, 60] comments and so on. The boxplots show
that average toxicity, F and G score distribution stabilizes
for users who are highly active (made large number of comments over time) in these long discussions on Reddit.

DISCUSSION
Contribution
The major contributions of this research are two-fold: first, (1) defining four types of toxic users based on user behaviors over time:
(a) Stable Users (toxicity of the users’ comments does not noticeably change over time), (b) Radicalized Users (increased toxicity
over time), (c) Pacified Users (decreased toxicity over time), and
(d) Fickle-Minded Users (fluctuating toxicity, i.e., both increasing
and decreasing over a period). Secondly, (2) we provide quantitative metrics to detect these user types from online social media
data.
In the context of social media users in general and Reddit in
particular, our findings complement the earlier studies on toxicity
in Reddit [13, 19, 20] that has largely focused on comparing the

The implication for Reddit is that more moderation is needed for
communities that are predisposed to radicalization. Average toxicity in a community tends to be lower than neutral (see Figure 2b).
Moreover, when removing sporadic users, the variance in average
toxicity scores decreases in all subreddits as showcased in 2c because participants seem to have greater stability in their behavior
as they comment more (see Figure 5).
For wider purposes, we note that the approach presented in
this research can be generalized to any other user data from any
social media or online platform, or combination thereof, as long
as User IDs, message timestamps, and message toxicity scores are
available. The generalizability comes from the fact that we are using
the properties of the distribution of the proposed F and G score
metrics to classify the users’ toxicity pattern. In particular, the rules
that govern the toxicity patterns are derived from the quantiles of
distributions of the F and G scores and are thus independent from
a particular distribution of the data.
Regarding applicability, our approach could be employed in systems for automatic moderation. For example, the F and G score
estimating the temporal toxicity trends of users can be incorporated
in a machine learning model to identify different user behavior patterns and to moderate online communities by identifying users who
are steadily toxic or are becoming radicalized. Using information
on the past history of the user is likely to provide better results for
automatic moderation than only looking at individual comments.

Design Implications
Because we did not carry out a research study with a direct user
intervention, but rather an observational study, our findings do
not provide direct implications for user interfaces (UI) of online
systems.
Regarding user experience (UX) in online communities, however,
our findings suggest that designing ways to monitor users’ toxicity
over time is worthwhile, as there the user behavior varies and can be
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Table 3: Snippet of the comments made by a user belonging to Fickle-Minded, Pacified, Radicalized, and Steady user behavior
classes. Here time is in hours and 0 represents the start time of a comment for a given user.
Class

Time

Comment

FickleMinded

0
0.109
0.204
0.383
0.443
0.477
547.7
557.5

Submitter said controversial, not controversial within reddit.
As the first black female head of the Ku Klux Klan, I’d like to say ***America stinks!***
Submitter didn’t specify *on reddit*.
On the other hand, men *suck* at giving birth.
Nice try, Republicans.
He has a dick, for god’s sake! Only pre-op.
Wiccans! Holy shit, *witchcraft bombs!*
I hope someone is hitting "contribute a better translation".
(Walking offstage).“...I don’t even want the fucking thing..”
Da-Dink Dink!!
Haha- holy shit I can see this happening.
“We came, we saw, we kicked it’s—”
Yeah- the “slow powerful music” thing is getting old with trailers. Every major film has it’s theme slowed down.
Elizabeth Olsen is a great actress, and she fits the role really well. But she is so damn hot, man. Whew.
I didn’t see any giant metallic looking bracelets like the 70’s Spider-man.
And make sure while you film it, chew some gum REALLY loudly like that English guy did.
But the guns thing was a dream. It was a result of a post apocalyptic world.
But sea salt has a delicious taste that is different from just regular kosher salt.
Just because no one in your family can cook doesn’t mean red sauce is “bad.”
The only sweetness that should be in sauce is delicious tomato sweetness. Any added sweetness can go to hell.
That’s ridiculous, food can often enhance drinks and vice versa.
I’m pretty sure this is bullshit.
This is bad for you and I imagine would also taste pretty awful.
You sleep on your back? I’ve never slept with anyone who slept on their back.
It’s not weird, you’re weird.
What’s wrong with your balls that you don’t want them to touch your sheets?
How is this even an issue? Put the fucking curtain INSIDE THE SHOWER, GENIUSES.
Shut your fucking mouth, nigger lover.
Shut up, liberal faggot.
I am not a troll. I speak the truth you fucking piece of shit. Kill yourself.
Kill yourself now, douchebag. Hurry. This is an order from Almighty God.
I will piss, take a shit, and spit on your ugly face. You are my fucking slave, little boy.
Go and commit suicide you worthless, useless piece of dog shit.
I fucked your whore of a mother. She loved it, the skank she is.

Pacific

Radicalized

Steady

0
84.77
84.80
85.01
85.19
253.0
253.1
567.5
603.1
0
0.007
0.0192
0.0336
0.0397
0.059
0.228
0.236
0.261
0.328

0.186
0.339
2.366
8.506
8.564
9.745
10.19

divided into different typologies. Visible metrics, gauges, penalties,
or forms of positive reinforcement and feedback are among the
possible UI/UX interaction techniques that could be leveraged using
our statistical metrics as inputs for design implementations.
Given the complexity of issues like automated content filtering, freedom of speech, privacy, and other societal aspects, readers
should be careful with drawing straightforward conclusions. Design
choices in the space of online toxicity require the careful consideration of ethical and legal ramifications. For example, what would
be the ethical, legal, and appropriate use of the ability to identify
and perhaps modify users that are shifting to more extreme views?
Could this “power” be used to shape the users’ trajectory? Addressing these questions is a cross-disciplinary effort – for example,
collaboration with a civil rights lawyer may greatly inform the next
stages of this work.

Limitations and Future Research
An interesting aspect of the user behavior classes is that they can be
sub-divided into micro classes. For example, the steady users can be
sub-categorized into steady toxic, steady-pacific and steady-neutral
based on their average toxicity over their lifetime. Similarly, pacific
users can be divided into three categories: (a) toxic-to-neutral, (b)
neutral-to-pacific, and (c) toxic-to-pacific. The same can be done
for radical users. For future work, it is possible to develop rules,
using F , G and average toxicity score distributions that can capture
these granular classes of user behavior.
With further development, our approach could also be applied
for early detection of radicalization, defined as increased toxicity of a user over time (above a specific threshold value). This

Toxicity Score

0.033
0.876
0.161
0.925
0.110
0.957
0.957
0.275
0.903
0.578
0.898
0.214
0.120
0.309
0.158

0.238
0.122
0.027
0.249
0.393
0.339
0.903
0.616
0.575
0.417
0.789
0.938
0.997
0.988
0.990
0.963
0.992
0.991
0.993

would be useful for helping online communities to identify and
take action (e.g., helpful interventions) to preserve the quality of
discussion. Future research could, therefore, focus on analyzing
users who were initially showing little or no toxic behavior but
who became toxic over time. Currently, the instruments for managing and helping users with problems of toxic behavior are lacking,
and the management of toxicity is often done by ignoring the
users (moderation/blocking) rather than analyzing the paths of
becoming toxic and devising interventions that would help users
reduce their toxic behavior. To this end, our approach of modeling a user’s toxicity history can, with further development, be
helpful.
Our approach could also be expanded by incorporating context
in which toxicity takes place. Previous research has shown that
context plays a major role for users’ behavior in social media [1, 4].
The context could be represented by the topic of the discussion,
or the subreddit the user is writing to. For example, a user that is
participating relatively more on subreddits that deal with topics he
or she is hateful towards could have a higher history of toxicity than
a user that is participating relatively more in discussions whose
topics he or she enjoys. To properly capture the impact of the
context, the model would need to normalize its impact, which is an
area of future work.
Another aspect for improvement is the evaluation methods applied: in our dataset, there is no ground truth, so we cannot judge
if the approach can predict a target metric such as radicalization
or a user being banned. Future research can can use the F and G
scores in a dataset that has information indicating that certain users
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are banned due to inappropriate behavior, to investigate if such an
event could be predicted.

CONCLUSION
We defined two quantitative metrics for segmenting online users
to four types based on their toxic behavior: Steady, Radicalized,
Pacified, and Fickle-Minded Users. Applying these metrics to a
sample of social media users in Reddit, results indicate that fickleminded users that switch between making toxic and non-toxic
comments are most common (31.2%) in the sample we investigated.
Pacified users are second-most common (25.8%), although their
difference to radicalized users in terms of frequency (25.4%) is not
large. Steadily toxic users are the least frequent (17.6%) in the sample.
Further work is required to understand the reasons behind toxicity
variation of users, and to design early-warning methods to mitigate
toxicity outbreaks and to help users at risk of radicalization.
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