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Abstract
In this paper, we aim to gain a better understanding of how
social media discussion unfolds in reaction to a tragedy, by
focusing on how the social distance between users and the
victim impacts them. We leverage tweets regarding the reaction to the death of 25-year old Korean pop star Sulli, who
experienced cyber-bullying, depression, and moral coercion
by a patriarchal society. We collect 71,588 tweets covering
73 days, characterizing users based on their retweet behavior,
and analyzing how they distribute information.
We evaluate the role of official accounts and influential regular accounts in driving the discussion on this tragedy on Twitter and propose a novel multi-language sentiment analysis
(English, Korean, Thai) of such discussion based on look-up
tables. We then separate users based on their social distance
to the victim, based on cultural background (i.e., whether the
users come from an East Asian culture) and interest (i.e.,
whether the accounts are mainly posting about Korean Pop).
Our findings demonstrate that the in-group (i.e., those closer
to the tragedy) shows a longer attention period and more frequent in-group interactions compared to the out-group. We
notice that the K-pop community is more efficient in spreading information about the tragedy. Our findings describe the
information dissemination process after a tragedy and provide
insight into potential intervention measures in preventing irrational sensation after a tragedy.

Introduction
People’s reaction to tragic events on social media is not well
understood by the research community. Previous work focused on crisis events on Twitter, focusing on providing
measurements and mitigation methods (Mendoza, Poblete,
and Castillo 2010; Cameron et al. 2012; Gruber et al. 2015).
A thorough investigation of users’ reactions towards tragedy
on social media can fill this gap and help us better understanding an Internet-related tragedy (Mendoza, Poblete, and
Castillo 2010). In this paper, we take the first step in this
direction, by leveraging over 70,000 tweets posted before
and after the tragic death of 25-year-old Korean Pop singer
Sulli. Based on the social distance theory, we group social
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network users into in-group or out-group by extracting features reflecting their social distance to the victim. We then
analyze how social distance influences the length and the
tone of their discussion.
Sulli Choi was a famous South Korean pop star who died
on October 14, 2019, at 25 years old. As a young female
celebrity, Sulli experienced moral coercion under a patriarchal society in Korea and her rebellion attracted broad attention. Before her death, Sulli had been long harassed by
cyberbullying, including hate speech, stalking, and threatening. Her agent revealed her severe depression history too.
This tragedy is an example of the situation of many young
celebrities, affected by a lack of privacy and forced to live
their lives in public (Christofides, Muise, and Desmarais
2012; Fogel and Nehmad 2009). Social media make these
problems even more extreme, facilitating toxic behavior like
Doxing (Froehlich 2017; Hine et al. 2017; Snyder et al.
2017), cyber-bulling (Hosseinmardi et al. 2015; Tarablus,
Heiman, and Olenik-Shemesh 2015; Yao, Chelmis, and Zois
2019), and harassment (Chatzakou et al. 2017a; 2017b). The
situation is even more serious with young celebrities, as they
attract hate and love at the same time.
Besides facilitating toxic activity, social media amplifies
the public reaction to a tragedy, too. The sudden death of an
influential celebrity generates heated discussions among her
fans. Even people who are not familiar with the pop culture
participate in the event to express empathy. Additionally, the
attention that the topic attracts can lead to sensationalism
and false narratives. Sensational coverage of such tragedy on
the media leads to a phenomenon known as Werther effect,
where people are inspired by the tragedy and attempt to emulate it (Phillips 1974). Making the event more significant, in
Korea, over 20 young musicians, artists, actors, and athletes
died accidentally during the past 10 years. The Korean entertainment industry has also been frequently criticized for
its high-pressure working environment and its linking with
political scandals (Fu and Chan 2013).
In this paper, we focus on people’s response to the tragedy
of Sulli’s death, paying particular attention to their social
distance to the event. Social distance reflects the psychological distance between people and others (Trope and Liberman 2010; Bogardus 1933; Akerlof 1997). In psychology, it

was shown that this distance affects decision making too.
Research studying social distance is usually performed in
two ways. The first method is comparing decisions that subjects make for themselves compared to those they make for
others (Polman 2012; Hoffman, McCabe, and Smith 1996).
Another method is comparing decisions made for a close
friend and a distant friend (or even an unknown person) (Polman and Emich 2011). These manipulation experiments,
however, are only conducted in a laboratory environment
and have never been tested on observational ground truth
data.
In this paper, we aim to bridge this gap by conducting a
mixed-method study to build ground truth based on Twitter
data according to social distance theory. Specifically, we design an analysis pipeline to study the information diffusion
process surrounding a tragedy, focusing on users that are
closer to it (in-group), and those that are further away (outgroup). We select cultural proximity, and interest in the topic
as our parameters of social distance to observe the in-group
and out-group difference. Based on these groups, we compare their attention period to the tragedy, their sentiment, and
interactions inter/intra groups. While doing so, we propose a
way to conduct sentimental analysis for content in multiple
languages.
Our contributions include an increased understanding
of information distributors in the discussion on Sulli’s
death and the underlying nature of the narratives towards
the tragedy, which may help researchers better understand
causes of depression (Lin et al. 2016; Guntuku et al. 2017;
Jelenchick, Eickhoff, and Moreno 2013), conspiratorial content (Marwick and Lewis 2017; Starbird et al. 2014; Starbird
2017), Internet campaigns (Altınay 2014; Clark 2016), and
cyberbullying (Tippett and Kwak 2012; Calvin et al. 2015;
Smith 2013; Aboujaoude et al. 2015). We find evidence that
on Twitter, the community that is closer to the tragedy because of interest (i.e., K-pop users) shows more engagement
and an discusses the tragedy for a longer period of time,
while the same does not happen with the community that is
closer due to cultural background (i.e., East Asian accounts).
We also find that in the information dissemination process, a
higher proportion of in-group members act as an information
distributor than the out-group members. In-group members
participate in the topic more vividly, acting both as information distributors and retweeters. Members of the K-pop
community as in-group also show a tendency of in-group
favoritism comparing to the out-group, where negative content on the news of the tragedy is balanced into more neutral
tones by the comments of the in-group members.

RELATED WORK
Social media provide a lens for understanding online interactions (Wu et al. 2011; Fischer and Reuber 2011; Kumar
et al. 2018; Lazer et al. 2009). Previous work focused on
crisis events, leveraging the high volume of real-time data
to monitor narratives, as well as to detect the source of conspiratorial content (Starbird 2017; Marwick and Lewis 2017;
Starbird et al. 2014). A crisis can be viewed the same as an
emergency, i.e. an event or situation that comes on quickly,
often without warning, with a potential threat that needs

short time response (Ulmer, Sellnow, and Seeger 2017;
Acar and Muraki 2011; Schultz, Utz, and Göritz 2011).
Twitter works is used to spread real-time news during crisis
events, with users often struggling to confirm the reliability of the information they receive (Acar and Muraki 2011;
Starbird 2017). Unlike crisis events such as mass shootings,
a tragedy arouses more thoughts and rumination instead of
fear and nervousness, especially if such tragedy is an uncontrollable event that happens to innocent people (Roland and
Munthe 2017).
In front of Sulli’s tragedy, social network platforms provide a perfect lens for observing how social distance impact
on a victim used to be cyberbullied and depressed based
on users’ opinions towards the event (Huang et al. 2015).
Outside of social media, social distance has been examined as an essential concept in sociology, describing the
distance between different groups in society. Social class,
race/ethnicity, gender, are the typical categories used in social distance. Social distance measures the intimacy that an
individual or group feels towards another individual or group
in a social network (Boguná et al. 2004). It can also be
used to scale the level of trust of a group towards another,
and the extent of the perceived likeness of beliefs (Helfgott and Gunnison 2008). In traditional sociology research,
social distance is measured through direct observations of
people interacting, questionnaires, speed decision-making
tasks, sociograms, etc. (Polman 2012; Hoffman, McCabe,
and Smith 1996). Fruitful studies have been done on the impact of social distance on people’s speech (Wolfson 1990;
Ouellette-Kuntz et al. 2010; Lee and Gibbs 2015).
Leveraging Twitter allows us to study the impact of social distance at a larger scale. In the context of the Internet, strong in-group favoritism may drive users who
share the same social identity into irrational toxic behavior, such as cyberbullying (Riek, Mania, and Gaertner 2006;
Aboud 2003; Chatzakou et al. 2017b).

METHODOLOGY
Our approach to characterize users’ social distance and analyze their behavior on Twitter involves the following steps:
(1) data collection, (2) preprocessing, (3) ground truth building, (4) extracting features, (5) analysis of response of ingroup and out-group.

Dataset
For the first step, We use Twitter’s free streaming API to
collect data. We convert all text to lowercase. To better acquire tweets related to Sulli, we filter tweets using Sulli’s
name and genitive in different languages, including English,
Chinese, and Korean. The terms are as follows: “sulli,” “
sulli,” “#sulli,” “sulliś,” “ sulli ,” “雪莉,” “ᄉ
ᆯᄅ
ᅥ
ᅵ,” “ᄎ
ᅬᄌ
ᆫᄅ
ᅵ
ᅵ.”
We gather Twitter data for 73 days from September 1st - 43
days before Sulli’s death, to November 13th - 30 days after
the news of Sulli’s death, on October 14th, 2019. We then
exclude the terms (‘sullivan’) from the dataset as it constituted a common false positive in our data.
This collection contains 71,588 tweets in multiple languages, including English (41.8%), Thai (22.6%), Korean

Distributors

Retweeters

Official

Overall

English
Korean
Thai
Language Avg
English
Korean
Thai
Language Avg
English
Korean
Thai
Language Avg
English
Korean
Thai
Language Avg

Positive
0.428
0.150
0.380
0.320
0.358
0.121
0.446
0.308
0.25
0.046
0.474
0.257
0.370
0.120
0.441
0.310

Neutral
0.355
0.245
0.467
0.356
0.425
0.329
0.473
0.409
0.516
0.123
0.421
0.352
0.416
0.310
0.472
0.397

Negative
0.216
0.605
0.153
0.325
0.218
0.550
0.081
0.283
0.234
0.831
0.105
0.390
0.220
0.570
0.087
0.292

Table 1: Sentiment analysis of retweeters, distributors, and
official accounts, and all users
Look-up table
“Afinn”
“KunsentiLex”
Thai sentimental analysis
tool-kit

Language
English
Korean
Thai

Positive
878
4,868

Negative
1,598
9,827

512

1,219

Table 2: Look up table word list information

(18.2%), Hindi (7.3%), and other languages (10.1%). We
count the day of the tragedy released on October 14th, 2019
as day zero. 43 days before her death are marked as -1, -2,
... , -43.
Only 16 out of the 43 days before Sulli’s death generated
tweets that mentioned the terms above, resulting in a total of
221 tweets. This indicates that Sulli as a Korean pop singer
did not attract much attention on Twitter, a western mainstream social network platform. Our following analysis is
focused on the data generated since the day of her death (i.e.,
the zero-day). The number of tweets on the topic reached a
peak on the day of Sulli’s death, resulting in 49,982 tweets.
The discussion of Sulli’s death fades quickly. 22 days after the tragic news was released, only 90 tweets mentioned
Sulli.
For each tweet, we include the user id, information of
creating time, number of favorites, number of the retweet,
number of replies, text of the tweet, and the language of the
tweet.
For each user who posted a tweet in our dataset, we collect
their number of followers, their number of friends, the total
number of posted tweets, whether a verified account or not,
and the number of tweets that they posted and are contained
in our dataset.

Preprocessing
A peculiarity of our dataset is that it contains tweets in several languages. To be able to perform sentiment analysis, we
need to come up with a technique able to account for this.
To this end, we propose a novel method based on look-up
tables (see Figure 1). Our method provides a systematic approach for shedding light on the spreading of a tragedy and
the process of shaping narratives. We choose to focus on the

top three languages for sentiment analysis: English, Korean,
and Thai, which consist of over 82.53% of the tweets in our
dataset. To account for different languages, we use Look-up
Tables for sentiment analysis across different languages (see
Table 2).
For each language, the Look-up Table provides word lists
in two sentiment categories: positive, negative. We check
each tweet for occurences of the words in our Look-up Table. The sentiment of the content of each tweet is defined as
the category with the highest frequency. We label the sentiment of a tweet as negative when either no word in our
Look-up Table appears in a tweet or positive and negative
words appear in equal numbers.
All the features are examined in two-time scales, a macrolevel and a micro-level. At the macro-level, we generate a
whole picture of this event on Twitter based on the 31 days
sub-dataset since Sulli’s death. At the micro-level, we examine each perspective daily.

Categorizing and labeling
First, we manually group users into three roles, retweeter,
information distributors, and official accounts to better understand the information diffusion process. These three roles
may overlap. There is also a small number of users who do
not belong to any role. In this study, we do not look into
users who are neither retweeted nor retweet others’ posts.
The three categories that we study are defined as follows:
• Retweeters. Are those accounts that retweeted at least
one message.
• Information distributors. Are those accounts that posted
original messages (not retweets).
• Official accounts.Are those accounts verified by Twitter.
Next, we categorize users along two axes to determine
their social distance to the tragedy.
Labeling the East Asian cultural sphere. Since our study
is cross-language, we group the users whose languages are
within the East Asian Culture sphere (i.e., Korean, Japanese,
Vietnamese, Chinese, Thai) as in-group. The rationale is that
those users are culturally closer to Korea, where the tragedy
happened. The rest of the users are considered as out-group.
Labeling the K-pop community. Another dimension
across which we evaluate the social distance from the
tragedy is whether a user is part of the K-pop community
or not. To this end, we fetch the top 200 information distributors (authors of the most-retweeted posts), the top 200
retweeters (users who retweeted the most frequently), and all
the official accounts for manual labeling. These users represent over 80% of retweet behavior on this tragic news. Each
account is labeled either as a K-pop related account or as
an unrelated account. Korea’s news account is labeled as a
member of the K-pop community. Accounts that are run by
individuals who appear not to be a K-pop fan account or to
be focused on western musical/news account are labeled as
unrelated. Suspended accounts are labeled as unrelated.
A typical K-pop related account should include any of the
following elements:

Figure 1: Sentiment Analysis process
• Profile image or cover: a close up shot of a Korean pop
singer;
• Profile signature: contains Korean pop singer’s name, usually before/after a ” ”;
• Tweet frequency: tweets actively on Korean pop;
• Tweet content: tweets are all about Korean pop.
These K-pop community members are fans of Korean pop
singers or bands. We discard users from fan communities of
Korean actors or actresses.

Group
CB-In group
Tweets
Users
CB-Out group
Tweets
Users
IC-In group
Tweets
Users
IC-Out group
Tweets
Users

Total

# Official

# Retweeter

# Distributor

29,898
26,844

94(0.314%)
36(0.13%)

26,863(89.84%)
24,355(90.73%)

2,234(7.47%)
1,596(5.95%)

41,690
37,617

368(0.883%)
163(0.43%)

32,438(77.81%)
29,481(78.37%)

5,415(12.99%)
4,055(10.78%)

758
185

135(17.81%)
8(4.32%)

402(53.03%)
91(49.19%)

431(56.86%)
105(56.76%)

70,830
63,809

327(0.46%)
191(0.29%)

58,899(83.16%)
53,305(83.54%)

7,217(10.19%)
5,496(8.61%)

Table 3: Tweets and users description statistics according to
Cultural Background(CB) and Interest Community(IC)

FEATURE EXTRACTION
Our analysis focuses on the users who shared tweets on
Sulli’s death since the zero-day. 63,797 users generated
71,367 tweets for 30 days from October 14, 2019 to November 13, 2019. 92.7% of users acted as an information distributor or a retweeter in spreading the news of this tragedy.
Among all the users, over 80% (53,396 out of 63,992) are
retweeters, while 10% (6,317 out of 63,992) are information distributors. Less than 1% of the users take both roles.
Only 199 official accounts joined in the discussion. However, nearly 90% of them (177 out of 199) acted as information distributors.
In this section, we describe how each of the different user
roles operated while posting about the tragedy, focusing on
user quality, tweet features, and tweet content.

User Characteristics
A Chi-square test shows that the profile characteristics of
users (number of followers, number of friends, number of
total tweets, number of tweets about Sulli) classified as
retweeters, information distributors, and official accounts
are significantly different (p < 0.01). Retweeters have a
lower number of followers among these three groups. However, they do follow others. Information distributors have
significantly more followers than retweeters and a lower
number in total tweets. Interestingly, most of the information distributors do not follow any account on Twitter as the
mode is 0. Official accounts have the highest number of followers, friends, and total tweet numbers. Official accounts
also post more tweets during the period on Sulli’s death.

Tweet Features
Tweet features, including the number of favorite tweets,
replies, and retweets, are significantly different among
retweeters, information distributors, and official accounts
(p < 0.01 according to a Chi-square test). Official accounts

gain the most favorites and replies. However, the posts by
official accounts attract less attention than other information distributors’ post after the zero-day. This may imply that
most of the official accounts post news on Twitter. After the
news has been disseminated, the posts of official accounts
about it are not attractive anymore. Although fewer retweets
appeared on Twitter after 24 hours of the tragic news, more
and more retweeters’ posts were being retweeted.

Tweet Content
We analyze the sentiment of the tweet content posted in English, Korean, and Thai. We assign a general sentiment (positive, negative, or neutral) to each role based on the average
score of the tweets posted in each of the three languages (see
Table 1). We find that only official accounts present a negative sentiment in their tweet content. Because most official
accounts are information distributors, a different sentiment
in this group might indicate that information distributors are
distributing the tragic news in a different tone of narratives.
We assume that official accounts function as public relations,
and are therefore more objective in spreading the news of
this tragic events.

RESPONSE OF THE IN GROUP & OUT
GROUP
We next aim to understand how social distance influences
the Twitter discussion on the tragedy. We establish in-group
and out-group along two dimensions: national cultural background and community of interest. For the first set, we compare in-group user (Chinese, Japanese, Korean, Thai, Vietnamese language users) and out-group users (the users from
other languages). For the second set, we compare in-group
users (members of the K-pop community) and out-group
users (other users).

National Cultural Background
We find 26,844 users in the in-group 29,898 users in the
out-group. A higher percentage of in-group members participate in the information dissemination process. They either
act as information distributors, or retweeters: 96.68% of active roles are taken among the in-group members. For the
out-group, on the other hand, information distributors and
retweets consist of 89.15% of the members. Further examination on the retweeting behavior inter- and intra-groups
shows that in-group members interact more frequently, but
the result is neither significant nor presents a clear sentiment
inclination.
Table 3 shows the number of tweets posted on Sulli’s
death by the in and out-group. As can be seen, the user activity appears very similar. We then look at the attention period of users in the in- and out-group, defined as the distance
between the first and the last tweet that they posted on the
topic. We find that in-group users have a longer attention period for this event. The P-value is significant at 0.001 level
with D = 0.0958. In other words, users in the in-group discuss the tragedy for longer, compared to users in the outgroup.

(a) Number of Sulli’s related tweets distribution

Interest Community
We label 185 K-Pop community members from a total number of 599 users, including the top 200 retweeting users from
the retweeters and the top 200 retweeted users from the information distributors, as well as all 199 official accounts.
Please note that there are overlaps of users between these
three roles. Considering these 185 members as in-group,
the out-group is much larger (63,809 users). Noticeably, the
in group shows much enthusiasm following the event. Although there are only 185 members in the in-group, 105
of them (56.76%) act as information distributors and 91
of them (49.19%) are retweeters. The high percentage of
both roles indicates an overlap between these two populations. In other words, at least 10% of the posts by in-group
users are being retweeted, and these users are also retweeting from others. For the out-group members, the percentage
of retweeters is higher than for the in-group: 83.54% of outgroup members retweet posts about Sulli. However, the percentage of the information distributors is low: only 8.61% of
out-group members’ posts have been retweeted.
We then look at the activity of the accounts in the inand out-group. Compared to the cultural background case,
we find that K-Pop accounts discuss the tragedy much more
thoroughly. As Figure 2a shows, 30% of the accounts post
about Sulli’s death 3 or more times, while 90% of the outgroup accounts post about it only once. The KS test shows
the largest gap between the two groups, D = 0.617, and the
P-value of 0 confirms that the two distribution are statistically signifcantly different. When looking at the attention
period between the members of the groups, this is also significantly different (see Figure 2b). More in-group members
follow the topic of Sulli for several days. Some of the members may tweet on Sulli before her death news releases. We
define these members as Sulli’s fans. In this case, the P-value
is significant at the 0.0001 level with D = 0.21378.

(b) Attention period distribution

Figure 2: Tweets number related to Sulli and attention
hours distribution of in-group and out-group between Interest Communities

Figure 3 depicts the interactions between users in the
in and out-group. Users in the in-group interact with each
other 128 times (among 183 members), with less 0.7 intragroup retweets per member. However, in-group members
interact with the out-group members more frequently, with
235 retweets (1.28 per member). The per capita interaction
frequency is even lower with the out-group members. The
out-group members interact with each other 38,925 times
(among 63,809 members), resulting in an average of 0.61
intra-group interaction per member. Inter-group interaction
from out-group members to the in-group is as low as 0.31
times per member, with 19,934 retweeted posts from ingroup members.
Most of the information flow from the in-group is due to a
large number of retweets. Looking closer at the shared content, this information is mostly news articles, and is heavily
negative, describing the final scene of Sulli’s life. A closer
look at the sentiment flow from the in-group, and the interaction between the in-group and the out-group is negative.
We assume that this negative sentiment is due to the content
of the tragic news.
Conversely, the sentiment that flows from the out-group
to the in-group, and the intra-interactions among in-group
members, are neutral. We assume that although the news
spreading among users is the same, the messages posted
when retweeting the news are different between the in-group
and the out-group, and are less negative for the in-group.

Figure 3: Inter- and Intra- retweet frequency and sentiment between in-group and out-group

DISCUSSION & CONCLUSION
In this paper, we extract ground truth data through the lens
of Twitter, to examine how social distance impacts people’s
response to a tragedy, the sudden passing of a 25-year old Kpop singer. We design a mixed method to process the data,
tracing the retweeting behavior to follow the information
dissemination on Twitter.
Our results show that when discussing the tragedy,
retweeters were the majority of the users. Official accounts
represent an extremely small portion of users, however, they
act as information distributors. They spread news other than
official news, providing attractive narratives or information
for the retweeters.
We then investigate how social distance influences user
activity on the topic on Twitter. We find that national cultural background may not work as a strong indicator of
users’ response towards a tragedy: closer cultural and geographic locations do not attract peoples’ attention significantly longer periods. On the other hand, we find that similar interest is a strong indicator of users’ responses. Considering users in the K-pop community as in-group shows a
significantly longer attention period and frequent tweet behavior on the tragic event. These users act both as information distributors and retweeters during the information
dissemination. This result is consistent with psychological
studies on social distance (Oppenheimer and Olivola 2011;
Huang et al. 2015), which found that people tend to care
more about those who they know well, or whom they can relate to. In this case, members of the K-pop community knew
Sulli better than the other users.
The out-group members are mostly retweeters. At the
same time, a higher frequency of intra-group interaction in
the out-group aligns with previous studies that social distance affects what kinds of information people learn from
other people (Kalkstein et al. 2016).
A slight change (see Figure 3) in sentiment from negative to neutral of the in-group’s intra-group interactions and
the interactions between the in- and out-group shows a certain level of in-group favoritism (Fu et al. 2012; Balliet, Wu,
and De Dreu 2014), too. On the day in which the news of
Sulli’s death was announced, the “Love you Sulli” campaign
was launched on social network platforms. The goal of this
campaign was to post positive content to cover the negative
information about the tragedy, especially reports of Sulli being cyberbullied, recording of Sulli’s live shows under de-

pression, as well as alternative narratives on her death. The
campaign was initiated by Sulli’s fans, and users in the Kpop community, Korean internet users, and other people who
felt empathy towards her heavily participated in it.
Limitations. As all mixed-method approaches, our study
has limitations. We trace the distribution of information on
twitter based on user retweet behavior, which covers 87% of
the tweets of this event. We do not examine the remaining
of the 13% tweets, which may include original opinions that
did not get re-shared by other users. Limited to the tools to
meet language diversity, we do not propose a deeper analysis of the content of the tweets. A further comparison of
the NLP tool’s impact on the result and a methodology bias
should be measured. Different narratives towards the event
should be examined based on the ground truth data provided
by social network platforms.
In future work, we plan to study the similarities and differences between the reaction to Sulli’s death and the one to
other tragic events.
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