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ABSTRACT
Social media has become extremely popular. Every day mil-
lions of users use these services to disseminate breaking news
and to share their opinions, thoughts, and emotions. Busi-
nesses are keen on monitoring people’s perceptions—positive
and negative sentiments—of their brands through social me-
dia. This study focuses on the flow of sentiments in the case
of bad news spreading. By studying the spread of bad news
on Twitter, we focused on the following questions: 1) How
do sentiments propagate? 2) How are they changed?, and
3) What influences them? We analyzed the Domino’s Pizza
crisis in 2009, where bad news spreads rapidly in social me-
dia followed by the official apology by the company. Sen-
timents from a total of 6,339 tweets by 5,201 users related
to the crisis were analyzed using LIWC (Linguistic Inquiry
Word Count). We did not find any statistically meaningful
level of influence of a social link in the sentiments shared
by two connected users. However, the interactions between
Twitter users such as mentions or retweets clearly changes
the sentiments of the users. Future research agenda on sen-
timent analysis in social media are suggested.
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INTRODUCTION
Social media gives a major headache to the corporate world:
an exponential increase of bad news. In the past only elite
journalists produce bad news, and now anyone could pro-
duce them using social media. To manage bad news, com-
panies used to respond to bad news by releasing their po-
sition statement or public apologies via traditional media.
With the changing scenes of “bad news”, however compa-
nies have started to directly respond to public using social
media.
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Domino’s Pizza experienced serious and global damage in
its reputation due to the spread of bad news on the vulgar
YouTube video that was produced by its employees in 2009.
Within two days from the ill-minded employees posting a
video on YouTube, more than half million people watched
it, major news reported the crisis event, and people started
to discuss about it on Twitter. Domino’s Pizza also created
a YouTube video where the global CEO apologized and ex-
plained what happened and what they would do about it.

While companies are interested in how bad news spreads
in social media, their major concerns are on how people’s
feelings propagate and what influences the public’s senti-
ments, as public perceptions impact corporate reputation.
Researchers have paid attention to the sentiment analysis in
various fields. For example, some studies show that Twit-
ter could be used for predicting elections or stock market by
sentiment analysis [9, 3]. Other studies have revealed how
the content of a URL affect to persistence of the news [10].
However, sentiment analysis in bad news spreading has not
been conducted yet. Understanding sentiment dynamics in
spreading bad news is important topic in crisis communica-
tion, as the knowledge can help companies and government
to respond appropriately to bad news in social media.

By conducting an in-depth analysis of sentiments in Twitter
related to the Domino’s Pizza crisis, we attempted to answer
the following three questions:

1. How do sentiments propagate through social networks in
case of corporate bad news?

2. How does the type of user (i.e. isolated or connected user
group) affect sentiment about bad news?

3. Is there any changes in sentiment after users interact with
their friends on online social networks?

METHODOLOGY
On April 13th, 2009, a YouTube video tainted the brand of
Domino’s Pizza, the largest pizza delivery chain. A couple
of employees shot and posted a video that showed vulgar
acts in making Domino’s sub sandwich on YouTube. The
man in the video put some cheese up his nose, nasal mucus
on the sandwiches, and violated other health-code standards
while a fellow employee provided narration [1].

The URL link of this video rapidly spread via online social
media like Twitter after it first appeared on Twitter on April
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Figure 1. The number of tweets per day containing the word “domino” and sentiment

Figure 2. The number of Tweets per hour before CEO apology on YouTube video

13th. And this video had been viewed more than 550,000
times by April 15th, 2009 and prompted angry reactions
among many Domino’s customers and Twitter users. On
April 15th, 2009, the president of Domino’s, Patrick Doyle,
directly apologized on video and uploaded the apology on
YouTube. This video also spread widely within social me-
dia. In other words, this is a special case where a corporate’s
crisis news spread virally through social media—a case sim-
ilar to this crisis will likely occur more frequently in the fu-
ture.

We used a dataset shared in [4] consisting of information
of 54,981,152 users, 1,963,263,821 users’ follow links, and
1,755,925,520 tweets. We dealt with the tweets that men-
tioned the word “domino” for a month period in April 2009.
Figure 1 shows the number of tweets, indicating the dispute
and wide sharing of bad news of Domino’s Pizza and also
depicts changes in twitter user’s positive sentiment and neg-
ative sentiment before the “prank video” spread (April 13th),
on the day of the CEO’s apology on YouTube video (April
15th), and on the days afterwards (April 16th - April 30th).

For detailed analysis of bad news spreading and changes in
sentiment, we focus on a two-day period from April 13th
to 15th. Figure 2 shows the number of tweets and users that
mentioned “domino” before the CEO apologized on YouTube
video. Table1 displays the number of tweets, mentions (in-
cluding replies to other tweets), and retweets(RTs) for this
period.

# users # tweets # mentions # RTs
5,201 6,339 2,691 1,010

Table 1. Summary of data set

SENTIMENT ANALYSIS
We used Linguistic Inquiry and Word Count (LIWC), which
is a text analysis program which has been widely used by
many social media researchers for sentiment analysis. The
LIWC dictionary includes around 4,500 words and word stems.
This program results show the proportion of words that is re-
lated to each category (e.g., affect, cognition) in an input file.
We focused on the psychological process results especially
the affective processes [8].
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(a) Isolated vs Connected user group (b) Frequency of tweets
Figure 3. Number of tweets per user types

RESULTS

Sentiment Analysis by User Types
The most important characteristic of Twitter is that Twit-
ter users are linked to each other based on the feature of
“follow.” In this circumstance, we questioned the sentiment
propagation on social network service users, such as the spread
of happiness and obesity in a large social network [5]. There-
fore we examined the differences in the sentiments by com-
paring the sentiments of tweets generated by users those who
exposed their friends about the Domino’s Pizza case and
those who did not.

In other words, we compared the sentiments of tweets gen-
erated by a isolated and connected user group (Figure 3(a)).

• Isolated user group: users that tweeted independently about
the Domino’s Pizza incident

• Connected user group: users those who are connected to
other users that tweeted about the Domino’s Pizza inci-
dent.

user group # tweets # RTs # mentions
Isolated 2,718 243 684

Connected 2,009 559 535
Total 4,727 802 1,219

Table 2. Summary of tweet type data set

We chose tweet samples from the 23 hour time frame, in-
cluding more than 100 tweets within 48 hours in our data
set. Then we analyzed the sentiment of the tweets in each
time frame. Figure 3(b) displays the number of tweets per
hour within first 48 hours. We compared differences of sen-
timents of the isolated user group and the connected user
group. As shown in Figure 4, overall, Twitter users exhib-
ited more negative sentiment than positive sentiment towards
Domino’s Pizza. Two-sample t-tests were performed, which
showed that there were no significant differences between
isolated user group and connected user group in both posi-
tive sentiment and negative sentiment (p>.05). This obser-
vation indicates that there is no statistically meaningful level
of influence of a social link in the propagation of sentiments
shared by two connected users.
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(a) Positive sentiment (b) Negative sentiment

Figure 4. Sentiment differences by user types

Sentiment Analysis by Tweet Types
Even though Twitter users have limits in expressing their
thought and opinions just using 140 characters for each tweet,
there are tens of millions of tweets every day. Twitter users
can mention other Twitter users and reply to them. People
can mention other users or start conversation directly using
a syntax that just adds “@user” to their tweet. Tweets can
be just user’s statements or forwarded statements posted by
other users, sometimes with additional comments. Retweets
are similar to forward message marked with “RT” followed
by “via @user id” [7]. Retweets play an important role as a
conversation tool and they have a sense of shared conversa-
tional context as well as a information diffusion medium [6].
If a tweet has no reply or a retweet, and if it is just a state-
ment made by user, then we classify it as a singleton tweet.

As mentioned above, there are three types of tweets (retweet,
mention, and singleton). We conduct a tweet type level sen-
timent analysis by comparing the sentiments of singleton,
retweet, and mention tweets. We selected 23-hour window
samples in the same way in the user level sentiment analysis.

Figure 5 shows the differences between each group in pos-
itive and negative sentiments. According to the results of
analysis of variance, the tweets that were retweeted have
more negative sentiment words compared to singleton tweets
(p<.05). This result shows the bad news of some corporate
issue retweeted and spread with more provocative and neg-
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ative words. While retweets have more negative sentiment
words than singleton tweets, mentions have a more positive
sentiment than singleton tweets (p<.05). This result shows
that people used more positive words when they are in con-
versation although the topic is bad news.
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Figure 5. Sentiment differences by tweet types

Sentiment Analysis by Interaction Types
In order to answer the last research question, “Is there any
changes in sentiment after users interact with friends in on-
line social networks?”, we selected the users that posted more
than three and less than five tweets from our data set; and we
classified users according to interaction types (i.e., mention,
retweet, both mention and retweet, and no interaction). For
example, if a user posted four tweets about Domino’s inci-
dent and retweets another user’s tweet between the first tweet
and last tweet, he belongs to retweet interaction group.

Figure 6 shows the sentiment scores (y-axis) of the first tweet
and last tweet for each type (x-axis). We first observe that,
overall users’ negative sentiment decreased regardless of the
interaction type. The sentiment of the users who did not
interact with other users changed less than any other interac-
tion user type. Second, compared to the variations in other
types, the degree of change in the retweet type is very large.
This observation shows that users of the retweet interaction
group have stronger dynamics in sentiment about bad news.
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Figure 6. Sentiment differences by interaction types

CONCLUSION
When bad news spreads, we could not find any statistically
meaningful sentiment influence at the social network level,

that is, between Twitter users and their followers. However,
when Twitter users interact with each other using Retweet
or Mention features, there are significant differences in sen-
timents. People spread bad news using negative sentiment
tweets, and interact with other users using relatively positive
sentiment tweets. We could think of one possible explana-
tion of this result. While people interact with others in social
media, they sent their feelings, and this could reduce nega-
tive sentiments. For example, it is well known in psychology
that people’s anger could be reduced by simply venting their
sentiments.

There are several exciting future research directions. First,
we examined the sentiment analysis on user type level by
dividing users into a connected user group and a isolated
user group solely based on link information. Future senti-
ment analysis could be taken based on more user informa-
tion (e.g., in-degree, out-degree) or network structure.

Second, a comparison of sentiment analysis results from an
automated method and manual coding showed no significant
differences [2]. However, there are some limitations to cap-
turing subtle sentiment propagation between users using an
automated analysis tool since LIWC is based on word count
only. Therefore, a qualitative content analysis of the senti-
ment propagation will be needed. Moreover, we believe the
number of interactions with other users could be an impor-
tant factor to change the user sentiment.

Finally, our investigation focused on one particular case, the
bad news of Domino’s Pizza. Other bad news cases could be
analyzed using the LIWC methods and the research frame-
work this study suggests. Furthermore, one can study the
sentiment changes upon corporate responses. We plan to
investigate the Domino’s official apology via YouTube and
study the effect of apology.
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