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This study investigates the impact of tweets on box office 
revenue. Specifically, the study focuses on the times when 
tweets were written by examining the impact of pre- and 
post-consumption tweets on box office revenue; an 
examination that is based on Expectation Confirmation 
Theory. The study also investigates the impact of intention 
tweets versus subjective tweets and the impact of negative 
tweets on box office revenue. Targeting 120 movies 
released in the US between February and August 2012, 
this study collected tweet information on a daily basis 
from two weeks before the opening until the closing and 
box office revenue information. The results indicate that 
the disconfirmation that occurs in relation to the total 
number of pre-consumption tweets for a movie has a 
negative impact on box office revenue. This premise 
suggests that the formation of higher expectations of a 
movie does not always result in positive results in 
situations where tweets on perceived movie quality after 
watching spread rapidly. This study also reveals that 
intention tweets have stronger effects on box office 
revenue than subjective tweets. 
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I. Introduction 

With the rapid spread of social media, various changes are 
taking place across all sectors of society. To investigate the 
powerful influence of electronic word of mouth (eWOM), we 
conducted a study on the impact of tweets from Twitter — a 
representative social media service. Twitter, an online SNS and 
microblog service, enables users to share tweets that are up to 
140 characters in length. Based on the context of Twitter, 
studies on the impact of tweets have been conducted [1]–[4]. 
However, the scope of published studies on the impact of 
tweets is still broad, and these studies appear relatively 
fragmented.  

The first goal of this study is to investigate the relationship 
between tweets and box office revenue by focusing on the time 
when tweets were written. To perform a more in-depth analysis 
of the impact of tweets on sales, this study considers pre-
consumption tweets (the number of tweets before movie 
release) and post-consumption tweets (the number of tweets 
after movie release) as influential factors on box office revenue 
and investigates the interaction between the two from the 
perspective of Expectation Confirmation Theory (ECT). 
According to [5], expectancy disconfirmation is a factor 
affecting consumer satisfaction levels. In this respect, this study 
focuses on how box office revenue is influenced by the 
difference in tweet volume of tweets containing movie-related 
messages before release and tweets containing movie-related 
messages after release. This study also investigates the impact 
of negative tweets on box office revenue and the moderating 
effect of tweet type (intention tweets versus subjective tweets) 
on the relationship between volume of tweets and box office 
revenue. For this study, we collected daily tweets and box 
office revenue information on 120 films. We also conducted 
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text mining to classify each tweet as either irrelevant, intention, 
positive, neutral, or negative.  

The research domain “movies” was selected for two reasons. 
First, seeing a movie is an experience whereby it is only 
possible to have a limited understanding beforehand of how it 
is going to be prior to making the decision to purchase a ticket 
to see it. This type of experience is an example of an 
“experience good” [6], and in such cases eWOM is considered 
an important prerequisite information source. Second, eWOM 
and revenue information about movies are relatively easy to 
obtain. This is in stark contrast to most other genres, where 
revenues are usually unknown — for example, book sales 
were reversely calculated through sales rankings in a previous 
study [7]. Among various social media, we chose Twitter for 
our analysis for several reasons. First, Twitter is widely used by 
consumers and thus has emerged as a representative of social 
media. Second, before movie releases, more eWOM are 
generated on Twitter than any other social media. 

The findings suggest that the formation of appropriate 
expectations for movies is highly significant. We also find that 
intention tweets have a stronger impact on box office revenue 
than subjective tweets. These findings can contribute toward 
the development of an eWOM management strategy of a 
company. 

The remainder of this paper is organized as follows. Section 
II reviews the theory foundation. Section III presents the 
research model and hypotheses development. Section IV 
describes the research methodology, including data collection 
and text mining. Section V explains the results of the empirical 
analysis from actual tweet data. Finally, section VI discusses 
the results and contributions of the study. 

II. Theoretical Foundation 

1. Impact of Tweets on Product Sales  

Several studies on the impact of eWOM continue to be 
conducted on the various channels of social media [1]–[4], [7]–
[12]. The research on the impact of eWOM in online review 
sites [7]–[11] has been conducted since the very early stages of 
eWOM studies and continues to be so with the appearance of 
new kinds of social media, such as blogs [12] and Twitter [1]–
[4]. In this study, we look at the impact of eWOM on box 
office revenue by utilizing tweets obtained from Twitter, which 
has received much attention due to the increase in the number 
of its subscribers.  

Twitter, an online SNS and microblog service, was launched 
in March 2006. In social media, users can see their connections 
with others or show their social networks to others. Twitter 
enables users to share tweets or microblogging postings that are 

limited to 140 characters in length. In March 2012, Twitter 
reported that its network had 140 million active users and that it 
hosted 340 million tweets a day. 

Recently, several studies have examined the impact of tweets 
from Twitter on box office revenue [1]–[4]. Reference [1] 
predicted opening-week box office revenue by using the tweet 
rate during the pre-release week (the number of tweets 
referring to a particular movie per hour). The study revealed 
that explanatory power is higher when considering sentiments 
presented in such tweets. Reference [3] indicated that the total 
number of such tweets has a positive effect on box office 
revenue. The study suggested that movie-related tweets with 
many followers have a stronger impact on box office revenue. 

2. ECT 

Since its appearance in the early 1970s, ECT has become an 
essential theory for the study of consumer satisfaction and 
dissatisfaction. According to ECT [5], levels of consumer 
satisfaction are affected by expectancy disconfirmation, which 
is measured as the difference between expectation and 
performance. In other words, consumers tend to have 
expectations of a product or service prior to purchasing it and 
later compare the performance of the product or service with 
their expectations after using it. Consumer expectation acts as a 
comparison standard to compare the performance of a 
particular service or product. If the level of expectation before 
consumption is consistent with the perceived performance after 
consumption, consumers are then thought to be satisfied with 
the particular product or service. If the perceived performance 
of a product or service is higher than expected, then positive 
disconfirmation will occur, but if the perceived performance is 
lower than expected, then this results in the formation of 
negative disconfirmation. If the perceived performance is the 
same as expected, consumers form simple confirmation of 
expectation. According to this theory, if expectancy 
confirmation forms, then satisfaction ensues. The causal 
relationship between expectancy disconfirmation and 
satisfaction, as well as the direct effect between expectation and 
satisfaction, appears significant regardless of products, 
situations, or research methods. Figure 1 shows the ECT 
according to [5].  

After [13] investigated the continuous use of online banking 
services, a number of researchers conducted studies on the 
continuous use of information systems (ISs) using ECT [13]–
[19]. In the IS field, ECT is combined with various theories and 
other factors to explain the continuous use of ISs by users. 
Reference [13] examined the continuous use of online banking 
services based on ECT and the Technology Acceptance Model. 
Reference [15] proposed that self-efficacy and confirmation are 
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Fig. 1. Expectation Confirmation Theory. 
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factors contributing to the continuous use of the Internet. 
Reference [16] suggested perceived usefulness, attitude, 
concentration, subjective norm, perceived behavior control, 
and confirmation as explanatory factors that affect the 
consistent use of e-learning. Reference [17] investigated the 
value of including playfulness in ECT in explaining the 
continued use of a website. Reference [18] explored customer 
satisfaction with a website for long-term customer retention in 
e-commerce by using ECT. Reference [19] suggested 
perceived ease of use, perceived usefulness, perceived 
playfulness, confirmation, and satisfaction as explanatory 
variables to explain the consistent use of mobile Internet 
services.  

While various factors are considered from different 
perspectives and research areas, the common finding is that the 
consistent intention to use is determined by the confirmation 
between expectation and personal experience with ISs. In the 
same context, this study verifies the hypothesis that 
confirmation of expectation, which draws from expectation 
(pre-consumption tweets) and perceived performance (post-
consumption tweets), will have a positive impact on box office 
revenue.  

III. Hypotheses Development 

1. Impact of Intention Tweets on Box Office Revenue 

Reference [3] showed that the effect of pre-consumption 
eWOM on box office revenue is actually larger than post-
consumption eWOM. The study claimed that pre-consumption 
eWOM is generally about intentions or plans to purchase a 
product, whereas post-consumption eWOM is usually about 
experience toward a product after consumption.  

Viewers consider subjective tweets as references prior to 
purchase. However, intention tweets express not only the 
purpose of purchase of the writer, but also influence the 
consumption behavior of people who have read such intention 
tweets. Therefore, the current study posits the following 
hypothesis:  

Hypothesis 1. The volume of intention tweets will have a 
stronger impact on box office revenue than subjective tweets.  

2. Impact of Negative Tweets on Box Office Revenue 

Previous studies suggest that eWOM valence, which refers 
to customer opinions (positive or negative) about product 
quality [20], is likely to have an impact on product sales [3], 
[8]–[9], [21]–[22]. Positive eWOM fascinates new consumers 
and thus increases sales, whereas negative eWOM might 
hinder trust in a product that consumers want to purchase [23]–
[24]. Hence, eWOM valence has an effect on sales. Using 
Twitter, [1] and [3] analyzed the impact of eWOM valence on 
product sales. The studies revealed that explanatory power is 
higher when considering sentiments presented in tweets. 
Reference [3] also showed that tweets containing negative 
sentiments about a movie have a negative impact on box office 
revenue. Reference [25] demonstrated that negative eWOM 
more strongly influences product sales than positive eWOM; 
thus, confirming negativity bias. Therefore, this study focused 
on the influence of negative tweets on box office revenue rather 
than that of positive tweets. Therefore, the present study posits 
the following hypothesis:  

Hypothesis 2. The ratio of negative tweets to entire tweets 
will have a negative impact on box office revenue. 

3. Impact of Pre- and Post- Consumption Tweets on Box 
Office Revenue 

Previous studies examined that pre-consumption eWOM has 
a significant impact on opening-week box office revenue [1], 
[9], [22], [26]. Reference [1] revealed that the tweet rate during 
pre-release week (that is, the number of tweets referring to a 
particular movie per hour) could significantly affect the 
opening-week box office revenue. Reference [9] presented a 
model to predict opening-week box office revenue based on 
online reviews. Reference [26] revealed that a three-week pre-
release Internet buzz, such as trailer views, message board 
comments, and votes of desire, has a significant impact on the 
opening-week box office revenue. Hence, the current study 
posits the following hypothesis: 

Hypothesis 3. The volume of pre-consumption tweets will 
have a positive impact on opening-week box office revenue. 

Several studies suggested that eWOM regarding experiences 
with purchased products or services has a significant impact on 
product or service sales [1], [3], [7]–[8], [10]–[12], [26]. 
Reference [7] revealed that the number of consumer reviews 
has a significant positive impact on sales. Reference [8] 
examined the impact of online reviews on book sales from the 
biggest book retailer sites, such as Amazon.com and 
Barnesandnoble.com. They found that the eWOM volume had 
an impact on marketability and ranking in both book-selling 
sites. Reference [10] reported that volumes of online reviews 
can have significant explanatory power on box office revenue. 
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Reference [12] cited a causal connection between the number 
of blogs and box office revenue. Reference [3] noted that the 
number of tweets has a positive effect on box office revenue. 
Therefore, the present study posits the following hypothesis: 

Hypothesis 4. The volume of post-consumption tweets will 
have a positive impact on box office revenue after opening 
week. 

 As mentioned previously, the present study will verify the 
hypothesis that disconfirmation of expectancy, which is 
measured as the difference in pre- and post-consumption tweet 
volume, affects box office revenue according to ECT. The 
foundation of this theoretical framework is the ECT put 
forward by [5]. The current study proposes the following 
research model: expectation and expectancy disconfirmation, 
which is drawn from expectation and perceived quality, affect 
box office revenue. 

Reference [5] stated that the difference in the score between 
pre- and post-purchase attitudes is significantly related to post-
exposure satisfaction. In the online review context, [27] 
revealed that eWOM arising from expectation-performance 
disconfirmation has an impact on box office revenue. The 
study used pre- and post-consumption evaluations posted on 
Korean movie sites as measures of movie expectation and 
movie quality, respectively. Therefore, the current study 
hypothesizes that expectancy disconfirmation (that is, the 
difference in pre- and post-consumption tweet volume) is 
negatively related to box office revenue. Thus, this study posits 
the following hypothesis:  

Hypothesis 5. Expectancy disconfirmation (that is, the 
difference in pre- and post-consumption tweet volume) will 
have a negative impact on box office revenue. 

IV. Research Methodology 

1. Data Collection 

This study collected tweet and box office revenue 
information on 120 films, released in the US between February  
and August 2012, as daily panel data (weekly sales 
information). Data collection began two weeks before and 
continued up until the end of the movie release period. 
Following [3], the present study used the open application 
programming interface of Twitter to develop a program to 
collect daily tweets and user information for the target movies. 
Previous research used data from Twitter to investigate the 
impact of eWOM on box office revenue [1], [3]. Figure 2 
shows a screenshot of Twitter search results. Table 1 presents 
data obtained from Twitter. 

Previous studies used data from BoxOfficeMojo.com to 
investigate the impact of eWOM on box office revenue [1], [3], 

 

Fig. 2. Screenshot of Twitter search results. 

 

Table 1. Data obtained from Twitter. 

Data collected Definition Instrumentation 

Movie level Volume 
Number of tweets per 

day for a movie 
Numerical value 

(scale) 

Contents Contents of tweet 
Textual 

description 
Tweet level

Date 
Date when tweet    

was written 
Numerical value 

(scale) 

User level 
Follower 
number 

Number of followers 
Numerical value 

(scale) 

 

 
[9]–[10], [12]. The current study also collected data on film-
specific weekly revenue, genre, MPAA rating, and the presence 
of a sequel from BoxOfficeMojo.com. 

For this study, the independent variables are tweet volume 
and valence information. Tweet volume represents all tweet 
messages and retweeted messages that contained a keyword, or 
more than one keyword, relating to a movie’s title. The control 
variables are general movie characteristics, such as genre, 
MPAA rating, and the presence of a sequel. Reference [9] 
analyzed studies to summarize factors affecting box office 
revenue — namely, star power, movie genre, MPAA ratings, 
media advertising, timing of release, and professional critic 
reviews. Reference [22] considered movie genre, the number 
of screens, and MPAA rating as the factors that affect box 
office revenue. Reference [28] considered movie genre, sequel, 
MPAA ratings, running time, and production time as the factors 
that affect box office revenue. Therefore, the present study  
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Table 2. Variables used in research model. 

Variables Data source Definition 

Independent 
variables 

Weekly tweet 
number 

Twitter 

Number of tweets per week 
for a movie 

(intention/positive/neutral/

negative/total tweet number)

Genre Genre of a movie 

MPAA rating MPAA rating of a movieControl 
variables 

Sequel 

BoxOfficeMojo 
Whether or not a movie is 

part of a series 

Dependent 
variables 

Weekly 
revenue 

BoxOfficeMojo 
Weekly box office revenue 

for a movie in US ($) 

 

 
considered movie genre, MPAA ratings, and sequel as control 
variables. Dependent variables include weekly box office 
revenue. Table 2 presents the variables used in this study.  

2. Text Mining for Tweet Analysis 

A tweet contains various kinds of writings but does not offer 
valence information as a numerical value. Hence, we 
constructed irrelevant, intention, and sentiment classifiers by 
using text mining. Based on these criterions, five further 
classifications of tweets were made — namely, irrelevant, 
intention, positive, neutral, and negative [3]. In this analysis, 
irrelevant tweets represent tweets that contain keywords of 
movie titles but are not relevant to those movies. Intention 
tweets are tweet messages that include a user’s intention to go 
to the movie mentioned in the tweet. In addition, we classify 
positive tweets to be where a user evaluates one of the target 
movies as satisfactory, and vice versa for negative tweets. 
Finally, we classified neutral tweets to be messages containing 
either URLs or objective opinions of users that related to the 
target movies. Text mining primarily utilizes lexicons to extract 
manually the features from tweets and secondarily uses a 
Naïve Bayesian model. In terms of a tweet composed of 140 
characters, a classification that only uses a Naïve Bayesian 
model is less accurate; thus, hybrid text mining (lexicon-based 
approach + Naïve Bayesian model) is used in the study. For 
this, we made several lexicons (lexicons for stop/relevant 
/irrelevant/non-intention/intention/neutral/negative/positive words) 
for the movie domain. 

Naïve Bayesian classifier refers to a simple probabilistic 
classifier based on applying Bayes’ theorem with strong (naïve) 
independence assumptions [29]. This is a methodology for 
assigning a certain document to a particular category based on 
the document’s features.  

    
( ) ( | )

( | ) .
( )

P F P F C
P C F

P C


            (1) 

In (1), F represents a feature of a document and C represents 
a class that belongs to a category. The probability of belonging 
to a particular class C given the existence of a particular feature 
F is represented by P(C|F). Therefore, P(C|F) is the value to be 
found through a Naïve Bayesian model using (1).  

In this study, the order of text mining to classify tweets is 
as follows. Figure 3 represents the classifiers made for this 
study.  

a. Filtering 

① Unnecessary words are removed utilizing lexicons for 

stop words1) [30]. 

② Keywords of movie titles are replaced with a “query 

term.” 
b. Irrelevant classifier  

① Relevant tweets are classified utilizing lexicons for 

relevant words. 

② Irrelevant tweets are classified utilizing lexicons for 

irrelevant words. 

③ Among the remaining sets, excluding the tweets fixed in 

b.-① and b.-②, relevant tweets and irrelevant tweets are 

classified utilizing a Naïve Bayesian model. 
c. Intention classifier  

① The sets classified as relevant tweets are classified 

through b. 

② Non-intention tweets are classified utilizing lexicons for 

non-intention words. 

③ Intention tweets are classified utilizing lexicons for 

intention words. 

④ Among the remaining sets, excluding the tweets fixed in 

c.-② and c.-③, intention and non-intention tweets are 

classified utilizing a Naïve Bayesian model. 

  
 

Fig. 3. Tweet classifiers. 

Tweets 

Relevant tweets 

Irrelevant tweets 
Irrelevant 
classifier 

Intention tweets 

Intention 
classifier 

Positive tweets Neutral tweets Negative tweets 

Sentiment 
classifier 

 
                                                               

1) Stop words are words that are filtered out prior to text mining (ex. the, is, at etc.) 
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Fig. 4. Manual classification of tweets.  
 

Table 3. Accuracy of tweet classifiers. 

Classifier Accuracy (%) 

Irrelevant classifier 96 

Intention classifier 86 

Positive 84 

Neutral 73 Sentiment classifier 

Negative 89 

 

 
 d. Sentiment classifier  
① The sets classified as non-intention tweets are classified 

through c. 
② Neutral tweets are classified utilizing lexicons for neutral 

words. 
③ Negative tweets are classified utilizing lexicons for 

negative words. 
④ Positive tweets are classified utilizing lexicons for 

positive words. 
⑤ Among the remaining sets — excluding the tweets fixed 

in d.-②, d.-③, and d.-④ — positive, neutral, and 
negative tweets, are respectively classified utilizing a 
Naïve Bayesian model. 

To test the classifier accuracy, 2,000 movie tweets were 
manually classified into irrelevant, intention, positive, neutral, 

and negative. Amazon Mechanical Turk is utilized for manual 
labeling (see Fig. 4). Two native speakers performed cross 
checking; only cases in which identical classification occurs are 
utilized for manual labeling data. Among these data, 1,700 
movie tweets were used for training and of these only 300 were 
used for accuracy testing.  

Results of the automated program used to classify all tweets 
suggested that the irrelevant classifier showed 96% accuracy, 
the intention classifier 86% accuracy, the positive tweets 84% 
accuracy, the neutral tweets 73% accuracy, and the negative 
tweets 89% accuracy (see Table 3).  
 
V. Results 

1. Descriptive Statistics 

Figure 5 shows the average tweet volume trend of the 120 
target movies used in this study. On average, the first week of 
film release shows the largest number of tweets; then the 
number of tweets tends to decline after film release.  

Figure 6 shows the percentage of intention, positive, neutral,  
 

 

Fig. 5. Average tweet volume of all 120 target movies. 
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Fig. 6. Percentage of all tweets by type. 
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Table 4. Number of daily tweets and average audience size per tweet.

 
Intention 

tweet 
Positive 
tweet 

Neutral  
tweet 

Negative 
tweet 

No. of daily tweets 308 1,126 577 146 

Avg. audience size 
per tweet 

560 692 3,293 683 

 

 

 

Fig. 7. Weekly proportions of tweet types. 
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and negative tweets of the entire film-related data. Positive 
tweets comprised 52% of all tweets, negative tweets 7%, 
intention tweets 14%, and neutral tweets 27%. 

Each film had a daily average of 2,157 related tweets. 
Among these, 1,126 were positive, 146 were negative, and 308 
were intention tweets (see Table 4). Based on the size of the 
audience per tweet, an average of 3,293 individuals per neutral 
tweet was found to be the highest audience-per-tweet rate 
among all types (see Table 4). The size of the audience is the 
number of followers of users who wrote the tweets. 

Figure 7 presents the weekly proportions of the tweet types: 
intention, positive, neutral, and negative. Before film release, 
intention tweets accounted for a significant proportion, but then 
this proportion gradually decreases after film release. 
Meanwhile, subjective tweets (positive tweets + negative 
tweets) tended to increase gradually after film release. 

2. Impact of Intention Tweets on Box Office Revenue 

To investigate the tweet type that was the most influential on 
box office revenue (that is, intention tweet or subjective tweet), 
Least Squares Dummy Variable (LSDV) analysis is performed. 
Consequently, intention tweets are found to be statistically 
more influential on the weekly box office revenue than 
subjective tweets, which supported Hypothesis 1 (see Table 5).  

3. Impact of Negative Tweets on Box Office Revenue   

Each of the 120 films studied received on average a negative  

Table 5. Impact of intention and subjective tweets. 

Intention tweets Subjective tweets 
 

Coefficient Standard error Coefficient Standard error

Weekly tweett-1 589.83*** 24.38 194.92*** 10.23 

(Constant) 1819022*** 396545.8 1259564*** 443687.7 

R2 0.4788 0.3911 

N 1067 1067 

Chin’s 

T-value 
14.95 

Note: *p < 0.05, **p < 0.01, and *** p < 0.001. 
Dependent variable: weekly box office revenue.  

 

Table 6. Impact of negative tweets. 

 Coefficient 

Weekly proportion of 

negative tweetst-1 
–4.28e + 07** 

(Constant) 6494042*** 

R2 0.1669 

N 1,067 
Note: *p < 0.05, **p < 0.01, and ***p < 0.001. 
Dependent variable: weekly box office revenue.  
 

 
tweet proportion of 4.3%. To investigate the impact of negative 
tweets on box office revenue, LSDV analysis was conducted. 
Consequently, we can conclude that box office revenue 
decreased by $42.8 million for every 1% increase in the 
proportion of negative tweets. This result supported Hypothesis 
2 (see Table 6).  

4. Impact of Pre-consumption Tweets on Opening-Week 
Revenue 

To verify Hypothesis 3, we tested the impact of pre-
consumption tweets on opening-week revenue by using 
hierarchical regression analysis. Hierarchical regression 
analysis is a type of multiple regression analysis that is used to 
analyze the comparative impact of a certain independent 
variable in which a researcher has interest. Table 7 presents the 
analysis results for verifying Hypothesis 3. In Model 1, we 
considered the control variables to be: the presence of a series, 
MPAA ratings, and movie genre. Consequently, presence of a 
series and movie genre (for example, action and adventure) 
appears to have an impact on box office revenue during 
opening week. In Model 2, weekly tweet volume, a week 
before film release, was entered as an independent variable. As 
a result, weekly tweet volume before film release had a 
significant positive impact on opening-week revenue (that is, 
Hypothesis 3 is supported). Moreover, even when movie  
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Table 7. Impact of pre-consumption tweets. 

Model 1  Model 2  
Independent variable 

Coefficient Coefficient 

Series  4.63e+07*** 3.18e+07*** 

R & NC_7  5579749 –1226424 

PG_13  1.08e+07 3776571 

Science fiction  1.20e+07 9899739 

Kid  2.87e+07 3.00e+07** 

Thriller  1738099 1854565 

Comedy  5633351 3163018 

Drama  –786277.9 1984299 

Action/adventure  6.87e+07*** 2.15e+0* 

Weekly tweett-1   293.1775*** 

R2  0.484 0.845 

R2 change  0.484*** 0.361*** 

N  120 108 
Note: *p < 0.05, **p < 0.01, and ***p < 0.001. 
Dependent variable: opening-week box office revenue. 

Table 8. Impact of post-consumption tweets. 

Independent variable  Coefficient 

Weekly tweett-1 120.5423 *** 

R2 0.6056 

N 959 
Note: *p < 0.05, **p < 0.01, ***p < 0.001, and FE2SLS.  
Dependent variable: weekly box office revenue. 

 
characteristics, such as movie genre, MPAA ratings, and the 
presence of a series, are considered, the explanatory power is 
84.5%. 

5. Impact of Post-Consumption Tweets on Box Office 
Revenue 

To verify Hypothesis 4, we verified the impact of post-
consumption tweets on box office revenue after the second 
week (see Table 8). Panel data analysis is utilized; thus, 
idiosyncratic characteristics associated with each movie were 
not considered separately. To verify the impact of tweets on 
box office revenue, a one-week lagged tweet volume is 
considered as an independent variable. According to the 
analysis, the impact of post-consumption tweets on box office 
revenue after the second week was significantly positive (that 
is, Hypothesis 4 is supported). 

6. Impact of Expectancy Disconfirmation 

To verify Hypothesis 5, we performed hierarchical  

Table 9. Impact of expectancy disconfirmation. 

Model 1 Model 2 Model 3 
Independent 

variable Standardized 
coefficient 

Standardized 
coefficient 

Standardized 
coefficient 

Series  1.079*** 0.770*** 0.716** 

R & NC_7  0.082 –0.040 –0.018 

PG_13  0.261 0.104 0.095 

Science fiction 0.227 0.174 0.160 

Kid  0.964* 0.881*** 0.872*** 

Thriller  0.024 0.004 –0.008 

Comedy  0.101 0.094 0.110 

Drama  0.017 0.074 0.070 

Action/adventure 1.642*** 0.566* 0.543* 

Pre-consumption 
tweets  

 0.634*** 0.781*** 

Disconfirmation 

of expectation 
  –0.720*** 

R2  0.518 0.827 0.840 

R2 increase  0.518*** 0.308*** 0.013*** 

N  109 108 108 

Note: *p < 0.05, **p < 0.01, and ***p < 0.001. 
Dependent variable: total box office revenue. 
VIF (variance inflation factor) = 2.28. 

 

 
regression analysis with total box office revenue as the 
dependent variable. The presence of a movie series, MPAA 
ratings, and genre were the control variables. The pre-
consumption tweets and the difference between pre- and post-
consumption tweets were the independent variables. For the 
analysis in this study, pre-consumption tweets pertained to the 
number of weekly tweets one week before film release. Post-
consumption tweets denoted the number of average weekly 
tweets for five weeks after film release. When these variables 
were considered as independent variables, standardization 
values were used for analysis because direct comparisons 
between the number of pre- and post-consumption tweets were 
unreasonable.  

Table 9 presents the analysis results of the hierarchical 
regression model for verifying Hypothesis 5. In Model 1, the 
variables relating to movie characteristic were included as 
control variables. From this model, we concluded that films 
belonging to either a series or to the action/adventure-for-kids 
genre had a positive impact on box office revenue. In Model 2, 
we added pre-consumption tweets as an independent variable. 
As a result of the analysis, the pre-consumption tweets were 
found to have a positive impact on box office revenue. In 
Model 3, the difference in pre- and post-consumption tweet 
volume was added as an independent variable. The results 
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showed that this difference was found to have a negative 
impact on box office revenue. This finding supported 
Hypothesis 5. Therefore, the greater the difference in pre- and 
post-consumption tweet volume, the lower the box office 
revenue.  

VI. Conclusion 

Initially, this study looked at the impact of the volume of 
tweets both before and after film release on box office revenue. 
As a result of our analysis, we found that box office revenue is 
proportional to the total volume of tweets. This study also 
indicated that the impact of expectancy disconfirmation 
(measured as the difference in pre- and post-consumption tweet 
volume) was negative in relation to box office revenue. The 
findings are expected to provide some suggestions on the time-
periodic management of tweets for interested parties wishing to 
maximize product sales. For example, implications that the 
strategic management of tweets is not always the best way to 
increase the expectations of a specific movie have emerged. 
Conversely, the strategy of maximizing revenue by lowering 
expectations of a movie is also perhaps inappropriate and can 
lead to lost opportunities to increase revenue, as it is difficult to 
induce a willingness to see a movie into an audience once it has 
been released. In other words, forming appropriate 
expectations for a movie is highly significant. 

We also analyzed the difference in the impact on box office 
revenue of the volume of subjective tweets versus the volume 
of intention tweets. The result revealed that the impact of 
intention tweets on box office revenue was three times more 
than that of subjective tweets. Furthermore, in terms of valence, 
the higher the proportion of negative tweets, the more this 
reduced box office revenue. 

The contributions of our study are multifaceted. First, the 
study contributes to research methodology through its unique 
use of tweet classifiers within the movie domain. For this 
analysis, we made the tweet classifiers — irrelevant classifier, 
intention classifier, and sentiment classifier. We could analyze 
the effect of tweets on box office revenue by obtaining 
information on the contents of tweets as quantified variables 
through this process. Second, the study contributes to real-life 
practices. Based on ECT, this study shows that the expectancy 
disconfirmation (measured as the difference in pre- and post-
consumption tweet volume) of a movie has a negative impact 
upon its sales. This finding may eventually help to recognize 
strategic directions for corporate management of tweets.  
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