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ABSTRACT 

Recently, social media content has gained popularity as a viable resource for gauging consumers‟ intention to buy 

goods and services. For example, Twitter has been used with promising results by many researchers for predicting 

box-office returns for motion pictures. Alternatively and for many years, purchase intention (a type of behavioral 

intention (BI)) has been used for predicting likely levels of demand for new products, successfully measured through 

traditional surveying methods. This paper investigates how use of social media compares with the traditional 

surveying tools. Specifically, tweets about the movie are collected during the same period as surveys regarding 

intention to see a movie are administered. Traditional BI measures are compared with various measures of tweeting 

activity to gauge how well each correlates with domestic and international performance of a movie. The results 

show that the two methods are very comparable.  The results also demonstrate that the rate and length of tweets are 

good predictors of a movie‟s long-term success.   

Keywords: Movies, Box-office forecasting, Social media, Survey methods, Prediction, Sentiment analysis, Natural 

language processing 
 

1.  INTRODUCTION 

The motion picture industry in the United States generates over US$12bn annually. The revenue per movie, however, varies 

significantly from one movie to another. Given the high production and marketing costs along with the considerable 

variance in the success rate of movies, forecasting box-office revenue as a means to mitigate the risk has gained popularity 

in recent years. Risk mitigation pertains to both strategic and tactical decisions in motion picture production, distribution and 

exhibition [1-3].  For example, on the basis of reasonably accurate forecasts, studio executives could divert marketing 

resources from a film that forecasts clearly indicate will be a „turkey‟ toward those films that forecasts indicate to be more 

promising.  

Traditionally, expert knowledge and manual surveying tools were the only means for mitigating such risks. Today, 

however, researchers and practitioners are leveraging the large volumes of readily available soft data and advanced 

techniques in data analysis to predict the initial sales of various products and services including movies. 

Behavioral intention (BI) is a type of belief that indicates an individual‟s subjective probability that he/she will perform a 

certain behavior [4].  Consumers‟ self-reported intentions are very often used in both commercial and academic marketing 

research because they represent easily obtainable predictors of behavior. One particular type of BI is purchase intention. 

Companies often use purchase intention as part of the new product development process in order to predict likely levels of 

demand for new products [5].  It has been estimated by large marketing research firms that somewhere in the range of 70–

90% of their clients use purchase intention measures on a regular basis [6]. 
 

The BI construct represents the conative component of the tripartite theory of attitude, which also includes cognitive and 

affective components [7].  A main hypothesis of this theory is that an individual will tend to try to maintain consistency 

among the three components. Thus, intentions to engage in a certain action will tend to be greater for an object toward 

which an individual has favourable beliefs and feelings. BI is also a key component in the theory of reasoned action [8].  

Here, BIs are a function of an individual‟s attitude toward and normative (social) influences on the performance of an 

action. 

BI, however, is not a perfect predictor of specific behavior. In Sheppard et al.‟s [9] meta-analysis, revealed an average 

correlation between BI and 87 associated behaviors of 0.53.  Indeed, several factors can reduce the predictive validity of 

measures on BI. These include the level of specificity of the target behavior, the distance in time between when the measure 

is taken and the behavior to be performed, and the degree of volitional control the individual has with respect to performing 

the behavior. Measures of BI tend to be more reliable when the target behavior is more specifically defined, when the time 
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between the measurement and the behavior is shorter, and when the individual has more volitional control. Despite these 

limitations, marketing researchers believe that BI is still the best single predictor of an individual‟s behavior [4].
  
 

Social media channels, such as Facebook, Twitter, Linkedin, Pinterest, Google+, Instagram, Snapchat and MySpace, have 

transformed public discourse in ways not imagined just a few years ago. The volume and rate of exchange of such discourse 

has created opportunity to utilise these readily available data sources for predicting outcomes. One of the most popular 

social media channels is Twitter, the microblogging social network through which one can read and send short text 

messages of up to 140 characters, known as „tweets‟. Tweets composed by one user can be viewed by any number of that 

person‟s „followers‟. With its 288 million users generating 500 million tweets a day Twitter provides a rich bank of soft data 

[10].  Users of Twitter convey their opinions, feelings, views and general thoughts about many topics including products 

and services. These tweets are available for download via a continuous data stream through Twitter‟s application 

programming interfaces (APIs). As a result, Twitter has gained popularity among researchers and practitioners as a viable 

data source for forecasting and predicting many events. The fundamental hypothesis is that the information content of the 

tweets combined with their volume, location and timing can be used to predict the likelihood and magnitude of future 

events. 

Numerous studies have shown that tweets can be used to predict such diverse large-scale events as market movements [11-

14], earthquakes [15], election results [16-20], infectious disease outbreaks [16, 21-23], and national revolutions [24, 25].  

Many recent studies have examined the mining of tweets to predict box-office returns [26, 27]. Others have combined 

features extracted from multiple social media channels, including Twitter and YouTube, to improve the results [28].  These 

works generally investigate the revenue generated by a newly-released movie as it compares with the volume and content of 

the tweets about that movie. For example, Asur and Huberman [26]  used 2.89 million tweets referring to 24 different 

movies released over a period of three months, to investigate if they could accurately predict the box-office revenue 

generated by the movie in its opening weekend.  They demonstrated that the rate at which tweets are created and the rate of 

positive sentiment over the rate of negative sentiment about a movie outperformed market predictors. Their results show 

that the rate of tweets per day could explain nearly 80 per cent of the variance in movie revenue prediction. Likewise, Jain 

[27] used sentiment analysis of tweets to predict a movie‟s success in generating box-office revenue.  He manually labelled 

tweets to create a training set, and trained a classifier to classify the tweets into positive, negative, neutral and irrelevant 

sentiments. Based upon the level of each of these, he predicted likely box-office success by classifying each movie as „hit‟, 

„flop‟ or „average.‟  Singh et al. [29] demonstrated further improvements with respect to predicting movie success by 

exploring the use of „Adverb+Verb‟ and „Adverb+Adjective‟, and proposed a feature-based heuristic scheme. Oghina et al. 

[28] combined statistics extracted from Twitter data with statistics such as views, number of comments, number of 

favourites and number of likes/dislikes from the trailer clip on YouTube. They showed that the fraction of the number of 

likes and dislikes on YouTube, combined with textual features from Twitter, led to the best performing model, with strong 

agreement with the observed ratings and high predictive performance. 

Najafi and Miller [30] recently compared the traditional method of predicting the opening-night box-office returns with a 

tweet-based approach.  They showed, on a short term basis, the social media approach performs similarly to the traditional 

surveying techniques. The research presented here further compares the two methods in terms of their ability to predict 

long-term success of a movie. Specifically, it will compare the results of a standard survey approach employing standard 

measures of BI with analysis of various measures of Twitter activity for a sample of 28 movies released in US movie 

theatres from early July to mid-October 2014. The predictive validity of these alternatives will be assessed by comparing the 

strength of their relative correlations with domestic and international gross income for each movie.  Using a similar 

approach as Jain [27], success of each movie will also be correlated with the survey results and various measures of 

tweeting activity.   

The Najafi and Miller [30] study dealt with short-term BI and opening night box office results using a sample composed of 

movie goers from the United States.  This approach is consistent with one of the limitations (cited above) of using BI to 

predict behavior; which is that the measure be taken shortly in advance of the corresponding behavior.  However, we would 

like to test this assumption by seeing how short-term BI may be associated with long-term financial results for films.  Also 

we wish to test whether such BI measures are associated with worldwide box office results for the films.  If short-term BI 

and social media activity point to a film‟s financial success, its success, in turn as implied by Diffusion of Innovations 

Theory, is likely to generate further favourable word-of-mouth communications directly between consumers as well as 

traditional and social media [2].  The Internet-based word-of-mouth, especially via social media can travel virally and 

globally.      
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2.   METHOD 

2.1. Sample of Motion Pictures 

The sample of motion pictures scheduled for release between July and mid-October 2014 was taken from the listings 

available at Comingsoon.net (http://www.comingsoon.net/movies) and comprised genres designated for wide audiences 

(drama, comedy, action/adventure, etc.) and wide release in terms of the number of movie theatres. Animated films and 

those targeted at children were excluded from the sample. One film in the original sample was dropped because of technical 

problems with the tweet collector. Another was dropped because its survey was launched on the wrong date. Seven others 

were dropped because low levels of awareness led to sample sizes too small for a stable BI measure. Domestic and 

worldwide gross and net box-office receipts along with the corresponding production budget were used as measures for 

gaging the success of a movie. Specifically, a movie was marked as a “hit”, if its net revenue was over 20 Million US dollar, 

and “bust” otherwise.  The resulting sample included the 28 films are shown in Table 1. 

 

2.2 Survey 

 
2.2.1. Sample of Consumers 

Research has revealed that moviegoer audiences tend to be evenly divided by gender but are somewhat skewed toward 

individuals with higher household incomes, and levels of education. Audiences are also skewed toward younger 

demographic segments. The heaviest segments include ages 12–17, 18–24, 25–34 and 35–44 [31].  Research has further 

indicated that many adult consumers engaged in social media and a common topic of their postings includes information 

about coming and recently released motion pictures [32]. 

 

2.2.2. Data Collection 

Awareness and BI measures were collected via Survey Monkey (www.surveymonkey.com/). This service was chosen 

because it employs a host of consumer panels that can be tailored along demographic lines. Thus, it was possible to 

designate an age range of 18–40 for each film samples. Each survey was released 48–72 hours before the scheduled release 

(Central Standard Time). All responses were received within 24 hours of the release of each survey. In advance of the BI 

measure, respondents were asked to indicate whether they were aware of the coming release of a film. This item, used as a 

screener, was measured using simple dichotomous (yes/no) items. Respondents were asked, „This Friday a new movie 

entitled [title of film], an [genre of film] starring [leading actors], will be released into theaters. Were you aware of the 

coming release of this movie before now?‟ Those who indicated awareness were sent to the BI items. 

 

2.2.3. BI Measures 

The marketing literature contains a wide array of validated scales designed to measure BI. The BI scales chosen for this 

study were the measures reviewed by Bruner and his colleagues [33-36].  Specifically, five seven-point semantic differential 

items were selected that seemed to possess adequate face validity for pretesting purposes. These items included 

probable/improbable; very unlikely/very likely; certainly not/certainly; yes, definitely/no, definitely not; and no chance/sure 

to go. The first four scales have been most commonly applied as purchase intention measures. However, they are general 

enough to be applied to other behaviors as well [33].  Additionally, one might argue that movie attendance, in a sense, is a 

type of purchase intention. The fifth item was used to measure intention of visiting a place so is applicable to the task at 

hand [37]. 

 

These five items were next subjected to pretest with a sample of 63 university students across a set of three films („Draft 

Day‟, „Oculus‟ and „Rio 3‟) set for theatrical release in April 2014. Analysis indicated a very high level of reliability for the 

set of five items (Chronbach‟s alpha = 0.98). Although all five items exhibited very high item-to-total correlation (>0.90), 

financial restraints made it necessary to reduce the set of scales for the main online data collection phase to three. On the 

basis of judgment, it was decided to retain: probable/improbable; certainly not/certainly; and sure to go/no chance. In the 

main data collection phase across 1,098 respondents, these three items exhibited very high reliability (alpha = 0.90). 

 

 

 

 

 

 

http://www.comingsoon.net/movies
http://www.surveymonkey.com/
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Table 1: Motion pictures and their corresponding box-office returns and BI scores 

Release 
Date USA Title BI 

Production 
Budget  

($ million) 

 
Domestic  

Gross 
Revenue 
($million)  

 Domestic 
Net 

Revenue 
($ million)  

Hit/Bust 
Domestic 

Worldwide 
Gross 

Revenue 
($ million) 

Worldwide 
Net 

Revenue 
($ million) 

Hit/Bust  
Worldwide 

2-Jul Deliver Us from Evil 4.58 30.00 30.58 0.58 Bust 87.96 57.96 Hit 

2-Jul Tammy 4.91 20.00 84.53 64.53 Hit 92.03 72.03 Hit 

11-Jul 
Dawn of the Planet 
of the Apes 5.19 170.00 208.55 38.55 Hit 703.55 533.55 Hit 

18-Jul Sex Tape 5.62 40.00 38.54 -1.46 Bust 126.07 86.07 Hit 

18-Jul The Purge Anarchy 7.83 9.00 71.56 62.56 Hit 111.53 102.53 Hit 

25-Jul Lucy 7.07 40.00 126.57 86.57 Hit 450.57 410.57 Hit 

1-Aug Get on Up 5.07 30.00 30.57 0.57 Bust 33.32 3.32 Bust 

1-Aug 
Guardians of the 
Galaxy 8.6 170.00 333.17 163.17 Hit 771.17 601.17 Hit 

8-Aug 
The Hundred Foot 
Journey 5.24 22.00 54.24 32.24 Hit 71.64 49.64 Hit 

8-Aug Step Up All In 4.58 23.00 14.9 -8.1 Bust 77.8 54.8 Hit 

8-Aug Into the Storm 5.93 50.00 47.6 -2.4 Bust 156.6 106.6 Hit 

8-Aug 
Teenage Mutant 
Ninja Turtles 5.95 125.00 191.2 66.2 Hit 485 360 Hit 

13-Aug Let's Be Cops 5.36 17.00 82.39 65.39 Hit 136.89 119.89 Hit 

15-Aug The Expendables 3 6.4 100.00 39.32 -60.68 Bust 209.46 109.46 Hit 

15-Aug The Giver 7.47 25.00 45.09 20.09 Hit 55.09 30.09 Hit 

22-Aug Sin City 6.16 65.00 13.76 -51.24 Bust 39.5 -25.5 Bust 

22-Aug If I Stay 5.27 11.00 50.47 39.47 Hit 75.37 64.37 Hit 

27-Aug The November Man 5.59 15.00 25.02 10.02 Bust 34.82 19.82 Bust 

29-Aug As Above So Below 5.61 5.00 21.22 16.22 Bust 41.8 36.8 Hit 

12-Sep Dolphin Tale 2 5.92 36.00 42.02 6.02 Bust 45.12 9.12 Bust 

19-Sep 
A Walk Among the 
Tombstones 7.19 28.00 26.02 -1.98 Bust 42.52 14.52 Bust 

19-Sep 
This is Where I 
Leave You 5.98 20.00 34.3 14.3 Bust 34.3 14.3 Bust 

19-Sep The Maze Runner 9.2 34.00 102.43 68.43 Hit 345.53 311.53 Hit 

26-Sep The Equalizer 5.38 55.00 101.53 46.53 Hit 192.17 137.17 Hit 

3-Oct Left Behind 5.04 16.00 14.02 -1.98 Bust 14.02 -1.98 Bust 

3-Oct Gone Girl 6.24 61.00 167.77 106.77 Hit 368.57 307.57 Hit 

10-Oct The Judge 4.88 50.00 47.12 -2.88 Bust 76.12 26.12 Hit 

17-Oct Fury 6.18 80.00 85.76 5.76 Bust 211.76 131.76 Hit 

 

2.3. Analysis of Twitter Content 

 
2.3.1. Sample 

The timing of the collection of tweets was aligned with the release date of each film.  Tweets about each movie were 

collected for a period of approximately 24 hours. Thus, survey and tweet data were gathered during roughly equivalent 

periods of time. Each tweet was then cleaned and analysed for its information content. The information content of each 

tweet was represented by a tweet feature vector. The feature vectors produced in this manner were then aggregated to reveal 

the BI of the tweeting population about the corresponding movie. In this manner, each movie is represented by an aggregate 

movie feature vector. Figure 1 provides an overview of this process. Details of the process are described next. 
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Figure 1: Overview of movie tweet analysis process 

 

 

 

Figure 2: Example of a tweet retrieved through the Twitter API and its common elements 

 

2.3.2. Tweet Processing 

Analysis of sentiments using natural language processing has been explored by researchers at many levels for many 

different types of document [38-42].  However, given the limited length of tweets and their informal and acronym-filled 

nature, analysing them for sentiment is a challenging problem. Figure 2 provides an example of a tweet retrieved from the 

Twitter API and its common structures. One can easily detect the informal nature of the language and the use of internet 
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slang such as web acronyms and webisms. These examples and other cyber slang were commonly found in the tweet 

sample. Hashtags are used by users to group tweets on the same topic. For example, users who wish to tweet about the 

movie „Guardians of the Galaxy‟ will include the hashtag #GuardiansOfTheGalaxy in their tweets. Anyone searching for 

tweets related to this movie will be able to find them by using the corresponding hashtag. Hashtags are also used by users to 

punctuate statements or jokes. For example, „#I #srsly #enjoyed #this #movie‟ provides an exaggerated feeling of joy as 

expressed by the user. This study flags this practice as HasHashString. Users that come across an interesting tweet will 

retweet the original tweet. Retweeting is used when a user wishes to submit someone else‟s tweet. This is signified in the 

tweet by the keyword „RT‟. Often when retweeting, the users add their own comment to the original tweet. For example, in 

the tweet „lol, can‟t wait RT @hosseinnajafi: Guardians of the Galaxy is a must see‟, the „lol, can‟t wait‟ is a comment on 

the original tweet „Guardians of the Galaxy is a must see‟. This paper will refer to this practice as a retweet comment or 

RTComment. 

Recently, researchers have explored and identified processing techniques that best fit this type of content [43-48].  Along the 

same line and with the addition of some of our own initiatives, the tweets were processed to extract features with potential 

predictive power. This paper will refer to these as the „standard features‟. These features are identified for their potential 

predictive power. For example, tweets with more than 50 per cent of their content in uppercase characters were flagged as 

shouting. Shouting is a way of exaggerating emotion in a tweet. Another way of amplifying statements is to use an 

unexpected repetition of letters. For example, when a user tweets „I loooooooooooovvvvvvvvvvveeeeeeee u‟, they are 

stressing the emotion of love by repeating the letters in the word. These tweets are flagged with the HasRepeat feature. 

Emoticons, such as smilies are commonly used by users to express their emotions. This study flags the presence of 

emoticons in the tweets through a number of features, at different levels of granularity. For example, HasHappyFace, 

HasSadFace, HasPositiveEmoticon and HasEmoticons are examples of such features. Table 2 contains the complete list of 

the standard features and their detail description. 

Further analysis of tweet content can be performed with a commonly available lexical database of English but the informal 

language commonly used in tweets makes this challenging. For this reason, the tweets need to be cleaned before further 

processing can take place. The main objective of the cleaning process is to transform the informal language used in tweets to 

a more formal English version. To accomplish this, it was first necessary to identify the informal elements of the tweet and 

then replace them with formal English. For example, the web acronym „IDK‟ is identified and replaced with „I don‟t know‟, 

while the webism „pls‟ is identified and replaced with „please‟. Through experimentation, other common informal language 

was identified, such as unexpected repeats (eg „loooovvvveee‟ for „love‟), foreign words (e.g., „hola‟ for „hello‟), common 

misspellings (e.g., „uuu‟ for you), web acronyms (e.g., „lol‟ for „laughing out loud‟) and websims (e.g., „ppl‟ for „people‟). 

This was done by running 100,000 randomly selected tweets through an English-language spell-checker. The misspelled 

words generated in this manner were sorted according to their frequency counts. The high-frequency misspelled words were 

then manually translated to their corresponding formal English version. This was then used as a dictionary to process and 

formalize the tweets. Table 3 summarises the tweet cleaning actions and their descriptions. 

These formalized tweets were then tokenised (i.e., each word in the tweet is represented by a token) and processed through 

MorphAdorner [48] for its lemma and part-of-speech (POS) analysis. The following is an example of this process as applied 

to a tweet: 

Original tweet: 

I am just the right amount of excited to see Guardians of the Galaxy 

Tweet in lemma form: 

I be just the right amount of excite to see guardians of the Galaxy 

Tweet’s POS: 

pns11 vbm av-j dt j-jn n1 pp-f vvn p-acp vvi n2 pp-f dt n1 

The above example shows that each word in the original tweet is converted to its lemma (i.e., its root word) and then further 

processed for its behavior in-terms of syntax (i.e., POS). In this tweet, the word „I‟ has the lemma „I‟ which is a „1st singular 

subjective, personal pronoun‟, while the word „am‟ has the root „be‟ which is a „1st singular, “be.” 
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Table 2: Standard features and their descriptions 

Feature Description 

HasURL Set to 1 if the tweet contains one or more URLs; reset to 0 otherwise. 

HasRT Set to 1 if the tweet is a retweet; reset to 0 otherwise. 

HasHT Set to 1 if the tweet contains one or more hashtags; reset to 0 otherwise. 

HasSelfReflection Set to 1 if the tweet has self-reflection of author such as „I‟m‟, „I am‟, „I feel‟, „make me‟, etc;  

 reset to 0 otherwise. 

IsRTComment Set to 1 if the tweet is a comment about another tweet; reset to 0 otherwise.  

 For example, „lol, can‟t wait RT @hosseinnajafi: Guardians of the Galaxy is a must see‟,  

 the „lol, can‟t wait‟ is a comment on the original tweet „Guardians of the Galaxy is a must see‟ 

 from the user hosseinnajafi. 

HasHashString Set to 1 if the tweet contains a hashtag string of three or more; reset to 0 otherwise. 

 For example, „#go #see #it‟ is a hashtag string with a length of three. 

MostlyUpper Set to 1 if more than 50 per cent of the tweet is in uppercase letters; reset to 0 otherwise. 

 Use of uppercase in tweets is generally an indication of the user shouting the tweet. 

HasWebAcronym Set to 1 if the tweet contains any web acronyms; reset to 0 otherwise. 

 Example web acronyms include „idc‟ (I don‟t care) and „jk‟ (just kidding). 

HasWebism Set to 1 if the tweet contains any webisms; reset to 0 otherwise. 

 Example web acronyms include „pls‟ (please) and „yolo‟ (you only live once). 

HasReplacement Set to 1 if any of part of the tweet is replaced; reset to 0 otherwise. 

 For example, webisms and web acronyms are replaced with the corresponding full text 

 during the cleaning process. 

 For example, „idc‟ is replaced with „I don‟t care‟, leading to hasReplacement set to 1. 

HasRepeats Set to 1 if an unexpected repeats in English spelling exists in the tweet; resrt to 0 otherwise. 

 For example, in „looooooooooove‟, the letter o is repeated unexpectedly. 

 For the letter „o‟ the expectation is that it will not repeat more than twice in an English word. 

 Examples of expected use include „book‟ or „pop‟. 

HasProfanity Set to 1 if the tweet contains any common profanity language; reset to 0 otherwise. 

HasShort Set to 1 if the tweet contains any shortening; reset to 0 otherwise. 

 Examples include „2day‟ (today) and „gtta‟ (have to). 

HasHappyFace Set to 1 if the tweet has happy faces emoticon such as :-) :) :o) :] :> =] =) :} :っ) :‟-) :‟) 

 and reset to 0 otherwise. 

HasSadFace Set to 1 if the tweet has sad faces emoticon such as :-( :( :っ( :-[ :[ :{ :‟-( :‟( :(& ._.  

 and reset to 0 otherwise. 

HasShockedFace Set to 1 if the tweet has shocked faces emoticon such as o.o :-o -> and reset to 0 otherwise. 

HasDisappointedFace Set to 1 if the tweet has disappointed faces emoticon such as :-| :| and reset to 0 otherwise. 

HasLaughingFace Set to 1 if the tweet has laughing faces emoticon such as x-D xD X-D XD 

 and reset to 0 otherwise. 

HasLoveExpression Set to 1 if the tweet has a love expression such as <3 or xoxoxo and reset to 0 otherwise. 

HasFrustratedFace Set to 1 if the tweet has frustrated faces such as >.< and reset to 0 otherwise. 

HasPositiveEmoticon Set to 1 if the tweet has positive emoticons; reset to 0 otherwise. 

 Happy faces, laughing faces and love expressions are considered positive. 

HasNegativeEmoticon Set to 1 if the tweet has negative emoticons; reset to 0 otherwise.  

 Sad faces, shocked faces, disappointed faces and frustrated faces are considered negative. 

HasEmotes Set to 1 if the tweet has any emoticons; reset to 0 otherwise. 

TweetLength Set to the length of the tweet in number of characters. 

Lemmas and POS from each tweet were then further processed to identify the tweet‟s sentiment. To accomplish this, the 

Harvard General Inquirer (GI), a lexicon that maps part-of-speech tagged words to their syntactic, semantic and pragmatic 

information was used. GI is composed of almost 2,500 words. Each word is combined with its possible POS role and then 

mapped to 182 possible categories. For example, the word „hate‟ appears twice, once as a noun and once as 

adverb/conjunction/particle/preposition and it has the following categories assigned to it in each case: 

HATE, Negativ, Ngtv, Hostile, Passive, Arousal, Power cooperation, power, noun 

HATE, Negativ, Ngtv, Hostile, Passive, Arousal, emotion, sureness, adverb/conjunction/particle/preposition 

Among the total 182 GI categories, 14 relevant to this study were identified. In accomplishing this, the definition of each 

category within the GI was reviewed and those that were conceptually similar to the concept of BI were selected. Also 

identified were categories similar to constructs closely related to BI such as attitude, evaluation, behavior and affect 

(positive and negative). The content of each category within the GI was carefully examined to identify words that were 
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reasonably similar to traditional measures of intention. Once these words were identified, it was possible to identify the 

proportion of total words within the category accounted for by the indicators of intention. If 10 per cent of the words in a 

given category were either directly or indirectly similar to the intention (mentioned above) it was included in the analysis. 

The chosen categories along with explanatory information can be seen in Tables 4 and 5. Table 6 offers some relevant 

statistics about each category. 

 

Table 3: Tweet cleaning actions and their descriptions 

Cleaning action Description 

 Example: Original tweet = Tweet after the cleaning action 

Retweet Remove the RT @username from the tweet 

 RT@hossein:That was a fun movie = That was a fun movie 

Retweet comment Remove the original tweet from the retweet 

 lol, can‟t wait RT @hosseinnajafi:Guardians of the Galaxy is a must see = lol, can‟t wait 

Hashtags Remove the # from the hashtags and convert to component words on capital letters 

 #LifeIsGood = life is good 

Unexpected repeats Remove all unexpected repeats 

 I Looooooooovvvvvvveeeeeeeed the movie = I loved the movie 

Foreign words Replace all commonly used foreign words with the corresponding English word 

 hola mama, I love you = hello mother, I love you 

Common misspellings Replace common tweet misspelling with the corresponding English word 

 uuuuu r nice = you are nice 

Web acronyms Replace web acronyms with the corresponding English word 

 JK, see you soon = Just kidding, see you soon 

Websims Replace webisms with the corresponding English word 

 yolo, enjoy it = you only live once, enjoy it 

Shortenings Replace common shortenings with the corresponding long version 

 I h8 Guardians of the Galaxy = I hate Guardians of the Galaxy 

 

The GI categories selected were used to further analyse the tweets for their sentiment as it related to the user‟s BI. Each 

selected GI category was associated with a corresponding binary GI feature. The lemma and POS of each word in the tweet 

were checked against the words in each GI category. Where a match was found, the tweet was flagged with the 

corresponding GI feature. For example, the word „likely‟ appears in the „Causal‟ GI category. If the word „likely‟ appeared 

anywhere in the tweet, then the „Causal‟ feature was set for that tweet. In addition, each GI category was also mapped to a 

binary GI negated feature to track the cases where the expressed sentiment was negative. For example, „not likely‟ would set 

the feature „Not-Causal‟, instead of the feature „Causal‟. 

Some standard features and GI features were also combined to form sentiment-features. These higher-level features were 

computed as follows: 

Emot-Based-Sentiment =  

HasPositiveEmpoticon – HasNegativeEmoticons 

Gi-Based-Sentiment =  

(GI-Positive + GI-Not-Negative) – (GI-Negative – GI-Not-Positive) 

Overall-Sentiment = 

(Emot-Based-Sentiment + Gi-Based-Sentiment)/2 

The standard-features, GI-features and sentiment-features were then concatenated to form a tweet feature vector for each 

tweet. Tweet feature vectors associated with each movie were then aggregated to form an aggregate movie feature vector. 

Average tweet length was computed as the average for the tweet length feature. For all other binary features, the aggregate 

was computed as the fraction of the tweets that had that feature set to 1. 
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Table 4: Selected GI categories and their descriptions 

Sentiment Definition 

Pleasure Indicating the enjoyment of a feeling, including indicating confidence, interest and commitment 

Arousal Indicating excitation, aside from pleasure or pain, but including arousal of affiliation and hostility 

EMOT Related to emotion and used as a disambiguation category, but also available for general use 

Need Related to the expression of need or intent 

Causal Denoting presumption that occurrence of one phenomenon is necessarily preceded,  

 accompanied or followed by the occurrence of another 

EVAL Which imply judgment and evaluation, whether positive or negative, including means-ends judgments  

 and used in disambiguation 

Yes Directly indicating agreement, including word senses 

Intrj Includes exclamations as well as casual and slang references 

SV State verbs describing mental or emotional states, usually detached from specific observable events 

AffGain For reaping affect 

NegAff Negative affect denoting negative feelings and emotional rejection 

PosAff Positive affect denoting positive feelings, acceptance, appreciation and emotional support 

SureLw Indicating a feeling of sureness, certainty and firmness 

If Denoting feelings of uncertainty, doubt and vagueness 

NotLw That show the denial of one sort or another 

 
Table 5: Selected GI sentiments, categories, lexicon and examples 

Sentiment Lexicon Category Examples 

Pleasure Harvard IV-4 3: Words of pleasure, pain, virtue and vice assure, eager, enthusiastic, excited, 

   love 

Arousal Harvard IV-4 3: Words of pleasure, pain, virtue and vice preference, anticipate, anxious, like, 

   reluctant 

EMOT Harvard IV-4 3: Words of pleasure, pain, virtue and vice certain, desire, hope, interest, dislike, 

   hate 

Need Harvard IV-4 11: Motivation-related words want, hope, inclined, curious, wish 

Causal Harvard IV-4 13: Cognitive orientation (knowing,  likely, maybe, possible, probable, 

  assessment, and problem solving) unlikely 

EVAL Harvard IV-4 13: Cognitive orientation (knowing,  able, best, excellent, good, favourite, 

  assessment, and problem solving) terrible, worst 

Yes Harvard IV-4 15: „Yes‟, „No‟, negation and interjections sure, yes, absolutely, okay, definitely 

Intrj Harvard IV-4 15: „Yes‟, „No‟, negation and interjections alright, course, definitely, yeah, no, sure 

SV New categories  16 Verb types anticipate, can, might, can‟t, don‟t, 

 based social   doubt 

 cognition   

AffGain Lasswell value  21: Affection is the valuing of love and  like, love 

 dictionary friendship  

NegAff Lasswell value  26: Remaining Lasswell categories  despise, awful, bad, wrong 

 dictionary not specific to one of the value domains  

PosAff Lasswell value  26: Remaining Lasswell categories  fantastic, happy, like, wonderful 

 dictionary not specific to one of the value domains  

SureLw Lasswell value  26: Remaining Lasswell categories  certain, sure, yes 

 dictionary not specific to one of the value domains  

If Lasswell value  26: Remaining Lasswell categories  chance, doubt, maybe, possible, 

 dictionary not specific to one of the value domains reluctant 

NotLw Lasswell value  26: Remaining Lasswell categories  cannot, never, not, refuse 

 dictionary not specific to one of the value domains   

 

3. RESULTS 

Domestic and International box-office gross income along with the corresponding production budget were retrieved from 

the-numbers.com [1].  Each movie was marked as a hit if its gross income exceeded its production budget by at least $20 

million and bust otherwise.  Box office returns and hit/bust values were correlated with both the tweet features and the BI 

measure.  The resulting correlations were compared to investigate how the traditional BI measures compare with various 

measures of tweeting activity in predicting a movie‟s long-term success. 
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Table 6: Selected GI categories and relevant statistics 

 Number of words indicating  Total words in Percentage 

Sentiment intention, evaluation or affect sentiment category of category 
Pleasure 45 168 27 

Arousal 36 166 22 

EMOT 67 311 22 

Need 27   76 36 

Causal 22 112 20 

EVAL 61 205 30 

Yes 19   20 95 

Intrj 18   42 43 

SV 40 102 39 

AffGain   3   35   9 

NegAff 53 193 28 

PosAff 31 126 25 

SureLw 53 175 30 

If 56 132 42 

NotLw 22   25 88 

 

3.1. Survey 

BI scores along with box-office results for the final 28 movies are shown in Table 1. BI scores ranged from 9.20 for „The 

Maze Runner‟ and 8.60 for „Guardians of the Galaxy‟ at the high end, to 4.88 for „The Judge‟ and 4.58 for both „Deliver Us 

from Evil‟ and „Step Up All In‟ at the low end. Mean BI for the sample was 6.02 with a standard deviation of 1.16. Pictures 

with BI scores nearest the mean included „This is Where I Leave You‟ (5.98), „Teenage Mutant Ninja Turtles‟ (5.95), „Into 

the Storm‟ (5.93) and „Dolphin Tale 2‟ (5.92). 

Production budget along with the domestic and international gross income figures were gathered from the-numbers.com 

(http://www.the-numbers.com/movie/budgets/all). On the Domestic side, at the high end, „Left Behind‟ earned US$ 

333,172,112 with a production budget of 170,000,000 leading to net revenue of US$163,172,112.   The worst performing 

movies in the sample included „The Maze Runner‟ (loss of US$ 60,677,456), „Down of Planet Apes (loss of 

US$51,242,196), and „Sin City‟ (loss of US$8,095,616).  Including the international gross (i.e., domestic plus international), 

„Left Behind‟ topped the list with in net revenue of US$718,221,955.00, while “Down of Planet Apes‟ was at the bottom 

with a loss of US$20,021,871. Overall mean was US$27,514,133 for domestic net revenue and US$145,730,378 for 

worldwide net revenue.  

A total of 2,149 individuals responded to the survey solicitation by answering the awareness question. As indicated above, 

this was used as a screener and only those respondents indicating awareness were then sent to the BI scales. The final 

sample size for BI measure was 1,069. The demographic profile appears in Table 7. At the same time, a total of 175,844 

tweets were collected for the final 28 movies. There was an average of 5,261 tweets per film with an average tweet length of 

112 characters. Table 8 offers further profiling of the tweets used by this study. 

3.2. Correlation of Predictor Variables Total and Average Box Office 

Analysis (see Table 9) indicates statistically significant correlations between intention and several financial measures.  

These include: Domestic Gross (r = 0.408, p  0.05), Worldwide Gross (r = 0.407, p  0.05), Domestic Net (r = 0.433, p  

0.05), and Worldwide Net (r = 0.438, p  0.01).  No significant correlations between Bi and either Hit/Bust measure 

emerged. 

Total tweets correlated significantly with all four financial measures: Domestic Gross (r = 0.441, p  0.01), Worldwide 

Gross (r = 0.434, p  0.01), Domestic Net (r = 0.336, p  0.05), Worldwide Net (r = 0.429, p  0.05).  Total Tweets also 

correlated significantly with both Domestic ( = 0.386, p  0.05) and Worldwide Hit/Bust ( = 0.475, p  0.01).  A 

significant inverse correlation emerged between Average Tweet Length and Domestic Net (r = -0.336, p  0.05). 
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Table 7: Survey sample profile 

 BI  

Demographic category sample (n = 1069)  

Gender 

Male 46.20% 

Female 53.80% 

Age 

18-29 39.00% 

30-44 52.90% 

45-60 8.10% 

Household income 

US $0 – US$24,999 15.20% 

US $25,000 – US$49,999 20.60% 

US $50,000 – US$99,999 35.70% 

US $100,000 – US$149,999 18.40% 

US $150,000+ 10.10% 

Education 

Less than high-school degree 1.90% 

High school degree 8.30% 

Some college or associate degree 34.70% 

Bachelor degree 37.90% 

Graduate degree 17.20% 

Census region 

New England 6.00% 

Middle Atlantic 13.30% 

East North Central 18.00% 

West North Central 8.00% 

South Atlantic 18.00% 

East South Central 4.60% 

West South Central 8.70% 

Mountain 8.00% 

Pacific 15.30%  

 

Table 8: Movie tweets profile 

Average number of tweets per movie  5,261 

Average tweet length (characters)      112 

Percentage of tweets with emoticons  66.2% 

Percentage of tweets with URL   59.9% 

Percentage of tweets with informal language   2.9% 

Percentage of shouting tweets     1.1% 

Percentage of tweets with web acronyms    1.1% 

Percentage of tweets with webism     3.3% 

Percentage of tweets with character repeats    6.9% 

Percentage of tweets with profanity     1.5% 

Percentage of tweets with happy face  63.0% 

Percentage of tweets with sad face     0.3% 

Eight individual sentiment categories correlated with at least one dependent variable.  Correlated with Domestic Hit or Bust 

was Mostly Upper ( = 0.386, p  0.05). Correlated with Hit/Bust Worldwide were GI-Eval ( = 0.556, p  0.01), GI-

Causal ( = 0.454, p  0.01), HasWebism ( = 0.465, p  0.01), and HasInformal ( = 0.383, p  0.05).  Marginally 

correlated with Domestic Hit/Bust were HasWebism ( = 0.262, p  0.10) and GI-PosAff ( = 0.306, p  0.10) and with 

Worldwide Hit/Bust were GI-Arousal ( = 0.245, p  0.10) and Mostly Upper ( = 0.296, p  0.10).  Finally, marginally 

significant correlations emerged between GI-Eval and Domestic Gross (r = 0.336, p  0.05), Worldwide Gross (r = 0.336, p 

 0.05), and Worldwide Net (r = 0.336, p  0.05). 
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Table 9: Variables correlating with domestic and worldwide box office 

 Domestic Worldwide  Net Domestic  Net Worldwide Domestics Worldwide 

 Gross1 Gross1  Revenue1  Revenue1  Hit or Bust2 Hit or Bust2 

Behavioral  

  Intention 0.408** 0.407**  0.433**  0.438***   ns   ns 

Total Tweets 0.441*** 0.434**  0.336**  0.429**   0.386**   0.475*** 

Average Tweet 

  Length ns ns  -0.336**  ns  -0.403**  -0.281* 

GI-Eval 0.253* 0.290*  ns  0.292*   0.315*   0.556*** 

GI-Causal ns ns  ns  ns  ns   0.454*** 

GI-Arousal ns ns  ns  ns  ns   0.245* 

HasWebism ns ns  ns  ns  0.262*   0.465** 

HasInformal ns ns  ns  ns  ns   0.383** 

MostlyUpper ns ns  ns  ns  0.386**   0.296* 

GI-PosAff ns ns  ns  ns  0.306*   ns  

GI-Pleasur ns ns  ns  ns  ns  0.250* 

***p≤.01, **p≤.05, * p≤.10, ns = not significant 1Pearson (one-tailed), 2Spearman‟s (one-tailed) 

 

 

Table 10: Fisher’s r to Z transformation tests of differences between correlations of  

BI and box-office with tweet analysis and box office 

 Domestic Worldwide  Net Domestic  Net Worldwide Domestics Worldwide 

 Gross Gross  Revenue  Revenue  Hit or Bust Hit or Bust 

  Z = Z = Z = Z = Z = Z = 

 Behavioral 

  Intention vs. 

 Total tweets  0.14 0.12  0.40  0.04  na  na 

    Avg. Tweet  

       Length na na  2.87***  na  na  na 

    GI-Eval 0.62 0.47  na  0.60  na  na 

    GI-Causal na na  na  na  na  na 

    GI-Arousal na na  na  na  na  na 

    HasWebism na na  na  na  na  na 

    HasInformal na na  na  na  na  na 

    MostlyUpper na na  na  na  na  na 

    GI-PosAff na na  na  na  na  na 

na = not applicable (at least one correlation being compared was not statistically significant) 

3.3. Comparison of Methods 

In comparing the statistically significant correlations between intention with the Twitter-based measures (see Table 10), a 

single statistically significant difference emerged, that between BI and Average Tweet Length on Net Domestic Revenue 

(Z=2.87, p < .001).  However the statistical significance is more a function of the inverse relation between the correlations as 

opposed to the magnitude of the difference between their absolute values.  The differences between BI and Total Tweets are 

small.   Thus, one would not expect to find then to be statistically significant, especially given the small sample size of 28 

films.  The differences between BI and GI-Eval correlations are larger but the small sample size again seems to have limited 

the power of the test. 

 

3.4. Predictability of Significantly Correlated Tweet Features 

Total Tweets and Average Tweet Lengths were identified as features with significant correlations to the success of a movie.  

Figure 3 shows a plot of one measure of movies success (Domestic Hit/Bust) as a function of these two variables.  Each hit 

is represented by a plus sign and each bust by a dot.  The graphic reveals that films with more than 10,000 tweets have a 

strong likelihood of being hits.  A nonlinear decision boundary in Figure 3 demonstrates that hit movies are easily separable 

from bust movies by only using these two features. Note that in this case, only two hit movies and three bust movies would 

have been misclassified.  This result points to the usefulness of social media analysis in predicting a movie‟s long-term 

success. 
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Figure 3: Domestic Hit/Bust as a function of Total Tweets and Average Tweet Lengths 

 

4. DISCUSSION 

It would be of great advantage to motion picture studio executives as well as to movie theatre managers to be able to access 

methods to accurately predict opening night box-office receipts for movies for the purpose of allocating marketing, logistical 

and personnel resources among films, especially for methods that can be administered quickly and economically. The 

results of this study show that when it comes to forecasting box-office receipts for motion pictures, the analysis of social 

media content has similar predictive capability as traditional forecasting methods. The resulting correlations for BI and box-

office returns is below the mean (0.53) but within one standard deviation (0.195) of the results across a wide range of 

behavior determined in Sheppard et al.’s [9] meta-analysis. The significant correlations for total tweets and box-office 

results are consistent with the findings of Asur et al. [26], while those for the sentiment variables are consistent with the 

findings of Jain [27], Oghina [28] and Singh et al. [29].  

In comparing the results of the two methods, it seems that the analysis of social media content is as good as the traditional 

survey-based method to measure BI. This is important because social media analysis methods can yield data more quickly 

and at lower costs than traditional survey methods. Among the Twitter-based variables measured, total tweets was 

associated most often with the long-term financial measures both domestic and worldwide.  This is consistent with the role 

of communications hypothesized as part of Diffusion of Innovations Theory.  It is interesting that Average Tweet Length is 

inversely correlated with both Domestic Net Revenue and Domestic Hit or Bust.  This suggests that movie goers who 

disliked a film generated longer tweets signalling dissatisfaction compared with the length of those communicating 

satisfaction.  This result is consistent with research into dissatisfaction behavior within the marketing literature [37].  Singh 

[49].  GI-Eval seemed to be the most useful of the individual sentiment categories, correlating significantly with both 

Domestic and Worldwide Hit/Bust.  This seems reasonable since much of the content of that category included terms 

consistent with those traditionally used to measure attitude toward a brand (e.g., excellent, best, favorable, good, wonderful, 

etc.).  As was the case with the findings of  Najafi and Miller [30] , the correlations between BIs from the traditional survey 
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method were not superior to any of the tweet measures. It seems therefore, that when one considers the time and expense of 

designing a survey, implementing it and analysing the results, the social media analysis approach may be a superior 

methodology. Once a company has designed and validated an approach, it could be implemented quickly at a small 

marginal cost. 

Methods designed to gauge sentiments, especially the likelihood of behavior, from the analysis of social media content are 

in their infancy. However, it is highly likely that these methods will one day provide increasingly precise predictions of 

consumer behavior and its related financial effects. Indeed, it is even conceivable that such techniques could replace 

traditional survey-based methods. 

5. LIMITATIONS AND SUGGESTIONS FOR FUTURE RESEARCH 

Correlation, in and of itself, is not synonymous with causation. However, theory and research have for a long time 

established valid linkage between the BI construct and behavior. Thus, we feel secure with the assumptions that traditional 

measures of BI and their social media analysis counterparts can predict behavior in a general way. 

As indicated above, the correlation between BI and box-office receipts was slightly lower than expected. It seems 

reasonable to assume that for many consumers, the decision to attend a movie is a late or a last-minute decision. Each 

survey was launched two to three days before the opening of each movie. Had each survey been launched just a single day 

before opening, the correlation coefficients might have been higher. Indeed, as noted earlier, Fishbein and Ajzen [4] have 

previously warned that the BI measure is sensitive to the time between the measurement and the behavior, and when the 

individual has more volitional control. Thus, the study could be replicated with the BI question posed closer to the release 

dates of the selected movies. 

An extension of this work would be the development of linear and non-linear predictive models using tweet features and BI 

measure to help forecast short-term and long-term success of a movie.  Short-term demand prediction would seem to be of 

most use to theatre managers who need decision-support tools to help manage demand. By contrast, a forecast with a longer 

lead time, perhaps of a few weeks, might be useful to studio executives who need to make decisions regarding marketing 

resource allocation for specific films. Future research could compare survey and social media analysis content methods 

using longer lead times before openings. 

Finally, as methods for analysing the content of social media are refined, they could be applied to predicting the 

performance of numerous categories of new products and services for which launches are preceded by either advertising or 

public relations campaigns and are typical topics within social media discussions. 
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