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AbStrACt

 Published information extraction (IE) research generally dis-
cusses the technological improvement of IE software, yet little 
addresses the valuable application of such technology. IE and 
content analysis together enhance the rigor of qualitative research 
through computer based content analysis. We use CAINES to il-
lustrate an effective application of IE and computer aided con-
tent analysis on eWOM reviews. CAINES is a system based on 
linguistic techniques that can extract and analyze online movie 
reviews. In this research we demonstrate how CAINES is able to 
analyze the most important factor a moviegoer considers when 
rating a movie online. CAINES extracted and analyzed movie re-
views from 18 action and adventure movies consisting of 20,679 
individual reviews. By using CAINES we were able to show
that storyline is most important to moviegoers and they tend to 
leave more positive than negative reviews. Our results also re-
veal that reviewers mainly discuss their personal evaluation of 
the movie, rather than discouraging or encouraging readers to see 
the movie.
 keywordS: Computer aided text analysis; electronic 
word-of-mouth (eWOM); content analysis; movie reviews

1. IntroduCtIon

 Published information extraction (IE) research generally dis-
cusses the technological improvement of IE software, yet little 
addresses the effective application of such technology. Web 
2.0, the read-write Web of blogs and content sharing, has cre-
ated an environment where consumers can share their opinions 
with wide audiences with the click of the mouse. Word-of-Mouth 
(WOM) has been traditionally conducted in a face-to-face off-
line fashion. With substantial advances in electronic communi-
cation and increased use of the Internet, the term eWOM is now 
used to describe electronic WOM [30]. IE software, coupled 
with computer aided content analysis, can help managers in
their decision making better than ever before. Organizations
are now moving from pure economic analysis to sentiment analy-
sis (i.e. opinion mining) of online news and social networking
posts [45]. Thirty-five percent of Wall Street investment firms
now perform sentiment analysis of unstructured online news 
reports, editorials, company Web sites, blog posts and even
Twitter messages [6]. In some instances, firms use information 

extraction programs to not only interpret news, but also to trades 
stocks based on it. 
 In eWOM, members of electronic forums or social networks 
can discuss products and services or comment on news stories. 
These discussions can lead to encouraging or discouraging pur-
chasing decisions. Positive or negative eWOM reviews can fi-
nancially impact a product manufacturer, service provider, or 
hosting organization. Managers must find ways to quickly read 
and process comments left by consumers. It is difficult and time 
consuming to identify trends and interpret comments individu-
ally. This study illustrates how CAINES (Content Analyzer and 
Information extraction System) can be used by practitioners to 
effectively and efficiently acquire eWOM comments and interpret 
them for decision making.
 Our contribution to information system research is to illus-
trate how to use a natural language processing system to enhance 
the rigor of qualitative research through computer based content 
analysis. Research has suggested that in order to help managers 
make better decisions, new information that is relevant for deci-
sion-making must be available [9, 32, 54]. Web 2.0 is full of new 
and relevant information. We use CAINES to demonstrate an ef-
fective application of IE on openly available eWOM in the theatre 
movie industry. In this study, we extract over 20,000 movie re-
views from an Internet based movie forum and assign the reviews 
to a positive or negative valence construct. We then analyze the 
sentiments of the reviews. 
 Using CAINES, we aim to find out consumer’s opinions 
of movies by analyzing what drives the valence of their com-
ments based on their actual phrases. This is an important liter-
ature contribution because computer technology lessens the
human resource and increases the reliability and speed of sen-
timent analysis. Some researchers have conducted this type of 
content extraction manually. For example, one study had in-
dependent judges manually read and code over 12,000 movie 
reviews [33]. Manually reading and coding eWOM mes-
sages is an extremely tedious task that constrains the amount
of data that can be studied. Other studies have only analyzed 
movie ratings because looking inside the content of the re-
views was too overwhelming [20]. Therefore, by using IE and 
computer aided text analysis, we can drastically increase the 
amount of data analyzed and reduce the effort and risk of mis-
take in coding reviews. In this study, we use CAINES to
identify the important factors that movie goers are concerned
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about from their written reviews. Our research asks two
questions:

RQ1:  By using CAINES, what is the most important fac-
tor a consumer considers when they rate their overall 
opinion of a movie on an online review Web site? 

RQ2:  By examining their exact linguistic phrases, do 
consumers write more positive or negative online 
reviews and what do they like or dislike about the 
movies they write about? 

The remainder of the paper is organized as follows. In the next 
section we review the literature on computer techniques used to 
extract and analyze unstructured web data and the literature of 
eWOM in the movie industry. Next, we describe our data collec-
tion procedure and discuss the empirical testing methodology in 
Section 3. We present our empirical and content analysis results 
in Section 4 with a discussion of the results in Section 5. We then 
conclude with contributions and future work.

2. relAted work

2.1 Information extraction

 Information extraction is automatic extraction of structured 
information such as entities, relationships between entities, and 
attributes describing entities from unstructured sources such as 
text corpus or text documents [44]. Information extraction, like 
text summarization, machine translation, and natural language 
interface is a sub-field of natural language processing. Extract-
ing useful information from Web documents is an intricate task 
because Web documents differ dramatically in their structure, 
format, and quality of information. One of the main challenges is 
extracting structured data from unstructured documents [10].
 Managing unstructured data has many interesting research 
challenges. A wealth of work on managing structured data that 
has been carried out by the database community [19]; like how 
noisy information can depreciate the efficiency of the retrieval 
mechanism. Some unstructured text studies have evaluated IE 
systems. Peng and McCallum [39] studied the application of in-
formation extraction in searching literature and hiring decisions. 
Yates et al. [55] presented a technical study on ‘open’ informa-
tion extraction, directly from the web without any human input. 
Chang et al. [8] surveyed major web data extraction approaches 
and compared them on three dimensions: task domain, the auto-
mation degree, and the techniques used. Riloff et al. [44] found 
potentially false results during information extraction in sentenc-
es that hold subjective language (such as opinions, emotions, and 
sentiments). They found that subjectivity analysis improves the 
accuracy of information extraction systems.
 KnowItAll was the first published system to extract data from 
Web pages that was unsupervised, domain-independent, and on 
a large-scale [25]. KnowItAll is a system that answers the call of 
the tedious process of extracting large collections of facts from 
the Web. In an experiment KnowItAll ran for four days on a single 
machine and 54,753 facts were extracted through its seeded on-
tology and extraction rules.
 Conlon, Hale, Lukose, and Strong [11] created FIRST (Flex-
ible Information extRaction SysTem) to extract financial informa-
tion from The Wall Street Journal (WSJ) using a training set of 
documents from the WSJ to build a knowledge base. The FIRST 
system relied on a service-oriented framework with information 

retrieval (IR) and information extraction (IE) components. The 
IR component retrieves source documents and the IE component 
analyzes the documents and inputs the information into a data 
template. We add to the growing literature using content analysis 
and IE to extract and analyze large amounts information in less 
time than traditional systems.

2.2  Content analysis & linguistics

 The large volume of written documents available to be pro-
cessed and the repetitiveness of coding made the computer a natu-
ral ally of the content analyst [31]. Content analysis is used to 
study the content of communication. It involves examining theo-
retical definition and empirical measurement [38]. The goal of 
content analysis is to create systematic and objective criteria for 
transforming written text in highly reliable data that can be ana-
lyzed for the symbolic content of communication [50]. Content 
Analysis has been applied to newspaper editorials [37], novels 
[26], and recorded speeches [47]. In information systems research, 
Son, Tu, and Benbasat [51] identified 11 trust-building measures. 
They performed content analysis on 100 B2B e-marketplaces to 
understand the usage of the 11 trust-building measures. In man-
agement literature, Short et al. [48] examined differences be-
tween family and nonfamily firms on the entrepreneurial orienta-
tion using content analysis of shareholder letters from S&P 500 
firms. In his book, Holsti [28] discussed that in spite of the di-
versity of the definition of the content analysis, there is a broad 
agreement in the requirements such as objectivity, system, and 
generality. The method and application of content analysis is 
changing, especially with the development of computer software 
and simulation. 
 Before we can begin to analyze any text documents, we must 
first understand the lexical nature of the text. In English gram-
mar, “patterns” are sentences, the “lexicon” consists of words, 
and the “constraints” are the rules of English syntax [41]. In
information retrieval systems, a lexicon consists of all words
recognized by the system, their grammatical categories, syno-
nyms, and any associations with database objects and forms
[1]. Natural language provides reliable and valid indicators of 
personality, cognitive processes, and social processes [40]. The 
association link between an array of words can be empirically 
defined in terms of their lexical co-occurrence, a lexicon, or 
semantic analysis [5]. Therefore, a lexicon of words indicative
of a specific construct could be developed. Bardi, Calogero,
and Mullen [5] showed in their study where a value lexicon
was developed on the basis of the Schwartz [46] value theory 
to extract lexical indicators of values (e.g. power, achievement) 
from texts (i.e. newspapers). Their basic process was to come up 
with three words for each value/construct to create a value lexicon 
then search ‘pages’ (Internet or newspaper) for all three words 
(more reliable than one word) to show evidence of that value/
construct. Aggarwal, Vaidyanathan, and Venkatesh [3] proposed a 
method based on lexical semantic analysis of discovering brand-
descriptor associations in online search engines such as Google. 
By examining associations between brands and carefully selected 
adjectives/descriptors, one can go beyond merely counting text 
content to uncover the meaning of the content.
 Lexicons have been created in management to expose some 
of the pitfalls and traps that plague post-modern managers [13]. 
For example, Cady and Hardalupas [7] tried to create a lexicon 
to describe the phenomena of major organizational change. They 
searched 2,168 issues of 15 publications and gathered an exten-
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sive list of terms that describe organizational change. Their results 
revealed the top 5 mentioned terms representing organizational 
change could be found in 82% of the relevant articles.

2.3 ewom towards movies

Literature suggests people read reviews for four main reasons. 
Bailey [4] finds that the principal motivating factor for consumers 
to visit product review Web sites was to use it as an additional 
source of information (35.5%), to receive assurance or reassur-
ance that they were making a good choice (27.6%), wanted to 
know what other consumers were thinking (17%) or used the 
website as a primary source of information prior to a product pur-
chase (10.5%).

Other research suggests an eWOM review is generally written 
to either recommend or discourage others from buying a particu-
lar product [52] or in our case discourage or encourage others to 
see a particular movie. In online movie forums, moviegoers talk 
about elements of a movie, such as casting, story, directing, vi-
sual effects, and technical aspects [56]. They also express their 
positive or negative judgment about the movie and the different 
elements. Stimpert et al. [53] compared and contrasted several 
online movie review studies and showed that some elements im-
pact box office revenues. Quality of the film was shown to be a 
positive factor towards box office success in all three studies.

Litman and Kohl [34] find that information that reduces uncer-
tainty about a motion picture seems to be correlated with financial 
success. For example, superstar actors are associated with suc-
cessful pictures as well as positive film critic ratings. The power 
of a star to drive box office sales is known as “star power” and can 
mean big profits for a film [21]. Many studies support the influ-
ence of critics’ reviews irrespective of the debate of whether this 
influence is positive or negative [23]. Moviegoers also frequently 
use film critics as sources of information. A study by Simmons 
[49] showed that a third of moviegoers chose a film which has a 
favorable review.

More recently, the storyline of a movie has been found to di-
rect the box office success of a movie. Eliashberg and Shugan 
[23] empirically find that a good storyline is the foundation for 
a successful movie production. They analyzed themes, scenes, 
and emotions from movie scripts and compared the information 
to the box office revenues. An extraction technique was used to 
gather information from a spoiler (an extensive summary of the 
storyline written by movie viewers after they watched the movie): 
(1) semantics, (2) bag-of-word models, (3) genre, and (4) content 
analysis. Human judges read the movie spoilers and answered a 
predetermined set of 22 questions to help pick up on genre infor-
mation. 

Before the Internet, the exchange of opinions among the view-
ers was very limited mainly because of the geographical barrier 
[34]. The Internet allowed moviegoers to exchange their views 
about movies through movie forums such as Yahoo! Movies. 
Though marketing plays a significant role in a movie’s opening 
weekend, consumers word-of-mouth can be frequently cited as 
the single key factor that sets the long-term success of motion pic-
tures [16]. Dellarocas et al. [15] found that in contrast to “offline” 
word-of-mouth communities where opinions may “disappear into 
thin air” online communities maintain a persistent, public record 
of all posted opinions. Hennig-Thurau et al. [27] report that con-
sumers articulate themselves online in an eWOM approach due 
to a consumer’s desire for social interaction, economic incentive, 
concern for other consumers, and the potential to enhance their 

own self-worth. Thus, a consumers’ satisfaction or dissatisfaction 
may be displayed through their eWOM desire for economic in-
centives and their concern for other consumer’s. 

CAINES helps us to efficiently examine consumer reviews 
and identify their concerns. We want to know if consumers write 
more positive or negative comments and their justification for 
their positive or negative review. Understanding the important 
factors leading to a consumer’s positive or negative review could 
help the producers to better prepare for the next motion picture 
release.

3. methodology And dAtA

3.1 CAIneS methodology: Information extraction

 FIRST (Flexible Information extRaction SysTem) [12] ex-
tracted financial information from many sources such as The Wall 
Street Journal (WSJ) and the Electronic Data-Gathering, Analy-
sis, and Retrieval system (EDGAR). CAINES (Content Analyzer 
and INformation Extraction System) is the extended system of 
FIRST, and it is designed to analyze unstructured general online 
documents. The system analyzes texts using syntactic and seman-
tic techniques. Several portions of the system include knowledge 
from domain experts. The system can handle analyzing word fre-
quency, co-occurrence information, and extracting unstructured 
text to create an explicit information dataset. The extracted in-
formation can be inserted to data warehouses, templates or slots, 
processed by data mining systems, and used in business intelli-
gent tasks. 
 CAINES was built using Perl, MySQL database manage-
ment system, and a knowledge engineering approach. Perl, a free 
text processing language with numerous modules, is a popular 
programming language for system designers and web develop-
ers. It is dependable at creating, managing, and extracting infor-
mation from the Web using its Library for World Wide Web in 
Perl (LWP). It also supports regular expressions. CAINES has a 
part-of-speech tagger, noun phrase extractor, lexicon, rule base, 
and an extraction sub-system. The general system architecture of 
CAINES is shown in Figure 1.
 The part-of-speech tagger tags each word in the sentences 
while the noun phrase extractor produces a list of noun phrases 
from the document sets (reviews). We use Lingua::En::Tagger, 
available at http://search.cpan.org/~acoburn/Lingua-EN-Tagger-
0.16/Tagger.pm to do these two tasks. Lingua::En::Tagger is a 
probability based, corpus-trained tagger that assigns part-of-
speech (POS) tags to English text based on a lookup dictionary 
and a set of probability values. In information extraction, the 
terms that appear as noun phrases and verb phrases help us to 
identify the subjects and the objects of the key verbs that we are 
trying to find. 
 Thus, in general, the rule for identifying the subject and object 
of an act is:

for  each row in the portion of the report from which we want to 
extract information

        if the key terms are a verb phrase
              then return the noun phrase immediately ap pear ing prior 

the verb phrase as an actor
           and return the noun phrase immediately following the verb 

phrases as an object
      end if
end for
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The lexicon we used contains the terms that we believe im-
portant to this research (e.g. action packed, boring). They can be 
noun or verb phrases. The noun phrases are listed by the Lingua::
En::Tagger while the verb phrases are found from the terms that 
appear after the subject noun phrases. The noun modifiers can 
be found as adjectives appearing in front of them (e.g., “great 
pictures,” “very boring movie,” “pretty good acting”). All of these 
terms can be found from analyzing the Key Word In Context 

(KWIC) [36] file which will be discussed next in the retrieval and 
analysis. 

3.1.1 Data retrieval and output

CAINES downloaded each eWOM review (via Perl LWP)
and placed the written comments in a text file for further anal-
ysis. CAINES collected the eWOM reviews from the Ya-

FIgure 1: System architecture of CAIneS

FIgure 2. example of one online movie review



Fall 2011 Journal of Computer Information Systems 47

hoo! Movies Web site (Figure 2). Yahoo! Movies is one of the
most popular movie websites, and its data source has been
used by many studies [e.g. 35, 20]. We chose all the action-
adventure genre movies released in the summer of 2007 (May
4, 2007-August 31, 2007). The final dataset of Web extracted 
content contains 18 movies with 20,679 individual reviews
(Table 1). 

Once CAINES had extracted the text of the reviews from the 
Web and imported the text file into the database, the first output 
file could be derived. Using all of the reviews, CAINES generated 
a Key Word In Context (KWIC) [36] file by putting each word of 
a review into a field in the MySQL database. For each sentence, 
every word is put in a field in the first row. The next row contains 

every word in that sentence but the first word was removed. This 
process continues until the last word appears in the first column. 
The sentence, “The story was excellent and the acting was awe-
some,” for example, would be put in the database as shown in 
Table 2. The KWIC file was useful in our content analysis and 
will be discussed in the next section.

A second output file from CAINES, a Microsoft Excel file, 
consisted of ID number, grade categories (overall, story, acting, 
directing, and visual), review title, reviewer name, review date, 
and movie title for each review. The file was in Microsoft Excel 
format. We were able to use this file as input into the Statistical 
Package for the Social Sciences (SPSS) where we conducted  em-
pirical analysis.
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3.2 methodology: Content analysis

We used an inductive content analysis approach to create 
positive and negative constructs to measure the data in the movie 
reviews. Inductive content analysis is often conducted by first ex-
amining patterns in data and then seeking to make sense of those 
patterns [e.g., 42]. There are several psychological studies that 
provide checklists of adjectives that relate to various human emo-
tions that can help us in understanding the valence of the reviews. 
Russell and Carroll [43] illustrated the concept of ‘bipolarity’ in 
positive and negative affect. Some examples are elated vs. de-
pressed, satisfied vs. dissatisfied and many more. Diener and Em-
mons [18] separated affect words in two broad categories’ such 
as pleasant and unpleasant. The affect categories for pleasant are: 
happy, joy, pleased, enjoyment/fun, glad, delighted, and content-
ed. The categories for unpleasant are: angry, fear/anxiety, frus-
trated, depressed, annoyed, sad, and gloomy. These words help 
us understand mood categories as we begin to analyze our movie 
reviews for content. 

In order to identify terms (word and phrases) to help us con-
duct inductive content analysis, we need to look at the words and 
phrases in the movie reviews. Using the KWIC file, we sorted the 
terms in some of the columns. This helps us see the collections 
of terms that we are interested in with their frequencies. Table 
3 shows some sample rows that contain the term “excellent” in 
column 4.

3.2.1 Overall opinion

Two independent raters were trained to view the KWIC files
of the reviews of the 18 movies. The raters were trained to
analyze the KWIC files row by row of a subset of 15% of the
reviews (about 300 reviews) and document words and phrases 
that signified a positive or negative connotation for that review 
narrative. The raters, who are familiar with movie reviews, then 
worked together and analyzed a complete movie KWIC file to 
ensure they agreed on what signified a positive or negative
word. The raters then worked independently to compile lists
for the positive and negative lexicons. After the analysis, the
raters met to review the keywords. The raters agreed that of
the 207 words generated by their independent work, 66 best
captured moviegoer sentiments. The raters combined all of 
the positive terms to create the ‘positive’ lexicon and all of the
negative terms to create the ‘negative’ lexicon (see Table 4 for the 

lexicons generated). We used Holsti’s [28] method to demonstrate 
interrater reliability. 

PAO = 2A/nA + nB

PAO stands for the proportion of agreement observed, A is 
the number of agreements between the two raters, and nA and nB 
are the number of words coded by the two raters. Holsti doesn’t 
purport a threshold for high reliability but coefficients above .75 
are generally indicative of high reliability [48, 24]. Based on this 
formula, we observed reliability of .94 demonstrating acceptable 
reliability between our two raters. We attribute our high rankings 
to the extensive training and “dry run” coding sessions.

3.2.2 Likes and dislikes

 In regards to research question 2, we use content analysis to 
examine linguistic phrases and determine if customer satisfac-
tion is displayed through more positive keywords and phrases or 
negative keywords. We applied our lexicons to the movie reviews 
for the following five movies: Spider-Man 3, Shrek the Third, 
Fantastic Four: Rise of the Silver Surfer, The Bourne Ultimatum, 
and Live Free or Die Hard (listed in Table 5). Only movies that 
had our lexicon of keywords in at least 4 of the 5 movies were 
used in the analysis. For example, the phrase ‘very poor’ from 
our negative lexicon was represented in Fantastic Four, Live Free 
or Die Hard, Shrek the Third, and Spiderman 3, but not Bourne 
Ultimatum. To ensure reliability when coding movie reviews, 
we used computer-aided content analysis. The computer-aided 
technique is preferred since many unstructured texts can be ana-
lyzed with perfect reliability and without bias in a shorter period 
of time than manual coding. Specifically, we relied on CAINES. 
In less than 10 seconds, CAINES was able to extract our lexi-
con of terms from a movie. CAINES is attractive because it has 
been used in previous research analyzing documents from several 
online sources including web blogs, customer reviews, business 
and government reports, and online news articles. In addition, the 
system can efficiently handle analyzing word frequency, co-oc-
currence information, and extracting unstructured text to create 
explicit information. 

3.3 methodology: empirical analysis

 The eWOM reviews from our 18 movies were sorted by
story, acting, directing, and visual to determine which factor
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was most important. The Yahoo! Movies review system uses
a thirteen letter grade scale from F to A+. We chose positive 
reviews (those with grade of B or higher) and negative reviews 
(those with grade D or lower) to explore the driving forces be-
hind those extreme reviews. To answer our first research
question that through information extraction, we could find
the most important criteria for consumers, we used the letter 
grades from our dataset of 18 movies (see Table 1). From the 
20,679 reviews, we correlated the grades of each of four cate-
gories: story, acting, directing, and visuals with the overall
category ranking. Since the ratings are in letter grade format,
we coded each possible grade, from N/A to A+, to a 0 to 13 score 
in SPSS 17.0.

4. reSultS

4.1 what consumers feel is most important

For our first research question, to find out what is most im-
portant to moviegoers we conducted empirical analysis of the 
letter grades of all 18 movies. Our empirical analysis shows us 
that among the four elements, story is the most important and 
directing is the second most important in correlation to the over-
all grade of the movie. Overall grade is correlated with story at a 
level of .700 (p<.01), the highest correlation with overall grade. 
Acting and visual take the 3rd and 4th places based on correlation 
to the overall grade of the movie (Table 6). Based on these re-
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sults, moviegoers feel storyline is most important when forming 
an overall opinion of a movie.

Deeper content analysis allowed us to reveal, in the moviego-
ers own words, what they liked most about the storyline. In Live 
Free or Die Hard, some of the sentiments are “has a good story 
line and you don’t have to see the first two”, “a very good story-
line, superb cinematography”, “Good story, great action and pure 
kick a** entertainment”, “movie ROCKS!!! Good story, great 
special effects”, “Good story, good action, plenty of humor, Must 
see!”, and “GOOD STORYLINE, AND IT WAS AN ACTION 
PACKED THAT WAS WORTH SEEING”.
 We next tested our research question concerning customer sat-
isfaction. We used CAINES to analyze the content of the reviews 
by our positive and negative lexicons. External validity of our 
content analysis was confirmed by the five focal movies from our 
set with a large number of comments to examine our constructs of 
interests (see Table 7). After using our computer aided text analy-
sis, we were able to determine frequencies in which our positive 
and negative keywords and phrases appeared in each of our five 
movies. For example, out of the 944 reviews analyzed for Shrek 
the Third, there was a mean of 212.61 instances of positive and 
42.07 negative keywords.

4.2 positive lexicon

 Frequency words and phrases from the positive mood lexi-

con are listed in Table 8. These words indicate some of the
most popular ways to express their sentiments towards a movie
in our sample. Interestingly, we find that phrases that would
encourage others to see the movie are not as frequently cited
as words simply evaluating the movie. For example, words such 
as “great,” “fun,” and “better than the first two” round out the 
top five with frequencies of 2661, 1943, 1674 respectively. Words 
indicating more recommendation sentiments fall into the lower 
quartile. Key recommendation words such as “must see” (158), 
“watch this movie” (98), “worth watching” (41), and “hard 
to beat” (6), have lower frequencies than the more evaluative
comments. 
 The word “good” was the highest ranked word even after sub-
tracting instances where “not” was the word in front of good. The 
movie Fantastic 4 ranked as one of the highest in terms of occur-
rences and statements like “She is a good actress who wasn’t used 
right.”
 Some statements were repeated verbatim such as, “a good 
comic book adaption”, “a good comic book movie”, “a good 
family film”, and “a good family movie”. At least ten times, the 
phrase “a good job” was used to say what an actor, director, the 
film itself, or cast did a good job, such as “of creating the effects”, 
“on the silver surfer”, with his character”, and “of retelling the 
classic”.
 We considered “action packed” to be a positive phrases
because of the ways in which it was used in context of the
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reviews. In the movie The Bourne Ultimatum consumers men-
tioned, for example, “Overall, it’s an action packed and en-
joyable movie,” “amazing and intense action packed entry,”
action packed from beginning to end,” “definite must see,”
“action packed,” something a veteran Bond fan such as myself 
enjoys”, “Action packed, thrilling, and great visuals”, “Action 
packed . . . thrilling . . . the things true Bourne fans have come 
to love”.

4.3 negative mood lexicon

Frequency words and phrases from the negative mood lexicon 
are listed in Table 9. In this set of analysis, similar to the positive 
words, we find that phrases that would discourage others from 
seeing the movie, such as “do not see” (12 occurrences) are not 
as frequently cited as words simply evaluating the movie, such as 
“boring” (319 occurrences). 

Table 8
Evidence of language representing positive comments
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The term long was the most frequent keyword, with an ini-
tial total of 590. A deeper content analysis revealed that over
100 of those in Live Free or Die Hard were in relation to an
actor in the movie with the last name “Long.” Other comments 
including the word ‘long’ were “dragged on too long.” In Shrek 
the Third reviewers mentioned how “long the lines were” and
that the movie was “2 hours long,” “movie went on too long,”
and therefore several people said to wait to see the movie once
it is on DVD. In contrast, some thought Shrek the Third was
“too short.”

The online reviewers state that a movie, such as stated in Shrek 
the Third, with “predictable plotlines,” “predictable quotes,” are 
“predictable climax” and considered negative attributes of a mov-
ie. “Boring,” “stupid,” “poor,” and “terrible” were common words 
used in negative comments.

To empirically test that we have distinct positive and nega-
tive keyword lexicons we conducted a one-sample t test. CAINES 

was used to count each occurrence of each lexicon keyword in 
all of the movie reviews (words in Table 8 and 9). The average 
of the total occurrences of each lexicon made up the positive and 
negative constructs. Table 10 displays our average word count, 
standard deviation, correlations, and t statistic for each of our two 
constructs. We compared each construct with a one-sample t test 
with a test statistic of zero. A test statistic of zero would indicate 
no evidence of positive language in a movie review. Positive mov-
ie review keywords were detected in our sample of five movies 
(mean=134.33, t=4.590, p<.05). In the negative category we also 
received favorable results (mean=65.44, t=4.177, p<.01). Thus, 
there was statistically significant evidence that distinct positive 
and negative keyword constructs were derived from our overall 
set of data. Therefore, our research question concerning the de-
tection of positive and negative reviews and sentiments could be 
answered with CAINES. Results show moviegoers wrote more 
positive than negative reviews.

Table 9
Evidence of language representing negative comments
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5. dISCuSSIon

 Our findings suggest that using a system such as CAINES 
can drastically increase the amount of web-based text that
can be analyzed and decrease the amount of human depen-
dency that some researchers have faced [e.g. 35]. From an
information systems researcher point of view, CAINES is
the system of choice when the goal is to reduce human effort
in analyzing unstructured text in a variety of information ex-
traction and retrieval projects. Using an unbiased system such
as CAINES will yield reliable and repeatable results versus
using humans to code reviews. This project reduced the time
to categorize and analyze over 20,000 reviews. CAINES pro-
cesses for less than 10 seconds for each movie. For example,
in less than 10 seconds, CAINES was able to filter through all 
8,626 reviews for Spider-Man 3 and extract all pertinent key-
words. 
 Studies in the motion picture industry have found that many 
factors, such as star power and critics movie reviews, seem to be 
important to financial success [22, 34]. Our results clearly show 
significant support that storyline drives eWOM reviews of box 
office movies. Furthermore, reviewers do tend to encourage or 
discourage others from seeing the movie. 
 We were also able to focus more on the actual human linguis-
tics, thoughts, feelings, and mood of the moviegoers whereas 
other studies have not been able to do this. For example, the con-
sumers in our sample express more evaluative comments such as 
“better than the first two” in their reviews and phrases such as “do 
not see” as means of discouraging others from going to see the 
movie. Based on our frequency analysis of such phrases, more 
evaluative comments were left, yet the recommendation phrases 
were still profound. 
 Our information extraction and content analysis followed a 
mainly inductive approach where two independent raters extrapo-
lated words from the reviews and then devised lexicons for posi-
tive and negative movies. However, deductive content analysis 
could be used in future content analysis research. In a deductive 
approach, the researchers would create the appropriate lexicon 
for the constructs apriori, before examining any of the narratives. 
This would potentially increase the use of information systems 
and lessen human effort.
 Future researchers can use our lexicon of positive and negative 
terms in their work analyzing box office movies, without going 
through the labor of creating a new lexicon. Our lexicon had high 
interrater reliability and encompasses exact feelings and thoughts 
of moviegoers. Our study was more exploratory in nature and the 
inductive analysis gave us the power to focus on the specific con-
sumer words. We also were careful to ensure that there were no 
duplicate entries by any one user for a particular movie by analyz-
ing usernames.

6. ConCluSIon
 Our contribution to the information system research is in how 
we use computer technology to extract over 20,000 movie reviews 
from a Web 2.0 based forum and automatically assign the reviews 
based on a positive or negative valence construct. Using our tech-
nique we found that consumers leave more positive than negative 
comments overall and those reviews were driven by the storyline. 
This is an important contribution because computer technology 
lessens the human resource as some researchers have conducted 
this type of categorization manually. Future research in this area 
would be to further identify the motivations for moviegoers to 
write reviews. 
 Managerial implications are plentiful in our research since 
eWOM can be so substantial. For example, 81 percent of partici-
pants in an online survey said their perceptions are influenced to 
a positive extent by WOM in business to consumer environments 
[2]. Hung and Li [29] showed that in a consumer-to-consumer 
environment, eWOM may trigger variety-seeking and excessive 
buying to an informed consumer, but eWOM may facilitate selec-
tive buying to an uninformed consumer. Therefore, it is important 
for managers to keep abreast of feedback in eWOM communities 
and learn from the comments. 
 Negative messages in a social network environment are shared 
at a drastically higher rate to an average of 17 people versus an 
average of 11 people for positive experience messages [17]. It’s 
also been shown that name changing and reregistering is fairly 
easy to do [14]. Therefore, negative customers can be difficult 
to get rid of in a virtual environment so it’s best to create strong 
relationships with the positive customers. Negative statements 
can spread fast and organizations must mitigate these situations 
as quickly as possible to prevent a negative reputation and lower 
economic benefit. Comparing to relying on employees to read and 
code reviews one at a time, managers can use CAINES to quickly 
filter online comments, identify negative feedbacks, and take re-
actions correspondingly. 
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