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Introduction: Pre-launch advertising communications are critical for the early

adoption of experiential products. Often, companies release a variety of advertising

messages for the same product, which results in a lack of information consistency.

Research on the e�ect of advertising communications with di�erentmessage content

is scarce. Further, most studies on information consistency rely on experimental

methods, leaving the actual e�ect of consumer response on product adoption

unknown.

Methods: Treating online comments to movie trailers as consumer response to

advertising communication, we propose a natural language processing methodology

tomeasure information consistency. We validate our measurement through an online

experiment and test it on 1.3 million YouTube comments.

Results: Our empirical results provide evidence that information consistency driven

by trailer-viewing is a key driver of opening box o�ce success.

Discussion: Insights deriving from this study are important to marketing

communications research, especially in contexts where early product adoption is

critical.

KEYWORDS

information consistency, prelaunch advertising, WOM communication, natural language
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1. Introduction

Early adoption is critical for products with short life cycles. This is particularly true in the

case of experiential products, where an experience might be available only for a few days or

weeks (e.g., music festivals, plays movies). Judging the quality of experiential goods before they

are released in the market is a challenging task. To attract consumer interest about an upcoming

experience, marketers invest heavily in pre-launch advertising campaigns (Song et al., 2016).

At times, these marketing communication campaigns entail a number of different promotional

messages, aimed at attracting different segments of the target market. To illustrate this with

an example, the trailer campaign of the latest Planet of the Apes movie featured nine different

official trailers, which followed different characters. While this strategy might help minimize

quality uncertainty, being exposed to different information might cause confusion and harm

product adoption.

Consumer response directly driven from advertising is visible online in the form of

word-of-mouth (WOM) communication. Consumers’ online communications on the various

social media platforms provide marketers with the opportunity to gain access into consumer

response. For instance, the release of a new trailer can receive thousands of views in 1 day and can

further spark consumer engagement in the form of likes, dislikes, comments etc.,. Monitoring

and analyzing these forms of communications helps marketers anticipate future product sales.

Social media response to advertising communications has lately engaged researchers (Mafael

et al., 2021). Yet, studies have not focused entirely on the effect of pre-launch advertising, when
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little other information about a product is available. WOM research

has identified popular metrics which drive product adoption (e.g.,

volume, valence) (Dellarocas et al., 2007), yet current methodological

advances, such as text mining and linguistic analysis, allow for richer

insights (Verma and Yadav, 2021).

Further, although word-of-mouth communications research has

examined pre-release WOM to predict sales (Divakaran et al., 2017;

Houston et al., 2018), it does not focus on consumer response driven

specifically by advertising. Additionally, advertising research has

explored the effect of repetitive advertising on consumer attitudes,

brand recall and purchase decision, but most studies examine the

repetition of the same advertising message (Pechmann and Stewart,

1998). Yet, there is evidence that persuasion is achieved through

message uniqueness, but also consistency with prior information

(Mafael et al., 2021). As a result, the effect of a firm’s strategy to

present consumers with different information about an upcoming

product requires further research.

We explore consumer response to trailer advertising on YouTube

and empirically test the relationship between information consistency

and opening weekend box office (BO) performance. Treating WOM

as response to online advertising communications, we develop a

methodology tomeasure information consistency through behavioral

data. Drawing from social psychology theory on individuals’

preference for consistent information (Festinger, 1962; Chapanis and

Chapanis, 1964), we expect that pre-launch trailer campaigns which

manage to maintain consistent opinions will be more effective at

driving early movie adoption.

To set the boundaries of this research, we are not interested

in measuring content consistency among different ads of the same

product (e.g., Becker and Gijsenberg, 2022). Our focus is on

the extent to which consistency is reflected in consumers’ online

communications as a response to different ads of the same product.

We propose a Natural Language Processing (NLP) methodology

by analyzing language variability in a dataset of 1.3 million

YouTube comments on movie trailers. We rely on term frequency-

inverse document frequency (tf-idf), to capture the extent to which

conversations on trailers of the same movie remain consistent

throughout the pre-launch campaign. We validate our proposed

methodology through an online experiment and examine the effect

of information consistency on opening weekend performance.

Controlling for the volume of comments and for product-

related parameters (e.g., sequel, budget), we find support that pre-

release information consistency–regardless of ad content–leads to

higher product adoption. While recent advertising research has

examined the role of content consistency on consumer attitudes

(Mafael et al., 2021) and sales (Becker and Gijsenberg, 2022),

insight on consumers’ information consistency is limited to knowledge

building and communication adoption (Vandenbosch and Higgins,

1996; Zhang and Watts, 2003). We contribute to this line of

research by linking pre-release information consistency to early

product adoption. Our research has methodological implications

for those interested in measuring information consistency through

behavioral data. As research on information consistency relies on

experimental methods and self-report scales, marketers do not have

a way to measure or infer consumers’ information consistency,

unless they collect primary data. In line with the latest marketing

research utilizing text data from consumers’ online communications

(Humphreys andWang, 2018; Berger, et al., 2022), we propose a novel

methodology for the measurement of consistency.

Finally, our findings offer contextual implications for movie

marketing theory and practice. Extending prior BO prediction

models which rely on online buzz metrics (e.g., search, volume,

likes) (Houston et al., 2018; Kim, 2020), we establish an important

parameter that predicts early BO performance. Our research provides

directions to marketing managers on the importance of maintaining

consistent perceptions throughout the pre-launch phase of the

movie. Our proposed methodology may be adopted as a social

listening tool to analyze early audience response to online advertising

communications and reshape strategic decisions accordingly.

2. Literature review and theoretical
background

2.1. Advertising communications and
information consistency

While persuasive communications research has examined

the role of repeated advertising in shaping consumer attitudes

(Haugtvedt et al., 1994; Kronrod and Huber, 2019), the majority of

studies are conducted with the repetition of identical ads (Cacioppo

and Petty, 1985). Few studies have examined the role advertising

consistency on consumer behavior. Advertising messages which are

consistent to prior messages by the same brand are more easily

assimilated (Kilgour and Koslow, 2009), generate positive WOM

(Mafael et al., 2021), and drive sales especially for smaller brands

(Becker and Gijsenberg, 2022). These findings, however, focus on ad

message content and do not offer insight on consumers’ perceived

information consistency as a response to advertising.

Our conceptualization of information consistency is borrowed

from information systems research and refers to “the extent

to which new information is consistent with prior knowledge”

(Zhang and Watts, 2003, p.102). The concept of consistency is

based on Festinger’s (1962) theory of cognitive dissonance, which

conceptualizes the psychological discomfort we experience when

we are exposed to new information that contradicts our prior

knowledge. In order to avoid cognitive dissonance, individuals strive

for consistency (Chapanis and Chapanis, 1964). Consistency leads

to more favorable attitudes (Tormala and Clarkson, 2007), while

information that is inconsistent with prior knowledge is met with

resistance (Zhang and Watts, 2003) and is considered less credible

(Cheung et al., 2009).

According to theories of learning through assimilation,

information consistency aids in mental model maintenance (Piaget,

1954; Vandenbosch and Higgins, 1996). Information systems

research has examined the role of information consistency on

learning (Vandenbosch and Higgins, 1996) and knowledge adoption

(Zhang and Watts, 2003) as a response to communications. Yet,

current marketing communications research (Mafael et al., 2021;

Becker and Gijsenberg, 2022) has not explored the role of perceived

information consistency as a response to different advertising

messages, in driving product adoption. Our research addresses

this gap by examining consumer response to trailer advertising

on YouTube, in an attempt to measure whether conversations on

different trailers of the same movie are consistent and to test the

effect of consistency on actual movie sales.
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2.2. Online WOM communication and
product adoption

WOM is considered the most effective form of marketing

communications. Representing a form of earned communications, it

is more credible and trustworthy (Gu et al., 2012). Research on the

effect of WOM on product adoption or product sales is exhaustive

(Verma and Yadav, 2021). Researchers have utilized WOM reviews

on a variety of product categories to gain insight on how different

metrics can predict product sales. WOM volume and valence are

by far the most popular metrics in traditional WOM research

(Godes and Mayzlin, 2004; Hartmann, et al., 2022). Aside from that,

researchers have explored other metrics such as review variance (Yin

et al., 2022), credibility (Wang et al., 2022) helpfulness (Chou et al.,

2022), narrativity (Van Laer et al., 2019) and relevance (Biswas, et al.,

2022).

While most WOM research focuses on reviews shared after

the release and use of a product, some products heavily rely

on pre-release WOM. As such, researchers have recognized the

importance of pre-release WOM and have shifted their interest

toward communications shared prior to the release of a product.

Consumers’ speculations about an upcoming product are evident

online in the form of pre-release buzz (Houston et al., 2018). Pre-

release buzz, which reflects consumers’ anticipation (Hennig-Thurau

et al., 2012) is critical for the success of products with short life

cycles, especially experiential ones, such as movies or video games

(Marchand et al., 2017; Bogaert, et al., 2021).

WOM communications research has contributed a lot of insight

into how marketers can leverage and analyze pre and post-release

WOM to draw insight on consumer response and anticipate product

sales. Yet, the majority of studies look at WOM as an emerging

phenomenon and do not take into account the potential effect

that advertising might have on WOM communications. Indeed,

advertising andWOMare considered by some as opposingmarketing

techniques and researchers have examined the two forms of

marketing communications in an attempt to identify the superiority

of the one over the other in driving sales (e.g., Feng and Papatla,

2011). However, advertising and WOM can also be treated as

complementary marketing activities. Recognizing that advertising

communications can spark online WOM, some researchers study

advertising as an antecedent of WOM (Thorbjørnsen et al., 2015;

Joshi and Musalem, 2020), or examine their joint effect on product

adoption (Bruce et al., 2012). Notably, these studies explore post-

release WOM communications, but advertising has also been found

to shape early opinions (Fay et al., 2019).

In practice, prior to a product’s release, consumers may draw

information from advertising and may express their anticipation

through pre-release buzz. We thus examine WOM communications

driven by pre-release advertising in an attempt to extract information

consistency and test its effect on product adoption.

2.3. Movie advertising communications

Themovie industry is selected as an appropriate research context,

since product success heavily relies on pre-launch advertising and on

pre-release WOM. Extant movie research indicates that advertising

influences consumer expectations and consumer behavior (Moul,

2007) and drives both short and long-term performance (Lee et al.,

2021). Out of all the sources that consumers consult before making

a movie-going decision, the trailer is the most popular one (Boksem

and Smidts, 2015). Trailers are considered to be the most effective

form of movie advertising (Kernan, 2004), as they minimize quality

uncertainty in the pre-release phase of a movie (Schroll and Grohs,

2019). Studies focusing specifically on trailer campaigns identify a

positive influence on movie preference (Boksem and Smidts, 2015),

purchase intentions (Archer-Brown, et al., 2017) and movie revenue

(Hennig-Thurau et al., 2007; Gong et al., 2011).

Studios typically release multiple trailers for the same movie.

These aim to spark audience anticipation, which is often expressed

in the form of pre-release WOM. While studies on pre-release

WOM have explored the effect of volume and valence on box office

performance (Bogaert, et al., 2021), the majority of movie research

looks at WOM communications as an emerging, rather than ad-

driven, phenomenon (e.g., Castillo et al., 2021). As such, trailer

response has rarely been examined through WOM data. The few

studies that do analyze trailer response are either concerned with

unveiling the intention to see a movie (Craig et al., 2015) or with

detecting spikes of activity in pre-release WOM (Gelper et al., 2018).

As such, there have been recent calls for research to understand how

YouTube data can be used in BO prediction (Ahmad et al., 2020;

Bogaert, et al., 2021).

The literature review revealed four important research gaps.

First, there is an evident lack of research on pre-launch advertising,

especially for products with short life-cycles whose success heavily

relies on early adoption. Second, while there have been a few

studies that explore the effect of ad content consistency on consumer

behavior, to our knowledge, there is no research examining the

effect of perceived information consistency as a result of advertising.

Third, persuasive communications research on the effect of repeated

advertising has not focused on the effect of ads with different message

content. Fourth, we identified a context specific gap in the area of

movie WOM research, which focuses on pre-release WOM volume

to predict early BO performance, overlooking other potentially

important WOM metrics. To address these gaps we aim to uncover

the effect of perceived information consistency driven by pre-launch

advertising on early product adoption.

We gain insight into consumers’ information consistency by

treating online WOM as advertising response. In line with social

psychology theory on cognitive dissonance (Festinger, 1962) and with

information systems research on the positive role of information

consistency (Vandenbosch and Higgins, 1996; Zhang and Watts,

2003), we expect that, regardless of trailer content, pre-launch

advertising campaigns which maintain consistent opinions will be

more effective. Driven by findings on the positive effect of trailer

advertising onmovie performance (Hennig-Thurau et al., 2007; Gong

et al., 2011), we anticipate that ad-driven information consistency

observed in consumers’ pre-release WOM communications will

positively influence opening weekend BO performance.

3. Materials and methods

3.1. NLP methodology

We propose a NLP methodology for the measurement of

information consistency. NLP has recently gained attention
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in communication and marketing research as an appropriate

methodology to analyze the abundance of online text data. It offers

the opportunity to explore public opinion (Zhang et al., 2021) or

to observe the evolution of topics in consumers’ conversations

overtime (Yang et al., 2021). We focus on the variability of language

in comments regarding different trailers of the same movie. We

assume that campaigns that feature high (low) variability in their

conversations reflect low (high) consistency. Term frequency–

inverse document frequency (tf-idf) is a measure which identifies

how relevant a term is to a document across a number of different

documents. Its main use is to investigate the similarity among

different text documents (Adar and Adamic, 2005) and to serve as a

statistical comparison measure (Humphreys and Wang, 2018).

Tf-idf is measured by multiplying the term frequency with the

inverse document frequency of a term across a set of documents

(Sparck Jones, 1972). For a term i in document j, tf-idf is calculated

as follows:

wi, j = tfi, j × log

(

N

dfi

)

Where tfi,j = number of occurrences of term i in document j

N = total number of documents

dfi = number of documents containing i

This way, a term’s popularity is offset by the number of

documents that include that term. As such, terms that are common

in every document rank low, while terms that are common only in

one document rank high.

We compile a separate corpus for each different movie. Each

corpus N consists of a number of documents j which reflect

the comments associated with each YouTube trailer in a movie’s

campaign. Movies that feature only one trailer in their pre-release

campaign will only have one document. Each document j consists

of a number of different terms (words) i, which may also appear

in the rest of the documents across the corpus. To illustrate this

with an example, the movie Power Rangers featured three trailers

(documents) in its pre-release campaign. Each document had a list

of terms that were used to describe the corresponding trailer, and

naturally some terms overlapped. The term “Becky” was mentioned

406 times in total across all documents (374 times on trailer 1, 3

times on trailer 2, and 29 on trailer 3). This term had a low tf-idf.

Conversely, the term “Halsey” which was also a popular term in the

corpus of Power Rangers, since it occurred 389 times, was only present

in the conversation about trailer 1. This term had a high tf-idf.

Since tf-idf reflects the variability of terms, we assume that high

average tf-idf signifies a relatively low consistency and vice versa.

To reflect this inverse relationship between the tf-idf metric and

consistency, we calculate information consistency for each corpus

(movie) as follows:

CONSISTENCY = 1−

(

1

N

N
∑

i=1

wi, j

)

Where wi,j = tf-idf for each term i across all documents j

N = total number of terms in corpus.

We next perform our proposed methodology on our YouTube

dataset and validate it through an online experiment.

3.2. Data, variables and measures

Our dataset consists of 1.3 million YouTube comments collected

during a two-year period (November 2015–December 2017). We

focus on this time-period to eliminate any potential bias caused by

the closure of theaters due to the pandemic. To ensure the best

possible consistency between our dataset and the current industry

setting, we selected a time-period where trailers were the main form

of movie advertising (Karray and Debernitz, 2017) and YouTube–

our platform of choice–was themost popular trailer-viewing platform

(Oh et al., 2017). Both these points still apply today (Duo, 2022;

Epting, 2022). We collected comments for all wide-release movies

(n = 143) whose pre-release campaign started and ended within the

data collection period. We initiated a data collection query for every

new teaser or trailer (n = 413), from the day that it was released

on YouTube until the movie’s release date. We mined YouTube

comments through YouTubeData Tools (Rieder, 2015), for all official

videos that received over ten thousand views by the release dated of

the movie.

We cleaned the data by removing stop-words, HTML signs and

non-English words. We then performed bigram detection and kept

the bigrams that occurred at least twice in our dataset. A bigram is

defined as a sequence of two words. The lead researcher manually

scanned the remaining bigrams and accepted those that are typically

used as one word or phrase in the context of movies (e.g., term

a: “Brad,” term b: “Pitt,” bigram: “Brad_Pitt”). This was more often

actors’ names or movie titles. The final dataset consisted of 52,541

unique terms, including the bigrams.

Information consistency was measured through NLP analysis.

We also noted the number of documents involved in the calculation

of each movie’s tf-idf, which equals the number of trailers for each

campaign. After removing three outliers, the number of trailers

followed a normal distribution. Naturally, movies with just one

trailer returned a tf-idf value of 0. Excluding those movies from our

dataset would create a misrepresentative sample. For this reason, we

set consistency for those movies at the sample mean. Information

consistency was independent from the number of trailers (r = 0.011,

p= 0.896).

Our dependent variable was measured by the opening weekend

BO performance in $ million. We controlled for ad awareness

reflected in WOM volume which is a strong predictor of early movie

adoption (Craig et al., 2015; Houston et al., 2018). We also collected

data on a number of movie-related parameters which have been

found to influence opening BO performance (e.g., Karniouchina,

2011; Gelper et al., 2018; Houston et al., 2018). Table 1 presents the

operationalization of variables.

Before testing our model, we ran a preliminary analysis to

validate our proposed measurement methodology through an

online experiment.

3.3. Preliminary analysis

3.3.1. Materials and procedure
To validate our proposedmeasurement of consistency we selected

twomovies from our dataset which featured high and low consistency

values. We took steps to eliminate bias and potential confounding

factors by selecting two movies that featured the same pre-release
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TABLE 1 Operationalization of variables.

Variable Description Source References

LN_BO opening weekend BO performance in $ million; log-transformed Box office mojo

Houston et al., 2018

CONSISTENCY reverse calculation of average tf-idf YouTube n/a

LN_VOL total number of comments shared for all trailers of each movie in the

pre-release phase; log-transformed

YouTube

Houston et al., 2018; Divakaran et al., 2017

LN_BUDGET the movie’s production budget in $ million; log-transformed Box office mojo

Divakaran et al., 2017

SEQUEL 1 if movie is a sequel, otherwise 0 Wikipedia

Craig et al., 2015

RATING 1 if movie is rated PG or PG-13 by the Motion Picture Association; 0 if

movie is R-rated

Box office mojo

Hennig-Thurau et al., 2015

STAR 1 if movie includes at least 1 star who was featured in IMDb’s StarMeter in

the year(s) during the movie’s pre-release campaign

Imdb

Karniouchina, 2011

SCREEN number of screens that the movie opened on Box office mojo

Divakaran et al., 2017

CRITIC average rating of movie by professional critics; only pre-release reviews

taken into account

Metacritic

Houston et al., 2018

n/a= To the best of our knowledge, there are no exemplary studies measuring consistency through WOM.

signals and the same number of trailers. Kong Skull Island (Kong) had

a high information consistency, while Jack Reacher: Never Go Back

(Reacher) had a low consistency.

We recruited 420 workers from Amazon Mechanical Turk who

were exposed to one of the two different pre-release trailer campaigns

consisting of three different trailers. We followed a between-subjects

design to avoid contamination of data due to boredom or reduced

attention, consistent with similar prior research (Rethans et al., 1986;

Haugtvedt et al., 1994). Participants were randomly assigned to one

of the two conditions. Participants were aged between 25 and 39

years old, consistent with the most frequent movie-going age group

(MPAA, 2020). To ensure that participants could confidently process

information on the trailers, we filtered out those that were not fluent

in the English language. To ensure that participants were not familiar

with the actual movie and to simulate a pre-release setting as best

as we could, we filtered out those who had seen the movie they

were assigned to. To simulate the advertising campaign, trailers were

shown in their actual order of release. Participants were then asked to

answer a set of questions after watching each trailer.

3.3.2. Measures
To assess the validity of our proposed measure, we collected

respondents’ comments on each trailer through a thought-listing

task. Thought-listing is a standard process in studies on cognitive

response to advertising and persuasive communications (Rethans

et al., 1986). Since our aimwas to simulate the process of commenting

on YouTube, we asked respondents to list whatever thoughts, ideas,

or reactions they experienced while watching the trailer. This process

was repeated for all three trailers in each condition. We then treated

the collection of thoughts for each trailer as one document, and the

collection of documents (n =3) for each movie as one corpus. We

derived two separate corpora for the two separate conditions and

extracted the information consistency for each corpus–movie in a

similar fashion to our analysis of the YouTube comments.

To assess whether the actual attitude toward themovie changed as

a result of trailer viewing, we measured Product Attitude on a 3-item

7-point semantic differential scale (very bad–very good, like–dislike,

negative–positive), consistent with prior research on ad repetition

(Rethans et al., 1986). The first item was reverse-coded. We repeated

this after each trailer. The scale was reliable (Cronbach’s a: 0.916 for

Trailer 1; 0.907 for Trailer 2; 0.946 for Trailer 3).

To measure the Perceived Consistency across the three trailers,

we adapted the information consistency scale from relevant prior

research (Zhang and Watts, 2003) (see Appendix A). Respondents

were asked to report the extent to which the second and third trailer

was consistent with their initial assumptions, on an 8-item 7-point

scale (to no extent–to a great extent). Items 4 to 8 were reverse coded.

The scale was reliable (Cronbach’s a: 0.796).

3.3.3. Experimental results
Eighteen workers failed the attention checks and their responses

were excluded from the dataset. The remaining 402 cases were equally

split between each condition (n= 201).

The text from the thought-listing task was cleaned and analyzed,

similar to the analysis of the YouTube dataset.We derived a codebook

of a total of 1,351 unique terms and bigrams and applied it to

all text documents. Although comments on Kong exhibited higher

Consistency (0.9917) compared to Reacher (0.9892), the difference

was not as prominent as our YouTube dataset (ConsistencyKONG =

0.9934;ConsistencyREACHER = 0.6784). Thismight be attributed to the

general excitement of trailer-watching experimental tasks or to the

fact that the volume of comments in the experiment was controlled

and was therefore identical in the two conditions.

Results revealed that the mean Product Attitude extracted after

each trailer demonstrated higher fluctuations for Reacher (low

consistency condition), compared to Kong (Figure 1).

To confirm that attitudes toward Reacher exhibited higher

variation than Kong as a result of trailer exposure, we performed
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FIGURE 1

Mean product attitude after exposure to each trailer.

paired-samples t-tests between the three trailers of each movie.

Tables 1, 2 present the results. Indeed, significant mean differences

were observed between all pairs of Reacher’s trailers. Conversely,

mean differences in product attitudes after each trailer exposure for

Kong were not significant. These findings suggest that perceptions

formed throughout Kong’s campaign remained fairly consistent

compared to Reacher.

Additionally, participants exposed to the Kong campaign,

exhibited significantly higher perceived information consistency (M

= 5.31, SD= 0.95) than those in the low consistency condition (M =

5.08, SD= 1.11), t(400)= 2.28, p < 0.05.

Findings from the online experiment were in line with our

expectations on the two conditions and provided appropriate

validation of our proposed measurement.

4. Results

We proceed with our analysis of behavioral data to test the effect

of information consistency on early adoption. Our sample consisted

of 413 trailers, advertising 143 movies. Each campaign featured

between 1 and 8 trailers, with an average of 3 trailers. After removing

three outliers due to extreme number of trailers in the campaign or

extreme WOM volume, the number of trailers followed a normal

distribution.1 The remaining 140 movies opened to $28 million on

average. On average, each movie received 9.6 thousand comments.

Consistency ranged between 0.584 and 0.998. The average budget was

$68 million. Twenty-nine percent (29%) of the movies were sequels

and 42% included a star featured on IMDb’s StarMeter. Sixty-six

percent (66%) had an age rating of PG or PG-13. Seven of the movies

were not reviewed by professional critics prior to their release. The

average rating of the rest of the sample was 56 out of 100. On average,

movies opened to 3,189 screens. Descriptive statistics and exploratory

correlations are reported in Table 3.

We performed OLS regressions in a three-step process to

observe the incremental effect of consistency. We first entered the

movie-related control variables in a benchmark model and then

1 The number of trailers was completely independent from consistency (r =

0.011, p = 0.896), confirming our decision to exclude it from our calculation of

consistency and from our final model.

added WOM volume, followed by information consistency. The

histogram of standardized residuals and the P-P plot indicated that

the data contained normally distributed errors. The scatterplot of

standardized residuals showed that the data met the assumptions

of linearity and homoscedasticity (see Appendix B). We also tested

Models 2 and 3 including valence, but the parameter was not

significant and did not improve the model’s fit (see Appendix C).

Results are reported in Table 4.

The final model (Model 3) was significant [F(8, 124) = 31.459,

p < 0.01]. Multicollinearity was below critical thresholds; all

variance inflation factors were below 3, with the exception of

the number of screens (3.08). Model fit was good and explained

an extra 5% of variance compared to the benchmark model

(Model 1), bringing the R2 (Adj. R2) from 0.621 (0.603) to

0.670 (0.649). The effect of information consistency was significant

(b= 0.251, p < 0.01), and along with the number of screens

(b= 0.414, p < 0.01), information consistency was the strongest BO

predictor. Adding consistency to the model, made WOM volume

non-significant (b= 0.031, p= 0.710).

In conclusion, movie campaigns which achieved a high level of

consistency were more likely to do well at the BO.

5. Conclusion

This research examined the role of information consistency

driven by pre-launch online advertising communications in

predicting early adoption. We proposed a novel methodology for the

measurement of consistency through onlineWOM communications,

based on NLP and, in particular, on the tf-idf metric. We observed

the language similarity or variability in consumers’ pre-release

conversations relating to different trailers of the same movie. Our

analysis of 1.3 million YouTube comments on movie trailers revealed

that consistency was an important BO predictor. Our findings are

consistent with prior social psychology and advertising research on

the positive effects of consistency (Tormala and Clarkson, 2007;

Kilgour and Koslow, 2009; Mafael et al., 2021). Notably, the effect of

information consistency on product adoption even eliminated the

effect of an established WOMmetric–volume.

5.1. Implications for research and practice

This research offers a number of important theoretical and

research contributions. We position our work within the fields

of marketing communications, social psychology and information

systems. Recent advertising research uncovered the positive effect of

ad content consistency (Mafael et al., 2021; Becker and Gijsenberg,

2022) and market consistency (Pauwels et al., 2022) on consumer

attitudes. We extend this line of research by adopting an information

systems lens and focusing on information consistency instead.

Our findings confirm and extend prior research findings on the

positive effect of content consistency (Mafael et al., 2021; Becker

and Gijsenberg, 2022) to perceived information consistency, found

in consumers’ response to advertising (WOM). To our knowledge,

this is the first study to measure information consistency through

WOM and to link it to actuals sales. By doing so, our research adds

new knowledge to traditional theories of persuasive communications

on the repetition of identical advertising messages (e.g., Pechmann
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TABLE 2 Paired-samples t-tests for product attitude.

Mean SD Mean di�erence t p

Reacher (low consistency condition)

Pair 1 Trailer 1 6.05 1.10 0.34 6.08 0.000

Trailer 2 5.71 1.21

Pair 2 Trailer 2 5.71 1.21 −0.18 −3.42 0.000

Trailer 3 5.89 1.25

Pair 3 Trailer 1 6.05 1.10 0.16 2.88 0.004

Trailer 3 5.89 1.25

Kong (high consistency condition)

Pair 1 Trailer 1 6.02 1.02 −0.05 −0.73 0.468

Trailer 2 6.06 0.96

Pair 2 Trailer 2 6.06 0.96 0.06 0.91 0.364

Trailer 3 6.00 1.20

Pair 3 Trailer 1 6.02 1.02 0.02 0.24 0.809

Trailer 3 6.00 1.20

N, 201; p (two-tailed).

TABLE 3 Descriptive statistics and exploratory correlations.

Mean SD LN_BO CONSISTENCY LN_VOL LN_BUDGET SEQUEL RATING STAR SCREEN CRITIC

LN_BO 2.88 0.96 1 0.548∗∗ 0.618∗∗ 0.571∗∗ 0.438∗∗ 0.239∗∗ 0.304∗∗ 0.763∗∗ 0.299∗∗

CONSISTENCY 0.908 0.09 0.548∗∗ 1 0.672∗∗ 0.322∗∗ 0.080 0.138 0.277∗∗ 0.521∗∗ 0.057

LN_VOL 8.42 1.3 0.618∗∗ 0.672∗∗ 1 0.555∗∗ 0.309∗∗ 0.202∗ 0.291∗∗ 0.646∗∗ 0.128

LN_BUDGET 3.79 1 0.571∗∗ 0.322∗∗ 0.555∗∗ 1 0.353∗∗ 0.215∗ 0.296∗∗ 0.733∗∗ 0.088

SEQUEL n/a n/a 0.438∗∗ 0.080 0.309∗∗ 0.353∗∗ 1 0.035 0.118 0.466∗∗ 0.009

RATING n/a n/a 0.239∗∗ 0.138 0.202∗ 0.215∗ 0.035 1 0.037 0.234∗∗ −0.028

STAR n/a n/a 0.304∗∗ 0.277∗∗ 0.291∗∗ 0.296∗∗ 0.118 0.037 1 0.278∗∗ 0.222∗

SCREEN 3,189 719.54 0.763∗∗ 0.521∗∗ 0.646∗∗ 0.733∗∗ 0.466∗∗ 0.234∗∗ 0.278∗∗ 1 0.144

CRITIC 56 14.23 0.299∗∗ 0.057 0.128 0.088 0.009 −0.028 0.222∗ 0.144 1

SD, standard deviation; n/a, non applicable; ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05.

and Stewart, 1998; Kronrod and Huber, 2019). Our findings suggest

that repetition of different advertising messages for the same product

can also have a positive effect on consumer response as long as they

maintain consistent consumer opinions.

Our finding that information consistency predicts opening

weekend BO performance better than WOM volume also has

important implications for movie research. Extending prior BO

prediction models which rely on online advertising (Lee et al., 2021),

social media engagement (Castillo et al., 2021; Liao and Huang, 2021)

and particularly pre-release WOM (Houston et al., 2018), we point to

a novel metric that can be used to predict early movie success.

Addressing research calls to use text mining tools in marketing

research (Berger, et al., 2022), we propose a novel methodology

for measuring information consistency through the analysis of

behavioral data. By doing so, we overcome potential prior research

limitations and add to two lines of research relying on self-

report scales: (a) general advertising research measuring ad response

(Haugtvedt et al., 1994; Till and Baack, 2005) and (b) information

systems research measuring information consistency (Vandenbosch

and Higgins, 1996; Zhang and Watts, 2003). Our research has

important implications for marketers, and studio executives alike.

Financing a movie is a high-risk investment (Squire, 2016). In fact,

our data shows that the average production budget amounts to $68

million with an average opening weekend of only $28 million. To

minimize risk, studios invest on heavy promotional campaigns. Yet,

there is still evidence that movie marketers struggle to understand

consumer response (Rainey, 2016). This is partly due to the fact that

advertisers’ reports to movie distributors include basic metrics and

do not provide meaningful insight (Johnson and Nicola, 2017). Our

research adds an alternative metric to the mix, which can predict

opening weekend BO.

Additionally, our work offers useful implications for the design

of pre-release campaigns. Although the number of different trailers

was not related to information consistency, the content and the

effect of those trailers on audience response could make or break a

movie. Striving for consistency through a well-designed pre-release

campaign that builds on any prior information, should be a priority

for trailer editors and marketers. Finally, the proposed methodology
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TABLE 4 OLS estimation results on opening weekend BO performance (LN_BO).

Model 1 2 3

Coef. (Std. Error) Beta Coef. (Std. Error) Beta Coef. (Std. Error) Beta

(Constant) −0.789∗ (0.322) −1.439∗∗∗ (0.398) −2.903∗∗∗ (0.591)

LN_BUDGET 0.019 (0.077) 0.016 −0.008 (0.076) 0.009 0.054 (0.076) 0.055

SEQUEL 0.280∗ (0.129) 0.136 0.272∗ (0.126) 0.132 0.389∗∗ (0.126) 0.188

STAR 0.122 (0.112) 0.064 0.086 (0.110) 0.045 0.032 (0.107) 0.017

RATING 0.190 (0.115) 0.096 0.163 (0.113) 0.082 0.178 (0.109) 0.090

CRITIC 0.013∗∗ (0.004) 0.199 0.013∗∗ (0.004) 0.193 0.014∗∗∗ (0.004) 0.213

SCREEN 0.001∗∗∗ (0.000) 0.598 0.001∗∗∗ (0.000) 0.514 0.001∗∗∗ (0.000) 0.414

LN_VOL - - 0.139∗∗ (0.052) 0.186 0.023 (0.062) 0.031

CONSISTENCY - - - - 2.810∗∗ (0.863) 0.251

F= 34.477∗∗∗ 31.984∗∗∗ 31.459∗∗∗

R2
= 0.621 0.642 0.670

Adj. R2
= 0.603 0.622 0.649

n= 133; ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. The number of trailers was not found to be significant and was excluded from the final model.

can be adopted bymovie marketers interested in extracting consumer

response metrics to predict the performance of their movie and of

competitive movie campaigns.

5.2. Limitations and recommendations for
future research

While this study contributes significant new knowledge in the

areas of advertising and WOM communications, it is not free of

limitations.We highlight the most important ones and hope that they

will be addressed in future research. Analyzing the content of trailers

was outside the scope of this research, but trailer content has been

found to influence investors’ decisions (Karray and Debernitz, 2017)

and it would be worth investigating its effect on consumer decisions

and especially on the online ad response parameters examined in

this research.

We did not take into account the frequency of a user’s comments

or the order of trailers. Thus, we have not controlled for the potential

effect of prior knowledge from exposure to earlier trailers of the same

movie. Additionally, earlier trailers are present online for a longer

period and their contribution toward pre-release perceptions might

be stronger or weaker than later trailers. While we used the release of

a new trailer to collect data on YouTube, conversations on an older

trailer do not simply stop with the release of a new trailer. As such,

WOM on the first trailer often overlaps with WOM on the second

and third trailer. We acknowledge potential limitations of predictive

validity by not testing our model using a hold-out sample, such as

the second year of data in our two-year dataset. We hope that future

rigorous big data analysis combined with experimental methods will

address these issues.

Notably, our dataset only included wide-release, blockbuster

movies (e.g., Star Wars, Justice League) aimed at a mass market.

However, limited-release movies, appealing to a heterogeneous

audience might actually benefit from an inconsistent ad campaign,

targeting different audience segments with different trailers (e.g.,

different angles of the movie). Thus, it would be worth exploring

under which circumstances an inconsistent campaign might

be beneficial in order to provide marketing managers with

recommendations on how they can ensure that each audience

segment is exposed to the desired advertising message.

We acknowledge that our data was collected a few years ago

and that technological advances might have changed the way that

audiences interact with online video content. Notably, the pandemic

has instigated significant changes in the movie industry. The closure

of theaters and the rise of streamersmight have encouraged audiences

to shift frommovie-going to streaming. For this reason, we call future

researchers to explore the role of information consistency with more

current data and to focus on movie success metrics other than the

box office.

Finally, we acknowledge limitations of simple NLP-based analysis

compared to deep learning models, especially when it comes to

language used for specific product categories. Pre-release WOM on

movies features a very particular language, and trailer advertising

is unique in the sense that it provides a free sample of the actual

product. For this reason, we call future researchers to explore the role

of online ad response in other product categories, particularly those

that rely on early product adoption.
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