
 
 

 

 

 

 
 

 

 

 

 

Forecasting Consumer Preference of Film Genre 
 
 

 
Michael Thomas Holesh 

 
 

Faculty Advisor: Kent Wicker 
Graduate Liberal Studies 

 
 
 

 
April, 2019 

 
 
 

This project was submitted in partial fulfillment of the requirements for the degree of Master of Arts in 
the Graduate Liberal Studies Program in the Graduate School of Duke University.  

  



 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Copyright by 

Michael Holesh 

2019 

 



iii 
 

Abstract 

Central to the decision of filmmaking and a film’s success is the consumer response to a 

film.  Specifically, in a market with multiple varied alternatives based on genre, plot, and other 

film attributes, the subject matter and the preference of the movie going public becomes 

paramount to attempt to predict.  The performance of films is unique in that results vary widely, 

and, like most art mediums, consumer response is assumed to be largely unpredictable.  The 

research undertaken in this study used past box office returns across difference genres to project 

whether an expected return can be predicted with relative confidence.  

This study attempts to uncover a pattern of film performance correlated by genre to 

understand if these correlations can be relied upon over time and into the future.  The method 

employed in this study examines the 100 largest film releases as measured by box office 

performance for each year over a 20-year period, their economic performance and the trending 

returns over time by genre.  This study then charts these performances by genre and by year, then 

employs a regression analysis for each to confirm if these trends are reliable.  The results of this 

approach show a statistically significant result indicating that consumers do have an expected 

response to certain genres over others.  Chapter six illustrates correlations of performance in 

some genres that are over twice as strong as alternatives.  The resulting correlation coefficient 

scores are as follows:  adventure had a score of .667, action had .780, comedy had .358, 

thriller/suspense had .681, and drama had .457.  This study, the approach and these results 

conclude that a predictable measurable performance can be applied to something as abstract as 

“film genre” to forecast a consumer response. 
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Introduction 

Film has been one of the most powerful mediums of culture in the world for over a 

century. Films have changed public consciousness, have forced change in public policy, have 

impacted how we view ourselves, have inspired imaginations, and have inspired caution.  Film 

expresses a society’s values and aspirations.  The power of film on a national scale is 

demonstrated through the enduring government desire to censor film.  The power of film on an 

individual scale is seen in numerous testimonies of personal experiences.  One such experience 

recalled by actor Robin Williams was how many viewers said they were inspired by his role to 

become teachers in response to Dead Poets Society.  Thus, films impact societies and individuals 

so powerfully people will rearrange their lives in response.   

Due to the pervasive power of film, the filmmaking industry has grown immensely in 

profit and complexity.  Filmmaking studios operate in a market-driven industry.  When a studio 

decides what to film, they are motivated to achieve greatest consumption rather than greatest 

impact.  A film’s consumption and public impact are not necessarily aligned nor inversed.  

Greater box office ticket sales do not necessarily indicate a large social or artistic impact to 

society.  Conversely, weaker box office sales do not always indicate a lack of social impact.  

Still, studios would likely prefer to find a combination of both greatest consumption and impact.  

Most films that are widely consumed and leave an impact stand the test of time and enjoy reruns 

decades after their release.  In this study I wish to focus on the relationship between consumer 

preference of genres over time and whether filmmakers can predict this preference via box office 

statistics.  This analysis will allow a perspective of filmmaker motivations and whether audience 

preferences influence these motivations or not. 
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Tools that inform producers’ decisions of which genre to film include multiple studies, 

economic reports of consumer spending, and analysis of film trends to discern if a pattern can 

emerge from these statistics.  Studios can lose millions on a film with a poor consumer response.  

Thus, decisions on what to film require a detailed analysis to ensure producers remain solvent.  

The film analysis undertaken in this study reviews the 100 largest film releases annually over the 

period 1996 to 2015, the genre of each film, and the box office revenue of each film to confirm if 

a pattern of consumer preference can be forecasted.  Box office revenue is the broadest 

measurement and definition of the market response to a film and the consumer preference for the 

film.  For the purposes of this study, the box office revenue of a film serves as a measure of 

consumer preference.  This study gathered all available film statistics and calculated additional 

variable attributes for each film to give the broadest, most detailed view of the film market and 

box office results.  I then employed a correlation analysis of budget and box office figures in 

context with which film genres were released during the period by the largest studios to 

understand industry market shifts and why these shifts occurred.  The method of this study then 

confirms with regression analysis whether these trends of consumer preference were reliable or 

inconsistent.  This method and analysis reveal that a stronger correlation of budget and box 

office result does exist revealing a more consistent consumer preference for some genres over 

others.   
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Scope 

The scope of this study is limited to the 100 largest films measured by box office revenue 

for every year from 1996 to 2015.  This sample reflects the majority of the film market every 

year in terms of total ticket sales and provides the most accurate view of consumer preference 

data publicly available.  Film data with missing statistics were removed from this sample as this 

can skew analysis to a false conclusion.  This took the sample size from 2,000 films to 1,959.  

Due to the nature of 100 films being only a subset of every single film made in a given year, this 

sample size will inevitably impact the conclusion of this study.  Yet, this data provides the most 

accurate details publicly available, portrays the majority of consumer preference for films in a 

year, and still demonstrates the utility of genre analysis.  Within the sample size there are 194 

films that were not profitable and actually lost money after budget expenditures and box office 

revenue were totaled.  This confirms this dataset did not have a bias toward only profitable films.  

A studio could leverage data that is privately maintained for a broader view and potential future 

research using the method of this study. 
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Current Scholarly perspective 

The traditional perspective on whether consumer response and box office performance of 

a film can be assigned a predictive statistical measurement is that it cannot, or it is extremely 

difficult due to complexity.  Jack Valenti, former President and CEO of the Motion Picture 

Association of America, stated in 1978, “No one can tell you how a movie is going to do in the 

marketplace” (Valenti).  The nature of films and their many varied attributes:  theme, running 

time, settings, actors, rating, etc. require a variety of factors to take into consideration.  Also, to 

determine how to weigh each of these attributes’ impact on the overall film performance is 

nearly impossible to predict.  In traditional industries, market forecast can measure general return 

that can be expected for every dollar spent.  Yet, the nature of multiple attributes in film leaves 

an ambiguity of what to invest more in:  whether actors drive the value of a film, or the critical 

response, production towards longer running time, or social media marketing.  The combination 

of possibilities makes forecasting very difficult to determine what drives consumer response to a 

film.  Taking an approach similar to that of Valenti, cultural economists David Throsby, and 

Arthur De Vany, state in the “Handbook of Economics of Art and Culture,”  

A particular economic characteristic of the movie industry is the fact that it is subject to 

“wild uncertainty”, a phenomenon discussed in detail by Arthur De Vany.  He shows that 

the statistical laws that motion pictures obey are not normal, but stable Paretian.  Each 

movie is unique in itself, very few are successful, though when they are they can be very 

profitable.  Nothing is predictable, in other words “nobody knows”, a property that Caves 

suggests applies to all cultural industries. (Ginsburgh 12) 

Despite this historical perspective, the expansion in statistical analysis and data mining in 

recent decades have given rise to attempts at drawing significance from the relationship of 

individual film attributes and overall film performance.  Marketing PhD, Jehoshua Eliahsberg, 

points out,  
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The motion picture industry has provided a fruitful research domain for scholars in 

marketing and other disciplines. The industry has high economic importance and is appealing to 

researchers because it offers both rich data that cover the entire product lifecycle for many new 

products and because it provides many unsolved "puzzles." Although the amount of scholarly 

research in this area is rapidly growing, its impact on practice has not been as significant as in 

other industries (e.g., consumer packaged goods) (Eliahsberg et al.) 

Thus, the current discussion in this field of study is that films and their performance 

might have a potential to be forecasted.  Instead, the debate has shifted to what the best method 

and best attributes most accurately predict a film’s performance.  The development of scholarly 

research in forecasting box office performance is a brief history unto itself.  Yet, this history is 

interesting when taken into context of time and the evolution of methods employed:  from 1983, 

when lack of technology allowed for only simple studies, to today where machine learning is 

employed (Lee).  Each study conducted, from the earliest to the contemporary, draws 

conclusions that indicate box office performance is not entirely random as Valenti, Throsby, and 

De Vany depict.  The earliest published research into this discipline is broadly attributed to Barry 

Litman and his widely cited, Predicting Success of Theatrical Movies: An Empirical Study.  

Litman’s study simplified the complex landscape of multiple contributing attributes in a film 

and, instead, focused on only individual attributes and their resulting impact on movie rental 

income (Litman).  Litman’s research received criticism then and now due to the primitive nature 

of his methodology.  As stated by Sharda and Delen in their 2005 research publication on film 

performance, Predicting box-office success of motion pictures with neural networks, 

“Most analysts have tried to predict the total box-office receipt of motion pictures after a 

movie's initial theatrical release. However, most (Litman, 1983, Sawhney and Eliashberg, 1996) 

did not get sufficiently accurate results for decision support” (Sharda & Delen).  

https://www.sciencedirect.com/science/article/pii/S0957417405001399#bib17
https://www.sciencedirect.com/science/article/pii/S0957417405001399#bib24
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Nonetheless, Litman’s publication is recognized as the first real attempt at finding a 

relationship between attributes and a film’s performance, via inputs and outcomes.  This laid a 

foundation for later studies with more complex methods including Sharda and Delen’s.  Many 

more studies followed as technology advanced and tools for more complex statistical analysis 

became available.  Kyuhan Lee provides a brief history of the studies to follow in Predicting 

movie success with machine learning techniques: ways to improve accuracy, 

As the movie industry has kept growing since the Litman’s study, the exploration of 

factors affecting movie success has been an interesting research area and thus abounding articles 

have been published within the area. De Vany and Walls (1999); Elberse (2007), and Nelson and 

Glotfelty (2012) have examined the relationship between a main actor’s star power and a movie 

performance. Basuroy et al. (2003) have investigated how critical reviews affect a movie 

success, setting star power and budgets as moderators. Prag and Casavant (1994) have had an 

interest in identifying the relationship between factors such as marketing costs, MPAA ratings, 

and sequels and a movie success.  (Lee). 

Lee goes further to show the complexity of tools and methods employed in today’s 

research compared with Litman, including social media, machine learning, and neural networks, 

…based on the knowledge accumulated from these studies, a few researchers have begun 

to conduct the studies that have the predictive characteristic. For example, forecasting the movies 

that are highly possible to succeed is one of the types of such research. Asur and Huberman 

(2010) have used Twitter data to predict a movie success and Mishne and Glance (2006) have 

predicted movie sales using web blog data.  Especially, studies that adopt machine learning 

techniques have produced prediction models with moderate levels of accuracy (e.g. Sharda and 

Delen 2006; Eliashberg et al. 2007; Zhang et al. 2009; Du et al. 2014). For instance, Sharda and 

Delen (2006) have examined the performance of the logistic regression, discriminant analysis, 

decision tree, and neural networks to forecast movie’s success.  (Lee).  

 Thus, the argument that a film’s consumer response and box office performance is 

impossible to predict has been challenged by numerous studies and, to an extent, proven false.  

Researchers will still concede that to exactly know a film’s revenues and predict it down to the 

dollar is not possible.  Studies state conclusions as trends or generalizations, such as 70% 

confidence and accuracy or 90%.  Exact 100% confidence levels do not exist in this field of 

https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR10
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR17
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR36
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR6
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR39
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR3
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR32
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR43
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR20
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR49
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR15
https://link-springer-com.proxy.lib.duke.edu/article/10.1007%2Fs10796-016-9689-z#CR43
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study but uncovering significant trends and relationships have shown box office performance has 

a degree of predictability.  The variety in the approaches employed to better understand box 

office outcomes has become central to the scholarly debate:  should inputs measured be MPAA 

ratings, social media comments, machine learning?  Yet, each study and its findings comment 

and draw conclusions from others which add to field.  

Analyzing genre preference within this study presents challenges because “genre,” as an 

artistic type or category cannot necessarily be assigned a measure.  Furthermore, conclusions of 

consumer preference for something like a film is typically decided on an individual level.  To 

address this, I consider consumer preference as an entire market response.  The concept of the 

consumer preference for film genre being a mass market decision is supported by Marketing PhD 

Stephen Spiller, and behavioral scientist, Helen Belogolova, in A Matter of Taste:  Consumer 

Tastes and Judgments of Artistic Quality,  

Is a cinephile’s choice between a superhero movie and a romantic comedy a matter of 

which is better or which she likes more?  Understanding whether consumers believe a 

choice set is a matter of taste or quality, is critical because such beliefs affect behaviors 

and inferences. The question of quality versus taste is a question of perceived objectivity 

versus subjectivity…We argue that because consumers who believe a choice is a matter 

of quality see the difference as one that exists in the world independent of their own 

perspective, they will perceive greater consensus than those who view the choice as a 

matter of taste. Moreover, because consumers who believe a choice is a matter of taste 

recognize the role of the match between the option and the chooser, they will be more 

likely to reference themselves when explaining their choice than those who believe a 

choice is a matter of quality. Finally, because consumers believe that quality is an 

acceptable reason to pay more for a product whereas idiosyncratic factors are not (Bolton, 

Warlop, and Alba 2003), they are more likely to be willing to pay for their preferred 

option when it is believed to be a matter of quality rather than a matter of taste. (Spiller) 

This position provides the basic economic concept of an individual consumer and their 

preference; they choose to consume in the context of alternatives.  This is the basic psychological 
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decision any consumer makes.  Spiller and Belogolova indicate there is a decision of “appeal” 

that occurs on an individual level, but it is also influenced by a larger “World independent of 

their own perspective”.  Thus, this individual appeal is reflective of a larger mass appeal, which 

will inevitably translate to greater consumption of a particular movie genre, perhaps “superhero” 

or “romantic comedy” as Spiller and Belogolova’s state.  

The prior ideas of Valenti and Throsby take into consideration too broad a landscape, 

composed of multiple channels of distribution with too many factors:  online streaming, 

rentals/subscription services, DVD sales, etc.  To measure each of these factors requires taking 

into consideration additional data of budgeting and marketing statistics for each of these 

channels independently rather than a single film’s attributes and outcome.  As with all data 

collected, these additional factors and data create a larger variability of correlations and 

outcomes.  An example of a problem with this approach would be a film performing fantastically 

at the box office while poorly in DVD sales.  What if then the film became popular a decade 

later, like in the case of Shawshank Redemption, and the rental statistics were higher?  This 

variability of performance across different channels instead of focusing on one contributes to 

Throsby’s position of “Nothing is predictable”.   

For the purposes of this study a single constituent aspect of the film, the genre, is isolated 

from the larger landscape of attributes to confirm differences in consumer preference of various 

genres.  More specifically, this study reviews the relationship between a film’s budget and box 

office return as a measurement of consumer preference to analyze this correlation.  With 

reference to box office results, De Vany has acknowledged challenges unique to filmmaking that 

inflate costs.  These challenges include “holdups” in scheduling that delay the production 
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process, “reputational” issues that a consumer is less likely to trust a film due to the lack of 

familiarity with an actor or filmmaker, or overpaying an actor or various contributors to a film 

that will inflate a budget beyond feasibility.  These issues, while pertinent, add many nuances 

that make each individual film unique and some of these factors cannot be assigned a numerical 

measurement or representation.  Additionally, every genre category within this sample had films 

that experienced these issues.  With a large enough dataset, these issues will equalize across the 

sample, making them irrelevant to the analyzed result of a larger correlation.   If one genre 

clearly shows a continued consumer preference over another, then there is a significant 

correlation to be leveraged by producers to their advantage. 
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Method 

To begin gathering the data used in this analysis, I accessed available film data on the-

numbers.com website and confirmed this data on boxofficemojo.com.  The data gathered in this 

process included film titles, year of release, studio distributor, genre, creative type, film budget, 

and box office revenues.  A calculation was then undertaken for each individual film’s statistics 

across the 20-year period to provide a clearer picture of the impact each release had on the studio 

that created the film.  Each calculation will be detailed further in this section.  This foundational 

approach to gathering data is common among film research and employed by many in the field 

referenced previously in the current scholarly perspective.  The purposes of applying numerical 

values to a medium like film is a two-fold incentive.  First, the greater number of calculations 

can reveal if a film performed wonderfully at the box office, but perhaps poorly in terms of 

return due to an overly expensive budget.  These results identify exceptions and outliers that can 

be isolated as case studies for specific reasons why they failed or were successful.  The second 

incentive is to determine the performance of a genre across multiple films.  As we have seen, the 

idea of genre is abstract.  Webster’s dictionary defines genre as “a category of artistic, musical, 

or literary composition characterized by a particular style, form, or content” (“Genre”).  While 

genre cannot be necessarily assigned a numerical value, the objective of this study collectively 

measures the box office performance of films by genre category as a comparison across other 

genres.  Thus if the performance of a single film can be derived by the box office results, the 

performance of a genre can be derived by looking at all the films in that category collectively.  

This study employs calculations starting from the very granular details of individual film data to 

the collective details of films released by each studio and each genre category.   
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Creating the codebook 

All the resulting data for this study can be viewed in the accompanying code book.  The 

following outlines the methods by which each data point is derived.  The statistic, Total profit, is 

derived by subtracting Budget from Box Office Revenue figures.  Budget ROI is derived by 

dividing Total Profit by Budget.  Budget ROI (Return on Investment) reflects the amount of 

money earned or lost by film.  When ROI data is viewed in context with other films in the same 

genre, this statistic allows outliers to be easily identified.  Large outliers can skew an analysis 

and results, as previously stated, and possibly removed to attain a more realistic analysis.  

Ultimately, the purpose of this study is to confirm a method that portrays a level of confidence of 

a film’s performance per its genre.  Still, outliers were never removed within this study to 

maintain a base level of data and results, which can be manipulated in future research according 

to need.  An example of Budget ROI outlier effect on the data will be demonstrated later in this 

section.   

The film statistics now in place allow for categorical data to emerge.  These calculations 

include Total Studio Budget for year, Total box office revenue for studio/year, Total box office 

return for genre within a studio, and Percent of studio total return by genre.  These calculations 

were derived by aggregating all the films a studio released in a given year and summing the 

budgets, box office revenues, and profits of those films.  The data for Total box office return for 

genre within a studio took these summations a step further and categorized total film revenue by 

genre.  To determine the Percent of studio total return by genre, the previous two statistics were 

divided for a proportion: Total box office return for genre within a studio divided by Total box 

office revenue for studio/year.  This was undertaken to show how each constituent genre 
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category financially impacted the studio in a given year.  For instance, these statistics allow a 

comparison of whether the aggregate drama releases provided a greater return on investment 

than the aggregate horror film releases. 

 The final section of calculations builds on the previous ones and focuses specifically on 

average statistics by genre regardless of studio.  These statistics include, Mean genre budget by 

studio per a year, Mean genre Box office revenue by studio for year, and Mean Genre Budget 

Return on Investment.  These calculations were derived by categorizing all the films by genre 

category in a given year then averaging the budgets, box office revenues, and Return on 

Investment within these categories.  The Mean Genre Budget Return on Investment is derived 

from these previous two calculations.   

This method of narrowing statistics into categories allows a comparative analysis of not 

only each genre’s general performance, but also with respect to studio distributor.  This data will 

show if one studio’s films underperformed the broader industry for one genre or if all studios had 

poor response in that genre.  An example would be the average of all drama releases in 2015 for 

Universal Studios in respect to the industry average box office revenues.  The data in this sample 

shows Universal had two drama releases with an average budget of 34 million dollars, an 

average box office revenue of 386 million dollars, and an average return on investment of 

1037%, which far outpaces the average performance of other studio drama releases in 2015.  

This inherently can shed light on what returns can generally be expected for each studio from 

alternative genre categories.  This calculation also grants the ability to analyze the correlations 

year to year and over time.  
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Box Plot Analysis 

This study then uses calculation results to create a separate analysis of box plots 

illustrating maximum, minimum, median, first quartiles and third quartiles of the largest genres 

across the sample size, year to year.  This step omitted the genre categories with only a single 

film in the sample, as these were too small to allow this analysis.  This step allows a perspective 

of genre subsets and easily identifiable outliers in an aesthetic visual which will be reviewed in 

later sections of this written analysis.  

Regression analysis 

The analysis of box plots is useful only to a certain extent given the size and scope of 

data.  Calculations showing the predictability of a genre’s performance over time require the use 

of a regression analysis to interpret consumer tastes and breakdown the overall market year over 

year.  In this section, I explain the application of regression analysis with the collected data in the 

codebook.  A hedonic regression analysis was initially executed on the entire sample data to 

confirm if any correlations pervade across all genres over time.  A hedonic regression is a 

method of defining a value to constituent parts of something larger that already has a value.  A 

literal example of where this is applied is a house.   A house has value as a whole, but has many 

constituent aspects that add to this value, the house location, quality of products used in 

construction of the house, the number of bathrooms in the house, the number of bedrooms, etc.  

Each of these attributes vary from house to house but each generally adds more value.  Four 

bathrooms will add more value than three.  A hedonic regression can reveal how much each 

constituent aspects in a house contributes to the overall value of the house by gathering sales data 

for multiple houses as a sample and comparing them:  if the sale price of a house was 150,000 
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dollars, the number of bathrooms contributes 40,000 dollars in the value; the number of 

bedrooms contributes 50,000 dollars in value; so on and so forth until each constituent aspect of 

the house has a defined value adding to the overall 150,000 sale price.  The results of the hedonic 

regression on all the film data reinforced the concept that a lot of variability exists in films and is 

very difficult to identify correlations in such variability.  Thus, a more granular approach of 

measuring budgets and box office correlations for individual genres by comparison was 

undertaken. 

This study primarily employed binary regressions to find correlations between budget 

and box office revenue on a genre basis.  The most detailed analysis available remained the same 

regression results in “summary output” analysis that are produced for hedonic regressions as 

well.  These tables state correlation strength as Multiple R whether measuring two variable 

correlations or multiple.  A two variable regression correlation is typically referenced as a lower 

case r.  Yet, for the purposes of this study, the summary output tables in the codebook provide 

much more in depth information and analysis for two variable correlation strength including 

standard deviation of data, line of best fit on a scatter plot, and number of observations 

measured.  Thus, the linear correlation strength between film budgets and box office revenue for 

all the regressions analyzed in this study are found in the Multiple R field.  An example of this 

analysis will be demonstrated further in this section.   

Many correlation regressions were run in this study to understand if constituent film box 

office performance could reveal significant correlations within and across genres.  The analysis 

produced in the codebook by these regressions displays data and its reliability in this way.  In the 

accompanying codebook, each term used in a regression analysis table and its definition is 
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defined in a reference table at the top of the Budget genre hedonics 96-15 tab.  As stated in this 

reference, Multiple R is also known as the correlation coefficient, which indicates how strong the 

linear relationship is between variables.  Even though these style regressions are typically 

executed on multiple variables instead of two, the Multiple R score reflects the strength of linear 

relationship of two variables as well.  In this study, Multiple R will indicate how predictable a 

film’s box office returns will be per the sample data.  For reference, a Multiple R score of one 

indicates a perfect positive relationship and a value of zero means no relationship at all.  Perfect 

Multiple R scores of one would only exist if each dollar of budget input returned an exact 

amount at the box office every for every film across this sample: a one million dollar film budget 

would result in two million at the box office and two million dollar budgets would result in four 

for another film.  This would result in a correlation coefficient of one, it would be a perfect linear 

relationship, it is perfectly predictable and this of course never happens in reality.  An example 

and application of the significance of correlation coefficient can be explained in the hedonic 

summary and scatter plot below, figures 1a and 1b.   

The table in figure 1a reflects the regression statistics of all action films in this study from 

the years 1996 to 2015 and the strength of the linear relationship between the sample budget 

inputs and sample box office results across these films.  According to this table Multiple R is .78, 

which is relatively strong correlation on the reference scale of zero to one.  Going a step further 

to visually illustrate this, the scatter plot in figure 1b charts each of these 302 films according to 

their budget inputs and box office results.  The line, labeled Linear (Box Office), is the line of 

best fit for all of these data points.  The Multiple R score, the correlation coefficient, conveys 
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how strong the linear relationship of these data points is, and the line in the scatter plot on Figure 

1b reflects this (See the codebook for further details).    

SUMMARY OUTPUT  Budget/Box office Action 
(1996-2015) 

      

Regression Statistics    

Multiple R 0.780259    

R Square 0.608805    

Adjusted R Square 0.607501    

Standard Error 37128700    

Observations 302    

  1a.  (Correlation coefficient example) 

 

   1b. (Linear representation of correlation coefficient strength) 

For the purposes of this paper I will use the term correlation coefficient as the 

measurement of Multiple R.  Regressions were run on the entire data sample from 1996-2015, 

measuring the correlation of budgets for all films as they relate to the box office returns of all 

films.  Additionally, regressions were run on the most recent individual years, 2012, 2013, 2014, 

and 2015 to understand if correlations are growing currently, as these years are the most 
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applicable to today.  Finally, and most importantly, regressions measuring the budget and box 

office relationship were run on each individual year by largest genres: action, adventure, drama, 

thriller/suspense, and comedy.  These are all viewable in the accompanying codebook on the 

Hedonic repository by genre tab.  The results of these regressions were collected to confirm 

which had the highest correlation coefficients for budget and box office for each genre, year by 

year.   

This method integrates all calculations and resulting statistics with the regressions.  An 

additional way this study employs regressions is to identify outliers via ROI (Return on 

Investment).  To scan a huge sample for the largest figures is impossible, yet employing 

regressions to find the lowest correlations can offer clues to where there might be outliers, 

skewing the data.  The following example of ROI outliers can be found in the codebook on the 

“Hedonic repository by Genre” tab in the table, “SUMMARY OUTPUT 2012 Comedy Films”.  

In this table, the box office results of comedy films had a very low correlation by comparison to 

other genres in the same year, .02 in comparison to correlations ranging from .57 to .83.  Upon 

closer examination, two comedy films released in 2012 can be identified with outlier ROI’s.  The 

Best Exotic Marigold Hotel had a return of over 1300%, and Magic Mike had over 2400%.  

These films are clearly box office hits and likely a welcome result for any filmmaker, but these 

films also skew the data when measured alongside other comedy films in 2012.  When both 

outliers were removed, the correlation of results for comedy films jumped seven-fold, offering a 

more realistic view.  This single example is one way regressions assist in understanding the 

statistics calculated in this method.    



18 
 

Significance of the Results  

An initial analysis that reviews correlations in just the budget and box office numbers can 

display the shifts in what types of genre releases each studio had in a year and how their market 

share contracted or expanded due to these decisions.  This analysis is displayed in the example of 

2015 drama films released by Universal.  Given the method employed in this study, this initial 

analysis suggests, but does not fully confirm, a reliably measurable correlation in consumer 

preference of genre.  Confirmation will need to come from using regression analysis outlined in 

the “Hedonic Regression results” section.   

The following reflects the initial analysis and results of budget and box office figures 

prior to regression confirmation.  The observations in figures 2a and 2b below reflect the overall 

budget, overall box office return, and the overall market share of our sample for each studio 2014 

and 2015.  For the sake of ease, the data is collapsed from the 100 individual film returns to the 

studios total return overall in that year.  From 2014 to 2015, radical changes can be gleaned from 

the data in terms of market dominance within the film industry.   
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2a. 2014 overall budget, overall box office return, and the overall market share: 

Studio TOTAL Studio Budget  TOTAL box office return for studio Market Share 

20th Century Fox  $1,425,000,000.00   $5,352,915,564.00  22% 

Warner Bros.  $1,157,500,000.00   $4,295,510,572.00  18% 

Walt Disney  $987,200,000.00   $3,764,369,410.00  16% 

Paramount Pictures  $820,000,000.00   $3,110,362,489.00  13% 

Sony Pictures  $787,200,000.00   $2,504,955,742.00  10% 

Universal  $420,000,000.00   $2,042,337,433.00  9% 

Lionsgate  $365,000,000.00   $1,358,211,112.00  6% 

Focus Features  $75,000,000.00   $235,273,943.00  1% 

Relativity  $72,000,000.00   $166,309,359.00  1% 

Fox Searchlight  $64,000,000.00   $320,026,046.00  1% 

Weinstein Co.  $53,000,000.00   $337,701,294.00  1% 

Open Road  $49,500,000.00   $219,693,693.00  1% 

FilmDistrict  $8,000,000.00   $53,068,955.00  0% 

IFC Films  $4,000,000.00   $57,273,049.00  0% 

Pure Flix Entertainment  $1,150,000.00   $63,777,092.00  0% 

 

2b. 2015 overall budget, overall box office return, and the overall market share: 

Studio TOTAL Studio Budget TOTAL studio Box office return Market Share 

Universal $854,000,000  $6,456,923,488  25% 

Walt Disney $1,451,100,000  $6,128,238,462  24% 

20th Century Fox $1,126,000,000  $3,955,126,776  15% 

Warner Bros. $1,279,600,000  $2,700,079,149  10% 

Sony Pictures $737,000,000  $2,324,457,218  9% 

Paramount Pictures $489,000,000  $1,928,229,585  7% 

Lionsgate $415,000,000  $1,265,835,151  5% 

Weinstein Co. $163,000,000  $599,028,226  2% 

Focus Features $20,000,000  $174,782,669  1% 

Fox Searchlight $21,000,000  $152,460,447  1% 

Open Road $20,000,000  $92,207,359  0% 

CBS Films $26,500,000  $85,695,920  0% 

STX Entertainment $5,000,000  $58,978,653  0% 

A24 $13,000,000  $38,358,392  0% 

Relativity $9,000,000  $21,571,189  0% 

 

Two easy examples that are evident are 20th Century Fox, which lost about a one third of 

its market share of revenue despite a budget reduction of only 20% from 2014 to 2015.  In the 

same period, Universal was able to expand its market share nearly three times while only 
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doubling the budget to do so.  To understand the reason for these changes, a deeper layer of data 

needs to be analyzed.  Audiences respond differently to each film release per their tastes, thus a 

composite of film genres released by each studio needs to be reviewed.  Figures 3a and 3b 

reference the composite portfolios of film genres that each studio released in 2014 and 2015 

respectively.  These composites, when analyzed alongside shifts in the market share, can shed 

some light as to which genres can lead to greater or lesser market share for Universal and 20th 

Century Fox.  From 2014 to 2015 Universal released three additional films, increasing from 12 

to 15, while 20th Century Fox released 15 in both years.  An analysis of these studios’ average 

budget spent by genre type and their choices of which types to release will reveal a relationship 

between the numbers of films released, genre type, budgets, and box office results. 
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3a. 2014 composite of Genre releases      

           

Row Labels Action Adventure 

Black 

Comedy Comedy Drama Horror Musical Romantic Comedy Thriller/Suspense Grand Total 

Universal 4   4 2 1   1 12 

20th Century Fox 1 7  2 3    2 15 

FilmDistrict        1  1 

Focus Features  1   1     2 

Fox Searchlight   1 1 1     3 

IFC Films     1     1 

Lionsgate 2 1   1    1 5 

Open Road  1  1     1 3 

Paramount Pictures 3 2   2 1    8 

Pure Flix Entertainment     1     1 

Relativity  1   1 1   1 4 

Sony Pictures 3   2 4 1 1 2 1 14 

Walt Disney 3 5   1  1 1  11 

Warner Bros. 3 2  3 6 1  1 1 17 

Weinstein Co.    1 2     3 

Grand Total 19 20 1 14 26 5 2 5 8 100 

 

3b. 2015 composite of Genre releases       

Row Labels Action Adventure 

Black 

Comedy Comedy Drama Horror 

Romantic 

Comedy Thriller/Suspense Western Grand Total 

Universal 2 1 1 4 2 2  3  15 

20th Century Fox 4 4  1 3 1  2  15 

A24        1  1 

CBS Films    2      2 

Focus Features      2    2 

Fox Searchlight    1 1     2 

Lionsgate 2    1 1  2  6 

Open Road     1     1 

Paramount Pictures 2 2  1 2     7 

Relativity     1     1 

Sony Pictures 2 3  2 3 1  1  12 

STX Entertainment        1  1 

Walt Disney 2 4   2   1  9 

Warner Bros. 5 4  6 2 1 1   19 

Weinstein Co.  1   2   1 1 5 

Grand Total 19 19 1 17 20 8 1 12 1 98 
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The method of this study then builds on these tables using the data available in the 

codebook.  Box plots can reflect the average performance of each genre above and shed light on 

what figures informed studio’s decisions on what genres to release.  In figures 4a, 4b, 4c, the 

maximum, minimum, median, and first and third quartiles of box office returns are calculated to 

conclude what generally can be expected in a film’s release and the response for three individual 

genres:  Action, Adventure, and Comedy.  This calculation included all film releases for these 

particular genres for 2014 and 2015.  In figure 4a, the median budget on comedy films only 

deviated two million dollars from 2014 to 2015, 28 million and 30 million respectively.  This 

small change, year over year, lends credibility that budgeting and forecasting expenses can be 

planned and generally anticipated when filming certain genres like a comedy.  Meanwhile, the 

median budgets for action and adventure films are consistently three to four times higher in both 

2014 and 2015.  This observation indicates that, when making budgeting decisions, a studio that 

is more constrained on funding might opt for a comedy film over an action or adventure film, 

which require much larger budgets.  Please see the visual illustrations and tables for this in 

figures 4a, 4b, 4c.   
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4a. 

Comedy Film Genre 

Statistics 2015 

  budget   box office   total profit  

 MIN   $      8,500,000.00   $     42,167,286.00   $     10,680,201.00  

 First Quartile   $    23,000,000.00   $     52,427,346.00   $     35,028,634.00  

 Median   $    30,000,000.00   $   106,030,660.00   $     76,030,660.00  

 Third Quartile   $    40,000,000.00   $   197,232,734.00   $   149,214,143.00  

 MAX   $    68,000,000.00   $   287,641,616.00   $   258,641,616.00  

    

    

    

    

    

    

    

Comedy Film Genre Statistics 2014 

  budget   worldwide box office   total profit  

 MIN   $    11,000,000.00   $     41,296,320.00   $     21,296,320.00  

 First Quartile   $    18,500,000.00   $     89,185,831.50   $     51,570,257.00  

 Median   $    28,000,000.00   $   131,480,141.50   $   101,311,550.50  

 Third Quartile   $    40,000,000.00   $   162,401,204.75   $   132,196,256.75  

 MAX   $    50,000,000.00   $   331,333,876.00   $   281,333,876.00  
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4b.  Adventure Film Genre Statistics 2015 

  budget   worldwide box office   total profit  

 MIN   $             12,000,000.00   $         32,909,437.00   $        (9,579,242.00) 

 First Quartile   $             74,000,000.00   $       179,417,156.50   $        53,467,051.50  

 Median   $             99,000,000.00   $       259,541,430.00   $      159,520,430.00  

 Third Quartile   $           142,500,000.00   $       468,951,279.00   $      373,951,279.00  

 MAX   $           306,000,000.00   $    2,058,662,225.00   $   1,752,662,225.00  

    

    

    

    

    

    

    

    

    

    

    

    

Adventure Film Genre Statistics 2014 

  budget   box office   total profit  

 MIN   $             13,000,000.00   $         42,174,545.00   $        24,312,301.00  

 First Quartile   $             55,000,000.00   $       122,529,966.00   $        92,529,966.00  

 Median   $           125,000,000.00   $       356,546,621.00   $      235,650,911.00  

 Third Quartile   $           145,000,000.00   $       614,586,270.00   $      469,586,270.00  

 MAX   $           250,000,000.00   $       955,119,788.00   $      705,119,788.00  

 
 

 

 

 

 
  



25 
 

 

4c.  Action Film Genre Statistics 2015 

 
 budget   box office   total profit  

 MIN   $       35,000,000.00   $       66,961,644.00   $          2,982,519.00  

 First Quartile   $       77,500,000.00   $     129,702,350.50   $        47,472,523.00  

 Median   $     120,000,000.00   $     327,656,424.00   $      220,742,166.00  

 Third Quartile   $     167,000,000.00   $     610,000,792.00   $      470,000,792.00  

 MAX   $     330,600,000.00   $  1,671,713,208.00   $   1,456,713,208.00  
 

   
 

   

 
   

 
   

 
   

 
   

 
   

 
   

 
   

 
   

 
   

 
   

 
   

Action Film Genre Statistics 2014 
 

 budget   box office   total profit  

 MIN   $       28,000,000.00   $       62,108,587.00   $        34,108,587.00  

 First Quartile   $       57,500,000.00   $     201,815,498.50   $      125,575,709.00  

 Median   $     100,000,000.00   $     243,388,614.00   $      172,383,055.00  

 Third Quartile   $     170,000,000.00   $     619,036,202.50   $      463,252,056.00  

 MAX   $     210,000,000.00   $  1,104,039,076.00   $      894,039,076.00  
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These tables are notable in revealing that profit is consistently lower for comedy films as 

opposed to action and adventure films.  Comedy films had a median profit of 76 million in 2015 

and 101 million in 2014, while action and adventure median profits exceed 150 million and 

breach 200 million in box office receipts some years.  In spite of these large sums, the decision 

of which genre to film can be impacted by factors that make a comedy, with smaller budget and 

profit, more attractive to a studio.  For instance, if a studio is able to forecast roughly 30 million 

dollars budgeted for a comedy film and also forecast 75 to 100 million in profit, this would 

translate to an anticipated return on investment of 150% to 200%.  Meanwhile, the same studio 

decision to release an action film would require an anticipated budget of 100 to 125 million 

dollars for an anticipated profit of 150 to 235 million dollars.  The available data shows 

anticipated return on investment would be no greater than 135% in the scenario of an action 

film's release.  This is an example of the choice that lies before every studio.  A studio can 

forecast a generally greater return on investment for a smaller budget genre like comedy, but a 

comedy film’s revenue will not grant the greatest market share of the film industry and audience 

consumption.  Alternatively, larger film releases like action and adventure require larger budget 

inputs and likely a larger market share of receipts in the film industry, but a smaller return on 

investment due to required budgeting.   

One constant possibility that can skew the calculations of median film profits are the 

blockbuster hits that exceed one billion dollars in box office receipts.  When viewing the data for 

2015 action film releases in the codebook, there are three that exceed one billion dollars total 

profit:  Jurassic World, Furious 7, and Avengers: Age of Ultron.  The approach of this method 

can be adjusted by removing these outliers to reflect a realistic expectation while always noting a 
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“happy unexpected blockbuster result” could occur.  This study does not remove such outliers in 

the box plots reflected as maximum statistic in figures 4a, 4b, and 4c.  Also, these three films that 

earn profits exceeding one billion dollars had some of the largest budget expenditures of any 

action films released in the 2015 sample.  The film, Avengers:  Age of Ultron, did not return on a 

percentage basis what smaller budget films did, in spite of the 330 million dollar budget.  This 

reinforces the studios motivations when deciding what genre to film:  motivated by lower budget 

higher returns, or motivated to gain greater market share in the industry as a whole with a large 

budget and large numerical return but lower percentage basis return.  

 The example illustrated by Universal and 20th Century Fox gaining and losing market 

share from 2014 to 2015 can be extrapolated far beyond just these years, these studios, and these 

genres.  As referenced in the codebook containing the sample data collected in this study, there 

are many examples, studios, genres, and annual statistics that can be analyzed with this approach.   

To understand whether or not these results and statistics are reliable for a studio to take 

confidence in can be discovered by calculating a Hedonic regression.   
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Hedonic Regression results 

A hedonic regression is useful for determining the value of individual parts that are 

constituent in something larger in value.  According to the reference key in the codebook, the 

summary output table portrays the strength of the linear relationship between variables in the 

Multiple R score.  The R square statistic, also referred to as the correlation of determination, 

reflects how many data points fall on the regression line.  While the approach employed in this 

study so far, via simple budget and box office results, can show shifts in market share, forecast 

budgets, and forecast box office results, this analysis falls short of a mathematically proven way 

to determine if this data is reliable.  Through a comparison of correlation coefficients across 

genres and years, this study shows that there is a disparity in the correlation strength for genres 

lending credence to consistent audience response to one genre over the other. 

As De Vany points out in Handbook of the Economics of Art and Culture, the film 

industry has wild uncertainty, suggesting that to attempt to predict the consumer response is 

impossible.  The findings in this study prove this to be true, to an extent.  When a hedonic 

regression is run on the entire dataset present in this sample, all films and genres, from 1996 to 

2015, it results in a weak correlation coefficient.  As seen in the codebook table, SUMMARY 

OUTPUT Box office/Genre All Data on the Budget-Genre Hedonics 96-15 tab, the multiple R 

Score resulting from the entire dataset is .382, indicating a weak relationship.  Yet, as researchers 

in this field of study have noted, this view of the entire film market and film attributes is far too 

broad and varied to allow any strong correlations.  Film is an art form and as such will have 

infinite expressions and incarnations.  This fact cannot be forgotten when determining 

correlations that can be measured.  A more granular, piecemeal perspective of this broad 
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landscape is necessary via genre by genre comparison of budget and box office correlation 

strength.  
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Genre Regression results 

A deeper look into the data reveals regressions run on correlations for individual genres 

proved to be more aligned.  For each major genre over the 20-year period of this sample, the 

resulting correlation coefficient scores are as follows:  adventure had a score of .667, action had 

.780, comedy had .358, thriller/suspense had .681, and drama had .457.  Each of these 

regressions had similar sample sizes and represent just over 83% of the entire dataset in this 

study.  A skeptical counterargument to these results could state that inevitably a smaller sample 

of data will have less variability than a larger one, resulting in a larger correlation coefficient.  Or 

in other words, “stronger linear relationship results from less variability”.  Thus, these genre box 

office results are obviously going to be correlated as they have similar movie subjects.  Yet, the 

nature of film, of art, does not allow this.  Even if two films have an action plot, they will never 

be exactly the same.  In terms of artistic expression, two action films can potentially be very 

different simply because of a director’s vision, the plot, etc.  For instance, famous titles that were 

action film successes at the box office include 2012, Skyfall, and Avatar.  These various plots 

involved apocalyptic natural disaster, international espionage, and a futurist alien world 

respectively, and yet each achieved similar robust consumer responses.  The variability within 

these genres is further illustrated when taking into context the sample size is 302 action films in 

this regression.  The reality of filmmaking and a consumer response to films makes it simply 

impossible to have 302 identical plots, because consumers would not pay to see the same movie 

over and over.  Most importantly, the different correlation strengths across each genre vary 

widely, which is very telling.  Logically, if each genre and film should expect a similar response, 

then each of these correlation coefficients for each genre should be the same or very similar, but 
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they are not.  This disparity in strength, from one genre to another involving large samples of 

300+ films, proves that when compared as alternatives, certain genres do grant a greater 

confidence of box office performance than others:  action has a score of .780 granting more 

confidence that comedy with a score of .358 for instance.  

 A more granular look at the genres on an individual year basis reveals statistics that can 

shed light on which is the best genre to release with the most consistent box office performance 

and audience response.  Shown below for the sake of ease and reference is the table and chart 

from the codebook, figures 5a. and 5b.  

5a. Linear reflection of Correlation strength of box office response by Genre from 1996-2015
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5b. Correlation strength of box office response by Genre from 1996-2015 

 Correlation Coefficients over the years by largest genres 

Year Thriller Suspense Action Adventure Drama Comedy 

1996 0.138421628 0.689427 0.696186 0.30087 0.476947 

1997 0.930511368 0.447403 0.879762 0.536134 0.204213 

1998 0.604433621 0.734582 0.663408 0.454957 0.214832 

1999 0.386077854 0.163073 0.578959 0.03504 0.023799 

2000 0.886512059 0.632893 0.506775 0.636939 0.146316 

2001 0.788813513 0.845025 0.649895 0.488035 0.273954 

2002 0.761156743 0.701119 0.685576 0.51518 0.535477 

2003 0.343117398 0.796338 0.462802 0.582962 0.594534 

2004 0.627787051 0.630774 0.423143 0.231295 0.27792 

2005 0.273579289 0.62693 0.685944 0.266494 0.445402 

2006 0.850481335 0.578195 0.6047 0.333234 0.309378 

2007 0.773750532 0.596676 0.67937 0.836967 0.253896 

2008 0.74463429 0.814859 0.832354 0.432481 0.597884 

2009 0.804425577 0.912872 0.699292 0.316736 0.143714 

2010 0.780466375 0.686166 0.664702 0.17034 0.637665 

2011 0.660821743 0.613097 0.606268 0.838157 0.341546 

2012 0.574505288 0.832338 0.62453 0.794108 0.026605 

2013 0.60878159 0.714507 0.558121 0.814824 0.768037 

2014 0.925569396 0.850357 0.92082 0.548529 0.484573 

2015 0.95158175 0.765471 0.688824 0.643405 0.639465 

 

The most striking results captured in this table are the very high correlation coefficients 

found within individual years:  in excess of .9 in some categories.  The lowest coefficient score 

produced in any one year was in 1999, when evidently all genre correlations suffered.  This dip 

in performance can also be viewed in the line graph, figure 4a.  Also, “Total profit” data 

calculated in the codebook makes clear that in 1999, 26 films in the data sample lost money.  

Box office performance that results in a loss widens the variability of outcomes and thus lowers 

the strength of the linear relationship in this particular year.  It is notable the correlations for 

drama and comedy are nearly zero in 1999.  See the box plot below, figure 6a, for an illustration 

of the outliers and variability within comedy releases in 1999.   
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6a. (Comedy Film Genre Statistics 1999) 

 

Using this data and analysis, a studio reviewing alternatives of genres to release in 2000 

would conclude a drama film or comedy offer lower confidence that the box office result would 

be similar to the performance of historical data.  In a more literal sense, this lower correlation 

coefficient is saying to studios that audiences cannot be expected to buy a ticket to drama and 

comedy films as they have before because these box office results are far too varied to guarantee 

consumer behavior.  Instead, if a studio were to mimic these calculations and regression analysis 

they would note the adventure genre had the highest correlation coefficient of .578 in 1999 and 

provides the greatest confidence of a box office return in line with previous years.  See the box 

plot below, figure 6b, for an illustration of the outliers and variability within adventure releases 

in 1999.   
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6b. (Action Film Genre Statistics 1999) 

 

The following year, the adventure films had a correlation coefficient of .506, which was 

the least deviation from the previous year for any genre.  The point of this example is that even 

in the year when the highest correlation of box office revenue for any genre is only .578 

(reflecting the best level of confidence a producer would have across all genre alternatives), this 

analysis process would grant them the stability of the most consistent box office results.  To 

attain relative stability in expected returns allows filmmakers to better forecast income per a 

generally expected result.  Another application that is illustrative of this approach is with the 

previous example of Universal and 20th Century Fox.  When referencing the tables in figures 2a 

and 2b. Universal only produced one thriller/suspense film in 2014 and three in 2015, meanwhile 

boosting their market share from 9% to 25% overall.  When analyzed in context with the 

regression analysis reflected in figures 5a and 5b, thriller/suspense had the highest correlation 

coefficient in 2014 as well as 2015.  The result in this example further demonstrates a 
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thriller/suspense film release was the most attractive alternative to studios and paid off for 

Universal.  

Additional findings that emerged in these results were the presence of high confidence 

levels reflected in the correlations measured.  As previously stated, a correlation coefficient score 

of one reflects a perfect linear relationship in the data and zero reflects no relationship.  In this 

study, while the measured correlations vary for each genre sample year to year, the presence of 

scores as high as .95 in 2015 for thriller/suspense are astonishing when taking into context the 

widely varying budget inputs and box office results across 12 films in that particular sample.  

Many correlations showed scores in excess of  .7 confidence levels, which is a strong correlation 

for something as variable as film performance.  The table in figure 5b indicates that the genres of 

action, adventure or thriller/suspense rarely had a correlation coefficient beneath .6 and 

commonly score above .8 since 2005.  Using the method and approach of this study, these scores 

provide studios with at least one confident alternative genre to film for each year over a decade.  

These statistically significant results are viewable in this analysis and refute the notion of 

complete wild uncertainty in box office performance and its predictability.   
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Conclusions 

The results of this study confirm, when undertaking the outlined method, approach, and 

analysis to predict a general expectation of box office performance of a film in a particular genre, 

that data can be leveraged by producers to forecast what consumers are more likely to prefer.   

Filmmakers have faced uncertainty throughout the history of the film industry.  The nature of 

film being an artistic expression in many varied forms makes it extremely challenging to 

measure and understand which unique attribute of a film contributed the most to its success.  To 

understand this would allow filmmakers to better allocate budgets and better satisfy consumers 

in a 40-billion-dollar industry.  Due to the large budgets required in film, the consequences of a 

poor film performance is equally as large and many films requiring millions in production cost 

still fail at the box office, wasting resources.  Valenti and De Vany assert that there is very little 

certainty in how a film will perform prior to opening.  Yet, with recently available tools and 

innovative methods of analysis this uncertainty has given way to multiple studies that conclude a 

correlation can be derived depending on which variable attributes and measurable approach is 

employed.  Thus, forecasting a films box office success is accepted as possible with certain 

limitations.  

Many prior studies sought single variables to measure against box office results such as 

film ratings or social media mentions.  In context of studying the consumer preference of film 

genre, the challenge is attempting to assign a numeric value that can be measured.  The idea of 

“genre” is an inherently abstract categorization, but the box office revenues of films within a 

genre is numerical and measurable.  Acknowledging that a box office result for a film represents 

the consumer market preference for it, this approach is then expanded across multiple films and 
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genres to derive a correlation.  This study gathered all available film statistics and calculated 

additional variable attributes of each film to give the broadest, most detailed view of the film 

market and results.  This study then employed an analysis of budget and box office figures over 

time, accompanied by a parallel composite review of film genres released to understand industry 

market share shifts and why these shifts occurred.  This analysis portrayed why 20th Century Fox 

and Universal experienced radical shifts in consumer response to their releases.  The approach of 

this study then confirms with regression analysis whether these patterns were reliable, revealing 

a level of confidence that shows specific genres are more attractive than others when determining 

which to film.  If the nature of a film’s performance and consumer response is truly subject to 

wild uncertainty, then correlations across different genres should align far more closely.  The fact 

this study demonstrates specific genres had different correlation strengths as disparate as .78 and 

.35 indicate at the least that there are differences in sustained consumer response to film genres 

and that a general predictability can be discerned, forecasted, and measured.  

This research is limited in its scope of 20 years and sample size, the top 100 box office 

returns, due to the availability of relevant data.  Private studios could likely attain larger amounts 

of information and details maintained internally to expand upon this research.  Additionally, the 

findings in this study can contribute to the existing field of research already completed.  Previous 

studies reviewing the correlation between box office performance and star power, critical 

reviews, marketing costs, ratings, etc. already lay a broad foundation of variables and their 

resulting contribution to film success.  Bringing the findings and method of this study into 

context with prior research can expand the field and knowledge available for analysis in the 

future. 



38 
 

Correctly forecasting mass consumption of a film could lead to unexpected 

consequences.  Film has always been a reflection and expression of ourselves and our society.  

To reduce film productions to only the mathematically proven, massively appealing films 

removes the possibility of varied, artistic expressions within films.  Studios can still aspire to 

release a widely consumed box office hit that also has a large societal impact or artistic value.  

Yet, this is jeopardized in a market driven industry that filmmaking has become when only 

looking at the expected monetary value of a film. 
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