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Executive Summary 

As an independent firm hired by Walt Disney Pictures, our goal was to develop a thorough and thoughtful 

statistical report for the firm to use to predict the profitability of future films based on the characteristics 

of a given film. Through creating and analyzing various statistical techniques and models, we believe it is 

in the company’s best interest to pursue additional opportunities through mergers, acquisitions, and 

licensing transactions in order to produce more franchise films. However, acquiring the rights to a film is 

not enough. Upon acquiring rights, and in order to drive profits, we suggest Walt Disney Pictures make 

films with the following qualities: Action (primary genre), PG or PG-13 (rating), and a significant 

production budget ($). To test the power of these variables, a regression model was created to predict 

profits prior to finalizing an M&A transaction.  
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Introduction  

As a result of this analysis, and in order to drive profits, we believe Walt Disney Pictures should pursue 

additional franchise opportunities through mergers, acquisitions, and licensing transactions. Through a 

series of 17 statistical tests and 11 variables from a data set of films from 2017, we have found that 

franchise films require a significant production budget, but generate significant profits. Therefore, to 

maximize their ability to generate profit for the firm, the films must be categorized as Action (genre) and 

rated either PG or PG-13 by the Motion Picture Association of America (MPAA). We believe this is the 

best decision for Walt Disney Pictures, given that the firm has had success with M&A in recent years and 

that franchise films require extensive capital to produce, staff, and market.  

Why Produce More Franchise Films? 

Throughout this study, a total of six hypothesis tests were conducted. Three of the six were one sample 

hypothesis tests and three of the six were 2-sample hypothesis tests. According to a one sample 

hypothesis test on profit, the average film released in 2017 generated above $250,000,000 in profit. 

Surprisingly, this includes films of varying genres, production budgets, runtime, rating, franchise relation, 

and production studios. Thus, given the significant profits of films in 2017, we recommend adding more 

movies to Walt Disney Pictures’ 10-year business plan. However, films should not be added willy-nilly. 

The firm needs to be purposeful, thoughtful, and masterful in choosing which movies to produce and why. 

In fact, according to the 2-sample hypothesis test, profit is greater, at the population level, for franchise 

films than for non-franchise films. Thus, synthesizing the results of these hypothesis tests, we recommend 

Disney pursue production of more franchise films than non-franchise films in order to maximize profits 

for the firm.  

However, profits do not come without a cost. In a 2-sample hypothesis test comparing franchise films and 

profit, production budget was found to be greater, at the population level, for franchise films than for non-

franchise films. To seasoned industry professionals, this is not a surprise. However, it is something that 

needs to be considered before any M&A or licensing transaction is finalized. Franchise films require 

extensive capital to write, produce, release, and market. Therefore, before any transaction is made, Disney 
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must prepare to budget extensive capital for future franchise movie. The results of all the hypothesis tests 

are included in Appendix D, below. 

How Can We Predict the Profits of a Film Prior to an M&A Transaction?  

For additional analysis, multivariate regression was employed to develop a model to predict the 

profitability of a film based on a set of variables/predictors. The model can be applied internally by Walt 

Disney Pictures to predict the profitability of a film in a fast and efficient manner. As a result, this allows 

the firm to predict the profit of a potential sequel based on the performance of an original movie and/or 

predict the profit of a film acquired—or thought to be acquired—through an M&A transaction.  The final 

model to be used was determined to be: 

Profit=[(PG-13*83,371,277.60)]+ [(PG*213,564,595.21)]+[(Opening Weekend USA*4.76)]+

[(action*226,050,664.39)]+26,016,141.47. 

This model was found to have an Adjusted R Square Value of 0.7357, which suggests that the model can 

make reasonable predictions within the profit ranges of $(29,283,381.00) and $1,107,539,889.00. To 

estimate the profit of a given film, simply replace the variables (PG, PG-13, Action, and Opening 

Weekend USA) with actual values.  Additional information related to this model can be found in 1

Appendices A-C, below. 

Together with the conclusions from the hypothesis tests, this model should be employed by Walt Disney 

Pictures to guide corporate strategy related to M&A transactions. Being able to predict the profitability of 

a film prior to an M&A transaction has significant benefits, especially given the costs of brokering an 

M&A transaction and the costs of the eventual production of a movie. Additional appendices are attached 

 For binary fields, such as PG, PG-13, and Action (genre), simply insert the number one if the film has these characteristics. If 1

the film does not have these characteristics, insert a zero.
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Appendix A: Regression Model and Interpretation 

The final regression model balances the best Adjusted R Square Value with the necessary variables 

associated with Walt Disney Pictures’s primary product line (i.e. PG and PG-13 rated movies). The model 

predicts profits based on a film’s rating (PG or PG-13), its performance opening weekend in the USA, and 

the genre of the film (Action). The final model, in equation form, is presented in Figure 1, below. The 

final model, as an excel output, is presented in Figure 2, below. 

Profit=[(PG-13)(83,371,277.60)]+ [(PG)(213,564,595.21)]+[(Opening Weekend USA)(4.76)]+[(action)

(226,050,664.39)]+26,016,141.47 

Figure 1: Final Regression Model Equation 

Figure 2: Final Model as an Excel Output 

Because of the range of the variable “Opening Weekend USA,” this model can only be applied to films 

that made or are estimated to make between $158,845.00 and $220,009,584.00 during their opening 

weekend in the USA. However, despite this range, Opening Weekend USA is undoubtedly the most 

powerful and influential variable, as it has a combined effect of 1,046,943,453.38. Conversely, PG-13 is 

the weakest variable with a combined effect of 83,371,277.60. The combined effect of all the variables 

included in the final model are displayed in Figure 3, below. 

!5



 

Figure 3: Combined Effect of All Variables in Final Model 

Appendix B: Regression Model Statistical Analysis 

Despite having one variable that is not statistically significant (i.e. PG-13), this final model is statistically 

sound. The model itself has an Adjusted R Square Value of 0.7357, suggesting that 73.57% of the 

variation in a film’s profit can be explained through whether or not the film is rated PG, whether or not 

the film is rated PG-13, whether or not the film’s primary genre is action, and the film’s performance 

during its opening weekend in the USA. The significance of the model (Significance F) is 2.64E-13, well 

below 0.05. The overall quality of the model is included in Figure 4, below. 

Figure 4: Overall Quality of the Model & Its Interpretation 

Based on the power of these independent variables, the output of this model (i.e. the ability to predict a 

film’s profit) ranges between $(29,283,381.00) and $1,107,539,889.00. This should apply to the majority 

of movies produced in the United States. However, this model should not be applied to movies expected 

to make more or less than the specified ranges. Finally, and most importantly, the model does not take 

into consideration the performance of a film outside of the USA—a separate model will need to be 

created to asses and predict the performance of film, be it American or foreign, in a country besides the 
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USA. Figure 5, below, show how the model can be used to predict a film’s profitability based on the 

film’s rating, genre, and predicted opening weekend performance in the USA. 

Profit=[(PG-13)*(83,371,277.60)]+ [(PG)*(213,564,595.21)]+[(Opening Weekend USA)*(4.76)]+

[(action)*(226,050,664.39)]+26,016,141.47 

Profit=[(1)*(83,371,277.60)]+ [(0)*(213,564,595.21)]+[($150,000,000)*(4.76)]+[(1)*(226,050,664.39)]

+26,016,141.47 

Profit= $1,049,438,083.46  

Figure 5: Final Regression Model Use Example for a PG-13, Action Film with a Predicted Opening 

Weekend (USA) of $150,000,000 

Appendix C: Regression Model Development 

The initial regression model contained 14 variables of which 10 did not hold statistical significance. In 

other words, 10 out of the 14 variables had p values greater than 0.05. A thorough and thoughtful review 

of the residual plots showed no clear and obvious patterns and thus no transformations were attempted. 

The normal probability plot looks more or less like a straight line with a positive slope, as indicated in 

Figure 6, below. The initial model yielded an adjusted R square of 0.705, suggesting that 70.5% of the 

variations in profit can be explained through the variation in other variables. The significance F was 

determined to be 4.46E-08, suggesting that the initial model, from a statistical point of view, is a “good” 

model. The initial model, in equation form, is located in Figure 7, below. 
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Figure 6: Normal Probability Plot for Initial Regression Model 

Profit = [(78,954,688.66)(Universal Pictures)] - [(10,437,733.32)(20th Century Fox)] - [(90,506,698.07)

(Walt Disney Pictures)] + [(294,228,962.22)(Action)] + [(68,928,487.58)(Sci-Fi)] + [(117,593,754.02)

(PG-13)] + [(309,701,283.94)(PG)] -  [(7,214,218.08)(franchise)] + [(75,660,426.81)(Oscar Wins)] - 

[(10,119,938.81)(Oscar Nominations)] + [(775,574.73)(Runtime in minutes)] - [(0.42)(YouTube Trailer 

Views)] + [(5.38)(Opening Weekend USA $)] - [(0.58)(Production Budget $)] - 89,514,456.16 

Figure 7: Initial Regression Model in Equation Form 

A sample of the residual plots from the initial model are included in Figures 8-10, below. Notice how in 

each of the residual plots no obvious patterns are present. For example, as shown in Figure 8, Production 

Budgets ($) vary tremendously across the movie industry. Likewise, in Figure 9, there are no patterns 

related to how many times a movie trailer is viewed on YouTube. Additionally, Figure 10 suggests that the 

majority of movies do not get nominated for an Oscar. Therefore, due to a lack of patterns in the residual 

plots, no transformations were needed to refine the data set.  
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Figure 8: Residual Plot for Production Budget (USD)         Figure 9: Residual Plot for YouTube 

                Trailer Views 

 

Figure 10: Residual Plot for Oscar Nominations 

After analyzing and reviewing the initial model, it was determined that some variables were better 

predictors of a film’s profit than others. Therefore, in order to refine the model, variables were removed 

one-by-one based on the p value of the specific variable. For a variable to be removed, the p value had to 

be above 0.05, indicating statistical insignificance, and it had to be the largest p-value in the data set. For 

example, the first variable removed from the initial model was Franchise (binary), which yielded the 

highest p value in the dataset at p=0.94. Figure 11, below, shows the data from the initial model with the 

Franchise variable highlighted in red.  After removing Franchise from the model, regression was repeated 2

for the remaining 13 variables.  

 For ease of identification, the worst variable (largest p value above 0.05) is highlighted red in each of the 11 regression model 2

tabs. Tab 18 does not have a variable highlighted as all variables are below 0.05 and are thus statistically significant.
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Figure 11: Initial Model with Franchise Variable Highlighted 

Following the system outlined above, the remaining independent variables were removed one-by-one 

until all variables in the model were found to be statistically significant. For ease of identification, the 

worst variable on every tab, and, subsequently, the variable to be removed for the next analysis, is 

highlighted red, such as in Figure 11. 

Appendix D: Hypothesis Test Results 

Throughout this study, a total of six hypothesis tests were conducted. Three of the six were one sample 

hypothesis tests and three of the six were 2-sample hypothesis tests. In this section, I will only discuss the 

test that are relevant to the business decision of pursuing more M&A for franchise film production. 

A one sample hypothesis test was conducted to answer the question: Does the average film make more 

than $250,000,000 in profit? Results of the analysis are included in the corresponding excel doc, but a 

short summary of the results of the hypothesis tests and the confidence intervals are displayed in Table 1, 
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below. Take note that the film industry has significant profits and that, in order to capture those profits, 

Disney should make movies relevant to consumers. 

Table 1: Results of the Relevant 1-Sample Hypothesis Test 

Three two-sample hypothesis tests were conducted to answer the following questions: 1) Is there 

evidence that franchise films generate more profit (at the population level) than non-franchise films?

and 2) Is there evidence that franchise films have a larger production budget (at the population level) 

than non franchise films? Results of the analysis are included in the corresponding excel doc, but a 

short summary of the results of the hypothesis tests and the confidence intervals are displayed in 

Table 2, below. Notice that franchise films generate significantly more profits than non-franchise 

films and that franchise films have a much larger production budget than non-franchise films. 
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Question Hypothesis Tale Test Decision Conclusion Business Decision

Does the 
average film 
make more 
than 
$250,000,00
0 in profit?

Ho: 
mu<=250,000,000 
Ha: mu>250,000,000

Right 
Tale Test

Reject 
Ho

Given our sample 
data, we can say, at 
the 95% confidence 
level, that the 
average profit 
generted by a movie 
exceeds 
$250,000,000. 

The average film released in 
2017 generated above 
$250,000,000 in profit.Thus, 
we recommend adding more 
movies to Disney's 10-year 
business plan.



Table 2: Results of the Relevant 2-Sample Hypothesis Test 

Appendix E: Data Analysis & Descriptive Statistics 

Descriptive statistics and visual aids reveal that the film industry has tremendous variability. Histograms 

of Production Budget, Profit, Opening Weekend USA, and YouTube Trailer Views reveal a strong right 

skew, suggesting that is very difficult to produce and release a high demand,  profitable movie on a small 3

budget. Likewise, histograms of Oscar nominations and Oscar wins, as indicated by the strong positive 

skew, show how incredibly difficult it is to both be nominated and awarded an Oscar. Currently, of all the 

variables, only runtime (min) suggests a normal distribution, as shown in Figure 3. Pie charts are 

displayed for both ratings of movies (45% R, 40% PG-13, 14% PG) and franchise relation (60% 

franchise, 40% non-franchise). Finally, histograms of primary genre and primary production studio are 

presented—these do not reveal any specific trends.  A sample of histograms and other visual data from 

this analysis are included in Figures 12-15, below. The remaining visuals can be found in the 

corresponding excel document.  Figure 16 presents the summary level statistics for all variables in the 

analysis.  

Question Decision Conclusion Business Decision

Is there evidence 
that franchise films 
generate more profit 

(at the population 
level) than non-
franchise films? 

Reject Ho Given our sample data, we can 
say that the mu for franchise films 
is greater than the mu for non-
franchise films.

It looks like profit, at the population level, is 
greater for franchise films than for non 
franchise films. Thus, we recommend 
Disney pursue additional franchise 
opportunities through M&A licensing 
transactions.

Is there evidence 
that franchise films 

have a larger 
production budget 
(at the population 

level) than non 
franchise films?

Reject Ho Given our sample data, we can 
say that the mu for franchise films 
is greater than the mu for non-
franchise films.

It looks like production budget, at the 
population level, is greater for franchise 
films than for non franchise films. Thus, 
franchise films are more expensive to make 
than non-franchise films. Disney should thus 
budget for extensive capital for future 
franchise movies.

 Demand is defined here as the number of times a trailer is viewed on YouTube.3
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Figure 12: Histogram of Production Budget ($)            Figure 13: Histogram of Opening Weekend USA 

Figure 14: Histogram of Movie Runtimes (min)                            Figure 15: Franchise v. Non-Franchise   

                    Distribution in Sample  
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Figure 16: Descriptive Statistics for all Variable Fields 

Appendix F: Data Analysis & Descriptive Statistics 

A data set of 50 films from 2017 was used for this statistical analysis. Variables included: Film 

Name, Global Box Office Revenue ($), Production Budget ($), Profit ($), Opening Weekend USA 

($), YouTube Trailer Views, Runtime (min), Rating, Franchise (Yes/No), Primary Genre, and Primary 

Production Studio. Profit served as the dependent variable, while the remaining predictors served as 

the independent variables. The data for this analysis was aggregated and collected from various 

sources including Statista, YouTube, and Internet Movie Database (IMDB). The full data set can be 

found in the corresponding excel document, but a screenshot of the raw data is included in Figure 17, 

below. 
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Figure 17: Raw Data Screenshot         
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