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Abstract. Leveraging historical data from the movie industry, this study built a
predictive model for movie success, deviating from past studies by predicting
profit (as opposed to revenue) at early stages of production (as opposed to just
prior to release) to increase investor certainty. Our work derived several groups
of novel features for each movie, based on the cast and collaboration network
(who’), content (‘what’), and time of release (‘when’).
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1

Introduction

In the U.S., the motion picture industry produces approximately 500 movies in a year
[10] garnering, on average, $60 million of investment capital per film [12]. Despite
the large capital investment that must be made prior to movie production, the success,
or profitability, of a movie is largely uncertain. Past studies have two limitations:
First, the focus is almost solely on total box office revenue [2], [9], [11] or theater
admissions [8]; Second, many of these studies employed features that are only available just prior to [1,2], or even after [7] [12] [14], the official release of a movie.
For investors, though, the profit of a movie is a better indicator of success than the
total revenue. Also, it is worth noting that the prediction of a movie’s success should
leverage features that are available only during the time in which investments are
being garnished.
To the best of our knowledge, this research represents the first attempt to predict
the profitability of movies at early stages of production, which we achieve by examining ‘who’ factors-- its actors, directors, and social networks based on previous collaboration; the ‘what’ factors—a movie’s genre, rating, and plot synopsis; as well as the
‘when’ factor—when a movie will be released and the temporal ebbs and flows of the
movie industry.
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2

Feature Engineering

2.1

Who are Involved

The movie industry is characterized by movie stars, which function as a name brand,
drawing crowds, and thus increasing sales [2], [6] . Thus we included the following
features to measure the ‘star power’ of a movie.
a. Total and average tenure: Total/average between first and most recent
appearance.
b. Total and average actor gross are the sum/average of all actors’ gross
revenues across all movies they have appeared in.
d. Total and average director gross are the total/average revenues of all
movies directed by the director of target movie m.
Another important factor for movie success is team cohesion [8]. Thus we took a
social network approach, which provide a wealth of valuable information about various types of inter-personal relationships, such as dating [15], collaboration [16], and
communication [5]. In this research, we built a collaboration network among actors
based on their co-star relationship; we aggregated this undirected, weighted (collaborations) network to 1999 and created 11 separate, yearly networks (through 2010);
each year is used in deriving features to predict a subsequent years profit.
Network metrics that fall into the former category can be summarized as follows:
a. Team heterogeneity: It is believed that successful movies have a certain degree of originality to them [8], which is accomplished by a hetergenous team of actors, and which we capture via cosine similarity using cast
members’ neighborhood vector, denoted in Equation 1.
n−2 n−1
Acti • Act j
1


(n(n −1) / 2) i=0 j=i+1 || Acti |||| Act j ||

(1)

b. Average degree: overall centrality among team members.
c. Total and average betweenness centrality: experienced actors who
are not well known may bring an ‘unseen’ benefit to a production.
Network metrics that measure a movie’s effect on the structure of an existing social network are summarized as follows:
d. Decrease in average shortest path: Structural holes are an important
concept in networks pertaining to movies [13], as individuals who span these
structural holes are said to have high social capital [4].
e. Change in clustering coefficient: A feature that captures the diffusion
of information across the network [16].
We capture content-based features, such as those found in a script or, in our case, a
plot synopsis, by using Latent Dirichlet Allocation (LDA) [3], which his ultimately
expressed as a topic distribution vector for each movie in our dataset.
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When a Movie will be Released

Temporal features are an important component to consider in the ever-evolving multibillion dollar motion picture industry. As such, we incorporated the following features:
a. Average annual profit in the year prior to release.
b. Annual profitability percentage by genre is the percentage of profitable movies in the previous year, that fall into the same genre as m.
c. Annual weighted profitability by genre (AWPG): Is the sum of cosine similarity, genre vector-wise, between a given movie and each movie of
the previous year, weighted by the profitability of that genre.
∑

,

(2)

d. Release dates: Season (spring, summer, etc) and Holiday Release (the
week leading up to, and including, Christmas).

3

Experiments and Results

Data was collected from a movie archive website, BoxOfficeMojo, including data of
5,440 actors as well as 14,097 movies from year 1921 to 2014.
3.1

Experiment Setup and Results

The goal of our research is to predict whether a movie will be profitable, which we
define as a profit (revenue minus budget) at .25 of 1 standard deviation above mean,
in order to insure a reasonable ROI.
Our dataset includes 1353 movies (revenue and budget info available), 384 of
which were profitable. We excluded sequels (confounding) and features pertaining to
cast members were derived from the full set of 14097 movies.
Table 1. Classification outcome from the logistic regression classifier
All features without When without What without Who
AUC
Accuracy
F1 score

0.801
0.771
0.757

0.736
0.738
0.714

0.803
0.763
0.743

0.72
0.734
0.708

Various classification algorithms were used for the prediction (with 10-fold cross
validation) with logistic regression yielding the best results, (please refer to the ‘All
features’ column in Table 1).
3.2

Discussions

Results in Table 1 also show those obtained from our logistic regression classifier upon
omitting each class of features. As the reader will notice, the classifier deteriorates when
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‘When’ and ‘Who’ features are removed, indicating the contribution of such features;
‘What’ features, then, likely overlap those of ‘When’ and ‘Who’.
Table 2 shows the top contributing features by coefficient value of the “nonprofitable” class (negative coefficient are indicative of profit), which admittedly only
indicate their role within our predictive model. However, there are still some very
interesting findings. For example, the Horror Genre contributes positively to profitability, perhaps due to the relatively low budget needed for success (ie. Paranormal
Activity); “Documentaries” may be in a similar situation. It was also found that annual profit percentage by genre contributed to movie profitability, indicating the importance of current trends. In terms of “who” is involved in a movie, both average
director gross and average actor gross contribute positively to movie profitability
(name brand and skill).
Table 2. Top features in each feature group for non-profitable movies
Group
What--Rating

What--Genre

What--Plot topic

Who--Individual

Who--Network

When

Feature

Coefficient

“NC-17” rating
“G” rating
“Documentary”
genre
“Horror” genre
Topic #13
Topic #7
Avg. director
gross
Avg. actor gross
Avg. degree
Total
betweenness
centrality
Annual prof.
pctg. by genre
Winter release

12.13
-1.047
-1.609
-1.297
0.343
0.183
-0.963
-0.906
0.362
0.159
-1.007
-0.297

On the other hand, some features were noteworthy with regard to movie losses;
topic 13, represented by familial-type words (eg. “wife”), indicating that perhaps
movies that focus their content on relationships are less often profitable. While the
NC-17 rating is of no surprise, average degree and total betweenness centrality are;
we believe this may be a product of collinearity, better address by an explanatory
model in future work.

4

Conclusions and Limitations

In this paper, we predicted the profitability of movies at early stages of movie production, leveraging “What”, “Who” and “When” features. Applying this predictive model
to empirical data, we showed that our model is able to achieve decent performance,
using a wide variety of features, which could be employed in decision support to aid
in investment decisions
The authors recognize that there are a few limitations, including collinearity and
possible sampling bias.
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