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Abstract
With the growing number of literature on movie revenue prediction using machine learning techniques in recent years, a
systemic review will help in strengthening the understanding of this research domain. Therefore, this article is aimed at
determining the sources of data, the techniques, the features, and the evaluation metrics used in movie revenue prediction.
We selected 36 relevant articles based defined inclusion and exclusion criteria. The review analysis found out that US cinema
attracted the highest number of publications, followed by the Chinese cinema, Korean cinema, and Indian cinema in that
order. We also found out that regression, classification and clustering data mining approaches were used in the reviewed
articles, with regression and classification carrying the largest share. Furthermore, we observed that cast, number of screens,
and genre, are the most widely used features in movie revenue prediction. We also identified multiple linear regression and
support vector machines are the most commonly used prediction algorithms, while mean absolute percentage error, rootmean-square error, and average percentage hit rate are the evaluation metrics used the most. Our review identified some
problems and research directions in movie revenue prediction.
Keywords Box-office · Sentiment analysis · Data mining · Machine learning · Movie revenue

Introduction
Predicting movie revenue has been a research focus for many
years; this is because of the uncertain nature of the industry
despite being a high investment industry. For example, an
approximate of 500 movies are produced yearly in the US,
with each having an average cost of sixty million dollars.
Despite this huge capital investment, the success or profitability of a movie is mostly uncertain [26]. This problem is
also found in Chinese, Korean and Indian movie industries
[8, 14, 21]. The uncertainties of movie revenues can be associated to the production and distribution of movies, ranging
from the actors, directors, and budgets before the release
and word-of-mouth marketing, and screen arrangement after
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the release [16]. Thus, designing effective models for estimating the success of upcoming movies is of paramount
importance.
Traditionally, analysts make predictions based on easily
accessible movie metadata, such as genres, budgets, or by
referring to market performances of similar movies in the
past. Although critic reviews and blog contents are abundantly available, they were not fully exploited until recently
with the advances in natural language processing techniques
[1–3]. Sentiment analysis techniques then became an integral part of movie revenue prediction, and it is motivated the
massive amount of user-generated data readily available on
the social media [7, 49].
Recently, there is an increase in the use of machine learning
techniques for movie revenue prediction. The general approach
involves predicting the box-office collection of a movie. Boxoffice is an important determinant of a movie revenue, and it
is the total revenue acquired from the sales of movie tickets.
Prediction of box-office collection is achieved using mainly
supervised learning approaches. Key movie variables like cast
or budget are used to train supervised learning algorithms. The
general methodology involves four stages: data collection, data
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preprocessing, prediction algorithm development, and experiment and evaluation.

Data Collection
This stage involves gathering data about movies, usually from
movie audience websites. Data collection is done using web
crawlers that will extract all relevant information about the movies like cast, budget, rating, genre and reviews. Sentiment data
are also extracted from social networking websites like Twitter.

Data Preprocessing
Data preprocessing involves preparing the data in a way that it
can be used for a machine learning process. Some of the tasks
that can be done in this stage include: removing all irrelevant
and redundant data, feature ranking and feature selection, and
data transformation.

Prediction Algorithm Development
This stage involves the implementation of machine learning
algorithms for experimentation and evaluation. R and Python
are some of the popular programming languages used for the
implementation. Specialized machine learning tools like Weka
and Rapidminer are also sometimes used.

Experiments and Evaluation
In this stage, all the experiments and evaluation are done. The
experiments usually involve using different prediction algorithms, parameters and features. The evaluation tells which
experiment is best suited and the performance of the approach
in relation to other approaches.
Despite the increase in literature on prediction movie revenue, there is a lack of systematic literature review on movie
revenue prediction using machine learning techniques. A
systematic understanding of these emerging methods is currently inadequate in literature. This article aims to fill this gap.
Specifically, this article reports on a systematic review of 36
selected articles. The remainder of this paper is presented as
follows: “Methodology” presents the systematic literature
reviews methodology. “Results and Discussion” describes the
results and findings. “Gaps and Limitations Identified” highlights some limitations and gaps identified from the review,
and “Conclusions and Discussion” presents the conclusion.

Methodology
This study adopted the PRISMA [35] guideline for conducting and reporting systematic reviews. However,
because the PRISMA guideline was designed for authors
SN Computer Science
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in the medical domain, this study also takes into account
the guidelines by Keele [22], which was proposed for software engineering and related domains. There are three
broad stages for conducting a systematic review using the
PRISMA guideline. These are the planning stage, the conducting stage, and the reporting stage.
The planning stage, among other things, consists of the
review protocol development. A review protocol describes
the research problem, research objectives, and proposed
methods. Secondly, the conducting stage involves data
searching, acquisition, and information extraction, all
according to the defined methods in the review protocol. Finally, the reporting stage consists of reporting the
review process, findings from the review, and analysis of
the results. The following sections describe the review
methodology used in this paper.

Research Questions
The objective of this study is to identify the recent trend in
the machine learning methods used for predicting movie
revenue. Therefore, the review is driven by the following
research questions (RQ):
1. What data machine learning techniques have been
applied in the prediction of movie revenue and which
are the most accurate?
2. What data sources are the most commonly used in movie
revenue prediction?
3. What are the features (variables) used movie revenue
prediction and which among them are more important?
4. What are the most popular evaluation metrics used in
movie revenue prediction?

Digital Sources and Search Strategy
To extract all papers related to the research questions, we formulated a search string. For example, the search string used in
the Scopus database is: (“Box office” OR “Movie revenue”)
AND (“Prediction” OR “Forecast OR” “Estimation”). The
literature search was done in the following reputable indexes:
SCOPUS, Web of Science (Clavirate Analytics), Computer
Science Bibliography (DBLP), IEEE, and ACM using the
Universiti Kebangsaan Malaysia (UKM) Digital Library, as
shown in Fig. 1. The search string was appropriately modified
to conform to the input criteria of each of the indexes.

Selection Criteria
Selection criteria describe the defined techniques used in
selecting related literature. Having a defined inclusion and

Page 3 of 14 235

SN Computer Science (2020) 1:235

process. Based on the research questions, nodes were created, and each extracted data was placed into a respective
node. New nodes were created to fit additionally relevant
information in the articles. The data extraction was conducted sequentially based on the publication year; however,
iteratively to make sure all relevant data were extracted.
Figure 2 shows the search and selection process based on
PRISMA guideline.

Results and Discussion

Fig. 1  Digital sources used in the review

exclusion criteria helps in reducing bias in the research.
Mendeley version 1.19.4 was used to manage the bibliographic information of the articles generated through digital
sources. Using Mendeley, we screened the articles by reading their titles and abstracts. We removed articles that do
not meet the inclusion criteria. The inclusion and exclusion
criteria used are explained in the following subsections.
Inclusion Criteria
Peer-reviewed journal articles published from 2010 to 2018
retrieved from the digital sources, and which are related
to movie revenue prediction are included. If a study was
published more than once, the more detailed version was
included. We also included conference proceeding articles
that present complete research during the same period.
Exclusion Criteria
Articles not published in computer science journals, and
does not use machine learning techniques are excluded,
even if they are related to movie revenue prediction. Conference papers that present work-in-progress or incomplete
research are also excluded. Journal articles that do not present a complete or significant portion of their methodology
are excluded as well.

Data Extraction Process
A total of 36 papers were selected for the final review. QSR
NVIVO version 10 was used for all the data extraction

In this section, we discuss the data extracted from the articles and the findings of the review. First, all the reviewed
articles used box-office revenue as the prediction target in
their prediction. Box-office is the cumulative money generated from the sales of movie cinema tickets and is the most
widely used measure in determining the success of a movie.
Even though there are other ways through which moviemakers generate revenue, like promotions and DVD sales, it is
difficult to keep track of these alternatives, because there
are no publicly available records for such revenues. Therefore, the use of box-office revenue as the prediction target in
movie revenue prediction is generally acceptable.
To give a brief insight into the nature of the reviewed articles, 30 are published in journals, while six are published in
conference proceedings. The highest number of articles are
published in 2017 with 10 articles, followed by 2018 with
eight articles. The number of articles per year is illustrated
in Fig. 3.
A number of articles in the review mentioned the platforms they used in running their experiments. These platforms are Weka, Matlab, KNIME, Python, and R. They are
explained as follows:
1. Weka stands for Waikato Environment for Knowledge
Analysis, and it is a machine learning software for data
analysis and predictive modelling. From our review,
Duan et al. [13] and Hu et al. [20] used Weka for their
experiments.
2. Matlab is a powerful numerical computing suite widely
used in simulations and other computing tasks. Kim
et al. [23] used Matlab to run their experiments.
3. KNIME stands for Konstanz Information Miner is a free
and open-source software for data mining and machine
learning task. In our review, KNIME was used by Du
et al. [11].
4. Python is a dynamically typed, high-level, general-purpose programming language. Python is currently one of
the most popular programming languages used in data
mining and data analysis tasks. In our review, it was
used by Lipizzi et al. [30].
SN Computer Science
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Records identified through
database searching
n = 1241

Additional records identified
through other sources
n=0

Eligibility

Screening

Records after duplicates removed
(n = 700)

Records screened
(n = 152)

Records excluded
(n = 548)

Full-text articles
assessed for eligibility
n = 94

Full-text articles
excluded, with reasons
n =58

Included

Studies included in
qualitative synthesis
n =0

Studies included in
quantitative synthesis
(meta-analysis)
(n = 36)

Fig. 2  PRISMA flowchart adopted from Moher et al. [35]

5. R is a functional programming language statistical computations and visualization. It is one of the most popular
data analysis software widely used and known for its
strengths in visualization. In our review, it is used by
Bhattacharjee et al. [8].
SN Computer Science

6. SAS is software developed by SAS Institute for several
statistical operations. In our review, SAS software was
used by Mohanty et al. [34].
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Fig. 3  Number of publications per year

RQ1: What data machine learning techniques have
been applied in the prediction of movie revenue
and which are the most accurate?
This research question aims to identify two broad issues.
(1) The machine learning approaches and (2) the machine
learning algorithms used in movie revenue prediction. For
the first part, we found three general data mining approaches
used in literature; they are classification, regression, and
clustering.
1. Classification: In predictive modelling, classification is
used to categorize data into specified discrete values. We
found out that 16 articles used a classification approach.
Therefore, to be able to use box-office revenue, which
is a continuous (numeric) data for classification, these
studies created classes based on the box-office revenue,
for example, movies are classified into a blockbuster, an
average, and or a failure. The basic illustration of classification is shown in Fig. 4.
2. Regression: Regression analysis is a predictive modeling
approach used in predicting continuous data based on
previous training data. Regression basically involves
estimating the relationship between variables. In this
case, between box-office revenue of movie-related data.
The general idea of a regression approach is shown in
Fig. 5. In our review, twenty articles employed a regression analysis approach. Some of the studies argue that
information will be lost if the problem is treated as a
classification problem.

Fig. 4  Illustration of box-office revenue classification

3. Clustering: Clustering is an unsupervised learning
approach used in grouping data into a specified number of
groups called clusters. Clustering is an unsupervised learning approach, because it requires no training data. I general,
the relationship between the variables is calculated, and the
variables are divided into clusters based on the relationship.
The general idea of the clustering approach is shown in
Fig. 6. Only one study used a clustering approach.

Box-office revenue

In the following subsections, we present the findings and
discussion of the systematic literature review according to
the research questions.

Fig. 5  Illustration of box-office revenue regression
SN Computer Science
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For the second part of the question, Table 1 in the appendix section shows the prediction algorithms and the articles
that used them in movie revenue prediction. It can be seen
from Fig. 7 that multiple linear regression (MLR), support
vector machines (SVM), neural networks (NN), random
forest (RF), decision tree (DT), logistic regression (LOR),
K-nearest neighbor (KNN), and multiple perceptron neural network (MLP) are the most popular algorithms used
in movie revenue prediction. MLR and SVM are by far the
most widely used, cumulatively accounting for 37% of the
total number of publications. OTHERS is used to represent
all the algorithms used in less than two publication.
On another hand, generally the results from the reviewed
articles have shown that non-linear based algorithms yielded
better prediction and linear based algorithms as pointed out
clearly by Chen et al. [9] and Kim et al. [25]. In specifics,
most of the studies showed that variants of neural network
algorithm are the most accurate algorithms in movie revenue
prediction [11, 40, 43, 50]. This is followed by decision tree
based algorithms like random forest and M5P algorithms [5,
17, 18, 20]. The SVM algorithm also performed better than
linear regression in all the studies that experimented on both
the algorithms. Finally, based on their results, Lehrer and Xie
[29] illustrated that supervised learning algorithms do not
always outperform econometric approaches in variable and
model selection. The percentage ratio of prediction algorithms
used in movie revenue prediction is illustrated in Fig. 7.
MLR, SVM, NN, and RF are being the most widely
used prediction algorithms in movie revenue prediction
are briefly explained as follows:

1. Multiple linear regression is employed for the prediction. The independent variables for the prediction are
the percentage of positive sentiments, the percentage of
negative sentiments, review count, and watch intent. The
prediction model can be represented using Eq. 1:
(1)

Yi = 𝛽0 + 𝛽i X1i + 𝛽2 X2i + 𝛽k Xki + 𝜀,

	 where Yi is the predicted or expected value of the
dependent variable, X1 to Xk are k distinct independent
or predictor variables, 𝛽0 is the value of Y when all of
the independent variables are equal to zero, and 𝛽1 to 𝛽k
are the estimated regression coefficients.
2. Support vector machine is a well-known supervised learning algorithm used for solving classification and regression
problems. When used for regression, it is called support
vector regression (SVR). SVM finds a hyperplane among
‘n’ features that distinctly classify the data points. SVM
uses an iterative training approach to derive an optimal
hyperplane, which is used to minimize an error function.
Based on the error function used, SVR can be grouped into
Epsilon SVR and Nu SVR. A basic pseudocode of SVM
algorithm is shown in Algorithm 1 as presented by [4].

Box-office revenue

3. Artificial neural network is also a widely used algorithm
that was inspired by the biological neural structure. It
consists of layers, the input layer, and the output layer,
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Fig. 6  Illustration of box-office revenue clustering
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and usually a number of hidden layers. It can be viewed
as a weighted directed graph that begins at the input
layer and terminates at the output layer. Artificial neurons are the nodes in the graph, while directed edges
are the connections between neuron input and output
layers. An artificial neural network can be grouped into
a feed-forward neural network and a recurrent neural
network based on the connection pattern. The ‘neuralnet’ library of r programming was used for running the
experiments. The structure of the neural network is presented in Fig. 8.
4. Random Forest is a decision tree-based ensemble learning
algorithm for classification and regression tasks. It is an
ensemble algorithm, because it uses more than one decision tree within itself. Random Forest algorithm works by
creating multiple trees, each tree making its prediction,
and a prediction that comes from the highest number of
trees is adopted as the model’s prediction. Through this
mechanism, random forest solves the problem of overfitting in the training of decision tree algorithms. Random
forest is an efficient decision tree algorithm, because it
works on the notion that multiple trees doing a single task
will most likely perform better than a single tree. Random
Forest was first introduced by Tin Kam Ho in the year
1995. The structure of a random forest algorithm is shown
in Algorithm 2 as presented by [4].

RQ2: What data sources are the most commonly
used in movie revenue prediction?
This research question is aimed at identifying the data
sources used in movie revenue prediction. This is important,

Fig. 8  Structure of neural network

because a prediction is only as good as the data is. We found
out that Hollywood, which is the US movie industry is by far
the central focus of most of the studies with 58% of the total
number of publications. This is followed by studies done on
the Chinese cinema with 22%, Korean cinema with 14%, and
the Indian cinema with 6%, as illustrated in Fig. 9.
Table 2 in the appendix section shows the sources of
data according to the movie industry. Hollywood has
IMDB (https: //www.imdb.com) and Box Office Mojo
(https: //www.boxoffi cemo jo.com) as the most popular
sources of metadata. IMDB is also the primary source of
critics’ reviews used in the revenue prediction. Both IMDB
and Box Office Mojo are online databases that track and
store information about mainly Hollywood movies. However, while Box Office Mojo is focused about financial
information like budget and box-office revenues, IMDB is
focused on all the movie-related metadata like synopsis,
budget, cast, production crew, MPA ratings, genre, sequel
information and critics review.
For studies that focused on Chinese cinema, Sina Weibo
is the primary source of data for Chinese movie revenue
prediction. Sina Weibo is one of the most popular microblogging websites in China. The next data source to Sina
Weibo is the Wangpiao website. Wangpiao is a popular
movie website in China.
The Korean Film Council (KOFIC) and the NAVER
website are the two most popular sources used in Korean
movie revenue prediction. NAVER, which is often referred
to as the Google of “South Korea” is the most widely used
online platform in South Korea. On the other hand, KOFIC
is an organization supported by the South Korean state and
is among others charged with promoting and regulating the
South Korean movie cinema. KOFIC manages an online
platform that keeps tracks of and manages metadata about
Korean movies.
Studies conducted for the prediction of revenue for Bollywood movies have no uniformity in a source of data.
SN Computer Science
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Fig. 9  Distribution of the data source origin used in movie revenue
prediction according to the movie industry

4.

However, some of the studies used IMDB and Twitter data,
which are also common for studies focused on Hollywood
movies.

RQ3: What are the features (variables) used movie
revenue prediction and which among them are
more important?
In this research question, we discuss the features used as
independent variables in movie revenue prediction. Our
study identifies several and diverse set of features used in
movie revenue prediction. Therefore, it will be difficult to
address them all. However, the features can be grouped into
two broad groups; the metadata features and the sentiment
features.
The metadata features represent features usually extracted
from movie databases. They consist of movie information
usually readily available before and after a movie’s release.
The most popular among these features are: cast (20.6%),
screen (15.5%), genre (12.0%), movie rating (10.3%),
budget (9.5%), seasonality (5.2%), runtime (5.2%), and
sequel (5.2%). On the other hand, sentiment features represent features extracted from social media data and other
movie reviews. Sentiment features are different from WOM
as they are computed using natural language processing, but
WOM features are directly extracted from review websites
without any computation. The most commonly used sentiment features are the percentage of positive sentiments, the
percentage of negative sentiments, and positive-to-negative
sentiment ratio. Table 3 in the appendix shows the metadata features used in movie revenue prediction. A briefly
explanation on the common metadata features is presented
accordingly.
1.

Cast: This feature represents all generated from the
movie cast, the director, their popularity, and awards
won. It is often referred to as the star power in some

SN Computer Science

5.

6.

7.

8.

9.

studies. This feature is usually determined with a formula and the cast are assigned categorical value like
high, average or low.
Screen: This is a feature that represents the number of
screens or theatres that the movie will be released on.
It is represented in an integer form. The belief is that
films with wide release will generate more revenue.
Genre: Some movie genres are known to be more
popular than others. The genre feature represents the
genre of a movie, and it has several values like action,
comedy, adventure, and horror. Some studies use this
feature as a categorical feature, while others assign a
numeric value to each genre type.
Rating: This feature represents the rating of a movie.
A rating is given to a movie based on its contents like
violence and language. The ratings define the targeted
audience based on age. For example, according to the
Motion Picture Association of America (MPAA), a
movie with a ‘G’ rating is for a general audience, while
‘PG’ is for a general audience, but children need the
supervision of their parents. The ratings used for movie
revenue prediction are: G, PG, PG-13, and R. Movies
release with ‘G’ rating are usually expected to more
revenues than others.
Budget: The budget represents the total cost of making
a movie. This feature is difficult to determine, and most
of the movie budgets available are estimates based on
information provided by production companies. There
is the assumption that movies with high budgets will
generate much profit; however, this is not always the
case. Some movies with expensive budgets fail to generate a return on investment.
Seasonality: This feature represents the time of the
movie release. For example, if it is during festive
periods or public holidays. Cinemas are expected to
receive high turnouts during these periods.
Sequel: A sequel is a movie that is a continuation or
based on a previous movie. Successful movies usually
get a sequel, and the sequel is also usually expected to
be successful. This feature is usually represented with
a binary value of 1 or 0.
WOM: Word-of-mouth feature represents the views
and perception of people about a movie. The WOM
represents several features that usually extracted from
movie websites as numeric data. These include the
number of reviews, number of likes, and percentages
of positive and negative reviews.
Competition: This feature represents the level of competition of a movie; if the movie is released together
with other popular movies or not. It is usually represented with a categorical value like high, low and
average.
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10. Advertisement: This feature represents the level of
advertisement for a movie. It is also usually represented with a categorical value like high, low, and
average.
In relation to the performance of individual features in
movie revenue prediction, for movies that focused mainly
on movie metadata features, Antipov and Pokryshevskaya
[5], Duan et al. [14] and Quader et al. [40] reported number of screens and production budget as the most predictive
features in movie revenue prediction. However, Liu et al.
[31] showed that cast (specifically, the popularity of director
and the popularity of lead actors) has the highest predictive
power, then followed by the number of screens and sentiment analysis features. In a different study, Zhou et al. [50]
explored different kind of metadata, that is, metadata from
movie posters. The visualized features in the posters indicate
that there is an implicit relationship between the design of
text on movie posters and box-office revenues.
On the other hand, for studies that focused mainly on
social media metadata, Duan et al. [14], Hossein and Miller
[19], Hu et al. [20], Daehoon Kim et al. [23], Kim et al.
[25], Lehrer and Xie [29], Lipizzi et al. [30] and Oh et al.
[37] all showed and argued that incorporating social media
features results in a better prediction accuracy than using
solely movie metadata features. In specifics, Oh et al. [37]
concluded that most personal Consumer Engagement Behaviour (CEB) in social media channel of a movie like number
of number likes, retweets or views is relevant in explaining
gross revenue beyond the effects of cast, budget and genre.
Similarly, Duan et al. [14] found out that using sentiment
analysis variables from social media together with movie
metadata yields a better prediction accuracy than when
using only sentiment analysis or metadata features. However, Lipizzi et al. [30] findings show that the importance of
commonly used buzz-metrics, such as sentiment, is probably
overstated, and that conversational analytics can contribute
significantly to explain the variance of box office revenues
in the first week end of release. Table 3 shows the features
used in box-office revenue prediction.

RQ4: What are the most popular evaluation metrics
used for movie revenue prediction?
This research question aims to enumerate the methods and
techniques used in evaluating movie revenue predictions.
Several evaluation metrics have been identified from the
review. The percentage ratio of the evaluation metrics identified is illustrated in Fig. 10.
The evaluation metrics used in the studies identified
depend on the data mining approach used for the prediction.
For example, in regression-based approaches, the evaluation

is usually concerned about the prediction errors, while in
classification, the evaluation is usually concerned with the
prediction accuracy. An error is defined as the difference
between the actual value and the predicted value. For articles that used a regression approach, mean absolute percentage error (MAPE) is the most popularly used evaluation
measure, followed by variants of r2, and root mean squared
error (RMSE). Table 4 in the appendix section shows all
the evaluation metrics found, while evaluation metrics that
were used in more than two articles are presented as follows:
1. MAPE is a statistical measure of how accurate a prediction experiment is. It is expressed as the mean of the
absolute percentage errors of prediction, given by

MAPE =

n
1 ∑ || yi − ŷi ||
|,
|
n i=1 || yi ||

(2)

where yi represents the actual value, and ŷi represent the
predicted value.
2. RMSE is a measure of how close a fitted line is to data
points. It is the standard deviation of the prediction
errors (residuals). Mathematically, it is calculated as
the square root of the average of squared differences
between the predicted and actual values. The equation
is given below:
√
√ n
√1 ∑ (
)2
yi − ŷi ,
RMSE = √
(3)
n i=n
where yi . represents the actual value, and ŷi represent
the predicted value.
3. R2 pronounced as “r squared” is a statistical measure
in a regression analysis that is used in identifying the
proportion of variance of the dependent variable that can
be explained by the independent variable. It is given by:

�2
∑n �
yi − ŷi
i−1
R = ∑ �
�2 ,
n
y
−
y
i
i−1
2

(4)

where yi represents the actual value, and ŷi represent the
predicted value.
4. Adjusted r2 pronounced as “adjusted r squared” is an
improvement of r2 to tackle the limitations of r2. The
adjusted R-squared compares the descriptive power of
regression models—two or more variables—that include
a diverse number of independent variables—known as a
predictor:

R2adj. = 1 −

)
n−1 (
1 − R2 ,
n−1−k

(5)
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where k is the total number of variables in the model,
and n is the sample size.
5. Mean absolute error (MAE) is a measure of the average
magnitude of prediction errors ignoring their direction.
It is given by

MAE =

1 ∑n |
y − ŷi ||,
i=1 | i
n

(6)

where yi represents the actual value, and ŷi represents the
estimation value and y predicted value.
6. Mean squared error (MSE) is also a measure of how
close a fitted line is to data points. It is computed as the
square of the prediction errors. The mathematical equation is given as

)2
1 ∑n (
yi − ŷi ,
MSE =
i=1
n

(7)

where yi represents the actual value, and ŷi represent the
estimation value and y predicted value.
7. Relative absolute error (RAE) is computed as the ratio
of the mean errors (residuals) and errors produced by a
trivial or naive model:
∑n �
�
�ŷi − yi �
RAE = ∑i−1
,
(8)
n �
y − y��
i−1 � i
where yi represents the actual value, and ŷi represent the
estimation value and y predicted value.

For classification-based approaches, average percentage hit rate (11%) and accuracy (7%) are the most widely
used evaluation metrics. Accuracy, together with precision and recall are the widely used evaluation metrics

in classification problems. Some key terms used in their
determination are true-positive (TP), true-negative (TN),
false-positive (FP), and false-negative (FN). APHR, Accuracy, precision, and recall are briefly explained as follows:
1. Average percentage hit rate (APHR) is a measure of the
rate at which the testing data samples are classified into
the correct classes. There are two different values, Bingo
and 1-away. Bingo measures the exact hit rate, meaning that only a classification exactly matches the ground
truth would be considered as correct. On the other hand,
1-away is based on Bingo, and it also takes into consideration the hit rate of adjacent classes. They are given by
K

APHRBingo

1∑
=
c,
n i=1 i

(9)
K

APHR1−away = APHRBingo +

1∑
c + ci+1 ,
n i=1 i−1

(10)

where n is the total number of samples, K is the total
number of classes, and ci is the total number of samples
correctly classified as class i , when i ≤ 1 or i ≥ K , ci = 0.
2. Accuracy is a simple evaluation measure calculated as
the ratio correctly predicted values to the total values.
The equation is given by

Accuracy =

TP + TN
.
TP + TN + FP + FN

(11)

3. Precision is calculated as the ratio of correctly predicted
positive values to the total predicted positive values. Precision tells us how much of the classified data is classified correctly. Precision is given by

Precision =

TP
.
TP + FP

(12)

4. Recall is the ratio of correctly predicted positive values to all values in the actual class. Recall tells us the
amount of the correctly classified data; it is given by

Recall =

TP
.
TP + FN

(13)

Gaps and Limitations Identified

Fig. 10  Evaluation metrics used in movie revenue prediction
SN Computer Science

We identified some limitations in the articles reviewed.
One of these limitations is the inadequacy of benchmark
data set for movie revenue prediction. Most of the studies
extracted their own data set. This might be because the
movie domain is a dynamic domain, with frequent changes.
For example, a movie budget considered as high a decade
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ago will be regarded as a low budget today. In addition,
there are changes in the marketing and distribution of movies. This makes the data sets to become obsolete in a short
time. Therefore, there is a need for approaches that will be
able to cater to these changes. Even though there are studies on time series forecasting; however, this challenge is
different and falls under trend forecasting.
Second, since the utilization of peoples’ opinion for
movie revenue prediction is relatively new, there is room
for improvement in the information extracted from people’s opinion data. Most of the existing studies classify
the opinion data into positive and negative and use the
result for the prediction. However, Liu et al. [31] showed
that purchase intention could also be extracted from these
data. Therefore, there is a need for studies that will focus
on maximizing relevant information from opinion data for
movie revenue prediction.
Another problem identified from the reviewed is on
revenue prediction for sequel movies. Even though a significant number of films released yearly are sequels, none
of the reviewed articles focused on revenue prediction
for sequel movies. Quader et al. [40] stated that they did
not sequel to a movie as features. They argued that the
prediction of a sequel movie is terrible as some movies
gain a handsome amount of profit only for its sequel to
fail. Notwithstanding, many of the reviewed articles used
a binary feature ‘sequel’ to define if a film is a sequel or
not. However, the sheer number of sequel movies produced every year makes it of paramount importance to
have studies exclusively focused on revenue prediction
for sequel movies.
Finally, the data used in movie revenue prediction is
prone several data irregularities like missing data and
class imbalance. However, the articles did not emphasize of handling these irregularities. Therefore, there is a
potential for improving movie revenue prediction accuracy by addressing data irregularities in movie revenue
prediction data set.

Conclusions and Discussion
In this paper, we reported a systematic literature review of
36 selected articles based on carefully deduced inclusion
and exclusion criteria. We aim to answer research questions
about movie revenue prediction. A systematic understanding
of this domain is beneficial to future works because of the
increasing number of studies on movie revenue prediction.
We followed PRISMA guideline for conducting and reporting systematic reviews. In what follows, we briefly discuss
the findings of our systematic review.
First, we found out that the problem of movie revenue
prediction is mostly treated as either a classification or

regression problem. Most machine learning algorithms can
be used for both classification and regression. Therefore,
the most popular algorithms we identified for movie revenue prediction are MLR, SVM, NN, RF and DT. MLR
and SVM are by far the most used algorithms taking 19
and 18% of the total reviewed papers, respectively.
Second, we deduced that all the reviewed articles are
focused on Hollywood, Chinese cinema, Korean cinema,
and Bollywood. As expected, Hollywood attracted the
highest number of articles from our review. However, Hollywood is followed by Chinese media, Korean cinema, and
Bollywood which does not tally with the sizes of these
cinemas; therefore, other factors are responsible for the
number of articles in each movie industry. Our review also
identified IMDB and Box Office Mojo as the main sources
of data for studies focused on Hollywood movies, Sina and
Wangpiao for studies done on Chinese cinema, KOFIC and
NAVER for studies done on Korean cinema, and IMDB
and Twitter for studies focused on Bollywood movies.
Third, our review has shown that the most common features used in revenue prediction are cast, screen, genre, rating, budget, and user sentiments. We also argued that there
is the underutilization of user sentiments for revenue prediction, because most of the reviewed studies that used user
sentiments only considered the volume of review and percentages of positive and negative reviews for the prediction.
Fourth, we identified different categories of evaluation
metrics for evaluating the prediction algorithms used in
movie revenue prediction based on whether the task is
treated as a classification or regression problem. This is
because even though most of the algorithms used for classification can also be used for regression, their objective
is different. Whereas classification evaluation is aimed
at determining accuracy, regression evaluation is aimed
at determining prediction error. Consequently, we found
out that MAPE, RMSE, and r2 are the most widely used
regression algorithms for movie revenue prediction, while
APHR and Accuracy are used to evaluate classification
algorithms for movie revenue prediction.
In conclusion, this review has presented some important
aspects of knowledge of movie revenue prediction. This contribution is vital for researchers who intend to address novel
contributions in the domain. We also presented some gaps
and limitations identified from the review for future studies.
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Appendix 1

Table 2  Sources of data according to movie industry

See Tables 1, 2, 3, and 4.

Industry

Data source

Frequency

Hollywood

IMDB
Box Office Mojo
Rotten Tomatoes
The Numbers
Tweets
Kantar
Wash Info. Service
Sina
Wangpiao
China Film Group
Tencent Microblog
Entgroup Box-office
M1905.com
KOFIC
NAVER
PulseK
DAUM
BollyMovieReviewz
Boxoffice Pro
ZEE ETC

11
6
4
3
6
1
1
3
2
1
1
1
1
2
2
1
1
1
1
1

Table 1  Box-office prediction algorithms
Algorithm

Source

Frequency

MLR

[5, 8, 9, 11, 12, 14, 20, 24, 25, 29–34, 39,
45, 48]
[9, 11, 12, 14, 16–21, 23–25, 27, 28, 31,
39, 41]
[9, 11, 12, 16, 19, 21, 28, 30, 41, 42]
[5, 9, 17, 18, 27, 28, 30, 38]
[9, 17, 18, 21, 27, 30, 45]
[27, 28, 38, 44]
[10, 36, 37]
[19, 24, 25]
[5, 17, 18, 27]

17

SVM
NN
RF
DT
LOR
OLS
KNN
MLP
Others

Table 3  Features used in boxoffice prediction

SN Computer Science

China

16
9
7
6
4
3
3
3
21

Korea

Bollywood

Feature

References

Number

Cast
Screen
Genre
Rating
Budget
Seasonality
Runtime
Sequel
Competition
Advertisement
WOM
Release date
Award

[5, 10, 17, 18, 21, 23, 27, 28, 31–34, 38, 41, 42, 46–48, 50]
[6, 10, 14–18, 24, 25, 29–31, 33, 38, 39, 41, 45–47]
[5, 10, 17, 18, 27–29, 33, 37, 38, 45–48, 50]
[5, 10, 16, 21, 27, 29, 32, 33, 38, 41, 42]
[5, 16, 29, 30, 32, 33, 38, 41, 45, 48, 50]
[10, 16, 21, 27, 41, 48]
[16, 33, 38, 46–48, 50]
[5, 16, 28, 33, 38, 42]
[17, 18, 25, 33, 39]
[15, 16, 28, 48]
[25, 32, 34, 46, 47]
[38, 45–47]
[46–48]

18
17
14
11
11
6
6
6
4
4
4
3
2
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Table 4  Evaluation metrics used in box-office prediction
Evaluation metric

References

Frequency

Adj. r2
r2
AMAPE
MAPE
MAE
MSE
MAD
MRAE
MAPD
RMSE
RAE
SPE
SE
MSPE
PCC
CC
APHR
Accuracy
Precision
Recall
AUC
SD

[19, 30, 31]
[6, 9, 10, 33]
[6]
[11, 12, 21, 24, 25, 29, 39, 45, 48]
[9, 14, 20, 46, 47]
[10, 15, 16]
[10]
[32]
[45]
[9, 20, 21, 24, 46, 47]
[19, 31]
[5]
[37]
[29]
[14, 30]
[11, 12]
[16–18, 28, 38, 42, 50]
[23, 27, 41]
[27, 44]
[27, 44]
[27, 38]
[8, 34]

3
4
1
8
4
2
1
1
1
5
2
1
1
1
2
1
6
3
2
2
2
2
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