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Abstract: In this paper, we investigate the profitability of investing in movies for retail investors, focusing on the
return on investment (ROI) metric, which is calculated as revenue divided by budget. Our analysis encompasses
5000 movies from the movie database TMDB, examining factors such as production scale, genres, key actors,
directors, and more. Additionally, we employ textual analysis techniques like Latent Semantic Analysis (LSA)
on movie overviews and tags to incorporate movie themes. We then evaluate various supervised classification
models including Logistic Regression, Random Forest, and Light Gradient Boosting (LightGBM), comparing their
performance. Our findings highlight the significance of production scale, team structure, and movie themes in

identifying potential high-return opportunities for investors.
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1. Introduction

1.1. Background and Motivation

In contemporary society, motion pictures represent a significant facet of entertainment and a
substantial investment opportunity. As of 2020, the global film and video market attained a value near-
ing $234.9 billion, reflecting a compound annual growth rate (CAGR) of 2.4% since 2015. Projections
indicate that this market will escalate to approximately $318.2 billion by 2025 and $410.6 billion by 2030.
Consequently, the pivotal inquiry emerges: how can prospective movie investors effectively evaluate
investment opportunities? Traditionally, such decisions have relied heavily on subjective judgments
influenced by personal preferences. This study proposes an alternative approach based on modeling
techniques aimed at enhancing objectivity and data-driven decision-making among investors with
machine learning algorithms.

1.2. Literature Overview

Recent advancements in machine learning have yielded significant improvements across diverse
applications.

Deep learning has seen extensive application across various domains, showcasing significant
advancements in healthcare, computer vision, and natural language processing (NLP). Zhong et al.
(2024) evaluated deep learning solutions for pneumonia detection, comparing custom models with
transfer learning approaches, highlighting their performance in medical imaging tasks [28]. Wang et al.
(2024a) explored the conversion of 2D images to 3D textures using neural radiance fields, demonstrating
its potential in computer graphics and virtual environments [22]. In a related study, Wang et al. (2024b)
developed a graph neural network recommendation system tailored for football formation strategies,
underscoring the applicability of graph-based approaches in sports analytics [23]. [26] proposes the
use of Bayesian variable selection in genome search.

Recent advancements in graph neural networks (GNNSs) have also been noteworthy. Peng et al.
(2024a) introduced Maxk-GNN, a high-performance GPU kernel designed to accelerate the training
of GNNs, enhancing their efficiency in large-scale graph processing tasks [20]. Additionally, Lingcn,
proposed by Peng et al. (2024b), innovates with structural linearized graph convolutional networks for
homomorphically encrypted inference [19]. In the realm of natural language processing,

Jin et al. (2024a) presented APEER, a framework for enhancing large language model reranking
through automatic prompt engineering, illustrating advancements in NLP [8]. Moreover, Dai et

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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al. (2024) discussed Al-based NLP techniques, emphasizing the application and impact of bag-of-
words models and TF-IDF in natural language tasks [3]. Li et al. (2024a) explored the application of
augmented reality (AR) in remote work and education, highlighting its transformative potential in en-
hancing collaborative environments [11]. They further investigated deep learning methods to optimize
software development processes, addressing efficiency and innovation in software engineering [12]. In
addtion, [9] demonstrates Al learning from teaching regularization to imitate the correlations.

Recent studies have also focused on multi-modal learning and vision tasks. Zhu et al. (2024)
developed a cross-task multi-branch vision transformer for facial expression and mask-wearing
classification, showcasing advancements in visual recognition technologies [31]. Additionally, Wang
et al. (2024c) applied BERT-based deep learning algorithms for Al-generated text detection and
classification, contributing to advancements in text understanding and document analysis [21]. Yang
et al. (2024) optimized diabetic retinopathy detection using Inception-V4 and a dynamic version of the
snow leopard optimization algorithm, demonstrating improvements in biomedical signal processing
and control systems [25]. [2] explored Few-Shot Learning in Pareto optimal with self-supervised
training procedure. Huang et al. (2024) investigated tumor segmentation techniques based on image
enhancement methods, highlighting advancements in medical image analysis [6]. [4] discusses the
airfreight transportation with double discount and [15] adds into the area of NLP with text sentiment
detection and based on Integrated Learning Algorithm.

In the realm of financial modeling, [5] shows the application of artificial intelligence technology
in the physical assembly techniques. [27] researches on task allocation planning with hierarchical task
network for national economic mobilization. [24] researched into financial risk prediction with deep
learning.

In the domain of time series analysis, frameworks like FTS (Framework to Find a Faithful
TimeSieve) have been introduced to improve temporal data analysis [10]. Moreover, Al-generated text
detection and classification using BERT-based deep learning algorithms have been explored for text
analysis tasks [21]. [17] talks about infrared image Super-Resolution via Lightweight Information Split
Network. [7] introduces the Carry-Lookahead RNN and [1] proposes to improve seat system with
enhanced human-AlI interactions.

Medical imaging and healthcare have also benefited from advanced machine learning techniques.
Yang et al. demonstrated optimization of diabetic retinopathy detection using Inception-V4 and
novel optimization algorithms [25]. Similarly, research continues to evolve in image enhancement
methods for tumor segmentation [6]. [18] applies Transformer to improve heart rate prediction instead
of statistical approach. Furthermore, applications of machine learning in weather prediction have been
investigated, aiming to improve the accuracy of dangerous flight weather predictions [16]. [13] proves
that the multi-modal preference alignment can mitigate visual instruction regression of large language
model. Furthermore,[14] constructs a large-scale synthetic multi-turn question-answering dataset that
can be utilized to improve on training accuracy.

These studies collectively underscore the expansive impact and versatility of machine learning
across various fields.

1.3. Problem Statement

From a movie industry investor’s standpoint, a pertinent inquiry arises: how can machine learning
algorithms aid in investment decision-making? Specifically, can models effectively determine the
viability of investing in a movie? To address these queries, we initially conducted exploratory data
analysis (EDA) to glean business insights. Subsequently, we integrated latent semantic analysis (LSA)
with classification models to predict future levels of return-on-investment (ROI).
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2. Technical Exposition

2.1. Description of Dataset

The dataset we used is "The Movie DataBase" (TMDB) from Kaggle'. It is sourced from the IMDB
database and processed into two CSV files.

After combining these two data files, we obtained one dataset with the following variables:
movie’s homepage, budget, genres, revenue, title, movie duration, language, plot keywords, overview,
tagline, number of voted users on TMDB, average votes, popularity, production country, production
company, crew (including the leading director and departments), and cast (including the top 1st, 2nd,
and 3rd actors).

The first dataset, tmdb_5000_credits, contains information on movie cast and crew, with each
column stored in JSON format. The second dataset, tmdb_5000_movies, contains basic information
about movies such as genres, and statistics such as revenue and budget. The movies included in the
dataset were mostly released between 1960 and 2020, with revenue figures updated to the dataset’s
production time.

2.2. Data Preprocessing

Missing Value Handling

Table 1 shows that approximately 64% of homepage, 51% of companies_3, and 30% of companies_2
values are missing. For homepage, it is likely that some movies do not have a homepage. Regarding
production companies, it is reasonable that some movies are produced by only one company. Therefore,
we excluded these three variables from further analysis. Missing values in ‘companies’, ‘actors’, and
"plot-keywords” were handled by converting them into dummy variables, with the last category labeled
as ‘other’. The "Tagline’ variable was subsequently concatenated with ‘Overview” due to their textual

nature.
Table 1. Missing Values.

Variables Total  Percent
homepage 3091  0.643556
companies_3 2479 0.516136
companies_2 1417  0.295024
tagline 844  0.175724
plot_keywords 412  0.085780
companies_1 351 0.073079
actor_3_name 63 0.013117
actor_2_name 53 0.011035

Outlier Handling

We initially removed samples with infinite or zero Return on Investment (ROI), resulting from
zero revenue, zero budget, or zero duration. Upon examining the ROI distribution, we identified some
extremely large values (up to 1e6). Notably, two outlier samples were identified: the films "Modern
Times" and "Nurse 3-D", with reported budgets of 1 and 10, respectively. Upon cross-referencing
with Wikipedia, we found discrepancies in the reported budget and box office figures for "Nurse 3-D"
(budget: $10,000,000; box office: $80,231). Consequently, recognizing these inaccuracies in the IMDB
database, we decided to exclude these records from our dataset.

However, the updated dataset still exhibited several outliers (see Figure 1). Notably, the top
outliers included "Paranormal Activity (2007)", which set box office records at its release; "Tarnation",

1 https:/ /www.kaggle.com/datasets/tmdb/tmdb-movie-metadata/code?select=tmdb_5000_movies.csv
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notable for its low budget due to its production from Super 8 footage and VHS tape; and "The Blair
Witch Project", renowned for its high box office returns. The further removal of outliers posed a risk
of reducing sample size and altering the original ROI distribution, and the outcome indicated that a
substantial number of samples were capped.

Therefore, we also adopted a second approach of MAD-based Gerber Robust Covariance and
Nested Clustering to remove outliers as proposed in [30]. In the article, the combination of Gerber and
Nested Clustering 1 has reduced the dispersion of data distribution and enhanced the information-
noise-ratio for financial data. As the Return on Investment data also suffers noises from inaccurate
inputs, we applied Mad-based Gerber to truncate ROI values. Finally we categorized ROI into four
classes based on quantiles: 25%, 50%, and 75% thresholds. These categories were defined as: VeryLow,
Low, Mid, and High.

Algorithm 1 Nested Clustered Optimization

1. Obtain de-noised predictor covariance matrix V and correlation matrix ¢
2. Cluster correlation matrix C into K groups
3

. Intra-cluster optimization within each of K groups, concatenate K vectors of weight into RK*N
weight matrix, denoted as Qintra .
4. Use the intra-cluster weights to get reduced sample covariance matrix: Vieduced = Qpira V Qintra
return: final optimal weights allocated on each asset
Keywords ROI
aftercreditsstinger 12000
friendship . . sequel 10000
durlngcredlgsst%nger
. 10grapny _
violencepzsed on novel 2 aoo )
dystopia .
y P sport o
2000
independent film 3d . il
0 1000 2000 000 4000 5000
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Figure 1. Word Cloud of Key Words (Left) and ROI Outliers (Right).

In the VeryLow class, ROI ranges nearly from 0 to 1.02, indicating insufficient revenue to cover
the investment. The Low class encompasses ROI values from 1 to 2, while the Mid class ranges from 2
to 4.5. ROI values above 4.5 fall into the High class. Following this categorization process, we achieved
a balanced dataset suitable for classification tasks.

3. Feature Engineering

In addition to existing predictors, we incorporated several new variables. Firstly, recognizing that
films produced in multiple languages or countries may exhibit different global impacts, we introduced
variables such as the number of languages and countries by transforming the original variables. The
scale of production, reflected in the number of actors, different departments, and crew size, was
also considered valuable. Furthermore, we converted ‘genres’ and the most frequently occurring
"production companies’ (top 10), ‘languages’ (top 3), and “actors’ (top 100) into dummy variables.
Additionally, we identified and converted the top ten most frequent plot keywords into dummy
variables.

The processed dataset now comprises 3225 samples and 209 variables.
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3.1. Exploratory Data Analysis

We conducted an exploratory data analysis (EDA) to understand the distributions and relation-
ships within the dataset. Numeric variables were analyzed for variations across different classes (see
Figure 2). Notably, variables such as ‘'number_of_cast’ exhibited significant variation across different
classes. Outliers in variables like 'number_of_productions’ and principal components (PCs) from
Latent Semantic Analysis (discussed further in Section 3.2.2) demonstrated distinct patterns across
classes, suggesting potential influences on predictions for classes labeled VeryLow and High.
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Figure 2. Distribution of Numeric Variables.

Furthermore, strong correlations were observed among variables such as 'number_of_actors’,
‘number_of_cameras’, and 'number_of_art’ (see Figure 3). Some of these correlated variables may be
considered for exclusion in subsequent analyses, or may be disregarded by feature selection models
such as Lasso Regression.
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Figure 3. Correlation among Variables.
4. Methodology

4.1. Independent and Dependent Variables

As mentioned previously, our objective is to address a multi-classification problem to predict ROI
levels. The response variable is categorized into ROI levels, excluding variables such as popularity
and votes that are not available before a movie’s release.

Our independent variables comprise three main categories: original variables, generated dummy
variables, and principal components derived from Latent Semantic Analysis (LSA). Table 2 summarizes
both the independent and dependent variables used in our classification task.

Table 2. Independent and Dependent Variables for Classification.

Dependent ROI Levels (categorical): divided by quartiles, {"very low’, low’, ‘'mid’, "high’}
Basic Information (numerical): duration, number of casts, etc

Production Company (dummy): top 10 most frequent companies
Independent | Actor (dummy): top 100 most frequent actors

Director (dummy): top 18 most frequent directors

PC (numerical): 50 scores of the corresponding PCs derived from LSA

4.2. Models and Model Selection

Prior to fitting prediction models, we defined "High Precision Rate" as our primary evaluation
metric (further discussed in Section 3.2.1). Additionally, we applied Latent Semantic Analysis (LSA)
to extract meaningful text features from movie taglines and overviews (further discussed in Section
3.2.2).

For supervised learning, we employed several models: multinomial logistic regression, random
forest, and boosted trees. In logistic regression, we incorporated an /1 penalty (Lasso Regression) for
feature selection. Boosted tree models included both gradient boosting and XGBoost. The dataset was
split into training (2/3 of data) and test sets (1/3 of data). Models were trained on the training set and
optimized using k-fold cross-validation.

4.2.1. Evaluation Metrics

Given our focus on improving investment decisions, we prioritized models that effectively predict
movies with high ROI or at least medium ROI with high precision. This metric, termed High Precision
Rate (HPR), is defined as:

# of movies with high or medium ROI predicted as high ROI

HPR =
total # of movies predicted as high ROI
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4.3. Latent Semantic Analysis

We utilized Latent Semantic Analysis (LSA) to extract meaningful information from textual data.
Algorithm 2 outlines the steps involved in this process, where we derived 50 principal components
(PCs) from the original textual contents to serve as new features.

Algorithm 2 LSA based on TF-IDF and PCA

Input:
(i) Textual contents: "tagline’+ overview’
(ii) Number of principal components to retain, m

function LSA (Textual contents, m)
(1) Split, stem, and lemmatize words in each sample
(2) Remove stopwords and create a 2-gram corpus
(8) Compute TF-IDF scores for each sample
(4) Apply PCA (or Truncated SVD) on TF-IDF scores and obtain PCs
(5) Retain the top m PCs and analyze latent semantics
: end function

_ e
P NP2

: Output: m PCA scores of all samples.

In stemming and lemmatization, variations of the same words are normalized (e.g., "cat", "Cat",
"cats" — "cat"). We used 2-grams instead of single words to enhance interpretability. Term Frequency-
Inverse Document Frequency (TF-IDF) was employed to assign weights to terms based on their
relevance to each sample.

The initial dataset had 12,212 dimensions, from which we retained the first 50 principal compo-
nents based on their cumulative explained variance. These components capture thematic aspects such
as "family story" and "true love" from the overview and taglines.

4.4. Logistic Regression

We employed Multinomial Logistic Regression on the training set to predict ROI levels. Given the
dataset’s numerous predictors, the model’s interpretability was compromised, potentially leading to
overfitting. To mitigate this, we conducted feature selection using /1 regularization (Lasso Regression).
Predictors were standardized, and a 10-fold cross-validation was employed to optimize the regulariza-
tion parameter. The resulting model retained 228 features with non-zero coefficients, as discussed in
Section 4.1.

4.5. Tree-Based Models

Next, we explored three tree-based models: Random Forest, Gradient Boosting, and XGBoost.

For Random Forest, we used mtry = ,/p, where p denotes the number of predictors, as the size of
the feature subset for tree growth.

Gradient Boosting involved optimizing the parameter n.trees through cross-validation with 10
folds. The final model was trained with n.trees = 47, selected based on minimal cross-validation error.

For XGBoost, we employed the LightGBM framework for computational efficiency. Using grid-
search, we identified the optimal model with a learning rate of 0.01, 35 leaves, and an 12 ratio of 0.1.
The final model ensemble consisted of 10 models from 10-fold cross-validation, evaluated using HPR
as the metric.

4.6. Bayesian Model

Finally, we investigated Bayesian model as it provides more explainability as well as flexibil-
ity for us to incorporate prior assumptions into the model. [29] applied the Bayesian approach to
Black-Litterman Portfolio Optimization in statistical arbitrage. By adopting the proposed framework
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of defining prior and posterior adjustment, we are able to expand the confidence interval on the
distribution of all predictors.

We assume that Q ~ N(q, W), where q is the expected ROI according to the views, and W is the
diagonal covariance matrix of the expressed views, representing the uncertainty in each view. The
posterior return m and covariance matrix M of the posterior distribution are:

m= (s +PTW'P) B (s'm"+PTWq)

5. Analysis of Results
5.1. Linear Models

In our Lasso Logistic Regression analysis, we assessed feature importance using the absolute
magnitude of coefficients (with predictors standardized). Figure 4 illustrates the top twenty influential
features identified by the model. Notably, production scale indicators such as number of cast members,
various production team structures (e.g., writing, sound), renowned directors and actors (Woody Allen,
Tom Hanks), and specific movie genres (Horror, Action, Crime) emerged as significant predictors. The
confusion matrix reveals a total accuracy of 34.61% with a High Precision Rate (HPR) of 65.10

Lasso Regression: Coeflicient Magniude

High

Low

Tue label

Mid

VeryLow

O L L I I I S R O L L S
N A A FUBEA S S o e +
& &

High Low Mid  Verylow ¢
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Figure 4. Confusion Matrix and Feature Importance of Lasso Regression.

5.2. Tree-Based Models

We evaluated the importance of features in predicting movie success across three tree-based
models: Random Forest, Gradient Boosting, and LightGBM. Figures 6, 5, and 7 depict the feature
importance plots generated for each model. These plots highlight the pivotal role of production
scale and team structure features. For instance, "number_of_cast" ranked prominently across models,
emphasizing its influence on both prediction accuracy and purity metrics. Notably, production
company "United Artists" also emerged as a significant predictor. Conversely, genres and specific
high-profile directors and actors showed varying importance levels in accuracy prediction. In terms of
purity, topics extracted from movie taglines and overviews proved insightful.

Boosted Tree: Variable Importance Plot
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Figure 5. Feature Importance of Gradient Boosting.
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XGBoost: Average Feature Importance (Top20)

XGBoost: Confusion Matrix
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Figure 7. Confusion Matrix and Feature Importance of LightGBM.

The confusion matrix (Figure 8) for Random Forest and Gradient Boosting models indicates an
overall accuracy of approximately 32% and 30.89%, respectively. Random Forest demonstrates better
predictive capability for the class VeryLow, suggesting a tendency for consistently underperforming
movies. Both models achieved an HPR of 57.26% and 63.46%, respectively.

Random Forest: Confusion Matrix Gradient Boost: Confusion Matrix

High 100 High 100
m %
80
_ Md 0 ma
(7} [}
® 70 ® 70
v v
= 60 = 60
Low Low
50 50
40 40
VerylLow VeryLow
30 30
High Mid Low VeryLow High Mid Low VerylLow
Predicted label

Predicted label

Figure 8. Confusion Matrix of Random Forest and Gradient Boost.

LightGBM (XGBoost), after parameter tuning through 10-fold cross-validation, demonstrated
superior performance with an enhanced HPR of nearly 69% (Figure 7). Key predictors such as "number
of cast" and selected "PCs" (principal components derived from movie taglines and overviews) retained

their significance.
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5.3. Comparison of Models

Table 3 summarizes the performance metrics across all models. Both total accuracy across all four
ROI classes and HPR are reported. Notably, all models exhibit comparable total accuracy levels around
one-third, which surpasses the baseline of random guessing (25% for our balanced dataset). In terms
of HPR, LightGBM (XGBoost) outperforms other models with an impressive 68.98%, significantly
exceeding the random guess baseline of 50%. This underscores the robust predictive capability of our
model.

Table 3. Model Performance Comparison.

Models Total Accuracy | HPR

Logistic Regression 33.68% 62.98%
Lasso Logistic Regression | 34.61% 65.10%
Random Forest 32.13% 57.26%
Gradient Boost 30.89% 63.46%
LightGBM (XGBoost) 34.10% 68.98%

Furthermore, incorporating regularization or constraining model complexity consistently im-
proved both accuracy and HPR, indicating the dataset’s susceptibility to overfitting. This observation
validates the effectiveness of employing simple yet powerful techniques such as Lasso Regression for
feature selection.

6. Conclusion

This project investigated the factors influencing movie ROI levels by leveraging various predictive
modeling techniques based on pre-release movie information. Our evaluation primarily focused on the
High Precision Rate (HPR), emphasizing accurate predictions of movies with high ROI potential. In
addition to conventional numeric and categorical features, we employed text analysis techniques such
as Latent Semantic Analysis (LSA) on movie taglines and overviews to extract key thematic elements
as additional predictive features.

Among the models tested, LightGBM (XGBoost) achieved the highest HPR of 68.98%. This
outcome underscores the importance of factors related to the scale of movie production, such as the
number of cast members, and thematic topics extracted from movie overviews, in predicting movie
ROL These findings highlight crucial considerations for movie investors, suggesting that attention to
production team dynamics and movie content is essential before committing investments.

In conclusion, our model offers valuable insights to guide investment decisions in the film
industry, aiming to assist investors in making informed choices for maximizing ROI potential.
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