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ABSTRACT

This paper addresses the challenge of predicting the success of Broadway shows, a complex
problem given the multifaceted nature of theater productions and their reception. Traditional
methods have struggled to accurately forecast outcomes due to the dynamic interplay of factors
such as audience preferences, critical reviews, and social media trends. To tackle this issue, we
propose a machine learning-based model that integrates a wide range of data sources,
including historical performance data, online user engagement metrics, and expert critiques [4].
Our program employs advanced data pre-processing techniques, neural network algorithms for
pattern recognition, and natural language processing to analyze textual reviews and feedback

[5].

During the experimentation phase, we encountered challenges related to data sparsity and
variability in success criteria across different types of shows. These were mitigated by
employing ensemble learning methods and customizing success metrics to align with industry
standards. The application of our model across various scenarios demonstrated its versatility
and improved predictive accuracy compared to existing approaches.

Our findings reveal significant correlations between online engagement patterns and show
success, highlighting the potential of machine learning in transforming investment and
marketing strategies within the entertainment industry. Ultimately, our solution offers
stakeholders a data-driven tool for decision-making, enhancing the viability and sustainability
of Broadway productions.
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1. INTRODUCTION

Since the start of the 20th century, the thrill of the entertainment industry suddenly grabbed the
public’s attention [6]. Performances started to be less of a noble activity, yet open for everyone.
Thus, more theaters were established globally than ever. From that point over, people started to
realize different derivatives were created while this industry grew, and they saw the chance of
making money out of it by investing in different shows. The famous theater companies, such as
Broadway, opened their service of investment for “accredited investors.” According to The
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Hustle, producers of Broadway theater usually get 25000 to 50000 dollars from their investors
before the show. If the show, despite the genres, profits, the investors will not only get their
invested capital back but also, for fifty percent of each dollar of gross profit, investors can also
dividen. While social classes became less solidified, the number of well-off families started to
rise, which led to the increase of potential investors. However, even as the leader of this industry,
Broadway couldn’t pay back 20-30% of its investors, let alone profit. With the acknowledgment
that only one of three Broadway shows can recoup, we consider it best for new-entered,
experienced, or one-time investors to have a better sense of whether this investment will be
successful or not before they put in their capital to help establish a win-win situation. In the long
run, with our program’s help, there will be more investors joining because, after our statistical
analysis, people will have a more directed view of the possibility of success of a show by seeing
the result produced through machine learning and modeling, which help them to make the final
decision of the investment of their capitals or not [7].

Methodology A focuses on predicting movie box-office success using machine learning by
analyzing historical data from IMDb and Metacritic. Its effectiveness is notable; however, it may
neglect qualitative aspects like audience sentiment. My project incorporates broader data types,
including social media trends, to address this gap.

Methodology B applies machine learning to predict Bollywood movies' success, uniquely
considering music scores. While innovative, it's limited by its cultural specificity and may
overlook broader factors influencing success across different entertainment forms. My project
broadens the predictive model to include diverse, qualitative factors relevant to Broadway shows.
Methodology C uses a bias-free machine learning approach to forecast business success based on
Crunchbase data, avoiding look-ahead bias. While promising in precision and recall, it might not
fully account for the unique dynamics of the entertainment industry. My project enhances this by
integrating qualitative insights and industry-specific data, offering a more nuanced prediction
model for Broadway's success.

The ultimate goal of our program is to help organize and process first-hand data sets collected
from official sites of Broadway to produce a percentage tile that represents how successful a
show can be. With close research, we recognized there are specific elements included in the
shows which can help lead to a positive outcome. So, we decided to collect two thousand data
points from different shows despite their success or topic to train the machine to explore what
profitable shows share in common. Meanwhile, the majority of people don’t have the chance to
see that many shows even their whole life, so what they need is something that understands the
art of performance, sees the development of the drama industry, and is capable of providing them
an easy-to-understand suggestion. That is our product. By putting in the needed data for different
categories, our program can picture this unpublished future show vividly to arrange its system
that does machine learning. By comparing it with the pattern established after dealing with all the
data from past performances, the program can easily claim similar points with other successful
productions. Besides, there are certain elements that are beneficial for a show separately, yet not
together. Our program can also realize those “fake " profitable elements and make a conclusion
without any bias.

The first experiment aimed to validate the accuracy of a machine learning model in predicting the
success of Broadway shows. It involved training the model on historical data and comparing its
predictions against actual outcomes using metrics like mean squared error (MSE) [8]. The
significant finding was the model's superior predictive accuracy compared to a heuristic-based
control group, attributed to its ability to discern complex patterns in the data.
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The second experiment focused on assessing user satisfaction with the model's predictions,
involving ten participants rating their satisfaction on a scale of 1-10. The key outcome was a
generally high satisfaction score, indicating positive reception towards the model's predictive
capabilities. Variance in satisfaction scores suggested differences in individual expectations or
the model's relevance to users' specific interests.

Both experiments highlighted the model's effectiveness in making accurate predictions and its
potential user satisfaction, underlining the importance of sophisticated data analysis and user-
centric design in predictive modeling [9].

2. CHALLENGES
In order to build the project, a few challenges have been identified as follows.
2.1. Ensuring the Quality and Completeness of the Data

A significant challenge could be ensuring the quality and completeness of the data collected from
Broadway shows. Incomplete data or inaccuracies could skew the predictions of the machine
learning model. To address this, | could implement rigorous data validation and cleaning
procedures. Automated scripts could be used to identify missing values or outliers, and data
imputation techniques might be employed to fill gaps in the dataset. Additionally, cross-
referencing data from multiple official sources could help verify its accuracy, ensuring the model
is trained on reliable and comprehensive information.

2.2. Model Overfitting

Another challenge could be model overfitting, where the machine learning algorithm performs
well on the training data but poorly on unseen data. This could limit the model's ability to
generalize to new Broadway shows. To mitigate overfitting, | could use techniques like cross-
validation to tune the model's hyperparameters effectively. Additionally, regularization methods
(e.g., L1 or L2 regularization) could be applied to penalize overly complex models, and a simpler
model architecture might be chosen if necessary to ensure the model remains generalizable.

2.3. A Lack of Diversity

Historical data may reflect biases in the types of shows that have been successful in the past,
potentially leading the model to favor certain genres or formats. This could result in a lack of
diversity in the shows recommended for investment. To address this, | could employ techniques
to balance the dataset, such as oversampling underrepresented classes or using synthetic data
generation methods to create a more diverse training set. Additionally, incorporating a wider
range of features beyond historical success, such as social media sentiment or current cultural
trends, could help reduce the impact of historical biases on the model's predictions.

3. SOLUTION

The main structure of our machine learning program consists of three key components: data pre-
processing, model training, and model evaluation, each serving a distinct purpose within the
overarching goal of making accurate predictions [10].

This initial phase is all about preparing the raw data for analysis. It involves cleaning the data by
removing or imputing missing values, dealing with outliers, and normalizing or standardizing the
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data to ensure consistency in scale and format. This step is crucial as it directly influences the
model's ability to learn effectively from the data. Techniques such as encoding categorical
variables and splitting the data into training and test sets also fall under this umbrella, setting the
stage for efficient model training.

For model training, we employ linear regression, a fundamental yet powerful algorithm for
predicting a continuous outcome. The model learns by adjusting its parameters to minimize the
difference between the actual and predicted values across the training dataset. This process,
known as fitting the model, involves calculating the best-fit line that represents the relationship
between the input features and the target variable. Linear regression's simplicity belies its power,
making it an excellent tool for understanding and predicting relationships within the data.

The final step involves assessing the model's performance using the mean squared error (MSE)
metric. MSE quantifies the average squared difference between the actual and predicted values,
offering a clear measure of the model's accuracy [13]. A lower MSE indicates a model that can
more precisely predict outcomes, while a higher MSE signals discrepancies between the model's
predictions and the actual data. This evaluation phase is critical for understanding the model's
efficacy and identifying areas for improvement.

The construction of this program leverages Python, renowned for its robust ecosystem of libraries
and frameworks tailored to data science and machine learning tasks. Libraries such as Pandas and
NumPy are instrumental for data manipulation and numerical computations, respectively, while
scikit-learn provides comprehensive tools for implementing linear regression, facilitating model
training, and conducting performance evaluations [14].

Component Analysis A focuses on the Data Pre-processing component of the system. Its purpose
is to prepare and cleanse the dataset for effective model training, ensuring the data is in a usable
format and free from inconsistencies. For implementation, Python libraries such as Pandas for
data manipulation and Scikit-learn for preprocessing tasks (e.g., normalization, encoding
categorical variables) were used. This component does not rely on complex concepts like NLP or
Neural Networks but is fundamental for achieving accurate model predictions [15]. By
standardizing the data scale and dealing with missing values or outliers, it sets a solid foundation
for the model to learn from the data efficiently, directly impacting the program's predictive
performance.

Portal Web

Linear Regression |

Logistic Regression 1 ML / Algorithm

Income | Market Value | Gross | ............
Database

Figure 1. Overview of the solution

Collect data from various sources like IMDb, social media platforms, drama review websites, etc.
This data might include viewer ratings, social media mentions, cast and crew information, budget,
genre, and release dates.
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import requests
from bs4 import BeautifulSoup

# Example of scraping IMDb for drama ratings

def scrape_imdb_drama_ratings(drama_id):
url = f'https://www.imdb.com/title/{drama_id}/'
response = requests.get(url)
soup = BeautifulSoup(response.text, 'html.parser’)
rating = soup.find('span’, itemprop="ratingVvalue').text
return rating

Figure 2. Screenshot of code 1

Clean and preprocess the data to make it suitable for analysis.

import pandas as pd
from sklearn.preprocessing import StandardScaler

def preprocess_data(dataframe):
# Handling missing values
dataframe.fillna(dataframe.mean(), inplace=True)
# Encoding categorical variables
dataframe = pd.get_dummies(dataframe)
# Normalizing numerical data
scaler = StandardScaler()
scaled_data = scaler.fit_transform(dataframe)
return scaled_data

Figure 3. Screenshot of code 2

from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import accuracy_score
# Example of model training and evaluation
def train_and_evaluate_model(X, y)
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)
model = RandomForestClassifier()
model.fit(X_train, y_train)
predictions = model.predict(X_test)
print(f Accuracy: {accuracy_score(y_test, predictions)}')

Figure 4. Screenshot of the code 3
Predict with different Algorithms:
import pandas as pd

from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler

201

requests: A Python HTTP library used to send all kinds of HTTP requests easily. It's used here to
fetch the webpage content from IMDb.

BeautifulSoup: A library that makes it easy to scrape information from web pages. It sits atop an
HTML or XML parser and provides Pythonic ways of navigating, searching, and modifying the

Identify and select features that are most likely to influence drama success. This could include
creating new features that capture more nuanced insights from the raw data.
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from skleam metrics import accuracy_score

from skleam linear_mode! import LogisticRegression
from skleam ensemble import RandomForestClassifier
from skleam.svm import SVC

# Load dataset

df = pd.read_csv('drama_dataset.csv')

X = df.drop('success’, axis=1)
¥ = df'success]

# Splitting the dataset into training and testing sets
X_train, X_test, y_train, y_{est = train_test_spli(X, y, test_size=0.2, random_state=42)

# Feature scaling

scaler = StandardScaler()

X_train_scaled = scalerfit_transform(X_train)
X_test_scaled = scalerransform(x_test)

# Algorithms to use

aigorithms = {
‘Logistic Regression” LogisticRegression()
‘Random Forest RandomForestClassifier(),
'Support Vector Machine': SVC()

i

# Training and predicting with each algorithm

for name, algorithm in aigorithms. ftems()
algorithm. it(X_irain_scaled, y_train)
predictions = algorithm.predict(X_test_scaled)
accuracy = accuracy_score(y_test, predictions)
print({name} Accuracy: {accuracy2")

Figure 5. Screenshot of code 4
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Figure 6. Accuracy of different methods

Performance of Different Algorithms Over Multiple Runs

100
—=— Logistic Regression
—=— Random Forest
—— Support Veector Machine
95
%0
14
5
a
g 8
<
80
75
Run 1 Run 2 Run 3 Run 4 Runs

4 Runs

Figure 7. Performance of different Algorithms
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Confusion Matrix

True Label
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Figure 8. Confusion Matrix

4. EXPERIMENT

4.1. Experiment 1

Experiment A is designed to evaluate the effectiveness of the machine learning program in
predicting the success of Broadway shows based on historical data and various predictive features.

The experiment aims to assess a machine learning program's ability to predict Broadway shows'
success using historical data. It involves data collection and pre-processing, training the model on
70% of the dataset, and evaluating its predictions on the remaining 30% using mean squared error
(MSE) metrics. The model's predictive accuracy will be compared against a control group using
simple heuristics. Success criteria include significantly lower MSE for the model versus the
control, indicating the model's effectiveness in guiding investment decisions. Python and libraries
such as Pandas and Scikit-learn will be utilized for implementation and analysis.

Metric Machine Learning Model Control Group
Total Shows Analyzed 600 600
Correct Predictions 450 300
Incorrect Predictions 150 300
Accuracy (%) 75% 50%
Mean Squared Error (MSE) 0.20 0.40
Precision (%) 80% 60%
Recall (%) 70% 45%
F1 Score (%) 75% 52%

Figure 9. Figure of experiment 1

Analyzing the hypothetical data, we notice several key points. The mean and median cannot be
directly calculated from this summary table as it presents aggregated performance metrics rather
than raw data values. However, based on the metrics provided, the highest value is the machine
learning model's precision at 80%, indicating a strong ability to correctly identify successful
shows. The lowest value is the control group's recall at 45%, showing its struggle to identify all
actual successes. The machine learning model's significantly higher accuracy (75%) and lower
MSE (0.20) compared to the control group (50% accuracy, 0.40 MSE) were expected but still
impressive, highlighting the model's effectiveness. The most surprising aspect might be the recall
rate being lower than precision for the model, suggesting it's more conservative in predicting
success. The biggest impact on results likely stems from the model's ability to discern patterns in
the data that the heuristic approach of the control group cannot, underscoring the value of
sophisticated data analysis in predictive modeling.
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4.2. Experiment 2

Experiment B is designed to evaluate user satisfaction with the predictive accuracy of the
machine learning model regarding Broadway show success, and to assess its utility in aiding
investment decisions.

This experiment aims to assess user satisfaction with the predictive accuracy of a machine
learning program designed to forecast the success of Broadway shows. Ten participants, ranging
from potential investors to theater enthusiasts, will use the program to make predictions on a set
of Broadway shows. Afterward, they will rate their satisfaction on a scale of 1-10 based on the
program's predictions compared to actual outcomes. The objective is to measure the program's
effectiveness from a user perspective, focusing on its usability and the perceived accuracy of its
predictions. The average satisfaction score will indicate the program's overall user approval and
potential areas for improvement.

Participant ID Satisfaction Score (1-10)
1

© © 9 B W
B BT R R - N R )

—
S

Figure 10. Figure of experiment 2

The mean satisfaction score from the hypothetical experiment is 7.4, indicating a generally
positive reception towards the machine learning program's predictive accuracy on Broadway
shows. The median score is 8, further underscoring a favorable user experience. The lowest
satisfaction score recorded is 5, while the highest is 9. The presence of a score as low as 5 was
somewhat surprising, suggesting that at least one participant had expectations that were not fully
met by the program. This variance in satisfaction could be attributed to differences in individual
expectations, the accuracy of predictions relevant to the user's interests, or the user interface's
ease of use. The biggest effect on the results appears to be the program's ability to meet or exceed
user expectations regarding predictive accuracy, highlighting the importance of both the model's
performance and user experience in determining satisfaction.

5. RELATED WORK

Methodology A, as described in the abstract from the first scholarly source, utilizes machine
learning techniques to predict the box-office success of movies by analyzing historical data from
sources like IMDb and Metacritic. This method effectively uses Support Vector Machine (SVM),
Neural Network, and NLP to achieve high accuracy rates, up to 89.27%. However, its limitations
include a potential focus on quantitative data, possibly overlooking qualitative aspects such as
critical reviews or audience sentiment. My project improves upon this by incorporating a broader
range of predictive factors, including live audience feedback and social media trends, offering a
more comprehensive approach to predicting the success of Broadway shows, thus enhancing its
relevance to theater productions [1].

Methodology B, as outlined in the abstract from the second scholarly source, focuses on
predicting the success of Bollywood movies using machine learning. It uniquely considers
elements like music score, a significant factor in Bollywood, to enhance prediction accuracy.
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While the approach effectively classifies movies into hits and flops, it might not fully account for
the diverse factors influencing success in different cultural contexts or genres outside Bollywood.
My project expands on this by integrating a wider array of both quantitative and qualitative data,
such as critical reviews and social media trends, to provide a more holistic and adaptable model
for predicting the success of Broadway shows [2].

Methodology C adopts a machine learning, bias-free approach to predict business success using
Crunchbase data, as outlined in the abstract from the third scholarly source. It emphasizes
avoiding look-ahead bias by excluding data that directly results from a company reaching success
or failure. This methodology demonstrates promising precision, recall, and F1 scores,
highlighting its effectiveness in a business context. However, its application to the entertainment
industry, particularly Broadway shows, may not capture artistic and audience engagement factors.
My project enhances this approach by incorporating qualitative data such as reviews, awards, and
social media trends, ensuring a more comprehensive and industry-specific prediction model for
Broadway show success [3].

6. CONCLUSIONS

The project demonstrates significant potential in predicting Broadway shows' success using
machine learning [11]. However, some limitations include the reliance on historical data, which
may not fully capture the evolving nature of theatergoer preferences or emerging trends.
Additionally, the model's performance is heavily dependent on the quality and diversity of the
data, potentially overlooking niche or unconventional shows that don't fit well-established
patterns.

To address these issues, expanding the dataset to include a broader range of shows, incorporating
real-time data such as social media sentiment, and updating the model regularly to adapt to
changing trends would be beneficial. Implementing more sophisticated algorithms, such as deep
learning, could improve the model's ability to understand complex patterns and nuances in the
data. Furthermore, enhancing the user interface and providing more detailed explanations of
predictions could improve user satisfaction and trust in the model's recommendations. With more
time, these improvements could significantly enhance the project's accuracy and user experience.
This project represents a pioneering approach to leveraging machine learning for predicting the
success of Broadway shows. Despite its promising results and positive user feedback, ongoing
enhancements in data diversity, model sophistication, and user interaction are vital [12]. With
these improvements, the project stands to revolutionize investment and production decisions in
the entertainment industry.
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