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I 

Abstract 
This study is part of a broader research initiative investigating key factors influencing movie 

success including box office performance, release strategies, and audience engagement. Within this 

context, this study focuses on rating predictions from textual reviews, leveraging BERT to examine 

the impact of sentiment polarity and review length. Using a large Rotten Tomatoes dataset of over 

1 million reviews, fine-tuned regression and classification models reveal that sentiment polarity 

enhances classification performance for extreme ratings, while review length has no significant 

effect. These findings provide insights for improving rating prediction models and optimizing 

audience feedback analysis in the film industry. 
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1. Introduction 
The film industry uniquely blends cultural importance with economic impact (Dellarocas, Zhang, 

& Awad, 2007). For instance, Steven Spielberg's 2004 film The Terminal exemplifies how audience 

reception can significantly affect box office performance. Despite a substantial $110 million budget 

and a star-studded cast featuring Tom Hanks, the movie earned only $77 million, falling well short 

of expectations. Analysts attributed this underperformance largely to negative word-of-mouth from 

consumers, underscoring the critical role of audience-driven perceptions in determining financial 

outcomes. 

Online reviews and ratings have further amplified the importance of consumer perceptions in the 

movie industry (Pang, Liu, & Golder, 2022). Online reviews are pivotal in shaping how films are 

evaluated and received by the mass audience. Studies show that 88% of Americans consider online 

reviews to be trustworthy and beneficial, associating them with improved reliability (Watson & 

Wu, 2022). For movie enthusiasts, these critiques serve as an essential decision-making tool, 

guiding their viewing choices and shaping their confidence in the movie they select (Loupos, Peng, 

Li, & Hao, 2023). The influence of reviews extends beyond audiences; exhibitors are also affected, 

as evidenced by a positive correlation between review ratings and the number of screens allocated 

to a film (Wang & Guo, 2017). This highlights the broader impact of consumer feedback on the 

industry's supply chain dynamics. 

Economically, the sector is a major driver of employment and revenue, with over 400,000 

individuals working in the U.S. motion picture and video game industries as of 2023 (Bureau of 

Labor, 2023). This highlights the movie industry's role as both an economic driver and a cultural 

influence in modern society. 
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The movie industry provides a rich data environment encompassing diverse data structures. While 

movie metadata is predominantly presented in a structured tabular format, it highlights key 

attributes such as cast, crew, genre, and release details, which can be readily analyzed using 

traditional data processing techniques. Furthermore, unstructured data, such as textual movie 

reviews, and sequential rating data over time offer significant opportunities for advanced analytics. 

These diverse data types allow for the application of sophisticated methods, such as natural 

language processing and time-series analysis, to extract valuable, data-driven insights into audience 

preferences, sentiment trends, and market dynamics. 

This study employs advanced machine learning (ML) techniques to investigate the factors driving 

movie success across all stages of the film lifecycle: preparation, production, publicity, and release. 

The role of critic and user ratings are evaluated, considering seasonality, star power, and studio size 

in shaping box office outcomes. Release timing is analyzed for its strategic importance, particularly 

during high-demand periods, and the unique challenges of sequels are addressed by assessing 

factors like runtime, engagement, and reviews. Furthermore, natural language processing further 

complements the research to examine how textual reviews predict ratings, exploring the 

moderating role sentiment polarity and review length. Finally, multivariate time-series models are 

applied to predict post-release performance, emphasizing the ability of temporal data and machine 

learning to optimize decision-making and enhance financial and audience outcomes across the 

movie industry. 
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2. Literature Review 
2.1. Defining Movie Success 

Movie success has a twofold definition depending on the scope of stakeholder. While consumers 

are more drawn public perception in terms of ratings, movie producers and investors additionally 

focus on profitability and maximizing financial indicators (Dellarocas et al., 2007; Divakaran, 

Palmer, Sendergaard, & Matkovskyy, 2017). Therefore, measuring a movie's success involves 

various factors, including ratings and box office performance emerging as two central success 

metrics. Ratings, provided by both users and critics, serve as proxies for word-of-mouth, shaping 

audience perceptions and influencing their viewing decisions. Historically, capturing consumer 

word-of-mouth was challenging due to its transient nature in offline communities. However, 

internet-mediated platforms have revolutionized this dynamic by providing a persistent and 

publicly accessible record of consumer opinions. While these platforms offer valuable insights into 

audience sentiment, they also highlight the inherent subjectivity of ratings. 

Moon, Bergey, & Iacobucci (2010) highlight the complexities of movie ratings, which are 

influenced by individual preferences, viewing histories, community opinions, and movie 

characteristics. Another study by Tsao (2014) further underscores the subjective nature of movie 

ratings, driven by individual biases and diverse preferences. Consumer reviews significantly 

impact both movie selection and post-viewing evaluations, but the variability in how audiences 

interpret and respond to positive or negative reviews reveals the inconsistencies in ratings. Factors 

such as individual taste, mood, and expectations influence ratings, making them a valuable yet 

subjective measure of success. 

In contrast, box office performance provides a more objective and financial measure of success 

(Divakaran et al., 2017). Box office revenues not only reflect a movie’s profitability but also 
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influence strategic decisions, such as marketing and distribution. Accurately predicting box office 

success is critical for optimizing marketing efforts, such as determining the release date, setting the 

number of screens, and increasing audience awareness through targeted advertising. 

Despite their differences, both ratings and box office performance face challenges as success 

metrics. Movies, as short lifecycle products, have limited windows for revenue generation, making 

accurate forecasting of early success critical for mitigating financial risks (Chung, Niu, & 

Sriskandarajah, 2012; C. Zhang, Tian, & Fan, 2022). 

These dynamics highlight the importance of strategic planning and predictive modeling in the film 

industry. By addressing the challenges inherent in both ratings and box office performance, 

stakeholders can better navigate the risks and uncertainties of the highly competitive movie market, 

ultimately improving the chances of a film's success. 

2.2. Factors Driving Movie Success 

2.2.1. User and Critic Ratings in Movie Success  

Critic ratings are evaluations provided by individuals or entities with expertise in a specific field 

(Pang et al., 2022). In cultural industries like movies, books, wine, and restaurants, critics act as 

intermediaries connecting producers with consumers. They are distinguished by their explicit 

expertise and authority in evaluating quality and taste within their respective fields. 

User ratings are crowd-sourced evaluations shared by general audiences, often through online 

platforms (Divakaran et al., 2017). In the movie industry, these ratings allow individuals to express 

their opinions, preferences, and experiences regarding films, including those yet to be released. 

Movie-based online communities play a vital role in facilitating the exchange of these crowd-

sourced opinions. 

User ratings are crowd-sourced evaluations shared by general audiences, often through online 

platforms (Divakaran et al., 2017). In the movie industry, these ratings allow individuals to express 
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their opinions, preferences, and experiences regarding films, including those yet to be released. 

Movie-based online communities play a vital role in facilitating the exchange of these crowd-

sourced opinions. The movie industry faces significant information asymmetry before a film’s 

release, as consumers have limited knowledge about its quality (Pang et al., 2022). This gap often 

prompts audiences to consult external evaluations, such as user and critic ratings, to reduce 

uncertainty. Critics, regarded as experts in their field, connect producers with consumers by 

providing informed opinions based on their expertise. Similarly, online communities serve as 

platforms for users to share their opinions and experiences, offering valuable crowd-sourced 

information (Divakaran et al., 2017). The persistent and publicly accessible nature of online ratings 

allows potential viewers to form opinions based on the experiences of both peers and experts 

(Dellarocas et al., 2007). 

Studies have explored the relationship between critic and user ratings, revealing a moderate 

positive correlation between the two (Dellarocas et al., 2007). While there is alignment in some 

respects, the relatively low correlation highlights the distinctiveness of these sources of 

information. Critics’ evaluations are rooted in professional expertise, yet they may also reflect 

personal biases or genre-specific preferences (D’astous, Montreal, Touil, & Tunisia, 1999). On the 

other hand, user ratings are dynamic, changing over time as new viewers contribute their opinions, 

making them more reflective of audience sentiment throughout a movie’s lifecycle (Divakaran & 

Nørskov, 2016). These differences justify treating critic and user ratings separately, as they provide 

complementary perspectives (Dellarocas et al., 2007). 

Reliance on critic or user ratings depends on the timing and availability of information. When 

information is limited, such as before or during a movie's release, consumers often turn to critics 

for their expertise and structured evaluations (Flanagin & Metzger, 2013). However, as more user-
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generated content becomes available, consumers shift their reliance toward peer reviews, which 

are considered more relatable (Divakaran & Nørskov, 2016; Flanagin & Metzger, 2013). 

2.2.2. Effect of Electronic Word-of-Mouth (eWOM) in the Movie Industry 

Word of Mouth (WOM) and the subcategory of Electronic Word-of-Mouth (eWOM) are common 

topics of interest in marketing and consumer behavior studies (H. Zhang, Yuan, & Song, 2020). 

Both address the importance of consumer resumes and feedback for a product's success as it affects 

product preferences and purchase decisions made by other consumers. Particularly, volume and 

valence are KPIs of interest within the field of WOM research. They have been demonstrated to 

impact the success of products and services. For movies, researchers have shown that eWOM can 

significantly impact a movie's success. Duan, Gu, & Whinston (2008) identified WOM volume 

(total number of reviews and ratings) as the key driver of the box office revenue of a movie as 

increased WOM volume. In contrast, WOM's valence (the sentiment of reviews) showed a rather 

indirect impact on the box office. They also identified a dynamic interaction and positive feedback 

mechanism between WOM and box office revenue, meaning that the box office revenue can 

influence the WOM volume, which subsequently can influence the box office revenue again. While 

their study focused on discussing and investigating the dynamics of WOM and box office revenue, 

they have yet to delve into how specific patterns can be used to inform detailed marketing strategies 

of decisions in real time. However, the study of H. Zhang et al. (2020) focused on the role of 

marketing activity and eWOM in movie diffusion in both pre- and post-release phases. They 

investigated the role of advertising, WOM, and eWOM on movie diffusion (H. Zhang et al., 2020) 

by segregating advertising, eWOM, and viewers into two different groups. Users were divided into 

innovators and imitators, while advertising and eWOM were divided into pre-release and post-

release. Their research indicated that pre-release advertising was more effective in attracting the 

innovator's group, while post-release advertising and positive post-release eWOM were more 
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influential for imitators. What stood out in their study was that the innovator's group is sensitive to 

negative pre-release eWOM. In contrast, negative post-release eWOM could increase their interest 

due to heightened awareness. While their study highlighted the role and effect of eWOM on the 

movie's performance, it did not focus on the dynamic effect by incorporating temporal data into 

their model. Moreover, they did not conduct their study model’s performance across multiple 

channels, leaving the difference between different platforms unexplored. Recently, Delre & 

Luffarelli (2023) found that eWOM significantly impacts the box office revenue, peaking in the 

early stage of a movie's release and then declining over the cycle of the movies. Mainly, they 

investigated interaction effects of eWOM volume and valence on the box office sales, indicating 

that the features show a positive effect during the first 4 weeks after a movie's box office release. 

They focused on analyzing data from IMDb and Rotten Tomatoes to build a regression analysis 

that focuses on trends and effects rather than the overall task of modeling success prediction using 

machine learning based on instance-level temporal and textual features. This indicates that their 

insights could be used to formulate a predictive model for multivariate TSMC. 

2.2.3. Influence of Major Studios on Film Performance 

Major studios often act as a quality signal for consumers, as their established reputation and 

resources suggest a higher likelihood of delivering high-quality productions (Kraft & Rao, 2024). 

The uncertainty surrounding quality is highest for movies produced by non-major studios. 

Regression analysis confirms this, showing that returns to signaling are most significant for non-

major studio productions compared to major studios and foreign productions. 

Major studios like Disney and Warner Bros. are likely to dominate the market through their superior 

resources, extensive marketing budgets, and robust distribution networks (Pang et al., 2022). 

According to Basuroy (2006) these elements enhance their ability to signal quality effectively, 

influencing consumer perceptions and box office performance. If a studio’s signals, such as high 
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upfront investments, are credible, they can positively shape perceived quality and, consequently, 

box office revenues. Building on these insights, we propose that non-major productions face greater 

quality uncertainty and are likely to have weaker distribution networks, resulting in less user-

generated content about their movies. 

2.2.4. Seasonality Effects on Box Office Revenues  

Seasonality significantly influences box office performance, with consumer demand varying 

throughout the year (Einav, 2007; Simonton, 2009). Big-budget films are strategically released 

during high-demand periods, such as early summer and the Christmas season, to maximize 

audience reach and revenue. Analysis revealed that movies released during peak seasons often 

benefit from higher audience turnout, driven by factors such as school holidays, increased leisure 

time, and reduced work commitments (Ahmad, Duraisamy, Yousef, & Buckles, 2017). In contrast, 

box office revenues tend to decline during the off-season, particularly from mid-summer to early 

September . To account for these variations, researchers can include seasonality as a control factor, 

recognizing that differences in release timing can have substantial effects on a movie's performance 

(Karniouchina, Carson, Theokary, Rice, & Reilly, 2023). 

2.2.5. Strategic Release Timing and Its Impact on Revenue  

Numerous studies have identified release timing as a critical determinant of box-office 

performance. Ryoo, Wang, & Lu (2021) analyzed the impact of release timing across various 

periods, finding that holiday releases consistently outperformed those during non-holiday 

windows. Their study attributed this phenomenon to increased audience availability and leisure 

time during holidays, which boost theater attendance. The authors also highlighted that weekend 

releases – particularly those combined with holidays – maximize revenues, as they capture both 

opening-day buzz and sustained attendance over an extended period. Despite these findings, the 

authors primarily focused on family-oriented films and did not explore the broader implications for 
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other audience demographics. Future research could build on these findings by systematically 

comparing timing effects across different timeframes. 

2.2.6. Impact of Star Power on Audience Engagement  

In this study, star power is measured by the number of followers an actor has on the social media 

platform Instagram.  Actors with significant followings often attract audiences due to their 

established popularity, creating a strong draw for potential viewers (Divakaran & Nørskov, 2016). 

This form of social influence contributes to shaping audience expectations and quality perception. 

User-generated content, such as crowd-sourced ratings, captures a broader spectrum of audience 

characteristics, including preferences, past experiences, and social influences, compared to critic 

evaluations(Einav, 2007; Simonton, 2009). While critics emphasize technical and artistic elements, 

ratings from users reflect mass-market sentiment, making them more representative of general 

audience opinions. Social influences, such as the popularity of major stars, further enhance the 

relevance of consumer evaluations, as these ratings often strongly correlate with box office 

performance. 

2.2.7. Brand Extension and Success in Movie Sequels 

Sequels play a special role in the context of determining factors influencing movie success. 

Building on the understanding of general success factors, sequels represent a distinctive case where 

elements such as brand equity take on heightened importance. As a form of brand extension, 

sequels not only capitalize on the value of a successful original work but also set expectations for 

audiences, solidifying their position as reliable box office performers. This dual role underscores 

their strategic significance in the motion picture industry, where leveraging a well-established 

brand often translates into consistent audience engagement and profitability (Moon et al., 2010). 

The reputation of the original film shapes audience expectations, influencing decisions to engage 

with the sequel (Belvaux & Mencarelli, 2021) . This reputation is often reinforced through creative 
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continuity, such as retaining directors, writers, and key cast members. Consistency in the creative 

team preserves the narrative and tonal coherence of the franchise, strengthening audience trust and 

delivering on promises established by the original (Moon et al., 2010). Similarly, maintaining genre 

consistency helps balance audience expectations for familiarity and innovation. Successful 

franchises frequently reward audiences with storytelling that evolves while adhering to established 

thematic and stylistic boundaries (Belvaux & Mencarelli, 2021). 

Conversely, deviations in creative leadership or genre can disrupt established audience 

expectations. Changes in directors, writers, or cast members risk breaking the emotional connection 

audiences feel with the franchise, creating uncertainty about the sequel’s quality. Similarly, 

significant shifts in tone or genre may alienate loyal fans while failing to attract new audiences, 

leading to what Hennig-Thurau, Houston, & Heitjans (2009) describe as "brand fragmentation." 

Managing these risks requires a careful balance between continuity and novelty to sustain long-

term audience engagement and franchise momentum. 

Despite the recognized importance of creative and genre continuity, gaps remain in understanding 

how these elements interact with broader market forces. Factors such as release timing and 

audience engagement strategies may amplify or mitigate the impact of brand extension dynamics, 

yet these interdependencies are underexplored (Lehrer & Xie, 2021). By addressing these gaps, 

this study seeks to provide a more comprehensive framework for understanding the mechanisms 

underpinning sequel success within the context of brand extension. 

2.2.8. Key Factors Influencing Sequel Performance 

Sequel success is shaped by measurable factors such as runtime, release timing, and audience 

engagement metrics, each contributing uniquely to performance outcomes (Belvaux & Mencarelli, 

2021; Moon et al., 2010).  
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Runtime is a significant predictor of absolute box office performance, often seen as a marker of 

production investment and narrative depth, which attract audiences and drive revenue (Moon et al., 

2010). Empirical studies found a positive relationship between runtime and revenue, with longer 

films typically generating higher earnings (Lehrer & Xie, 2021). However, excessively long 

runtimes can alienate some audience segments due to pacing issues or time constraints, 

underscoring the need for balance (Navarathna, Carr, Lucey, & Matthews, 2019). Despite these 

challenges, runtime remains a critical factor in shaping audience perceptions and marketability 

(Lash & Zhao, 2016). 

Release timing is another crucial determinant. Shorter intervals between an original film and its 

sequel help maintain audience interest and preserve emotional connections with the original 

(Belvaux & Mencarelli, 2021; Hennig-Thurau et al., 2009). Conversely, longer gaps risk 

diminishing engagement, especially in competitive markets with an abundance of new content. On 

the other hand, excessively short intervals may lead to franchise fatigue, where audiences perceive 

sequels as rushed or redundant (Moon et al., 2010). Striking the right balance between sustaining 

interest and avoiding overexposure is crucial for maximizing sequel success. 

Audience engagement metrics, such as review volume and sentiment, are also critical predictors. 

Research shows that engagement volume—reflected in reviews, comments, and ratings—

correlates strongly with box office performance, as it signifies heightened audience awareness and 

interest (Navarathna et al., 2019). While sentiment provides additional context, it typically exhibits 

weaker correlations with revenue compared to engagement volume (Song, Huang, Tan, & Yu, 

2019). These findings underline the importance of audience participation as a driver of success. 

Despite the importance of these factors, gaps remain in understanding their interdependencies. For 

example, the impact of audience engagement may vary depending on release timing, yet such 

relationships are rarely explored (Lehrer & Xie, 2021). By examining runtime, release timing, and 
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audience engagement collectively, this study helps to provide a better understanding of the drivers 

of sequel success and their interrelationships. 

2.3. Machine Learning in the Movie Industry 

2.3.1. Importance of Accurate Predictions in the Movie Industrie 

The prediction of box office performance is a critical challenge in the film industry, as the financial 

stakes of high-budget productions are significant (Lash & Zhao, 2016). Accurate forecasting allows 

stakeholders - including studios, investors, and distributors - to allocate resources efficiently, 

reduce uncertainty, and optimize returns (Lehrer & Xie, 2021). As films continue to grow in 

production and marketing costs, understanding the drivers of success has become an essential focus 

for both theoretical research and practical decision-making. 

Box office predictions are particularly influenced by a variety of factors, including production 

budgets, marketing strategies, release timing, star power, and audience engagement (Song et al., 

2019). These determinants interact in complex ways, influenced by dynamic market conditions and 

evolving consumer preferences. Advances in data analytics have significantly improved forecasting 

models, integrating structured variables (e.g., runtime, genre, and distribution strategy) with 

unstructured data, such as social media activity and audience sentiment, to provide real-time, 

actionable insights. 

Among the wide array of movie types, sequels occupy a unique position within the industry. 

Building on the brand equity of their predecessors, sequels often benefit from pre-existing audience 

loyalty and recognition, making them a popular strategy to mitigate financial risk. This has 

contributed to sequels consistently ranking among the highest-grossing films globally (Belvaux & 

Mencarelli, 2021; Hennig-Thurau et al., 2009). However, sequels also present distinctive 

challenges for prediction. Unlike standalone films, they must balance continuity with novelty - 

preserving the narrative and thematic elements that resonated in the original while offering fresh 
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appeal to attract new viewers. Audience expectations, shaped by the first installment, create 

additional pressure for sequels to perform both critically and commercially, complicating 

forecasting efforts (Hennig-Thurau et al., 2009). 

While many models focus on absolute metrics such as total box office revenue, these fail to capture 

the nuanced performance measures critical for sequels. Relative success metrics, which assess a 

sequel's performance compared to its predecessor, provide deeper insights into franchise 

sustainability and audience retention. For instance, a sequel that generates substantial revenue 

might still underperform if it fails to exceed the original's success, potentially signaling declining 

interest in the franchise (Hennig-Thurau et al., 2009).  

This comprehensive perspective on predicting box office performance aims to enhance theoretical 

understanding and inform practical applications in an increasingly globalized and competitive 

market. 

2.3.2. Traditional Machine Learning in the Movie Industry 

The least squares method is a foundational tool for analyzing data trends, often visualized as a 

scatterplot where data points exhibit a roughly linear pattern (Burton, 2021; Fox, 2016). This 

method identifies the "line of best fit," minimizing the sum of squared deviations between each 

data point and the fitted line, ensuring the smallest total error and providing a precise linear 

approximation of the dataset. Building on this principle, Ordinary Least Squares (OLS) regression 

fits a regression plane to data points with a linear trend, capturing partial relationships between 

regression coefficients and the dependent variable while considering the influence of other 

variables (Burton, 2021; Fox, 2016). Although widely used, OLS regression relies on several key 

assumptions, such as linearity, independence of errors, homoscedasticity, normality of errors, and 

low multicollinearity among predictors. Violating assumptions can lead to biases, invalid 
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significance tests, and unreliable predictions, underscoring the importance of verifying these 

criteria. 

OLS regression remains a cornerstone of statistical modeling, offering a robust framework for 

understanding linear relationships and deriving interpretable results. Its applicability and clarity 

make it a valuable tool, particularly for initial analyses and straightforward relationships. However, 

in the context of box office forecasting, where nonlinear interactions and complex predictor 

relationships frequently arise, complementary methods can provide additional insights. For 

example, factors such as production budgets, cast popularity, and release timing often exhibit 

interactions or nonlinear effects that may not be fully captured by linear models (Lash & Zhao, 

2016; Somlo, Rajaram, & Ahmadi, 2011). Incorporating advanced techniques, such as machine 

learning algorithms or hybrid approaches, can help address these challenges while building on the 

solid foundation provided by OLS (Lash & Zhao, 2016). This combination of methods ensures 

both interpretability and adaptability to complex datasets, as shown by studies that explore the 

integration of econometrics and predictive analytics to capture richer patterns in data (Lash & Zhao, 

2016; Lehrer & Xie, 2021). 

The growing availability of granular data from digital platforms and social media further 

highlighted the need for more sophisticated methods. Machine learning techniques, such as 

decision trees, support vector machines, and ensemble methods, have proven effective in 

addressing these limitations. These methods handle high-dimensional data adeptly, uncovering 

complex patterns among predictors such as runtime, reviews, release timing, and audience 

engagement (Lehrer & Xie, 2021; L. Liao & Huang, 2021). Additionally, their ability to incorporate 

unstructured data, like social media interactions, provides real-time insights into audience 

behavior—capabilities that traditional econometric models lack (Song et al., 2019). 
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Hybrid approaches that integrate econometric models with machine learning have emerged as a 

powerful solution, combining structured and unstructured data to enhance forecasting accuracy. By 

addressing multicollinearity and leveraging machine learning’s flexibility, these models produce 

predictions that are both precise and theoretically grounded (Lehrer & Xie, 2021). However, many 

studies remain U.S.-centric, focusing primarily on absolute success metrics and neglecting relative 

measures that provide deeper insights into franchise sustainability and audience retention (Belvaux 

& Mencarelli, 2021; Hennig-Thurau et al., 2009). 

This study builds on these advancements by employing machine learning and hybrid approaches 

to predict both absolute and relative success metrics. Incorporating predictors like engagement 

metrics, runtime, and release timing alongside international data, it seeks to uncover the 

interdependencies that shape sequel performance. By addressing these gaps, it contributes to a more 

comprehensive predictive framework, enhancing theoretical understanding and supporting 

practical decision-making. 

2.3.3. Deep Learning Models in the Movie Industry  

Deep learning (DL), a specialized subfield of machine learning (ML), marks a major milestone in 

the advancement of artificial intelligence (AI) technologies (Darwish, Hassanien, & Das, 2020). 

By utilizing multiple processing layers to model complex and abstract patterns in data, DL has 

become a foundational component of modern AI applications. Its rapid progress has been fueled 

by the availability of large datasets, the development of powerful computational architectures, and 

advancements in algorithms that enable efficient learning at scale (Sastry et al., 2024). These 

factors have allowed DL to address highly complex problems across a wide range of industries. In 

the movie industry, DL has made significant contributions, transforming processes such as visual 

effects creation, audience analytics, and personalized content recommendation (Mühling et al., 

2017; Tahmasebi, Ravanmehr, & Mohamadrezaei, 2021; Zhou, Zhang, & Yi, 2019). DL algorithms 
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enhance professional media production by automating tasks like labeling video content, 

recognizing faces, and identifying similar visuals, making video analysis and retrieval more 

efficient and streamlined. DL has also advanced recommender systems that incorporate user 

behaviors and social influence to enhance the personalization of content. Furthermore, in the film 

industry, deep learning models that analyze movie posters and other data have shown great success 

in predicting box-office revenues, helping to reduce financial risks. 

Moreover, DL significantly influences related fields like Natural Language Processing (NLP) 

(Banbhrani, Xu, Soomro, Jain, & Lin, 2022) and Time Series Prediction , which face challenges in 

processing sequential data due to its complexity and temporal dependencies. By effectively 

capturing sequential patterns, DL has enabled breakthroughs in these fields, with notable 

applications extending to the movie industry as well  (Y. Liao et al., 2022). 

2.4. Natural Language Processing 

The rise of digital platforms has led to an overwhelming amount of user-generated content, such 

as textual movie review. These reviews are a rich source of insights into audience opinions, but the 

sheer volume makes it challenging to analyze them manually. Natural Language Processing (NLP), 

a subfield of AI, has become an essential tool for addressing this challenge by enabling computers 

to understand and interpret human language (Banbhrani et al., 2022). NLP focuses on breaking 

down and analyzing text, transforming it from unstructured data into a format that machines can 

process (M. T. Khan et al., 2016).  

2.4.1. Sentiment Analysis 

One particularly useful application of NLP is sentiment analysis, which identifies the emotional 

tone of text, whether it's positive, negative, or neutral (Wadawadagi & Pagi, 2020). Sentiment 

analysis uses machine learning algorithms to process reviews and classify them based on the 

opinions expressed. This approach is widely explored in the movie industry with many different 
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applications (Berger, Kim, & Meyer, 2021). Danyal et al. (2024) conducted research focusing on 

extracting subjective information from film critiques, such as the reviewer’s overall sentiment, the 

film's strengths and weaknesses, and viewing recommendations. Their study utilized sophisticated 

language models to analyze datasets from IMDD and Rotten Tomatoes. Their results demonstrated 

that sentiment analysis can effectively discern emotions and attitudes expressed in film critiques, 

providing valuable insights into subjective opinions and improving the ability to summarize movie 

reviews. By identifying trends in sentiment, this method helps filmmakers and marketers 

understand how a movie resonates with its audience. What makes sentiment analysis particularly 

valuable is its ability to handle large-scale data and uncover insights that might not be immediately 

obvious. For example, the results from J. H. Lee, Jung, & Park (2017) highlighted the feature's 

importance pinpointing that sentiment is helpful in predicting movie success metrics like ratings 

or box office success. Overall, sentiment analysis bridges the gap between vast amounts of 

audience feedback in an unstructured data format. By combining NLP and ML techniques, it offers 

a scalable, efficient way to understand audience opinions and improve decision-making in the 

movie industry. 

2.4.2. Rating Prediction 

Sentiment analysis, while widely useful, tends to oversimplify the nuanced opinions found in 

complex movie reviews (M. T. Khan et al., 2016). In contrast, rating prediction represents a more 

sophisticated approach within NLP, as it translates textual feedback into precise numerical ratings, 

providing a detailed and accurate quantification of user evaluations (Ahmed & Ghabayen, 2022). 

Star ratings in online reviews provide a standardized measure of perceived quality, with higher 

scores reflecting greater satisfaction. Converting textual reviews into quantifiable ratings enhances 

accessibility and interpretability for industry stakeholder, enabling more structured analysis of 

feedback (Archak, Ghose, & Ipeirotis, 2011). Rating prediction methods are used to predict the 
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score someone might give to a movie by analyzing the sentiment and content of their written review 

(Z. Y. Khan, Niu, Sandiwarno, & Prince, 2021). By converting subjective language into 

standardized satisfaction metrics, these methodologies play a crucial role in quantifying opinions 

within online reviews. 

Recent advancements in machine and deep learning have significantly improved rating prediction 

by using complex architectures capable of recognizing intricate textual patterns. Deep learning 

utilizes artificial neural networks with multiple layers to analyze complex patterns in data, often 

exceeding the capabilities of traditional machine learning techniques (Janiesch, Zschech, & 

Heinrich, 2021). Each layer plays a specific role, with input layers receiving raw data, hidden layers 

extracting and transforming features, and output layers delivering the final prediction or result. 

Generally, the more layers a network has, the deeper it is, which often enhances its ability to learn 

and achieve better results, especially for complex tasks. 

Chambua & Niu (2021) demonstrated the effectiveness of deep learning models in rating 

prediction, highlighting their ability to detect subtle emotional cues in text. Similarly, Ahmed & 

Ghabayen (2022) found that a Bidirectional Gated Recurrent Unit (Bi-GRU) model outperformed 

traditional methods, showcasing the strength of neural architectures in linguistic feature extraction. 

A Bi-GRU, an enhanced Recurrent Neural Network (RNN), processes data in both forward and 

backward directions, allowing it to capture contextual information from both past and future words, 

which improves pattern recognition in NLP tasks (He et al., 2020). Despite advancements in deep 

learning, challenges in handling domain-specific complexities and limited data have driven interest 

in innovative approaches like transfer learning. 

2.4.2.1. Transformative Approaches: Transfer Learning 

The emergence of transfer learning has further advanced NLP by allowing pre-trained models to 

adapt effectively to specialized tasks with minimal labeled data (Galal, Abdel-Gawad, & Farouk, 
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2024). Transfer learning models leverage extensive general knowledge gained from large datasets, 

reducing reliance on large task-specific datasets and improving performance in tasks like rating 

prediction (Mosin, Samenko, Kozlovskii, Tikhonov, & Yamshchikov, 2023). Fine-tuning is a 

critical step in transfer learning, where pre-trained models are adapted to the specific requirements 

of a target task. By leveraging large-scale pre-trained models, which would often be impractical or 

infeasible to train independently, fine-tuning aligns these models with the nuances of the target 

task. This approach not only enhances performance but also demonstrates the efficiency of transfer 

learning in addressing specialized challenges in NLP, enabling the application of powerful models 

without requiring extensive computational resources or massive task-specific datasets. The 

foundation for many transfer learning models can be traced back to the introduction of the 

transformer architecture in the groundbreaking paper Attention Is All You Need (Vaswani et al., 

2017). This architecture, based on a self-attention mechanism, revolutionized NLP by allowing 

models to better capture contextual relationships within text. Self-attention helps the model focus 

on the most important parts of a sequence, such as specific words in a sentence, enabling it to 

understand context more effectively and make more accurate predictions compared to traditional 

DL models. Following this breakthrough Bidirectional Encoder Representations from 

Transformers (BERT) emerged as a state-of-the-art NLP model (Devlin, Chang, Lee, & Toutanova, 

2019). BERT’s transformer architecture uses bidirectional self-attention, which evaluates each 

word in a sentence in relation to all others, providing a more comprehensive understanding 

compared to traditional unidirectional models. BERT’s extensive pretraining on datasets like 

BookCorpus (over 11,000 books) and Wikipedia (2.5 billion words) equips it with deep language 

knowledge (Rajapaksha, Farahbakhsh, & Crespi, 2021). BERT’s strength lies in its ability to 

understand complex semantic relationships within text, and this can be effectively leveraged by 

fine-tuning the model for task-specific challenges (Aljrees et al., 2024). Fine-tuning enables BERT 
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to adapt its extensive pre-trained knowledge to specialized domains, aligning its capabilities with 

the unique requirements of tasks like movie review rating prediction. By tailoring the model to the 

specific language patterns and context of the target dataset, fine-tuning maximizes BERT’s 

potential, making it particularly effective for addressing domain-specific applications with high 

performance (Mosin et al., 2023). 

2.4.2.2. Refining Rating Prediction in the Movie Industry 

The analyzed literature offers an extensive examination of rating prediction in multiple domains, 

highlighting the utilization of textual reviews to enhance precision. Ahmed & Ghabayen (2022) 

examine product and service evaluations from platforms like Amazon and Yelp, illustrating the 

efficacy of textual data in forecasting ratings for consumer products. Chambua & Niu (2021) 

additionally provide a comprehensive analysis of rating prediction methods for various consumer 

products and services. Aljrees et al. (2024) redirect attention to mobile application evaluations from 

the Google Play Store, highlighting the discrepancies between written reviews and numerical 

ratings. Although rating prediction in the movie review domain is relatively underexplored, 

sentiment analysis has been thoroughly examined. Rating prediction has been well explored for 

products, services, and mobile apps, but remains under-researched in the movie review sector. A 

key challenge is the high subjectivity of online reviews (Park, Song, & Sela, 2023). Unlike 

sentiment analysis, which captures general emotions, rating prediction provides a precise, 

quantitative assessment of nuanced evaluations. Addressing this gap can offer deeper insights into 

a film's reception for industry stakeholders.  

2.5. Time Series Analysis 

Similar to NLP, Time series prediction builds upon the sequential nature of data by introducing a 

temporal dimension, enabling the examination of changes over time (Ismail Fawaz, Forestier, 

Weber, Idoumghar, & Muller, 2019). Time series can be categorized as univariate or multivariate 
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sequences. Univariate sequences focus on a single feature, while multivariate sequences 

incorporate multiple features, which are often referred to as multiple channels (X. Chen et al., 

2024). The scientific domain of time series analysis encompasses two primary tasks: time series 

forecasting (TSF) (Haben, Voss, & Holderbaum, 2023) and time series classification (TSC) (Ismail 

Fawaz et al., 2019; H. Liu et al., 2024). TSF involves predicting the future behavior of variables 

over specified time intervals, whereas TSC aims to assign labels to samples based on detected 

temporal patterns. TSF and TSC often involve high-dimensional data that challenges traditional 

ML methods, highlighting the advantages of deep learning for complex tasks in the movie industry 

(Y. Liao et al., 2022). For example, DL enables multimodal approaches to predict movie opening 

weekend revenue or success (Y. Liao et al., 2022; Madongo & Zhongjun, 2023). Similarly, Rhee 

& Zulkerine (2016) demonstrated how combining movie features like metadata, ratings, and user 

reviews in neural networks can predict box office profitability. Modeling approaches for time series 

often rely on foundational neural network architectures, such as recurrent neural networks (RNNs), 

including long short-term memory (LSTM) models (Ghanbari & Borna, 2021), or graph neural 

networks (GNNs) (Liu et al., 2024), both of which are typically implemented within a supervised 

learning framework. However, recent advancements have expanded time series analysis to 

accommodate big data scenarios where labeled samples are sparse or irregular (X. Chen et al., 

2024). These developments leverage weakly-supervised learning paradigms, such as multiple 

instance learning (MIL) (Bing & Wang, 2017; Chen et al., 2024; Early et al., 2024; Tibo et al., 

2020).  Weakly-supervised learning is a machine learning approach where models are trained with 

incomplete, inexact, or noisy labels, contrasting with the fully labeled datasets typical of supervised 

learning (Ren, Wang, & Zhang, 2023). 
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2.5.1. Multiple Instance Learning for Movie Success Prediction 

MIL is a deep learning approach that has been successfully applied in various domains. 

Carbonneau, Cheplygina, Granger, & Gagnon (2018) defined Multiple Instance Learning (MIL) as 

a form of weakly-supervised learning approach that is structured as a binary problem where the 

training set is composed of labeled bags, each containing multiple instances, but where labels are 

assigned to the bags rather than the individual instances. Based on the standard MIL assumption, a 

bag is considered positive if at least one instance within the bag is positive. For instance, Bing & 

Wang (2017) applied it for such as Breast Ultrasound Image Classification. Bakdi, Kristensen, & 

Stakkeland (2022) applied it for an intelligent predictive maintenance system in ship electric 

propulsion systems. Frameworks such as Early et al. (2024) proposed MIL for time series 

classification to make temporal dependences more distinguishable. Their approach addressed the 

issue that supervised TSC methods, often considered as a black-box, lack interpretability, which is 

why they proposed a novel framework to overcome this limitation and showcased the effectiveness 

of their weakly-supervised modeling approach via application across multiple domains. According 

to their writing, the framework offers an inherent mechanism to provide interpretable insights, 

indicating that the MIL framework can produce interpretable insights for temporal features. Picking 

up on this work, X. Chen et al. (2024) proposed a novel MIL model for multivariate time series 

data, demonstrating significant improvements in model interpretability due to the model's attention 

layer. This is particularly useful when predicting movie success, as it helps to understand the 

model's decision-making process. They pointed out how their proposed model could be extended 

to integrate multi-channel information, possibly by integrating cross-channel temporal attention or 

positional encoding. 
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2.5.2. The Role of Sentiment Analysis in MIL 

As outlined before, WOM features are useful when it comes to predicting financial KPIs as well as 

ratings. Review sentiment specifically are crucial drivers to predict ratings and corresponding 

movie success, increasing sales in the box office. Considering the versatility of MIL approaches 

across domains, recent works within the field of MIL indicate that the weakly-supervised approach 

is extendable to fields other than medical appliances or predictive maintenance, such as sentiment 

analysis of movie reviews. Tibo, Jaeger, Frasconi, & Wrobel (2020) approached the application of 

movie-related review data in a predictive setting by formulating the sentiment analysis problem 

based on IMDb movie reviews to construct a nested bag MMIL (multi-multiple instance learning) 

Classifier. Picking up on this work, Deng & Yiu (2022) proposed a novel pipeline indicating that it 

is generally possible to integrate textual features extracted from news into a MIL pipeline to 

forecast stock trends.  

2.5.3. Enhancing Model Interpretability in Time Series Prediction 

Works in the MIL field, such as  Early et al. (2024), indicate a need to explore more sophisticated 

integration of interpretability techniques in deep learning frameworks. Following Turbé, Bjelogrlic, 

Lovis, & Mengaldo (2023), interpretability is a critical aspect of machine learning that focuses on 

making models' decision-making processes understandable to humans. It is especially important in 

deep learning, where complex architectures often act as black boxes. Assis, Dantas, & Andrade 

(2024) argue that interpretability enables validation of models, builds trust with stakeholders, and 

provides insights that can inform practical decision-making when it comes to evaluating the 

robustness and transparency of predictions made by AI systems. Their results indicate that there is 

a trade-off between predictor's performance and interpretability (Assis et al., 2024). Looking at the 

common approaches, existing machine learning benchmarks such as the one for the TodyNet model 

by H. Liu et al. (2024) or TimeMIL by X. Chen et al. (2024) neglect interpretability in their 
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evaluation when benchmarking their models and aim to provide the highest performance in terms 

of predictive accuracy. Although X. Chen et al. (2024) point out their model's ability to deliver 

interpretable results, they do not extend their study to compare it with other models in terms of 

interpretability either by visually comparing models using common attribution techniques such as 

SHAP or Integrated Gradients which are more universally applicable across different architecture 

types nor by quantifying the results (Turbé et al., 2023).Moreover, X. Chen et al. (2024) point out 

that their model is inherently interpretable due to the attention maps produced by the transformer 

components within the model, the value of attention to produce interpretable outputs is contested 

in other papers (Bibal et al., 2022; Jain & Wallace, 2019). 

Additionally, they do not consider accessing their model's interpretability by applying 

interpretability metrics such as Infidelity proposed in the Captum framework for interpretability by 

Kokhlikyan et al. (2020) or other metrics and methods (Namdari & Li, 2019; Yeh et al., 2019).
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3. Data 
Existing works from Lash & Zhao (2016) showcase the integration of different data sources, 

suggesting that various movie-related data sources can be combined to build sophisticated 

predictive solutions. Their framework integrates IMDb and Box Office Mojo data through API 

calls and web scraping, ensuring comprehensive data acquisition. Madongo & Zhongjun (2023) 

used different types of movie data to capture deeper insights. They combined this data in a single 

model to predict how much revenue a movie would make during its opening weekend. Both 

research papers indicate that movie-related data offers various potentials for analytics and can be 

processed to leverage various data sources in movie success prediction. Following these insights, 

chapter three comprehensively outlines the wide range of different datasets and sources used for 

this thesis. Due to the strong limitation regarding the available resources, the central datasets for 

Rotten Tomatoes (Leone, 2020), IMDb (Banik, 2017), Twitter (Dooms, 2021), The Numbers (The 

Numbers, 2024)were extracted from the data science community platform Kaggle and enhanced 

using additional open-source APIs such as Box Office Mojo or TMDB (Mohamadi, 2024; TMDB, 

2023). Furthermore, the existing database was enhanced by social media information from Twitter 

and Instagram. This chapter briefly introduces each dataset, showcasing their potential for use in 

movie-related scientific frameworks. The movie industry benefits from a wealth of data that can be 

acquired in diverse forms and from various sources, offering opportunities for deeper insights and 

predictive analytics. Structured data, such as tabular formats containing movie metadata (e.g., 

genres, actors, budgets) and movie ratings, provide well-organized, easily interpretable datasets 

that form the foundation for traditional machine learning framework. In contrast, semi-structured 

data, such as multivariate time series (e.g. box office trends over time), captures dynamic patterns 

and temporal relationships essential for trend forecasting and operational decision-making. These 
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data types are complemented by unstructured textual data like movie reviews that can be processed 

using advanced NLP methodologies to valuable qualitative insights into audience feedback and 

preferences. Given this diverse data environment in the movie industry, this study leverages movie 

metadata, box office performance data as well as movie ratings and reviews. 

3.1. Movie Metadata 

Movie metadata appears in a wide variety of different formats ranging from structured to 

unstructured data. Data was sourced from well-established online movie platforms Rotten 

Tomatoes and IMDb. Metadata is displayed in a tabular fashion and is considered structured data. 

It includes various features that can be used to better understand different aspects of a movie. For 

instance, it contains title, production studio, languages, runtime and information about the cast.  

An open-source movie data collection from Rotten Tomatoes offers a detailed repository of 

metadata for over 140,000 movies, making it a useful resource for exploring the characteristics and 

performance metrics of films. This dataset provides structured and diverse information that 

captures both the qualitative and quantitative aspects of movies. 

The dataset contains identifying attributes like the movie’s title, release year and rotten tomatoes 

id. The genre column lists thematic categories, often multiple per movie, enabling analysis of 

genre-specific trends and audience reception. The runtime column details the duration of each 

movie in minutes. Key creative contributors to a film are also documented. The director field 

identifies the individual(s) responsible for the movie’s overall vision, while the cast column 

highlights the main actors and actresses, providing a basis for exploring the influence of star power 

on a movie’s success. The data further includes the MPAA rating, which specifies the audience 

suitability of each film (e.g., G, PG, R). This classification can be examined in relation to the 

movie’s target demographics and reception. 



 

27 

Quantitative metrics in the dataset are particularly valuable for performance analysis. The critics 

score and audience score columns provide aggregated ratings as percentages, reflecting the 

reception of the film among professional reviewers and general viewers, respectively. The box 

office revenue column, expressed in USD, represents the financial success of the movie, enabling 

research into the economic aspects of the film industry. Additionally, the synopsis column offers a 

textual summary of the movie, which can serve as a basis for natural language processing 

applications to analyze thematic content. 

The dataset is robust and versatile, but it is not without challenges. Missing values, particularly in 

fields like box office revenue necessitate careful preprocessing or the use of additional data sources. 

Similarly, the multi-label nature of the genre field requires appropriate handling to extract 

meaningful insights.  

Additional movie metadata was collected from IMDb. The dataset obtained provides a 

comprehensive view of cinematic metadata for 45,000 movies released on or before July 2017. 

This dataset integrates diverse information sourced from the TMDB Open API and GroupLens 

platforms, offering rich contextual data for movie analytics. It captures a wide range of features, 

including metadata such as movie titles, production details, budget, revenue, and release dates, as 

well as artistic elements like language, production companies, and production countries. Additional 

layers of data include cast and crew information, plot keywords, and user engagement metrics like 

ratings and vote counts. These features create a robust framework for exploring the interplay 

between qualitative and quantitative dimensions of cinema, allowing researchers to analyze trends 

over time, predict performance, and explore audience preferences.  
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3.2. Box-Office Performance 

The box office data provides detailed information on the financial performance of films across 

domestic and international markets for both their whole box office lifecycle and individual days 

for a subset of movies. It includes key attributes such as the movie title, worldwide gross revenue, 

domestic revenue, and foreign revenue. Additionally, the data breaks down the percentage of 

domestic and foreign markets contributing to the total gross revenue. 

The histogram in Figure 1 displays the distribution of worldwide box-office revenues, with the y-

axis scaled logarithmically to better represent the varying frequencies across the available data. 

The x-axis represents revenue in USD, showing a concentration of films with lower box-office 

earnings, as indicated by the taller bars near the left. As revenues increase, the frequency decreases 

exponentially, as seen by the shorter bars toward the right. The logarithmic y-axis highlights the  

steep decline in frequency, with most films earning significantly less than $500 million, while only 

a few achieve revenues exceeding $1 billion. This distribution reflects the skewed nature of box-

office earnings, where a small number of blockbuster films dominate total revenue. 

Figure 1: Distribution of Movies Lifetime Box Office Revenues Worldwide 
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The data is valuable for examining box-office trends. It allows for cross-referencing with other 

variables such as release dates, seasonal patterns, and audience behavior to investigate the impact 

of release timing on financial success. Moreover, the dataset's granularity supports the construction 

of predictive models to identify the factors that most significantly drive box-office performance. 

To analyze the relationship between the original movies' metadata and their impact on sequel box 

office performance, we required a dataset explicitly identifying sequels. Detecting sequels is not 

always straightforward, as titles do not consistently include indicators like "Part 2" or similar 

phrasing. For this purpose, we sourced detailed data from "The Numbers", which specializes in 

worldwide box office performance for over 1,700 sequels. This dataset provides insights into the 

financial outcomes of sequel films, a key segment of the movie industry with notable commercial 

and audience interest. 

The dataset includes essential fields such as the sequel title, release year, and cumulative worldwide 

gross (in USD). These structured metrics enable comparative analyses, helping to identify factors 

influencing sequel success. For instance, Figure 2 illustrates the distribution of lifetime box office 

Figure 2: Distribution of Movies Sequels Lifetime Box Office Revenues Worldwide 



 

30 

revenues for movie sequels, showcasing the significant variation in financial performance within 

this category. Interestingly, when compared to the distribution of general movie box office revenues 

Figure 1, we observe notable similarities in their patterns. This resemblance suggests that sequels 

tend to follow the same general economic trends as movies overall. However, this also makes it 

particularly compelling to investigate what sets sequels apart - specifically, how unique factors like 

their connection to the original movie or audience expectations influence their performance.  

While valuable, this dataset posed integration challenges when combined with other sources like 

Rotten Tomatoes. The absence of a shared unique identifier (e.g., a universal movie ID) 

necessitated reliance on title and release year for matching. Variations in formatting and language 

across datasets further complicated this process. For example, a sequel might be labeled "Part 2" 

in one dataset and "Part II" in another or titles in different languages (e.g., French or German) often 

appear inconsistently translated into English. 

Further, box office data can also be represented in a contextualized time series format, representing 

the box office more granularly with a timestamp. The time series contains detailed information on 

daily box office revenues, theater counts, and movie performance metrics as time series, focusing 

on the USA and Canada markets. Each entry represents a daily record for a specific movie. An 

Figure 3: Average quarterly Box Office Revenue recorded across samples in the daily Box Office Revenue dataset 
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outline of the trends for average quarterly Box Office revenue recorded over the years as well as 

the number of movies released per quarter of any year is illustrated in Figure 3.  

The daily column captures the revenue generated by a movie on a particular day, expressed in US 

Dollars. Theaters refers to the number of theaters where the movie was screened on that day, 

providing insights into its market reach. The BoxOffice column aggregates a movie's total revenue. 

In addition to these key features, the dataset includes various metadata such as release dates, 

distributors, genres, ratings, and other performance metrics. These ancillary features help 

contextualize the daily and cumulative box office data. The dataset spans from the years 1999 to 

2019 and provides a granular look at movie performance in the targeted regions. 

3.3. Movie Reviews and Ratings   

Reviews and ratings are very different compared to metadata. Following up on the data analysis, 

they often appear in a temporal, spatial format and are rather unstructured. Reviews and ratings 

capture critics and public perception about movies. This feedback-based data provides key-features 

for examining movie success and therefore provide valuable contributions to predictive analytics 

within the industry. Several data platforms were conducted to obtain relevant datasets. These 

platforms capture public perception combining review content, ratings and temporal information.  

3.3.1. Movie Reviews: Rotten Tomatoes 

Open-source movie review data was obtained from Rotten Tomatoes covering a wide range of 

critics and user feedback in an unstructured textual format. This data was accompanied by 

complementary structured features like corresponding ratings and timestamps. With over a million 

written reviews, the data obtained provides a granular perspective on how diverse audiences react 

to the movies documented in the accompanying metadata, enabling a detailed understanding of 

viewing reception and engagement. An exploratory data analysis was conducted to understand the 

dataset’s structure and prepare it for further analysis. Figure 4 displays the distribution of review 
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length defined as word count in KDE as well as boxplot. The visualizations show that the review 

content varied significantly, with an average length of approximately 21 words and a standard 

deviation of 9.42. The shortest reviews contained only a single word, while the longest extended 

to 55 words. The boxplot further supports highest distribution of word count around the average 

with a few outliers above the 50 words. The distribution revealed that 75% of reviews were 28 

words or fewer, while half of the reviews contained 21 words or less, indicating a predominance of 

shorter, more concise reviews providing a realistic scenario. 

 

3.3.2. Movie Ratings: Perspective across Platforms 

Rating data was obtained from various platforms like Rotten Tomatoes as well as IMDb and 

Twitter. In Rotten Tomatoes data ratings are a critical component of review datasets, providing 

structured numerical insights to complement the textual content. The dataset obtained included 

over 1 million reviews on over 17,000 distinct movies. Rating scores were represented in various 

formats, including numeric fractions (e.g., 3/5), integers on diverse scales (e.g., 7, 100), and letter 

Figure 4: Distribution of Word Counts for Rotten Tomatoes Movie Reviews 
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grades (e.g., A, B+). Such variability in formats necessitates careful preprocessing to ensure 

consistency. To enable comparability, all ratings were normalized to a uniform 1–5 scale. 

Ambiguous data entries, such as "4/5.5," were flagged as errors and excluded from the data. This 

rigorous normalization process ensured consistency and interpretability, aligning with established 

best practices in predictive modeling.  

Similarly, as the Rotten Tomatoes dataset, the Movie Tweetings dataset created by Dooms (2021) 

offers a dynamic and contemporary collection of movie ratings sourced from structured tweets on 

Twitter, encompassing around 39,000 unique movies with around 930,000 ratings recorded 

between the years 2013 and 2020. Designed to overcome the limitations of static datasets, it 

leverages real-time social media data, with ratings scaled from 0 to 10 and linked to IMDb 

identifiers for consistency and metadata enrichment. Twitter ratings are also recorded along with 

users. This enhances the potential of deriving potential features not only by focusing on the specific 

rating scores but also on the individual user's perceptions of the specific platform.  

While Rotten Tomatoes gives an outline towards professional and semi-professional critic reviews, 

the IMDb dataset created by (Banik, 2017), specifically captures public opinion for movies as an 

entertainment product in a more holistic matter in terms of consumer ratings, in a large scale across 

streaming platforms. The platform captures ratings of viewers at a large scale for millions of 

different user ratings and reviews across different social media and streaming platforms such as 

Amazon, Disney+, Netflix, Twitter and many more. As a Big Data service, it captures a more 

holistic view of public perception and thus, the underlying data distributions can vary in their 

characteristic. The dataset used within this study captured around 26 million rating samples across 

45,000 movies. Similar to the Twitter dataset, IMDb ratings appeared in a more standardized format 

with rating values ranging between 0 and 10. Moreover, due to the temporal characteristic of the 

recorded rating, the dataset also lends itself to time-series analyses by providing temporal 
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information on release dates and user interactions, which can be used to explore historical trends 

in cinema. The combination of metadata and audience-driven insights offers an opportunity to 

contextualize movie success and cultural impact within a broader temporal and industrial 

framework, making it a versatile resource for studying the evolution of the film industry and its 

audience dynamics. 

3.3.2.1. Rating Distribution across Platforms 

Looking at the distribution of ratings across platforms displayed in Figure 5, various insights can 

be overserved. Ratings for Rotten and IMDb both exhibit a slightly left-skewed pattern, with Rotten 

centering around a score of 3 and IMDb around 3 to 4, reflecting a balance of positive and negative 

feedback. In contrast, Twitter is heavily right skewed, with the majority of ratings clustered at 4 

and 5, indicating a strong positive sentiment bias. The disparity underscores the distinct purposes 

of these platforms: Rotten Tomatoes and IMDb are established as critical platforms trusted in the 

entertainment industry, incorporating a combination of user and critic feedback, which results in 

more balanced distributions. Meanwhile, Twitter, as a multipurpose social platform, encourages 

informal and spontaneous sharing of opinions, often leading to an emphasis on enthusiastic and 

positive sentiment at least in the available samples in the dataset used for this word.  

Figure 5: Rating Distribution across Rotten Tomatoes, Twitter and IMDb 
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3.3.2.2. Ratings in a Temporal Sequential Perspective 

As mentioned, ratings and reviews are mostly attributed to a timestamp, extending them to time 

series. Following this, each movie's ratings form a sequence of values evolving in time, enabling 

spatial-temporal analysis to identify timely patterns that can be attributed to certain features within 

the data. Typical patterns are trends or seasonality, as outlined in section 2.2.5. An important 

characteristic of the data across different platforms is the varying length of the time sequences 

across features. Figure 6 visualizes the different distributions of time sequence lengths per movies 

across the three datasets. A filter was applied to include movies recorded for equal to or more than 

28 days. However, it is to be mentioned that, due to movies differing in terms of time spent at the 

box office, samples can range from single days to years. The sequences for each platform show 

unique characteristics as each platform captures different perspectives within the market. For 

instance, the data derived from Rotten Tomatoes captures professional and non-professional critic 

reviews that often occur before and after the official release of a movie. IMDB and Twitter, on the 

other hand, capture the opinion of the mass audience in the post-release market stage, resulting in 

more significant amounts of available samples and, thus, longer time sequences. The broad span of 

unique characteristics within the data and features across platforms offers the opportunity for 

multifaceted analysis, combining different methods as well as data engineering techniques to form 

unique feature-sets for advanced data analysis within the movie industry. 

Figure 6: Distribution of Sequence Lengths per dataset. 
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4. Introduction to Individual Parts 
Based on various data types and sources introduced in the previous section of this research paper, 

a comprehensive machine-learning framework exploring various factors that drive movie success 

is proposed. 

Figure 7 summarizes the main stages of a movie production lifecycle, defining characteristics 

within this diverse domain (Y. Liao et al., 2022). The cycle is divided into four sequential periods: 

Film Preparation Period, Film Production Period, Film Publicity Period, and Film Release Period. 

Each phase represents a critical stage in the filmmaking and distribution process. The preparation 

period involves pre-production activities, such as script development, casting, and budgeting. The 

production period focuses on filming and post-production tasks, including editing and visual 

effects. The publicity period encompasses promotional activities designed to generate awareness 

and excitement about the film. Finally, the release period marks the film's debut to audiences 

through theatrical or digital distribution channels, targeting revenue generation and audience 

engagement. This timeline highlights the structured progression of activities essential to a film’s 

success. It also enables the directed deployment of various machine learning frameworks and 

predictive modeling approaches to enable informed decision making at various stages of a movie 

lifecycle. 

 

Figure 7: Movie Lifecycle showcasing three stages for Machine Learning opportunities 
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This study examines the application of comprehensive machine learning frameworks across key 

stages of the film lifecycle, focusing on preproduction, prerelease, and post-release predictions. 

The post-release phase emphasizes feedback from ratings, reviews, and box office performance to 

evaluate success. The prerelease phase explores factors such as release timing and post-production 

elements to optimize audience engagement. Additionally, pre-production prediction is addressed 

by exploring actor cast as well as sequel production. By addressing these phases, the study 

highlights how predictive modeling supports data-driven decision-making throughout the film 

lifecycle. The following individual part is introduced: 

 

Rating Predictions from Movie Reviews Leveraging Bert: Exploring the Impact 
of Sentiment Polarity and Review Length 

This study explores the application of advanced natural language processing techniques, with a 

particular focus on transformer-based language models, to predict numeric movie ratings from 

textual reviews. By employing a large-scale dataset, this section investigates the potential of 

sentiment analysis and textual features to enhance predictive frameworks, utilizing both 

classification and regression methodologies to navigate the complexities of rating prediction. 
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5. Rating Predictions from Movie Reviews Leveraging 
Bert: Exploring the Impact of Sentiment Polarity and 
Review Length  
5.1. Introduction 

In the digital age, the movie industry generates vast amounts of textual reviews annually, offering 

rich but unstructured data that profoundly influence audience perceptions, box office outcomes, 

and industry strategies (Pang et al., 2022). Transforming this valuable feedback into actionable 

insights is crucial for post-release evaluation and data driven decision making. However, 

translating textual reviews into precise numeric ratings remains an underexplored challenge in the 

domain of movie reviews. 

Natural Language Processing (NLP) has emerged as a subfield of Artificial Intelligence (AI) and 

enables computers to process large quantities of human-written text (Banbhrani et al., 2022). The 

introduction of the transformer architecture in 2017 marked a significant milestone, driving 

advancements in AI and NLP (Vaswani et al., 2017). Bidirectional Encoder Representations from 

Transformers (BERT) leverage this architecture to provide powerful tools for various NLP tasks 

like sentiment analysis and rating prediction from textual data  (Devlin et al., 2019; Galal et al., 

2024).  

This study aims to leverage BERT’s capabilities to fine-tune the model on textual movie reviews 

to predict corresponding rating scores. Sentiment polarity and review length are integrated into 

rating predictions, using both regression and classification. Sentiment polarity and review length 

are explored as moderating factors in rating prediction performance (Ahmed & Ghabayen, 2022; 

Bilal & Almazroi, 2023). The findings contribute to a deeper understanding of rating prediction in 

the movie domain and provide practical guidance for enhancing analytical approaches in post-

release evaluation. 
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5.2. Literature Review & Hypothesis Development  

The emergence of transfer learning has significantly advanced NLP by allowing pre-trained models 

to adapt effectively to specialized tasks (Mosin et al., 2023). Transfer learning models leverage 

extensive general knowledge gained from large datasets, reducing reliance on large task-specific 

datasets and improving performance in various NLP tasks. Fine-tuning is a critical step in transfer 

learning, where pre-trained models are adapted to the specific requirements of a target task. This 

technique has also been applied in the movie industry, with BERT being used for sentiment analysis 

of textual movie reviews (Danyal et al., 2024). 

Sentiment analysis typically classifies reviews into discrete categories such as positive, neutral, or 

negative (M. T. Khan et al., 2016). While this approach is effective in many scenarios, it 

oversimplifies the nuanced opinions often expressed in complex movie reviews (F. H. Khan, 

Qamar, & Bashir, 2016). Rating prediction advances this process by estimating the numerical 

ratings that correspond to the textual feedback, offering a more precise quantification of user 

evaluations (Ahmed & Ghabayen, 2022). Although BERT has demonstrated exceptional 

performance across various NLP tasks, its application to movie rating prediction is still limited, 

highlighting opportunities for further research (Z. Liu, 2020; Chambua & Niu, 2021). Sentiment 

polarity, represented on a continuous scale, ranging from -1 to 1, effectively captures subtle 

emotional shifts and variations in sentiment analysis (Hemmatian & Sohrabi, 2019; Reagan, 

Danforth, Tivnan, Williams, & Dodds, 2017). Studies demonstrate that incorporating sentiment 

polarity into rating prediction frameworks significantly enhances model performance (Ahmed & 

Ghabayen, 2022; Aljrees et al., 2024; Chambua & Niu, 2021). Despite these advancements, a 

notable research gap persists regarding the role of sentiment polarity as a moderating factor in 

rating prediction tasks. Specifically, there is limited understanding of how variations in sentiment 
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intensity influence rating prediction performance leveraging transfer learning models like BERT. 

To address this gap the following hypothesis is proposed: 

H1: Movie reviews with strong sentiment polarity (greater than or equal to 0.75 or less than or 

equal to -0.75) improve rating prediction performance. 

It is hypothesized that BERT will more effectively identify extreme ratings (e.g., 1, 5) associated 

with strong polarity compared to ambiguous middle ratings (2, 3, 4). Validating this hypothesis will 

determine whether extreme sentiments enhance rating prediction performance while neutral or 

mixed sentiments introduce ambiguity.  

Research further found that specific review attributes such as length, readability, and emotional 

expression significantly impact interpretability and depth (Lutz, Pröllochs, & Neumann, 2022). 

Short reviews often lack sufficient detail for effective NLP, whereas longer reviews provide richer 

context, enhancing predictive performance (Chambua & Niu, 2021). Bilal & Almazroi (2023) 

demonstrated that BERT models exhibit improved performance when processing longer input texts, 

as they effectively leverage the model’s ability to capture complex semantic relationships (Galal et 

al., 2024). Despite these findings, there is a notable research gap regarding the direct influence of 

review length on rating prediction tasks, particularly within transfer learning frameworks like 

BERT. To fill this gap, the following hypothesis is proposed: 

H2: Longer movie reviews yield more precise rating predictions than shorter reviews. 

Testing this hypothesis will clarify how review length impacts model performance, enabling 

effective applications of BERT in capturing rich semantic nuances unique to movie reviews. 

This study explores how sentiment polarity and review length affect model performance in rating 

prediction from movie reviews leveraging BERT. Answering this research question will provide 

insights into factors influencing model performance, enabling more tailored and effective 

applications within the movie industry. 
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5.3. Data & Research Methodology  

5.3.1. Data 

This study utilized a dataset of 1,130,017 critic reviews from Rotten Tomatoes, a widely recognized 

platform for aggregating movie reviews. Covering over 17,000 movies, it was collected on October 

31, 2020 (Leone, 2020). Each entry includes a textual movie review with corresponding rating, 

providing a solid foundation for rating prediction as a supervised machine learning task. During 

preprocessing, 33% of entries with missing fields or duplicate content were removed to ensure data 

reliability (García, Ramírez-Gallego, Luengo, Benítez, & Herrera, 2016). Ratings were normalized 

to a 1–5 scale for consistency by adjusting various data entry formats like fractions, integers, and 

letter grades (Kim, Sung, Park, & Kim, 2016). Reviews with fewer than 10 words were excluded 

to enhance contextual richness and reduce bias (Helan & Sultani, 2023; Singh, Rajput, Sharma, 

Satakshi, & Kumar, 2024). The final dataset contained 757,062 complete reviews with a mean 

score of 3.24 (Standard Deviation = 1.03) and a slight positive skew, offering a robust foundation 

for a comprehensive research methodology (Mansoury, Burke, & Mobasher, 2021). 

5.3.2. Feature Engineering: Sentiment Polarity 

The initial step in the methodology involved feature engineering sentiment polarity scores to 

determine the optimal feature for subsequent analysis and hypothesis testing. Sentiment polarity 

captures subtle emotional shifts and variations in sentiment analysis, represented on a continuous 

scale from -1 to 1 (Hemmatian & Sohrabi, 2019; Reagan et al., 2017). 

Three approaches for sentiment polarity scoring were employed, including VADER (Valence 

Aware Dictionary and sEntiment Reasoner) (Hutto & Gilbert, 2014) and two pre-trained sentiment 

models, BERT and RoBERTa, which share a foundation in the transformer-based BERT 

architecture (Devlin et al., 2019; W. Liao, Zeng, Yin, & Wei, 2021). Together these models provide 

complementary insights into the sentiment expressed in movie reviews.  
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VADER is a rule-based tool designed for short texts and social media analysis, known for its 

effectiveness in these contexts (Hutto & Gilbert, 2014). It calculates sentiment polarity scores 

within a range of -1 to 1 by combining word valence with linguistic modifiers, such as negations 

and intensifiers, to determine sentiment strength.  

While VADER employs a straightforward approach, BERT-models, on the other hand, leverage 

transformer-based architectures that provide advanced capabilities for sentiment analysis (Devlin 

et al., 2019). BERT captures bidirectional context by analyzing preceding and succeeding tokens, 

while RoBERTa enhances this with dynamic masking and larger batch sizes for improved sentiment 

detection (W. Liao, Zeng, Yin, & Wei, 2021). These models were extensively pretrained on large 

sets of data and can be directly leveraged to predict movie review sentiments by loading -pretrained 

parameters from platforms like Hugging Face. Since the models generate categorical outputs, the 

results were scaled to a continuous range (-1 to 1) using confidence scores. This approach facilitates 

effective feature engineering with advanced BERT models while ensuring compatibility with 

VADER and enabling cross-method comparisons Specifically, the 3-class cardiffnlp/twitter-

roberta-base-sentiment model, fine-tuned on 124 million tweets (2018–2021), was used to 

classified sentiment into three categories: negative, neutral, and positive (Jahin, Shovon, Mridha, 

Islam, & Watanobe, 2024). Furthermore, a more granular five-class nlptown/bert-base-

multilingual-uncased-sentiment model, fine-tuned on 150k multilingual reviews, was leveraged to 

predict sentiment across five-star rating classes (Miah et al., 2024). The three models were 

compared and selected based on their ability to produce sentiment polarity distributions aligned 

with real-world contexts. Performance was further evaluated using the Spearman correlation 

coefficient between the model’s predicted sentiment scores and review ratings (Cavallo, 2020). 

This ensured the chosen models reliably captured sentiment trends. 
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5.3.3. Rating Prediction  

This study employs transfer learning by fine-tuning pretrained BERT variants on unstructured 

movie review data to predict numeric ratings. The models are loaded with trainable parameters and 

are therefore optimized for task-specific performance using two distinct approaches: regression for 

continuous ratings and classification for discrete categories. 

5.3.3.1. Model Architecture 

A comprehensive framework including baseline and advanced architectures is proposed. BERT-

Small (29M parameters) is deployed for both models (Qiao, Zhu, & Gong, 2022). The advanced 

model is further upgraded to BERT-Base (110M parameters) (Devlin et al., 2019). BERT is based 

on the transformer architecture, and processes input text using self-attention mechanism and 

feedforward layers to capture contextual information from both directions of the text (Vaswani et 

al., 2017).  

 

Figure 8: Comparison of Baseline and Advanced Model Architectures 

Figure 8 visualizes the architectural differences in the baseline and advanced models. The baseline 

model processes textual movie reviews exclusively, passing the [CLS] token output through a 

dropout layer and an output layer to predict rating values (Lv, Liu, Zhao, Xu, & You, 2023). The 
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advanced model builds on this structure by integrating additional features, such as critic name, 

publisher name, top critic status, scaled word count, and sentiment polarity. These features are 

concatenated with the [CLS] token output, forming a hybrid representation (X. Liu, Tian, Niu, Li, 

& Han, 2023). The concatenated representation is then passed through a dense layer with ReLU 

activation, followed by a dropout layer, and finally through the output layer. The key architectural 

difference between regression and classification lies in the output layer design. Regression uses a 

single neuron with a linear activation function to predict continuous rating values (Dubey, Singh, 

& Chaudhuri, 2022). In contrast, classification employs a multi-neuron output layer with a SoftMax 

activation function, converting logits into probabilities for assigning inputs to distinct rating 

categories (Vasanthakumari, Nair, & Krishnappa, 2023).  

5.3.3.2. Preprocessing & Data Split 

Regression 

For regression, ratings were predicted on a continuous scale from 1-5 to capture subtle differences. 

(Kumar & Hanji, 2024). During splitting, stratified sampling was used to preserve the original 

dataset's distribution of the target variable (rating) across the training, validation, and test sets, with 

random selection applied within each stratum (Mohapatra, Bhoi, Mallick, Jena, & Mishra, 2022). 

This resulted in 603,007 training samples, 75,376 validation samples, and 75,376 test samples.  

Classification 

For classification, ratings were discretized into five categories (1–5 stars) using a floor-rounding 

method (Maulidi, Syahrini, Oktavia, Ihsan, & Emha, 2021). Stratified sampling with random 

selection within each stratum preserved proportional representation of the target variable, while 

undersampling addressed class imbalance (Thabtah, Hammoud, Kamalov, & Gonsalves, 2020). 

This produced in 197,430 training samples, 24,675 validation samples, and 24,680 test samples, 

ensuring sufficient data for effective model training and evaluation. 
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5.3.3.3. Performance Metrics 

Regression  

For regression, Mean Squared Error (MSE) is used as the loss function, penalizing larger deviations 

by squaring differences (Köksoy, 2006). Root Mean Squared Error (RMSE) provides a 

complementary metric by taking the square root of MSE (Chicco et al., 2021). Mean Absolute Error 

(MAE), the primary evaluation metric, calculates average absolute differences, offering a 

straightforward and interpretable measure for rating predictions (Lai & Hsu, 2021). 

Classification 

For classification a SoftMax activation function with categorical cross-entropy loss ensures valid 

probability distributions across distinct rating classes (Darwish et al., 2020). Accuracy, calculated 

as the ratio of correct predictions to total instances, serves as the primary evaluation metric 

(Kotsiantis, Zaharakis, & Pintelas, 2006). To account for the ordinality of ratings, 1up1down 

Accuracy considers predictions within one class of the true label as correct, aligning with ordinal 

metrics like the Closeness Evaluation Measure, which penalizes errors based on their distance from 

the true label (Amigó, Gonzalo, Mizzaro, & Carrillo-de-Albornoz, 2020). 

5.3.4. Hypotheses Testing 

Hypotheses were evaluated on the test set by grouping predictions into sentiment polarity and 

review length categories, with MAE for regression and Accuracy for classification computed across 

groups. Shapiro-Wilk tests were deployed to confirm non-normal distributions in model 

performance metrics (Shatz, 2024). A one-tailed Mann-Whitney U test evaluated whether extreme 

sentiments enhanced performance (Karch, 2021). For review length, the Kruskal-Wallis test 

detected differences, followed by pairwise one-tailed Mann-Whitney U tests to assess directional 

trends between groups. (Guo, Zhong, & Zhang, 2013). This approach provided a comprehensive 

evaluation of the effects of sentiment polarity and review length on model performance. 
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5.4. Results 

5.4.1. Sentiment Polarity Model Selection 

Figure 10 compares the sentiment polarity distributions of the three models. VADER shows a sharp 

neutral peak with a close mean (0.20) and median (0.27), indicating a balanced but neutrality-heavy 

distribution. Twitter RoBERTa displays a polarized U-shape, overemphasizing extreme sentiments, 

as reflected in its mean (0.20) and higher median (0.32). In contrast, Multilingual BERT offers a 

balanced distribution with subtle sentiment shifts, evidenced by its nearly identical mean (0.11) 

and median (0.12). This alignment suggests a balanced and realistic sentiment polarity distribution 

with minimal skew or extreme biases. 

Models are further evaluated based on their spearman correlation with review ratings showing 

statistical significance. VADER shows limited alignment with a correlation of rs = 0.253, p < 0.001. 

Twitter RoBERTa performs best, achieving a correlation of rs = 0.515, p < 0.001, effectively 

capturing both extreme and intermediate sentiments. Multilingual BERT follows closely with a 

correlation of rs = 0.507, p < 0.001, demonstrating strong alignment with ratings, though slightly 

behind RoBERTa. Thus, it is the most suitable, offering a realistic and balanced distribution that 

better reflects real-world sentiment compared to Twitter RoBERTa. Therefore, the five-class 

sentiment polarity was selected as a feature for advanced model architectures and to evaluate H1. 

Figure 9: Sentiment Polarity Distribution across Models 
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5.4.2. Rating Prediction Performance Evaluation 

Regression Evaluation 

The evaluation of regression models, as summarized in Table 1, highlights progressive 

improvements with the adoption of more sophisticated architectures and additional features. The 

Advanced Regression Model Large, achieved the strongest performance, with an MSE of 0.3305, 

RMSE of 0.5749, and an MAE of 0.4277. On a 1–5 rating scale, the MAE indicates that the model's 

predicted ratings deviate by an average of only 0.43 points from the actual ratings, demonstrating 

a high level of precision. This low margin of error reflects the model's ability to capture nuanced 

variations in movie reviews. The results emphasize the advantages of leveraging a deeper 

architecture in combination with contextual features, validating the efficacy of BERT-based models 

for continuous rating prediction tasks. 

Table 1: Regression Evaluation Table of different Performance Metrics for Baseline and Advanced Models 

 Model Loss (MSE) RMSE MAE 

Regression 

Baseline Model 
(BERT Small) 0.4678 0.684 0.5154 

Advanced Model 
(BERT Small) 0.3853 0.6207 0.4593 

Advanced Model Large 
(BERT Base) 0.3305 0.5749 0.4277 

 

Classification Evaluation  

The evaluation of classification models, summarized in Table 2, further highlights performance 

improvements with increasing model complexity. The most sophisticated model, Advanced Model 

Large, achieved an Accuracy of 54.33% and a 1up1down Accuracy of 91.07%. The high 1up1down 

Accuracy demonstrates the model's ability to predict ratings within one class above or below the 

true label in over 91% of cases, capturing the general direction of ratings effectively. However, 

while the Advanced Model Large demonstrates strength in handling complex classification tasks, 
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the lack of Accuracy improvement compared to Advanced Model highlights limitations in fully 

leveraging the larger architecture, suggesting challenges in learning and optimization. 

Table 2: Classification Evaluation Table of different Performance Metrics for Baseline and Advanced Models 

 Model Loss Accuracy 1up1down 
Accuracy 

Classification 

Baseline Model 
(BERT Small) 1.2078 0.5083 0.8999 

Advanced Model 
(BERT Small) 1.3512 0.5472 0.898 

Advanced Model Large 
(BERT Base) 1.1289 0.5433 0.9107 

 

5.4.3. Hypotheses Testing 

To assess H1 on the test set predictions were grouped into strong and neutral/moderate sentiment 

groups. Shapiro-Wilk tests were deployed to reveal significant deviations from normality (p < .001) 

across all models for both groups, justifying the use of the Mann-Whitney U test. Subsequently, 

one-tailed Mann-Whitney U tests were deployed across all models to evaluate the hypothesis. Test 

results for regression and classification models are presented in Table 3. 

Table 3: Sentiment Polarity Hypothesis (H1) Test Results across Models 

 Model Mann-Whitney U Result 

Regression 

Baseline Model p = 0.990 Non-significant 

Advanced Model p = 0.598 Non-significant 
Advanced Model Large p = 0.598 Non-significant 

Classification 
Baseline Model  p < 0.001 Significant 
Advanced Model p = 0.011 Significant 

Advanced Model Large p = 0.026 Significant 

Regression models did not support the hypothesis, with p > 0.05 in all cases, indicating that 

sentiment polarity strength has no significant impact on regression-based rating prediction 

performance. This result suggests that regression models are robust to sentiment variability, as they 

effectively capture subtle nuances across the entire spectrum of sentiment intensity. Consequently, 

extreme sentiment cues may not provide additional predictive value in continuous rating tasks. In 
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contrast, all classification models found significant support for H1. The Baseline Classification 

Model (p < 0.001), relying solely on textual reviews, demonstrates the strongest dependency on 

sentiment polarity. As indicated by slight increases in p-values with advanced model 

configurations, the dependency on sentiment polarity decreases by incorporating multi-feature 

inputs. This suggests that more complex architectures rely less on sentiment polarity and instead 

leverage a broader range of textual and contextual patterns for predictions. These findings 

demonstrate that sentiment polarity plays a critical role in classification tasks, while regression 

models were not significantly influenced by sentiment strength, indicating a fundamental 

difference in how these models process and utilize sentiment-related information. 

Furthermore, H2 was assessed by grouping test set predictions into short, medium, and long review 

length categories. Kruskal-Wallis tests were used to assess statistical significance, where the 

direction of differences was further explored through pairwise Mann-Whitney U tests. Table 4 

reports the findings for both regression and classification models. 

Table 4: Review Length Hypothesis (H2) Test Results across Models 

 Model Kruskal- 
Wallis 

Pairwise  
Mann-Whitney U Result 

Regression 

Baseline Model p = 0.911 - Non-significant 
Advanced Model p = 0.210 - Non-significant 
Advanced Model Large p = 0.373 - Non-significant 

Classification 
Baseline Model  p < 0.001 

Short vs. Medium p = 0.998 

Medium vs. Long p = 0.980 

Short vs. Long  p = 0.999 
 

Non-significant 

Advanced Model p = 0.226 - Non-significant 
Advanced Model Large p = 0.497 - Non-significant 

The Kruskal-Wallis test revealed no significant differences (p > 0.05) in all models except the 

Baseline Classification Model, where significant differences were observed across groups (p < 

0.001). However, pairwise comparisons using Mann-Whitney U tests revealed no significant 

support for improved performance with longer reviews. These findings provide no significant 
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support for H2. While some variability was observed, the directionality toward longer reviews did 

not meaningfully influence outcomes. This highlights BERT's robustness in handling varying 

review lengths, showing that even shorter reviews can achieve strong rating prediction 

performance. 

5.5. Insights & Discussion  

Ahmed & Ghabayen (2022) proposed a two-phase framework that predicts sentiment polarity and 

then leverages it for rating prediction, achieving RMSEs of 0.56 on Yelp and 0.65 on Amazon 

Books, outperforming baseline models like Bi-GRU and Bi-LSTM. In comparison, this study’s 

Advanced Regression Model Large achieved an RMSE of 0.5749 on a movie review dataset by 

Rotten Tomatoes, closely matching Yelp’s performance and surpassing Amazon Books by 0.0751. 

These results underscore the importance of sentiment polarity in enhancing rating predictions and 

demonstrate BERT’s ability to handle the nuanced complexity of movie reviews compared to 

product or service reviews. Regression model performance improved consistently across all 

metrics, demonstrating the model’s capacity to effectively learn from multi-feature inputs and 

benefit from larger pretrained BERT variants. In contrast, classification performance followed a 

different trend. Z. Liu (2020) applied a BERT-based classification approach for rating prediction 

on Yelp data, achieving an Accuracy of 69.11%. In this study, the Advanced Classification Model 

Large reported an Accuracy of 54.33% on Rotten Tomatoes data, reflecting the greater subjectivity 

of movie reviews. Moreover, classification results stagnated, with Accuracy showing no 

improvement when upgrading from Advanced Classification Model to Advanced Classification 

Model Large. This was further supported by high 1up1down Accuracy results of up to 91.07%, 

compared to relatively lower overall Accuracy scores. These findings highlight the classification 

model's difficulty in differentiating between distinct categories, as it does not account for the 

natural order of star ratings. BERT's widespread use in text classification tasks has led to a 
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predominance of classification-based approaches in rating prediction research (Galal et al., 2024). 

Aljrees et al. (2024) utilized BERT to predict Google Play Store ratings, potentially reflecting a 

preference for distinct categories over continuous scales due to data availability. However, with 

Rotten Tomatoes movie reviews offering a nuanced, continuous scale, this study demonstrates the 

effectiveness of equipping the output layer with a linear neuron for regression-based rating 

prediction leveraging BERT.  Furthermore, prior research has consistently emphasized the 

importance of sentiment polarity in rating prediction models (Ahmed & Ghabayen, 2022; Aljrees 

et al., 2024). This study extends that understanding by showing that the impact of sentiment polarity 

is positively moderated by the strength of sentiment expressed in reviews specifically in 

classification tasks. Classification BERT models perform significantly better with extreme 

sentiments, whereas regression models showed no significant support for the hypothesis. Finally, 

while Bilal & Almazroi (2023) found that longer sequences enhance BERT's predictive 

performance, this study’s results challenge that view, specifically within the realm of the movie 

domain. These findings suggest that review length does not enhance predictive performance, 

demonstrating BERT's robustness in handling diverse textual data across varying lengths. This 

study highlights the importance of aligning modeling approaches with task characteristics and data 

availability in rating prediction. Regression models effectively capture nuanced insights on 

continuous scales, while classification models excel with extreme sentiments but struggle with 

ordinal structures. BERT’s consistent performance across varying review lengths further 

underscores the model’s potential in versatile deployment across a wide range of review platforms. 

This study advances review rating prediction by exploring sentiment polarity and review length as 

moderating factors, offering a novel perspective on leveraging transfer learning with BERT in a 

comprehensive framework to predict ratings from textual movie reviews.  
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5.6. Limitations & Future Research 

This study has several limitations that offer opportunities for future research. One key challenge is 

the subjectivity of ratings, as textual reviews do not always align with numerical ratings, 

introducing bias that can limit the model's ability to learn and generalize. While previous research 

has addressed this issue (Aljrees et al., 2024), further investigation could enhance understanding 

of this topic. This study demonstrated promising performance, with regression models improving 

across all metrics when upgraded to more complex and larger architectures. However, 

computational constraints restricted the use of larger architectures, such as BERT-Large, and 

extended training cycles. Future research should investigate these factors to evaluate their impact 

on predictive performance. Additionally, the rejection of H2 highlights BERT’s robustness across 

varying review lengths, suggesting potential for social media rating prediction where reviews are 

often brief and variable. Moreover, this study focused solely on leveraging foundational BERT, 

neglecting other advanced transfer learning models such as RoBERTa, XLNet and GPT-based 

architectures (Shao, Basit, Karri, & Shafique, 2024). Benchmarking these models against BERT in 

could provide insights into their potential performance advantages.  

In conclusion, this study demonstrates the effectiveness of leveraging pre-trained transformer-

based models like BERT, fine-tuned for complex domain-specific task such as movie rating 

prediction. This work offers valuable insights into the strengths and limitations of regression and 

classification approaches, emphasizing the importance of tailoring problem framing to domain 

specific requirements and data availability. Going beyond simple performance evaluation, this 

study explored moderating factors in review rating prediction with BERT, providing insights for 

effective model application. These findings highlight the transformative potential of NLP, not only 

within the movie industry but across a wide range of domains that rely on textual feedback. 
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6. Conclusion & Implications for the Movie Industry 
The movie industry presents a compelling landscape for the application of advanced analytics and 

machine learning frameworks due to its reliance on diverse data types and sources. This study 

explores the use of both structured and unstructured data, demonstrating how these distinct forms 

of information can be harnessed to address various challenges and opportunities within the domain. 

Traditional machine learning methods were employed on structured tabular data, such as box office 

revenues, to build predictive models and identify critical factors influencing movie success.  For 

unstructured data, natural language processing (NLP) techniques were applied to textual 

information such as movie reviews to predict ratings, uncover sentiment patterns, and derive deeper 

insights into audience preferences. Additionally, the analysis of predictive models for multivariate 

time series data, encompassing features for movies ratings, review sentiment, box office revenues, 

provided a dynamic perspective how data around audience behavior and market fluctuations can 

be applied in novel frameworks. By capturing how these features evolve and interact across 

temporal dimensions, the study highlights the potential of applying regression analysis, NLP and 

fusion of sequential models with interpretability techniques to understanding trends, forecasting 

demand, and adapting strategies to optimize outcomes in the highly competitive movie industry. 

This integrative approach underscores the importance of leveraging multiple data modalities, each 

contributing unique insights that collectively enhance decision-making and operational efficiency.  

Building on the diverse data types, this study implemented a range of machine learning frameworks 

to extract actionable insights. Supervised learning methods, including regression analysis and 

classification models, were applied to structured tabular data to predict outcomes such as box office 

success or genre-specific performance. For text data, deep learning techniques leveraging 

pretrained transformer models, such as BERT, were employed. These models enabled the extraction 
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of contextual insights and enhanced the prediction of ratings, sentiment analysis, and audience 

preferences by capturing the nuanced semantics of textual content. In contrast, weakly-supervised 

learning frameworks, such as Multiple Instance Learning (MIL), were compared with supervised 

models for the case of multivariate post-release time series data, where complete labeling was 

challenging. Critic ratings emerged as a more significant driver of box office performance than 

user ratings, particularly for smaller studios and off-season releases. Positive critical reviews served 

as vital quality signals, especially for films with limited brand recognition. By contrast, user ratings 

showed limited predictive power, likely due to their variability and susceptibility to biases. 

Seasonal trends amplified the importance of critic ratings, with off-season films relying more 

heavily on professional reviews to attract audiences. These findings highlight the enduring 

influence of expert evaluations and the importance of timing in maximizing movie success. For 

studios, strategically fostering relationships with critics and aligning release schedules with periods 

of lower competition can amplify box office returns, particularly for niche or independent 

productions. The impact of releasing movies during holiday periods is highly audience dependent. 

For non-adult movies, holiday releases significantly boost box-office revenues, aligning with 

increased audience availability and family viewing habits. Conversely, adult movies experience 

insignificant marginal or negative effects during holidays, likely due to competition with family-

oriented films. Including holidays as a predictive factor shows limited overall significance when 

considering all movie types collectively. These findings suggest that strategic release timing 

tailored to audience demographics is essential. For the film industry, leveraging holiday periods for 

family-friendly content while reserving less competitive windows for adult-oriented films could 

optimize revenues, refine marketing strategies, and enhance overall return on investment. Sequel 

modeling revealed that audience engagement, measured by review volume, was the most influential 

factor in predicting both absolute and relative success. Advanced machine learning models, such 
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as CatBoost, outperformed traditional approaches, highlighting the importance of capturing non-

linear relationships and feature interactions. Metrics like runtime and sentiment played secondary 

roles, with engagement metrics proving far more predictive of financial outcomes. For the movie 

industry, these results emphasize the need to maintain sustained audience interaction through 

marketing campaigns and social media presence, particularly for franchise films. Studios can use 

these predictive models to assess the financial viability of sequels, optimize resource allocation, 

and design strategies that prioritize audience retention. Transfer learning transformer-based 

models, particularly BERT-based frameworks, proved effective in extracting nuanced insights from 

textual data, achieving high performance in sentiment analysis and rating prediction. Notably, 

classification models benefited from strong sentiment polarity, while regression models 

demonstrated resilience across varied sentiment distributions. These findings suggest that advanced 

NLP techniques can enable movie studios to better understand audience feedback and preferences, 

facilitating more precise targeting and informed creative decisions. For the industry, this 

underscores the potential of leveraging automated sentiment analysis tools to refine marketing 

strategies, improve audience engagement, and enhance content development based on data-driven 

insights. When applied to multivariate time series data, Multiple Instance Learning (MIL) did not 

perform as effectively as supervised models like TodyNet in terms of predictive accuracy. Although 

MIL sowcased better performance particularly in unstructured data applications like Twitter, it did 

not outperform supervised methods signaling that movie data might not be the perfect fit. These 

results suggest that while interpretability-focused techniques like MIL can be applied to data 

involved in decision-making processes for movies, supervised models remain the preferred choice 

both in terms of predictive accuracy and interpretability. However, for the movie industry, 

integrating such techniques into analytics pipelines in scenarios where labels are scarce could 

improve the understanding of temporal dynamics, such as post-release audience behavior or the 
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impact of streaming trends, enabling studios to make more data-informed distribution and 

marketing decisions. This comprehensive machine learning framework covering a wide range of 

datatypes and applications in the movie industry proves solid potential. This could be further 

enhanced by adopting a multimodal approach by integrating diverse data sources to develop more 

comprehensive and robust analytical frameworks that go beyond parallel model application but 

leverage various strengths across a sophisticated system (Madongo & Zhongjun, 2023; Miah et al., 

2024). By combining structured data, such as box office performance, audience demographics, and 

release schedules, with unstructured data from movie reviews, sentiment, and visual or audio 

content, researchers can unlock synergies across data modalities that provide a more nuanced 

understanding of audience behavior and market dynamics. Further leveraging additional data types 

like image and video and integrating them into NLP techniques could enable more precise insights 

into the impact of soundscapes on viewer experiences. Such multimodal frameworks would allow 

for a broader analytical bandwidth, enhancing predictive performance and interpretability in areas 

(Mühling et al., 2017; Tahmasebi et al., 2021; Zhou et al., 2019). To advance the application of 

analytics in a multimodal fashion accounting for different data representations, academic research 

can contribute to more sophisticated decision-making processes and innovative strategies for 

addressing the dynamic challenges of the movie industry. In conclusion, by applying advanced 

machine learning techniques in the movie industry, this study presents a transformative opportunity 

for the domain to address evolving challenges and capitalize on emerging trends. Through 

combination of structured and unstructured data with predictive frameworks, industry stakeholders 

can develop strategies that enhance production efficiency, optimize release schedules, and better 

cater to audience preferences. This study highlights the critical role of machine learning in enabling 

studios to remain competitive in an increasingly data-driven landscape, urging the adoption of 

advanced analytics to navigate the complexities of modern cinema. 
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7. Limitations & Future Research  
This study provides valuable insights into the factors influencing movie performance, yet several 

limitations need to be addressed to fully contextualize the findings and guide future research. These 

limitations arise from challenges in data acquisition, feature availability, methodological 

approaches, and computational constraints, which collectively influence the scope and depth of the 

analyses. 

The studies either used a single or a combined selection of data sources, such as Rotten Tomatoes, 

IMDb, Twitter or BoxOfficeMojo, to create their input data, picking up on existing work 

(Subramaniyaswamy, Vaibhav, Prasad, & Logesh, 2017). As showcased by Y. Liao et al. (2022), 

one must point out that other sources exist to retrieve movie-related data that could potentially be 

used to conduct research, such as data from the Douban movie platform, search engine data such 

as Baidu, or data from other Microblogs. However, the scope of data collection was constrained by 

reliance on open-source platforms, which limited the comprehensiveness of the datasets. 

Specifically, box office data was predominantly focused on North American markets, excluding 

the broader global landscape and its associated cultural and regional variations. This narrow focus 

limits the generalizability of findings to diverse geographical contexts. Future research should aim 

to expand data acquisition efforts to incorporate global box office data and explore differences in 

audience behaviors across distinct geographical and cultural landscapes, providing a more holistic 

understanding of movie performance drivers. 

Several important features that are likely to influence movie success were unavailable, notably 

marketing and advertising budgets. These variables are critical in shaping audience awareness and 

engagement and could significantly enhance predictive models. Additionally, the datasets exhibited 

heavy skews in certain features, such as genres, which may overrepresent popular categories while 
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underrepresenting niche ones. Ratings data, another key feature, is inherently subjective and 

susceptible to biases from both users and critics, potentially affecting the accuracy of performance 

predictions. Addressing these limitations through more diverse and balanced data sources would 

greatly improve future analyses. While the machine learning models employed in this study 

demonstrated strong predictive capabilities, they were inherently limited in their ability to establish 

causal relationships due to inherit irregularity within the movies data. Identifying correlations 

between variables is valuable for predictive analytics, but without causal inference, it remains 

difficult to determine which factors directly drive movie success. A notable limitation across the 

studies was the lack of detailed audience segmentation. While some analyses differentiated 

between adult and non-adult movies, there was limited exploration of granular divisions based on 

demographics, cultural preferences, or regional behaviors. This lack of segmentation restricts the 

ability to identify specific audience behaviors and preferences, which could be critical for tailoring 

marketing strategies and release decisions. Future research should prioritize deeper audience 

segmentation to uncover nuanced patterns influencing movie performance. Limited computational 

resources affected the ability to explore advanced techniques, such as dynamic modeling, causal 

inference methods, or the use of larger and more sophisticated transformer architectures. These 

constraints also restricted the granularity of fine-tuning and optimization processes, potentially 

limiting the models’ predictive accuracy. Addressing these computational challenges in future work 

would enable more robust analyses, such as the inclusion of broader datasets, advanced model 

architectures, and more nuanced hyperparameter optimization. This research paper provides a 

detailed exploration of various factors influencing movie performance, with each study 

contributing particular insights into predictive analytics around movies, consumer behavior, and 

strategic decision-making processes within the movie industry. 
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