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As digital cinema platforms grow quickly, it becomes more important to use data-driven analysis to figure out how audiences behave and how well material works. This paper looks at the Letterbox Movie Classification Dataset, which has data on 10,000 films, such as their average rating, runtime, genre, original language, number of viewing, likes, and fans. These variables give us ways to measure both how engaged the audience is and how good the movie is, which makes the dataset especially useful for business intelligence (BI) applications in the media and entertainment industry.
The investigation employs a hybrid methodology framework utilising Microsoft Excel and IBM SPSS Statistics. Excel is used to clean up data, do descriptive analysis, and look at trends visually. This makes it possible to find patterns across genres, languages, and engagement metrics. SPSS is subsequently utilised to do inferential statistical studies, encompassing hypothesis testing, correlation analysis, and regression modelling, so facilitating a rigorous examination of correlations between variables. The combination of visual analytics and statistical methods improves analytical validity and helps draw conclusions based on evidence (Shmueli et al., 2017).
This report has three main goals. First, to make sure the dataset is correct and can be used for analysis by cleaning and preparing it in a methodical way. Second, to give an overview and a picture of the most important parts of film ratings and audience participation. Third, to see if things like language, runtime, and interaction metrics have a big effect on how popular and well-rated a movie is. Meeting these goals gives us information that can help us make strategic choices about content curation, recommendation systems, and targeting audiences in the movie business (Mayer-Schönberger and Cukier, 2013).
[bookmark: _Toc217236567]Data Cleaning and Preparation
Before the analysis, Microsoft Excel was used to clean and prepare the data to make sure the dataset was correct, consistent, and reliable. I did an initial screening to find missing, incomplete, and inconsistent values in important numerical variables like Average rating, Runtime, Watches, Likes, and Fans. When there were only a few missing values and they were in engagement variables that were skewed, median imputation was used. This method lowers the impact of extreme values and keeps the overall distribution of the data. To avoid analytical bias, records with missing categorical information that couldn't be confidently inferred were taken out (Tabachnick and Fidell, 2019).
Then, to make sure everything was the same, categorical factors like Genres and Original language were standardised. To minimise redundancy and misclassification during analysis, different spellings and capitalisations (such "english" and "English") were put into one category. Even though the dataset didn't include any clear date or time variables, all of the number fields were reviewed for formatting problems, like numbers that were formatted as text or decimal places that weren't consistent. They were then changed into conventional numeric formats.
To get ready, I also renamed variables to make them clearer and work better with SPSS, and I looked at extreme values to see how they would affect the results. In business intelligence, these steps to clean up data are very important because bad data can lead to wrong conclusions and bad decisions (Redman, 2016). Making sure that the dataset was clean and well-organised gave a strong base for later descriptive, trend, and inferential analysis.
[bookmark: _Toc217236568]Descriptive Statistics and Summary
Descriptive statistics were produced using IBM SPSS Statistics, with preliminary analyses conducted in Microsoft Excel, to summarise the principal attributes of the Letterbox Movie Classification Dataset (N = 10,000). This phase of analysis offers a crucial summary of audience assessment patterns and engagement behaviours, establishing the basis for later trend and inferential analyses (Gravetter, Wallnau, and Forzano, 2021). The emphasis was on fundamental numerical data—Average rating, Runtime, Watches, Likes, and Fans—alongside specific categorisation variables such as Original language.
The SPSS descriptives output reveals that average ratings congregate in the mid-to-upper region of the scale, indicating predominantly favourable audience assessments throughout the dataset. The observed standard deviation and extensive minimum-maximum range indicate significant diversity in perceived quality, revealing that while many films are scored moderately, a smaller minority achieves extraordinarily high or poor ratings. This variation illustrates the subjective nature of film assessment and the varying expectations of audiences.
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Runtime analysis reveals significant variety, with films varying from brief formats to lengthy features. Notwithstanding this extensive variety, the average runtime nearly corresponds with standard feature-length films, suggesting that the majority of movies adhere to industry norms. Engagement variables—Watches, Likes, and Fans—exhibit substantial ranges and elevated standard deviations, indicating markedly skewed distributions. A minority of films garner disproportionately significant attention, whilst the majority experience comparatively moderate interaction. This pattern aligns with the "winner-takes-most" dynamic frequently seen in digital media and cultural industries (Elberse, 2013).
Graphical representations enhance the numerical results. Boxplots showing average ratings illustrate the central tendency, dispersion, and occurrence of outliers, indicating significant heterogeneity in audience assessments. When ratings are categorised by original language, boxplots indicate that non-English films generally exhibit better median ratings than English-language films, despite their lesser prevalence in the sample. Frequency charts further substantiate that English-language films predominate in quantity, although non-English films constitute a notable minority with robust performance in ratings.
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The descriptive statistics reveal three principal patterns: moderate yet diverse audience evaluations, significantly unequal participation distributions, and systematic disparities among categorical factors, including language. These findings establish a definitive empirical framework for examining trends and evaluating statistical correlations, emphasising the necessity of integrating numerical summaries with visual tools when assessing extensive media datasets for business intelligence objectives (Knaflic, 2020).
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This report's visualisations offer additional insights into audience behaviour and film performance by demonstrating the interplay between original language, engagement metrics, runtime, and average ratings. Analysing these numbers reveals underlying trends that are not readily discernible from numerical summaries alone, hence facilitating more educated business intelligence decisions (Knaflic, 2020).
The Figure Average Rating by Original Language reveals significant discrepancies in audience ratings among various language categories. The data indicates that multiple non-English languages attain comparatively high average ratings, frequently surpassing the mean rating of English-language films, rather than a singular dominating language prevailing over others. This indicates that audience assessment is not just influenced by accessibility or familiarity. Conversely, audiences selecting films in less prevalent languages may be driven by cultural curiosity or perceived artistic merit, perhaps resulting in elevated ratings. This trend suggests that international material might enhance perceived library quality for platforms and distributors, especially when bolstered by strong metadata and localisation tools (Peterson and Anand, 2004).
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Average Rating by Original Language

The scatter plot depicting Watches vs Likes reveals a robust and constant rising trajectory, indicating that an increase in watches correlates with a rise in likes. The nearly linear pattern on logarithmic scales signifies a proportional relationship between exposure and active involvement. Nevertheless, the distribution indicates that most films congregate at lower engagement levels, whilst a comparatively tiny subset attains remarkably high viewership and like metrics. This disproportionate distribution illustrates the competitive dynamics of attention in digital media contexts, where prominence is centralised around a select few popular titles (Hennig-Thurau, Marchand and Marx, 2012). From a strategic perspective, research indicates that recommendation algorithms and promotional positioning can significantly enhance engagement following initial exposure.
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The figure depicting Average Rating over Runtime Categories demonstrates the variation in audience ratings across categorised runtime intervals. The tendency indicates that ratings typically enhance as runtime extends from very short films to medium and longer formats, possibly signifying audience beliefs that longer films provide superior narrative depth or production quality. Nonetheless, the variations noted in higher runtime categories suggest that extended length does not ensure enhanced evaluations. Prolonged duration may diminish audience satisfaction if pace and narrative coherence are not preserved. Research in media psychology indicates that audience satisfaction is shaped by the interplay of content length, genre, and viewer expectations, rather than runtime in isolation (Vorderer, Klimmt, and Ritterfeld, 2004).
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Collectively, these numbers offer supplementary insights. Language seems to affect ratings in ways that contradict standard dominance expectations; engagement measures indicate a significant correlation between visibility and audience interaction, while runtime exhibits a conditional link with perceived quality. Visual trend analysis effectively connects descriptive statistics and inferential research, allowing players in the film and entertainment business to create more nuanced, evidence-based content and marketing strategies (Davenport and Harris, 2017).
[bookmark: _Toc217236570]Statistical Analysis using SPSS
Inferential statistical analysis was performed with IBM SPSS Statistics to evaluate the statistical significance and relevance of the links and differences identified in the Letterbox Movie Classification Dataset concerning audience behaviour and film performance. The analysis concentrated on three principal elements: an independent-samples t-test, correlation analysis, and multiple regression modelling.
Independent-Samples T-Test
An independent-samples t-test was used to assess whether average film ratings substantially varied between English-language and non-English-language films. The findings demonstrate a statistically significant disparity between the two categories (p < .001), with non-English films attaining a superior mean average rating. This discovery indicates that the original language significantly impacts audience assessment rather than serving as a neutral descriptive characteristic.
This conclusion indicates that, while English-language films prevail in quantity, they do not inherently surpass foreign-language films in perceived quality. A probable reason is audience self-selection, in which viewers opting for non-English films may be driven by artistic merit, cultural curiosity, or critical acclaim. Prior studies indicate that specialist audiences frequently render more favourable assessments due to heightened engagement and alignment of expectations (Peterson and Anand, 2004). This challenges the assumptions of mainstream dominance and underscores the strategic importance of multinational content portfolios bolstered by effective localisation initiatives from a business intelligence standpoint.
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Correlation Analysis
Correlation analysis was conducted to examine the correlations among important engagement indicators, namely views, likes, duration, and followers. The data demonstrate a robust positive association between watches and likes, suggesting that films with elevated view counts generally garner substantially more likes. This link underscores the pivotal function of exposure in fostering audience interaction and affirms that visibility is a crucial factor influencing engagement in digital media contexts (Hennig-Thurau et al., 2012).
The correlation between runtime and fan count is positive yet weak, indicating that longer films may get marginally more devoted followers, but runtime alone does not significantly affect audience loyalty. This suggests that engagement is influenced more by consumer behaviour and interaction than by structural attributes like film length. These data indicate that engagement indicators are significantly interrelated, but runtime has a little and indirect effect on audience response.
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Regression Analysis
The study employed multiple regression analysis to determine whether runtime, fans, and likes were significant predictors of average film rating. The regression model demonstrated statistical significance (p < .001) and accounted for around 10–11% of the variance in average ratings. This amount of explanatory power is limited, aligning with expectations for cultural and creative datasets where subjective preferences and contextual factors significantly influence outcomes (James et al., 2020).
According to the coefficients, fans have a minor but statistically significant impact on average rating, whereas likes and runtime are the best predictors of average rating. This indicates that initial audience acceptance is more closely associated with perceived quality than with long-term loyalty measures. These results underscore the significance of promoting early engagement and involvement instead of depending exclusively on structural attributes or long-term fandom. The regression results underscore the significance of engagement-centric methodologies for analysing and forecasting film success within the dataset.
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Key Insights
Non-English-language films earn superior average scores compared to English-language films, while being a lesser fraction of the sample. This indicates that audiences interacting with foreign-language content may exhibit greater selectivity and critical engagement, resulting in more robust evaluative conclusions.
Audience engagement indicators are highly interconnected, especially watches and likes, which demonstrate a robust positive correlation. This signifies that enhanced visibility directly correlates with elevated audience engagement and approval.

Likes serve as a principal sign of perceived film quality, as demonstrated by the regression analysis, in which they are the most robust predictor of average rating. This underscores the significance of active audience engagement over passive consumption.
Runtime exerts a constrained and contextually contingent influence on ratings and engagement. Although extended films may occasionally receive superior ratings, the correlation is erratic and presumably affected by genre and narrative composition rather than runtime alone.
Engagement patterns are unevenly distributed, with a limited number of films garnering disproportionately high attention, illustrating the competitive dynamics of digital cinema platforms and long-tail consuming behaviour.
Recommendations
Broaden and enhance foreign content: Allocate resources for subtitling and localisation techniques to leverage the superior performance of non-English films and attract discerning audiences.
Implement content strategy tailored to specific genres: Prioritise genres linked to elevated ratings (e.g., drama and documentary) for prestige and brand equity, while sustaining high-volume genres to enhance engagement.
Enhance promotion centred on engagement: Utilise recommendation algorithms and prominent placements to enhance initial exposure, since elevated visibility is significantly correlated with more likes and audience endorsement.
Enhance runtime based on genre instead of standardising duration: Facilitate flexibility in film duration to conform to genre standards and audience anticipations, circumventing inflexible runtime limitations.
Augment business intelligence competencies: Incorporate engagement metrics into performance dashboards to facilitate real-time monitoring of audience reactions and enhance agile content decision-making.
These insights and recommendations jointly enhance the efficacy of data-driven strategies for content curation, audience targeting, and performance optimisation within the film and entertainment sector.
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