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1. Introduction
To derive significant operational insights for the media and entertainment sector, this paper offers an organised, data-driven examination of the Letterboxd Movie Classification Dataset. Organisations largely rely on Business Intelligence (BI) tools to reduce financial risks and maximise audience engagement in an increasingly competitive streaming and production market (Loshin, 2013). This analysis's main goals are to pinpoint important viewer behaviour trends, assess structural movie patterns, and uncover certain factors that contribute to high customer ratings and popularity metrics (Gunter, 2018).
Key operational benchmarks are matched to the analytical objectives. To ensure an uncorrupted dataset for upstream systems, the data is first verified and prepared in Microsoft Excel to fix formatting errors and missing fields. Second, to establish structural baselines, important descriptive statistics are assessed across continuous metrics including average ratings, runtimes, watch counts, and total fans (Saunders et al., 2023). Third, a cross-categorical trend analysis is used to examine how core user engagement levels are determined by various film genres and originating languages (Harrington, 2025). Lastly, SPSS is used to carry out sophisticated inferential statistical models, such as multiple linear regression modelling, independent-samples t-tests, and Pearson correlation analyses, to confirm the statistical significance of observed patterns and create a trustworthy predictive framework for movie performance (Field, 2024).

2. Data Cleaning and Preparation
Any trustworthy BI architecture is built on data quality. The Letterboxd dataset has significant structural irregularities and missing records before analysis, necessitating methodical preparation in Microsoft Excel to prevent statistical results from being distorted. The cleaning procedure gave priority to the Runtime, Fans, and Genres columns that had crucial missing information. To maintain the structural variance of film durations without altering the overall metric distribution, records with blank fields or extreme structural anomalies were addressed using mean imputation based on their major genre cohort for the Runtime variable (Saunders et al., 2023). On the other hand, zero-imputation was used to resolve missing values in the Fans column, based on the logical operational assumption that missing data indicated a complete absence of fan registration rather than a system error. Because some genre properties (such as "Drama, Romance, Comedy") were string-concatenated inside single arrays, the Genres field posed significant formatting issues. Excel's "Text to Columns" feature was used to implement a single primary classification rule that isolated the first specified genre as the baseline category to enable clear group distributions. By converting various codes into a consistent character format, language IDs were standardised.
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The "Garbage In, Garbage Out" problem in BI systems is avoided by ensuring clean data (Labosova et al., 2026). In the absence of this stage, defective entry rows would introduce significant systemic bias, leading to inaccurate SPSS regression weights and distorted descriptive distributions (Field, 2024).

3. Descriptive Statistics and Summary
Descriptive summary metrics were computed for the main continuous and categorical features in order to understand the basic structure of the Letterboxd dataset. Clear behavioural baselines among moviegoers were found thru quantitative study of the structural numerical indicators (Wallner, 2019). With a standard variation of 18.3 minutes and an average length of around 106.5 minutes, the dataset shows a strong concentration around the conventional 90- to 120-minute theatrical threshold (Vogel, 2001).  With a standard deviation of 0.45 and a bell-shaped distribution that is rather consistent, the Average Rating metric centers around 3.42 out of 5.0. The distribution of user activity indicators, particularly Watch Counts and Likes, was significantly biased to the right. The median Watch Count remained much lower at 12,800, despite the mean Watch Count reaching 42,500 views per title. This indicates that most of the general audience traffic is drawn to a small number of popular blockbusters (Gunter, 2018).
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To comprehend structural availability by genre and original language, categorical metric distributions were analysed using SPSS frequency diagnostics (Field, 2024). Comedy and drama together accounted for more than 48% of all dataset observations, making them the most prevalent genres. Science Fiction and horror remained stable sub-clusters, accounting for around 9% and 12% of the total. When it came to linguistic concentration, English-language films made up the vast bulk of the dataset, roughly 76%, while the most common non-English segments were French, Japanese, and Spanish films. Explicit structural features were emphasised by using boxplots and frequency distributions to depict these measures. Users seldom award very low scores consistently, according to the boxplot for Average Ratings, which revealed a narrow interquartile range with slight outlier activity below the 2.0 border. On the other hand, boxplots for Watch Counts and Fan Lists displayed large upper-bound outliers, indicating the exponential popularity of contemporary viral movies or timeless classics (Wallner, 2019).

4. Trend Analysis and Visualization
To investigate behavioural interactions between structural formats (Genre and Language) and audience engagement measures, a cross-categorical trend analysis was carried out in Microsoft Excel. Several distinct market dependencies were shown using pivot tables and multi-axis visualisations (Gunter, 2018).
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Niche and high-art genres including documentaries, history, and animation regularly obtained higher average baselines, sometimes ranging between 3.65 and 3.90, when looking at average ratings across different genres. On the other hand, large commercial genres like as Action and Horror showed lower average score baselines, with a center around 3.15. This implies that whereas mass-market genres are subject to more scrutiny from general viewers, specialised cinema styles benefit from devoted, highly involved target audiences who score highly (Gunter, 2018). However, analysing the total number of likes shows an inverted trend: comedies, sci-fi, and action films account for most total likes. This shows that a low average rating does not always mean that a movie cannot achieve great awareness and significant audience involvement (Wallner, 2019). A substantial cultural gap is shown by language-based trends. Due to worldwide distribution networks, English-language films receive the greatest raw view volumes and total likes (Vogel, 2001). Nonetheless, non-English titles, more especially, Korean and Japanese productions often receive higher average scores. This pattern indicates a unique market dynamic in which foreign-language films encounter more obstacles to worldwide audience discovery; but, those that do succeed are of outstanding quality, leading to considerable positive emotion among international cinema consumers (Gunter, 2018). A robust, positive linear trend may be shown in scatter plots that quantify the absolute interaction between Watch Counts (X-axis) and Likes (Y-axis). The visual cluster shows that a film's baseline of expressive appreciation scales closely with its level of public exposure. However, there are certain exceptional high-performing outliers, such as cult films that retain small viewing brackets but receive a disproportionately large number of likes and fans.

5. Statistical Analysis using SPSS
Inferential testing models were built inside SPSS to verify if these apparent visual trends represent true market rules rather than random dataset variance (Bryman, 2023). To determine if there is a statistically significant difference in average ratings between English-language and non-English films, an Independent-Samples T-Test was first performed. Language origin has no effect on average viewer scores, according to the null hypothesis (H₀). The equal variances not assumed row must be used since the test produced a Levene's Test significance value below 0.05 (Field, 2024). At p = 0.012, the final two-tailed significance value was determined to be far below the conventional alpha level (α = 0.05). The null hypothesis was therefore disproved. Non-English films have a significantly higher average rating (μ = 3.54) than English movies (μ = 3.39), according to the empirical means. The idea that non-English films go thru a rigorous cross-border selection process, eliminating lower-tier movies before they reach global tracking indices, is supported by this data validation.
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Second, scale dependencies between structural runtime metrics and public engagement parameters were assessed using a Pearson Correlation Analysis (Field, 2024). A small, nearly zero positive correlation (r = 0.08, p = 0.14) was found between runtime and fan count, indicating that there is no significant baseline link between a movie's duration and its capacity to create devoted fan groups (Wallner, 2019). On the other hand, a strong, extremely significant positive correlation (r = 0.89, p < 0.001) was found when the association between Watch Counts and Likes was tested. This demonstrates that platform exposure is a dependable cause of tangible user appreciation, confirming an extraordinarily strong link.
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Lastly, three continuous variables such as runtime, likes (measured in thousands), and total fans were used in a Multiple Linear Regression Analysis to predict a movie's average rating (Bryman, 2023). With a substantial percentage of variation explained (R2 = 0.412, F(3, 480) = 112.4, p < 0.001), the model demonstrated statistical viability. All three measures are substantial positive predictors of a movie's score, according to the individual coefficients F, which showed the largest relative predictive weight. This demonstrates that lengthier, more purposefully paced films still have a little statistical edge in obtaining better critical ratings on the platform, even if engagement measures are the best predictors of quality scores (Vogel, 2020).

6. Insights and Recommendations
The empirical results obtained from the Letterboxd dataset offer crucial practical insights for scheduling decisions, media operations, and content acquisition tactics in corporate entertainment frameworks (Harrington, 2025). The study makes it very evident that there are two different operating regions where customer contact occurs (Ueland, 2025). Action, comedy, and horror are examples of highly accessible, broad-interest genres that generate mass commercial monetisation (Vogel, 2020). Despite having lower average rating scores, these genres consistently earn high Watch Counts and Extensive Like volumes. On the other hand, specialist genres (such documentaries and animation) and carefully chosen foreign-language repertoire purchases are what fuel critical acclaim and long-term viewer retention (Wallner, 2019). Distribution studios and streaming companies should implement a multi-tiered BI approach considering these findings (Loshin, 2013): 
Runtime Optimisation: For large-scale commercial initiatives, media companies should impose typical runtime restrictions between 95 and 115 minutes (Harrington, 2025). Longer runtimes needlessly raise production expense and reduce daily theatre rotation capacity, according to the regression and descriptive models, which demonstrate that exceeding this threshold does not result in increased audience engagement or fan creation. 
Targeted Language & Subtitle Investment: Distribution executives need to broaden their frameworks for acquiring other languages, with a focus on high-performing non-English hubs such as South Korea and Japan (Gunter, 2018). Investing extensively in professional dubbing, contextual subtitling, and high-quality localisation would immediately increase customer platform happiness and lower subscription churn, as non-English films have statistically higher consumer scores (Ueland, 2025).
Dual Portfolio Management: A data-driven model should be used by portfolio managers to allocate capital (Vogel, 2020). For upfront ad-supported frameworks, high-volume, mass-market genres should be given priority to optimise visibility metrics. To build high-value subscriber communities, high-rated specialised genres should be placed into personalised digital suggestion feeds (Vogel, 2020). The self-selecting character of the Letterboxd community, which strongly favours ardent, movie-focused customers over casual, passive watchers, is a major study restriction. To more accurately forecast overall commercial success, future research should incorporate domestic box office figures and localised regional marketing expenditures into the SPSS regression matrix (Gunter, 2018).
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