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Data Analysis Report: Letterbox Movie Classification Dataset

1. [bookmark: _Toc214546599]Introduction
This report analyses a real-world Letterbox movie dataset containing 10,000 films with fields such as title, director, primary genre, runtime, original language, watches, likes, fans and average rating. The aim is to develop practical skills in data preparation, exploratory analysis and statistical modelling to understand how viewers engage with films online and which factors are associated with higher ratings and popularity. This mirrors typical business-intelligence and recommender-system pipelines used by streaming platforms, where clean behavioural data feed descriptive dashboards, predictive models and personalised recommendations (Aljunid et al., 2024; Netflix, 2025). In particular, the report links engagement metrics (watches, likes, fans) to user evaluation processes discussed in the literature on online opinion platforms and movie reviews (Gupta et al., 2024; Bedeley et al., 2025; Wang et al., 2025). The findings are used to propose actionable recommendations for a studio or platform on which genres to prioritise, how to treat non-English content, and how such evidence could support more effective content planning and recommendation strategies.
2. [bookmark: _Toc214546600]Data Cleaning and Preparation
Data was imported into Excel, profiled for index-like columns and inconsistent formats, and an unnecessary index column was removed. Text fields (film title, director, genres, studios, language) were trimmed and standardised to ensure consistent spelling and spacing. Header anomalies in “Lowest”, “Medium” and “Highest” were corrected so that the variables worked reliably in formulas, pivot tables and SPSS.
Several variables required targeted cleaning. Column D (Average rating) contained a long floating-point value (3.2685351873474158), which was rounded to two decimal places to align with the rest of the dataset. Column E (Genres) and Column I (Studios) contained list-style artefacts such as [' and ']; these were stripped out so that values became simple comma-separated or single text strings. Genres and studios were then parsed to derive a Primary genre (first listed) and, where appropriate, a Num genres count. Language strings were lower-cased and mapped to canonical labels, and an English vs non-English flag was created to support later comparison, which is important for understanding localisation effects highlighted in prior work on dubbed and subtitled media (Colombo, 2023; Wu, 2025). Numeric fields (Average rating, Runtime, Watches, Likes, Fans, Total ratings, List appearances) were coerced to numeric types, with non-parsable entries treated as missing.



Missing values were limited. Where required, runtime was imputed using the median within each primary genre, preserving genre-specific central tendencies while reducing sensitivity to extreme outliers. Engagement variables (Fans, Likes, Watches) were imputed with zeros only when missing, which is reasonable here because absence likely indicates no recorded activity. This careful standardisation aligns with best practice in large-scale recommendation pipelines, where noisy or inconsistent inputs can undermine downstream models and business decisions (Aljunid et al., 2024; Netflix, 2025). The cleaned dataset provides a robust foundation for all subsequent descriptive statistics, visualisations and SPSS analyses.
3. [bookmark: _Toc214546601]Descriptive Statistics and Summary
Core numerical variables, Average rating, Runtime, Watches, Likes and Fans were summarised first. Ratings are approximately bell-shaped with most films between about 2.8 and 3.6, while runtimes cluster around typical feature-length films, with a long tail of longer titles. Watches and likes are heavily skewed, with a small number of films capturing very high engagement, a pattern consistent with prior work on online movie consumption and engagement inequality (Gupta et al., 2024; Wang et al., 2025). The correlation matrix shows an extremely strong association between Watches and Likes (r ≈ 0.95), indicating that likes scale almost proportionally with viewing volume, in line with research that treats such metrics as related but distinct signals of engagement (Eslami et al., 2024). Runtime has only a weak positive correlation with Fans (r ≈ 0.09), suggesting that length alone is not a key driver of loyal followership.
Categorical summaries show 21 primary genres and 57 original languages. Genre counts are skewed towards mainstream categories such as Drama, Comedy and Action, while language distribution is dominated by English. However, the presence of a substantial minority of non-English titles enables meaningful comparison between language groups, which is important given evidence that subtitling and dubbing can influence the reach and perception of foreign content (Colombo, 2023; Matthew, 2024).
Table 1 (Averages by genre) and Table 2 (Averages by language) report key descriptive statistics across segments. Table-level summaries such as Table 1 are particularly valuable because they highlight genres that combine high ratings with strong engagement. This helps studios prioritise content that is both critically valued and commercially promising, echoing the role of genre-level preference patterns in shaping emotional responses and audience satisfaction (Zwiky et al., 2024; Gupta et al., 2024).
Figure 1. Top 15 genres by film count


Figure 2. Distribution of average ratings


This histogram shows the distribution of films by their average rating. Most titles cluster around the mid-3s (roughly 3.1–3.6), with far fewer films at the very low or very high ends, very few below ~2 or above ~4.5, indicating a mound-shaped distribution centred near the mid-3 range.
Table 1. Averages by genre (Top 20 by rating)


This pivot table summarises the top 20 primary genres ranked by average rating, and for each genre shows the average watches, likes, fans, and runtime. In this snapshot, Documentary has the highest average rating (~3.63) followed by War and History (~3.55), while Horror sits lowest (~2.99); engagement metrics vary by genre, with large-audience genres (e.g., Animation/Fantasy/Science Fiction) tending to have higher average watches/likes/fans than niche ones.
Table 2. Averages by language (Top 20 by rating)






Figure 3. Share of total Watches by language (Top 5)


This pie chart shows the share of total Watches by language (Top 5). English dominates the viewing share (about 95–96%), while French, Japanese, Korean, and Spanish each contribute only a small sliver (roughly 1–2% or less apiece), indicating a very skewed distribution toward English language titles in this dataset.
4. [bookmark: _Toc214546602]Trend Analysis and Visualisation
Genre and language patterns clarify how audience responses vary across the catalogue. The bar chart of genre counts (Figure 1) shows that production is concentrated in mainstream genres. However, the ranking of genres by mean rating (Table 1) does not simply follow volume: Documentary, War and History achieve among the highest average ratings, whereas Horror sits near the bottom. This supports the idea that critical reception and supply are partially decoupled, and that certain genres may evoke stronger emotional responses or perceived quality despite lower overall volume (Zwiky et al., 2024). The histogram of ratings (Figure 2) indicates that most titles fall within the 3.0–3.5 band, so relatively small increases above ~3.5 place films in the upper tail of perceived quality.
Scatter plots of Likes vs Watches (Figure 3) show a near-linear trend, consistent with a conversion funnel where likes are a stable fraction of views, and with research that uses likes as a proxy for deeper engagement (Gupta et al., 2024; Eslami et al., 2024). Runtime vs Fans (Figure 4) shows only a slight upward trend, confirming that extreme runtimes neither guarantee nor preclude fan accumulation.
Language-based patterns show that English titles dominate the number of films and total watches, yet non-English titles achieve higher mean ratings on average, as later confirmed by the t-test. This suggests an opportunity to improve the visibility of high-quality non-English content through localisation and better subtitle design, aligning with findings that subtitle format and translation quality shape both comprehension and audience reception (Colombo, 2023; Matthew, 2024; Wu, 2025).
Figure 3. Likes vs Watches


Figure 4. Fans vs Runtime


Correlation analysis. The Pearson correlation between Watches and Likes is r ≈ 0.95, confirming the tight association seen in Figure 3. This supports treating likes as a secondary engagement signal derived from viewership but still valuable for modelling deeper audience appreciation (Gupta et al., 2024; Eslami et al., 2024). Runtime and Fans show only a weak positive correlation (r ≈ 0.09), implying that other factors, such as genre, cast, or marketing, play a much larger role in building a fan base.
5. [bookmark: _Toc214546603]Statistical Analysis (SPSS)
Inferential statistics were used to quantify key relationships.
T-test: English vs non-English ratings. An independent-samples t-test compared mean Average rating for English and non-English titles. Descriptives are reported in Table 4. The test yielded t = -24.88, p < 4.1×10⁻¹²⁵, indicating a very large and statistically significant difference. Non-English films have a higher mean rating (≈ 3.51) than English films (≈ 3.21). 




Table 4. Independent‑samples t‑test descriptives (Average Rating by Language Group)


This finding resonates with work suggesting that well-curated foreign content, when made accessible through dubbing or subtitling, can perform strongly with audiences (Colombo, 2023; Wu, 2025).
Abridged OLS regression summary (Average rating ~ Fans + Likes + Runtime):





Regression (predicting Average rating). An OLS regression model was fitted with Average rating as the dependent variable and Fans, Likes and Runtime as predictors. The model explains about 11% of the variance in ratings. Coefficients on Fans, Likes and Runtime are statistically significant but small in magnitude, consistent with the idea that ratings largely reflect qualitative evaluations (e.g., story, emotion, craft) rather than pure popularity or length (Gupta et al., 2024; Wang et al., 2025; Zwiky et al., 2024). For business-intelligence purposes, engagement variables are therefore better suited to predicting demand (future watches/likes) than to explaining ratings in isolation.
SPSS procedures (Independent-Samples T Test, Bivariate Correlations, Linear Regression) could be used to replicate these results from the cleaned CSV, aligning spreadsheet-based exploration with more formal statistical tooling.
6. [bookmark: _Toc214546604]Insights and Recommendations
The analysis suggests three main strategic implications for a studio or streaming platform. First, genre strategy should not simply follow volume: the pivot table of averages by genre (Table 1) shows that Documentary, War and History achieve the highest mean ratings, whereas Horror performs relatively poorly. Focusing development and promotion on these consistently high-rated genres can strengthen perceived catalogue quality, while still using mass-appeal genres such as Animation and Science Fiction to drive reach (Gupta et al., 2024; Zwiky et al., 2024). A key benefit of Table 1 is that it combines quality (average rating) with engagement metrics (watches, likes, fans), enabling managers to identify genres that are both critically valued and commercially scalable, which is essential for data-driven slate planning (Gupta et al., 2024).
Second, the language analysis and t-test show that non-English films are rated more highly than English titles on average, even though English dominates viewing share. Studios and platforms should therefore invest in localisation and discovery, for example, high-quality subtitles and dubbing, better surfacing of foreign titles and targeted recommendations, to unlock this under-exploited pool of high-quality content (Colombo, 2023; Matthew, 2024; Wu, 2025; Netflix, 2025). Finally, recommendation models should integrate both engagement and rating signals, while also accounting for cognitive biases and herding effects known to affect online evaluations (Bedeley et al., 2025; Wang et al., 2025).
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