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This report aims to examine the Letterbox Movie Classification Dataset and demonstrate how business intelligence methods can transform entertainment data into actionable insights. The dataset includes 10,000 films and features variables such as title, director, genre, average rating, runtime, original language, studios, number of watches, likes, fan counts, and rating distribution metrics. These variables allow for analysis of both audience satisfaction (through average ratings) and audience engagement (through watches, likes, and fan counts).
The analysis is structured around key objectives. First, it evaluates data quality and prepares the dataset for analysis. Second, it provides a summary using descriptive statistics. Third, it explores patterns across genres and languages through visualisation. Finally, it applies inferential statistical techniques similar to those used in SPSS, including a t-test, correlation analysis, and multiple regression.
The main business question guiding this report is which factors are linked to highly rated or widely popular films. This is important because film distributors, streaming services, and cinema operators depend on data-driven insights to guide decisions such as content selection, localisation strategies, audience targeting, and marketing investment. The report therefore connects statistical findings to practical recommendations related to genre focus, language strategy, catalogue management, and optimal runtime positioning.

[bookmark: _Toc227502086]Data Cleaning and Preparation

An initial review indicated that the dataset was structurally complete, with all 10,000 entries containing values for the main numeric variables: average rating, runtime, watches, likes, fans, and total ratings. As a result, no rows needed to be removed and no numeric values required imputation. However, further cleaning was still required, as completeness does not guarantee consistency.
Within an Excel-based workflow, the process would begin by removing the unnecessary index column (“Unnamed: 0”), trimming extra spaces, confirming correct data types, and ensuring numeric fields were not incorrectly stored as text. Multi-value fields such as genres and studios were originally stored as text strings, so they were reformatted into a consistent structure to enable effective grouping and pivot table analysis.
Placeholder entries were also standardised. Specifically, 24 records listed “Unknown” for genre and 307 for studios. These were kept as valid categories rather than treated as missing values, since removing them would slightly reduce the dataset and potentially obscure data limitations. The original language variable was standardised and then simplified into a binary classification (English vs. non-English) to support hypothesis testing.
Additionally, engagement metrics such as watches, likes, and fans showed a strong right-skewed distribution. To address this, log transformations were applied before regression analysis, improving interpretability and minimising the effect of extreme outliers. Maintaining clean and well-structured data is critical in business intelligence, as inconsistencies in formatting, categorisation, or data types can lead to inaccurate dashboards, misleading analyses, and poor decision-making.
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Table 1 presents a summary of the key numeric variables. The average film rating is 3.27 out of 5, suggesting that most films in the dataset receive moderately positive feedback. The mean and median ratings are very close, indicating a fairly balanced distribution compared to the more uneven engagement metrics.
In contrast, variables such as watches, likes, and fans display a clear positive skew, with mean values significantly higher than medians. This suggests that while a few films gain very high levels of attention, the majority attract relatively smaller audiences. For instance, the median film records 18,425 watches and 3,394 likes, whereas the averages increase to 170,315 watches and 43,735 likes due to the influence of highly popular titles.
The average runtime is 103 minutes, with a median of 99 minutes, aligning with the standard length of a typical feature film. However, the wide range—from 2 to 907 minutes—indicates that the dataset also includes both very short productions and unusually long film
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	Variable
	Mean
	Median
	Std. Dev.
	Min
	Max

	Average_rating
	3.269
	3.269
	0.526
	1.08
	4.71

	Watches
	170,315
	18,425
	458,533
	2
	5,195,503

	Likes
	43,735
	3,394
	151,531
	0
	2,730,813

	Fans
	1,653
	24
	9,368
	0
	326,000

	Runtime
	103
	99
	38
	2
	907

	Total_ratings
	106,392
	11,823
	294,734
	0
	4,091,037



Categorical analysis provides additional insight into the dataset. English is the most common language, accounting for 8,074 films (80.7%), while Italian, Japanese, and French follow as the next most represented groups. This uneven distribution is important, as English-language films dominate in number but do not necessarily achieve the highest average ratings.
When the multi-value genre field is separated, Drama emerges as the most frequent genre, followed by Comedy, Thriller, Action, and Horror. From a business intelligence perspective, this indicates that the dataset is heavily concentrated on widely popular, mainstream genres, which should be taken into account when analysing overall averages.
Looking at average ratings by genre, Documentary ranks highest among genres with at least 100 entries (3.64), followed by History (3.53), War (3.50), Music (3.46), and Drama (3.45). However, strong ratings do not always translate into widespread popularity. For instance, Documentary films tend to receive high ratings but attract fewer watches and likes compared to genres such as Animation, Family, or Adventure. This highlights a key distinction between audience satisfaction and audience size—films can appeal strongly to a smaller, dedicated audience without achieving large-scale popularity.
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[bookmark: _Toc227502089]Figure 1. Distribution of average ratings

[image: ]

[bookmark: _Toc227502090]Figure 2. Boxplot of ratings for English and non-English films
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Visual exploration highlights several noticeable patterns in the market. To begin with, film ratings vary significantly by genre. As illustrated in Figure 3, genres such as Documentary, History, War, and Music achieve the highest average ratings among those with at least 100 entries, whereas Action, Science Fiction, and Horror generally receive lower average scores.
This pattern suggests a potential trade-off between critical acclaim and widespread commercial appeal. Genres that emphasise spectacle or franchise-driven content may attract larger audiences, but they do not always achieve the highest levels of average audience satisfaction.
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Secondly, language-based trends are clearly evident. As shown in Figure 4, a number of non-English language groups—particularly Swedish, Russian, Japanese, French, and Cantonese—tend to achieve higher average ratings compared to English-language films. This does not imply that English-language cinema underperforms; instead, it indicates that the non-English films included in the dataset are often carefully selected arthouse, festival, or prestige productions that receive strong appreciation from audiences such as those on Letterbox.
For media organisations, this suggests that high-quality international films can enhance perceptions of a catalogue’s overall quality and should not be overlooked as a niche offering.
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Thirdly, engagement metrics show a strong positive relationship. Figure 5 illustrates the connection between Watches and Likes using logarithmic scales, revealing a clear upward trend. This suggests that films with higher viewership also tend to receive more likes. While this may be expected, it remains practically valuable.
In recommendation systems or performance monitoring dashboards, likes can act as an early indicator of overall engagement when watch data is not yet fully available. However, the variation around the trend line highlights differences in performance efficiency. Some films are more successful at converting views into likes, which may reflect stronger emotional impact, dedicated fan bases, or positive word-of-mouth.
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[bookmark: _Toc227502094]Figure 5. Watches and likes on log scales

Runtime shows only a slight positive connection with audience engagement. While longer films tend to receive marginally higher viewership and fan numbers, the impact is limited and not a major determining factor. This suggests that runtime by itself is not a strong driver of popularity. Instead, it should be considered a creative choice that aligns with audience expectations for each genre. For example, extended runtimes may benefit dramas or historical films by allowing for greater depth and a stronger sense of quality, whereas overly long durations in lighter genres could lead to audience drop-off. Overall, the analysis indicates that successful content strategy depends on balancing genre, language, and audience engagement rather than relying on a single formula.
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Inferential statistical analysis was conducted to determine whether the observed visual trends were statistically significant. An independent-samples t-test was used to compare the average ratings of English-language and non-English-language films. The results showed that English-language films had a mean rating of 3.211, whereas non-English films had a higher mean rating of 3.510. This difference was statistically significant, t(3219.60) = -24.88, p < 0.001, with a medium effect size (Cohen’s d = -0.58). These findings support the hypothesis that non-English films in the dataset tend to receive higher ratings than English-language films. From a business perspective, this suggests that investing in international cinema—through acquisition, promotion, and subtitling—could enhance perceived platform quality.
Further analysis using correlation techniques explored relationships between runtime, watches, likes, fans, and ratings. A very strong positive correlation was found between watches and likes (r = 0.951, p < 0.001), indicating that both metrics reflect a similar underlying measure of audience demand. Similarly, likes and fans showed a strong positive relationship (r = 0.799, p < 0.001), suggesting that higher engagement is associated with stronger audience loyalty. In contrast, runtime demonstrated only weak positive correlations with fans (r = 0.088, p < 0.001), watches (r = 0.146, p < 0.001), and average rating (r = 0.187, p < 0.001). This indicates that longer film duration does not necessarily drive popularity, although slightly longer films may sometimes be perceived as more substantial.
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	Average rating
	Runtime
	Watches
	Likes
	Fans

	Average_rating
	1.000
	0.187
	0.249
	0.290
	0.251

	Runtime
	0.187
	1.000
	0.146
	0.129
	0.088

	Watches
	0.249
	0.146
	1.000
	0.951
	0.671

	Likes
	0.290
	0.129
	0.951
	1.000
	0.799

	Fans
	0.251
	0.088
	0.671
	0.799
	1.000
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A multiple regression analysis was used to assess how several factors jointly influence average film ratings, including log-transformed Likes, log-transformed Fans, Runtime, and whether the film is in a non-English language. The model was statistically significant, F(4, 9995) = 1182.0, p < 0.001, and accounted for 32.1% of the variance in ratings (R² = 0.321).
Three variables showed clear positive relationships with ratings: log(Fans) (b = 0.160, p < 0.001), Runtime (b = 0.0008, p < 0.001), and non-English language status (b = 0.284, p < 0.001). This indicates that, when controlling for other variables, films with more dedicated fan bases, slightly longer runtimes, and non-English origins tend to receive higher ratings.
In contrast, log(Likes) had a negative coefficient (b = -0.085, p < 0.001). This does not mean that more likes reduce ratings; instead, it reflects the strong correlation between Likes and Fans. The model distinguishes between general popularity and deeper audience engagement. After accounting for fan commitment, higher like counts may signal broader, more mainstream appeal rather than stronger critical or audience appreciation.
From a practical standpoint, the findings suggest that cultivating a committed fan base is more important than simply increasing overall engagement when aiming to identify films with higher ratings and lasting value.
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	Predictor
	Coefficient
	t
	p-value
	Interpretation

	Constant
	3.240
	125.33
	<0.001
	Baseline rating

	log(Likes)
	-0.085
	-19.57
	<0.001
	Broad popularity effect after controls

	log(Fans)
	0.160
	39.86
	<0.001
	Stronger fandom raises ratings

	Runtime
	0.001
	6.73
	<0.001
	Longer films rate slightly higher

	Non-English
	0.284
	25.27
	<0.001
	Non-English titles rate higher
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Insights and Recommendations
Three key strategic takeaways emerge. First, ratings and popularity should be treated as connected but distinct performance indicators. While documentary and history content tends to receive higher ratings, genres like family, animation, and adventure drive significantly greater engagement. This suggests that a well-rounded catalogue should include both high-quality “prestige” titles that enhance brand reputation and more mainstream content that attracts larger audiences.
Second, non-English films present a strong opportunity in terms of quality. Since these titles achieve higher ratings in the dataset, streaming platforms and distributors should expand their subtitled and dubbed libraries, actively promote international content, and improve recommendation systems to make such films easier to discover.
Third, audience enthusiasm is a stronger indicator of quality than simple like counts. Metrics such as fan engagement, repeat viewing, and inclusion in curated lists provide better signals for identifying content worth investing in for franchises or premium marketing.
From an operational perspective, the findings suggest several business intelligence improvements: dashboards should be segmented by genre and language rather than relying on overall averages; conversion metrics like watch-to-like and like-to-fan ratios should be used to identify high-performing titles; and runtime expectations should be tailored to specific genres instead of applying a universal standard.
However, the dataset has limitations. It is observational, meaning it shows correlations rather than cause-and-effect relationships, and it lacks variables such as marketing spend, release timing, production country, and budget, all of which could influence outcomes. Additionally, the Letterboxd user base may skew toward more cinephile audiences, potentially inflating the performance of arthouse and international films.
Future analysis could incorporate factors like release timing, director influence, studio categories, and predictive models for identifying highly rated content. Despite these constraints, the dataset demonstrates how effective data cleaning, visualisation, and statistical analysis can inform more strategic decisions in content development and audience targeting.
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