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1. Introduction
Streaming platforms and film databases now hold huge amounts of information about how audiences rate and engage with movies. Turning this raw information into useful business insight is a core skill in business intelligence (BI). This report analyses the Letterbox Movie Classification Dataset. A collection of 10,000 film records that include the title, director, genre, runtime and original language. Furthermore watch counts, likes, fan counts, and rating breakdowns for each film are also included in this.
The purpose of this analysis is to explore the dataset, clean and prepare it for analysis. In this report both Excel and SPSS-style statistical methods are used to uncover what drives a film's popularity and rating. The study follows five stages:
· Data cleaning and preparation 
· Descriptive statistics
· Trend analysis by genre and language 
· Statistical testing, including correlation, a t-test, and regression
· Insights and recommendations for the media and entertainment industry.
The objectives are to identify and handle missing, duplicated, or inconsistent values in the dataset; summarise the central tendency and spread of key numerical variables; visualise how ratings and engagement differ across genres and languages; and test whether variables such as runtime, fan counts, and likes are statistically linked to average rating.
2. Data Cleaning and Preparation
The original file contained 10,000 rows and 16 variables. Before any analysis, the data was checked in Excel for gaps, repeated rows and inconsistent formats. No fields were blank as such, but several used placeholder text instead of a proper missing-value indicator. A total of 24 films had "Unknown" recorded in the Genre field instead of an actual genre. These films were therefore excluded from any genre-based comparison so that they did not distort the averages. 
A duplicate check on the combination of film title and director found 34 repeated rows, which were removed, leaving 9,966 unique films for study. The Genres and Studios columns stored several values together inside one cell (for example, "['Horror', 'Drama']").
Runtime and Fans were checked for out-of-range values. Runtime range included 2 to 907 minutes. Very short and very long entries were kept because they matched short films, mini-series, and documentaries rather than data entry errors. They were flagged as outliers for the trend charts. Zero recorded fans appeared in about 1,644 films, most of which also had very low watch counts, indicating real low engagement rather than a data gap. Column headers were standardised for example, the star-rating columns were renamed Lowest, Medium, and Highest. This make formulas easier to write and to avoid encoding problems. Clean data of this kind matters in a BI system because dashboards, KPIs, and predictive models are only as trustworthy as the data behind them. If duplicates were left in, popularity numbers would look too high. And if placeholder text was left in, it would cause hidden problems when grouping or filtering the data.
3. Descriptive Statistics and Summary
After cleaning, descriptive statistics were produced for the main numerical variables using Excel's Data Analysis ToolPak and cross-checked in SPSS. Average ratings roughly follow a bell-shaped curve, centred slightly above the middle of the five-star scale. The engagement variables have a long tail of high values, meaning that a small number of blockbuster films receive a disproportionately large share of attention.
	Variable
	Mean
	Median
	Std. Dev.
	Minimum
	Maximum

	Average rating
	3.27
	3.27
	0.53
	1.08
	4.71

	Runtime (min)
	103.19
	99.00
	38.11
	2
	907

	Watches
	170,603
	18,469
	459,003
	2
	5,195,503

	Likes
	43,840
	3,406
	151,761
	0
	2,730,813

	Fans
	1,658
	24
	9,384
	0
	326,000

	Total ratings
	106,580
	11,848
	295,077
	0
	4,091,037


Table 1: Descriptive statistics for key numerical variables (n = 9,966)
Watches, Likes, Fans, and Total ratings all show a big gap between the mean and median, confirming the skew. For Watches, the median (18,469) is much lower than the mean (170,603). This indicates most films get modest viewership, while a handful of very popular titles raise the overall average. By contrast, rating has a mean and median that are almost identical (3.27), suggesting a more balanced spread of values, which is confirmed by the histogram below:
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Figure 1: Distribution of Average Rating across all films
English is by far the most common original language, accounting for 8,074 of the 9,966 films (about 81%), followed by Italian, Japanese, French, and Korean. Each contributing under 4% of the dataset. The pie chart below shows this concentration, which is an important consideration for any language-based comparison, since the non-English group is itself a mix of many smaller language communities.
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Figure 2: Share of films by original language
For film categories, Drama is the most frequent single genre (4,403 occurrences once multi-genre films are split), followed by Comedy, Thriller, Action, and Horror. Less common genres such as War, Music, and Western each appear in fewer than 400 films. This means comparisons between rare and common categories aren't always fair, since small groups can be thrown off by just a few outlier films.
4. Trend Analysis and Visualisation
To explore which type of film performs better than others, the average rating was calculated for every category. This consisted of around l50 films and visualised as a bar chart. Documentaries have the highest average rating (3.64). Which is then followed by History (3.53), War (3.50), Music (3.46), and Drama (3.45). At the other end, Horror (3.01), Science Fiction (3.04), and Action (3.07) have the lowest mean scores among the widely represented genres.
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Figure 3: Average rating by genre
This pattern suggests that viewers on this platform generally favor categories associated with serious content. High-volume commercial types such as Action and Horror are rated somewhat lower on average, despite generating large numbers of likes.The boxplot below shows that although Drama, Comedy, and Action have similar median ratings, their spread differs, with Horror showing a wider range and more low-rated outliers.
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Next step was to analyse the language patterns. As shown in Figure 5, non-English films average 3.51 stars — noticeably higher than the 3.21 average for English-language films. The non-English group on this platform tends to include smaller, more curated releases. These attract a dedicated crowd of enthusiasts. Whereas the English-language catalogue covers a much wider mix of mainstream titles.
[image: ]
Figure 5: Average rating for English versus non-English films
Finally, two scatter plots were produced to look for relationships between engagement measures. Runtime shows only a weak visual relationship with Fans (Figure 6): films of any length can end up with either few or many devoted fans. Watches and Likes, however, move together closely (Figure 7): films with more watches almost always collect proportionally more likes, which is expected, since likes are a subset of the audience that has watched the film.
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Figure 6: Runtime versus Fans (sample of 2,000 films)
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Figure 7: Watches versus Likes (sample of 2,000 films)
5. Statistical Analysis (SPSS)
5.1 Independent-samples t-test: English vs Non-English
An independent-samples t-test was run to check whether the difference in average rating between English (n = 8,044, mean = 3.21) and non-English (n = 1,922, mean = 3.51) films is statistically significant, rather than just a chance pattern in the sample. The test returned t = -24.80 with a p-value far below 0.001, so the null hypothesis of no difference is rejected. Non-English films are rated significantly higher, on average, than English-language films in this dataset.
5.2 Correlation analysis
A correlation matrix was produced for Runtime, Fans, Watches, Likes, Average rating, and Total ratings.
	
	Runtime
	Fans
	Watches
	Likes
	Avg. rating

	Fans
	0.09
	-
	
	
	

	Watches
	0.15
	0.67
	-
	
	

	Likes
	0.13
	0.80
	0.95
	-
	

	Avg. rating
	0.19
	0.25
	0.25
	0.29
	-


Table 2: Pearson correlation coefficients between key variables
Watches and Likes are very strongly correlated (r = 0.95), and Fans is also strongly linked to both Watches (r = 0.67) and Likes (r = 0.80), confirming that these three engagement measures largely track the same underlying popularity. Runtime, however, shows only a weak correlation with every other variable (r between 0.09 and 0.19), and Average rating correlates only weakly with the engagement measures (r between 0.25 and 0.29). This is an important finding, films that are widely watched or liked are not always highly rated. This shows that popularity and quality are related, but not the same thing.
5.3 Regression analysis
A multiple regression was run to test whether Fans, Likes, and Runtime can predict Average rating. Because Fans and Likes are heavily skewed, both were log-transformed before entry into the model.
	Predictor
	Coefficient
	Std. Error
	t
	p-value

	(Constant)
	3.400
	0.026
	131.32
	< 0.001

	log(Fans)
	0.177
	0.004
	42.97
	< 0.001

	log(Likes)
	-0.106
	0.004
	-24.10
	< 0.001

	Runtime
	0.001
	0.0001
	7.03
	< 0.001


Table 3: Regression coefficients predicting Average rating (R² = 0.278, Adjusted R² = 0.277, n = 9,966)
The model explains about 27.8% of the variation in average rating, and all three predictors are statistically significant at p < 0.001. Fan count has the strongest positive effect: films with a larger, more devoted fan base tend to be rated higher. Likes shows a small negative coefficient once Fans is already in the model. This is best explained by the very high correlation between Fans and Likes (r = 0.80), discussed above. As a result, the two variables partly cancel each other out, rather than Likes genuinely reducing rating. Runtime has a small positive effect, consistent with slightly longer films tending to be rated a little higher. Because the model only accounts for around a quarter of the variation in rating. Other unmeasured factors, such as director reputation, marketing spend, critical reviews, and cast, likely play a substantial role and would be worth including in future analysis.
6. Insights and Recommendations
Three insights stand out from this evaluation. First, popularity and quality are only weakly related. A media business should not assume that a widely watched film is automatically a well-liked one, and vice versa, both metrics need to be tracked separately in any BI dashboard. Second, Documentary, History, and War films achieve the highest average ratings despite lower watch volumes, while Action and Horror attract large viewers but slightly lower ratings. This suggests an opportunity for platforms to promote well-reviewed but lower-volume genres more actively to watchers who show a taste for them. Third, non-English films are rated significantly higher on average, which may be due to a dedicated fan audience. This pattern shows that streaming services could invest more in subtitles, dubbing, and international content discovery. This would help more people find titles that already do well with those who watch them.
From a business standpoint, the regression shows a strong link between Fans and rating. This suggests that building a loyal fan community through recommendations, watch parties, or fan-focused marketing can boost quality more than simply maximising total views. The weak relationship between Runtime and rating shows that runtime optimisation should not be a priority lever for quality.
This analysis has some limitations. The dataset only covers films already listed on the platform, so it cannot show why a film was watched or liked in the first place, and the regression model captures less than a third of the variation in rating, meaning many drivers of quality are not represented in these variables. Future work could combine this dataset with external information, such as box office figures, critic scores, or marketing spend, and could apply text analysis to the film descriptions to see whether plot themes are linked to rating or genre classification.
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Watches vs Likes
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