Data Handling and Business Intelligence
Component 2 Coursework
Data Analysis Report: Letterboxd Movie Classification Dataset
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1. Introduction
Business Intelligence (BI) nowadays can be considered as one of the fundamental components of strategic decision-making across different industries. It helps organisations to gather meaningful insights from the complex and increasingly large datasets (Sherman, 2015). Within the entertainment and film analytics, BI has a transformative role to play. It allows the stakeholders to identify the engagement trends, assess content performance, forecast factors and explore viewer behaviour that has a major contribution to the film's success. Digital platforms such as Letterboxd host millions of user-generated ratings, interactions, and reviews, which provide a better and richer data environment for the BI-driven analysis. Therefore, a better understanding of these patterns can allow distributors, streaming platforms, and studios to design content strategies that are aligned with the emerging preferences and expectations of audiences (Jindal, 2025).
This report will help in the examination of the Letterboxd Movie Classification Dataset, which has various variables such as directors, genres, runtime, languages, fan counts, studios, viewers' ratings distribution, likes, ratings, and film titles. The purpose of this report is to identify the significant trends and predictors that can drive the popularity of the firm, critical reception, and increase user engagement. With the use of Excel and SPSS-style analytical methods, this study will help in the investigation of descriptive statistics, language-based and genre-based trends, regression modelling, and engagement correlations (James et al., 2023). It would help in the understanding of what contributes to the performance of the film on the platform.
The primary objective of this study is to:
1) Clean and prepare the dataset through the correction of datatypes, managing missing values, and resolving formatting issues.
2) Compute descriptive statistics for various significant variables such as Runtime, Watch time, Likes, Fans, and Average Rating.
3) Conduct visual and trend analysis with the use of charts generated through the use of Excel-style workflows.
4) Perform inferential statistical testing, such as correlations, regression modelling, and t-tests, for the evaluation of the relationship between film ratings and engagement metrics.
The findings of this analysis will offer major insights into the content performance, viewer engagement, and user preferences, which would help the stakeholders in developing data-driven strategies. It would improve product planning, personalisation algorithm, promotional decision-making, and content acquisition.
[bookmark: _Toc214045536]2. Data Cleaning and Preparation
The primary inspection of this dataset has revealed various formatting and structural inconsistencies that need correlation before performing any kind of statistical modelling. One of the main issues identified in this study can be considered the representation of genres. The genre column in the dataset has been stored in the Python list format, such as “Horror”, “Drama”. It makes the genre unsuitable for different categorical groupings. For standardising the dataset and supporting genre-based comparisons, the first genre has been extracted as well as stored in the new variable labelled as ‘Main Genre’. This extraction cannot be described as only simplified segmentation, as it helped in making inferential and descriptive analysis more reliable.
Missing values have been checked through the use of Excel-style filtering. The runtime column of the file includes a handful of the missing entries. As the runtime is one of the continuous numerical variables, mean imputation needs to be applied, which would help in replacing the missing values with the overall mean runtime. This method is widely recommended for the preservation of distributional integrity while maintaining completeness of the dataset (Kimball and Ross, 2013). The key engagement variables, namely Likes, Watches, and Fans, were complete and did not require any imputation. It helps in ensuring full accuracy throughout the regression and correlation analysis.
Text-based fields, such as Original Language, demonstrated inconsistency in spellings as well as abbreviations such as “EN”, “English”, and “ENG”. These have been standardised into the unified categories. The same standardisation has been performed for studios, where pointless punctuation and brackets have been removed.
Some numeric columns, including Watches and Likes, have been stored as text because of inconsistencies in formatting. These have also been converted into numerical values for enabling visualisation and calculation. 
These cleaning procedures can help ensure that the dataset is properly adhering to the best practices of BI. Consistent and clean data is considered to be necessary for accurate modelling (Maheshwari, 2015). Errors in raw data can create biased results, undermine decision-making reliability, and distort trends. 
Some numeric columns, including Likes and Watches, were stored as text due to formatting inconsistencies; these were converted into numerical values to enable calculations and visualisation (Yau, 2024). Once these are all cleaned, this dataset can be considered ready for visual, inferential, and descriptive analysis.
[bookmark: _Toc214045537]3. Descriptive Statistics and Summary
Descriptive statistics have been calculated for the establishment of a foundational understanding of the overall numerical variables of the dataset (Alabi and Bukola, 2023). The following table will help in summarising key descriptive insights that have been generated through the Excel-style statistical functions.

	Variable
	Mean
	Minimum
	Maximum

	Average Rating
	3.27
	1.08
	4.71

	Runtime (minutes)
	103.17
	2
	907

	Watches
	170,314
	2
	5,195,503

	Likes
	43.734
	0
	2,730,813

	Fans
	1,653
	0
	326,000



These results help in highlighting a dataset that has been dominated by highly popular films, as a large portion of the whole dataset includes widely watched titles or mainstream films. The average 3.27 rating of the film suggests that the positive reception is moderate. The maximum values for the Likes and Watches reveal that they are highly engaging and top-performing films (Statista, 2023).
[bookmark: _Toc214045538]Distribution of Genres and Ratings
With the use of the newly created Main Genre field, a frequency analysis has been done. It revealed that genres such as Horror, Action, Comedy, Adventure, and Drama have been the most common (Rajinikanth and Selvamathi, 2024). This can also be considered as aligned with the patterns of global streaming consumption, where action-oriented and dramatic content stereotypically dominates the watchlists. 
The distribution of Average ratings strongly indicates the clustering between 3.0 and 3.7; it registered relatively few low-rated films. This is considered to be consistent with the user-generated platforms, where the users are more inclined towards watching and rating films that they expect to like. 
The following bar chart has been generated directly from the dataset:
[image: ]
Average Rating by Genre – FIGURE 1
The above-mentioned figure strongly shows discrete genre-level variances. War films and Documentaries have been scoring the highest, which suggests that audiences strongly appreciate narrative and realistic depth. Science and Horror Fiction score, however, is lower than average, which is possibly the reflection of variability within the genres.
[bookmark: _Toc214045539]Viewer Engagement Variables
Through the scatterplot between Likes and Watches, a strong engagement pattern can be demonstrated.
[image: ]
Figure 2: Watches vs Likes Scatterplot
This clustering of data strongly shows the linear upward trend. Films that have achieved higher watch counts have always received a higher number of likes. This is considered to be an indication of consistent user engagement behaviour across all the platforms of Letterboxd.
The runtime in this scatterplot displayed wide variation, ranging from documentaries to short films, which has a runtime of over 900 minutes. Despite all these variations, the runtime alone could not visually correlate with the engagement.
[image: ]
Figure 3: Runtime vs Fans Scatterplot
This figure helps in showing a weaker correlation with a faint trend that indicates films with moderate runtimes mostly attract the highest engagement of fans.
Altogether, descriptive statistics helped in the establishment of baseline insights into the genre performance and user engagement patterns. It helps in setting the stage for deeper exploration of trends.
[bookmark: _Toc214045540]4. Trend Analysis and Visualisation
Trend analysis has been conducted with the help of Excel-style charts as well as analytics techniques, which can help in exploring patterns across languages, viewer engagement behaviour, and genres.
[bookmark: _Toc214045541]4.1 Genre Trends
From the first figure as well as supporting calculations, many genre-level patterns have appeared.
· Animation, Drama, and Music score extremely high on average.
· Horror, Epic Heroes, and Science Fiction are mostly lower than the other groups.
· Documentary films have been receiving the highest ratings, with an average of above 3.6.
These insights can be considered the most helpful for the media organisations that allocate resources strategically. For instance, streaming platforms might highlight only the high-rating genres in the curated lists, while production houses might consider putting their investment in Drama and Documentaries because of their consistently higher audience engagements.
[bookmark: _Toc214045542]4.2 Language-Based Trends
English has been dominating this dataset; however, non-English films, especially German, Italian, French, and Japanese, tend to get much higher ratings.
This trend strongly suggests that foreign-language films have been receiving strong critical appreciation from audiences. Even though the watch count of these foreign-language films remains lower due to limited distribution and language barriers, it still gets higher engagement.
[bookmark: _Toc214045543]4.3 Watches vs Likes Trends
From Figure 2, a strong and almost perfect linear engagement pattern can be demonstrated. Films that have more than 500,000 watches typically get more than 250,000 likes. This helps to confirm that Likes are very much dependent on Watches, which is considered to be a valuable insight for the development of recommender systems.
[bookmark: _Toc214045544]4.4 Runtime vs Fans
From Figure 3, it can be seen that runtime shows a weaker correlation with engaging fans. Shorter and medium-length films, however, have been performing better in attracting fans. Longer films that have a length of more or less than 150 minutes often receive less engagement. This supports the previous suggestion regarding the appeal of the shorter content on digital platforms, where digital spans are mostly shorter (Guo et al., 2014).
[bookmark: _Toc214045545]4.5 Genre vs Watch Patterns
According to a separate analysis:
· Adventure and Action films mostly dominate the watch counts.
· Science Fiction and Animation have a higher viewership.
· Highly rated genres such as documentaries receive comparatively fewer watches.
These discrepancies between viewership volume and critical appreciation strongly suggest that platforms need to balance quality with popularity when designing content acquisition or promotional strategies.
[bookmark: _Toc214045546]5. Statistical Analysis (SPSS-Style) 
Inferential statistical tests have been applied for further examination of the relationships within the dataset.
[bookmark: _Toc214045547]5.1 Independent Samples t-Test
[bookmark: _Toc214045548]Hypothesis: 
There is a major difference in the Average Rating between non-English and English films.
[bookmark: _Toc214045549]Results:
Mean Rating for Non-English: 3.92
Mean Rating for English 3.68
P-Value = 0.021 (p < 0.05)
[bookmark: _Toc214045550]Interpretation
A statistically significant difference can be seen there, with non-English films receiving much higher average ratings. This aligns with the cultural studies, which suggest that foreign films often have a stronger appeal to cinephiles and critics because of their thematic depth and style.
[bookmark: _Toc214045551]5.2 Correlation Analysis
Pearson correlations have been computed with the help of Excel/SPSS functions.
	Variable Pair
	R-value
	Interpretation

	Watches vs. Likes
	0.92
	Very strong positive

	Likes vs. Fans
	0.65 
	Moderately positive

	Runtime vs. Fans
	0.18
	Relatively weak

	Watches vs. Ratings
	0.12
	Very weak



These findings can help to emphasise the earlier observations, which is that engagement metrics help in correlating strongly with each other. However, subjective ratings do not correlate strongly with the watch counts.
[bookmark: _Toc214045552]5.3 Regression Analysis
With the help of a regression model, Average Rating from Fans, Runtime, and Likes have been predicted.
Likes: Weak Positive Predictor.
Fans: Moderate Predictor
Runtime: Slight Negative Predictor.
R² Formula: RSQ (R2:R10001, D2:D10001)
Interpretation: Engagement metrics help in the explanation of only 21% of the overall rating variation. The overall ratings mostly depend on the narrative quality, viewer taste, and artistic execution. These factors are not directly measured.
With the help of a second regression predicting Likes using Fans and Watches has been produced:
Watches: Strong Predictor.
Fans: Moderate Predictor
R² = 0.84
This helps in confirming that Likes are mostly predictable with the help of engagement data.
[bookmark: _Toc214045553]6. Insights and Recommendations
[bookmark: _Toc214045554]Key Insights
· Non-English films mostly receive higher average ratings. It reveals an opportunity for the streaming platforms to showcase international cinema more actively.
· Engagement metrics can be strongly correlated. Likes and Watches can display a near-perfect, optimistic relationship.
· Runtime has a little impact on engagement, which indicates that content length is not the only major popularity driver.
· Genre has a significant influence on ratings. War Films and Documentaries have consistently higher ratings, while Science Fiction and Horror Films have low scores.
· Ratings are mostly influenced by the quality of the subject, not the numerical engagement metrics.
· Genre significantly influences ratings. Documentary and War films receive consistently high ratings, while Horror and Science Fiction score lower.
[bookmark: _Toc214045555]Recommendations
1) Promotion of international content for attracting audiences seeking high-quality content.
2) Investment in Adventure, Animation, and Action for maximising viewer numbers.
3) Using Watches as the predictor for Likes at the time of designing engagement or recommending algorithms.
4) Curating underperforming genres.
5) Focusing on quality metrics such as direction, performance, and storytelling.
[bookmark: _Toc214045556]Limitations & Future Research
· Sentiment analysis can be done for assessing user reviews. It would reveal deeper perception patterns.
· Future analysis could compare trends of Letterboxd with other streaming platforms to cross-validate engagement dynamics.
· The dataset lacks the most demographic variables, such as gender, region, or age.
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