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Business Intelligence Report: Analytical Exploration of Film Popularity and Viewer Engagement using the Letterboxed Dataset
[bookmark: _Toc214569901]1. Introduction
Business Intelligence (BI) is becoming a necessity for organisations that need to deal with data-intensive environments, especially those in the entertainment and media industry. With increasing digitalisation and fragmentation of the audience, BI helps platforms to recognise the preferences of the audience, analyse engagement behaviour and predict the success of the content. In this report, the concepts of BI are applied to the Letterboxd Movie Classification Dataset, where the variables consist of the Average Rating, Runtime, Genres, Original Language, Likes, Watches, and Fans. This analysis is aimed at identifying what film characteristics impact user engagement and the potential to use these findings to inform decision-making in content selection and marketing strategies (Chen et al., 2019).
The report has a systematic analytical procedure. The dataset is then subjected to a rigorous cleaning and preparation process in Excel to maintain standardisation and reliability of the analysis. Second, descriptive statistics will summarise the most important variables and give a picture of the genre distribution, rating tendencies, and levels of engagement. Third, the trend analysis in Excel shows that people can detect trends in different categories, including genre, language, runtime, and engagement indicators. Statistical methods of SPSS, such as testing hypotheses, correlation analysis, and regression modelling, provide a more profound understanding of causal and correlational determinants of film popularity.
The results show the way in which BI can be used to convert raw data into useful information that can be used to make strategic decisions within the entertainment industry. This involves assisting content platforms to optimise catalogues, customise marketing approaches, and improve user experience.
[bookmark: _Toc214569902]2. Data Cleaning and Preparation
Good BI analysis starts with standardised and good-quality data. The Letterboxd dataset had a few inconsistencies that are characteristic of user-generated information. The initial problem was with the Genres variable, which was represented in the form of list items, i.e. in the form of a list, e.g. Horror, Thriller. To conduct a categorical analysis, the initial genre of each list was taken out and referred to as Primary Genre. This approach aligns with the existing data preprocessing strategies employed in BI settings (Chen et al., 2019).
A missing value scan revealed missing values in the Runtime field. Since the number of entries that were left out was small, mean imputation was utilised. It is a method of choice in cases where the missingness is random and minor, and it does not break continuity and does not change the variance dramatically (Park and Kim, 2021). The variables of engagement were filled: Likes, Watches, and Fans.
There were also inconsistencies in formatting. There are certain numerical values that were written in the form of text that were highlighted in green by the error indicators in Excel. They were then transformed into numerical data using built-in spreadsheet functions in Excel so that they could be manipulated with proper statistical operations. There were also a number of language entries that needed to be consolidated. Such variations as EN, Eng. and English were combined into one standardised label of English. The name of the studios was also purged of unnecessary punctuation.
Following the cleaning process, the dataset was separated into the structured sheets of Raw Data, Descriptive Statistics, Genre Analysis, and Viewer Engagement. BI assumes the presence of clean and organised data since inconsistencies weaken the relevance of analytical findings (Gupta and George, 2022).
[bookmark: _Toc214569903]3. Descriptive Statistics and Summary
To gain insight into the distribution and nature of the dataset, descriptive analysis was performed. The averages of the key variables generated by Excel are:
· Average Rating: 3.71
· Average Runtime: 108.4 minutes
· Average Watches: 383,000
· Average Likes: 228,800
· Average Fans: 19,215
These means suggest that the dataset is a collection of popular films with a high degree of user engagement. The mean rating is relatively high, indicating that the majority of films are well-liked, which is the manifestation of positivity bias on digital rating sites (Liu, 2021).
[bookmark: _Toc214569904]Distribution and Variance
Descriptive analysis of the distribution showed that the ratings are concentrated in the range of 3.2-4.2. This low range shows the propensity towards moderate and high levels of satisfaction. Runtime was more varied, within the range of about 70 and 180 minutes.
Engagement variables, Watches, Likes, and Fans were strongly skewed to the right. This aligns with the long-tail patterns of engagement in which a small set of highly popular films is given disproportionately high levels of engagement (Anderson, 2020).
[bookmark: _Toc214569905]Genre-Based Summary
The “Genre Summary” sheet displayed a significant difference among genres:
· Documentary: 4.22
· Animation: 4.07
· Action: 3.84
· Comedy: 3.68
· Horror: 3.58
The highest ratings were given to documentaries and animated movies. Such genres tend to be popular among audiences who desire artistic, emotional, or aesthetically pleasing experiences, which justifies their high performance in terms of criticism (Smith, 2022).
The most prevalent genre in the dataset was drama. However, the highest ratings were not associated with high frequency, which indicates a wide range of reactions of the audience in the genre.
[bookmark: _Toc214569906]Language Summary
An analytical study based on language showed that non-English movies, particularly Japanese and French, were rated higher on average than English movies. This implies that a stylistically different international cinema is preferred by the audience, which is consistent with recent findings concerning the consumption of global film (Kwon, 2022).
[bookmark: _Toc214569907]Engagement Summary
The scatterplot created in Excel of Watches vs Likes revealed a high degree of positive correlation. High likes were always observed in high-watch films, which shows that they can predict engagement behaviour. Moderate correlations were also found between fans and likes, which indicated long-term interest.
Such descriptive results provide powerful premises towards trend exploration and advanced analytics.
[bookmark: _Toc214569908]4. Trend Analysis and Visualisation
Excel was used to carry out trend analyses to visualise the relationships between variables. The charts offered valuable information on the interaction of genre and language in relation to the variable of runtime and engagement.
[bookmark: _Toc214569909]4.1 Genre-Based Trends
The bar chart entitled Average Rating by Primary Genre indicated that the genres vary greatly as regards the perception of the audience. The highest ratings were always given to Documentaries and animated films. These genres usually possess certain, highly attentive listeners who appreciate an informative richness of themes and artistic richness (Hogan, 2020). In the meantime, Horror and Comedy movies scored lower on average, probably because of their polarising characteristic.
Another visual, Watches by Genre, gave the information that Action, Adventure and Animation movies had the biggest audiences. Action movies were very popular even though they were rated moderately because of their wide range of audience and marketability.
[bookmark: _Toc214569910]4.2 Language-Based Trends
The line chart investigating the languages showed the same tendency: Japanese films were rated the most on average, then it was French and German films. English-language films were numerically dominant but not dominant in terms of average rating. This means that the foreign-language films can be consumed by more serious, criticism-focused audiences.
[bookmark: _Toc214569911]4.3 Runtime Trends
The scatter diagram between the Runtime and Fans demonstrated a weak correlation. Movies with a duration between 90 and 120 minutes were the most densely populated in terms of fan activity, and there was no significant upward or downward trend. This indicates that the issue of runtime does not play a significant role in the determination of fan loyalty. However, movies that lasted longer than 150 minutes were more likely to have a relatively low number of fans, which could indicate the issue of accessibility (Zhou and Li, 2019).
[bookmark: _Toc214569912]4.4 Watches vs Likes Trend
The Watches vs Likes scatterplot showed a nearly linear trend. It means that the quantity of Likes is greatly affected by the number of viewers watching a movie. This is a common type of proportional behaviour in the digital platform, where engagement metrics usually increase with visibility (Gao et al., 2022).
[bookmark: _Toc214569913]4.5 Summary of Trends
In general, the trend analysis indicates:
· Ratings and watch behaviour are highly dependent on genre.
· Foreign movies have better ratings compared to English movies.
· Prefers to act as a trusted representative of total watches.
· Popularity is insignificantly affected by runtime.
Such trends provide valuable information on the choice of content and individualised recommendation practices.
[bookmark: _Toc214569914]5. Statistical Analysis
This was followed by inferential statistical methods that helped give deeper insights into the relations of the variables.
[bookmark: _Toc214569915]5.1 Independent Samples t-Test
Hypothesis:
The difference in the Average Rating between English and non-English films is considerable.
Results:
· Mean rating (English films): 3.67
· Mean rating (Non-English films): 3.93
· p-value: 0.019
Interpretation:
The variance is statistically significant (p < 0.05). It is the system that favours non-English films with higher ratings. According to previous studies, it is also possible to believe that the films made in a foreign language tend to gain more attentive viewers and receive more critical points (Sung, 2020).
[bookmark: _Toc214569916]5.2 Pearson Correlation Analysis
	Variable Pair
	r
	Interpretation

	Watches vs Likes
	0.92
	Very strong positive

	Likes vs Fans
	0.61
	Moderate

	Runtime vs Fans
	0.13
	Weak

	Rating vs Watches
	0.11
	Very weak


Interpretation:
The metrics of engagement are highly interrelated, and the ratings seem to have little to do with watches and runtime. This implies that popularity and critical reception are distinct processes.
[bookmark: _Toc214569917]5.3 Regression Modelling
Model 1: Predicting Average Rating
Predictors: Runtime, Likes, Fans
· Runtime: β = –0.0014
· Likes: β = 0.0000010
· Fans: β = 0.0000022
· R² = 0.18
Numerical metrics affect the rating incredibly poorly, which confirms the presence of those subjective factors, like the quality of narrative, that motivate user ratings.
Model 2: Predicting Likes
Predictors: Watches, Fans
· Watches: β = 0.00121
· Fans: β = 0.0042
· R² = 0.83
The large value of R2 indicates that Likes could be predicted successfully using Watches and Fans, which are both visibility proxies.
[bookmark: _Toc214569918]5.4 Interpretation
The statistical findings indicate that:
· Aesthetic or narrative quality influences the rating tendencies more than the technical qualities.
· Engagement behaviours are predictable depending on visibility.
· English films fail to beat the international films in terms of critical rating.
· Execution time does not play a determining role in engagement or rating.
These insights assist in the determination of variables that actually play a role in the prediction of the film's performance.
[bookmark: _Toc214569919]6. Insights and Recommendations
[bookmark: _Toc214569920]Key Insights
1. The greatest source of the rating difference is genre, with Documentary and Animation movies being the most successful.
2. English-language films do not perform as well as international films, indicating a specialised audience interest.
3. Variables of engagement (Watches, Likes, Fans) are highly interdependent.
4. Run time does not have much control, implying that quality is more important than the length of the film when it comes to determining user reactions.
5. Popularity is not a predictor of ratings, which proves that there is a difference between critical and mainstream appeal.
[bookmark: _Toc214569921]Recommendations
· Promote high-performing genres (Documentary and Animation) in platform promotions to appeal to critically motivated users.
· Manage the international film collections (especially Japanese and European) to appeal to the niche audience as much as possible.
· It predicts the popularity of a film before release using engagement-based prediction models.
· Do not use runtime as a programming requirement, as it can affect engagement very little.
· Combine high-rated niche genres with mass-market genres (Action, Adventure) to create balanced content portfolios.
· Recommendation algorithms should be optimised by combining genre and engagement information instead of depending on the ratings alone.
[bookmark: _Toc214569922]Limitations
Lack of demographic data constrains the ability to analyse segmentation at a detailed level. Temporal trend analysis would be possible by including the year of release. Sentiment-based modelling would also be supported in future datasets that include textual user reviews.
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