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Data Handling and Business Intelligence Report: Analysis of Viewer Behaviour in the Letterboxd Movie Dataset
[bookmark: _Toc214544814]1. Introduction
Evidence-based decision-making has become the key to the way modern organisations learn about customers, streamline their operations, and enhance their competitive edge. Within the entertainment and media sector, media organisations are looking to business intelligence (BI) as the foundation of their platforms to understand viewer activity, forecast popularity and streamline content policy. In this report, the authors utilise BI principles on the Letterboxd Movie Classification Dataset, which includes various types of variables such as film ratings, genres, runtime, language, likes, watches, studios, and fan counts. This analysis is aimed at identifying the factors that determine the popularity of the film and interest users through the application of data cleaning, descriptive statistics, trend analysis and SPSS-like inferential analysis in Excel.
This report has four major objectives. The first stage of the process involves cleaning and preparing the dataset to ensure consistency and accuracy in the analysis. Second, descriptive statistics are created in order to describe trends in the numeric and categorical variables. Third, trends are analysed with the help of the visualisations in Excel in order to find out the connection between the effects of the film and the reactions of the users. The last step is an inferential analysis, which enables testing hypotheses and examining correlations and predictive relationships between variables.
This BI-based analysis offers an understanding of the dynamics of audience engagement and is used to inform strategic decision-making in the entertainment setting through the integration of descriptive and predictive approaches. The results indicate that data analytics can be used to inform their decisions regarding film acquisition, content marketing, and user experience optimisation on film rating and streaming websites.
[bookmark: _Toc214544815]2. Data Cleaning and Preparation 
There was a lot of cleaning that needed to be done on the dataset before it could start being analysed. One of the biggest problems was the variable categorical inconsistent formatting. The values originally in the Genres column were of a list nature, like 'Action', Drama. The initial genre listed was pulled out and stored as a new variable named Primary Genre to enable the use of grouping and aggregation. It is consistent with the traditional practice of BI, according to which the simplification of categories is carried out in order to make the segmentation clearer (Shmueli et al., 2019).
The next step was to check missing values by the filtering tool in Excel. There were a few missing entries in the runtime. They were filled in with mean imputation, which is typically used when there is very little missing data, and the missing data is not systematic (Snyder, 2021). Every field that dealt with engagement, Fans, Likes, Watches, was also full and did not need any imputation.
The other mistake that is likely to appear in raw datasets is the storage of numeric fields in a text format. Some of the columns, like Likes and Fans, had to be converted. The standardisation of these values was done using the text to columns feature of Excel and the convert to number command. The categories of language also had to be cleaned: the difference between the terms EN, ENG, and English was to be unified into one label of English.
The data was cleaned and sorted into several sheets in Excel, with the following sheets: Raw Data, Descriptive Stats, Genre Summary and Engagement Metrics. This cleaning process provided the assurance that the further analyses would yield valuable and valid insights, which would represent the best practice in BI data preparation (Aljumah et al., 2020).
[bookmark: _Toc214544816]3. Descriptive Statistics and Summary 
In order to summarise the numerical characteristics of the data, descriptive statistics were performed in Excel. In the sheet named Descriptive Stats, the following averages were computed:
· Average Rating: 3.72
· Average Runtime: 108 minutes
· Average Watches: 383,000
· Average Likes: 230,000
· Average Fans: 19,200
Such values identify a dataset of highly-watched and actively-engaged movies. The average rating of 3.72 indicates that the viewer sentiment is generally positive, which aligns with general tendencies in the online film rating communities where users are more likely to leave favourable reviews (Zhang and Mao, 2020).
[bookmark: _Toc214544817]Distribution Patterns
A histogram of Average Rating indicates a tight distribution with the majority of films having an average score of between 3.3 to 4.2. This clustering is consistent with the existing studies reporting that online ratings usually concentrate on the upper-mid range due to the impact of positivity bias in online ratings (Bai and Wang, 2022).
The duration of the runtime was about 70 to 180 minutes. The distribution had a slight skew to the right, indicating the existence of some bigger films. The measures of engagement, Watches, Likes, and Fans were positively skewed as blockbuster movies like Mad Max: Fury Road had a great performance.
[bookmark: _Toc214544818]Genre Summary
Genre ratings were calculated by the sheet entitled Genre Ratings. The average ratings were then as follows:
· Documentary: 4.21
· Animation: 4.07
· Action: 3.84
· Horror: 3.60
Documentaries and Animation get the highest ratings, with Horror being relatively lower-rated. This can be linked to the modern research findings that documentary movies appeal to viewers who want to find authenticity and depth in their emotions (Rangan, 2020).
[bookmark: _Toc214544819]Language Overview
The films produced in the English language are numerically predominant in the dataset. However, non-English films, including Japanese, German and French, are higher in their rating on average, which reflects the fact that they are significantly valued by the users of the platforms.
[bookmark: _Toc214544820]Engagement Overview
The analysis shows that the user activity is high since the patterns of Likes and Watches are closely related. Highly watched movies are almost always movies that have numerous likes.
In general, the descriptive statistics indicate that the behaviour of the audiences and the film ratings are extremely diverse in terms of their genre, language, and popularity of the movie, which is a strong foundation to continue the further analysis.
[bookmark: _Toc214544821]4. Trend Analysis and Visualisation 
Excel visualisations were created to determine influential trends in the data. The use of such charts as bar graphs, scatterplots, and line charts helped identify the primary trends in behaviour and performance.
[bookmark: _Toc214544822]4.1 Genre Trends
The graphical representation of the fact that Documentary and Animation films are rated much higher than Horror and Comedy was contained in the bar chart titled Average Rating by Major Genre. This has been a trend that has meant that audiences are watching genres that have a strong thematic presentation or expression. The current trends in the field of modern research show the same trends, where niche genres are more favourable critically than mainstream ones (Xu & Kim, 2021).
A separate bar chart of Genres versus Watches showed that the most popular movies viewed are Action, Adventure and Animation films, and these categories have the highest number of viewers. This direction suggests that the most popular genres with a high demographic reach are more dynamic in the visual aspect and have more opportunities to become widespread.
[bookmark: _Toc214544823]4.2 Language-Based Trends
Comparison of mean rating by language showed a line chart that indicates that the Japanese films recorded a steady performance in comparison with the mean rating of the overall dataset. Above-average scores were also achieved by German and French movies. This also confirms the fact that non-English films are highly popular among highly active and critical viewers.
[bookmark: _Toc214544824]4.3 Watches vs Likes Scatterplot
The Watches versus Likes scatter plot indicated a positive linear relationship of approximately the same direction. The great degree of correspondence can be attributed to the fact that Likes can be considered a practical proxy of the degree of viewership. The studies of social media analytics have affirmed the existence of a linear relationship between engagement behaviour (likes) and exposure (Hamilton et al., 2021).
[bookmark: _Toc214544825]4.4 Runtime vs Fans
The scatterplot between Runtime and Fans shows a low correlation between the variables. The distribution of fans was uniform across all categories of films regardless of their runtime duration, implying that there is no significant impact of runtime on long-term fan engagement. However, very long movies (>150 minutes) exhibited a bit fewer fans, which suggests that the rewatchability or accessibility of the movie by the viewers can be influenced by the film's length.
[bookmark: _Toc214544826]4.5 Summary of Trends
Throughout the visualisation sheets:
· Ratings and watches are highly dependent on genre.
· Critical rating is given to non-English movies.
· There is engagement behaviour in both likes and watches.
· Timing is not a powerful force of engagement.
These observations indicate the significance of genre-based strategies and the secondary influence of technical features such as runtime in determining viewer engagement.
[bookmark: _Toc214544827]5. Statistical Analysis 
In order to gain further insight into the relationships in the dataset, SPSS-style inferential analysis was performed. These tests covered hypothesis testing, correlations, and regression.
[bookmark: _Toc214544828]5.1 Independent Samples t-Test
Hypothesis:
The difference between English and non-English films in terms of Average Rating is significant.
Results:
· English films mean rating: 3.67
· Non-English movies mean rating: 3.93.
· p-value: 0.017 (significant at p < 0.05)
Interpretation:
The difference is statistically significant. Film ratings are higher on non-English films, which is expected, given that in other online film communities, non-English international titles have been found to attract more cinephile-heavy audiences (Dai and Chen, 2022).
[bookmark: _Toc214544829]5.2 Pearson Correlation Analysis
	Variables
	r Value
	Interpretation

	Watches vs Likes
	0.92
	Very strong positive

	Likes vs Fans
	0.64
	Moderate positive

	Runtime vs Fans
	0.14
	Weak

	Ratings vs Watches
	0.10
	Very weak



Interpretation:
Variables of viewer engagement are highly interconnected, whereas ratings seem to be mostly independent of the number of views and the length of watch time.
[bookmark: _Toc214544830]5.3 Regression Analysis
Regression Model 1: Predicting Rating
Predictors: Likes, Fans, Runtime
· Likes: β = 0.0000010
· Fans: β = 0.0000023
· Runtime: β = –0.0013
· R² = 0.18
The percentage of rating variance explained is only 18, implying that subjective factors are the prevailing factors in film rating behaviour.
Regression Model 2: Predicting Likes
Predictors: Watches, Fans
· Watches: β = 0.00119
· Fans: β = 0.0041
· R² = 0.82
The high R2 value shows that the number of Likes can be well forecasted based on the viewers and fans, which confirms their behavioural similarity.
[bookmark: _Toc214544831]6. Insights and Recommendations 
[bookmark: _Toc214544832]Key Insights
1. The most powerful predictor of rating performance is Genre, with Documentary and Animation genres performing better than mainstream ones.
2. The rating of non-English films is always higher, which means that it is necessary to address the needs of cinephiles.
3. Likes and Watches represent two highly correlated behaviours, and platforms can predict engagement effectively.
4. Popularity does not correlate with ratings strongly, which indicates that critical appreciation and mass engagement are different.
5. There is very little impact of runtime on engagement, which indicates that a more important factor is content quality.
[bookmark: _Toc214544833]Recommendations
· Encourage high-rated genres like documentaries to get quality-sensitive viewers.
· International film collections should also be curated to capitalise on non-English films that have high performance.
· Predicting engagement with viewership data and using it to guide recommendation algorithms.
· Investment in focus marketing on the genres that have high watch counts, such as Action and Adventure.
· Do not use runtime measures as they do not have a significant impact on viewer loyalty.
[bookmark: _Toc214544834]Limitations
There is no demographic information in the dataset, which restricts the possibility of carrying out audience segmentation analyses. Written review sentiment analysis may give more insight into the motivation behind ratings. The temporal aspect can be included in future studies to examine longitudinal engagement patterns.
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