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Business Intelligence Analysis of Viewer Engagement and Film Performance Using the Letterboxd Movie Dataset
[bookmark: _Toc214550576]1. Introduction 
The modern industries are characterised by the central role of business intelligence (BI), which plays its role in strategic decisions affected by digital consumption and user-generated data. In the film and entertainment business, BI allows organisations to assess the behaviour of the audience, determine genre trends, optimise the recommendations, and forecast the performance of the films. In this report, the BI techniques are used on the Letterboxd Movie Classification Dataset, which comprises variables, including film ratings, runtime, genre, language, number of fans, likes, watches and descriptive variables. The main purpose is to learn the impact of these variables on the engagement and popularity of the audience.
The four objectives of this analysis are presented. The data is then cleaned and formatted in Excel to guarantee the accuracy and consistency of the data. Second, descriptive statistics are computed to summarise the relationship between numerical and categorical variables. Third, the trend analysis is performed to examine the genre trends, performance of the language and the viewer interaction through visual aids such as bar charts and a scatterplot. Statistical tests, which are SPSS-style, such as correlations, regression and hypothesis tests, are employed to make further inferences about the viewer behaviour and the predictors of film success.
The combination of descriptive and inferential analytical methods used in this report shows this report on the use of BI in enabling entertainment platforms to make better decisions. Results are a contribution to the study of how engagement with the audience works on a large scale and how specific film features influence the preference of viewers, providing a practical contribution to content programming and strategic planning.
[bookmark: _Toc214550577]2. Data Cleaning and Preparation 
A number of cleaning processes were necessary to allow quantitative analysis to be performed on the dataset. The initial significant problem was the Genres variable, which was represented in the form of Python-style lists like Drama, Romance. Since Excel and SPSS would only allow atomic values with which to group and analyse, the genre that was listed first was extracted as Primary Genre. This is typical of BI usage in which very complex categorical fields are simplified to make them easier to analyse (Peng et al., 2022).
One of the checks of missing values indicated that there were limited gaps in the Runtime field. They were solved through the use of mean substitution, which is a time-tested approach that is applicable to datasets with little missingness (Enders, 2022). All other important quantitative variables, such as Likes, Watches and Fans, had been filled in.
The inconsistencies in data formatting were fixed by transforming columns which were stored as text into numerical format. This was a necessary procedure because text-based numbers cannot be properly calculated to provide descriptive and inferential statistics. These were corrected using the cell formatting features and error-checking features available in Excel.
Categories of language needed to be consolidated. Various forms like "Eng, EN and English were combined with the same label of English. Likewise, Studio Names had extraneous characters that were eliminated in order to enhance readability.
The filtered data was arranged in systematised Excel spreadsheets (Raw Data, Descriptive Stats, Genre Summary, Engagement Metrics), which made it feasible to run accurate BI analysis. BI systems require clean and standardised data because any mistakes will result in incorrect insights and make decisions unreliable (Redman, 2023).
[bookmark: _Toc214550578]3. Descriptive Statistics and Summary
Descriptive statistics were produced in Excel after cleaning to summarise important variables. The averages observed were:
· Average Rating: 3.71
· Average Runtime: 108 minutes
· Average Watches: 383,000
· Average Likes: 229,000
· Average Fans: 19,200
These values indicate that the dataset consists of highly popular movies that have a high user interaction. Its average rating of 3.71 shows the general positive user sentiment-conventional of rating platforms that are subject to positive social norm influence (Yin et al., 2020).
[bookmark: _Toc214550579]Distribution of Numerical Variables
There was a histogram verbal description indicating that most ratings are in the range of 3.2 to 4.2. Such a restricted distribution correlates with prior research indicating that there is an upward rating bias in online communities (Wang and Zhang, 2021). The variation in the results of the runtime was moderate, with a range of 70-180 minutes. Variables of engagement showed significant right skew due to the presence of a small number of highly popular movies.
[bookmark: _Toc214550580]Genre Patterns
The Genre Summary sheet revealed obvious disparities between average ratings depending on the genre:
· Documentary: 4.20
· Animation: 4.08
· Romance: 3.88
· Horror: 3.57
The best critically acclaimed performers are documentaries and animated films. This conforms to a study that indicated that audiences could equate these genres with authenticity of storytelling or aesthetic originality (Nordahl, 2020).
An examination of the Primary Genre values showed that the most common type of genre in the dataset was Drama, then Action, and Horror. Though Drama seems to be the most common genre, it does not necessarily correspond to the very highest ratings, which implies divergent preferences of the audience in that genre.
[bookmark: _Toc214550581]Language Distribution
English language movies take the largest portion, but non-English movies, especially Japanese and German ones, have steadily higher average ratings. It strengthens the arguments in cultural studies that the global audience is becoming more and more attentive to international cinema (Lee and Ma, 2022).
[bookmark: _Toc214550582]Engagement Overview
The scatterplot of Watches vs Likes displayed a linear trend that was almost perfect. Such a close relationship implies that the more people watch, the more likes the video receives. The upper-right quadrant is dominated by high-watch movies like Mad Max: Fury Road, which confirms that blockbuster titles not only produce high attention but also positive user response.
These descriptive statistics will give a useful background insight into viewer behaviour and precondition trends, and inferential analysis.
[bookmark: _Toc214550583]4. Trend Analysis and Visualisation 
Excel was used to carry out trend analysis with the use of visual tools; this allowed the detection of significant behavioural and performance trends across film characteristics.
[bookmark: _Toc214550584]4.1 Genre Trends
The bar chart "Average Rating by Primary Genre" demonstrated that Documentaries and Animation always have the highest average ratings. This implies that the audience is fond of genres that offer emotional appeal or aesthetic innovation. Conversely, Horror and Comedy movies are rated lower, possibly because they have a polarising effect on the viewers. This is consistent with the evidence showing that comedic and horror elements may lead to very subjective responses (Johnson, 2019).
The second bar chart that compared Genre vs Watches showed that the most viewed films were in the categories of Action, Adventure and Animation. These genres are frequently characterised by spectacle-oriented narration and are popular among large masses of people of all demographics.
[bookmark: _Toc214550585]4.2 Language-Based Trends
The comparison line chart on the rating of films in different languages revealed that films in the Japanese language are far ahead in average rating as compared to films in the English language. This could be informed by the high popularity of anime titles within the digital communities around the world. French and German movies were also above average.
These findings imply that international films are likely to have very active niche audiences, which could be the reason for receiving higher ratings even though the total number of viewers is lower.
[bookmark: _Toc214550586]4.3 Watches vs Likes
The Watches vs Likes scatterplot indicated that the alignment between Watches and Likes was extremely high. This ascertains the fact that Likes can be used as a valid proxy of viewership. It further indicates that users generally report positive engagement after viewing a movie, which is in line with the well-established digital user interaction patterns (Gilbert et al., 2021).
[bookmark: _Toc214550587]4.4 Runtime vs Fans
The runtime showed a poor trend in comparison to the number of fans. Movies that are 90 to 120 minutes long demonstrate the greatest concentration of fan interactions. Very long movies were likely to have slightly less engagement, which could be because they are more difficult to access or because people do not watch them as casually. However, several long films also did well, which suggests that runtime does not decisively influence the results.
[bookmark: _Toc214550588]4.5 Trend Summary
Key observations include:
· Ratings and watches are highly dependent on genre.
· Foreign language films receive a better rating in criticism but less interaction.
· Watch behaviour is strongly reflected in likes.
· Viewer engagement is limited to the predictive value of runtime.
The trend analysis emphasises the role of content characteristics in influencing user interactions and gives an understanding of the strategic positioning of content..
[bookmark: _Toc214550589]5. Statistical Analysis
To test more in-depth relationships among variables, SPSS-style inferential analysis was conducted.
[bookmark: _Toc214550590]5.1 Independent Samples t-Test
Hypothesis:
There is a big difference in the average rating of English and non-English films.
Results found:
· English films mean rating: 3.67
· Non-English films mean rating: 3.93
· p-value: 0.018
Interpretation:
This difference is found to be statistically significant at the 5% level. Films in non-English languages are rated higher. This confirms the existing studies that international films are more appealing and critical viewers on the review sites (Kwon and Kang, 2020).
[bookmark: _Toc214550591]5.2 Correlation Analysis
	Variable Pair
	r Value
	Interpretation

	Watches vs Likes
	0.92
	Very strong

	Likes vs Fans
	0.63
	Moderate

	Runtime vs Fans
	0.14
	Weak

	Rating vs Watches
	0.10
	Weak



The correlation is the highest between Watches and Likes, which indicates consistency in user engagement. The engagement levels do not react sharply to the runtime or rating, which leads to the idea that popularity is being influenced by other factors, including the quality of content or marketing.
[bookmark: _Toc214550592]5.3 Regression Analysis
Two regression models were developed.
Model 1: Predicting Average Rating
Predictors: Likes, Fans, Runtime
· Runtime: negative effect (β = –0.0013)
· Likes: small positive effect (β = 0.0000011)
· Fans: moderate positive effect (β = 0.0000024)
· R² = 0.19
The explanatory factors behind the ratings are largely subjective as opposed to numerical predictors.
Model 2: Predicting Likes
Predictors: Watches, Fans
· Watches: strong positive effect (β = 0.0012)
· Fans: moderate effect (β = 0.0041)
· R² = 0.83
This model demonstrates that Watches and Fans are predictive of Likes, and both indicators represent the visibility and popularity.
Interpretation
Correlations also show that the engagement metrics represent a closely linked behavioural loop. The results of the regression indicate the insufficient predictive power of such technical characteristics as runtime and the greater impact of audience exposure on likes. The significant difference between the ratings of English and non-English movies, which was statistically significant, supports significant cultural trends in global film consumption.
[bookmark: _Toc214550593]6. Insights and Recommendations
[bookmark: _Toc214550594]Key Insights
1. The most predictive of rating differences is genre. Documentary and Animation films have a consistent superiority over other genres.
2. Data includes English-language films as the most numerous, but the international films are rated higher.
3. There is a strong correlation between the engagement variables, which can be used to predict Likes based on Watches and Fans.
4. Runtime does not make a significant predictor of film popularity.
5. Film ratings are most significantly determined by subjective factors.
[bookmark: _Toc214550595]Recommendations
· Encourage high-performing genres such as Documentaries and Animation to appeal to the thinking and discerning audience.
· Enhance the presence of non-English movies, particularly Japanese and European movies, because they are rated highly and most of the niche market.
· Predictive models based on Watches should be used to estimate the level of audience engagement with new releases.
· Do not choose movies only by the length of a movie because it does not significantly affect the involvement.
· Improve recommendation systems through incorporating genre-based insights and user behavioural patterns.
· Develop marketing campaigns based on the genres that most frequently performed well, especially Action and Animation genres, which have high engagement and general appeal.
[bookmark: _Toc214550596]Limitations
The user demographic data, platform-specific metrics of engagement, and release year are not included in the dataset. These aspects may enhance predictive modelling and add to the understanding of user behaviour.
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