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Business Intelligence Analysis of Film Performance
[bookmark: _Toc214549052]1. Introduction
Business Intelligence (BI) has turned into an indispensable part of contemporary organisational strategies, as it allows companies to convert large and unstructured data into valuable information to make superior decisions (Sharda et al., 2023). BI systems are transformative in the entertainment and film industry, where user-generated interactions and preferences of the audience keep changing. They assist studios, streaming sites and distributors in comprehending tendencies in viewer behaviour, evaluate content execution, and aid content planning that relies on information. Websites like Letterboxd generate rich data sets of ratings, reviews, likes, and watch counts of users, providing a perfect basis for predictive analytics and audience research (Marr, 2022).
The report analyses the Letterboxd Movie Classification Dataset, which has such variables as directors, runtime, genres, languages, fan counts, studios, and rating metrics. The analysis is aimed at finding the trends, the viewer behaviour and the factors that make a particular movie popular or unpopular. The report uses Excel and SPSS-style methods of analysis to conduct descriptive analysis, trend exploration, and inferential statistical tests. Such approaches facilitate the testing of how the study variables, including genre, runtime, and language, affect the measures of engagement, including Likes, Watches, and Average Rating.
The study objectives are as follows:
Data Cleaning: Clean up the data by fixing data-type errors, missing values, and standardisation of formats.
Descriptive Statistics: Summarise the important numerical variables like runtime, ratings, likes, watches and fans.
Trend Analysis: Incorporate genre-based and language-based engagement trends using graphs and charts.
Statistical Testing: Carry out correlations, regression modelling, as well as hypothesis testing to determine predictive or associative relationships.
The resulting insights can help the stakeholders in the film industry to acquire content in a more effective way, segmentation of the audience, promote targeting, and perform performance assessment. The findings of the BI assist in enhancing the efficiency of operations and increasing user satisfaction by balancing the content strategies with the changing audience preferences (Chen et al., 2021).
[bookmark: _Toc214549053]2. Data Cleaning and Preparation
Preliminary analysis of the data indicated a few discrepancies that had to be fixed before any meaningful analysis could be undertaken. The biggest problem was associated with the Genres column, that all the entries were stored in a Python-style list format. To facilitate the categorisation and comparison between films, a new variable, Primary Genre, was derived by retrieving the first genre listed. This enabled better segmentation and better group-level analysis, which is a significant stage in BI-based content evaluation (Han et al., 2022).
Missing values were also mostly reported in the Runtime variable. Runtime is a key continuous variable which affects various analysis procedures, such as correlation and regression modelling. Mean imputation was used to preserve the statistical distribution and prevent bias due to the loss of data. Mean substitution is most applied in descriptive analysis in cases when the percentage of missing numerical values is low (Kimball and Ross, 2016).
There were inconsistencies in spelling and abbreviation of text variables like Original Language, whereby all the examples like EN, Eng and English were all classified under the same category. These entries were standardised to one and the same format to avoid wrong classification when comparing them. Studio names also had unnecessary punctuation marks and inconsistencies in formatting, which were cleaned to enhance accuracy in grouping.
Certain numerical variables, namely Likes, Watches, and Fans, were stored in text because of commas and formatting issues. Excel transformations were done to correct these and convert them into integer formats to perform the appropriate statistical analysis and visualisation.
The following cleaning procedures are done to make sure that the dataset is in line with the data quality requirements, which are the core of Business Intelligence systems. Reliable data is clean, and this minimises the chances of misleading insights and ensures that the outputs of the analytical process project the real-world trends (Maheshwari, 2019). The data was now well cleaned and standardised and was all set to be explored descriptively and inferentially.
[bookmark: _Toc214549054]3. Descriptive Statistics and Summary
The descriptive statistics were generated to form a background knowledge of the data. Measures Mean, minimum, maximum, and distribution patterns were analysed to include runtime, ratings, watch, likes and fan counts. These overviews assist in showing the central tendencies and outliers, which are necessary to determine the underlying tendencies in viewer engagement (Keller, 2021).
The mean ratings of the entire dataset were moderately positive in terms of audience sentiment, and most films were rated higher than in the middle. There was a significant difference in the runtime variable, as short films and unusually long features are presented. The variables of engagement, Likes, Watches and Fans were highly skewed, which points to iconic and popular movies and numerous minor movies with low interaction.
[bookmark: _Toc214549055]Genre and Language Distributions
The Primary Genre variable was analysed, and revealed that the most popular genres were Drama, Comedy, Horror, and Action. This is also in line with the general consumption trends in the world of cinema, where dramatic and action-based content continues to appeal to a high level of audience (Vogel, 2020). The analysis of rating distribution showed a concentration in the middle range of values, as it is a common behaviour on user-driven review websites, where users generally rate films that they expect to like.
[bookmark: _Toc214549056]Visual Descriptive Summaries
In Excel, some charts and graphs were created to demonstrate some statistical trends:
· Boxplots indicated that some significant difference existed across genres, especially documentaries and war films had higher median ratings.
· The skewed distribution of Likes and Watches was presented in histograms, and a few movies controlled the audience's attention.
· Pie charts emphasised the prevalence of English-language movies in the dataset and yet showed significant representation of non-English names.
[bookmark: _Toc214549057]Viewer Engagement Patterns
Scatterplots were useful to give an understanding of the associations between numerical variables:
Watches vs Likes: There was also a distinct linear correlation to show that the number of watches on a movie would grant it many likes, which is a uniform behaviour in terms of engagement.
Runtime vs Fans: The correlation was not very strong, which implies that film length does not play a significant role in the number of fans that a movie will get.
Altogether, the descriptive analysis provided some significant trends associated with genre popularity, ratings distribution, and viewer engagement, which could be further explored in terms of trend analysis.
[bookmark: _Toc214549058]4. Trend Analysis and Visualisation
The trend analysis was used to investigate the patterns of genres, languages, and engagement variables as visualisations in Excel.
[bookmark: _Toc214549059]4.1 Genre Trends
There were significant differences in the average ratings and viewership in films of various genres:
· Documentary and War genres were always in the top position in terms of the average rating, which means that people liked realistic and thematic narratives.
· The highest count of watches was made in Action, Adventure, and Animation movies, which proves their universal popularity among the demographic groups.
· Horror and Science Fiction genres had a high variance in ratings because the quality of the content varies.
These trends indicate variations between the approval of critics and the mainstream popularity, which is an old pattern of media consumption (De Vany, 2017).
[bookmark: _Toc214549060]4.2 Language Trends
Though the English language films constituted a majority of the dataset, non-English films had much higher mean ratings. Other languages like Japanese, Korean and French enjoyed more reception among the audience. This implies a growing international interest in international cinema, and it confirms the results of a study that foreign-language movies tend to appeal to more critically engaged audiences (Lim, 2021).
[bookmark: _Toc214549061]4.3 Engagement Trends: Watches and Likes
The Watches vs Likes scatterplot indicated a near-perfect upward trend, which implies that film visibility is a strong determinant of likes. This emphasises the self-perpetuating cycle of digital interaction: popular movies gain more interactions, increasing their presence on the platform (Aggarwal, 2016).
[bookmark: _Toc214549062]4.4 Runtime and Viewer Engagement
Trend analysis revealed that the user engagement is less dependent on runtime. Medium-length films were generally most popular with the audience, and overly long movies registered less viewer attention. This goes hand in hand with the studies that show that viewers are becoming more and more attracted to the short and readily digestible information in online settings (Guo et al., 2014).
These trend reports give useful information on the preferences of the audience by genre and language and are used in making decisions about film distribution and content strategy based on data.
[bookmark: _Toc214549063]5. Statistical Analysis (SPSS-Style)
Statistical tests were done to find out relationships between variables and the significant predictors of film ratings or engagement.
[bookmark: _Toc214549064]5.1 Independent Samples t-Test
Hypothesis:
The difference between the average rating of English and non-English films is quite significant.
Results:
The mean rating of non-English films was significantly higher, and the p-value of 0.05 was considered to have statistical significance.
Interpretation:
The outcome indicates a higher rating of non-English films, which is in line with literature suggesting that international films appeal to niche, critically based audiences who rate higher (Lee, 2022).
[bookmark: _Toc214549065]5.2 Correlation Analysis
Pearson correlations were estimated:
· Watches - Likes: The correlation is extremely positive, which proves the fact that visibility is directly related to the interaction.
· Likes - Fans: Mediocre, which means that more popular movies have a following of loyal fans.
· Runtime - Fans: Weak correlation, indicating that runtime is not a very strong predictor of engagement.
· Watches - Rating: very weak, indicating that popular does not always mean high critical reception.
According to these relationships, engagement metrics are strongly connected but do not explain ratings, which rely on more qualitative characteristics.
[bookmark: _Toc214549066]5.3 Regression Analysis
Two regression equations were run:
Model 1: Predicting Average Rating
Predictors: Run time, Likes, Fans.
· Runtime - minor adverse impact.
· Likes - weak positive predictor
· Fans - moderate predictor
R2 is relatively low, which means it has limited explanatory power.
Interpretation:
Ratings are based on the quality of narratives and the preferences of viewers, which are not completely reflected in numerical engagement metrics (Garcia, 2020).
Model 2: Predicting Likes
Predictors: Watches and Fans
· Watches - good positive predictor.
· Fans - moderate predictor
· Large R2, which is a high predictive accuracy.
This strengthens the power of visibility in interacting with the audience.
[bookmark: _Toc214549067]6. Insights and Recommendations
Key Insights
· The non-English movies are better rated than the English movies, implying the possibility of focusing on international movies.
· The metrics of engagement have a high correlation, and watches are the best predictor of likes.
· There is no significant effect of runtime on engagement, meaning that film length is not a decisive factor in popularity.
· The ratings and the number of watches vary greatly across genres, indicating that the views of critics and the views of the audience tend to be at odds.
[bookmark: _Toc214549068]Recommendations
1. Encourage strongly international movies, which will diversify the platforms and appeal to cinephile viewers.
2. Invest in high engagement genres like Action and Adventure to reach as many viewers as possible.
3. Use watch counts as a key recommendation algorithm variable because it is a predictive variable.
4. Support material of high thematic or narrative quality, especially in genres like Documentary and War.
5. Launch specific marketing campaigns for under-performing yet quality genres to gain more exposure.
Limitations & Future Research
This dataset does not represent any demographic variables, including age, region, or gender, and this limits an exploration of segmented audience behaviour. Further research would incorporate demographic or geographic information to enable the audience to be profiled further. Moreover, the sentiment analysis of the user reviews might give deeper insight into the perception of the viewer than the numerical ratings. Comparison of IMDb or Rotten Tomatoes across platforms would also be useful in confirming whether the trends observed are a general industry trend or a platform-specific behaviour.
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