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[bookmark: _Toc214382518]Introduction
This report aims to test the methods of Business Intelligence (BI) with the help of a massive dataset of movies in the style of Letterboxd to analyse the results of films and viewer interactions. With the creation of large amounts of user-interaction data on digital platforms, streaming services, and data related to viewer preferences, popularity trends, and data-driven decision-making in the media and entertainment business can now be supported with the use of BI. The analysis will seek to identify the relationship between film properties, e.g. genre, language, runtime, user engagement metrics, and audience ratings and behavioural trends.
The dataset elaborated to produce this study entails the names of the films, their directors, genre, the language it was first shot in, its length, average rating, people who watch it, likers and fans, along with the overall rating. The disciplines attract not only descriptive features of cinematographic work but also the close-up interaction patterns of viewers, which allows conducting an objective assessment of what factors make a movie popular.
The analysis was done using a combination of Microsoft Excel and SPSS. Excel also facilitated the cleaning, preparation, description, and visualisation of data using boxplots, histograms, bar charts, and scatter plots. The inferential statistics were done using SPSS, and these consisted of independent samples t-tests, correlation analysis, and multiple regression modelling to explore more profound associations between variables (Gandhi et al., 2024).
The most important targets of this report are:
· To clean and preparations were done on the dataset.
· To calculate descriptive statistics and summarise some of the key trends;
· To determine the tendencies by genres, languages, and measures of interaction;
· To do statistical testing to identify significant relationships.
· To deliver the insights and suggestions to BI-based decision-making within the film industry.


[bookmark: _Toc214382519]Data Cleaning and Preparation 
[bookmark: _Toc214382520]Handling Missing Values
The initial phase of data cleaning consisted of the detection and control of missing values in the dataset. Blanks in key variables (Runtime, Genres, Studios, Likes and Fans) were identified by using Excel functions such as COUNTBLANK, filters and conditional formatting. The missing data in numerical fields was addressed by using the median imputation, which reduces the impact of the outliers that are frequently found in engagement measures. However, the rows which lacked the required identifiers, like Filmtitle or ID, were flagged as errors in analysis and so were dropped altogether to guarantee the data integrity (Karrar, 2022).
[bookmark: _Toc214382521]Removal of Blanks and Incomplete Records
Unwritten or blank values, which compromised data quality, were handled systematically. The missing categorical fields (e.g., Studios) that are not essential were left with no filling, whereas records that lacked the key quantitative information needed to be statistically analysed were excluded. This guaranteed that the data set did not have any invalid and unusable observations.
[bookmark: _Toc214382522]Datatype Conversion and Standardisation
There were also variables with inconsistent or wrong data types. Examples include Runtime values which were in mixed format, e.g. 120 min, which needed to be standardised. Excel was utilised as a substitute and VALUE text characters and entries into numbers, respectively. Some areas, like original language, were reliant on categorical data that had varying capitalisation and spacing; this was modified with LOWER, TRIM and Character replacement to maintain the same appearance. Watches, Likes, Fans, and Total rating were changed to numeric formats with the VALUE function since all the above are numeric.
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[bookmark: _Toc214382524]Numerical Variable Summary
The descriptive data produced using SPSS and Excel reveal the main numerical variables in the sample of 10,000 films. The runtime is also varied, with a mean of 103.17 minutes, a median of 99 minutes, and a spread in the form of a standard deviation of 38.07, which means that there is a large distribution in the length of the films. The shortest possible runtime is 2 minutes, whereas the longest possible runtime is 907 minutes, which can explain the high skewness of 5.65, which became the resultant of extreme outliers (Kotronoulas, 2023).
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The mean Rating of films is 3.27, and the dispersion is also relatively low (SD = 0.53). This implies that most movies lie in the middle range of ratings. Conversely, engagement indicators - Watches, Likes and Fans - have very high variability and they have positive skewness. In one instance, Watches has a mean of 170,314, which is a small number; however, its standard deviation of 458,532 is significantly large, and the same applies to Likes and Fans (SD = 151,531 and SD = 9,368). The high skewness numbers imply that a few popular movies are doing well in general interaction, and a few movies are doing well (Attwal and Singh, 2024).
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[bookmark: _Toc214382525]Categorical Variable Summary
Categorical analysis was used to determine the distribution of film languages, which involved a frequency table and a pie chart to depict the top 10 languages. These records are dominated by an English film, with 8,074 of 9,645 classified records (or about 84%) of the total. Also, other languages play a relatively minor role: Italian (396 films), Japanese (308), French (291), Korean (145), German (96), Spanish (115), Chinese (66), and Danish (60). 94 other movies are marked as not containing any spoken language.
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The pie chart evidently indicates that English features in the dataset by far, whereas other languages featured individually between 1% and 4% of the total film features. The imbalance is worthy of mentioning so that further statistical models can be tested and that this unequal sample size can affect the comparative analysis (Ambe, 2023).
[bookmark: _Toc214382526]Visualisations
There is a median of around 100 minutes or so in a runtime boxplot with a long upper whisker, which supports the existence of abnormally long films. The pie chart of the language distribution can clearly identify the overrepresentation of English, which gives information on the bias of the dataset and the consideration of the analysis in the future.
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[bookmark: _Toc214382528]Language-Based Engagement Trends
To study the difference between the audience engagement per language, line charts were created of the average Fans and average Likes per Original Language. The Fan by Language Trend is volatile, with an intense peak in multiple languages, even though each can have a relatively small number of films on it. Languages like Japanese, Polish, and Portuguese demonstrate significant increases in the average fan base, which is why it can be expected that the movies shot in those languages can have an extremely strong niche following. On the other hand, higher counts of films, e.g. in English or Italian, have more moderate and stable fan averages, suggesting that more extreme fluctuation is just naturally filtered by a larger sample size (Renna and Santulli, 2023).
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The Likes Trend by Language presents the same trend. Although English is leading in the number of likes, as it has many representatives, some smaller-language categories represent a disproportionately high number of average likes. Peaks can be found in such languages as Malayalam, Mongolian, Kinyarwanda, or Esperanto, where single movies or small groups of them seem to have received astonishingly good reception by their audience. The inclusion of a linear trendline indicates that there is, in general, an upward trend, although the former is weak, indicating that there are more languages with greater than average frequencies in terms of the mean number of likes.
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A scatter plot was employed to determine the relationship that exists between movie length and fan following. The plot of Runtime vs Fans indicates that the largest proportion of movies range between 80 and 150 minutes long, with the fan numbers concentrated largely in this bracket. There are some exceptions, and the films with a runtime of 100-150 minutes have really large fan counts, in the range of 300,000 fans, which is indicative of a blockbuster-like popularity. After 200 minutes, the distribution becomes thinner and even very prolonged movies (more than 300 minutes) have virtually negligible levels of fan attendance. The low positive trend shows that there is only a slight positive correlation between runtime and fan engagement, i.e., runtime does not strongly predict fan engagement.
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[bookmark: _Toc214382530]Genre-Based Rating Trends
A bar chart was drawn to establish the highest average ratings of the genres. The visualisation under the title of the Top 10 Highest average rating genres shows that genres that are related to artistic value, like Documentary, Music, History, and Drama, continue to score above 4.60 in terms of their ratings. The top group in the list is a mix of Music and Documentary films, with an average rating of 4.71, which indicates that viewers are very satisfied with other real-life stories and musical narratives. Action-related mixed genres like Drama-Action and History-Action also get high marks, which means that the films that combine the dramatic layer and active plot development do well.
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[bookmark: _Toc214382531]Summary of Trends
In general, the visualisations indicate that the engagement trends vary much more widely between languages, and sometimes a movie of a smaller language is more successful in terms of average likes and fans. The effect of runtime on fan response is low, and genre heavily impacts ratings, with the content that is of a documentary type getting the most ratings. Such lessons can be useful to platforms that want to prioritise the best-performing genre and pinpoint underserved language niches.
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[bookmark: _Toc214382533]Independent Samples T-Test
The independent samples t-test was used to determine whether a significant difference in Average Rating exists between films made in the English language (n = 8,074) and those films made in non-English languages (n = 1,926). It is indicated by the group statistics that the English films have a lower mean rating (M = 3.2109, SD = 0.5238) than the non-English films (M = 3.5099, SD = 0.4612). The significance of the Levene Test of Equality of Variances was significant (F = 27.710, p <.001), i.e. equal variance was not observed; hence, this is why the row of equal variances is not assumed. The outcome of the t-test demonstrates a statistically significant difference (t = -24.878, df = 3219.603, p <.001).
The average difference of -0.2999 shows that non-English films are rated considerably better than English films. Analysis of effect size produced a Cohen's d of -0.583, which is of moderate to large magnitude, implying that there is a significant practical difference between the overall ratings of the audience in both groups. This helps to conclude that foreign and non-English movies can be viewed as having a more critically positive or distinctive image by the users.
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[bookmark: _Toc214382534]Correlation Analysis
Pearson correlation coefficients were determined in order to check the relationship between the most important variables of Runtime, Average Rating, Watches, Likes, and Fans. Runtime has positive, small, but significant correlations with Average Rating (r =.187), Watches (r =.146), Likes (r =.129), and Fans (r =.088) (all p < 001). This implies that longer films are likely to experience a bit more engagement and ratings, though, weak relationships.
There were significant positive correlations between the measures of engagement:
· Watches and Likes: r = .951
· Watches and Fans: r = .799
· Likes and Fans: r = .790
These positive correlation values mean that high viewership films have a higher tendency to be liked or followed, and the correlation within the engagement variables is well internalised. The Average Rating indicates worse correlations than likes (r =.129) and fans (r =.090), indicating ratings indicate quality perception, and likes and fans popularity.
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[bookmark: _Toc214382535]Regression Analysis
Multiple regression analysis was conducted to understand whether Average Rating is predicted by Runtime, Likes and Fans. It was statistically significant (F(3, 9996) = 403.305, p =.001) with R =.329 and R² =.108, which means that the model explains about 10.8% of the variance in the Average Rating. The model is important, but the fact that the R2 is quite low implies that there are numerous other variables suppressed by the model but not captured by the data, including quality of narrative, acting or reviews. The contribution of the Runtime, Likes, and Fans was positive and small, just as the previous correlation findings indicated (Alita, Putra and Darwis, 2021).
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All in all, the SPSS analysis indicates that the average ratings, engagement measures are highly correlated, and the runtime has a weak, though positive correlation with engagement. Likes and Fans are significant and partial predictors of rating, as the regression model testifies.
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[bookmark: _Toc214382538]Key Insights
The experimental process on the dataset in the style of Letterboxd demonstrates that there are several noteworthy trends which have practical implications for media and streaming networks:
· The average rating of non-English films is much larger than that of English films, which plays a role in showing that the audience likes international content very much.
· The correlation of engagement metrics (Watches, Likes, Fans) is high, as the films that have become popular in one of the engagement metrics tend to be also popular in the other engagement metrics.
· Genres like Documentary, Music, History and Drama always get the ultimate highest average rating and display a high audience tendency towards the narrative theme and the real-world themes.
· The engagement and the ratings are only weakly positively associated with runtime, which implies that the length of the film is not a key determinant of audience reception.
· The trends of language-based engagements provide surprises, showing that the language with the smaller number of films has unexpectedly higher peaks of interaction, which implies that niche audiences are being created.
[bookmark: _Toc214382539]Recommendations
One of the data-driven ideas that is suggested based on the findings is the following:
· Expand the presence of international and non-English programming through the purchase of high-rated movies and better subtitle/dubbing services.
· Marketing high-performing genres (Documentary, Music, Drama) should be a priority, and so should curation and recommendation engines.
· Use metrics like Likes or Fans to build the algorithmic positions because of their high relevance to popularity.
· Encourage the ex post facto films that have high levels of engagement to access several segments of the audience that are underserved and yet active.
· Tracking of emerging trends in engagement and real-time updating of recommendations is achieved with the help of BI dashboards.
The runtime optimisation is not of crucial importance, but the quality of storytelling and ensuring it, since runtime has scarce effects on the engagement (Sultana et al., 2025).
[bookmark: _Toc214382540]Limitations and Future Research
The set is overwhelmingly represented by English movies, which are balancing out the language classification.
· The complexity of classification is brought about by genre overlap (more than one genre in a film).
· The dataset does not include demographic or geographic viewer data, and the audience segments cannot be understood.
· There is a possibility that some external factor (marketing, release year, platform availability) impacted the ratings and engagement not covered in the dataset.
· The regression model describes variance that is only 10.8% meaning that numerous variables have caused the variance.
The sentiment analysis, prediction model based on machine learning, and the time-based trends might be examined in the future for further insight.



[bookmark: _Toc214382541]Conclusion
Business Intelligence was applied to analyse the film performance and audience behaviour in this report, using a large dataset in the style of Letterboxd. The study used data cleaning, descriptive statistics, trend exploration, and SPSS-based hypothesis tests to find out definite trends in rating, engagement, genres, and languages. There were much better ratings of non-English films, whereas engagement metrics were very interrelated. The entertainment of documentary and drama-based content was very strong, as outlined in the genre analysis. Even though the impact of runtime was less, the factor of language and genre became a significant source of audience reaction. In general, the results can be used to make evidence-based decisions regarding the process of content acquisition, recommendation systems, and reaching the target audience.
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