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[bookmark: _Toc228307867]Introduction 
This report strongly focuses on exploring a real-life dataset obtained from the Letterboxd movie classification dataset to uncover trends, associations and variables impacting film ratings and viewer metrics. The data set of the respective case contains variables such as ratings, run-time, language, watches, likes, and fans, and this has offered great insights into data for business intelligence (BI) purposes. Business intelligence is a technological process which is well known for collecting, managing and analysing organisational data, which helps inform business strategies and other important decisions (Niu, et al., 2021; Maaitah, 2023). It enables the conversion of data into useful information that facilitates data-driven decisions in a variety of industries, including media and entertainment. 
The purpose of the study is to analyse and visualise the dataset with the help of Microsoft Excel and SPSS, which are the two most popular tools used for statistical measures and data analysis. There are various steps associated with this analysis, which include data preparation and cleaning, exploring data through descriptive statistics, trend analysis and visualisation, and statistical testing using t-test, correlation, and regression analysis. These methods are commonly employed in data analysis and are well known in the field of data analysis to identify underlying patterns and key insights (McCormick and Salcedo, 2017).  These techniques have been effectively performed in order to analyse viewer engagement, determine the key factors impacting film ratings, and examine the relationship between film success and various factors, including language, run time and audience engagement statistics. The report will provide data-driven insights and recommendations at the end to inform business strategies in the film and entertainment sector.
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Data Cleaning and Preparation 
Data cleaning and preparation are some of the most important areas of the data analysis process, and they help ensure accuracy, reliability and validity in the analysis (Ridzuan and Zainon, 2019). The common errors that data analysts find during the data analysis are inconsistencies, missing data, and formatting problems in raw data, which can have a significant impact on analysis results as well as decision-making (Rangineni, et al., 2023; Priestley, et al., 2023). 
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Figure 1: Inconsistency Issues in the dataset
Data analysis in this study is a complex process, and the data were first imported into Microsoft Excel to check and further clean the data. Inconsistencies were detected in the text encoding of variables such as director names, the categorisation of genres, and the formatting of categorical variables. These were resolved through text cleaning, which involved removing special characters and normalising names. Moreover, a new variable, Genres_Clean and Main_Genre was generated in Excel in order to shorten multiple genre combinations into the main genre for trend analysis purposes. In addition, a new variable, Language_Group, was further developed to classify movies into English and Non-English categories, enabling statistical comparisons as shown below. 
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Figure 2: New Columns Added
Inconsistent or missing values were replaced or standardised to ensure consistency across the dataset. These changes made the data structured, consistent and appropriate for descriptive and inferential statistical analyses. This has ensured that data is accurate and proper, as data cleaning is critical for successful business intelligence, and inconsistencies and inaccuracies can result in misleading information and erroneous decisions (Neeli, et al., 2021). It can be said that the data cleaning process in this study was crucial for the effectiveness of the subsequent analyses. 


[bookmark: _Toc228307869]Descriptive Statistics 
Descriptive statistics is a critical part of quantitative analysis of data, and it helps analyse a dataset with a clear summary in an organised manner while showing a relationship between variables in a sample (Alabi and Bukola, 2023; Kotronoulas, et al., 2023). Descriptive statistics in this were analysed using SPSS to describe the features of the dataset and give an initial impression of the distribution and variance of the variables. IBM SPSS Statistics is a useful software for statistical analysis, data management, and predictive modelling (IBM, 2026). 
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Figure 3: Descriptive Statistics
The Descriptive Statistics table from SPSS presented above shows that there are 10,000 observations for all variables, and it provides a strong ground for the analysis. The mean rating for films amounted to 3.2686 with an SD of 0.5257 and ranged from 1.08 to 4.71, depicting a relatively tight distribution around the mean rating. This highlights that films are rated consistently within a moderate spread and mostly in the average to high range. The low standard deviation also confirmed the reliability of user ratings, but the low and high outliers reflect that there is variation among viewer interpretations, as discussed later. The average run time is valued at 103.17 minutes with a standard deviation of 38.07, ranging from 2 minutes to 907 minutes. This unusually high maximum which shows the presence of outlier values, likely non-conventional movie formats such as director's cuts and compilations. These outliers affect kurtosis and skew, and may impact statistical analyses, suggesting that runtime as a predictor variable should be interpreted with caution (Hatem, 2022). 
The variables related to audience engagement are much more variable as the mean number of watches is 170,314.82 with SD= 458,532.92, while likes average amounts to 43,734.79 with SD = 151,531.43, and fans average valued at 1,652.55 with SD = 9,368.26. The high standard deviations in relation to the means depict severely skewed distributions in which a few films become very popular, and the rest are less popular. This aligns with the "long-tail" effect that is frequently seen in digital media, in which a few items capture the majority of user interests (Dalla Torre, et al., 2025). These insights are validated by the charts created in Excel, and the scatter plot on watches and likes shows a clear positive pattern, which confirms the presence of highly watched films with high levels of engagement that have been further presented below. On the other hand, scatter plots featuring ratings exhibit a more random pattern that reflects lower correlations with other metrics. It can be said that the descriptive statistics reveal important features of the data, including stable ratings, high variability in engagement variables and extreme values. Such knowledge is essential for inferential analysis and justifies the use of business intelligence approaches to analyse film performance and audience engagement. 


[bookmark: _Toc228307870]Trend Analysis and Visualisation 
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Figure 4: Average Rating by Genre
Microsoft Excel was used to visualise trends to analyse the relationships between variables. Charts and plots, such as bar graphs and scatter plots, play a crucial role in business intelligence as they assist in enabling easy comprehension of data (Knaflic, 2025). The analysis of average ratings in relation to genres, as shown in the Average Rating by Film Genre chart above, shows variations among genres. The visualisation clarified that War, Drama and Animation genres tend to have higher average ratings, whereas Science Fiction and Epic Heroes have lower ratings. This highlights the fact that viewers have different preferences and expectations for different genres based on a combination of story depth, genre complexity and viewer expectations. These insights also indicate that there may be genres that consistently offer higher perceived quality from a business standpoint, and this information can be used in making decisions related to production or acquisition.
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Figure 5: English Vs Non-English Film Preference
Similar to this, the comparison between English and Non-English films, as depicted in the language-based bar chart, reveals a pattern in which Non-English films have a higher average rating. This could be due to non-English films appealing to a more specialised or discerning audience, who may perceive higher quality. This reflects the growing globalisation of media and the recognition of international media in the digital streaming era.
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Figure 6: Relationship between Watches and Likes

The scatter plots also show key variable interactions as the data from watches versus likes reveals a strong positive linear correlation which indicates that more popular films, with more views, attract more likes as confirmed by a high coefficient of determination R² = 0.90, which reflects a strong correlation between viewership and likes.
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Figure 7: Relationship between Fans vs Rating
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Figure 8: Relationship between Runtime and Rating
However, the plots examining film fans versus rating and runtime vs rating demonstrate poor relationships, with very low R² values at 0.0628 and 0.0348, respectively. This suggests that neither the length of the film nor the number of fans is a major predictor of film ratings. This suggests that the length of a film or its popularity does not necessarily predict its rating.
The visualisation indicates that the engagement metrics are strongly related to each other, but they are not strongly related to ratings. These findings have important implications for film industry decision-making, indicating that viewers' satisfaction is determined by more than just popularity measures. This claims that visualisation is very important to better understand these insights and help make informed decisions.
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Statistical Analysis 
For more detailed analysis, inferential statistical analyses were conducted in IBM SPSS, including independent-samples t-test, correlation analysis, and multiple regression analysis. The independent-samples t-test was used to compare the mean ratings of English and non-English films to determine whether there is a statistically significant difference. 
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Figure 9: Independent T-test
The analysis has reflected a significant difference (p < 0.05) in average ratings, where Non-English films (M = 3.51) are rated higher than English films (M = 3.21), which demonstrates that language plays a significant role in audience ratings and supports the visual trend identified. These findings reflect that the difference is unlikely to be a result of chance.
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Figure 10: Correlation Analysis
Pearson correlation was used, and it is one of the most effective measures of the relationship between variables (Temizhan, 2022; Šverko, et al., 2022). These analyses reveal a very strong positive correlation between watches and likes with r = 0.951, strong correlations between likes and fans with r = 0.799 and watches and fans with r = 0.671. This suggests that popularity measures are very closely related, but the correlations between average rating and other variables are low, ranging between 0.186 and 0.290, which reflects that ratings are not significantly affected by measures of popularity. 
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Figure 11: Regression Results
The overall influence of runtime, watches, likes and fans was tested on average rating using multiple regression. The model is significant (p < 0.001) and suggests that the variables have an effect on the average rating. However, the model accounts for only 11.7% of the variability with R² = 0.117, which reflects that there are other factors that contribute to film rating as shown above. This highlights the presence of omitted variable bias in which important predictors such as film budget, cast, marketing strategies, and critical reviews are not included, and as a result, the model is statistically significant, but its explanatory power remains limited, which highlights the complexity of audience rating behaviour. The key predictors in the model were likes as positive, followed by runtime, which is also positive and watches, which is negative. The number of fans had no significant effect (p > 0.05), which clarifies that it does not significantly affect ratings. These findings show the distinction of audience behaviours and that quality of engagement is with likes, which is a better predictor of quality instead of popularity alone.


[bookmark: _Toc228307872]Insights And Recommendations 
The analysis reflected insights related to movie performance and audience preferences. It has been identified that Non-English films are rated more highly, which shows that audiences appreciate international films more. Moreover, the strong correlation between watches, likes and fans indicates that these metrics are strongly related, which reflects popularity. However, the low correlation with ratings suggests that popularity and quality are not necessarily linked. These show the key implications from a business intelligence standpoint that Movie studios and streaming services need to increase viewership as well as improve viewer satisfaction, as measured by engagement metrics such as likes. Furthermore, the higher ratings of Non-English films indicate a potential for streaming services to increase investment and promotion of Non-English content to align with changing viewer preferences. Also, the low R-squared of the regression model signals that the data is insufficient, while variables such as production values of films, actors, advertising and reviews, which have not been considered, could be of major importance in rating films. These factors should be taken into account for more accurate predictions.
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Conclusion
The study has examined a dataset of films using business intelligence methods to discover trends and associations in the ratings and engagement of audiences. A descriptive, visual and inferential analysis showed that the engagement indicators are highly correlated, but they have little impact on ratings. Films with non-English titles were also rated much higher, which clearly shows shifts in viewer preferences. This indicates the way data analysis and business intelligence can be used to inform decision-making. Despite these limitations, it has provided valuable insights into film performance and audience behaviour using data analytics.
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