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1. [bookmark: _Toc228291664]Introduction
This report aims to analyse the Letterbox Movie Classification dataset to identify key factors influencing film popularity and audience engagement. The dataset includes variables such as film ratings, genres, runtime, language, watches, likes, and fan counts, which are key indicators of audience behaviour and content performance.
Business intelligence (BI) refers to the use of data-driven technologies and analytical techniques to transform raw data into actionable insights that support strategic decision-making (Sharda et al., 2022). In the film and entertainment industry, data analytics is increasingly used to understand viewer preferences, predict content success, and optimise recommendation systems (Wedel and Kannan, 2021).
This report applies a range of BI techniques, including data cleaning, descriptive statistics, trend analysis, and statistical analysis using Excel and SPSS. These methods enable organisations to identify patterns, relationships, and trends within large datasets, improving the accuracy of business decisions (Provost and Fawcett, 2022).
The objective of this analysis is to determine the factors that contribute to higher film ratings and popularity, and to provide data-driven recommendations that can enhance business performance and audience satisfaction. Evidence suggests that organisations that effectively use data analytics achieve improved operational efficiency and competitive advantage (Mikalef et al., 2022).

2. Data Cleaning and Preparation
Data cleaning and preparation are critical stages in the data analysis process, as they ensure the reliability, consistency, and validity of the dataset prior to analysis. High-quality data is essential for producing accurate insights, and failure to properly clean data can result in misleading conclusions and biased results (Kelleher and Tierney, 2021).
In this study, Microsoft Excel was used to clean and prepare the Letterbox Movie Classification dataset. The first step involved identifying and handling missing values in key variables such as average rating, watches, fans, and runtime. Records containing missing values in these critical fields were removed to maintain the integrity of the analysis. Although imputation techniques can be used to replace missing data, removal was considered more appropriate in this case to avoid introducing artificial bias due to the lack of contextual information (Van Buuren, 2021).
In addition to handling missing values, inconsistencies in categorical variables were addressed. Fields such as genres and original language contained variations in formatting, including differences in spelling and structure (e.g., multiple genres listed in different orders). These were standardised to ensure consistency across the dataset, allowing for more accurate grouping and comparison. This step is essential in business intelligence, as inconsistent data can lead to incorrect aggregation and flawed analytical results (Sharda et al., 2022).
Furthermore, numerical variables such as watches, likes, fans, and runtime were examined for outliers and potential data entry errors. Extreme values were reviewed to ensure they were valid observations rather than anomalies or mistakes. Although outliers were retained, as they may represent genuinely popular or niche films, their presence was noted for interpretation during analysis.
Finally, data types and formats were verified to ensure compatibility with analytical tools. While no date or time inconsistencies were identified, all variables were standardised into appropriate numerical or categorical formats. These preprocessing steps ensured that the dataset was clean, structured, and suitable for subsequent descriptive and statistical analysis, thereby enhancing the accuracy and credibility of the findings (Provost and Fawcett, 2022).

3. [bookmark: _Toc228291665]Critical Analysis and Evaluation
NEXT Descriptive statistics were generated using Microsoft Excel and SPSS to summarise key variables within the dataset, including average rating, watches, fans, and runtime. These statistical measures provide an overview of central tendency, variability, and distribution, which are essential for understanding the structure of the data before applying more advanced analytical techniques (Kelleher and Tierney, 2021).

The analysis of average ratings indicates that most films fall within a moderate range, typically between 3.0 and 3.8. This pattern is clearly illustrated in the histogram (Figure 1), which displays a roughly normal distribution. The absence of strong skewness suggests that extremely high or low ratings are relatively uncommon, and that audience evaluations tend to cluster around the average. This is consistent with typical rating behaviour in media platforms, where most content receives moderate evaluations (Sharda et al., 2022).

Further insights into the distribution of ratings are provided by the boxplot (Figure 2), which highlights the median, spread, and presence of outliers. The median rating is approximately 3.2, indicating the central tendency of the dataset. The relatively narrow interquartile range suggests that most films receive similar ratings, reflecting consistency in audience perception. However, the presence of outliers indicates that some films receive exceptionally high or low ratings, which may represent critically acclaimed productions or niche content that appeals to specific audiences.

In terms of audience engagement, variables such as watches, likes, and fans exhibit considerable variability. A small number of films have significantly higher values compared to the majority, indicating a right-skewed distribution. This suggests that a limited number of highly popular films dominate viewer attention, while most films receive moderate engagement. Such patterns are common in digital content platforms, where popularity is often concentrated among a small proportion of items (Provost and Fawcett, 2022).

Runtime analysis shows that most films fall within a typical range of approximately 90 to 150 minutes, which aligns with standard industry practices. This consistency suggests that film duration is relatively standardised and may not be a key differentiating factor in audience evaluation.

Categorical variables were analysed using frequency tables and visualised using a pie chart (Figure 3). The results indicate that Drama is the most common genre, followed by Comedy and Horror. The pie chart demonstrates that Drama accounts for the largest proportion of films in the dataset, suggesting that it plays a dominant role in shaping overall trends. The distribution of genres highlights the diversity of the dataset, while also indicating that certain genres may have a greater influence on audience ratings and engagement.

Overall, the descriptive statistics provide valuable insights into the dataset by identifying key patterns, distributions, and anomalies. These findings establish a foundation for further trend analysis and statistical testing, enabling a deeper understanding of the factors influencing film popularity and audience behaviour (Kelleher and Tierney, 2021).
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Figure 1: Histogram of Average Rating
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Figure 2: Boxplot of Average Rating
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Figure 3: Genre Distribution
4. [bookmark: _Toc228291666]Trend Analysis and Visualization 
Trend analysis was conducted using Microsoft Excel to explore relationships and patterns within the dataset. Visualisation techniques such as scatter plots and bar charts were used to identify trends in audience engagement and film ratings (Kelleher and Tierney, 2021).
The scatter plot below illustrates the relationship between watches and likes. A strong positive relationship is observed, indicating that films with higher viewership tend to receive more likes.
[image: ]
Figure 4: Watches vs Likes
The bar chart below presents the average ratings across the top genres. The results indicate that certain genres consistently achieve higher ratings, suggesting that genre influences audience perception.
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Figure 5: Top Genres by Average Rating
Overall, the trend analysis highlights that audience engagement metrics such as watches and likes are strongly related, while genre plays a key role in determining film success. These insights are important for understanding viewer behaviour and can support data-driven decision-making in the film industry (Provost and Fawcett, 2022).

5. [bookmark: _Toc228291667]Statistical Analysis using SPSS
Statistical analysis was conducted using SPSS techniques to examine relationships between key variables in the dataset, including watches, likes, fans, runtime, and average rating. This stage is essential for identifying statistically significant relationships and testing hypotheses, enabling more robust conclusions beyond descriptive analysis (Field, 2018).
[image: ]
Figure 7: Watches vs Likes
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Figure 8: Runtime vs Fans
Firstly, a correlation analysis was performed to explore the relationship between audience engagement variables. The scatter plot in Figure 7 illustrates a strong positive relationship between watches and likes. This indicates that films with higher viewership tend to receive more likes, suggesting that popularity directly influences audience interaction. In contrast, the relationship between runtime and fans (Figure 8) appears weak, with no clear linear pattern. This suggests that film duration has little impact on audience loyalty or long-term engagement.


[image: ]
Figure 9: Ratings by Language
Secondly, an independent samples t-test was conducted to determine whether there is a significant difference in average ratings between English and non-English films. The results are visually represented in Figure 9, which compares the distribution of ratings across the two groups using a boxplot. While slight differences in median ratings can be observed, the overlap between the distributions suggests that any difference may not be substantial. The statistical significance of this difference is determined by the p-value, and in this case, the results indicate that language does not have a strong influence on audience ratings.
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Figure 10: Regression (Likes vs Rating)
Finally, a regression analysis was conducted to examine the extent to which audience engagement variables predict film ratings. The regression model included likes, fans, and runtime as independent variables, with average rating as the dependent variable. The results show that likes have a strong positive effect on ratings, as illustrated in Figure 10, where the regression line demonstrates an upward trend. This indicates that films with higher levels of audience engagement tend to receive higher ratings. Fans also show a positive relationship, although to a lesser extent, while runtime has a minimal and non-significant effect.

Overall, the statistical analysis highlights that audience engagement metrics, particularly likes, are key predictors of film success, whereas runtime plays a limited role. These findings reinforce the importance of user interaction in shaping film evaluation and provide valuable insights for data-driven decision-making in the film industry (Provost and Fawcett, 2022).
6. [bookmark: _Toc228291668]Insights and Recommendations 
The analysis of the dataset provides several important insights into the factors influencing film success and audience engagement. Firstly, descriptive and statistical findings indicate that audience interaction metrics, particularly likes and watches, are strongly associated with higher film ratings. The correlation and regression analyses confirm that films with greater engagement tend to receive more positive evaluations, highlighting the importance of audience-driven popularity. This supports the view that user-generated data plays a critical role in shaping perceived value and content success in digital platforms (Provost and Fawcett, 2022).
Additionally, genre analysis reveals that certain genres, such as Drama and Comedy, dominate the dataset and are associated with relatively higher ratings. This indicates that audience preferences vary across genres and that content type significantly influences viewer satisfaction. Previous research also suggests that genre is a key determinant of consumer choice and engagement in the media industry (Wedel and Kannan, 2021). In contrast, runtime was found to have a limited impact on both engagement and ratings, suggesting that film length is less important compared to content quality and audience appeal.
Based on these findings, several recommendations can be made. Film producers and streaming platforms should prioritise strategies that enhance audience engagement, such as targeted marketing campaigns and personalised recommendation systems. The use of data analytics to identify high-performing genres can support more effective content production and distribution strategies (Sharda et al., 2022). Furthermore, platforms should focus on improving accessibility, for example by offering multilingual subtitles, to expand global reach and audience interaction.
However, this analysis is subject to certain limitations. The dataset does not include variables such as production budget, marketing expenditure, or critical reviews, which may also influence film success. This limitation reflects a broader challenge in data analytics, where incomplete data can restrict the depth of insights (Mikalef et al., 2022). Future research could incorporate these additional variables to provide a more comprehensive understanding of performance drivers. Overall, the findings demonstrate the importance of data-driven decision-making in improving business outcomes within the film industry (Provost and Fawcett, 2022).
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