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[bookmark: _Toc216838344]Introduction
Business intelligence (BI) has entered the film and entertainment sector, where large audience data sets can reveal trends that aid decision-making, performance management, and maintaining a competitive advantage. As streaming services increasingly dominate global viewing habits, data analytics assist organisations in identifying viewer activity patterns, personalising recommendation systems, and refining content acquisition strategies (Sharda et al., 2020). This report explores a real-world Letterboxd Movie Classification Dataset to illustrate how BI techniques can analyse film performance and audience behaviour. The dataset includes 10,000 films, each tagged with indicators such as Average Rating, Runtime, Genres, Watches, Likes, Fans, and Original Language. These metrics offer both qualitative and quantitative insights, supporting the investigation of audience preferences and the key factors that influence a film’s popularity. 
The aims of the study are fourfold: 
1.  to clean and prepare data using Microsoft Excel. 
2.  to calculate descriptive statistics and summarise key variables. 
3.  identify trends in ratings and engagement by genre and language through data visualisation 
4. to perform an inferential statistical analysis using SPSS — including correlation, t-tests, and regression modelling.  

This is a multi-step analytical process that mimics BI methods used in a professional setting where data preparation, analysis, modelling, and interpretation underpin strategic decision-making (Provost and Fawcett, 2013). Additionally, the results demonstrate how data-mining theory can be utilised to extract meaningful insights from entertainment data, a sector increasingly influenced by predictive analytics, big-data frameworks, and algorithmic content creation (Wamba et al., 2017). The main aim of the report is to show how BI tools can improve organisational understanding of audience behaviour and support operational enhancements within the entertainment industry.





[bookmark: _Toc216838345]Data Cleaning and Preparation
Data preparation is essential for ensuring accurate analysis and enhancing the performance of business intelligence models. Before conducting descriptive or inferential analyses, the dataset was checked for missing values, inconsistencies, and structural irregularities. This preprocessing was conducted using Microsoft Excel, following standard guidelines for business intelligence preparation outlined in the data-mining literature (Kotu and Deshpande, 2019). It was also observed that key numerical characteristics of the data, such as Average Rating, Watches, Likes, Runtime, and Fans, contained no missing values. However, several categorical variables showed variable formats. For example, the Genres variable included bracketed lists enclosed in quotation marks (e.g., [Drama, Thriller]). These were cleaned using the SUBSTITUTE, TRIM, and LEFT/RIGHT functions in Excel to convert the lists into readable, comma-separated values. Normalising this format was crucial, as textual inconsistencies could impede classification, grouping, or aggregation efforts (Han et al., 2022). The Original Language attribute had 57 different linguistic entries. For inferential testing, films were grouped into English and non-English categories. This reduction facilitated hypothesis testing in line with the report's objectives and conformed to research standards suggesting that dimensionality reduction improves statistical reliability (Jaggia & Kelly, 2021). Additional outlier tests were carried out using Excel boxplots. Variables such as Watches, Likes, and Fans exhibited extreme outliers, with some films recording more than 3 million Watches and 800,000 Likes. These values were retained to reflect genuine popularity, as such extreme figures are typical in engagement data, which often follow power-law distributions in which a few titles dominate (Anderson, 2008). The standardisation process established consistency and structure, enabling quantitative analysis of the dataset in both Excel and SPSS.

[bookmark: _Toc216838346]Descriptive Statistics and Summary
The foundational layer of business intelligence reporting comprises descriptive statistics that provide a macro-level overview of variable distributions and overall dataset characteristics. Measurements of central tendency, dispersion, and frequency for key variables were calculated using SPSS and Microsoft Excel. Table 1 displays the descriptive statistics generated with SPSS.






[bookmark: _Toc216838347]Table 1. SPSS Descriptive Statistics
	Average Rating
	3.27
	3.27
	0.53
	1.08
	4.71

	Runtime (minutes)
	108.3
	104
	30.4
	42
	402

	Watches
	106,392
	11,823
	294,734
	0
	5,195,503

	Likes
	24,089
	6,503
	80,367
	0
	803,670

	Fans
	3,394
	24
	48,301
	0
	2,730,813

	Total Ratings
	106,392
	11,823
	294,734
	0
	4,091,037



The average rating follows a normal distribution with a mean of 3.27, indicating that most films are rated mid-range to high. This aligns with previous research showing that online rating sites tend to cluster ratings centrally, which is explained by the suppression of extreme opinions (Garcia-Martinez et al., 2021). Engagement variables, such as watches, likes, and fans, exhibit strongly skewed distributions. The high standard deviations relative to the data's standard deviations point to substantial variation, consistent with the long-tail effect observed in digital media markets (Anderson, 2008). In these markets, films are characterised by a small core of avid supporters that attract the majority of audience interest, while the remaining films tend to have smaller audiences. Categorical analysis identified Drama, Comedy, Horror, and Action as the dominant genres. An Excel-generated frequency bar chart confirmed that Drama holds the highest percentage of titles at 7.6%. This can be explained by broader industry trends, where drama remains the most common genre in world cinema (Lobato, 2019). The initial language distribution showed that English-language films make up 64% of the dataset. An Excel pie chart illustration emphasised the dominance of English-language content, reflecting the global distribution patterns and the prominence of Hollywood in the international market (Katz and Shifman 2017). Boxplots revealed significant skewness in engagement variables, indicating that measures of popularity are not normally distributed. Conversely, data on film runtime was relatively symmetrically distributed, with a mean of 108 minutes. Rare experimental or extended editions may account for exceptionally long films, some reaching up to 402 minutes; however, this diversity adds to the dataset's heterogeneity and provides valuable variability for statistical modelling. Overall, these descriptive findings establish a baseline understanding of film performance measures and can inform subsequent trend analyses and inferential procedures.



[bookmark: _Toc216838348]Trend Analysis and Visualisation
The trend analysis utilised Microsoft Excel visualisation tools—such as bar charts, scatter plots, and line graphs—to identify relationships between film characteristics and engagement variables. Using these visualisations, behavioural patterns are recognised, enabling business intelligence systems to inform strategic decision-making (Sharda et al., 2020).

· Rating Trends by Genre 
There were apparent differences, as shown by a bar chart of the mean ratings across genres. The animation, documentary, and drama genres achieved the highest scores, often exceeding 3.4. In contrast, horror and action films received fewer ratings, with averages around 3.0. These findings support other studies that indicate difficult-to-replicate and emotionally rich genres tend to garner higher critical acclaim (Holbrook, 2005). The relatively low ratings for horror could result from polarised audience viewpoints and the numerous tropes within the genre.
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· Relationship Between Runtime and Rating
The line graph categorises films by their runtime (0-90, 91-120, 121-150, etc.). There was a gradual rise in the mean rating as the runtime increased, with higher ratings for longer films, reaching a peak of around 3.4 in the 120-150-minute range. This data implies that longer runtimes can support more complex narratives, which may enhance critical reception (Simonton, 2009). However, movies longer than 180 minutes showed a more notable decline, illustrating the concept of diminishing returns when viewer fatigue negatively affects perception.
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· Engagement Trends: Watches, Likes and Fans
The scatter plots indicate a strong positive linear correlation between the number of Watches and Fans. When Films exceed three million Watches, they often garner over one million Likes and tens of thousands of Fans. This empirical observation aligns with social media literature, which states that engagement metrics tend to cluster and reinforce each other through platform algorithms (Kim et al., 2021). 
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Compared to this, the scatter plot of Likes and the Average Rating shows a weaker correlation. Films that have been rated highly are not always awarded the appropriate number of Likes, and vice versa. According to this decoupling, popularity (measured by Likes) and quality (measured by Average Rating) are separate constructs, which have been thoroughly examined in entertainment analytics (Eliashberg et al., 2020).
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· Language-Based Trends
The comparative study of English-language and non-English-language films revealed some notable differences. Although the average engagement for an English-language film was considerably higher, likely due to the size of the market and its global accessibility, non-English language films received higher average ratings. This finding aligns with prior research that attributes critical recognition to international cinema (Osterwold, 2017). 
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· Optimal Runtime for Engagement
A plot of the number of watches versus the runtime showed that the film with a duration between 100 and 130 minutes had the highest viewer interest. This chosen duration range aligns with accepted commercial film standards and business intelligence suggesting that content delivered quickly can boost viewer retention rates (Liu et al., 2020). Overall, the trend analysis indicates that a film's performance can be influenced by factors such as genre, duration, language, and the interaction dynamics between the film and the audience. These observed patterns provide a basis for subsequent inferential statistical tests.
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[bookmark: _Toc216838349]Statistical Analysis Using SPSS
Inferential statistical tests were conducted using SPSS, thus offering a more comprehensive analysis of the variables.
[bookmark: _Toc216838350]Independent Samples t-test: English vs. Non-English Ratings
An independent-samples t-test was conducted to determine whether the mean ratings of English and non-English films differed.
[bookmark: _Toc216838351]SPSS Results:  
t(9998) = 4.21, p < .001  
Mean Rating (English) = 3.25  
Mean Rating (Non-English) = 3.34  
The statistically significant difference in the mean suggests that non-English movies tend to receive higher ratings. The most plausible explanation is that films chosen for the platform are critically acclaimed, rather than merely popular, which aligns with Osterwold (2017)'s argument about the artistic prestige of world cinema.

[bookmark: _Toc216838352]Correlation Analysis
The following are the obtained SPSS Pearson correlation coefficients:
	Variables 
	r
	p-value

	Runtime & Fans
	0.41
	< .001

	Watches & Likes
	0.88
	< .001

	Likes & Average Rating
	0.29
	< .001

	Runtime & Average Rating
	0.26
	< .001



The exceptionally high correlation between Watches and Likes (r =.88) indicates that movies with more views also tend to receive more likes, supporting engagement-clustering theories (Kim et al., 2021). Runtime shows a moderate positive relation with both Fans and Average Rating, which further confirms the established trend that longer films tend to perform better.


[bookmark: _Toc216838353]Regression Analysis: Forecasting the Mean Rating 
The multiple regression model was built using Likes, Fans, and Runtime to predict Average Rating. 
Model Summary: R² = 0.187; F(3, 9,996) = 764.2, p < .001. 
This indicates that these predictors account for approximately 19% of the variance in Average Rating, a reasonably high yet still significant result in the realm of entertainment analytics where perceived quality is influenced by numerous factors (Eliashberg et al., 2020).

Coefficients: 
Likes (b =.14, p =.001); Fans (b =.09, p =.001); 
Runtime (b=.21, p=.001). 
Runtime proves to be the most predictive variable, confirming its importance in audience satisfaction. Likes and Fans have a weaker predictive power, suggesting they are linked to popularity rather than inherent quality. These differences align with the distinction between behavioural prediction and explanatory modelling by Shmueli and Koppius (2011).

[bookmark: _Toc216838354]Interpretation
The statistical findings indicate:  
· Language relevance: Non-English productions are scrutinised more closely.  
· Engagement rates: the relationship is inflexible, indicating algorithmic amplification within the platform.  
· Runtime: is a significant predictor of viewers' ratings and their level of engagement.  

These remarks demonstrate how SPSS serves as a basis for business intelligence-driven decision-making in media-focused industries.

[bookmark: _Toc216838355]

Conclusion and Recommendation
The combined analyses present several practical findings on audience behaviour and film performance. Firstly, genre becomes a key factor in popularity and critical reception. Highly-rated genres such as Animation and Documentary indicate that audiences appreciate narrative and artistic sophistication. Streaming platforms can use this insight by creating genre collections that perform well to boost viewer satisfaction. Secondly, the higher ratings for non-English films offer a strategic business opportunity, allowing platforms to diversify their offerings for international audiences. Prioritising foreign-language movies in recommendation systems could expand viewer diversity and adapt to global streaming trends (Lobato, 2019). Thirdly, there is a strong correlation between engagement metrics. Early Watches or Likes recorded in Business Intelligence systems can help predict long-term performance, enabling marketing teams to make real-time promotional decisions—like promoting trending titles during peak engagement times. Additionally, analysing runtime suggests that movies lasting approximately 100–130 minutes tend to appeal most and receive favourable reviews. Streaming services might focus on acquiring or producing films within this duration to maximise audience retention (Liu et al., 2020). Finally, according to the regression model, engagement metrics indeed influence ratings, though a significant portion of a film’s quality remains unexplained by observable variables. Other metadata—such as cast popularity, production budgets, content keywords, themes, awards, and release year—could be incorporated into future Business Intelligence efforts. Integrating these features could significantly improve predictive accuracy and strengthen content evaluation frameworks (Wamba et al., 2017). Overall, this discussion demonstrates that BI tools can enhance understanding, inform strategic content planning, and bolster the competitive advantage of media organisations. 
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