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[bookmark: _Toc228385836]Introduction 
This report aims to analyse the data of Letterbox Movie Classification to determine the main drivers of film ratings and viewer engagement. The data contains 10,000 observations with the variables including average rating, minutes, total watches, total likes, total fans and language. The study applies business intelligence tools in Microsoft Excel and SPSS and examines viewer engagement and film performance. Business intelligence is a critical concept in the field of statistics as it provides applied and actionable conclusions of statistical analysis that transform raw data into strategic insights to inform organisational decisions (Bany Mohammad, et al., 2022). It will explore the relationship between film attributes and viewer reactions, and this report covers data cleaning and preparation, descriptive statistics analysis, trend analysis using visualisation, and statistical testing. These techniques can be used to identify the relationship between variables and identify factors that influence film ratings and audience response (Saidu, et al., 2023). 
This analysis is critical for the decision-making processes in the entertainment industry as data analytics support content creation, audience segmentation and optimisation of platforms (Morah, 2025). The use of analysis methods on actual data showcases the way business intelligence platforms help enhance business operations and decision-making.


[bookmark: _Toc228385837]Data Preparation and Cleaning
Data cleaning is the priority process in data analysis because it helps in identifying and fixing inaccurate, incomplete, corrupt, or duplicate data within a dataset that ensures quality and consistency (Valova, et al., 2025). This process for this dataset was carried out in Microsoft Excel to ensure accuracy and consistency, and to prepare the clean data for statistical modelling. 
[image: ]
Figure 1: multi-value strong data
There were several issues with the structure and formatting of the dataset. The "Genres" variable contained multi-value string data, as shown above, which could not be directly used for grouping or comparative analyses. Further, a new variable, "Main_Genres," was derived to aid this issue by extracting the primary genre category that helped with valid grouping and comparisons among films. The variable “Original_Language” was standardised and recoded into a categorical variable with English and Non-English counts and further into a numerical variable “Language_Numerical” to enable statistical analysis in SPSS. Also, a new variable, "Rating_Category" was created through threshold-based categorisation with Low: <3.5, Medium: 3.5-4.0, High: >4.0 for segmentation analysis and visualisation. This has confirmed that there are no missing values across the variables and statistical rigour. 
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Figure 2: Outliers in Dataset
However, significant variability and outliers have been witnessed in engagement variables (Total_Watches, Total_Likes and Total_Fans). These variables exhibited high skewness and kurtosis because of outliers, but they were kept to maintain real-world representativeness, as they are common to digital media with "winner-takes-all" dynamics (Trilling, et al., 2024). Other variables, such as “Engagement_Level”, were also generated to group movies according to their engagement levels, which unlocked an exploratory study. Non-useable and non-informative variables, such as director names and others, have been removed for clarity. Data preparation has improved structural integrity, analytical validity, and prepared the data for the application of both descriptive and inferential statistical methods, which aligns with best practices in business intelligence and data analytics (Kahn, 2023). 
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Descriptive statistics were analysed using SPSS, as shown below, to reveal the underlying distribution of the data and the structure of film performance. There are 10,000 observations in the dataset, offering a strong foundation for analysis.
	Descriptive Statistics

	
	N
	Minimum
	Maximum
	Mean
	Std. Deviation

	Runtime Minutes
	10000
	2
	907
	103.17
	38.071

	Average_Rating
	10000
	1.08
	4.71
	3.2686
	.52574

	Total_Watches
	10000
	2
	5195503
	170314.82
	458532.917

	Total_Likes
	10000
	0
	2730813
	43734.79
	151531.431

	Total_Fans
	10000
	0
	326000
	1652.55
	9368.258

	Valid N (listwise)
	10000
	
	
	
	


The mean film rating is 3.2686, which demonstrates a moderate central tendency with low variability, while its median is 3.27, which implies a consistent distribution of ratings with low variability across different films. However, a slight negative skewness of -0.408 depicts a slight bias towards higher ratings, which indicates bias towards positive ratings. This aligns with the phenomenon of optimism bias in user ratings, in which users rate objects positively if they perceive them as positive (van der Meer, et al., 2023). In comparison, there is considerable variance and high positive skewness in engagement variables as Total_Watches has a mean of 170,314.82 and a median of 18,425, while Total_Likes has a mean of 43,734.79 with a median of 3,394 and Total_Fans has a mean of 1,652.55 and a median of 24, which reflects large disparities. This suggests that outliers are presented at which a few films receive disproportionately high engagement. This aligns with high kurtosis scores as Fans at 324.81 shows heavy-tailed distributions with high levels of kurtosis.
This is identified as common in digital media companies, as user attention is skewed and concentrated on a small number of popular films, which shows a "long-tail" effect as small number of products account for most of the sales (Kan, et al., 2022). Therefore, as per BI concepts, these metrics may not be the most appropriate to guide decision-making, as they can be affected by outliers. The distribution of Runtime shows a mean of 103.17 minutes with SD at 38.07, which is moderately variable despite the range including some extreme values, such as short films or long films. These observations add to the variability of the dataset, but reflect the true nature of the data and are therefore retained to preserve real-world variability.
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Trend Analysis and Visualisation 
Trend analysis helped explore the relationship between film attributes and audience feedback, while visualisations allowed for the detection of patterns. 
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Figure 3: Average Rating by Film Genres
Average ratings by genre, as above, show significant differences, as Genres like Documentary, History and Music have higher average ratings between 3.45-3.65, while genres like Horror and Action have lower ratings between 2.9-3.1, which reflects the possibility that audiences perceive greater quality informational or evaluative content. This aligns with claims that audience ratings are often higher for niche genres or those that provide intellectual stimulation (Jeffres, et al., 2022). Therefore, investing in such genres for commercial purposes may contribute to improved perception of quality and brand awareness.
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Figure 4: Ratings as per Language
Language-specific visualisation above reveals that the average rating for Non-English films at 3.51 is higher than that for English films at 3.21, as foreign or niche genres are rated higher because of the nature of selective audiences with higher interest or cultural fit. This shows the value of international content expansion and localisation for streaming services to optimise viewer satisfaction. Moreover, the correlation between runtime and average rating is very weak, with an R² of 0.0035 presented below, and therefore, the length of a film has little bearing on viewer ratings. This is similar in total fans and average rating relationship with R² at 0.0178, which indicates that user popularity does not correlate with user evaluation.
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Figure 5: Average rating by Runtime and Film Fans
In contrast, the relationship between watches and likes shows a strong positive correlation with R² of 0.90, which showcases the impact of visibility on user engagement (figure below). However, the lack of correlation between these measures of engagement and rating suggests that popularity is not the only driver of audience approval. 
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Figure 6: Relationship Watches and Likes

Moreover, the correlation between list appearances and ratings is weak, as R² amounts to 0.1365, claiming that list inclusion does not heavily impact audience ratings in the figure below. 
[image: ]
Figure 7: Average Rating by List Appearances
Categorical analysis presented below shows that most films are in the "Low" rating category, followed by Medium and High, which reveals that high ratings are the exception, further emphasising competition for audience support. Similarly, engagement is dominated by films with low engagement, defining that only a few films are engaging a large audience.
[image: ]
Figure 8: Rating Category Distribution and Engagement by Rating
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The statistical analysis helps analyse relationships between variables and to determine which variables significantly predict film rating (Abidi, et al., 2020). 
	Group Statistics

	
	Language_Numerical
	N
	Mean
	Std. Deviation
	Std. Error Mean

	Average_Rating
	1.00
	8074
	3.2110
	.52386
	.00583

	
	2.00
	1926
	3.5100
	.46112
	.01051


	Independent Samples Test

	
	Levene's Test for Equality of Variances
	t-test for Equality of Means

	
	F
	Sig.
	t
	df
	Sig. (2-tailed)
	Mean Difference
	Std. Error Difference
	95% Confidence Interval of the Difference

	
	
	
	
	
	
	
	
	Lower
	Upper

	Average_Rating
	Equal variances assumed
	27.952
	.000
	-23.012
	9998
	.000
	-.29900
	.01299
	-.32447
	-.27353

	
	Equal variances not assumed
	
	
	-24.883
	3219.994
	.000
	-.29900
	.01202
	-.32256
	-.27544


An independent samples t-test reveals a significant difference with p < 0.005, with Non-English films having a mean of 3.51, rated higher than English films having a mean of 3.21. Levene's test for equality of variances was significant (p < 0.005) which reflects unequal variances. This shows that language has a significant impact on viewer perceptions, which may be due to cultural differences and selective viewing behaviours. This aligns with findings that independent or international films are better rated due to more attentive audiences (Allwyn, 2024; Overduin, et al., 2018).  
	Correlations

	
	Runtime Minutes
	Average_Rating
	Total_Watches
	Total_Likes
	Total_Fans

	Runtime Minutes
	Pearson Correlation
	1
	.186**
	.146**
	.129**
	.088**

	
	Sig. (2-tailed)
	
	.000
	.000
	.000
	.000

	
	N
	10000
	10000
	10000
	10000
	10000

	Average_Rating
	Pearson Correlation
	.186**
	1
	.249**
	.290**
	.251**

	
	Sig. (2-tailed)
	.000
	
	.000
	.000
	.000

	
	N
	10000
	10000
	10000
	10000
	10000

	Total_Watches
	Pearson Correlation
	.146**
	.249**
	1
	.951**
	.671**

	
	Sig. (2-tailed)
	.000
	.000
	
	.000
	.000

	
	N
	10000
	10000
	10000
	10000
	10000

	Total_Likes
	Pearson Correlation
	.129**
	.290**
	.951**
	1
	.799**

	
	Sig. (2-tailed)
	.000
	.000
	.000
	
	.000

	
	N
	10000
	10000
	10000
	10000
	10000

	Total_Fans
	Pearson Correlation
	.088**
	.251**
	.671**
	.799**
	1

	
	Sig. (2-tailed)
	.000
	.000
	.000
	.000
	

	
	N
	10000
	10000
	10000
	10000
	10000

	**. Correlation is significant at the 0.01 level (2-tailed).


Correlation analysis above shows significant correlations which are strong among engagement variables, such as total watches and total likes with r at 0.95 and likes and fans with r at 0.799. This indicates that popularity is strongly linked to engagement, as predicted by digital engagement theory (Tanaltay, et al., 2025). However, correlations between average rating and other variables were low, as rating and likes had an r of 0.290 and rating and watches had an r of 0.249, indicating that popularity does not predict quality ratings.

	Variables Entered/Removeda

	Model
	Variables Entered
	Variables Removed
	Method

	1
	Total_Fans, Runtime Minutes, Total_Watches, Total_Likesb
	.
	Enter

	a. Dependent Variable: Average_Rating

	b. All requested variables entered.




	Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	.342a
	.117
	.116
	.49423

	a. Predictors: (Constant), Total_Fans, Runtime Minutes, Total_Watches, Total_Likes



	ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	322.405
	4
	80.601
	329.981
	.000b

	
	Residual
	2441.386
	9995
	.244
	
	

	
	Total
	2763.791
	9999
	
	
	

	a. Dependent Variable: Average_Rating

	b. Predictors: (Constant), Total_Fans, Runtime Minutes, Total_Watches, Total_Likes



	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	3.018
	.014
	
	211.152
	.000

	
	Runtime Minutes
	.002
	.000
	.159
	16.738
	.000

	
	Total_Watches
	-3.935E-7
	.000
	-.343
	-9.935
	.000

	
	Total_Likes
	2.139E-6
	.000
	.616
	14.490
	.000

	
	Total_Fans
	-1.447E-6
	.000
	-.026
	-1.449
	.147

	a. Dependent Variable: Average_Rating



A multiple regression analysis shown above assess the overall impact of runtime, watches, likes and fans on average rating. This model was significant as F = 329.981, p < 0.005, but accounted for only 11.7% of the variance in rating as R² amounted to 0.117, suggesting that it is not a powerful predictor. Total likes were the most significant predictor (β = 0.616, p < 0.005), indicating the audience's positive reception is related to quality. Duration had a slight positive impact (β = 0.159), whereas total watches had a negative impact (β = -0.343), reflecting that popularity does not always lead to better ratings. Total fans were not significant as p = 0.147, showing insignificant impact on ratings when adjusted for other variables. Further, the very high correlation between watches and likes suggests multicollinearity, which affects regression coefficients. This is a weakness of the model, and caution needs to be taken when interpreting the coefficients. The low R² indicates potential omitted variable bias, with variables like production budget, talent, and advertising not accounted for. This shows evidence that viewership analytics play a role in ratings and they do not explain audience perceptions completely, highlighting the complexity of media choice (Ahmed and Abdulkareem, 2023). 


[bookmark: _Toc228385841]Discussion And Business Implications
· The rating difference between English and Non-English films claims that Non-English films may have a higher perceived quality than English films which suggests a potential for streaming services to invest in international content creation and localisation with subtitles and dubbing to improve user consumption and experience.
· The low correlation between ratings and popularity measures as watches and fans suggests popularity may not always translate to quality. This is important for recommendation systems, which relies on popularity-based indicators. Excessive use of these indicators may result in poor recommendations and dissatisfaction for users. Instead, services should factor in quality-related metrics, such as user ratings and sentiment, in their engagement algorithms (Di Tecco, 2025).
· The significant positive association between watches and likes indicates engagement is driven by exposure, supporting the role of visibility and promotion in driving engagement. Films with higher initial exposure are more likely to engage users, validating the importance of marketing and algorithms in success. However, the inverse relationship between watches and ratings observed in the regression analysis suggests that successful films may reach a wider audience with diverse tastes, potentially diluting ratings.
· The positive but weak relationship between duration and ratings suggests that longer films may be seen as more valuable or satisfying, but it is not a key factor with a small effect size.
· Films are disproportionately clustered in the low-audience-engagement and low-rating quadrants because the industry is highly competitive, with only a minority of films becoming successful. Therefore, companies should use data approaches to better identify success stories and allocate their resources accordingly.


[bookmark: _Toc228385842]Conclusion
The use of business intelligence methods identified the factors that impact film ratings and audience engagement, based on 10,000 films. It is found that while the relationships between engagement measures like watches and likes are strong, they have only a modest impact on ratings. Instead, the latter appears to depend on other, more complex factors that were not considered in the data. Films not in English were rated significantly better, reflecting the value of diverse content. Also, the regression analysis showed that the model is significant, but only explains a small part of the variance presenting that more variables are needed in the analysis. The results highlighted the difference between popularity and quality and stated the need for more sophisticated analytical methods in content analysis and recommendation. Business implications include the value of data-based decision-making for enhancing content development, audience engagement, and overall platform efficiency. Future studies should include more variables, including production cost, genre-specific factors and audience demographics, to improve predictive power.
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