[image: ]


Data Handling and Business Intelligence
LCBB5014

Student Name: Xenia Costea

Student Number: 2422705


Table of Contents
1. Introduction	3
2. Data Cleaning and Preparation	4
3. Summary Statistics and Descriptive	6
4. Trends and Visualisations	9
5. Statistical Analysis (SPSS)	12
6. Insights, Recommendations and Conclusion	16
References	17



[bookmark: _Toc228474290]1. Introduction 
The report is based on the data analysis of a dataset of Letterbox Movie Classification, which incorporates 10,000 films' information to determine the factors that affect film ratings and engagement on online platforms. There is a growing importance of data-driven strategies in the entertainment sector, and therefore, it is crucial to explore the relationships between film genres, language, duration, and engagement statistics with film ratings in order to enhance content strategies and recommender systems (Ahmed and Abdulkareem, 2023). This analysis will follow a systematic approach that involves data preparation and descriptive statistics to visualise trends, and statistical analysis using Microsoft Excel and IBM SPSS Statistics software. This research has three key objectives, which include cleaning the data set to achieve consistency and accuracy, visualising and understanding trends in ratings of genres and language groups and using inferential statistical techniques such as t-tests, correlation and regression to explore relationships between variables and to determine important predictors of film ratings.
The integration of statistical analysis with theoretical insights, such as the long-tail of digital media consumption and cultural consumption patterns, will offer technical and practical insights. This will be used to guide business intelligence strategies on content creation, user segmentation and online platform optimisation.
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Figure 1: Nested Genre Format
Cleaning a dataset is one of the most critical aspects of data analysis as it ensures accuracy, consistency, and reliability, preventing incorrect conclusions which lead to ineffective decisions (Corrales, et al., 2018). Preparation and data in this were mostly done in Excel, and the original data set had inconsistencies in the genre variable, which had multiple values in a nested format (Figure 1).  This issue was resolved by using text cleaning functions to remove brackets and special characters, and creating a new variable, Genres, by extracting the first genre, which has allowed each movie to be classified into one category and resulted in proper grouping and comparison as needed. The variable "Language" was also transformed to have a binary classification with “Language_Coded” with 1 = English, 2 = Non-English which was required to conduct inferential statistics in SPSS (Figure 2). 
[image: ]
Figure 2: Language_Coded Variable
There were no missing data, but there was an error with having an unknown category in Genre, which was detected and eliminated. All the irrelevant variables, such as total ratings and redundant breakdowns of categorical variables, were removed to minimise noise and multicollinearity in regression models. Numerical variables such as average rating, running time, total watches, total likes and total fans were checked and properly formatted. This data preprocessing resulted in a clean, uniform and "analysis-ready" dataset that provided a solid basis for statistical and visual analysis as needed for structured data analysis in the business intelligence domain (Brown and Anderson, 2023). 
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	Descriptive Statistics

	
	N
	Minimum
	Maximum
	Mean
	Std. Deviation

	Average_rating
	10000
	1.080000000000000
	4.710000000000000
	3.268620000000010
	.525743983582910

	Runtime
	10000
	2
	907
	103.17
	38.071

	Watches
	10000
	2
	5195503
	170314.82
	458532.917

	Likes
	10000
	0
	2730813
	43734.79
	151531.431

	Fans
	10000
	0
	326000
	1652.55
	9368.258

	Valid N (listwise)
	10000
	
	
	
	


Descriptive stats define a characteristic of a dataset and provide a clear summary (Ghanad, 2023). These statistics in the table above provide key features of the data that inform subsequent analysis. The average film rating, with a mean of 3.27 and an SD of 0.53, depicts that the audience gives average ratings with little variability, which supports the claim that the majority of films are rated centrally, showing the centralisation of user ratings. However, high variability is witnessed in engagement variables as total watches has a mean of 170,314 with SD at 458,532, total likes has a mean of 43,734 with SD at 151,531, and total fans has a mean of 1,652 with SD at 9,368, which all demonstrate substantial dispersion relative to their means. This evaluates a highly skewed distribution with a few films grabbing the most attention. This supports the concept of “long-tail distributions”, in which a small number of hits attract disproportionate attention and popularity compared to the rest (Shur-Ofry, et al., 2024). This is because film popularity obeys power-law distributions, with a few films attracting most of the attention and revenue (Hesmondhalgh, 2019).  It has important consequences for online platforms since it implies that content popularity is highly skewed and depends on network effects.
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Figure 3: Distribution of Film Ratings
The above film ratings distribution evidences the idea discussed, as ratings are concentrated around the centre and have only a few extreme observations. This suggests that while usage is highly skewed, quality is more consistent and less extreme. Additionally, the categorical analysis shows differences in ratings by genre. For example, documentary, history, and war genres have higher average ratings than action, science fiction and horror (Figure 4). This aligns with the view that people rate films higher when they perceive higher narrative sophistication, realism or artistry as highly demanded nowadays (Li, 2024). On the other hand, popular genres such as action, science fiction and horror may focus more on commercial success, which may not correspond with higher ratings.
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Figure 4: Film Ratings by Genres
Descriptive analysis of language indicates that non-English films have a mean of 3.51, which is rated higher than English films with a mean of 3.21 (Figure 5). This shows systematic bias in ratings due to cultural or selection biases, which aligns with cultural discount theory in which foreign films may be valued more as authentic or more novel, enhancing their perceived value to a global audience (Gao, et al., 2025). 
[image: ]
Figure 5: Ratings by Language
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The ratings distribution in Figure 3 shows a strong central tendency around the mid-point and depicts a tendency towards average ratings. This reflects that audiences do not prefer extreme ratings, which supports the fact that users often favour middle ground ratings in aggregate reviews (Ren and Chandra, 2025). Moreover, Genre trends in Figure 4 show that films in the categories of documentary, history and war have significantly higher average ratings, while action, science fiction and horror have lower averages, which is a dichotomy between content with artistic merit and commercial appeal. Documentaries and informational content are rated higher for their perceived content value, while event films with high production values are rated lower for their entertainment value. This highlights a need to look beyond engagement in assessing content, as genres with high engagement may not lead to high satisfaction, which suggests a need to diversify genres. Rating trends by language in Figure 5 also support this, as ratings for non-English films are higher than those for English films, which signals that international viewers prefer different or more exotic content. This is also because high-quality non-English films are selected for release overseas, resulting in higher average ratings for these films (Yaqoub, et al., 2024). 
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Figure 6: Relation among Watches and Likes
Scatter plots also highlighted variable relationships, as shown in the scatter plot of total watches and total likes. Figure 6 exhibits a very strong positive linear relationship with R² at 0.90, which defines the crucial role of visibility in user engagement. This supports the idea of a network effect, with increased exposure leading to compounding of user engagement (Aamir, et al., 2024). 
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Figure 7: Relation among runtime and rating
However, weakness in correlations is witnessed in others, as evident between runtime and ratings, having an R² of 0.03, which indicates that the length of the film does not significantly impact audience ratings (Figure 7). Similar to this, the association between fans and ratings in Figure 8 shows R² of 0.06, which is low, indicating that popularity does not predict ratings.
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Figure 8: Relation among Fans and Rating
This reveals a fact that engagement and quality are not the same factors, as engagement scores are highly correlated, but do not predict ratings. This is relevant for algorithms on social media platforms, which favour engagement.
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	Group Statistics

	
	Language_Coded
	N
	Mean
	Std. Deviation
	Std. Error Mean

	Average_rating
	1
	8074
	3.211032945256399
	.523858634415148
	.005830015829661

	
	2
	1926
	3.510031152648008
	.461118458528005
	.010507136298035

	Independent Samples Test

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

	
	F
	Sig.
	t
	df
	
	
	
	
	

	
	
	
	
	
	
	
	
	
	

	Average_rating
	Equal variances assumed
	27.952
	.000
	-23.012
	9998
	
	
	
	
	

	
	Equal variances not assumed
	
	
	-24.883
	3219.994
	
	
	
	
	


Statistical analysis performed in IBM SPSS Statistics to test relationships between variables and the significance of these relationships. The t-test defines a significant difference between the means of two groups (Adhikari, et al., 2023). A t-test was conducted to analyse the difference in the average rating between English and non-English films. The analysis reveals that the average rating of non-English films has a mean of 3.51, which is significantly greater than that of English films with a mean of 3.21, having p < 0.005 in the table above. This indicates that the variation is significant, instead of an artefact of random chance. In terms of theory, this result aligns with cultural consumption theories as consumers might place higher value on content that is culturally different or unfamiliar (Cruz, et al., 2024).  Furthermore, this finding is due to a selection bias, as only higher-quality non-English films are released internationally. This implies that firms should consider investing in content for an international audience as per the higher audience satisfaction associated with non-English films.
	Correlations

	
	Average_rating
	Runtime
	Watches
	Likes
	Fans

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

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

	
	N
	10000
	10000
	10000
	10000
	10000

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

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

	
	N
	10000
	10000
	10000
	10000
	10000

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

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

	
	N
	10000
	10000
	10000
	10000
	10000

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

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

	
	N
	10000
	10000
	10000
	10000
	10000

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

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

	
	N
	10000
	10000
	10000
	10000
	10000


Pearson correlation quantifies the strength and direction of the linear relationship which has been performed in this dataset (Pan et al., 2024). The tables above show a very strong positive association between total watches and total likes, with an R of 0.951, signalling that the first step in audience engagement comes with exposure. There is also a strong correlation between total likes and total fans, with an R of 0.799, depicting that engagement plays a significant role in the build-up of a fan base. However, the correlation between average rating and the engagement variables is relatively low, varying from 0.25 to 0.29, which indicates that engagement variables are strongly related to each other, but not to perceived quality. This stresses the uncertainty of consumer preferences and the lack of correlation between popularity and quality, evident in existing studies (Bondi et al., 2025). Therefore, it can be said that engagement metrics alone can be misleading.
	Variables Entered/Removed

	Model
	Variables Entered
	Variables Removed
	Method

	1
	Fans, Runtime, Watches, 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
	.494227373630423

	a. Predictors: (Constant), Fans, Runtime, Watches, 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), Fans, Runtime, Watches, Likes



	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.
	Collinearity Statistics
	

	
	B
	Std. Error
	Beta
	
	
	Tolerance
	

	1
	(Constant)
	3.018
	.014
	
	211.152
	.000
	
	

	
	Runtime
	.002
	.000
	.159
	16.738
	.000
	.978
	

	
	Watches
	-3.935E-7
	.000
	-.343
	-9.935
	.000
	.074
	

	
	Likes
	2.139E-6
	.000
	.616
	14.490
	.000
	.049
	

	
	Fans
	-1.447E-6
	.000
	-.026
	-1.449
	.147
	.279
	


Moreover, multiple linear regression in the tables above determines the overall impact of the variables runtime, watches, likes and fans on film ratings. The model was significantly different with p < 0.001, indicating that the independent variables explain some of the variability of ratings. However, the R² value of 0.117 (11.7%) indicates that the model has low explanatory power, which suggests that other important factors affecting ratings are not accounted for in the model. Moreover, total likes is the most positive predictor with β at 0.616, having p < 0.005, indicating that films receiving more likes may have a slightly higher rating. There is also a positive but weaker association with runtime as β at 0.159, having p < 0.005, signalling that the longer the film, the higher the viewer's assessment, because films present more complex stories. However, total watches shows a strong negative association with rating as β at -0.343, having p < 0.005, showing that popular films with a large number of views are not necessarily top-rated films. This suggests a trade-off between popularity with a mass audience and quality, as films that may be viewed as massively appealing may appeal for reasons other than quality. Moreover, total fans were not statistically significant as p valued at 0.147 which depicts that an aggregate fan base does not significantly predict ratings in case other factors are considered.
	Collinearity Diagnosticsa

	Model
	Dimension
	Eigenvalue
	Condition Index
	Variance Proportions
	

	
	
	
	
	(Constant)
	Runtime
	Watches
	Likes
	

	1
	1
	3.056
	1.000
	.01
	.01
	.01
	.00
	

	
	2
	1.531
	1.413
	.03
	.03
	.00
	.00
	

	
	3
	.326
	3.063
	.00
	.00
	.06
	.01
	

	
	4
	.061
	7.053
	.96
	.96
	.00
	.00
	

	
	5
	.026
	10.749
	.00
	.00
	.93
	.99
	


Moreover, collinearity diagnostics indicate possible multicollinearity problems between watches and likes, two variables that are highly correlated, which may contribute to unreliable coefficient estimates and affect interpretability. These results indicate that although engagement metrics can offer some insights about consumer behaviour but they can't predict quality. Thus, platforms should integrate additional variables, such as content quality indicators and production characteristics, to improve predictive accuracy and decision-making.


[bookmark: _Toc228474295]6. Insights, Recommendations and Conclusion 
The findings offered a number of key insights about the factors influencing film ratings and audience engagement, such as the separation between audience engagement and ratings. Although the variables of watches, likes, and fans are highly correlated, they are weakly correlated to ratings. This indicates that audience engagement and popularity do not necessarily lead to greater audience satisfaction, and it is also evident in the regression analysis, with total watches having a negative impact on ratings, suggesting that popularity and quality may be inversely related. Further, non-numeric factors such as genre and language are more important determinants of audience ratings. Documentary, history and war films tend to be rated higher than other genres, which indicates audiences' appreciation for informative content. Similarly, foreign language films far outperform English films, signalling a good opportunity for international content development because of cultural preferences and the distribution of quality international films.
These insights are significant from a business intelligence perspective. Streaming platforms should not only consider engagement metrics, but also rating and quality-based metrics, to ensure user satisfaction. Also, content in international and niche genres should be favoured, as these genres show higher quality appreciation despite possibly lower engagement. Additionally, the strong correlation between views and likes suggests that visibility remains important for increasing engagement. As such, platforms should fine-tune their algorithms to consider visibility alongside other quality indicators as they ensure that high-quality content are not dominated by mass-produced popular content.
However, the limitations include the aspect that the regression explains only 11.7% of the variation in ratings, which depicts that other variables, such as film budget, cast and production quality, are missing. These factors should be included in future research to better predict film ratings and to gain a deeper insight into film success.
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