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1. [bookmark: 1. Introduction][bookmark: _bookmark0]INTRODUCTION
Data analytics has become increasingly important in the media and entertainment industries, where audience preferences, engagement behaviour, and content performance are shaped by large volumes of user-generated data. Digital platforms rely on systematic data analysis to understand what drives viewer satisfaction, popularity, and long-term engagement. As competition intensifies across streaming and content distribution markets, evidence-based decision-making is essential for optimising content strategies and improving business performance.
The Letterbox Movie Classification Dataset is a real-world example of an audience-driven platform that this report uses. The data includes comprehensive data about the movies, such as average rate, duration, genre, original language, watches, likes, and number of fans. These are the variables which permit a detailed analysis of the impact of film aspects on viewer assessment and popularity. The data is especially adapted to the analysis of the viewer behaviour patterns since it is organic user data, as opposed to controlled experimental data.
Microsoft Excel and SPSS are taken as business intelligence supplementary tools. Excel facilitates effective data washing, preparation and visual analysis, where SPSS facilitates stringent statistical testing and predictive modelling. This report will have the following objectives: To clean and prepare the data, develop descriptive statistics, identify trends using visualisation, and perform statistical tests such as hypothesis testing, correlation and regression.
The report illustrates how the systematic analysis of data can aid organisations to generate insights and develop strategies by associating the analytical results with the real-world decisions, which is in line with the up-to-date business insights literature (Xu et al., 2025; Sousa & Almeida, 2025).
2. [bookmark: 2. Data Cleaning and Preparation][bookmark: _bookmark1]DATA CLEANING AND PREPARATION
Data processing and cleaning were done in Microsoft Excel to guarantee that the data was of high quality to be analysed and interpreted correctly. A preliminary screening of the Letterbox Movie Classification Dataset was conducted to determine the values missing, inconsistencies, and non-analytical fields. Such a process indicated gaps in observation in the Running variable, and the engagement variables (likes and fans) were mostly filled. To preserve as many observations as possible and eliminate data loss that is not necessary, the missing runtime values were handled with the method of mean imputation, which preserves the general distribution of the variable.

Fields that were non-analytical, such as the automatically generated index column, were eliminated since they do not aid in the generation of insights but can disrupt statistical processes. Categorical variables had to be further standardised so as to allow meaningful analysis. The genres were initially recorded as list-based strings in cells that were converted into major genre categories to enable analysis of frequencies and comparison of genres across the types of films. Likewise, the Original language variable was also standardised so that there are uniform labels of names, especially English and non-English classifications, to be used in subsequent statistical tests.
Such data preparation processes are needed to generate sound analytical findings. Structured data that is clean will minimise measurement error and enhance model accuracy, and will make certain business intelligence systems produce reliable insights. Data quality is an established importance in research in the field of analytical and information systems, and researchers have pointed out that ill-prepared data may negatively affect the validity of statistical results and decision support reports (Mies, 2024; Yang et al., 2025).
3. [bookmark: 3. Descriptive Statistics and Data Summa][bookmark: _bookmark2]DESCRIPTIVE STATISTICS AND DATA SUMMARY
The Microsoft Excel and SPSS summaries of the important numerical and categorical characteristics of the Letterbox Movie Classification Dataset were done through the application of descriptive statistical analysis. The stage gives a general picture of the film characteristics and viewers' patterns of engagement before making an inferential analysis.
[bookmark: Numerical Analysis][bookmark: _bookmark3]Numerical Analysis
Table 1 summarises the key descriptive statistics for the main numerical variables.

[bookmark: Table 1: Descriptive Statistics for Key ][bookmark: _bookmark4]TABLE 1: DESCRIPTIVE STATISTICS FOR KEY NUMERICAL VARIABLES

	Variable
	Mean
	Median
	Std. Deviation
	Minimum
	Maximum

	Average rating
	3.27
	3.27
	0.53
	1.08
	4.71

	Runtime (minutes)
	103.17
	99.00
	38.07
	2
	907

	Likes
	43,735
	3,394
	151,531
	0
	2,730,813

	Fans
	1,653
	24
	9,368
	0
	326,000

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



The average film rating is moderately high, with relatively low dispersion, indicating consistency in audience evaluations. In contrast, engagement metrics such as likes, fans, and total ratings display very large standard deviations and extreme maximum values. The substantial gap between mean and median values confirms a highly right skewed distribution, where a small number of films attract exceptionally high engagement while most films receive modest attention.
[bookmark: Categorical Analysis][bookmark: _bookmark5]Categorical Analysis
Frequency analysis was conducted for genres and original language. For genres, a primary genre was extracted from the genre list to enable categorisation.
[bookmark: Table 2: Top Primary Genres by Frequency][bookmark: _bookmark6]TABLE 2: TOP PRIMARY GENRES BY FREQUENCY

	Genre
	Frequency

	Drama
	2,232

	Comedy
	1,423

	Horror
	867

	Thriller
	802

	Action
	734


Drama and comedy dominate the dataset, reflecting their broad audience appeal and prevalence in film production.
[bookmark: Table 3: Original Language Distribution][bookmark: _bookmark7]TABLE 3: ORIGINAL LANGUAGE DISTRIBUTION

	Language
	Frequency

	English
	8,074

	Italian
	396

	Japanese
	308

	French
	291

	Korean
	145



English language movies occupy most of the entries, and this is where there is dominance of language in global platforms; non-English movies occupy a small but diverse portion.
[bookmark: Visualisation and Interpretation][bookmark: _bookmark8]Visualisation and Interpretation
Plots of ratings and engagement statistics reflect strong skewness on likes, fans, and total ratings, whereas ratings follow a normal distribution. The pre-eminence of specific categories is supported by bar charts and frequency tables on the genres and languages.
Generally, overall engagement concentration can be seen through a standard platform-based popularity distribution where visibility is increased, and network effects enhance the success of a small number of titles. Large-scale digital datasets tend to have such skewed distributions, which have been commonly found in empirical performance research (Kyere & Ausloos, 2020; Sousa & Almeida, 2025).
4. [bookmark: 4. Trend Analysis and Visualisation][bookmark: _bookmark9]TREND ANALYSIS AND VISUALISATION
The trend analysis was performed under Microsoft Excel with the aim of studying the impact of film features on audience ratings and audience engagement tendencies. The trends were created on genres, original languages, and runtime, which were visualised, and this offered an understanding of how audience behaviour has been on a platform-based film classification system.
[bookmark: Trends in Average Ratings Across Genres][bookmark: _bookmark10]Trends in Average Ratings Across Genres
Comparison of the average ratings based on the primary genre created a bar chart that demonstrates evident differences in terms of how the audiences evaluate them. As Figure 1 demonstrates, the documentary films have the highest average rating, followed by the war, history, and drama genres. These genres are always rated higher than the average of the dataset, which implies that viewers have a better response to something that seems informative, emotionally touching, or even socially significant. On the contrary, other genres like mystery, romance and crime have relatively lower average ratings, which means that there is a mixed reception by the audience. Though genres such as action and horror are the most popular, they are also more polarised because they are not that universally appreciated, but show niche interest. Such a tendency evidences that such critical evaluation is not fairly spread over the genres and depends on the depth of the narrative and the grave subject matter.

[image: ]



[bookmark: Engagement Differences Across Original L][bookmark: _bookmark11]Engagement Differences Across Original Languages
Engagement trends by original language were analysed using bar charts comparing average likes and fan counts. English language films dominate overall engagement, reflecting their prevalence and global accessibility. However, the visualisation also highlights that several non English language films, particularly Japanese, Korean, and Scandinavian language titles, achieve relatively high average engagement despite lower frequency. This suggests that while English language content benefits from scale, international films can generate strong fan loyalty and interaction. Language accessibility therefore shapes reach, but does not limit audience enthusiasm when content quality is high.
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[bookmark: Runtime and Engagement Relationships][bookmark: _bookmark12]Runtime and Engagement Relationships
The scatter plot examining runtime against total ratings shows a weak positive relationship with significant clustering. Most highly rated and widely engaged films fall within a moderate runtime range of approximately 90 to 150 minutes. Extremely long films attract noticeably fewer ratings, indicating diminishing engagement returns as runtime increases. Very short films also tend to receive limited interaction. This pattern suggests that runtime optimisation plays a role in maximising audience participation without compromising content depth.
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[bookmark: Business Relevance and Analytical Framin][bookmark: _bookmark13]Business Relevance and Analytical Framing
The trends provide practical, actionable knowledge about content strategy and platform optimisation. By focusing on high-performing genres, language localisation, and non-extreme run-times, audience satisfaction and engagement can be enhanced. This type of trend-based exploration is a form of exploratory analytics that leads to evidence-based decision-making and the optimisation of recommendation systems, which is in line with the concept of business intelligence-driven insight generation as discussed by Xu et al. (2025) and Yang et al. (2025).
5. [bookmark: 5. Statistical Analysis Using SPSS][bookmark: _bookmark14]STATISTICAL ANALYSIS USING SPSS
The statistical analysis was performed in SPSS to check whether the noted tendencies in ratings and engagement are statistically significant and the predictive ability of critical film characteristics. The inferential methods were hypothesis testing, correlation analysis and multiple regression modelling.
5.1 [bookmark: 5.1 Hypothesis Testing][bookmark: _bookmark15]Hypothesis Testing
An independent samples t-test was done to test whether the difference in Average rating between English and non-English films is statistically significant.

[bookmark: Hypothesis][bookmark: _bookmark16]HYPOTHESIS
· Null hypothesis (H₀): There is no significant difference in average ratings between English and non English films.
· Alternative hypothesis (H₁): There is a significant difference in average ratings between English and non English films.
[bookmark: Table 4: Independent Samples t Test Resu][bookmark: _bookmark17]TABLE 4: INDEPENDENT SAMPLES T TEST RESULTS

	Group
	Mean Rating
	Std. Deviation

	English films
	3.29
	0.52

	Non English films
	3.18
	0.56

	t value
	df
	Sig. (p value)

	4.87
	9998
	< 0.001


The p value is below the 0.05 significance threshold, leading to rejection of the null hypothesis. This indicates a statistically significant difference in average ratings, with English language films receiving slightly higher ratings on average. From a practical perspective, this suggests that language accessibility may influence broader audience evaluations, reinforcing the importance of localisation strategies such as subtitles and dubbing for international content.
5.2 [bookmark: 5.2 Correlation Analysis][bookmark: _bookmark18]Correlation Analysis
Pearson correlation analysis was conducted to explore relationships between key engagement variables.
[bookmark: Table 5: Pearson Correlation Results][bookmark: _bookmark19]TABLE 5: PEARSON CORRELATION RESULTS

	Variables
	Pearson r
	Sig.

	Runtime and Total ratings
	0.21
	< 0.001

	Likes and Fans
	0.89
	< 0.001


Runtime shows a weak but statistically significant positive correlation with total ratings, indicating that longer films tend to receive slightly more engagement, though the relationship is not strong. In contrast, likes and fans exhibit a very strong positive correlation, reflecting reinforcing

engagement dynamics common on digital platforms where highly liked films attract larger fan bases.
5.3 [bookmark: 5.3 Regression Analysis][bookmark: _bookmark20]Regression Analysis
A multiple linear regression model was developed to predict Average rating using runtime, likes, fans, and original language.
[bookmark: Table 6: Regression Model Summary][bookmark: _bookmark21]TABLE 6: REGRESSION MODEL SUMMARY

	R²
	Adjusted R²

	0.38
	0.37


[bookmark: Table 7: Regression Coefficients][bookmark: _bookmark22]TABLE 7: REGRESSION COEFFICIENTS

	Predictor
	Beta
	Sig.

	Runtime
	0.06
	< 0.01

	Likes
	0.41
	< 0.001

	Fans
	0.18
	< 0.001

	Original language (English)
	0.09
	< 0.01


The model describes the variance of the average ratings with a moderate capability of 38 per cent. Likes and fans become the most significant predictors, and they put attention on such social engagement indicators in forming audience ratings. Forecasting and recommendation systems are supported by regression modelling to find the variables that significantly affect the perceived quality of film. This is in line with the research on decision support and performance optimisation as an area of focus in the modern business intelligence systems, with predictive analytics being a fundamental element (Sousa & Almeida, 2025; Xu et al., 2025).
6. [bookmark: 6. Insights and Recommendations][bookmark: _bookmark23]INSIGHTS AND RECOMMENDATIONS
The evaluation brings up a number of major findings on the aspects that relate to the success of films on audience-driven websites. Variables concerning engagement, especially likes and fans, are most effectively and consistently related to higher rating averages, showing that social interaction is a key factor in perceived quality of the film. There is also the emergence of genre selection, where the three genres, namely, drama, documentary, and animation, have had higher

average ratings, whereas action and horror have polarised audience ratings. The accessibility to languages also has an impact on the engagement because English language films predominate across the board, but the quality of English films can be highly niche-oriented. Runtime is statistically significant, but not a strong predictor of success (more so than engagement metrics), which is indicative of the fact that content quality and audience resonance are more important than film length.
Relying on these findings, it is possible to make a number of data-driven recommendations. Genre targeting and content acquisition decisions should be actively determined with the help of analytics, where genres with high rating performance are prioritised. Subtitles and dubbing are some of the localisation strategies that can be invested in to increase the scope of non-English material. Optimisation of the runtime ought to balance the narrative richness with the viewer's attention patterns found by the engagement analysis. Also, the introduction of these metrics into business intelligence dashboards would allow for continuous monitoring and make them more responsive in their decisions.
The analysis is constrained by the fact that the researcher does not include variables like the year of release, the budget used in the production, and the Marketing expenditure. Text analytics on film descriptions, based on natural language processing algorithms, should be incorporated in future studies along with the current research in text mining (Elsline Senave et al., 2023; Millo et al., 2024; Yang et al., 2025).
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