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Executive Summary
This report analyses the Letterbox Movie Classification Dataset that articulates drivers of film success with the help of utilising statistical, trend, and regression methods. Furthermore, the English-language films dominate in volume, however non-English films attain higher ratings, which illustrates cultural diversity. Moreover, the genres such as drama, war, and documentary consistently score well, whereas horror and fantasy adventure underperform. In addition, the engagement metrics including likes, fans, and watches are highly interdependent, with likes emerging as the effective predictor of ratings. Furthermore, the runtime shows minimal correlation with popularity. Additionally, the recommendations include prioritising critically favoured genres, expanding non-English film distribution, and evaluating interactive campaigns to improve likes, whereas recognising external factors involving marketing and cultural context.
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[bookmark: _Toc225970365]1. Introduction
The main purpose of this report is to analyse a film dataset based on the ‘Letterbox Movie Classification Dataset’ precisely for determining the factors, which distribute to film success and is measured with the help of variables including studios, original language, genres, runtimes, likes, watches, fans and ratings. Furthermore, reliable and clean data is important for ‘Business Intelligence (BI)’ systems as it guarantees accuracy in insists along with supporting evidence-based decision-making (Rahman et al. 2025). Moreover, the dataset involves both numerical variables including Watches, Fans,, Runtime and Average rating along with categorical variables involving Original language, Studios and Genres that makes it appropriate for a combination of statistical, trend and descriptive analyses.
The analysis is evaluated over essential objectives that are demonstrated in the following.
· To determine inconsistent or missing values, guarantee data integrity for BI use along with standardising formats.
· To summarise central distributions and tendencies regarding key variables through utilising SPSS and Excel.
· To demonstrate popularity patterns and ratings across languages and genres, which is supported by visualisation including scatter plots and bar charts.
· To apply regression, correlation and hypothetical testing in SPSS for evaluating differences and relationships including non-English and English films.
· To interpret findings for highlighting drivers regarding film success as well as proposing strategies for producers and studios.
[bookmark: _Toc225970366]2. Data Cleaning and Preparation
The data cleaning within Excel is considered as the crucial process to identify and correct inaccuracies, inconsistencies and errors in an accurate manner (Kapoor, 2025). The data cleaning process in Excel started with handling the genre column that originally contained numerical data in an individual cell and is separated by the symbols like [], commas as well as other special characters. Furthermore, I split the concerned elements into separate rows for verifying each genre has been represented on an individual basis that leads to improved accuracy in later analysis. The symbols including extra punctuation, slashes and brackets have been removed systemically with the help of using ‘Text to Columns’ and ‘Find & Replace’ functions that standardised the dataset along with eliminating noise. Moreover, I first determined the blank cells for missing values with the help of using Conditional Formatting and Filter in Excel. In addition, the missing categorial values have been imputed with ‘Unknown’ where possible for retaining records along with the rows with critical numerical gaps have been removed for avoiding skewing outcomes. Hence, the concerned approach reduced the loss of data along with maintaining reliability precisely.
[bookmark: _Toc225970367]3. Descriptive Statistics and Summary
The dataset offers a detailed overview regarding both categorical and numerical values that allows a comprehensive descriptive analysis. The descriptive statistics are utilised for presenting, organising and summarising the data in a meaningful manner and provides a snapshot regarding the main character of the dataset (Ningi, 2022). The proper utilisation of Excel helps to summarise the key metrics including ratings, fans, watches and runtime in terms of representing variability and central tendencies. 
	Descriptive Statistics

	 
	Runtime
	Watches
	List appearances
	Likes
	Fans
	Lowest
	Medium
	Highest
	Total ratings

	Mean
	103.1692
	170314.8236
	26836.2129
	43734.7865
	1652.5497
	1837.3196
	17887.0783
	18171.5826
	106392.3017

	Median
	99
	18425
	6503
	3394
	24
	181
	2422.5
	572
	11823

	Standard Deviation
	38.06883202
	458509.9903
	56632.59192
	151523.8545
	9367.789693
	5617.211537
	43710.93737
	83230.43931
	294719.5834

	Max
	907
	5195503
	803670
	2730813
	326000
	176637
	629879
	2010363
	4091037

	Min
	2
	2
	33
	0
	0
	0
	0
	0
	0


Table 1: Descriptive Statistics
Table 1 evaluates the runtime averages of 103 minutes with a median of 99 that suggests the most media entries cluster over standard-feature length films. However, the maximum of around 907 minutes as well as minimum of 2 minutes contemplates extreme outliers that boxplots would illustrate clearly. On the other hand, watches reveal a mean of 170,315 with a median of around 18,425 that presents a highly skewed distribution, within which a few littles articulates viewership. Similarly, fans averaged around 1,653 with the median of about 24 that reflects concentration over blockbuster titles. The median has been impacted by skewed data or outliers that make it appropriate for skewed distributions including home prices or income (Simon and Polutnik, 2026). In addition, the ratings including the total, highest, medium and lowest articulates wide dispersion with the standard deviations that exceeds 40,000 in few cases that demonstrates the heterogeneity regarding the audience engagement. 
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Figure 1: Total Original Language
Figure 1 represents that English dominates overwhelmingly with more than 8,000 entries out of 10,000, whereas Japanese of 308, French of 291 and Italian of 396 that contemplates secondary clusters. The horizontal bar chart as shown in Figure 1 articulates the share of English and raises questions regarding linguistic diversity as well as representation.
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Figure 2: Total Genres
Figure 2 evaluates the genre of drama of over 2,100 entries, thriller of 802 and comedy of above 1,500 are the most frequent, whereas the niche categories including captivating vision and Shakespearean drama of Epic history and literature appear only once. Furthermore, the bar chart highlights the dominance regarding the mainstream genres as presented in Figure 2 precisely.
[bookmark: _Toc225970368]4. Trend Analysis and Visualisation
The dataset as well as visualisation offer a rich basis for determining the influence of genres on audience engagement and ratings. Proper identification of categorical variables including language, genre as well as fan count emerge the clear trends that present both structural limitations and audience preferences in the data. The identification of categorical variables within the dataset is treated as a foundational step within data analytics and science that impacts the quality of insights as well as the performance related to the predictive models directly (Arunkumar et al. 2025).
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Figure 3: Average Rating by Genre
The bar chart is significantly utilised for facilitating rapid identification of outliers, trends and patterns that makes the complex datasets simply interpretable (Nawaz et al. 2025). The bar chart in Figure 3 represents those genres including Documentary of ≈3.63–3.66, Drama of ≈3.42–3.47, War of ≈3.48–3.55 and History of ≈3.51–3.55 achieve higher average ratings consistently. The concerned genres are highly associated with cultural significance, realism and depth that often resonate with audiences and critics looking for substance. On the contrary, the genres including Horror of ≈2.98–3.02, Science Fiction of ≈3.02–3.05 as well as niche categories including Fantasy Adventure of ≈2.86 tend to score minimum. Hence, the concerned outcome represents that irrespective of spectacle-driven genres often encouraging viewers, they often categorise opinion and receive more moderate ratings.
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Figure 4: Average Rating Histogram
Figure 4 represents the histogram that articulates the aspects shown in Figure 3 that evaluate a bell-shaped distribution regarding ratings that peak around 3.2-3.25 with most films evolving in the mid-range. The utilisation of histogram primarily acts as a primary visualisation tool for repetitive numerical datasets that highlights the distribution shape, availability of outliers, spread and central tendency (Guzik and Więckowska, 2023). Very low or very high ratings are rare that presents that the audiences generally perceive most genres as ‘average to good’ rather than ‘poor’ or ‘exceptional’. Hence, the respective central tendency demonstrates the challenges for the filmmakers that break out the midrange requiring either innovative genre-blending or expectational storytelling.
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Figure 5: Runtime and Fans Relation
A scatterplot plays an important role in identifying the patterns, trends, anomalies as well as correlation within the dataset (Usmani et al. 2024). Figure 5 represents the scatterplot regarding runtime versus the fan counts revealing no correlation such as R² = 0.0094. However, the longer runtimes often suggest epic storytelling with the weak relationship indicating that runtime is not treated as a predictor regarding popularity. Irresective of the respective aspect, the fan engagement is probably executed by cultural relevance, franchise recognition or genre appeal. Furthermore, the outliers with very high fan counts demonstrate blockbuster phenomena and these are considered as the exceptions irrespective of the rules.
[bookmark: _Toc225970369]5. Statistical Analysis using SPSS
The dataset regarding 24,512 films has been examined with the help of descriptive statistics, t-tests, regression and correlation for evaluating the relationships between engagement metrics, ratings and language as shown in Appendix 1. The hypothesis for the respective dataset is evaluated in the following.
H0: No difference in ratings for English vs non-English movies.
H1: Significant difference in ratings for English vs non-English movies.
T-Test Analysis
The t-test analysis helps to identify the significant difference between the means regarding two groups (Rahayu et al. 2024). The independent samples t-test has compared the average ratings between non-English and English films. The outcomes demonstrated a significant difference statistically of t = -35.63, significant value < 0.05, with significant difference, non-English films M = 3.50, SD = 0.46 that are rated higher as compared to English films M = 3.19, SD = 0.53 as shown in Appendix 2. Furthermore, the effect size of Cohen’s d ≈ 0.52 articulates a moderate practical gap, which contemplates that language plays an important role in evaluating audience perceptions. Hence, the concerned finding imposes a challenge on assumptions that English-language films dominate within quality perception and articulates the audience appreciation and cultural diversity for non-English productions.
Correlation Analysis
Pearson correlations articulated significant relationships among fans, watches, likes and runtime. Furthermore, the longer runtimes have been weakly and positively correlated with fans of r = 0.097, likes of r = 0.141 and watches of r = 0.159 and all are significant at the 0.01 level as shown in Appendix 3. Moreover, the effective correlations have been observed between likes and fans of r = 0.792 and between likes and watches of r = 0.947 that presents the engagement metrics to be highly interdependent. Hence, the concerned elements evaluate that population indicators including watches and likes articulate each other, whereas the runtime exerts a modest influence only.
Regression Analysis
A multiple regression analysis helps to measure coefficients for every predictor for quantifying their individual impact, control for confounding variables and estimate outcomes for isolating specific effects (AbdulRaheem, 2025). A multiple regression model has been conducted with average rating as the dependent variables along with the likes, fans and runtime as predictors. The model has been significant statistically at F = 1027.05, and illustrated only 11.2% regarding the variance with R² = 0.112 as presented in Appendix 4. Furthermore, the likes of β = 0.253 has emerged as the relevant predictor that is followed by the runtime of β = 0.136 as well as fans of β = 0.042 as shown in Appendix 4. Hence, the concerned aspect demonstrates that irrespective of the runtime and engagement metrics distributed to ratings, much of the variation has remained unillustrated and point to other factors including marketing strategies, cultural contexts and genre.
[bookmark: _Toc225970370]6. Insights and Recommendations
The analysis regarding the ‘Letterbox Movie Classification Dataset’ evaluates that English language films dominate within volume. However, the non-English films attain higher average ratings and represent cultural diversity connecting more effectively with audiences. Furthermore, the genre analysis highlights that war films, documentaries and dramas generate higher ratings, whereas fantasy adventure and horror are not performing effectively. Moreover, the engagement metrics including watches, fans and likes are highly interdependent with the likes emerging as the improved predictor regarding ratings. However, the regression model contemplates around 11.2% of variance that indicates the external factors involving cultural context and marketing plays a major role. The regression model assists in reducing bias through controlling extraneous variables and prevents misleading outcomes that often prevail in simple correlation analysis (Iacobucci et al. 2025). Furthermore, the runtime represents the minimal correlation with population and challenging assumptions that the longer films evaluate engagement.
The studio can prioritise genre targeting from a BI perspective through investing in critically favoured categories including drama, whereas innovating within weaker genres for breaking mid-range rating challenges. Moreover, the expansion of subtitles along with distribution for non-English films could significantly capture the untapped demand. In addition, the engagement strategies can focus on improving likes with the help of interactive campaigns as they highly impact ratings. Moreover, the runtime optimisation is less crucial and avoids extremes that often decrease audience drop-off. However, the limitations involve extreme outliers, skewed distributions as well as unexplained variance in ratings (Usmani et al. 2024). Hence, the future research will integrate franchise recognition, cultural variables and marketing spend for refining predictive models along with enhancing BI-driven decision-making process.
[bookmark: _Toc225970371]7. Conclusion
The analysis regarding the ‘Letterbox Movie Classification Dataset’ highlighted that irrespective of the English-language films dominating in volume, the non-English films attained higher ratings and reflected audience appreciation and cultural diversity. Furthermore, the genres including war films, dramas and documentaries performed effectively, whereas fantasy adventure and horror struggled for gaining critical acclaim. In addition, the engagement metrics involving the watches, fans and likes are immensely interdependent with the likes emerging as the effective predictor regarding ratings. However, the runtime showed minimal correlation with the popularity. Hence, the film access is impacted by measurable variables and external factors including storytelling innovation, cultural context and marketing.

[bookmark: _Toc225970372]8. Reference List
AbdulRaheem, Y. (2025). The Role of Regression Analysis in Preventive Research Modalities: A Medical-Focused Comprehensive Review. J Pub Health Issue Pract, 9(1), p.238. https://doi.org/10.33790/jphip1100238
Arunkumar, M., Rajkumar, K., Jeyaseelan, W.R. and Natraj, N.A. (2025). Data mining, machine learning, and statistical modeling for predictive analytics with behavioral big data. Tehnički vjesnik, 32(1), pp.72-77. https://doi.org/10.17559/TV-20231102001073
Guzik, P. and Więckowska, B. (2023). Data distribution analysis–a preliminary approach to quantitative data in biomedical research. Journal of Medical Science, 92(2), pp.e869-e869. https://doi.org/10.20883/medical.e869
Iacobucci, D., Román, S., Moon, S. and Rouziès, D. (2025). A tutorial on what to do with skewness, kurtosis, and outliers: new insights to help scholars conduct and defend their research. Psychology & Marketing, 42(5), pp.1398-1414. https://doi.org/10.1002/mar.22187
Kapoor, A. (2025). AI-Driven Data Cleaning: Intelligent Detection and Correction of Data Errors. International Journal of Computer Technology and Electronics Communication, 8(1), pp.10039-10043. https://doi.org/10.15680/IJCTECE.2025.0801004
Nawaz, A., Ahmad, A., Khan, S.S., Masud, M.M., Ghenimi, N. and Ahmed, L.A. (2025). An efficient interpretable framework for unsupervised low, very low and extreme birth weight detection. PloS one, 20(1), p.e0317843. https://doi.org/10.1371/journal.pone.0317843
Ningi, A.I. (2022). Data presentation in qualitative research: The outcomes of the pattern of ideas with the raw data. International Journal of Qualitative Research, 1(3), pp.196-200. https://doi.org/10.47540/ijqr.v1i3.448
Rahayu, N.I., Muktiarni, M. and Hidayat, Y. (2024). An application of statistical testing: A guide to basic parametric statistics in educational research using SPSS. ASEAN Journal of Science and Engineering, 4(3), pp.569-582. https://ejournal.upi.edu/index.php/AJSE/article/view/76092
Rahman, M.M., Faruk, O.M. and Jyoti, S.N. (2025). Data privacy in business intelligence systems: ensuring compliance in hris and enterprise platforms. International Journal of Scientific Interdisciplinary Research, 6(1), pp.97-136. https://doi.org/10.63125/527rnx08
Simon, J.K. and Polutnik, L. (2026). Housing prices and school quality: A quantitative exercise using Greater Boston housing data. Journal of Statistics and Data Science Education, (just-accepted), pp.1-18. https://doi.org/10.1080/26939169.2026.2634614
Usmani, U.A., Aziz, I.A., Jaafar, J. and Watada, J. (2024). Deep learning for anomaly detection in time-series data: An analysis of techniques, review of applications, and guidelines for future research. IEEE Access, 12, pp.174564-174590. https://doi.org/10.1109/ACCESS.2024.3495819
 


[bookmark: _Toc225970373]9. Appendices
[bookmark: _Toc225970374]Appendix 1: Descriptive Statistics
	Descriptive Statistics

	 
	N
	Minimum
	Maximum
	Mean
	Std. Deviation
	Skewness
	Kurtosis

	
	Statistic
	Statistic
	Statistic
	Statistic
	Statistic
	Statistic
	Std. Error
	Statistic
	Std. Error

	Runtime
	24512
	2
	907
	103.27
	34.102
	5.280
	.016
	76.794
	.031

	Average rating
	24512
	1.080000000000000
	4.710000000000000
	3.247996457087968
	.531286028327669
	-.422
	.016
	.399
	.031

	Likes
	24512
	0
	2730813
	48287.01
	160648.253
	7.139
	.016
	67.025
	.031

	Fans
	24512
	0
	326000
	1749.22
	9815.273
	15.001
	.016
	337.003
	.031

	Valid N (listwise)
	24512
	 
	 
	 
	 
	 
	 
	 
	 




[bookmark: _Toc225970375]Appendix 2: Group Statistics, Independent Samples Test and Independent Samples Effect Sizes
	Group Statistics

	 
	Language binary
	N
	Mean
	Std. Deviation
	Std. Error Mean

	Average rating
	English
	20111
	3.192839850495099
	.529370993672586
	.003732873802077

	
	Non-English
	4401
	3.500042472808915
	.462780384945862
	.006975884136391



	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
	77.483
	.000
	-35.633
	24510
	.000
	-.307202622313817
	.008621174734914
	-.324100643414299
	-.290304601213335

	
	Equal variances not assumed
	 
	 
	-38.828
	7152.286
	.000
	-.307202622313817
	.007911845948108
	-.322712180062245
	-.291693064565389



	Independent Samples Effect Sizes

	 
	Standardizera
	Point Estimate
	95% Confidence Interval

	
	
	
	Lower
	Upper

	Average rating
	Cohen's d
	.518047510256466
	-.593
	-.626
	-.560

	
	Hedges' correction
	.518063363054464
	-.593
	-.626
	-.560

	
	Glass's delta
	.462780384945862
	-.664
	-.699
	-.628

	a. The denominator used in estimating the effect sizes.
Cohen's d uses the pooled standard deviation.
Hedges' correction uses the pooled standard deviation, plus a correction factor.
Glass's delta uses the sample standard deviation of the control group.




[bookmark: _Toc225970376]Appendix 3: Correlations
	Correlations

	 
	Runtime
	Fans
	Watches
	Likes

	Runtime
	Pearson Correlation
	1
	.097**
	.159**
	.141**

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

	
	N
	24512
	24512
	24512
	24512

	Fans
	Pearson Correlation
	.097**
	1
	.657**
	.792**

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

	
	N
	24512
	24512
	24512
	24512

	Watches
	Pearson Correlation
	.159**
	.657**
	1
	.947**

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

	
	N
	24512
	24512
	24512
	24512

	Likes
	Pearson Correlation
	.141**
	.792**
	.947**
	1

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

	
	N
	24512
	24512
	24512
	24512

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



	Model Summary

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

	1
	.334a
	.112
	.112
	.500771577198990

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




[bookmark: _Toc225970377]Appendix 4: ANOVA and Coefficient
	ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	772.669
	3
	257.556
	1027.053
	.000b

	
	Residual
	6145.924
	24508
	.251
	 
	 

	
	Total
	6918.594
	24511
	 
	 
	 

	a. Dependent Variable: Average rating

	b. Predictors: (Constant), Runtime, Fans, Likes



	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	2.985
	.010
	 
	292.409
	.000

	
	Likes
	8.371E-7
	.000
	.253
	25.547
	.000

	
	Fans
	2.252E-6
	.000
	.042
	4.221
	.000

	
	Runtime
	.002
	.000
	.136
	22.323
	.000

	a. Dependent Variable: Average rating
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