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1. Introduction
Business intelligence (BI) turns operational data into information that can support

better decisions. In media and entertainment, audience activity data can guide content acquisition, marketing, localisation and scheduling, but only when the underlying records are prepared and interpreted correctly (Chen, Chiang and Storey, 2012; Ragazou et al., 2023). This report analyses the Letterbox Movie Classification Dataset supplied for LCBB5014 (University of Wales Trinity Saint David (UWTSD), 2026). The original file contains 10,000 film records and variables covering titles, directors, genres, original language, runtime, average rating and audience-response measures such as watches, likes and fans. The specific business problem is how a content or audience-strategy manager can use these measures to distinguish different forms of film performance and make more defensible catalogue, targeting and benchmarking decisions. In this report, popularity refers to audience reach, measured primarily by watches; engagement refers to active audience response, represented by likes and fans; and viewer evaluation refers to perceived quality, represented by average rating.
The purpose is to convert the dataset into decision-relevant BI evidence. The analysis supports three managerial questions: which genres and language groups differ in reach and evaluation; which engagement indicators move together; and whether the available measures are useful for predicting ratings. The work follows an applied BI workflow consistent with CRISP-DM (Chapman et al., 2000) and knowledge discovery principles (Fayyad, Piatetsky-Shapiro and Smyth, 1996). Excel was used for cleaning, descriptive statistics and visualisation, while jamovi was used for the t-test, correlations and multiple regression. Statistical tables appear in Appendix C and genuine jamovi screenshots in Appendix E. Recommendations are linked directly to the evidence and its practical significance, while recognising that observational associations do not establish causation.
2. Data Cleaning and Preparation
The CSV file was imported and the automatically generated index field was removed because it did not contain business information. Data types were checked so that rating, runtime, watches, likes, fans and rating-count fields were numeric. Text fields were trimmed to reduce accidental category duplication, and original-language labels were reviewed for consistent spelling and capitalisation. Genres and studios were stored as text representations of lists; these were parsed into standard lists so each film could be assigned to all relevant genres during aggregation. Twenty-four records used “Unknown” rather than a list for genre, so these were retained and recoded consistently as an Unknown category rather than deleted.
No null values were present. After excluding the technical index, 34 duplicates were removed using Film_title + Director, producing 9,966 films. Same-title films with different directors were retained because they may be distinct productions. Extreme observations were reviewed rather than automatically deleted. Runtime ranged from 2 to 907 minutes, while watches, likes and fans contained very large values; none was negative or outside the possible scale of the variable. Because genuine blockbusters and unusually short or long films can create legitimate extremes, these cases were retained. Logarithmic or symmetric-log scales reduced their visual influence, and Pearson results were compared with Spearman correlations as a robustness check. This avoids treating unusual values as errors without evidence (Steorts, 2023; Côté et al., 2024).
3. Descriptive Statistics and Summary
Table 1 summarises the main numerical variables after cleaning. The mean and median average rating were both approximately 3.27 stars, indicating a comparatively balanced rating distribution. Ratings nevertheless ranged from 1.08 to 4.71. Runtime averaged 103.19 minutes, with a median of 99 minutes; the difference between these values reflects a small number of very long productions. Figure 1 confirms that most films are concentrated around the central rating range rather than at the extremes.
Table 1. Descriptive statistics for the cleaned dataset (n = 9,966)
	Variable
	Mean
	Median
	SD
	Minimum
	Q1
	Q3

	Average rating
	3.27
	3.27
	0.53
	1.08
	2.95
	3.62

	Watches
	170,603
	18,469
	459,003
	2
	2,989
	108,619

	Likes
	43,840
	3,406
	151,761
	0
	458
	20,151

	Fans
	1,658
	24
	9,384
	0
	2
	284

	Runtime (minutes)
	103.19
	99.0
	38.11
	2.0
	89.0
	113.0


Source: Author’s analysis of the supplied LCBB5014 dataset.
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Figure 1. Distribution of average film ratings after duplicate removal.
Engagement variables were strongly right-skewed. The mean number of watches was 170,603, but the median was only 18,469. Likes showed a similar difference between the mean of 43,840 and median of 3,406. Fans were even more concentrated: the mean was 1,658, while the median film had only 24 fans. These gaps show why the median is important alongside the mean. A small group of highly visible films raises the arithmetic average and represents a “long-tail” market in which attention is unevenly distributed. Tukey (1977) and Shakeel et al. (2022) emphasise the value of exploratory statistics and visualisation for revealing distributional features before formal modelling.
The dataset contained 57 original-language categories. English dominated with 8,044 films, or 80.7% of the cleaned sample. The next largest groups were Italian (396), Japanese (308), French (290), Korean (145) and Spanish (114). Genre membership was multi-label: Drama appeared most frequently (4,403 films), followed by Comedy (2,925), Thriller (2,303), Action (2,068) and Horror (1,804). Because a film can belong to several genres, genre totals exceed the number of films. This structure is analytically useful because it reflects how viewers and platforms actually browse content, although it means genre averages are not mutually exclusive. Overall, the descriptive results establish a diverse catalogue but also reveal major imbalance by language and engagement level. The interquartile range for rating was 2.95 to 3.62, while the middle 50% of runtimes fell between 89 and 113 minutes. These relatively compact central ranges contrast with the much wider engagement ranges. Frequency tables and boxplots were therefore preferred to a simple list of averages because they reveal both the dominant categories and the dispersion hidden by aggregate values. For BI users, this distinction matters when setting benchmarks: comparing a niche release with the catalogue-wide mean could produce a misleading performance judgement.
4. Comparative Pattern Analysis and Visualisation
Genre analysis identified a clear distinction between viewer evaluation and audience scale. Among genres containing at least 100 films, Documentary had the highest mean rating at 3.64, followed by History at 3.53, War at 3.50, Music at 3.46 and Drama at 3.45. By contrast, Action averaged 3.07, Science Fiction 3.04 and Horror 3.01. These values do not imply that every documentary outperforms every action film; they describe average patterns across overlapping genre labels. For a content manager, the BI value is therefore comparative rather than causal: genre can be used as a segmentation dimension when setting performance benchmarks, but it should not be treated as a guarantee of future ratings. Figure 2 visualises the leading rating categories.
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Figure 2. Highest-rated genres, restricted to categories with at least 100 films.
Popularity followed a different pattern. Family films had the highest median watches among the major genres at approximately 71,117, followed by Adventure at 50,062 and Fantasy at 40,927. Documentary, despite its high average rating, had only 4,606 median watches and 920 median likes. This is managerially important because it shows that high viewer evaluation does not necessarily imply broad reach. A dashboard or catalogue review should therefore compare rating with watches and engagement measures rather than rank titles on a single success metric.
The watches-likes scatter plot in Figure 3 shows a very strong positive relationship, even when log scales are used to reduce the visual dominance of blockbuster titles. For BI decision-making, this means absolute likes should be interpreted alongside exposure: titles with more watches naturally have more opportunities to accumulate likes. Runtime displayed a much weaker association with engagement. Figure 4 shows considerable variation in fans at nearly every runtime, so runtime alone offers limited value as a screening rule for content decisions.
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Figure 3. Watches and likes on logarithmic scales (random sample of 4,000 films).
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Figure 4. Runtime and fan engagement (random sample of 5,000 films).
Language also revealed an important pattern. English films had a mean rating of 3.21, compared with 3.51 for non-English films. Japanese and French films averaged about 3.60, while “No spoken language” films averaged 3.64. Smaller language groups sometimes scored higher, but limited sample sizes make direct ranking unreliable. The result identifies segments for closer investigation, not evidence that language causes higher ratings; genre, era, distribution or audience composition could contribute. English-language films also had substantially higher average likes and dominate the catalogue. Managers should therefore compare both absolute volumes and rate-based outcomes when evaluating language segments.


5. Statistical Analysis
The independent-samples t-test addressed whether original-language grouping is associated with materially different viewer evaluation, which could justify separate benchmarking. Levene’s test was significant (p < .001), so the Welch test was interpreted. English films (n = 8,044, M = 3.21, SD = 0.52) were rated lower than non-English films (n = 1,922, M = 3.51, SD = 0.46), t(3215.70) = -24.80, p < .001. The mean difference was -0.30 stars (95% CI -0.32 to -0.27), with Cohen’s d = -0.58, a moderate practical difference. This supports language-specific benchmarking or further investigation, but not a causal claim that language itself produces higher ratings.
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Figure 5. Average-rating distributions for English and non-English films; outliers hidden for readability.
Table 2. Summary of inferential results
	Analysis
	Statistic
	Significance
	Interpretation

	Welch t-test
	t(3215.70) = -24.80
	p < .001
	Non-English films rated 0.30 stars higher; d = 0.58

	Pearson correlation
	Watches–Likes r = .951
	p < .001
	Very strong positive association

	Pearson correlation
	Runtime–Fans r = .088
	p < .001
	Weak positive linear association

	Multiple regression
	F(3, 9962) = 402.98
	p < .001
	R² = 0.108; likes strongest predictor


Source: Author’s analysis of the supplied LCBB5014 dataset.
Correlation analysis addressed which audience-response measures move together and which provide distinct information. Watches and likes had an extremely strong Pearson correlation (r = .951, p < .001), while fans and likes were also strongly related (r = .800, p < .001). Runtime had weak Pearson relationships with watches (r = .146) and fans (r = .088), although Spearman coefficients were stronger at .363 and .390. This difference provides a robustness check showing that skew and extreme values affect linear estimates while the positive direction remains. Average rating correlated only modestly with likes (r = .290), fans (r = .251) and runtime (r = .187). For managers, strength matters as well as significance because large samples can make small effects statistically significant (Field, 2024).
Multiple regression tested whether fans, likes and runtime provide useful predictive information about average rating. The model was significant, F(3, 9962) = 402.98, p < .001, but explained only 10.8% of rating variance (R² = 0.108; adjusted R² = 0.108). Likes had the largest standardised coefficient (β = 0.224), followed by runtime (β = 0.153) and fans (β = 0.058), all p < .001. VIFs were below 3, indicating no severe multicollinearity. However, 89.2% of rating variation remains unexplained, so this is a limited benchmark rather than a high-confidence forecasting tool. Pearson-Spearman comparisons and transformed visualisations were used as robustness checks. Before operational forecasting, the model should be tested on a holdout sample and compared with transformed or non-linear alternatives (Shmueli and Koppius, 2011).
6. Insights, Recommendations and Limitations
The analysis shows that film performance cannot be defined by one measure. Popularity is represented by watches, engagement by likes and fans, and viewer evaluation by average rating. These outcomes are related but not interchangeable. A content or audience-strategy manager should therefore use a multi-metric view with genre and language filters, rather than a single catalogue-wide ranking. A dimensional warehouse with consistent film, genre, language and engagement dimensions would support repeatable comparisons and, if time variables are added later, analysis across release periods (Kimball and Ross, 2013; Al-Okaily et al., 2022).
Three evidence-linked actions are recommended. First, build a multi-metric performance dashboard: high-rating genres such as Documentary differ from higher-reach genres such as Family, Adventure and Fantasy, so one metric cannot represent success. Second, use the English versus non-English rating difference as a signal for further evaluation, not as justification for immediate subtitling, dubbing or promotional investment. The 0.30-star difference and moderate effect size support separate benchmarking, but the dataset lacks marketing, territory and distribution data needed to identify a causal action. Third, do not use runtime as a primary content-selection rule. Its relationships with engagement are weak and the regression explains only 10.8% of rating variance. These recommendations remain within what the dataset directly supports.
The principal limitations are the cross-sectional design, lack of release year, budget, marketing spend, country availability and viewer demographics, and unequal language representation. Because there is no time variable, this report presents comparative patterns rather than temporal trends. Genre labels overlap, and platform engagement may reflect selection bias. Extreme observations were retained after consistency checks and addressed through log-scaled visualisation and Pearson-Spearman robustness comparisons rather than arbitrary deletion. Future analysis should add time variables, validate models on a train-test split, examine genre-language interactions and consider transformed or non-linear models for skewed counts. These additions would support stronger forecasting and more defensible managerial decisions.
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Appendices
Appendix A: Data Cleaning Log
	Cleaning check
	Outcome

	Original records
	10,000

	Removed technical index field
	Unnamed: 0

	Missing values
	0 across all variables

	Duplicates removed (Film_title + Director)
	34

	Final analytical records
	9,966

	Genre values recoded as Unknown
	24

	Distinct original languages
	57

	Distinct parsed genres
	28

	Outlier policy
	Retained plausible extreme values; log scales used for visualisation


Source: Author’s analysis of the supplied LCBB5014 dataset.
Appendix B: Categorical Frequency and Comparative Tables
Table B1. Most frequent genres and associated metrics
	Genre
	Films
	Mean rating
	Median watches
	Median likes

	Drama
	4403
	3.45
	22,273
	4,206

	Comedy
	2925
	3.20
	30,656
	5,275

	Thriller
	2303
	3.17
	25,360
	4,014

	Action
	2068
	3.07
	22,731
	3,722.5

	Horror
	1804
	3.01
	14,563.5
	2,997

	Crime
	1518
	3.33
	21,993.5
	3,976

	Adventure
	1445
	3.12
	50,062
	6,425

	Romance
	1370
	3.33
	31,572.5
	5,864.5

	Science Fiction
	1260
	3.04
	28,017.5
	4,576

	Fantasy
	991
	3.15
	40,927
	7,065

	Mystery
	833
	3.26
	35,412
	6,408

	Family
	715
	3.18
	71,117
	9,357

	Animation
	688
	3.40
	35,508
	6,071

	History
	449
	3.53
	23,843
	4,653

	Documentary
	427
	3.64
	4,606
	920


Source: Author’s analysis of the supplied LCBB5014 dataset.
Table B2. Largest original-language groups
	Original language
	Films
	Mean rating
	Median watches
	Mean likes

	English
	8044
	3.21
	24,236
	49,518

	Italian
	396
	3.31
	2,853
	5,163

	Japanese
	308
	3.60
	14,669.5
	43,362

	French
	290
	3.60
	20,793.5
	21,884

	Korean
	145
	3.42
	5,182
	36,848

	Spanish
	114
	3.45
	9,093
	18,157

	German
	96
	3.50
	5,188
	15,193

	No spoken language
	93
	3.64
	10,418
	12,350

	Chinese
	65
	3.52
	6,402
	7,349

	Danish
	60
	3.48
	3,874.5
	11,271

	Cantonese
	58
	3.57
	12,371
	24,883

	Russian
	43
	3.67
	7,485
	17,024

	Swedish
	32
	3.79
	25,231.5
	26,313

	Polish
	20
	3.50
	20,969
	10,000

	Dutch
	20
	3.43
	5,453.5
	3,541


Source: Author’s analysis of the supplied LCBB5014 dataset.


Appendix C: Statistical Results Tables
Table C1. Group statistics for language comparison
	Group
	N
	Mean
	Std. deviation
	Std. error mean

	English
	8,044
	3.212
	0.524
	0.006

	Non-English
	1,922
	3.510
	0.461
	0.011


Source: Author’s analysis of the supplied LCBB5014 dataset.
Table C2. Independent-samples test (Welch result)
	Levene F
	Levene Sig.
	t
	df
	Sig. (2-tailed)
	Mean difference
	95% CI lower
	95% CI upper

	27.793
	< .001
	-24.798
	3215.70
	< .001
	-0.299
	-0.322
	-0.275


Source: Author’s analysis of the supplied LCBB5014 dataset; equal variances not assumed because Levene’s test was significant.
Table C3. Pearson correlation matrix
	Variable
	Runtime
	Watches
	Likes
	Fans
	Average rating

	Runtime
	1.000
	0.146
	0.129
	0.088
	0.187

	Watches
	0.146
	1.000
	0.951
	0.672
	0.249

	Likes
	0.129
	0.951
	1.000
	0.800
	0.290

	Fans
	0.088
	0.672
	0.800
	1.000
	0.251

	Average rating
	0.187
	0.249
	0.290
	0.251
	1.000


Source: Author’s analysis. All off-diagonal correlations shown are significant at p < .001.
Table C4. Multiple regression model summary and coefficients
	Predictor
	B
	Std. Beta
	t / model F
	Sig.
	VIF

	Constant
	3.0118
	—
	209.588
	< .001
	—

	Fans
	0.000003254
	0.058
	3.684
	< .001
	2.77

	Likes
	0.000000777
	0.224
	14.161
	< .001
	2.80

	Runtime
	0.0021
	0.153
	16.021
	< .001
	1.02


Model summary: R² = 0.108; adjusted R² = 0.108; F(3, 9962) = 402.98, p < .001.


Appendix D: Excel Workbook Evidence Screenshots
The evidence below is rendered directly from the accompanying XLSX workbook created from the cleaned 9,966-film dataset. The workbook contains the cleaned data, descriptive statistics, genre analysis, language analysis, summary checks and charts so that the reported figures can be traced to one consistent analytical file.
The Genre_Analysis and Language_Analysis worksheets contain grouped summary tables calculated from the same cleaned dataset. This keeps the categorical evidence consistent with the tables and charts reported in the main body.
All Excel evidence in this appendix uses the same 9,966-film analytical sample and the same duplicate-removal criterion used throughout the report.
[image: ]
Figure D1. Workbook data-cleaning evidence. The Summary worksheet confirms 10,000 original records, 34 duplicate observations removed using Film_title + Director, and 9,966 final analytical records.


[image: ]
Figure D2. Workbook descriptive-statistics evidence. The Descriptive_Stats worksheet reports Mean, Median, SD, Minimum, Q1, Q3 and N for Average Rating, Watches, Likes, Fans and Runtime, all based on n = 9,966.
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Figure D3. Genre grouped-summary evidence. The Genre_Analysis worksheet shows film frequency, mean rating, median watches and median likes by genre using the cleaned 9,966-film dataset.

[image: ]

Figure D4. Original-language grouped-summary evidence. The Language Analysis worksheet shows language-group counts, catalogue share, mean rating, median watches and mean likes using the same cleaned dataset.
Appendix E: jamovi Statistical Output Evidence
The screenshots below provide genuine jamovi evidence for the descriptive and inferential analyses reported in the main body and summarised in Appendix C. The same cleaned analytical sample of 9,966 films was used throughout.
[image: ]
Figure E1. jamovi descriptive-statistics output for Average Rating, Watches, Likes, Fans and Runtime.

[image: ]
Figure E2. jamovi independent-samples t-test output comparing Average Rating for English and Non-English films, including group descriptives and the Welch result.

[image: ]
Figure E3. jamovi correlation-matrix output used to assess the relationships among Runtime, Watches, Likes and Fans.
[image: ]
Figure E4. jamovi multiple linear regression output predicting Average Rating from Fans, Likes and Runtime, including model fit, overall model test and model coefficients.
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