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[bookmark: _Toc235780618]1. Introduction
Business Intelligence converts operational data into evidence for managers to make decisions, monitor and predict (Sherman, 2015; Maheshwari, 2015). The main goal of this report is to examine the provided Letterbox Movie Classification Dataset and identify patterns in film ratings and audience engagement. The original file contained 10,000 records covering titles, directors, genres, runtime, original language, watches, list appearances, likes, fans and rating counts. After cleaning, 9,969 unique films remained. The data was profiled, organised, summarised and visualised in excel and a series of IBM SPSS procedures were reproduced for the testing of hypotheses, correlation and multiple regression. The analysis is split into four objectives; consistency of the analytical data, numerical and categorical distributions, comparing ratings and engagement by genre and language, and testing variables for association with the average rating. The activities represent descriptive and predictive functions of modern BI (Vercellis, 2009; Kaur, 2022). Results are analyzed for entertainment managers trying to choose content, audience, and spend marketing dollars, but understanding that platform activity is an indicator of interest, not profit or causal demand.
[bookmark: _Toc235490832][bookmark: _Toc235780619]2. Data Cleaning and Preparation
The CSV was imported into SPSS and errors such as type, missing values, variable duplication, inconsistent categories and implausible ranges were checked. Data preparation is required because errors in the data will be passed through to the analytical outputs (Fernandes et al., 2023). The redundant export index was dropped and there were 31 records common on all substantive fields, so the sample size was reduced to 9,969. Text fields were snipped; language labels were normalised; list-formatted Genres and Studios fields were unbundled; and the first genre was captured in the Primary Genre field. There were 24 unknown genres (not guessed), and 307 studios labelled “Unknown” that were retained accurately. The range of runtime was 2 to 907 minutes, and were not trimmed off as a result of this. There were 577 records with a rating equal to the original global mean, suggesting that these were earlier mean imputation. It was applied for reproducibility but marked as a limitation because it decreased the variation by repeating imputation. This documented approach will contribute to the completeness, consistency, and traceability in the BI systems (Taleb et al., 2021; Aramburu et al., 2024).
[bookmark: _Toc235780578]Table 1: Data-Cleaning Audit and Documented Treatment
	Check
	Finding
	Treatment

	Raw records
	10,000
	Imported and profiled

	Redundant export index
	1 column
	Removed

	Exact substantive duplicates
	31 records
	Removed

	Null cells after import
	0
	No imputation added

	Unknown genre
	24 records
	Retained as Unknown

	Unknown studio
	307 records
	Retained as Unknown

	Repeated global-mean rating
	577 records
	Retained and flagged

	Runtime range
	2–907 minutes
	Retained; plausible extremes


[bookmark: _Toc235490833][bookmark: _Toc235780620]3. Descriptive Statistics and Summary
Table 2 summarises the five main numerical variables. Average rating was 3.269 (SD = 0.526), with values from 1.08 to 4.71. The distribution is generally centered around 3.27 but there is a false peak due to the repetition of this value. The mean of the runtimes was 103.18 minutes and the median was 99 minutes. Its average deviation is 38.12 minutes, which takes into account the presence of some short films and very long ones. Extreme values can alter arithmetic averages and using the median with the mean makes sense because of this (Field, 2024).
The size of the audience was far from being uniform. Watches averaged 170,559 but had a median of only 18,465. Likes averaged 43,828 with a median of 3,405, whereas Fans averaged 1,657 with a median of 24. Their maximum values were 5,195,503 watches, 2,730,813 likes and 326,000 fans. This large mean–median separation shows broad right skewness: many more films within the catchy few are highly visible. A mean should not be considered the “typical” film when creating BI dashboards. Medians, distributions and logarithmic plots provide a more well-rounded perspective. This imbalance will show up in the frequency tables and frequency chart.
8,046 films or 80.7% of the cleaned sample were made in English. The other countries were Italy (4.0%), Japan (3.1%), French (2.9%) and Korean (1.5%). Drama was the most common genre tag, appearing on 4,405 films, followed by Comedy (2,925), Thriller (2,303), Action (2,068) and Horror (1,805). Genre frequencies are not exclusive and should not be added up together as each can be present on several films.
The tables and charts are complementary: tables capture exact values, visualisation reveals the skew, clustering and unusual observations. IBM SPSS descriptive procedures also include summary statistics and histograms and boxplots (IBM Corp., 2023). This is particularly important for entertainment data as it reflects varying audience behaviors, including ratings, review quantity, and online activity. It has been demonstrated that user-generated volume can enhance movie-demand forecasting even though the business value (BVM) of the information is influenced by platform and source credibility (Bogaert et al., 2021).
[bookmark: _Toc235780579]Table 2: Descriptive Statistics for Main Numerical Variables
	Variable
	N
	Mean
	Median
	SD
	Minimum
	Maximum

	Average rating
	9,969
	3.27
	3.27
	0.53
	1.08
	4.71

	Watches
	9,969
	170,559.11
	18,465.00
	458,941.23
	2.00
	5,195,503.00

	Likes
	9,969
	43,827.79
	3,405.00
	151,739.22
	0.00
	2,730,813.00

	Fans
	9,969
	1,657.45
	24.00
	9,382.40
	0.00
	326,000.00

	Runtime (minutes)
	9,969
	103.18
	99.00
	38.12
	2.00
	907.00
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[bookmark: _Toc235780557]Figure 1: Distribution of Average Film Ratings
[bookmark: _Toc235780580]Table 3: Original-Language Frequency Distribution
	Original language
	Films
	Percent

	English
	8,046
	80.7%

	Italian
	396
	4.0%

	Japanese
	308
	3.1%

	French
	290
	2.9%

	Korean
	145
	1.5%

	Other languages
	784
	7.9%
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Genre analysis shows that there are differences in perceived quality and reach. The Drama genre tag was the most frequent and received the highest mean rating (mean = 3.446), with Crime (mean = 3.333) and Romance (mean = 3.330) being the next two most frequent genre tags. The averages for Comedy, Action, Science Fiction and Horror, were 3.205, 3.072, 3.042 and 3.008. These are group averages, not guarantees: the boxplots reveal a large and overlapping rating range for each of the major primary genres. Documentary is a less common primary genre, but averaged 3.63. Managers should then use the averages of the genres and the uncertainty of individual titles as opposed to a assigning a “high” or “low” quality to an entire genre.
In the original language, there is a distinction between volume and rating. Although English titles are the ones that are most supplied, the mean rating for an English title was 3.212, whereas the mean rating for a non-English title was 3.510. This difference could be due to audience choice, catalogue makeup, release time or platform-user preferences and not necessarily language. Subtitles and/or culturally oriented discovery campaigns may be helpful for businesses to understand what demand may look like for well-rated non-English content without taking the observed association as causal.
Increases in engagement were significantly larger at the higher end of the rating scale. Median Likes remained between 1,224 and 1,967 across rating bands below 3.50, then increased to 11,167 for ratings of 3.50–3.99, 50,046 for 4.00–4.49 and 105,512 for 4.50–4.99. After taking the log of the data, the scatterplot of the data points for Watches–Likes shows a close upward trend. This implies that not only do popular movies gain more views but also more likes, which is a vital piece of information for gauging demand. The line graph then allows managers to appreciate the areas where engagement speeds up, not that it would be at the same rate throughout. According to related research, the volume of online word of mouth, its credibility, and community engagement can influence or predict the success of movies (Fan et al., 2021; Chiu et al., 2022).
But popularity and satisfaction do not mean the same. A moderately rated film with a large number of viewers can be highly rated by a small number of viewers of a specialist film. Similarly, Lee et al. (2022) differentiate consumer-group breadth from online discussion to viewing. More recent prediction studies also suggest that the ratings can be predicted from script and production characteristics which are not necessarily related to the level of activity in its production (Cini and Abela, 2025). The trend charts should therefore be segmented into genre and language (content position), Watches (reach), Likes (active approval), Fans (stronger attachment), and Average Rating (evaluation). Combined, these metrics can give a better picture of audience behaviour, than any one ranking.
[bookmark: _Toc235780581]Table 4: Ten Most Frequent Genre Tags and Audience Metrics
	Genre tag
	Films
	Mean rating
	Median likes
	Mean watches

	Drama
	4,405
	3.446
	4,206.0
	159,717

	Comedy
	2,925
	3.205
	5,275.0
	193,673

	Thriller
	2,303
	3.168
	4,014.0
	154,500

	Action
	2,068
	3.072
	3,722.5
	207,013

	Horror
	1,805
	3.008
	3,003.0
	126,526

	Crime
	1,518
	3.333
	3,976.0
	160,151

	Adventure
	1,445
	3.120
	6,425.0
	333,567

	Romance
	1,370
	3.330
	5,864.5
	179,181

	Science Fiction
	1,262
	3.042
	4,576.0
	254,817

	Fantasy
	993
	3.146
	7,065.0
	278,257
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[bookmark: _Toc235780560]Figure 4: Rating Variation Across Leading Primary Genres
[bookmark: _Toc235780582]Table 5: Likes Across Average-Rating Bands
	Rating band
	Films
	Median likes
	Mean likes

	1.0–1.49
	25
	1,967.0
	4,610.5

	1.5–1.99
	143
	1,816.0
	5,165.3

	2.0–2.49
	656
	1,647.5
	8,041.4

	2.5–2.99
	1,896
	1,315.0
	10,812.4

	3.0–3.49
	4,045
	1,224.0
	17,819.3

	3.5–3.99
	2,460
	11,166.5
	73,830.4

	4.0–4.49
	719
	50,046.0
	205,695.0

	4.5–4.99
	25
	105,512.0
	347,723.5



[image: ]
[bookmark: _Toc235780561]Figure 5: Median Likes Across Average-Rating Bands
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[bookmark: _Toc235780562]Figure 6: Logarithmic Watches–Likes Relationship
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The hypothesis test tested the equality of the mean ratings for English vs non-English films. English films recorded M = 3.212, SD = 0.524 and n = 8,046; non-English films recorded M = 3.510, SD = 0.461 and n = 1,923. The Levene's test was significant, F = 27.858, p < .001 and thus the unequal variance Welch result was interpreted. The mean difference for English minus non-English films was −0.298, 95% CI [−0.322, −0.275]. Welch’s test confirmed a statistically significant difference, t(3218.03) = −24.793, p < .001. The Cohen's d = −0.582 suggests that the effect is moderately practical, rather than just statistically significant due to the large sample size. The null hypothesis was rejected but causal claims were avoided due to the non-random assignment of language (Field, 2024).
Pearson correlation was used to evaluate linear relationships. The relationship between Watches and Likes was extremely strong, r = .951, p < .001, and .984 by Spearman correlation. There was a strong correlation between Likes and Fans (r = .800) and Watches and Fans (r = .672). The correlations for Runtime with Watches (r = .146), Likes (r = .129) and Fans (r = .088) were less positive. Average Rating correlated with Runtime (r = .187), Watches (r = .249), Likes (r = .290) and Fans (r = .251). These coefficients indicate association, but not direction or cause. They also provide an explanation for the use of a log scatterplot for engagement counts whose raw distributions have influential outliers. When interpreting the correlation, check assumptions and missingness as suggested by IBM Corp. (2023).
The average rating was predicted using multiple regression with variables of runtime, likes and fans. The model was significant, F(3, 9965) = 402.70, p < .001, but explained only 10.8% of rating variance, R² = .108, adjusted R² = .108. Runtime was significant, B = .002106, β = .153, t = 15.994, p < .001. Likes provided the largest standardised contribution, B = 0.000000777, β = .224, t = 14.163, p < .001. Fans added a smaller contribution, B = 0.000003254, β = .058, t = 3.684, p < .001. No severe collinearity (variance inflation factors < 2.80). However, the low R² value indicates that a large amount of the variation in the ratings is due to factors that were not included in the analysis (such as omitted content, audience, and release factors). It is recommended to test a fitted model operationally on new observations, called statistical learning guidance (James et al., 2023). The regression is thus not a reliable rating forecast but rather an explanatory baseline.
Diagnostics were reviewed prior to acceptance of the model. There were some extreme values in the raw engagement variables and boxplots were used to detect influential cases; therefore, the results of the coefficients should be interpreted with care. The t test is robust for large samples but requires unequal variances so Welch's correction was used. Residual plots suggested departures from normality and constant variance at engagement levels for regression. Transformation of counts could help improve the assumptions, but the interpretation of the coefficients would differ.
[bookmark: _Toc235780583]Table 6: Independent-Samples t-test: English versus Non-English Ratings
	Output
	N
	Mean/difference
	SD/effect
	Statistic
	Significance

	English
	8,046
	3.212
	0.524
	—
	—

	Non-English
	1,923
	3.510
	0.461
	—
	—

	Levene’s test
	—
	—
	—
	F = 27.858
	p < .001

	Welch t-test
	—
	Difference = -0.298
	d = -0.582
	t(3218.03) = -24.793
	p < .001

	95% confidence interval
	—
	[-0.322, -0.275]
	—
	—
	—



[bookmark: _Toc235780584]Table 7: Pearson Correlation Matrix
	Variable
	Average rating
	Runtime
	Watches
	Likes
	Fans

	Average rating
	1.000
	0.187
	0.249
	0.290
	0.251

	Runtime
	0.187
	1.000
	0.146
	0.129
	0.088

	Watches
	0.249
	0.146
	1.000
	0.951
	0.672

	Likes
	0.290
	0.129
	0.951
	1.000
	0.800

	Fans
	0.251
	0.088
	0.672
	0.800
	1.000



[bookmark: _Toc235780585]Table 8: Multiple-Regression Model Summary
	N
	R
	R²
	Adjusted R²
	SEE
	ANOVA
	p

	9,969
	0.329
	0.108
	0.108
	0.497
	F(3, 9965) = 402.70
	p < .001



[bookmark: _Toc235780586]Table 9: Regression Coefficients Predicting Average Rating
	Predictor
	B
	SE
	β
	T
	p
	VIF

	Constant
	3.012388
	0.014361
	—
	209.769
	p < .001
	—

	Runtime
	0.002106
	0.000132
	0.153
	15.994
	p < .001
	1.018

	Likes
	0.000000777
	0.000000055
	0.224
	14.163
	p < .001
	2.799

	Fans
	0.000003254
	0.000000883
	0.058
	3.684
	p < .001
	2.774


[bookmark: _Toc235490836][bookmark: _Toc235780623]6. Insights and Recommendations
The analysis is followed by five practical actions. Managers should observe and track both Watches and Likes as a combined group, as they are both reach and active-engagement indicators, but do not directly measure profits. Second, content dashboards should show medians and logarithmic charts on the side of means, otherwise the blockbusters will drown out the normal performance. Third, the increase in the mean rating across the different non-English languages is sufficient to warrant controlled tests of subtitled promotion, curated international collections and language-specific messaging. Fourth, mean ratings and within-genre spread should be taken into account when making genre decisions; Drama and Documentary seem good, but overlapping boxplots indicate that there are no hard rules. Fifth, before deployment, the regression should be extended to include additional factors that are released year, budget, cast, distribution channel, review text and marketing exposure. Research on film analytics proves that, according to the study carried out by Bogaert et al. (2021) and Qiao (2024), the combination of the traditional characteristics with the online behaviour has added value for the prediction.
Operationally, a BI dashboard should track median Watches, Likes-to-Watches rate, Fans, rating distribution, genre and language. Managers can make campaign tests and then compare the engagement, retention and revenue after the tests. Reporting is at the heart of BI practice (Sherman, 2015), and this approach makes reporting more action-oriented.
Limitations remain. The dataset represents platform users rather than all cinema audiences; its collection period and sampling method are unknown; genres overlap; 577 ratings appear pre-imputed; and cross-sectional associations cannot establish cause. Future work should include documentation of provenance, true missing values, and commercial outcomes and validation of models with later releases. Context and data quality should not be an afterthought in decisions, but should be integrated into each decision (Aramburu et al., 2024).
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