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[bookmark: _Toc235782006]1. Introduction
In this report the Letterbox Movie Classification Dataset is analysed to determine the behaviour of movie viewers and the variables associated with movie ratings and popularity. A total of 10,000 records in an original file had 17 fields. Each title, director, genres, runtime, original language, studio, average rating, watches, list appearances, likes, fans and rating counts are described in these fields. Such records are useful sources of data for business intelligence to inform user decisions regarding content, promotion and customer experience (Sharda, Delen and Turban, 2021). Previous studies have also indicated that the use of research results in automated processes and decision making can contribute to the enhancement of business processes and performance (Aedine et al., 2019; Mikael et al., 2018).
The analysis set out to answer the following four questions: It first verified and analysed the data. Second, it summarised numerical and categorical variables. Thirdly, it contrasted ratings and engagement in genre and language groups. Lastly, it examined relationships with the use of hypothesis testing and correlation and multiple regression. SPSS procedures were used in conjunction with summaries and charts, similar to those in Excel. Results reported besides p-values, with effect sizes, confidence intervals and practical meaning. This allows for a more palpable footing for action and acknowledge that an observation-based dataset cannot establish cause and effect.
[bookmark: _Toc235788606][bookmark: _Toc235782007]2. Data Cleaning and Preparation
The CSV was initially examined for empty cells, bad numbers, duplicate rows and mixed text. No cell was blank. There were, however, 31 identical records in every analytical area, and one was struck off the list and 9,969 unique records were left. The first column was left unnamed and only as an identifier for the source. Language values trimmed of spaces. Genre and studio strings were converted from lists of text to usable categories. The first genre listed appeared to be the most prominent for mutually exclusive comparisons. Numbers that were not known were left as “Unknown” and not guessed. This impacted 24 genres, 307 studios and three languages. Rules and a documented cleaning path is crucial because bad data quality can lead to "confident but incorrect decisions" (Cichy and Ras, 2019).
Another check revealed 579 ratings which were equal to the exact overall mean of 3.268535. Imputation was done in this pattern, as described earlier. Following removal of duplicates, there were 577 such cases left. They were included in full-sample descriptions, but not in the t-test or rating regression, due to the fact that removing them would alter the provided dataset. This left 9,392 observed ratings. Imputed outcomes can undermine genuine relationships and are best dealt with openly (van Buuren, 2018). The runtime of the process varied from 2 minutes to 907 minutes. These values were flagged but kept as they may be true short, collection or long-form titles. The watch, likes and fans were right skewed and were modelled and displayed by taking log10 transformations. Skilling patterns can be more stable and interpretable when the predictors are transformed (Kuhn and Johnson, 2019).
Table 1. Data cleaning and preparation decisions
	Issue
	Action
	Reason

	Exact duplicates
	31 removed
	Prevented repeated films from giving extra weight

	Blank cells
	None found
	No deletion or new imputation was required

	Mean-imputed ratings
	577 flagged
	Retained descriptively; excluded from rating inference

	Unknown categories
	24 genres; 307 studios; 3 languages
	Kept as Unknown to avoid unsupported guesses

	Extreme values
	Flagged and retained
	Plausible shorts and long-form titles were not deleted

	Skewed counts
	Log10 variables created
	Improved plots and regression stability


Note. Final cleaned sample N = 9,969. Rating-based inferential sample n = 9,392.
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Table 2 shows that the average rating was 3.27 (SD = 0.53), with values from 1.08 to 4.71. A small peak in the imputed mean was also observed in figure 1 with a median of 3.27. That's why it's important to decide on the cleaning. The average run time was approximately 100 minutes. The average time was 103.18 minutes and the median time was 99 minutes. This brought the mean up due to the maximum of 907 minutes. It is important to report the mean, median, spread, range, rather than just one number alone (Mishra et al., 2019).
Most ratings were in the 2.5 – 4.0 range, with few ratings lower than 2.5. (See Figure 1) The number of engagements was quite small for the centre size. The difference of a few tenths, on a scale of five, may be significant. It should still be evaluated in conjunction with confidence intervals and effect sizes.
Things were much more imbalanced when it came to engagement variables. There were 170,559 mean watches and just 18,465 median watches. The mean number of likes was 43,828 while the median was 3,405. The greatest difference was between fans, who had a mean of 1,657 but a median of 24. A few highly successful movies thus stimulated all three means. The same was true for total ratings, with a mean of 106,552 and a median of 11,842. Means are still useful for describing the overall scale of a typical film, whereas medians are more useful when extreme values are present (Field, 2024).
8,046 films (80.7% of the cleaned sample) were originally written in English. The next biggest population was Italians (396), Japanese (308) and French (290). The highest number of films were drama (2,225), comedy (1,422), horror (862), thriller (800) and action (732). The large sample provides accurate estimates, but the number of samples does not eliminate the possibility of bias in the way that titles were entered into the database (Laken’s, 2022). For this reason, the results in the Descriptive report are displayed for this dataset and not for all films or all viewers.
Table 2. Descriptive statistics for main numerical variables
	Variable
	Mean
	SD
	Median
	Min
	Max
	Skew

	Average rating
	3.27
	0.53
	3.27
	1.08
	4.71
	-0.41

	Runtime
	103.2
	38.1
	99.0
	2.0
	907.0
	5.64

	Watches
	170.6k
	458.9k
	18.5k
	2
	5.20m
	5.13

	Likes
	43.8k
	151.7k
	3.4k
	0
	2.73m
	7.49

	Fans
	1.7k
	9.4k
	24
	0
	326.0k
	14.60

	Total ratings
	106.6k
	295.0k
	11.8k
	0
	4.09m
	5.62


Note. N = 9,969 for every variable. SD = standard deviation; k = thousand; m = million.
Figure 1. Distribution of average film ratings
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There were differences in ratings within the top genre categories. The highest mean rating was for documentary (3.63), while drama (3.47) crime (3.38), and romance (3.36) were next. The mean of Horror was the lowest at 2.99. Science fiction (3.02) and action (3.07) were also lower than the mean overall of 3.27. The results indicate that audience acceptance and extended popularity are two different results. 834 median likes were given to documentary titles, which were highly rated. The median like counts for romance and fantasy were respectively 6,973 and 6,972. No platform can label a genre as failed due to lower engagement.
Genre results are based on the genre that appeared first. The bars provide a view only, as many films will have multiple genres. A later dashboard might have its own indicator for each genre and do comparisons between genre sets. It should also show the size of the groups as it is possible for the averages calculated from small groups to be unstable.
There was another mixed pattern with language. The eight most popular language groups (in order by number of films) had a median of 4,452 likes for French films, 4,020 for English films, and 3,593 for Japanese films. The median number of likes on Italian films was 480. The English group was far larger however, and films may be of different ages and not be distributed and promoted and may not be available. The language chart is thus an association of words, not a fair comparison. Multimedia recommender research backs the idea of multiple over a single content signal (Eldo et al., 2020). Modern systems can integrate genre, language, and behavioural feedback but this requires appropriate data and assessment tools (Zhang et al., 2019; Fayyaz et al., 2020).
The run-time scatter plot employed log10 likes to enable both small and very large films to be displayed. It demonstrated a positive trend, but there was a lot of variation in the points at common runtime. There was no automatic popularness among a long film. This is important when making decisions. Don't let runtime become a one-size-fits-all acquisition tool. Finally, research by recommenders also indicates that easy-to-count metrics may mask broader customer and business values (Jannach and Bauer, 2020). Monitoring should therefore be carried out jointly, with ratings, reach, repeat viewing, completion and satisfaction monitored.
Table 3. Ratings and likes for the ten largest primary genres
	Primary genre
	n
	Mean rating
	Median likes

	Drama
	2,225
	3.47
	3,554

	Comedy
	1,422
	3.19
	4,248

	Horror
	862
	2.99
	2,232

	Thriller
	800
	3.14
	3,834

	Action
	732
	3.07
	2,313

	Crime
	527
	3.38
	3,906

	Romance
	503
	3.36
	6,973

	Science Fiction
	441
	3.02
	3,239

	Adventure
	417
	3.11
	4,356

	Documentary
	335
	3.63
	834


Figure 2. Mean rating for the ten largest primary genres

Figure 3. Median likes for the eight largest language groups

Figure 4. Runtime and viewer likes
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The Welch t test was used to compare 9,392 observed ratings. English-language films had a mean of 3.208 (SD = 0.539, n = 7,615). Non-English films had a mean of 3.530 (SD = 0.474, n = 1,777). The unequal-variance result was used because the Levene's test was significant (p< .001, F=38.69). The difference was significant, t(2942.80) = -25.04, p < .001. English films averaged 0.321 points lower, 95% CI [-0.347, -0.296]. The difference was a moderate -0.610 for Hedges. This is precise and does not demonstrate that the language is responsible for the rating divide. A part of it may be due to genre mix, release period and title selection.
All 9,969 cleaned films were used for the Pearson correlations. The correlation between runtime and the numbers of watches, likes, and fans were weak positive correlations, r = .146, r = .129, and r = .088, respectively. All had p < .001. The Spearman results are higher at .362, .357 and .390 because the ranks dampen the extremes. Pearson measures linear association, but the Spearman is helpful when there is a skewed or monotonic pattern (Schober, Boer and Schwarte, 2018). There was a very high positive correlation between watches and likes, r = .951. They are similar and should not be regarded as completely distinct successes of their own.
Log10 likes, log10 fans, runtime and English language were entered in the first regression. There was a high level of overlap between log likes and log fans with Spearman's rho = .944 and variance inflation factors > 8. Final model was clearer with log likes removed. If the multicollinearity is high, it might turn coefficients to be in the opposite direction and give misleading results (Kim, 2019). The final model was significant, F(3, 9388) = 1482.44, p < .001, and explained 32.1% of rating variation, adjusted R² = .321. Log10 fans was the strongest positive predictor, B = 0.222, beta = .497. Runtime had a small positive coefficient, B = 0.00094, beta = .066. English language remained negative, B = -0.346, beta = -.250. The p-values of all the predictors were < .001 and the variance inflation factors were < 1.07.
The residuals were moderately skewed with no Cook's distances greater than 1 and the largest Cook's distance was 0.015. In most cases with large samples, formal normality tests are more informative than the graphs and influence checks, as they indicate minor deviations (Knief and Ortmeier, 2021). Other assumptions are also important for regression: Linear relationships, equal residual variance, and appropriate selection of variables (Fox and Weisberg, 2019; Hair et al., 2019). The model is not an actually tested forecasting system. To make a prediction, a separate holdout sample would be required (James et al., 2021). Both effect size and business meaning were considered to be statistical significance following the suggestions of Wasserstein, Schirm and Lazar (2019).
Table 4. Summary of inferential statistical results
	Analysis
	Statistic
	Size
	Plain interpretation

	Welch t-test
	t(2942.80) = -25.04, p < .001
	g = -0.610
	Non-English films had higher mean ratings

	Runtime-watches
	r = 0.146, p < .001
	Weak
	Longer runtime had little linear relation with watches

	Runtime-likes
	r = 0.129, p < .001
	Weak
	Runtime alone was a poor guide to likes

	Runtime-fans
	r = 0.088, p < .001
	Very weak
	Runtime explained little fan variation

	Watches-likes
	r = 0.951, p < .001
	Very strong
	Watches and likes measured similar popularity patterns


Table 5. Multiple regression predicting average rating
	Predictor
	B
	SE
	beta
	t
	p
	VIF

	Constant
	3.086
	0.017
	-
	183.35
	< .001
	-

	Log10(fans + 1)
	0.222
	0.004
	0.497
	56.65
	< .001
	1.07

	Runtime
	0.001
	0.000
	0.066
	7.48
	< .001
	1.07

	English
	-0.346
	0.012
	-0.250
	-29.35
	< .001
	1.00


Note. N = 9,392. R² = .321, adjusted R² = .321, F(3, 9388) = 1482.44, p < .001. English is coded 1 and non-English 0.
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The analysis provides three practical messages. Quality content is a prerequisite for reach. Documentary and drama saw high ratings, and the former had higher typical likes, whereas fantasy had a higher typical rating of likes. Highly rated niche films can be used to help satisfy and popular films can be used to drive traffic if there is a balance within the catalogue. Secondly, non-English material needs to be clearly displayed and subtitled. Even though it has a higher average rating, it should be compared in like genres and released time. Thirdly, there was a weak correlation between engagement and runtime. It should not be taken as an absolute acceptance criterion.
A helpful dashboard should include median and total watches, likes, fans, completion, repeat viewing and complaints by genre and language. There will be a few blockbusters, but medians will prevent that from muddying the waters. Content details and user behaviour should be used in combination to recommend models, and the performance should be compared by controlled tests. This connects to the core of effective business intelligence – daily decisions based on analysis (Sharda, Delen and Turban, 2021). Data checks should be performed prior to each refresh, and duplicate rules, allowed categories, missing-value flags and details of transformations recorded.
The conclusions made have restrictions. The data is aggregated on a per film basis but does not provide age of viewers, country, subscription type, release year, marketing spend, or platform exposure or viewing completion. Further, it is not known when each of the counts was taken. The older films were able to gather more engagement. Primary genre made the multi-genre titles simple, and 577 ratings had already been meaning imputed. How much exposure an association has and how it was selected is not necessarily the same as audience preference. Future work should include time variables, user variables and comparison of different titles within release cohorts and validation of non-linear models on unseen data. These steps would take the current evidence and make it safer as recommendation for customer acquisition, promotion and satisfaction.
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