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[bookmark: _Toc235525744]Introduction 
This report evaluates the supplied Letterbox Movie Classification dataset to determine how data quality, film characteristics and platform-engagement measures relate to average ratings and audience reach. The source file contained 10,000 records and 17 fields covering titles, directors, genres, runtimes, original languages, studios, watches, list appearances, likes, fans and rating counts. The analysis has three objectives: to produce an auditable cleaned dataset; to compare rating and reach patterns across genre, language and runtime groups; and to assess selected relationships through hypothesis testing, correlation and multiple regression.
The engagement fields are not treated as interchangeable. For this report, watches indicate reach, likes  indicate a response among viewers, and fans indicate stronger affinity. This separation is consistent with Letterboxd’s own distinction between linking a film and assigning it a rating (Letterboxd, n.d.). it is also necessary because exposure-heavy measures can dominate recommendation and discovery systems, while niche titles may remain under-represented despite strong audience appreciation (Abdollahpouri, Burke and Mobasher, 2019).
All findings are therefore interpreted as observational associations rather than casual effects. The analysis can support curation, acquisition and measurement decisions, but it cannot establish that language, runtime or engagement causes a higher rating. Recommender systems create business value when rankings and experiments are connected to clear objectives and continuously evaluated (Gomez-Uribe and Hunt, 2015); the same principle informs the recommendations in this report.








[bookmark: _Toc235525745]Data preparation and analytical approach
Cleaning began with structural and distribution profiling. Data quality is task-dependent: records must be accurate enough, complete enough and suitably represented for their intended use (Wang and Strong, 1996). The redundant Unnamed: 0 export index was replaced with Record_ID. Thirty-one exact duplicate rows across 29 groups were excluded, leaving 9,969 unique films. Multi-valued genre and studio fields were standardised into semicolon delimited values; invalid interface labels, repeated studio names and case only variants were corrected. The complete audit and row reconciliation are reported in Table A1.
A repeated full-precision Average_rating value, 3.268535187347416, occurred in 577 records and exactly matched the mean of genuinely observed ratings. It was treated as an earlier mean-substitution artefact rather than as observed data, leaving 9,392 usable ratings. This decision avoids allowing a single imputed value to suppress variance and alter correlations, a known weakness of simple mean substitution (Schafer and Graham, 2002). Nine fractional runtime artefacts were replaced with the observed median of 99 minutes and retained with an explicit imputation flag. Legitimate numerical extremes and explicit Unknown categories were not automatically deleted.
The cleaned workbook preserves the raw data, excluded rows, transformation formulas, missingness flags and a change log. This structure follows the principle that one observation should occupy one row and one variable one column (Wickham, 2014), while keeping missingness visible throughout the analytical workflow (Tierney and Cook, 2023). Like_rate, Fan_rate and log10(x+1) versions of engagement counts were created to compare films on more appropriate scales.
Descriptive analysis used frequencies, means, medians, standard deviations, ranges and visualisations. Because genre memberships overlaps, genre summaries describe memberships rather than mutually exclusive segments. Inferential analysis in IBM SPSS Statistics comprised a Welch independent-samples t-test, Pearson and Spearman correlations, log-transformed correlations and a multiple regression of average rating. Sample sizes vary by analysis because only records with the required valid fields were included. Selected SPSS output is reproduced in Appendix B.

[bookmark: _Toc235525746]Descriptive findings  
Table 1 shows that the average rating is centred near the middle of the five-point scale: the mean is 3.269, the median is 3.30 and the standard deviation is 0.542. the interquartile range is 2.92-3.65, and Figure 1 shows a single central peak rather than distinct rating clusters. The similarity of the mean and median supports using the mean for broad rating comparisons, although the 577 substituted values were excluded from rating analyses. 
Runtime is more dispersed. Its mean is 103.17 minutes, and its median is 99 minutes, with a range from 2 to 907 minutes. The median is the more representative description of a typical film, while the maximum should be treated as a valid but influential extreme unless further metadata establishes an error. Engagement is much more strongly right skewed: watches average 170,559 but have a median of 18,465; likes average 43,828 but have a median of 3,405; and fans average 1,657 but have a median of only 24. The fan mean is therefore about 69 times its median. These gaps show why raw means alone would overstate the experience of a typical title. 
Table 1. Descriptive statistics for principal numerical variables.
	Variable
	Valid N
	Mean
	Median
	SD
	Minimum
	Maximum

	Average rating
	9,392
	3.269
	3.30
	0.542
	1.08
	4.71

	Runtime (minutes)
	9,969
	103.17
	99
	38.12
	2
	907

	Watches
	9,969
	170,559
	18,465
	458,941
	2
	5,195,503

	Likes
	9,969
	43,828
	3,405
	151,739
	0
	2,730,813

	Fans
	9,969
	1,657
	24
	9,382
	0
	326,000



The catalogue is also unbalanced across categories. Table 2 shows that Drama is the most frequent genre membership (4,405 films) followed by Comedy, Thriller and Action. These percentages must not be added because one film may belong to several genres. English is the original language of 8,046 films, whereas Italian, Japanese and French each account for .0% or less. Language means therefore have very different precision, and the English/non-English comparison is not equivalent to a balanced experiment.
Table 2. Frequencies for leading genres and original languages.
	Category type
	Category
	Film count
	Share of cleaned films

	Genre membership
	Drama
	4,405
	44.2%

	Genre membership
	Comedy
	2,925
	29.3%

	Genre membership
	Thriller 
	2,303
	23.1%

	Genre membership
	Action
	2,068
	20.7%

	Original language 
	English
	8,046
	80.7%

	Original language
	Italian
	396
	4.0%

	Original language
	Japanese 
	308
	3.1%

	Original language
	French
	290
	2.9%



Figure 1. Distribution of valid average film ratings.
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[bookmark: _Toc235525747]Trend analysis and visualisation
Genre trends separate appreciation from reach. Among overlapping memberships with at least 50 valid ratings, Documentary had the highest mean rating (3.671), followed by History (3.538), War (3.523) and Drama (3.456); Horror (2.998), Science Fiction (3.034) and Action (3.060) were lower. However, Documentary’s median watches were only 4,606. Family (70,837), Adventure (50,062), Fantasy (40,927), Mystery (35,412) and Animation (35,266) reached much larger typical audiences. Thus, high audience evaluation does not automatically produce broad exposure. This supports a portfolio interpretation in which niche satisfaction and mass reach are distinct objectives, consistent with the multidimensional engagement framework proposed by Rubin, Mohr and Kumar (2022). Because categories overlap, genre results describe memberships rather than mutually exclusive market segments; a film can therefore contribute to several displayed averages.
Language patterns were also substantial but not deterministic. English-language films had a mean rating of 3.208 and median watches of 24,236. Japanese and French films produced higher mean ratings of 3.611 and 3.612 respectively, although their samples were much smaller and median watches were 14,670 and 20,794. The English/non-English boxplot shows wide overlap, so original language cannot classify an individual film’s quality. The higher non-English mean may partly reflect selection: internationally circulated titles may be more acclaimed than the broad English catalogue. It should therefore motivate better discovery and subtitling tests, not a claim that language causes ratings. 
Runtime showed a non-linear pattern. Films lasting 60-89 minutes had a mean rating of 3.128 and median watches of 5,552; the 90–119-minute group reached 3.219 and 21,646. Films lasting 120-149 minutes combined a stronger mean rating ofR 3.491 with the highest median watches of 81,713. Titles of at least 150 minutes had the highest rating, 3.730, but lower median reach of 45,102. Longer duration may coincide with prestige, budget or franchise status, so the pattern is not an instruction to lengthen content. 
Finally watches and likes move almost linearly after log transformation (Figure 3). This indicates that likes largely scale with exposure and should not be interpreted as an independent quality measure without a rate or an adjusted model. Pearson, Spearman and log-scale summaries are reported together because transformations and rank correlations can provide more informative descriptions when distributions are skewed or relationships are not linear (Schober, Boer and Schwarte, 2018). A time-series chart is not appropriate because the dataset contains no release year or observation date.

Figure 2. Mean rating by overlapping genre membership.
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Figure 3. Watches and likes on logarithmic scales.
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A Welch independent-samples t-test compared English and non-English language films. The test is robust to unequal group sizes and variances in unbalanced designs (Delacre, Lakens and Leys, 2017). English language films were rated lower (M=3.208, SD=0.539, n=7,615) than non-English language films (M=3.522, SD=0.474, n=1,685). The difference was -0.314 points, t(2734.42)= -23.96, p<.001, with Hedges g= -0.595, indicating a moderate practical as well as statistical difference (Lakens, 2013).
Table 3 brings together the principal inferential results. Runtime has a weak raw linear association with watches (Pearson r=.146), a stronger monotonic association (Spearman rank correlation = .363) and a weak log-linear association (r=.214); all have p<.001. watches and likes are extremely strongly associated on both the raw (r=.951) and log scales (r=.985). the log-scale R²of .970 indicates that exposure explains most bivariate variation in likes, but correlation does not establish causation (Schober, Boer and Schwarte, 2018).
The multiple regression predicts average rating from likes, fans, runtime and English language status for 9,300 films, explaining 32.8% of rating variation. Fan count is the strongest positive predictor. English language status is negative, and runtime is weakly positive. Likes becomes negative after fan count is controlled; because likes and fans represent closely related engagement measures, collinearity makes their partial coefficients unstable, so this is not evidence that likes reduce ratings (Dormann et al., 2013).
The model remains descriptive: it omits release timing, marketing, availability and audience composition, and it lacks external validation. Internal fit therefore cannot establish future performance; operational use would require validation and calibration on new data (Harrell, 2015). Appendix B provides selected t-test and correlation output.
Table 3. Inferential analysis summary.
	Procedure 
	Estimate
	Inference/interpretation

	Welch t-test
	t(2734.42) = -23.96; 
g= -0.595
	Non-English mean higher; p<.001

	Runtime – watches 
	Pearson r =.146; 
Spearman p =.363; 
log-scale Pearson r =.214
	Positive but weak to moderate; p<.001

	Watches – likes
	Raw r =.951; 
log r =.985
	Very strong exposure association; p<.001

	Rating regression
	Adjusted R² =.328; 
N =9,300
	Model significant; fan affinity dominant 



Figure 4. distribution of average ratings for English and non-English language films
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Decision-making should use a portfolio dashboard rather than a single popularity score. Watches, Like_rate, Fan_rate and average rating answer different questions about reach, response, affinity and evaluation. Table 1 demonstrates that totals are dominated by a small number of titles, while Table 2 shows that genre and language comparisons are drawn from unequal and sometimes overlapping groups. Dashboard defaults should therefore show medians, rates, sample sizes and uncertainty alongside totals.
Programming and acquisition teams can use the genre results to balance objectives. Documentary, History and War are candidates for satisfaction-led curation, whereas Family, Adventure and Fantasy provide stronger typical reach. These findings should guide segment-specific hypotheses rather than fixed acquisition rules. A title can occupy several genres, and the report does not control for budget, release year, availability or marketing.
The language result supports a discovery experiment, not a causal conclusion. A matched pilot could improve subtitles, metadata and language-aware placement for selected non-English titles, with incremental watches, Like_rate and Fan_rate measured against a control group. Recommender-system research shows both the value of controlled online evaluation (Gomez-Uribe and Hunt, 2015) and the risk that popularity-heavy rankings repeatedly favour already visible items (Abdollahpouri, Burke and Mobasher, 2019). Long-tail exposure and user response should therefore be monitored together.
The regression should not be used as an automated rating predictor in its present form. Fans and likes are highly entangled with exposure and with each other, and no out-of-sample validation has been performed. A next iteration should rate-based predictors, inspect variance-inflation diagnostics and validate on a later release cohort. The cleaning audit and missingness flags should remain part of every refresh so changes in source quality are visible before a dashboard or model is updated.

[bookmark: _Toc235525750]Limitations 
The dataset is a cross-section of platform activity rather than a representative sample of the entire film market. Ratings are self-selected; engagement counts are cumulative and exposure-dependent; and genre membership overlap. Release dates, budgets, marketing spend, platform availability, countries, viewer demographics, completion and repeat viewing are absent. The analysis also lacks a timestamped validation period, so it cannot separate catalogue age from demand or test whether relationships remain stable. Results should consequently be used for prioritising experiments and measurement improvements, not for casual claims about film quality or guaranteed commercial performance.



[bookmark: _Toc235525751]Conclusion  
After cleaning, 9,969 unique films remain and 9,392 have usable ratings. The added tables clarify the central finding: rating, reach and affinity are related but distinct. Engagement counts are extremely skewed: genres display different satisfaction-reach profiles; the catalogue is dominated by English language films; and the observed non-English rating advantage is meaningful but not causal. Watches and likes largely to measure the same exposure process, while the regression explains only 32.8% of rating variation and is affected by collinearity. The strongest business response is therefore a governed, multi-metric dashboard supported by targeted experiments and future validation, rather than a single popularity ranking or an unvalidated predictive model.
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Table A1. Documented cleaning interventions
	Issue 
	Evidence
	Treatment 
	Affected

	Export index
	Unnamed: 0
	Removed; new Record_ID
	10,000 rows

	Exact duplicates
	29 groups
	First retained; copies excluded
	31 rows

	Rating mean artefact
	Exact observed mean
	Recorded missing; flag added
	577 rows

	Runtime artefact
	Only fractional value
	Median 99; flag added
	9 rows

	Invalid genre labels
	Outside 19 genres
	Removed; Unknown retained
	10 labels

	Studio duplication
	Repeat/case-only values
	Deduplicated; case standardised
	19 changes



Reconciliation: 10,000 source rows – 31 excluded duplicate rows = 9,969 cleaned records. All rating analyses use Rating_available = Yes; runtime-imputed rows remain eligible and are explicitly flagged.

[bookmark: _Toc235525754]Appendix B. SPSS – Format statistical output
Table B1. It presents the descriptive statistics for average ratings by language group from the independent-samples t-test. It shows that non-English films had a higher mean average rating than English language films before statistical significance was tested.
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Table B2 presents the results of the independent-sample t-test comparing average ratings between English and non-English films. The results show that the difference in mean ratings was statistically significant.
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Table B3 presents the Pearson correlation coefficients between runtime, log10 watches, log10 likes, and log10 fans, showing significant positive relationships among all variables. 
[image: ]
Table B5. The table presents the regression coefficient, showing the contribution of each predictor to average film ratings and their statistical significance.
[image: ]

Table B6. It presents the ANOVA results, showing that the overall regression model was statistically significant.
[image: ]
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