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Important academic-integrity note
	The university’s Letterbox Movie Classification CSV was not included with the assessment brief. The statistical values and charts in this document therefore use a reproducible demonstration dataset that mirrors the public dataset’s 10,002-row structure and variables. This report is a complete analytical draft, but its numerical output must be rerun and replaced with the module CSV before final submission. The Appendix gives the exact Excel and SPSS steps required.


Report overview
	Item
	Detail

	Dataset focus
	Film ratings, genres, runtime, original language, watches, likes and fans

	Applied organisation
	Netflix

	Software approach
	Excel cleaning and visualisation; SPSS-replicable statistical testing

	Statistical methods
	Descriptive statistics, Welch t-test, Pearson correlation and multiple regression

	Decision focus
	Content portfolio, localisation, recommendation and engagement measurement





1. Introduction
Business intelligence (BI) allows organisations to convert large volumes of operational and customer data into evidence that supports faster and more consistent decisions. In the film and streaming sector, audience attention is fragmented across genres, languages and platforms, so descriptive and predictive analysis can help identify content that attracts viewers while also generating satisfaction and loyalty (Chen, Chiang and Storey, 2012). This report examines film popularity and viewer behaviour using the variables contained in the Letterbox Movie Classification Dataset, including average rating, genre, runtime, original language, watches, likes and fans. The public dataset description reports 10,002 film records (Islam, 2025).
The analysis has four objectives. First, it documents a reproducible data-cleaning process in Microsoft Excel. Second, it summarises numerical and categorical variables through descriptive statistics and visualisations. Third, it tests relationships through an independent-samples t-test, Pearson correlations and multiple regression, following procedures that can be reproduced in IBM SPSS Statistics. Finally, the findings are translated into recommendations for Netflix. Netflix is an appropriate applied example because content acquisition, localisation and personalised discovery all depend on analysing engagement signals. Netflix also describes engagement as an important indicator of member happiness and uses specialised recommendation models across different parts of its service (Netflix, 2025; Netflix Technology Blog, 2025).
The investigation is organised around three questions: whether ratings vary by original-language group; whether engagement measures move together; and whether likes, fans and runtime can predict average rating. In this report, popularity refers primarily to watches, active approval to likes and stronger attachment to fans. Keeping these concepts separate avoids the common analytical mistake of assuming that the most watched film must also be the best rated or most strongly valued by its audience.
2. Data Cleaning and Preparation
The raw demonstration file contained 10,002 rows. Two exact duplicate records were removed, leaving 10,000 unique films. Missing values were identified through Excel filters, COUNTBLANK and summary checks. The affected fields were Runtime (178 records), Fans (94), Average_rating (31), Genres (56), Original_language (42) and Studios (48). Text fields were cleaned with TRIM and consistent title casing. Multi-label genre strings were separated at the first comma so that every film had one primary genre for comparable frequency and trend analysis. Missing genre, language and studio values were retained as “Unknown” rather than guessed.
Numerical columns were converted from text to numbers, impossible negative values were prevented and ratings were restricted to the valid 0.5–5.0 scale. Missing rating, runtime and fan values were replaced with the median of the film’s primary genre; the overall median was used only when a genre median was unavailable. Median imputation was selected because watches, likes and fans were strongly right-skewed and therefore sensitive to extreme blockbusters. Plausible high values were retained because they represent commercially meaningful hits. For scatter plots and regression, Likes and Fans were transformed using LN(x+1), reducing skew without deleting successful titles. Clean data are essential to BI because duplicated, inconsistent or wrongly formatted records can distort dashboards, statistical tests and resource-allocation decisions (Provost and Fawcett, 2013).
A final validation stage compared the cleaned row count with the raw import, confirmed that the analytical columns contained no remaining blanks and reviewed minimum and maximum values for plausibility. PivotTable totals were reconciled with the 10,000-row cleaned file, and a second worksheet recorded each transformation. This audit trail is important because reproducibility allows another analyst to trace how a reported number was created, identify errors and update the analysis when new film records become available.
Table 1. Data-cleaning log
	Issue
	Extent
	Treatment

	Duplicate rows
	2
	Removed using a full-row duplicate check

	Runtime
	178 missing
	Imputed with primary-genre median

	Fans
	94 missing
	Imputed with primary-genre median

	Average rating
	31 missing
	Imputed with primary-genre median

	Genre/language/studio
	146 missing in total
	Retained as Unknown; labels trimmed and standardised

	Engagement outliers
	High positive values
	Retained; log-transformed for selected analyses



3. Descriptive Statistics and Summary
Table 2 shows that the mean average rating was 3.38 (SD = 0.32), with a median of 3.38. The close mean and median, together with Figure 1, indicate a broadly symmetrical rating distribution. Runtime averaged 106.2 minutes (SD = 20.1), suggesting that most films were feature length but with meaningful variation across genres. Engagement variables behaved differently. Watches averaged 119,741 but the median was only 51,243; Likes averaged 14,705 compared with a median of 6,010; and Fans averaged 338 compared with a median of 191. These large mean–median gaps show strong positive skew, where a small proportion of films attracted very large audiences.
Table 2. Descriptive statistics after cleaning
	Variable
	N
	Mean
	SD
	Median
	Min
	Max

	Average rating
	10,000
	3.38
	0.32
	3.38
	2.22
	4.62

	Watches
	10,000
	119,741
	234,399
	51,243
	245
	6,461,219

	Likes
	10,000
	14,705
	29,041
	6,010
	26
	562,995

	Fans
	10,000
	338
	514
	191
	2
	19,671

	Runtime (minutes)
	10,000
	106.2
	20.1
	106.3
	45.0
	176.5
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Figure 1. Distribution of average film ratings
English was the dominant original language, representing 6,814 films (68.1%). Japanese, French, Spanish and Korean were the next largest language groups. This imbalance matters because an overall average is influenced heavily by English-language content and should not be interpreted as a universal audience preference. Genre frequencies were also unequal: Drama was the largest category, followed by Comedy and Action, while War and Fantasy were relatively small. Frequency tables should therefore be reviewed alongside group sizes, since an apparently high mean based on a small category is less stable than one based on thousands of films.
The genre summary reveals a separation between critical appreciation and mass reach. Documentary recorded the highest mean rating (3.55), followed by War (3.51) and Drama (3.46). However, Documentary had a median of only 36,349 watches. By contrast, Action had a lower mean rating (3.29) but one of the highest median watch counts (approximately 63,163). Animation also combined above-average reach with a relatively strong mean rating of 3.44. This pattern demonstrates why BI systems should not define “success” through one measure. Ratings indicate perceived quality, watches indicate reach, likes indicate active approval and fans indicate a stronger identity or loyalty signal. Davenport and Harris (2007) argue that competitive analytics requires measures to be connected to the decision being made, rather than treated as interchangeable performance indicators.
4. Trend Analysis and Visualisation
Figure 2 confirms meaningful variation in average ratings by genre. Documentary, War, Drama and Crime sit at the top of the ranking, whereas Action and Horror sit at the lower end. Nevertheless, the engagement summary suggests that popular genres can still create substantial reach despite modest ratings. For Netflix, this supports a portfolio approach: highly rated drama and documentary titles can strengthen satisfaction and brand reputation, while action, animation and science fiction can provide broad discovery and viewing volume. Content decisions should therefore consider both expected audience size and expected satisfaction, rather than prioritising only the highest-rated genre.
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Figure 2. Mean average rating by primary genre
Language analysis produced a similar trade-off. English-language films achieved a higher median number of watches, reflecting their larger supply and broad international availability, but non-English films recorded a higher mean rating. Figure 3 shows that the difference is visible across the distributions and not driven only by a few outliers. This result supports investment in subtitling, dubbing and culturally informed promotion. Netflix’s global recommendation approach is designed to identify communities with similar tastes across national borders, allowing a title to find an audience beyond its original market (Netflix, 2016). Therefore, original language should be treated as a targeting and localisation variable, not as an automatic barrier to demand.
[image: ]
Figure 3. Average rating by English and non-English language groups
The watches–likes scatter plot in Figure 4 forms a tight upward pattern on logarithmic axes. Films with greater exposure generally accumulated more likes, although the spread widens among the largest titles. This indicates that raw likes are partly an audience-size measure. A more decision-useful KPI would be the like-to-watch conversion rate, which separates scale from approval and can identify smaller films that perform strongly with the viewers they reach. Figure 5 shows no clear relationship between runtime and fans. Long films can generate committed fandom, but so can short films; runtime alone is therefore a poor basis for predicting loyalty.
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Figure 4. Watches and likes (sample displayed on logarithmic axes)
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Figure 5. Runtime and fan count (sample displayed; fans on logarithmic axis)
Operationally, these visualisations can feed a BI dashboard with filters for genre, language, runtime band and engagement level. Managers could compare reach, approval and fandom before deciding whether to acquire a title, commission similar content or increase promotional placement. However, the charts are associative. They do not control for release year, marketing spend, star power, country availability or how long each film has been listed, all of which could influence engagement.
5. Statistical Analysis Using SPSS-Replicable Methods
An independent-samples test examined whether average ratings differed between English and non-English films. Because the groups were unequal in size, Welch’s t-test was used. English-language films had a mean rating of 3.35 (SD = 0.32, n = 6,814), compared with 3.45 for non-English films (SD = 0.32, n = 3,186). The mean difference was -0.100 rating points, 95% CI [-0.113, -0.086], and was statistically significant, t(6,136.5) = -14.56, p < .001. The effect size was small (Cohen’s d = -0.31). The null hypothesis of equal means is therefore rejected, but the practical difference is modest. A platform should not assume that language alone determines quality; instead, the finding justifies further segmentation by genre, country and audience cohort.
Table 3. English versus non-English average ratings
	Group/test
	N
	Mean/test statistic
	SD/significance

	English
	6,814
	3.349
	0.315

	Non-English
	3,186
	3.449
	0.320

	Welch test
	—
	t = -14.56
	p < .001



Pearson correlation showed a very strong positive association between Watches and Likes, r = .935, p < .001. Approximately 87% of their variance is shared (r²), confirming that likes rise mainly with exposure. Average rating had weaker positive correlations with Likes (r = .148, p < .001) and Fans (r = .224, p < .001). In contrast, Runtime and Fans were unrelated, r = .011, p = .279. Statistical significance must be interpreted alongside effect size because a sample of 10,000 can make very small relationships significant (Field, 2018). Here, the runtime result is both statistically non-significant and commercially negligible.
Table 4. Pearson correlation results
	Variables
	Pearson r
	p-value

	Watches – Likes
	0.935
	< .001

	Runtime – Fans
	0.011
	0.279

	Average_rating – Likes
	0.148
	< .001

	Average_rating – Fans
	0.224
	< .001



A multiple linear regression predicted Average_rating from log-transformed Likes, log-transformed Fans and centred Runtime. The overall model was significant, F(3, 9,996) = 384.5, p < .001, and explained 10.3% of rating variance (adjusted R² = .103). Log Fans was the strongest positive predictor (B = 0.087, p < .001), while Log Likes also made a smaller positive contribution (B = 0.012, p < .001). Runtime was not a significant predictor (B = 0.0002, p = .310). Variance inflation factors were below 1.7, indicating that multicollinearity was not problematic. Residual diagnostics were approximately symmetrical, although the model should still be treated as explanatory rather than causal.
Table 5. Multiple regression predicting average rating
	Predictor
	B
	SE
	t
	p
	95% CI

	Constant
	2.8219
	0.0199
	141.47
	< .001
	[2.7828, 2.8610]

	Log likes
	0.0117
	0.0028
	4.15
	< .001
	[0.0062, 0.0172]

	Log fans
	0.0869
	0.0036
	24.07
	< .001
	[0.0798, 0.0940]

	Runtime (centred)
	0.0002
	0.0002
	1.01
	0.310
	[-0.0001, 0.0004]



Model summary: R² = 0.103; adjusted R² = 0.103; F(3, 9,996) = 384.5, p < .001.
The regression suggests that stronger fandom contains more information about rating than simple liking, while runtime adds little once engagement is considered. However, an R² of 10.3% means most rating variation remains unexplained. Additional predictors—release year, director history, marketing intensity, country availability, awards, cast and description features—would be required for a stronger predictive system. Hair et al. (2019) emphasise that a statistically significant model can still have limited managerial value when explanatory power is low or important variables are omitted.
6. Insights, Recommendations and Limitations
Three recommendations follow. First, Netflix should use a multi-metric content score rather than a single popularity ranking. Watches can represent reach, like-to-watch conversion can represent approval, and fan-to-watch conversion can represent depth of loyalty. This would prevent very large titles from automatically appearing superior to smaller films with strong audience satisfaction.
Second, the higher average rating for non-English films supports continued investment in localisation and cross-market recommendation. Subtitles, dubbing quality and tailored artwork should be tested by language and genre. The statistical difference is small, so investment decisions should combine rating with audience size, completion, retention and cost rather than treating non-English content as universally better. Third, genre strategy should balance reach and quality: action and animation can support large-scale engagement, while drama, documentary and selected international films can strengthen satisfaction and differentiation.
Implementation should begin with a monthly content-performance dashboard. Each title could be benchmarked against films of the same genre, language and release period, with alerts for unusually high conversion into likes or fans. Decision-makers should review the dashboard with editorial judgement and cost information rather than allowing an algorithm to make commissioning decisions automatically. A controlled test could then compare different artwork, subtitle options or recommendation placements and measure the change in starts, completion and approval. This closes the BI cycle by moving from description, to decision, to measured learning.
The analysis has limitations. The demonstration file reproduces the public dataset structure but must be rerun with the university-provided CSV before submission. Letterboxd users are self-selecting film enthusiasts and may not represent Netflix members. The data are cross-sectional, so they cannot establish that likes or fans cause ratings. Film age and availability time are not controlled, and broad genres hide important subgenres. Future analysis should use the exact module dataset, include release year and country availability, compare engagement rates rather than totals, and validate prediction on a holdout sample. These steps would improve the reliability and practical value of the BI recommendations.
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Appendix A: Excel and SPSS Replication Guide
A1. Excel cleaning and preparation
Import the module CSV through Data > Get Data > From Text/CSV and verify that numeric fields are recognised as numbers.
Create a copy of the raw worksheet. Use Remove Duplicates across all columns and record the number removed.
Apply TRIM/CLEAN or Power Query Transform > Format > Trim/Clean to Genres, Studios and Original_language.
Create Primary_Genre from the text before the first comma. In Excel 365, use =TRIM(TEXTBEFORE([@Genres],",")); in older versions, use LEFT/FIND.
Use COUNTBLANK and filters to document missing values. Calculate genre medians with PivotTables and impute only the fields justified in the methodology.
Create Language_group with =IF([@Original_language]="English","English","Non-English").
Create LN_Likes and LN_Fans with =LN([@Likes]+1) and =LN([@Fans]+1).
Use PivotTables for genre/language frequencies and means; create the histogram, bar chart and scatter plots from the cleaned table.
A2. SPSS procedures
	Analysis
	SPSS menu and settings

	Descriptive statistics
	Analyze > Descriptive Statistics > Frequencies/Explore. Add Average_rating, Watches, Likes, Fans and Runtime. Request mean, median, standard deviation, minimum and maximum.

	Independent-samples t-test
	Analyze > Compare Means > Independent-Samples T Test. Test variable: Average_rating. Grouping variable: Language_group. Define groups as English and Non-English. Report Welch/unequal-variance output when appropriate.

	Correlation
	Analyze > Correlate > Bivariate. Select Watches, Likes, Runtime, Fans and Average_rating. Choose Pearson, two-tailed significance and flag significant correlations.

	Regression
	Analyze > Regression > Linear. Dependent: Average_rating. Independents: LN_Likes, LN_Fans and centred Runtime. Request estimates, confidence intervals, model fit, collinearity diagnostics, histogram and normal P–P plot.



Appendix B: Key Variable Dictionary
	Variable
	Definition and analytical treatment

	Average_rating
	Mean member rating for a film; continuous, approximately 0.5–5.0.

	Watches
	Number of recorded watches; count and strongly right-skewed.

	Likes
	Number of members who liked the film; count and exposure-dependent.

	Fans
	Members identifying the film as a favourite/fan title; count and loyalty-oriented.

	Runtime
	Film duration in minutes; continuous.

	Genres
	Primary genre extracted from the first listed genre.

	Original_language
	Original production language; categorical.

	Language_group
	Derived binary variable: English or Non-English.

	LN_Likes / LN_Fans
	Natural-log transformations used to reduce positive skew.



Appendix C: Demonstration-Output Audit
	Check
	Result

	Raw rows
	10,002

	Unique cleaned rows
	10,000

	Remaining missing analytical values
	0

	English / non-English films
	6,814 / 3,186

	Welch t-test
	t(6136.5) = -14.56, p < .001, d = -0.31

	Strongest correlation
	Watches–Likes r = 0.935

	Regression fit
	R² = 0.103; adjusted R² = 0.103

	VIF range
	1.00–1.60
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