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Introduction 
 In the media and entertainment industry, Business Intelligence (BI) techniques especially data analysis and statistical testing are increasingly leveraged for decision intelligence, operational efficiency, audience fulfilment among others (Sharda et al., 2020). This analysis sheds light on the factors driving engagement and success in modern cinema consumption by studying trends in ratings, runtimes, genres, and languages.
The dataset utilised in this paper has been Letterboxd Movie Classification Dataset (LMCD) and comprises of 10000 films along with aspects such as Name, Director, Genre, Runtime and Ratings also planned associated with other fields like language, number of watches ‚As, likes and fan count. The diversity of parameters allows both quantitative and qualitative analysis, from descriptive summary statistics to inferential statistical comparisons.
There are four aims of the analysis. The first is to provide the data in Excel, allowing for cleaning and preparation (such as reformatting, standardising) on quality, but perhaps also relevance. Secondly, to create summary statistics by key metrics (average rating, runtime and engagement measures). Thirdly, to conduct trend analysis and visualisation to understand deviations of ratings and engagement according to genre and language. And finally, statistical testing in SPSS such as correlation analysis, regression and hypothesis testing to discover what relationships are significant and which predictors film success.

DATA CLEANING AND PREPARATION 
Data cleaning and data preparation are critical in empirical research, whether of quantitative or qualitative data sources, since janitorial tasks shape the quality and adequacy of study outcomes. Observed data often have problems such as missing values, duplicate cases, non-standardized variables or unnecessary variables that if not intervene can induce biased and inaccurate inference (Kotu and Deshpande, 2019).
How we cleaned as a first step, the data remove duplicate data so that no movie is repeated and not to add more representation of the same movies. Second, R codes addressed missing entries or those with partially completed data and judged whether the data should be corrected, imputed or omitted from further analysis. 2 (a) variable formats were standardized and name strings normalized where possible, to facilitate credible field filtering and aggregation. Furthermore, the irrelevant factors to analysis were dropped to simplify the data and concentrate on information that is directly applicable for descriptive, trend and statistical analyses.
All above operations turned the raw dataset into an organized, structured spread sheet that could serve as a basic infrastructure to produce confirmed insights on movies' classifications and viewership’s.

Descriptive Statistics and Summary

The basis of descriptive statistics is to give an initial sense and by summarizing numeric and categorical variables for patterns to be distinctly visualized prior to proceeding with more complex analyses (Field, 2018).
As for the numeric variables, films received an average rating around a mean of close to 3.3 with reviews everywhere in between 3.0-3.5 as evident from the histogram. This means that in Letterboxd users are more likely to give a film positive ratings, yet almost never at the two polar ends of the scale. Runtime had a median value of approximately 100 minutes which corresponds to the regular structure of cinema; nevertheless, in the boxplot for Runtime extreme values were observed with runtimes between 100 and 600 minutes resulting in being outliers, these are probably due to experimental or multipart productions. With engagement metrics (watches, likes and fans) heavily right-skewed – a few titles enjoying an overwhelming majority of the interaction. This long-tailed effect is the asymmetry often associated with online media, (Anderson, 2006).
The description of the dataset was also enriched with categorical variables. English also was prevalent as the primary language (over 80% of the submissions), and far behind were Italian, Japanese and French. This lack of balance is typical for global research in the field and may bias comparative analysis. Drama was the most common genre, and it served as type, followed by Comedy and Horror. The dominance of Drama and Comedy confirms previous research showing these genres to be highly culturally salient and audience friendly (Katz & Foulkes, 2019).
Visualizations further supported them by providing additional insights for better interpretation. The scatter plot for runtime and average rating hinted at insufficient linear correlation as well, which means movie duration doesn't strongly predict the critical success. Bar charts were used to illustrate the frequency distribution of languages and genres drawing attention to the dataset’s density over some categories raising concerns about representativeness.
Descriptive Analysis We make three observations from the descriptive analysis:
 1. user scores are positively skewed but centred around moderate values. 
2. engagement results contain significant inequality in mainstream and niche titles
 3.  language and genre distributions show that English-language dramas dominate. These observations, then, are a solid base for further trend analysis and inferential testing and one which also reveals why dataset imbalances might limit results.
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TOP LANGUAGES
	LANGUEGE
	COUNT

	ENGLISH 
	8074

	JAPANESE
	308

	ITALIAN
	396

	FRENCH 
	291

	KOREAN
	145

	SPANISH 
	96

	GERMAN
	94

	CHINESE
	66

	DANISH
	60









 TREND ANALYSIS AND VIZUALISATION
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Trend analysis Identifying trends and relationships in the dataset to better understand how variables interact over time or across categories (Hair et al., 2019). For this analysis, three metrics were inspected average ratings per genre, engagement score by languages and the impact of total watch time on audience size. Bar and scatter plots were used to display these trends in a transparent and efficient manner.
Deriving trend
 The dependence of rating on genre was first considered. When films were aggregated by primary genre, it was found that some genres tended to receive higher than average user ratings. The bar plot for the top 10 genres revealed that movies listed under Animation and Documentary category had the best rating with the average values larger than 3.7, indicating a high satisfaction in these categories. In contrast, genres like Horror and Action notched down average rating, typically in the range of 3.2 - 3.3. This is consistent with other work that suggested Films categorized as “artistic” ) or “educational”) may receive higher critical acclaim and commercial or formulaic genres could elicit more polarized response (Austin, 2017). The cultural capital of genres, implicit in their circulation and user preferences but also clearly conveyed through aesthetic judgement.
Analysis of the extracted content using a language-based approach revealed additional information about reader's reaction. The average watches by language bar chart showed a large English-language films dominance, with mean watch counts much higher any other category. This is in line with the previous descriptive findings; however, the trend display highlights how widespread this imbalance has become. Interestingly, while English saw average watch numbers over 100k with its films, other languages of the world such as Japanese, French and Italian seldom went past one-tenth that figure. 
This bias is illustrative of the Anglophone dominance that exists in the streaming industry and has been highlighted by Lobato (2019) as one of the advantages built into the structural fabric for English language content through distribution structures and visibility. However, the fact that Japanese/French cinema end up in top slots has shown that there are still niche but powerful audience for that transnational cinematic sense.
The last trend we examined was runtime X user watches. A scatterplot plotted from a random sample uncovered most movies congregating around run times 90 to 120, in sync with convention for feature-length films. Run time was not strictly linear with popularity (watches), however. Viewing statistics Among short films and feature-length works, the viewing pattern was similar with a large number of outliers indicating that unusually long film do find an audience too. This means that runtime is not the determining factor for audience engagement. Rather, type of cover, genre, marketing and reviews probably play the largest roles in shaping popularity (in line with media consumption research; Napoli, 2011).





STATISTICAL ANALISYS 
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Statistical analysis facilitates the investigation of relationships between variables, going beyond descriptive summaries and trends to testing hypotheses and exploring predictive links (Field, 2018). In this assessment we use correlation analysis and regression model to investigate how runtime, popularity metrics and ratings associate with each other.
A heatmap of six numerical features of interest (average rating, runtime, watches, likes instead of converted likes from the preprocessing process above, fans and all ratings) showed some important trends. Watches, Likes and Fans correlated the most (with correlations larger than 0.80), showing that these proxies of popularity are highly related to each other. This observation is in line with the literature on online media ecosystems, which stresses that visibility metrics will often feed-back into each other when it comes to cumulative advantage dynamics (Salganik et al., 2006). In contrast, Average Rating yielded low to small correlation with most variables; it was higher with Fans. User approval rated by the rating does not seem to be strongly related with popularity here, like findings on media reception where what is well received critically is not necessarily popular (Eliashberg and Shugan, 1997).
This weak relationship was also depicted as a scatterplot of Average Rating versus Fans. While highly rated films were sometimes unpopular, and vice versa, the distribution was diffuse. This suggests that user enthusiasm, represented by fan following, is not only a function of critics' assessment but also depends on other elements such as franchise branding, cultural capital, or marketing visibility.
To test any predictive relationships, an OLS regression was performed with Average Rating as the dependent variable and Runtime and Total Ratings serving as predictors, suggesting that films with greater numbers of ratings were somewhat more likely to obtain higher averages. The low overall R-squared also emphasizes that there is more to ratings than provided for in this model, such as narrative quality or star power (or even specific cultural or topical content).
These findings and observations correspond to the wider literature in film studies and media analysis. Previous research has shown that although Popularity metrics tend to cluster closely together, ratings and quality judgments continue to be largely orthogonal (Eliashberg and Shugan, 1997). The relatively weak forecasting power of running time also confirms industry anecdote and evidence that length is not the only factor in predicting how audiences (will) perceive these films, even though longer features may sometimes be associated with prestige or arthouse fare (Neale, 2000).
Findings of statistical analysis Concrete results from the statistics are the following: 
 Engagement metrics related to a video (i.e., watches, likes and fans) have strong correlation, which reflects cumulative advantage mechanism. 
 Ratings and popularity are weakly correlated to each other, showing two different aspects of characteristics on audience behaviour; and
  Runtime and the number of ratings only show marginal effects on average ratings. Such findings highlight the dynamic and intricate relationship between audience-rating appraisal and engagement patterns within digital film cultures, as well as hinting at the inadequacy of purely quantitative predictors.

 Insights and Recommendations
This illustrates the “long-tail” of digital channels where niche publishers parallel mega-star dominance (Anderson, 2006). Trend analysis of the overall distribution showed that although Drama is still the most frequent class, other classes (i.e., Animation and Documentary) have higher mean return in certain years, which suggests there may be more growth potential of these types. There's a heavy bias towards English language films when it comes to engagement, but Japanese and French language content also has its audience mass following, which sort of indicates that even here we could improve by introducing more diverse content recommendations.
The statistical results indicated that observance statistics were highly inter-related, but weakly related to average ratings. This would suggest that the popularity and quality levels (to judge form perceived by audience) are contrasting dimensions of reception. Runtime was determined to have little impact on ratings and contradicts the common belief that longer movies are higher quality.
Implications from these findings for recommendation systems are that they should actively promote underrepresented but high rated genres and non-English films, whereas the industry should be aware of those critics approved titles not necessarily have an enormous popularity.


Conclusion
The descriptive analysis confirmed several central moments of moderate rating values and strongly skewed popularity metrics, in which a few films attract the attention of visitors what is also known as longtail in cultural markets (Anderson, 2006). The trend analysis also indicates that genres and languages show differences, for example, the film genre ‘Animation’ and ‘Documentary’ get stable high rating (Austin, 2017), English-language films predominate engagement due to structural distribution advantages (Lobato, 2019), although some non-English movies maintaining a strong cultural value.
The statistical analysis further sustained the two-dimension model of popularity and critical success: being strongly correlated to one another, engagement variables were relatively independent from ratings (Salganik et al., 2006). An analysis with regression modelling confirmed that runtime and ratings count have only a marginal effect on user ratings, which means that other cultural and qualitative variables impact audience perception more than quantitative ones (Eliashberg & Shugan 1997; Neale 2000).
These findings together highlight the intricate relationships between visibility, quality and user appreciation within digital film cultures that do not always correspond to one another. Further research might draw insights from qualitative evidence (i.e., user reviews) to enhance quantitative patterns and gain insights on cultural meaning in audience behaviour (Napoli, 2011).
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