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1. [bookmark: _Toc228285108]Introduction

The digitalisation of media consumption has led in the creation of large user interaction statistics, notably for online cinema platforms. These datasets offer a solid empirical foundation for investigating patterns of audience involvement and evaluative behaviour. Within this environment, business intelligence (BI) techniques enable the systematic translation of raw data into insights that can be used to support strategic decision-making. Organisations are increasingly turning to quantitative analysis to drive content production, distribution methods, and audience targeting (Chen et al., 2012).
This report thoroughly analyses the Letterbox Movie Classification Dataset, which contains 10,000 film observations. The dataset contains variables for audience interaction (watches, likes, and fans), evaluative scores (average ratings), and descriptive information (genre, runtime, and original language). The analysis aims to investigate not just trends, but also the extent to which quantitative engagement measures might explain perceived film quality.
The study is organised into four analytical stages: data preparation, descriptive investigation, trend detection, and inferential statistical testing. The focus is on assessing the explanatory power of quantitative measurements and recognising their limits. The findings are then discussed in connection to strategic decision-making in the film and streaming sectors.

2. [bookmark: _Toc228285109]Data Cleaning and Preparation

The underlying dataset's dependability and consistency are critical to efficient analysis. As a result, a systematic data preparation procedure was carried out employing Microsoft Excel to assure analytical validity. While the dataset originally looked to be complete—with no overtly missing values—this apparent completeness necessitated more investigation.
A total of 10,000 observations from 17 variables were investigated. No duplicate entries or empty rows were found. Nonetheless, the inclusion of zero values in engagement-related variables such as Likes and Fans posed interpretive issues. These values might suggest either a true lack of participation or insufficient reporting. This misunderstanding underscores a larger challenge in secondary data analysis: the difference between "true zero" and "missing data" is not always discernible.
A fundamental structural limiting factor was established in the encoding of genre data. Genres were represented as multi-value lists, which complicated aggregation and comparison. To solve this, a simplification method was used to identify a major genre for each film. While this technique improves analytical comprehension, it unavoidably restricts the breadth of genre classification and may hide cross-genre interactions.
Data standardisation was also necessary for categorical factors, including the Studios and Original Language areas. Inconsistent formatting was adjusted to maintain consistency across entries. The outlier analysis found runtime values ranging from 2 to 907 minutes. Rather than eliminating these observations, they were kept maintaining the dataset's integrity, albeit their impact was assessed during interpretation.
To summarise, the dataset was regarded sufficiently robust for analysis, albeit there were several limitations that must be considered when interpreting results.

3. [bookmark: _Toc228285110]Descriptive Statistics and Summary

Descriptive statistical analysis is a fundamental stage in data interpretation, allowing the discovery of core trends, variability, and distributional features within critical variables. In the case of the Letterbox dataset, this stage gives a vital overview of both audience appraisal patterns and engagement dynamics throughout the sample of 10,000 films. Such summary metrics are critical for establishing an empirical baseline before proceeding to more advanced inferential research (Hair et al., 2019).

Table 1: Descriptive Statistics for Key Numerical Variables
	Variable
	Mean
	Standard Deviation
	Min
	Median
	Max

	Average Rating
	3.27
	0.53
	1.08
	3.27
	4.71

	Watches
	170,315
	458,533
	2
	18,425
	5,195,503

	Likes
	43,735
	151,531
	0
	3,394
	2,730,813

	Fans
	1,653
	9,368
	0
	24
	326,000

	Runtime (min)
	103.17
	38.07
	2
	99
	907



As noticed in Table 1, the average film rating throughout the sample is 3.27, with a standard deviation of 0.53, showing substantial dispersion around the mean. Notably, the median value matches the mean (3.27), indicating that the rating distribution is roughly symmetrical. This means that extreme values have no disproportionate impact on the general rating structure, and that the majority of films fall within the center rating range. The lowest recorded grade is 1.08, and the highest is 4.71, suggesting that, while variety exists, most films fall within a rather limited evaluative spectrum. Such patterns are frequent in large-scale rating systems, where aggregation helps to stabilise distributions (Aggarwal, 2016).

[image: ]
Figure 1  Density Distribution of Average Ratings

Audience engagement factors, on the other hand, are substantially more unpredictable and have a considerable bias. The average number of watches is 170,315, while the median is much lower at 18,425, showing a strongly right-biased distribution. This pattern shows that a small proportion of films has excessively high viewing, while the remainder receives very little attention. A similar pattern is seen with Likes and Fans. The average number of likes is 43,735, compared to a normal of 3,394, while fans average 1,653 with a median of 24. These inequalities show the uneven distribution of audience involvement, indicating a concentration of popularity in a small number of titles (Brynjolfsson et al., 2010).
The runtime variable has a mean of 103.17 minutes and a standard difference of 38.07, showing significant range in film duration. While the median duration is 99 minutes, there are significant variations, ranging from 2 minutes to 907 minutes. These outliers indicate the presence of both short-form material and prolonged productions, which contributes to the reported variance (Field, 2013).
Categorical analysis helps to contextualise these findings. English-language films dominate the collection, accounting for 8,074 items (80.7%), whereas other languages such as Italian, Japanese, and French occur in far lesser numbers. In terms of genre, drama is the most common (4,416 occurrences), followed by comedy (2,932) and thriller (2,312), demonstrating a solid representation of prominent cinematic genres.
[image: ]
Figure 2 Distribution of Films by Original Language

Overall, the descriptive analysis indicates an important contrast: rating distributions are generally steady and symmetrical, but engagement measures are considerably biased. This difference highlights the significance of considering popularity and evaluative quality as different, but linked, aspects in later analyses.

4. [bookmark: _Toc228285111]Trend Analysis and Visualisation

The recognition of commonalities across categorical factors gives a better understanding of how audience involvement and evaluation results change depending on film attributes. By comparing variances across genres and originating languages, we may determine whether particular characteristics are consistently connected with higher levels of popularity or critical response. Such comparison analysis is critical in business intelligence because it enables more educated segmentation and targeting methods (Wixom and Watson 2010).

4.1 [bookmark: _Toc228285112]Genre-Based Evaluation

The analysis of genre highlights a substantial gap among audience involvement and average ratings. Drama is the highest-rated genre, with an average rating of 3.45, suggesting widespread critical acclaim. In comparison, genres such as Horror have lower ratings (an average of 3.01), despite preserving a constant level of audience interest. This shows that spectator interest does not always coincide with evaluative evaluation, emphasising the multifaceted aspect of cinema performance.
Besides that, genres like Adventure and Fantasy have very high viewership rates, with average watch counts of 334,169 and 277,996, respectively. Even so, their evaluations remain modest (3.12 and 3.14), supporting the idea that commercial appeal and perceived excellence may exist separately. This tendency corresponds with previous research on cultural marketplaces, which indicates that high-consumption items do not necessarily receive the most critical praise (Caves, 2003).
This relationship may also be seen in comedy and action, which achieve relatively high engagement while retaining mid-range ratings. Overall, the data show that genres pertaining to spectacle or amusement tend to enhance audience reach, but genres highlighting narrative depth or emotional complexity are more likely to receive higher evaluation scores.





Table 2: Average Rating, Watches, and Fans by Genre (Top 10 Genres)
	Genre
	Average Rating
	Average Watches
	Average Fans
	Count

	Drama
	3.45
	159,395
	2,261
	4,416

	Crime
	3.33
	159,837
	1,680
	1,523

	Romance
	3.33
	178,831
	2,778
	1,373

	Comedy
	3.20
	193,430
	1,609
	2,932

	Thriller
	3.17
	154,106
	1,176
	2,312

	Fantasy
	3.14
	277,996
	2,156
	995

	Adventure
	3.12
	334,169
	2,131
	1,448

	Action
	3.07
	207,446
	1,182
	2,074

	Science Fiction
	3.04
	255,513
	2,087
	1,265

	Horror
	3.01
	126,064
	1,007
	1,812



[image: ]
Figure 3 Average Rating by Genre (Top 10 Genres)
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Figure 4 Average Watch Count by Genre (Top 10 Genres)


4.2 [bookmark: _Toc228285113]Language-Based Comparison

A comparison based on the original language demonstrates a continuous difference in average scores. Non-English films have an average rating of 3.51, compared to 3.21 for English-language films. Although the numerical difference looks little, its consistency across the sample indicates a substantial trend.
Table 3: Average Rating Comparison — English vs Non-English Films
	Language Group
	Count
	Mean Rating
	Standard Deviation

	English
	8,074
	3.211
	0.524

	Non-English
	1,926
	3.510
	0.461



One possible explanation for this observation is the existence of a selection effect. Non-English films that obtain international exposure are frequently those that have already received critical acclaim, such as festival picks or award-winning works. As a result, the dataset may skew towards higher-quality foreign films rather than a random selection (Hoskins et al., 2004).
Furthermore, this development may represent shifting audience preferences, with viewers becoming more engaged with diverse global content. The increasing availability of subtitled and dubbed media has lowered conventional barriers, allowing non-English films to reach a larger audience.
In summary, the comparative research demonstrates that genre and language play key roles in shaping film performance. However, their impacts vary depending on whether success is defined in terms of audience engagement or critical appraisal, emphasising the importance of a sophisticated, multi-metric approach to analysis.
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Figure 5 Runtime vs Average Rating (Scatter Plot, n=1,500)
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Figure 6 Rating Distribution — English vs Non-English Films
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Figure 7 Mean Rating Comparison — English vs Non-English Films

5. [bookmark: _Toc228285114]Inferential Statistical Analysis 

Inferential statistical methods allow for the investigation of links between variables and the testing of hypotheses beyond basic observation, whereas descriptive analysis offers a summary of data properties. Inferential techniques were used in this work to assess the statistical significance and generalisability of observed patterns, namely variations in ratings and correlations across engagement indicators (Saunders et al., 2023).

5.1 [bookmark: _Toc228285115]Hypothesis Testing

To determine if the average rating distinction between English and non-English films is statistically noteworthy, an independent samples t-test was used. The alternative hypothesis (H₁) suggests that there is a substantial difference between the two groups, whereas the null hypothesis (H₀) argues that there is no distinction.

With a t-value of almost -23.0 and a p-value less than 0.001, the data showed a very substantial result. The null hypothesis is rejected because the p-value is much less than the traditional threshold of 0.05. This demonstrates that random variation cannot account for the higher mean rating of non-English films (3.51) compared to English-language films (3.21). According to Cohen's d (0.61), the effect size has a moderate practical significance, indicating that the difference is both statistically discernible and important in actual terms (Cohen, 2013).

5.2 [bookmark: _Toc228285116]Correlation Analysis

Pearson correlation coefficients were computed for important numerical measurements in order to investigate correlations between variables in more detail.A higher viewing is strongly correlated with higher levels of user involvement, according to the data, which show a particularly significant positive association between Watches and Likes (r = 0.951).Likewise, there is a substantial correlation (r = 0.671) between watches and fans, indicating that exposure is important for audience retention and fan base growth.
On the other hand, with coefficients ranging from 0.249 to 0.290, the connections between Average Rating and engagement measures are quite modest. Greater involvement does not always translate into greater perceived quality, despite the fact that these connections are statistically significant because of the huge sample size. This lends credence to the idea that evaluative evaluation and popularity are two different aspects of performance (Field, 2013).
There are only minor correlations (0.088 to 0.187) between runtime and other factors, suggesting that film length is not a reliable indicator of ratings or involvement. This implies that elements like production quality and narrative substance are probably going to have a bigger impact on viewer perception.



Table 4: Pearson Correlation Matrix
	Variable
	Average Rating
	Watches
	Fans
	Runtime
	Likes

	Average Rating
	1.000
	0.249
	0.251
	0.187
	0.290

	Watches
	0.249
	1.000
	0.671
	0.146
	0.951

	Fans
	0.251
	1.000
	0.671
	0.088
	0.799

	Runtime
	0.187
	0.146
	0.088
	1.000
	0.129

	Likes
	0.290
	0.951
	0.799
	0.129
	1.000
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Figure 8 Watches vs Likes (Scatter Plot, n=1,500)



5.3 [bookmark: _Toc228285117]Regression Analysis

To evaluate the combined predictive potential of Fans, Likes, and Runtime on Average Rating, a multiple linear regression model was built. The equation that results is:

Average Rating = 3.012 + 0.00000327(Fans) + 0.000000776(Likes) + 0.00211(Runtime)

Despite the statistical significance of the model (F = 387.4, p < 0.001), the coefficient of determination (R² = 0.104) shows that these variables account for just 10.4% of the rating variation. The limits of quantitative engagement measurements in reflecting the intricacy of audience appraisal are shown by this comparatively poor explanatory power.
Fans is the predictor with the most impact (Beta = 0.182), followed by Likes (0.143) and Runtime (0.084). All parameters, though, continue to be small, supporting the idea that other qualitative elements—like narrative, guidance, and cultural significance—are probably going to have a bigger influence on evaluations (Hair et al., 2019).

6. [bookmark: _Toc228285118]Discussion and Strategic Implications

The results of this report's analysis show significant implications for strategic decision-making and offer a sophisticated knowledge of how many aspects of film performance interact inside digital platforms. The obvious difference between audience participation and critical assessment is an important realisation. Even while genres like fantasy and adventure have very large audience numbers, their average ratings are still extremely low. Drama, on the other hand, regularly receives greater ratings in spite of lower levels of involvement. This implies that perceived quality and audience number function as somewhat distinct variables, highlighting the necessity of multi-dimensional performance measurements for assessing the effectiveness of content.
This suggests that platform operators and content creators should refrain from depending too much on a single metric, such as view counts, from a strategic standpoint. A balanced portfolio strategy is preferable. While critically recognised genres enhance brand reputation and perceived platform quality, high-engagement genres may be used to draw in and hold on to large audiences. In competitive streaming markets, where distinction is increasingly built on both perceived cultural value and content diversity, this dual strategy is especially pertinent.
The continuous rating advantage shown for non-English films is another important discovery. Non-English films get better average scores throughout the dataset, despite the fact that English-language movies predominate in terms of volume. This trend could be the result of a selection effect, whereby films that are released abroad tend to be higher-caliber productions. It also suggests that audiences are becoming more receptive to international material. This makes a strong argument for industry stakeholders to spend more in international film and localisation techniques like dubbing and subtitling, which lower accessibility hurdles and improve market reach.
The limits of using quantitative engagement measurements to explain evaluative results are further highlighted by the regression analysis. It is clear that elements outside quantifiable interactions—like narrative quality, creativity, and cultural resonance—play a significant role in influencing audience impressions, since only 10.4% of rating variation was explained. This emphasises how crucial it is to combine creative knowledge with data analytics when making decisions.
Lastly, the possibility of cumulative advantage effects—in which early visibility influences later engagement—is shown by the significant correlations between watches, likes, and fans. This has real-world ramifications for content marketing tactics. Prioritising early exposure through targeted marketing efforts, prominent placements, or well-chosen recommendations may create momentum that greatly improves long-term success.
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