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1. Introduction
This report is intended to study the metrics of audience interaction and content quality on an aggregate movie dataset and infer implications for content producers and streaming providers. The variables used, which include the average rating, runtime, watches, likes, fans, genres and original language, are the key variables in the data, and a very diverse range of movies in various languages and genres is represented. Data preparation and analysis were done using Microsoft Excel and SPSS, which made the data accurate and reliable. There are threefold objectives of the analysis. First, the data cleaning and preparation included filling in data, standardization of categorical data, and validation of numeric data to preserve the integrity of data (Nguyen et al., 2025). Second, the analysis of central tendencies, variability, and trends in ratings, engagement, genre, and language preferences was performed using descriptive statistics and trend analysis (Pallant, 2020). Lastly, statistical testing, such as correlation analysis, t-tests, and regression modelling, was conducted to investigate the correlation between engagement measures and audience ratings and offer evidence-based suggestions on how to improve content strategy (Gu et al., 2022; Oguz et al., 2023).
[bookmark: _Toc225720911]2. Data Cleaning and Preparation
To make the dataset accurate and reliable in order to conduct further analysis within Microsoft Excel, cleaning and preparation of the dataset were done in Microsoft Excel. First, the lack of values on such critical variables as runtime, fans, and likes was determined with the method of filtering. The missing values were minimal, and where this existed, the rows were eliminated to prevent bias, and where they were constant, they were retained to preserve the integrity of the data. This is compatible with the best practices of data preprocessing, in which missing records are either filled or omitted based on their effects (Ren et al., 2023). Besides, inconsistency in categorical variables was normalized. In one instance, the column Original_language contained a variation of several variations, like 'English' and 'English', which were harmonized into a standard form. Same with the columns of Genres and Studios, which were first of the form of a list of text (i.e., [Drama, Comedy]) and were in the form of a structured one that could be analyzed. Fiscal numbers like runtime and ratings were also verified to only have valid numeric numbers.
These are the cleaning measures that are crucial in business intelligence systems, where the quality of data enhances the quality of the insights and decision-making (Nguyen et al., 2025). In general, the data set had been converted to an effective and consistent format to perform analysis.
[bookmark: _Toc225720912]2. Descriptive Statistics and Summary
	
	Average Rating
	Run time
	Watches
	Likes
	Fans

	Mean
	3.27
	103.2
	170314.824
	43734.7865
	1652.5497

	Median
	3.27
	99.0
	18425
	3394
	24

	Min
	1.08
	2.00
	2.00
	0.00
	0.00

	Max
	4.71
	907.0
	5195503
	2730813
	326000

	SD
	0.525743872
	38.0707353
	458532.917
	151531.431
	9368.25812


[bookmark: _Toc225720945]Table 1: Descriptive Statistics of Movie Dataset
According to Table 1, the descriptive statistics are a necessary review of the dataset and a starting point of further analysis. It is important to describe the dataset and determine the central tendencies, dispersion, and distribution of the variables of interest, which, in its turn, informs the trend analysis, hypothesis testing, and model building (Choudhry et al., 2024). The value of the average rating variable is a mean of 3.27, a median of 3.27, a minimum of 1.08 and a maximum of 4.71 with a standard deviation (SD) of 0.53. A mean and median are useful to determine the tendency of the ratings in the middle, whereas SD can be considered variability. The average and the median are equal, indicating that the distribution of the ratings of the movies is relatively symmetric; however, the distance between 1.08 and 4.71 indicates the existence of both poorly and well-rated movies. Knowledge of rating distribution is essential to define the overall satisfaction of the audience and to compare the results in different genres or languages in the future (Alikhani et al., 2025). 
In the case of Runtime, the mean is 103.2 minutes; the median is 99 minutes, minus 2 minutes; the max is 907 minutes; and the SD is 38.07. The description of runtime shows the variety of the content length, including short clips and long movies. A large variety and SD imply high variability and can affect such engagement measures as watches and likes of longer or shorter content with unequal popularity trends (Yang et al., 2022). The Watches variable indicates a mean of 170314.82, median=18425, minimum=2, maximum=5195503.5, and SD=458532.92. The high disparity between the mean and the median proves positive skewness, i.e., the average is pushed up by a small number of popular movies. Likewise, the mean of Likes is 43,734.79, the median is 3,394, the minimum is 0 and the maximum is 2,730,813, with an SD of 151,531.43, indicating that there was high variability regarding user engagement. This description can enable researchers to recognise the outliers and comprehend the common engagement rates (Smiti, 2020). 
Lastly, Fans has a mean of 1,652.55, a median of 24, a minimum of 0, a maximum of 326,000 and an SD of 9,368.26. It is essential to report such statistics because they measure the size of the audience base and draw the differences between niche content and blockbusters. On the whole, the provision of these descriptive statistics facilitates data transparency, variability identification, and further trend analysis, correlation, t-tests, and regression models. It allows developing a clear vision of both numerical and categorical variables, which is a prerequisite to valuable insights in data-driven research (Kebaili et al., 2020).
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[bookmark: _Toc225720957]Figure 1: Average Ratings across Genres
According to Figure 1, the average rating per genre shows significant patterns in audience reception. Documentary films rank as the highest-rated with 3.64, History (3.53), and War (3.50) ranking below, meaning that people would want to watch a documentary with a strong probability of being informed and feeling an incentive to watch its content more than would be the case with purely entertainment-driven films. On the other hand, the average rating of horror (3.01) and action (3.07) is relatively lower, which implies that although the genres might be associated with high levels of engagement, they do not always receive high ratings among viewers. The ratings of such genres as drama (3.45), animation (3.40) and music (3.46) are also high and represent an equilibrium of the narrative and creativity and emotional involvement (Pallant, 2020). Adventure (3.12), Science Fiction (3.04), Comedy (3.20), and Romance are rated in the middle (3.33), which indicates that there are no major fluctuations in audience satisfaction levels and dimensions. The recognition of these trends is essential to the content creators and distributors who want to focus on the genres that will produce the greatest critical acclaim and user satisfaction (Khan, 2023).

[bookmark: _Toc225720958]Figure 2: Audience Size (Fans) by Original Language
Figure 2 shows the trends in the number of people engaged (fans) by the original language and shows that the global engagement is uneven. English-language movies are predominant, with an average fan base of 1,772, and closely followed by Japanese (2,679) and Cantonese (2,291) movies, which gives an impression that content created in a language that is widely spoken or culturally relevant is the one that has a higher chance of reaching more people. On the contrary, cinema in the less commonly spoken languages, like Mongolian, Eastern Punjabi, and Serbo-Croatian, has a small number of fans, which means major unequal access to content. It is interesting to note that Portuguese (2,726) and Norwegian (2,279) languages show that even niche languages could have surprisingly high levels of engagement when they are reinforced with strong film industries or cultural following. This trend highlights the need to place language among essential elements in the spread of content and targeting the audience, especially at the global level (Hair et al., 2019).
By using both Figure 1 and 2, we can get a clear insight into both the qualitative and quantitative trends in the audience so that this report can comprehend them. High ratings do not necessarily mean a high fanbase; i.e. Documentary films have the highest ratings but can have fewer watchers than mainstream English or Japanese content. According to Celik and Omurca (2025), such analysis is actionable information that guides content strategists to ensure that the choice of genre and the targeting of language are both optimised in their target to achieve both audience satisfaction and reach. In general, the trend analyses could have served as the crucial basis to further hypothesis testing and regression modelling to investigate the motivation of the audience and ratings. (See appendix A for these values.)
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[bookmark: _Toc225720915]4.1 Correlation Analysis
	Variable
	Average_rating
	Likes
	Fans
	Runtime

	Average_rating
	1
	0.290**
	0.251**
	0.187**

	Likes
	0.290**
	1
	0.799**
	0.129**

	Fans
	0.251**
	0.799**
	1
	0.088**

	Runtime
	0.187**
	0.129**
	0.088**
	1


[bookmark: _Toc225720946]Table 2: Correlation Matrix
Based on Table 2, Pearson correlation coefficients were computed to test the relationships between average rating, likes, fans and runtime. Based on the results, there is a positive correlation between average rating and likes (r = 0.290, p < 0.01), fans (r = 0.251, p < 0.01) and runtime (r = 0.187, p < 0.01), which is why movies with higher ratings tend to get more attention from people and have slightly longer runtimes. Equally, the content on the Likes as well as the Fans are strongly positively correlated (r = 0.799, p < 0.01), which implies that popular content on one of the measures would perform equally in the other. These meaningful correlations help to confirm the hypothesis according to which the audience engagement measurements are interrelated, which can be explained by a joint impact of the film quality and popularity on user interactions (Gu et al., 2022).
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	Language
	N
	Mean
	Std. Deviation

	English
	8076
	3.2115
	0.52438

	Non-English
	1923
	3.5079
	0.46004


[bookmark: _Toc225720947]Table 3: T-Test Results
According to Table 3, an independent samples t-test was used to investigate whether the average rating is different between English and non-English movies. The findings indicate that the difference is statistically significant (t = -22.785, p < 0.001) with the mean rating of non-English films (3.51) being larger than that of English films (3.21). This is an indication that, despite the existing preconceptions of the prevalence of English-language content, non-English movies are rated more positively by viewers, which emphasises the global capacity of content of varying quality (Neira et al., 2023).
[bookmark: _Toc225720917]4.3 Regression Analysis
	Predictor
	B
	Std. Error
	Beta
	t
	Sig.

	Constant
	3.012
	0.014
	–
	209.893
	0.000

	Likes
	7.764E-07
	0.000
	0.224
	14.160
	0.000

	Fans
	3.272E-06
	0.000
	0.058
	3.706
	0.000

	Runtime
	0.002
	0.000
	0.153
	16.005
	0.000


[bookmark: _Toc225720948]Table 4: Regression Coefficients
Table 4 showed that a multiple regression was carried out to forecast Average_rating using Likes, Fans and Runtime. The model is also important (F = 403.305, p < 0.001), and the R² = 0.108, which means that these predictors explain approximately 10.8% of the variance in ratings. The strongest predictors are Likes (0.224, p < 0.001), then Runtime (0.153, p < 0.001) and Fans (0.058, p < 0.001). These findings support the assumption that views and the length of the film are significant predictors of subjective quality, with likes being the most significant one (Oguz et al., 2023).
Altogether, these results indicate that there are strong correlations between ratings and engagement indicators and the effects of language on ratings, and that the predictive capacity of audience interaction and runtime on average rating are useful to content creators and streaming service providers (the SPSS results are presented in appendix B).







[bookmark: _Toc225720918]5. Insights and Recommendations
The movie dataset analysis indicates a number of important findings. The engagement with the audience is very diverse, with watches (mean = 170,314.82), likes (mean = 43,734.79) and fans (mean = 1,652.55) having skewed distributions of the audiences, meaning that a few blockbuster titles dominate the interaction. The most rated films are Documentary (3.64), History (3.53) and War (3.50); meanwhile, the biggest fans of them are English (1,772), Japanese (2,679) and Cantonese (2,291) movies. The correlation of average rating and likes (r = 0.290), fans (r = 0.251) and runtime (r = 0.187) are positive. The ratings of non-English films are rated higher (3.51 vs 3.21), and Likes (0.224), Runtime (0.153) and Fans (0.058) are significantly rated. These findings imply that streamlining and content developers must focus on more highly rated genres, work on producing or localising content in a language that is showing excellent engagement rates and optimise runtime to align with the preferences of their audience. The global coverage can also be increased by introducing specific subtitles and promotional measures to non-English movies (Damásio et al., 2025). Nevertheless, it has limitations such as the possibility of bias because of missing data or outliers, as well as emphasis on a subset of measures of engagement. The sentiment analysis of the reviews, demographics of viewers, and cross-platform performance could be incorporated into future research to better predictive models and optimise BI-based decisions (Gu et al., 2022; Malik and Bilal, 2024). 
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Appendix A: Bar chart EXCEL results 
	Genre
	Average Rating 

	Drama
	3.445958227

	Horror
	3.006771072

	Action
	3.071788576

	Adventure
	3.11921455

	Science Fiction
	3.041838378

	Comedy
	3.203666055

	Romance
	3.32980651

	Animation
	3.404479772

	Fantasy
	3.143634736

	Documentary
	3.639139993

	Mystery
	3.26240452

	Thriller
	3.168138189

	War
	3.504377979

	History
	3.525327496

	Music
	3.459238953

	Family
	3.180510534

	Crime
	3.332745803

	Western
	3.376342122

	TV Movie
	3.184740709

	['Epic heroes', 'Epic history and literature', 'Fantasy adventure, heroism, and swordplay', 'Captivating vision and Shakespearean drama', 'Historical battles and epic heroism', 'Show All…']
	3.04

	Unknown
	3.2748568

	
	

	
	

	Original Language
	Fans 

	English
	1772.089547

	German
	543.8645833

	French
	1467.738832

	Japanese
	2678.970779

	Spanish
	823.8086957

	Italian
	281.7121212

	Korean
	1616.889655

	Indonesian
	999.2

	Cantonese
	2291.431034

	Russian
	1412.465116

	Swedish
	1612.375

	Danish
	353.1333333

	Dutch
	96.3

	Polish
	405.3

	Hungarian
	633.1111111

	Mayan
	1800

	Thai
	462.8

	Greek (modern)
	497.1111111

	Persian (Farsi)
	821.4

	Norwegian
	2279.357143

	Portuguese
	2725.894737

	Czech
	870

	Chinese
	358.3787879

	Turkish
	1128.8

	Telugu
	167.5

	Arabic
	183.2142857

	Swahili
	1

	Hindi
	245.7777778

	Hebrew (modern)
	401.3333333

	Tamil
	122.5

	Ukrainian
	117.6666667

	Bambara
	26

	Georgian
	31.33333333

	Nepali
	5

	Serbian
	222.5

	Slovak
	74

	Serbo-Croatian
	3.5

	Estonian
	318

	Lithuanian
	3

	Eastern Punjabi, Eastern Panjabi
	2

	Icelandic
	267

	Tagalog
	10

	Akan
	12

	Malayalam
	130.5

	Mongolian
	0

	Esperanto
	8

	Romanian
	35.5

	Kinyarwanda
	127

	Croatian
	16

	Bengali, Bangla
	103

	Albanian
	5

	Somali
	6

	Lao
	10

	Armenian
	3100

	Finnish
	171

	No spoken language
	294.3297872

	Unknown 
	10.33333333



Appendix B: SPSS Results 

Correlations
	Correlations

	
	Average_rating
	Likes
	Fans
	Runtime

	Average_rating
	Pearson Correlation
	1
	.290**
	.251**
	.187**

	
	Sig. (2-tailed)
	
	.000
	.000
	.000

	
	N
	10000
	10000
	10000
	10000

	Likes
	Pearson Correlation
	.290**
	1
	.799**
	.129**

	
	Sig. (2-tailed)
	.000
	
	.000
	.000

	
	N
	10000
	10000
	10000
	10000

	Fans
	Pearson Correlation
	.251**
	.799**
	1
	.088**

	
	Sig. (2-tailed)
	.000
	.000
	
	.000

	
	N
	10000
	10000
	10000
	10000

	Runtime
	Pearson Correlation
	.187**
	.129**
	.088**
	1

	
	Sig. (2-tailed)
	.000
	.000
	.000
	

	
	N
	10000
	10000
	10000
	10000

	**. Correlation is significant at the 0.01 level (2-tailed).




T-Test
	Group Statistics

	
	Language
	N
	Mean
	Std. Deviation
	Std. Error Mean

	Average_rating
	English
	8076
	3.2115
	.52438
	.00584

	
	Non-English
	1923
	3.5079
	.46004
	.01049


[image: ]

Regression
	Model Summary

	Model
	R
	R Square
	Adjusted R Square
	Std. Error of the Estimate

	1
	.329a
	.108
	.108
	.49663

	a. Predictors: (Constant), Runtime, Fans, Likes



	ANOVAa

	Model
	Sum of Squares
	df
	Mean Square
	F
	Sig.

	1
	Regression
	298.410
	3
	99.470
	403.305
	.000b

	
	Residual
	2465.380
	9996
	.247
	
	

	
	Total
	2763.790
	9999
	
	
	

	a. Dependent Variable: Average_rating

	b. Predictors: (Constant), Runtime, Fans, Likes



	Coefficientsa

	Model
	Unstandardized Coefficients
	Standardized Coefficients
	t
	Sig.

	
	B
	Std. Error
	Beta
	
	

	1
	(Constant)
	3.012
	.014
	
	209.893
	.000

	
	Likes
	7.764E-007
	.000
	.224
	14.160
	.000

	
	Fans
	3.272E-006
	.000
	.058
	3.706
	.000

	
	Runtime
	.002
	.000
	.153
	16.005
	.000

	a. Dependent Variable: Average_rating









Average Ratings Across Genres

Average Rating 	Drama	Horror	Action	Adventure	Science Fiction	Comedy	Romance	Animation	Fantasy	Documentary	Mystery	Thriller	War	History	Music	Family	Crime	Western	TV Movie	['Epic heroes', 'Epic history and literature', 'Fantasy adventure, heroism, and swordplay', 'Captivating vision and Shakespearean drama', 'Historical battles and epic heroism', 'Show All…']	Unknown	3.4459582273941818	3.0067710719646734	3.0717885756144487	3.1192145500689588	3.0418383784980181	3.2036660545702618	3.3298065095411493	3.4044797724238025	3.1436347357429719	3.6391399925581438	3.2624045202395182	3.1681381885813122	3.5043779789473684	3.5253274955752225	3.459238953142858	3.1805105337047355	3.3327458032829878	3.3763421219858114	3.1847407085714252	3.04	3.2748568000000007	Genre


Average Rating 



Audience Size (Fans) by Original Language

Fans 	English	German	French	Japanese	Spanish	Italian	Korean	Indonesian	Cantonese	Russian	Swedish	Danish	Dutch	Polish	Hungarian	Mayan	Thai	Greek (modern)	Persian (Farsi)	Norwegian	Portuguese	Czech	Chinese	Turkish	Telugu	Arabic	Swahili	Hindi	Hebrew (modern)	Tamil	Ukrainian	Bambara	Georgian	Nepali	Serbian	Slovak	Serbo-Croatian	Estonian	Lithuanian	Eastern Punjabi, Eastern Panjabi	Icelandic	Tagalog	Akan	Malayalam	Mongolian	Esperanto	Romanian	Kinyarwanda	Croatian	Bengali, Bangla	Albanian	Somali	Lao	Armenian	Finnish	No spoken language	Unknown 	1772.089546693089	543.86458333333337	1467.7388316151203	2678.9707792207791	823.80869565217392	281.71212121212119	1616.8896551724138	999.2	2291.4310344827586	1412.4651162790697	1612.375	353.13333333333333	96.3	405.3	633.11111111111109	1800	462.8	497.11111111111109	821.4	2279.3571428571427	2725.8947368421054	870	358.37878787878788	1128.8	167.5	183.21428571428572	1	245.77777777777777	401.33333333333331	122.5	117.66666666666667	26	31.333333333333332	5	222.5	74	3.5	318	3	2	267	10	12	130.5	0	8	35.5	127	16	103	5	6	10	3100	171	294.32978723404256	10.333333333333334	Language


Fans
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