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[bookmark: _Toc227006873]1. Introduction 
The growing importance of data analytics within the media and entertainment industries has allowed organisations to make better-informed business decisions with respect to the content that they produce, how they target their audience and how they optimise performance in their businesses. Business Intelligence (BI) tools and techniques are being used to extract useful insights from large datasets, especially for understanding audience behaviour and film performance metrics. Anmadwar et al. (2023), highlighted that, the entertainment and media sectors are currently utilising big data and business intelligence tools for analytics for gaining detailed insights about their consumers. This helps to developing new practices and opportunities for creating quality content. 
The objective of this report is to examine a movie dataset that contains variables (e.g., average rating, genre, runtime, language, etc.) and audience engagement metrics (e.g., watches, likes, fans) to identify relationships and patterns that influence movie popularity and viewer preferences. Data cleaning and preparation will be performed using Microsoft Excel. Descriptive statistics and trend analyses will be carried out using data visualisation techniques. Statistical analyses to examine the relationships between variables and to test the hypotheses of this study will include t-tests, correlation coefficients and regression analyses using SPSS.
[bookmark: _spjswiovfpvn][bookmark: _Toc227006874]2. Data Cleaning & Preparation 
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Figure 1: Finding and removing Blanks
(Source: MS Excel)
Cleaning data is crucial for making sure the results of any analysis conducted with a business intelligence system are accurate and trustworthy, as any poor-quality data could yield wrong results, leading to poor decision-making, which means it must all be cleaned beforehand by going through the steps of pre-processing. Chai (2020) illustrates that by cleaning the data correctly, this helps to make the results from analyses easier to interpret and to have good validity. The 'Go to special' function of Excel was used to identify any missing data by searching for all cells that contain blank values in the area of the data in question, and when the result of that analysis produced a message that stated 'no cells found' shows that the complete data for this variable has been confirmed based upon the selected data range.
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Figure 2: Finding and Removing Duplicates
(Source: MS Excel)
The duplicates were located and removed using the 'Remove Duplicates' function in the cell columns for each of the key areas within the data set. The resulting records assured that each record within the final dataset was unique and maintained the integrity of the data. For all of the categorical variables, such as genre and original language, the data was transformed to ensure consistency, and for all of the numerical variables, such as runtime, likes and watches, they were all checked to ensure they used the proper formatting. 
[bookmark: _w76d42p0pvuq][bookmark: _Toc227006875]3. Descriptive Statistics 
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Table 1: Descriptive Statistics
(Source: MS Excel)
The mean number of watches is 170,314.8, while the median is 18,425. Likewise, the mean number of likes is 43,734.8, and the median number of likes is 3,394. Such distributions are quite common across digital media platforms where user engagement is concentrated among a relatively small number of high-performing items (Simon and Schroeder, 2019). Extreme positive skewness (14.62) and kurtosis (324.8) were also indicated in the distribution of the fans variable, indicating that the vast majority of films have comparatively few fans, while a limited number of films have a disproportionately large number of fans. This finding reflects the unequal distribution of audience popularity among films within the larger entertainment industry (Kauber and Rohn, 2025). In contrast to the skewed distribution of the fans variable, the distribution of the runtime variable was relatively stable, with a mean runtime of 103.2 minutes and a median runtime of 99 minutes. However, the maximum runtime of 907 minutes is clearly an outlier and indicates the presence of some extremely long-form content.
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Table 2: Top 10 Languages by Genres Count
(Source: MS Excel)
Table 2 shows ten languages with the most genres included in this dataset. The clear leader among all languages is English, which accounts for 8,074 (or ~83.7%) of the total number of items in this dataset. Italian, Japanese, and French are the three next leading world languages, but have much fewer entries than English. Pradhan and Hoda (2023) highlighted that an overwhelming number of films in the dataset that are in English suggests a major bias towards producing English-language films, which is consistent with the power of English-speaking film industries to shape global cinema.
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Figure 3: Language Distribution 
(Source: MS Excel)
This bias can be easily visualised by the data presented in Figure 3; in this pie chart representation of the language breakdown of the dataset, it is seen that English continues to dominate and account for most of the entries in this chart. All other languages in this dataset make up a much smaller percentage.  
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Figure 4: Top movies by Ratings Distribution 
(Source: MS Excel)
Finally, Figure 4 shows a large number of highly-rated films, suggesting that Ratings are relatively evenly distributed, with most films clustered around moderate values. The figure indicates that Hercules has major ratings of around 17.75. 
[bookmark: _kw7kztbaju7m][bookmark: _Toc227006876]4. Trend Analysis & Visualisation 
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Figure 5: Top 10 Genres by average rating
(Source: MS Excel)
Figure 5 provides an overview of the top ten genres based on their average ratings from a sample of 10,806 movies. In this dataset, the drama genre appears more than any other genre (2,701) but does not necessarily achieve the highest average rating. Although the drama genre is popular in terms of production volume, it does not necessarily have more positive evaluations from an audience perspective than other genres. Less frequently produced genres can achieve significantly higher ratings due to targeting a niche audience or producing a stronger story. This is consistent with previous research showing that the success of a genre in terms of its ability to generate audience interest is influenced more by audience preference than by production volume (Francemone et al., 2023). Therefore, using only the prevalence of a genre to make predictions about how successful a movie will be may not be the best strategy.
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Figure 6: Trend Analysis (Likes vs Watches)
(Source: MS Excel)
Figure 6 is based on a scatter plot that investigates the relationship between the number of "likes" (Y-axis) a movie receives and its number of views (X-axis). The equation of the regression model (y = 0.314x − 9772) is shown below the scatter plot. The very high R² score of 0.903 indicates that there is a strong linear relationship between the two variables. More specifically, 90.3% of the variation in the number of views can be explained by the number of likes. Therefore, movies receiving more "likes" will have significantly more "views". The high correlation between the two measures also suggests that they are measuring the same underlying concept (audience engagement).
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Figure 7: Runtime vs average rating
(Source: MS Excel)
The relationship between runtime and average rating is shown to be weak in relation to the other film characteristics also analysed. The regression equation shows a linear relationship (y = 13.50x + 59.04); however, the regression coefficient of determination (R²=0.134) indicates only 13.4% of the variance of the audience ratings can be explained by runtime. There is a slight positive trend suggesting that longer films receive higher ratings; however, due to the large variation in the dots that form the scatter plot, it is evident that films with high ratings exist in many different runtimes. Therefore, runtime is not an essential determinant of audience satisfaction (Hao, 2023). Rather, it supports the argument that such factors as narrative quality, film genre, and audience expectations play a more prominent role in determining an audience's rating of a film.
[bookmark: _7y7982i7zaii][bookmark: _Toc227006877]5. Statistical Analysis (SPSS)
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Table 3: Group Statistics
(Source: IBM SPSS)
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Table 4: Independent sample t-test
(Source: IBM SPSS)
The independent samples t-test outcomes can be found in Tables 3 and 4; as illustrated in Table 3, the mean rating of non-English films (3.51) is greater than the mean rating of English films (3.21), resulting in an absolute difference of 0.30 points. The outcome of the t-test in Table 4 indicates Levene's test for equality of variance is statistically significant (F = 27.71, p < 0.001); thus, it cannot assume equal variances. The t-value (t = -24.88) at the level of p < 0.001 indicates that the difference in mean rating between English films and non-English films is statistically significant.
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[image: ]
Table 5: Correlation Test
(Source: IBM SPSS)
Table 5 provides the results of a correlation analysis examining the direction and strength of relationships among variables. Around 90.3% of variation in likes is observed in watch time or watches (r = 0.951), indicating a very strong positive correlation. This indicates that as the number of likes increases, the number of watches will also increase at the same time. There are also very strong correlations from fans to likes (r = 0.799) and fans to watches (r = 0.671), which provide further support for the conclusion that these three metrics have similar relationships with each other. Conversely, there is a very weak correlation between runtime and fans (r = 0.088), suggesting that runtime has very little impact on fan engagement with the films. Average rating showed moderate correlations with both likes (r = 0.290) and watches (r = 0.249), indicating that as fan engagement increases, so do fan ratings of the films watched.
[bookmark: _1mywcmcs17h][bookmark: _Toc227006880]Regression
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Table 6-7: Variables included and model summary
(Source: IBM SPSS)
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Table 8: ANOVA Statistics
(Source: IBM SPSS)
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Table 9: Regression Coefficient
(Source: IBM SPSS)
The predictors of average rating were found to be runtime, likes, and fans, as shown in Tables 6 and 7, with a combined model R² of 0.108. Both tables reveal that these variables collectively account for only 10.8% of the variance of average rating (i.e. little predictive power). 
The ANOVA table (Table 8) indicates that the model is statistically significant, F (403.3), p < 0.001, meaning that collectively these predictors have a significant relationship with the DV. The regression coefficients presented in Table 9 indicate that all predictors are statistically significant, at some level (p < 0.001). 
Likes have the greatest with relative standardised coefficient (Beta = 0.224), followed by runtime (Beta = 0.153), and then fans (Beta = 0.058). In addition to these low standardised effects, all the actual effects of the predictors are quite small. As such, while the predictors are statistically significant, they do not have much real-world impact on the ability to predict ratings.
[bookmark: _2vxlncfbgbcq][bookmark: _Toc227006881]6. Insights and Recommendations 
Firstly, while the overall majority of films in the dataset are in English, it does appear from the statistical results that non-English language films appear to achieve higher overall average ratings. This indicates that even though English language films can reach a wider audience, in fact, many of the non-English films are providing an alternative type of film that may cater to a more niche audience or provide a greater level of cultural sophistication or richness for those audiences. Jiang (2024) provides a good explanation for the preference of audiences for films with a greater degree of authenticity and cultural relevance, which may very well explain why non-English language films have higher average ratings than English language films.
Second, audience engagement metrics such as likes and watches, as well as fans, are highly correlated, demonstrating that likes and watches nearly have the same degree of correlation (r = 0.951). Therefore, these metrics are measuring similar characteristics related to popularity and should generally not be considered as separate variables in any modelling since there is a risk of multicollinearity when they are included as separate variables in predictive modelling. Awan et al. (2021) note that it is important to select independent and relevant features from the data set in order to improve the success of predictive models used to analyse film. According to Prathviraj et al. (2025), currently advanced analytics through business intelligence helps organisations to view business data in different ways and that allow making important decisions with visual reports. It has also been observed that successful films have a variety of other influencing factors will enhance audience satisfaction (Hao, 2023). In conclusion, film production companies should take a more diverse approach to producing films that will make up their portfolio by developing more production titles in non-English languages and/or targeting niche markets.
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Descriptive Statistics

Measures ___Average_rating __Runtime ___ Watches Likes Fans___Total_ratings
Mean 3.268535187 103.1693515 170314.8236 43734.7865 1652.5497 106392.3017
Standard Error 0.005257439 0.380707353 4585.329175 1515.314313 93.68258118 2947.343205
Median 3.268535187 99 18425 3394 24 11823
Mode 3.268535187 90 226 16 0 105
Standard Deviation 0.525743872 38.07073527 458532.9175 151531.4313 9368.258118 294734.3205
Sample Variance 0.276406619 1449.380884 2.10252E+11 22961774668 87764260.16 86868319680
Kurtosis 0.394023445 72.71179622 32.53939906 74.56651279 324.8082553 41.16012192
Skewness. -0.407800312 5.649689312 5.13030859 7.497858749 14.62154454 5.626935836)
Range 3.63 905 5195501 2730813 326000 4091037
Minimum 1.08 2 2 0 0 0]
Maximum 471 907 5195503 2730813 326000 4091037
Sum 32685.35187 1031693.515 1703148236 437347865 16525497 1063923017
Count 10000 10000 10000 10000 10000 10000
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Top 10 Languages by Genres Count

Languages <7 Count of Genres

h 8074
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Japanese 308|
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Korean 145
Spanish 115
(German 96|
No spoken language 94|

Chinese 66|
Danish 60|
|Grand Total 9645|
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Group Statistics

sta. Error
Lanquage. N Mean | Std. Deviation Mean

Average_rating  English 8074 | 3.210954 5238499 0058299
Non-English 1926 | 3.509920 4611764 0105085
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Independent Samples Test

Levene's Test for Equality of

Variances Hestfor Equality of Means
95% Confidence Interval of the
Mean Std. Error Difference
F Sig. t df Sig. (2-tailed) | Difference Difference Lower Upper

‘Average_rating _ Equalvariances 27710 000 | -23.008 9508 000 2988657 0129933 3244352 2734963

assumed

Equal variances not -24.878 | 3219603 000 -2989657 0120173 -3225281 -2754038

assumed
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Correlations

‘Average_ratin
9 Runtime | Watches | Likes | Fans
‘Average_raing _Pearson Gorrelation T 187 249 260 251
Sig. (2-tailed) 000 000 000 000
N 10000 | 10000 | 10000 | 10000 | 10000
Runime Pearson Correlation 187 1 146 129 088
sig. (2-tailed) 000 000 000 000
N 10000 | 10000 | 10000 | 10000 | 10000
Watches Pearson Correlation 249 146 1 951 671
Sig. (2-tailed) 000 000 000 000
N 10000 | 10000 | 10000 | 10000 | 10000
Likes Pearson Correlation 290 129 951 1 799
Sig. (2-tailed) 000 000 000 000
N 10000 10000 10000 10000 10000
Fans Pearson Correlation 251 088 671 799 1
Sig. (2-tailed) 000 000 000 000
N 10000 10000 10000 10000 10000

**_Correlation is significant atthe 0.01 level (2-tailed).
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Variables EnteredRemoved®

Variables Variables
Modsl | Entered Removed | Method
1 Fans, Enter
Runtime,
Likes®

a. Dependent Variable: Average_rating
b. All requested variables entered

Model Summary
Adjusted R Std. Error of
Mogsl | R RSquare | Square the Estimate
1 3297 108 108 4966253

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

Sum of

Modsl Squares df | Mean Square F sig.

1 Regression 298.410 3 99.470 | 403.305 000"
Residual 2465.380 9996 247
Total 2763.790 9993

a. Dependent Variable: Average_rating

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

Standardized
Unstandardized Coefficients Coefficients
Mods! 8 Std_Error Beta t sig
1 (Constant) 3012 014 209893 000
Runtime 002 000 153 | 16.005 000
Likes 7.764E-007 000 224 | 14160 000
Fans 3.272E-006 000 058 | 3706 000

a. Dependent Variable: Average_rating
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