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Introduction

In order for organisations to make well-informed decisions based on data-driven insights,
data analysis is essential to modern business intelligence. (Wang, 2014) In the film industry,
factors influencing popularity and ratings can be found by researching audience behaviour
and film performance. The analysis of a movie categorisation dataset including variables like
genres, runtime, ratings, watches, likes, and fan counts is the main goal of this paper. The
collection offers insightful information about viewer preferences and interaction trends. This
report's primary goal is to examine the connections between important factors and pinpoint
patterns that influence a movie's success. The investigation specifically looks into how movie
ratings and popularity are influenced by elements including genre, language, runtime, and
audience interaction. The study uses Excel and SPSS statistical techniques, trend analysis,
descriptive statistics, and data cleansing to accomplish this. The results are intended to assist
the media and entertainment sector in making data-driven decisions. (Field, 2024) It is
anticipated that the analysis's findings would give film industry stakeholders useful
information that will help them better audience targeting, optimise content strategies, and
boost overall company performance. All things considered, the report highlights how crucial
it is to combine data analysis and business intelligence technologies in order to turn

unprocessed data into insightful and useful information.

Data Cleaning and Preparation

A crucial step in data analysis is data cleaning, which includes addressing missing or
inconsistent data, eliminating duplicate entries, and finding and fixing errors. It guarantees
that unstructured data is converted into a dependable, organised format that can be analysed.
High-quality data is crucial in the context of business intelligence since insufficient or
erroneous data can result in false conclusions and poor decision-making (Wang, 2014). Film
titles, genres, runtime, ratings, watches, likes, and fan counts are just some of the variables
that make up the dataset used in this study. Table 1 provides a sample of the dataset. These
factors provide a solid foundation for analyzing audience behavior and identifying trends in
movie popularity.

Data cleaning process followed in this case:

The raw data provided initially sorted based on the English Language movies, and using the

sort and filter option of the excel, this process was performed at the beginning of the
assessment of data.
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In terms of assessing the data set and drawing useful conclusions from it,

still a number of inconsistencies and difficulties that remain after the initial phase of
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Table 1: Summary of Data Cleaning Process
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the data sorting process. The pivot table function has been further utilised for this

aspect, resulting in the following output:
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Table 2: Pivot Table Summary of Key Variables
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Descriptive Statistics and Summary

Presentation of structured data and calculation

Sum of Sum of Average Sum of

Row Labels Fans Watches of rating Runtime

Candy 44 8157 2.37 124
Free Fire 83 109849 3.16 90
Scarface 100 64361 3.83 93
Plan 9 from Outer Space 121 61992 2.24 79
Jodorowsky's Dune 188 85388 3.96 90
Obvious Child 245 86399 3.52 85
Weird Science 438 141350 3.08 93
The Big Sick 504 382201 3.76 120
Ant-Man 623 2261367 3.22 117
Star Trek II: The Wrath of Khan 1300 139409 3.93 112
Wonder Woman 1600 1721440 3.24 141
The Third Man 3400 228162 4.25 105
Army of Darkness 3500 363502 3.71 81
It Follows 3600 974585 3.45 101
Big Trouble in Little China 3800 283873 3.72 100
Sicario 6300 961576 3.98 122
Annie Hall 6400 454236 4.04 93
Ghostbusters 7500 1416463 3.75 107
Up 9100 3922213 4.1 96
The Lost Boys 9900 394218 3.66 97
Lawrence of Arabia 10000 369742 4.38 228
Sing Street 10000 390910 4.04 105
The Goonies 12000 854912 3.8 114
Suspiria 13000 618171 3.93 99
The Lion King 22000 3005454 4.22 89
Drive 30000 2091002 3.92 100
Star Wars 30000 3014320 4.17 121
Get Out 33000 4376009 4.15 104
Stand by Me 37000 1165736 4.16 89
Lost in Translation 38000 1596190 3.79 102
Mad Max: Fury Road 38000 2488721 4.18 121



Blade Runner 51000 1658845 4.1 118
Django Unchained 53000 3305105 43 165
The Truman Show 71000 4382819 4.22 103
Donnie Darko 79000 2293445 3.98 114
Whiplash 154000 3925603 4.42 107
Grand Total 739746 49597725 136.73 3925

The above data has been the base of further statistical calculation, such as mean, median,

mode and standard deviation, which are major components of descriptive statistics and using

these statistical tools, an overall judgement about the data set are made.

Statistical calculation
Mean 20548.5 1377714.583 3.798055556 109.0277778
Median 8300 908244 3.93 103.5
Mode 10000 #N/A 3.93 93
Standard deviation 31041.204 1378980.569 0.501134823 26.54751655

Mean

Mean value is the average of the data set and is one of the most essential elements of
descriptive statistics. Through this value, the average value of rating and runtime of movies
has been calculated. It has been found through this calculation that the average rating of
English movies is 3.79 out of 5. In order to make a more detailed analysis, this average output

is highly vital to consider (BBC, 2026).

Median and mode

These are equally important statistical metrics to deal with the statistical insights presented in
the dataset. Respectively, these two outline the middle value of the entire data set and the
value that is frequently found in the data set, respectively. Here for the average rating, both

the mean and median values have been close to 4.

Standard deviation
The overall dispersion of data points from their mean are measured through the standard
deviation function. Reliability of the data can be understood and tracked through the standard

deviation function of a data set (Ravid, 2024). Here, in the case of the average ratings of the




films, the standard deviation has been 0.50, which highlights that this variable has clustered
mostly around the mean.

Chart incorporation
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Figure 3: Pie chart showing the distribution of fan counts across films

The distribution of fan counts by movie is seen in Figure 3. A small number of films make up

a sizable portion of all fans, suggesting unequal audience participation and concentrated

appeal.
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Figure 4: Box plot showing the dispersion between the number of fans and watches

A few films dominate audience interaction, as seen in Figure 4, which displays fluctuation in

fan counts and viewing.



Trend Analysis and Visualisation

Scatter plots and other data visualisation tools are essential for determining correlations
between variables and assisting with data-driven decision-making. Scatter plots are very
useful for identifying patterns, and anomalies in big datasets, which helps analysts
comprehend the direction and strength of links between variables (Data Visualisation Tools
for Business Applications, 2024). By showing how engagement measures, like watches and
fans, interact within the dataset, a scatter plot improves the analysis of audience behaviour in

this context.

Column chart

The distribution of fan counts among the various films in the sample is shown in the column
chart (Figure 5). It is evident that audience participation varies greatly, with certain films
drawing noticeably more viewers than others. With more fans than any other movie, Candy in
particular is the most well-known. On the other hand, the bulk of films have comparatively
low fan counts, which suggests that most films only receive moderate amounts of audience
attention. This distribution highlights the competitive nature of the film industry, where a
small number of films attain high levels of audience involvement, and implies that film

popularity is concentrated among a small number of titles.
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Figure 5: Column chart showing the fan numbers based on different films

Line chart
Trend measurement in a data set is most suitably presented through the visualisation of this

data set. Combining multiple data points, a line is drawn through this particular data



visualisation tool and through the movement, the exact fluctuation of the chart is addressed,

and data set is interpreted accordingly (Healy, 2024).
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Figure 6: Line chart showing the sum of watches of different films

With over 4.3 million views, The Truman Show in particular has one of the biggest figures.
In a similar vein, films with high watch counts, like Django Unchained, also contribute to the
chart's overall heights. These films, however, do not always rank among the best in terms of
fan counts, indicating that great fan devotion or sustained involvement are not always
correlated with high viewership. This trend illustrates how films can draw sizable crowds
without turning them into devoted followers, highlighting the complexity of audience

behaviour.

Scatter plot

The scatter plot (Figure 7) shows how the number of fans and watches for various films relate
to each other. Given that films with higher view counts typically have more fans, the
visualisation indicates a positive correlation between these two factors. The link can be
characterised as moderate rather than strong, though, because the data points are widely
distributed and do not clearly form a linear pattern. This implies that while more viewership
is linked to stronger fan involvement, audience behaviour is influenced by other factors as
well. Additionally, a few of films exhibit large watch counts without correspondingly high
fan bases, underscoring irregularities in audience participation. This supports the notion that
other factors, like genre, ratings, or audience preferences, might also have a big impact on

how popular a movie is.



Scatter plot

5000000
4500000
4000000
3500000
3000000
2500000
2000000
1500000
1000000
500000
0 (T e s d a2 2 T2 22222222222 22 222 2 2 2

NYDH XY 00N D O)NQ,\/\,,\’/L\’/’),\/V@\/‘O\’/\ ,\/‘b@%@,\/’\n’\”\/”)%v%%%b{\,\,%,1?)%6%\%%’5%%,)‘9%‘00;\

Figure 7: Scatter plot highlighting the watches and fans relation

Statistical Analysis (SPSS)

Independent Samples T-Test (Ratings by Language)

A t-test for independent samples compared the mean film rating of English films to
non-English films to determine if there is a statistically significant difference. Figures 1 and 2
indicate that mean rating for English films (M = 3.21) is lower than that of non-English films
(M = 3.51). The t-test results suggest that this difference is significant (p = 0.000), which
suggests that language may be playing an important part in determining viewer ratings.

The Levene's test for equality of variances was also significant [p < 0.05] which suggests that
the variances are not identical. As such, we interpreted the results assuming “equal variances
not assumed". This suggests that on average, non-English rated films score higher, possibly
due to genre-specific audience appeal, uniqueness or relatively higher quality of international
films (Orji et al., 2023).
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Group Statistics

Language_Group N Mean Std. Deviation =~ Std. Error Mean
Average_rating 1 8074 3.210954389 .5238498947 .0058299186
2 1926 3.509920113 4611764488 0105084577

Independent Samples Test

Levene's Test for Equality of t-test for Equality of
Variances Means
F Sig. t df
Average _rating  Equal variances assumed 27.710 .000 -23.009 9998
Equal variances not -24.878  3219.603

assumed

Figure 8: Independent Samples T-1est for Average Rating by Language

Independent Samples Test

t-test for Equality of Means

Mean Std. Error
Sig. (2-tailed) Difference Difference
Average_rating  Equal variances assumed .000 -.298965724 .0129932830
Equal variances not .000 -.298965724 .0120173056
assumed
Independent Samples Test
t-test for Equality of Means
95% Confidence Interval of the
Difference
Lower Upper
Average_rating  Equal variances assumed -.324435174 -.273496274
Equal variances not -.322528068 -.275403380
assumed

Figure 9: Independent Samples T-Test for Average Rating by Language

Correlation Analysis

Pearson correlation analysis to explore the potential association between the film's runtime,

its number of watches, likes, fans and the average rating. The findings in Figure 3

11



demonstrate a very strong positive relationship between watches and likes (r = 0.951),

suggesting that films with more viewers receive greater engagement. This implies that user

views are a strong constructive factor to user engagement.

By contrast, there are weak positive relationships between runtime, watches (r = 0.146), and

likes (r = 0.129), indicating that longer films may not have greater audience views or

engagement. Also, there is a weak or moderate correlation between average rating and likes (r

=0.290) and fans (r = 0.251), suggesting that while likes and fans help a film achieve higher

ratings, they do not necessarily explain the rating outcome (Ahmed & Abdulkareem, 2024).

Correlations

Runtime  Watches Likes Fans Average_rating
Runtime Pearson Correlation 1 146" 129" 088" 187"
Sig. (2-tailed) .000 .000 .000 .000
N 10000 10000 10000 10000 10000
Watches Pearson Correlation 146" 1 951" 671" 249"
Sig. (2-tailed) .000 .000 .000 .000
N 10000 10000 10000 10000 10000
Likes Pearson Correlation 1297 9517 1 799" 290"
Sig. (2-tailed) .000 .000 .000 .000
N 10000 10000 10000 10000 10000
Fans Pearson Correlation 088" 671" 799" 1 251"
Sig. (2-tailed) .000 000 .000 .000
N 10000 10000 10000 10000 10000
Average_rating  Pearson Correlation 187" 249" 290" 251" 1
Sig. (2-tailed) .000 .000 .000 .000
N 10000 10000 10000 10000 10000

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

Figure 10: Correlation Matrix of Runtime, Watches, Likes, Fans and Ratings

Regression Analysis

To examine the relationships among watches, likes, fans, and rating, and total running time, a

multiple linear regression was performed. The model was significant (F = 330.085, p =

0.000) as shown in Figure 4, suggesting the model fits well.
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The variables collectively account for about 11.7% of the variance in ratings (R*> = 0.117),
which suggests that although these factors play a significant role in predicting ratings, there
are other factors (such as genre, plot, or director) that play a more significant role.

Among the predictors, likes emerged as the strongest positive predictor (B = 0.616, p <
0.001), followed by runtime (B =0.159, p < 0.001). Watches had a negative impact on ratings
(B = -0.343, p < 0.001), suggesting higher popularity is not associated with higher ratings.
Fans were not statistically significant (p = 0.148), implying a weak direct impact on ratings
(Szukits & Moricz, 2023).

But the high values of Variance Inflation Factor (VIF) for likes, VIF = 20.475, suggest that
there is multicollinearity - that some of our independent variables are correlated with each

other. This could affect the estimate for each predictor and should be considered.

13



Model Summary

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

1 .342° A7 116 4942181520

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

ANOVA®
Sum of
Model Squares df Mean Square F Sig.
1 Regression 322.495 4 80.624 330.085 .000°
Residual 2441.295 89995 .244
Total 2763.790 9999

a. Dependent Variable: Average_rating

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

Coefficients®

Standardized Collinearity

Unstandardized Coefficients Coefficients Statistics

Model B Std. Error Beta t Sig. Tolerance
1 (Constant) 3.018 .014 211.144 .000

Watches -3.933E-7 .000 -.343 -9.930 .000 074

Fans -1.446E-6 .000 -.026 -1.448 148 279

Likes 2.138E-6 .000 616 14.487 .000 .049

Runtime .002 .000 .159 16.743 .000 978

Coefficients®

Collinearity
Statistics
Model VIF
1 (Constant)
Watches 13.505
Fans 3.584
Likes 20.475
Runtime 1.023

a. Dependent Variable: Average_rating
Figure 11: Regression Model Summary and Coefficients

Language Impact on Audience Engagement

Additional independent samples t-tests were performed to discern the effect of language on
audience engagement and views (watches), likes, and fan counts. As shown in Figure 5 and 6,
English films show significantly more engagement than non-English films (p < 0.05).

For example, English films had significantly higher average watches (M = 196,529) than
non-English films (M = 60,418). Likes and fans are also greater for English films. These
findings show that although non-English films score higher ratings, English films are more

popular in terms of global and audience engagement (Orji et al., 2023).
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Group Statistics

Std. Deviation

Std. Error Mean

Language_Group N Mean
Watches 1 8074 196529.91
2 1926 60418.35
Likes 1 8074 49385.39
2 1926 20046.86
Fans 1 8074 1772.09
2 1926 1151.43

495460.679
218298.310
161538.646
95600.582
9945.056
6385.972

5513.975
4974.188
1787.761
2178.374
110.678
145.512

Figure 12: T-Test Results for Watches, Likes and Fans by Language

15



Independent Samples Test

Levene's Test for Equality of

t-test for Equality of

Variances Means
F Sig. t df
Watches  Equal variances assumed 327.432 .00o 11.786 9998
Equal variances not 18.329 7031.072
assumed
Likes Equal variances assumed 142.787 .00o 7.657 9998
Equal variances not 10.388  4898.316
assumed
Fans Equal variances assumed 19.441 .000 2613 9998
Equal variances not 3.395 4442127

assumed

Independent Samples Test

t-test for Equality of Means

95%

Mean Std. Error Confidence ...
Sig. (2-tailed) Difference Difference Lower

Watches  Equal variances assumed .000 136111.561 11548.443 113474.288
Equal variances not .000 136111.561 7426.067 121554.230
assumed

Likes Equal variances assumed .000 29338.531 3831.619 21827.788
Equal variances not .000 29338.531 2824.404 23801.433
assumed

Fans Equal variances assumed .009 620.664 237.498 155.120
Equal variances not .001 620.664 182.821 262.244

assumed

Figure 13: T-Test Results for Watches, Likes and Fans by Language

Summary of Findings

In summary, the data analysis using SPSS reveals that language is a key predictor of

engagement and ratings, there are high correlations between the various engagement

measures (such as watches and likes), and ratings are positively influenced by a range of

factors. Engagement is a significant element, but ratings depend on a range of other variables,

emphasising the need for full data analysis to inform business intelligence and decisions for

film.
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Insights and Recommendations

Important insights into audience behaviour and movie performance are revealed by the
dataset analysis. The majority of films are rated as fairly positive, according to descriptive
data and visualisations, which show that movie ratings are generally stable. However,
audience engagement, as determined by watches and fan counts, differs greatly between
films, suggesting that popularity is concentrated within a small number of really popular
films. This demonstrates how crucial data analytics are for spotting trends and assisting with
data-driven decision-making (Sharda, Delen, and Turban, 2018). Additionally, the results
demonstrate that substantial fan interaction does not always follow from high viewership.
Attracting viewers does not always translate into long-term audience devotion, as evidenced
by several films that have large watch counts but very low fan numbers. This lends credence
to the notion that a variety of behavioural elements, as opposed to a single statistic, drive
engagement (Provost and Fawecett, 2013). It is advised that movie studios and streaming
services concentrate on tactics that improve viewer engagement, like tailored suggestions and
focused advertising, in light of these findings. Furthermore, content accessibility and
audience reach can be enhanced by examining genre and linguistic trends (Wang, 2014). It is
advised that movie studios and streaming services make investments in tactics like
community-building programs, social media interaction, and exclusive material that turn
spectators into engaged fans. Focusing on long-term engagement can assist boost fan
retention and strengthen the overall success of films, as high viewership does not always

translate into strong audience loyalty.
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