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[bookmark: _Toc214098351]1.Introduction
This report presents a comprehensive analysis of a film industry dataset, with the primary purpose of extracting valuable insights into commercial success factors and market trends. The dataset comprises 10,000 records of films, each described by 17 columns detailing attributes such as budget, revenue, genre, runtime, release dates, and key personnel. Our methodological approach follows a structured data analytics pipeline, beginning with rigorous data cleaning and preprocessing, followed by exploratory data analysis, trend identification, and hypothesis testing.
The primary objectives of this analysis are fourfold. First, we will perform essential data cleaning to address inconsistencies, missing values (e.g., in revenue or runtime fields), and duplicates to ensure the integrity of our analysis. Second, we will generate descriptive statistics to summarize the central tendencies and distributions of key variables like budget, revenue, and ratings, providing a foundational overview of the film landscape, which is characterized by high uncertainty and difficulty in predicting hits (Caves, 2000). Third, we will conduct a trend analysis to uncover temporal patterns, such as the evolution of genre popularity (Litman, 1983) and the correlation between strategic release dates and box office performance over time (Einav, 2007). Finally, the analysis will employ statistical testing to validate significant relationships. This includes investigating whether a higher budget reliably leads to greater revenue (De Vany & Walls, 1999), if the involvement of key personnel like stars influences success (Elberse, 2007), and if certain genres receive consistently higher critical ratings (Reinstein & Snyder, 2005). Furthermore, we will consider the growing importance of the global market (Craig, Greene & Versaci, 2015) and the impact of modern marketing strategies (Hennig-Thurau, Houston & Walsh, 2001). This analysis is situated within an industry undergoing significant transformation due to digital platforms (McDonald, 2020). Together, these components aim to transform raw film data into actionable insights for producers, studios, and market analysts.
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Result: Metrics
Table 1 shows the summary statistics. 
[image: ]Explanation of the Statistics Results

Table 1: Descriptive Statistics Results
	Metrics
	Average rating
	Runtime
	Watches
	List appearances
	Likes
	Fans

	Average
	3.14
	119.76
	7817.25
	1653
	1072.75
	2.69

	Median
	3.27
	96
	222.5
	464
	42
	0

	Mode
	3.27
	70
	48
	464
	23
	0

	Max
	3.27
	398
	51635
	7383
	8073
	22

	Min
	2.38
	62
	26
	152
	3
	0

	Range
	0.89
	336
	51609
	7231
	8070
	22

	Count
	16
	16
	16
	16
	16
	16

	St Deviation
	0.24
	87.28
	17281.73
	2408.67
	2474.3
	6.29










Formula
Some of the key formulas utilised are shown in figure 1. Some of the key formulas used include ‘AVERAGE’, ‘COUNT’ and ‘MAX’.[image: A table with numbers and a list of watches

AI-generated content may be incorrect.]
Figure 1: Formulas utilised
[bookmark: _Toc214098353]Interpretation of Crime Genre Statistics
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Charts:

[bookmark: _Toc214098354]Interpretation of Chart: Average Rating vs Likes
The chart compares average ratings and likes for Crime genre titles, revealing a notable disparity between engagement metrics. While ratings remain relatively stable (mean ≈ 3.14), likes to exhibit extreme variability, ranging from 3 to 8,073, indicating inconsistent audience interaction (Li & Xie, 2020). High likes for certain titles suggest viral appeal or strong influencer-driven campaigns, whereas low likes reflect limited reach or niche positioning (Abidin, 2021).
The standard deviation for likes (≈ 2,474) underscores volatility in engagement, contrasting with the low variability in ratings (SD ≈ 0.24), implying that perceived quality is consistent, but popularity fluctuates significantly (Al-Menaye’s, 2015). This pattern aligns with research on social media engagement, where visual and promotional strategies amplify likes without necessarily affecting ratings (Zeng & Abidin, 2023). Furthermore, the presence of outliers (e.g., 8,073 likes) highlights the role of network effects and influencer visibility in driving disproportionate engagement (Li et al., 2025).
Overall, the chart suggests that likes are more sensitive to marketing and social amplification, while ratings reflect intrinsic content quality, supporting the need for integrated strategies combining quality assurance and engagement optimization (Abidin, 2020).


Figure 2: XY Scatter Chart
[bookmark: _Toc214098355]Interpretation of the Chart
The chart illustrates the relationship between average rating (x-axis) and three engagement metrics: runtime, watches, and list appearances (y-axis), with error bars indicating variability. The dotted linear trend line for watches suggests a negative correlation between average rating and watch count, meaning higher-rated items tend to have fewer watches (Lee, 2025). This could indicate that niche, critically acclaimed content attracts fewer viewers compared to mainstream lower-rated content (Cheng et al., 2016).
The runtime points cluster at the lower end of the rating scale, implying that longer runtimes do not necessarily correspond to higher ratings (Frost, 2025). This aligns with findings that excessive duration can negatively impact user engagement (Sanches & Ramos, 2025). Conversely, list appearances show moderate dispersion, suggesting that curated lists favour content with mid-range ratings rather than extremes (Trunfio & Rossi, 2021).
Error bars highlight variability in engagement metrics, emphasizing uncertainty in the data (Harvard University, 2025). Larger error bars for watches indicate inconsistent viewer behaviour across items, which may reflect differences in marketing or audience demographics (Paga Priyal & Mathiraj, 2025). The presence of outliers, such as high watch counts for low-rated items, suggests external factors like trending topics or social media virality (Larsen et al., 2016).
From a visualization perspective, the chart effectively uses scatter plots with error bars to convey both central tendency and variability, a recommended best practice for interpreting complex relationships (Berenato, 2018). However, the overlapping scales for runtime and engagement metrics could be misleading and separating them into subplots might improve clarity (Harvard Catalyst, 2023).
5. Statistics in SPSS:
Statistics in SPSS: A sample of 269 Genre Documentary taken out of population of 10000. Data Cleaning: Control H command cleaning the brackets from Genre Column
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Genre Colum after utilising Control H command 
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All Numerical column set to 2 decimal place using format cell function
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After formatted the columns are shown below
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Importing file in SPSS: Following are the steps to get to SPSS Software
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Data is imported in SPSS successfully
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Choosing Variable values to calculate Correlation
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The Pearson correlation coefficients indicate the strength and direction of linear relationships among the variables:
1. Average rating shows moderate positive correlations with Runtime (r = .400), Watches (r = .366), Likes (r = .515), List appearances (r = .574), and Fans (r = .399), all significant at p < .001. This suggests that higher-rated documentaries tend to have longer runtimes and greater engagement metrics (likes, appearances, fans) (Williams, 2024).
2. Runtime correlates weakly with Watches (r = .227) and Likes (r = .216), and very weakly with List appearances (r = .127), indicating that longer documentaries are slightly more watched and liked, but the effect is small (Das & Uddin, 2021).
3. Watches and likes to exhibit a very strong correlation (r = .878), and Likes strongly correlates with List appearances (r = .889) and Fans (r = .809). This implies that user engagement metrics are highly interrelated, which is common in digital platforms (Arthur, 2021).
4. Fans correlate strongly with Likes (r = .809) and list appearances (r = .804), suggesting that popularity indicators move together (University of Bristol, 2020).
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Scatter plot on SPSS : Following figure shows the steps to insert Scatter plot in SPSS
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Scatter Plot: Presented below is the Scatter plot with interpretation 
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[bookmark: _Toc214098359]Interpretation of Scatter Plot
The scatter plot shows the relationship between Average rating (X-axis) and Likes (Y-axis) for documentary films. The pattern indicates a positive association: as the average rating increases, the number of likes tends to rise. However, the distribution is highly skewed, with most points clustered at lower like counts and a few extreme outliers (e.g., documentaries with ratings above 4.0 having likes exceeding 100,000). This suggests that while higher ratings generally correspond to more likes, popularity is influenced by additional factors beyond rating alone (Williams, 2024). The presence of outliers implies that some documentaries achieve exceptional engagement regardless of rating, possibly due to marketing or cultural relevance (Arthur, 2021)





5.2 Regression on SPSS: Followed following steps to calculate Regression on SPSS
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Output of Regression on SPSS is detailed below followed by brief interpretation
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[bookmark: _Toc214092027][bookmark: _Toc214098361]Interpretation of Regression Results
The regression output indicates that Average rating significantly predicts Fans. The ANOVA table shows the model is highly significant (F = 50.668, p < .001), meaning the predictor explains a meaningful portion of variance in the dependent variable (SPSS Services, 2023). The Coefficients table reveals that the unstandardized coefficient for Average rating is B = 420.467, suggesting that for every one-unit increase in Average rating, the number of Fans increases by approximately 420 (Statology, 2021). The standardized Beta (.399) indicates a moderate positive effect size, and the t-value (7.118) with p < .001 confirms statistical significance (OARC Stats, 2023). The confidence interval (304.165 to 536.769) does not cross zero, reinforcing reliability. Collinearity diagnostics show VIF = 1.000, indicating no multicollinearity issues (Chapman University, 2016).
Overall, the model demonstrates that higher ratings are associated with more fans, but since only one predictor is included, other factors likely influence fan engagement (Premier Dissertations, 2025).
[bookmark: _Toc214098362]3.3 Hypothesis on SPSS
First create the dummy variable, Language: 
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Dummy variable is created 
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Hypothesis testing on SPSS
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[bookmark: _Toc214098364]Interpretation of T-Test Results
The Independent-Samples T-Test compares Fans between English-language documentaries (Lang Other = 0) and other languages (Lang Other = 1).
· Group Statistics: English films (N = 233) have a mean of 344.17 Fans, while other languages (N = 36) have a higher mean of 413.58 Fans.
· Levene’s Test: p = 0.151 (> 0.05), so equal variances are assumed.
· t-Test: t(267) = -1.137, p = 0.257 (> 0.05), meaning the difference is not statistically significant.
· Mean Difference: -68.85 Fans, with a 95% CI (-188.08, 50.38), which includes zero, confirming no significant difference.
[bookmark: _Toc214098365]Effect Size: Cohen’s d ≈ -0.204, indicating a small, negligible effect 






Conclusion
This report applied Excel and SPSS techniques to analyse a large film dataset and to identify the key factors influencing film performance and audience engagement. The descriptive statistics demonstrated that while film ratings remain relatively stable across the dataset, engagement metrics such as likes, watches, and fans fluctuate dramatically, reflecting the unpredictable nature of audience behaviour in creative industries. The correlation analysis further highlighted strong and interconnected relationships among engagement variables, suggesting that popularity indicators often rise together. Regression analysis confirmed that average rating is a meaningful predictor of fan engagement, though not the only factor. Finally, hypothesis testing revealed that language does not significantly impact the number of fans a documentary receives, indicating that global audience engagement is not solely tied to English-language content.
Overall, the findings reinforce that film success is multifaceted. Quality (as reflected by ratings), marketing reach, social media visibility, and broader consumption trends all contribute to audience engagement. The combination of Excel-based descriptive analysis and SPSS-based inferential tests provided a robust framework for interpreting these dynamics and transforming raw data into actionable business intelligence.

Recommendations
Based on the statistical findings, several actionable recommendations can be made:
1. Invest in Engagement-Driven Marketing Campaigns
Since engagement metrics (likes, fans, watches) are strongly correlated, studios should prioritise marketing strategies that increase early visibility and online interaction. Social media campaigns, influencer partnerships, and targeted advertising are likely to have a compounding effect on audience engagement.
2. Prioritise Quality but Monitor External Factors
The positive relationship between ratings and fan numbers suggests that higher-quality content attracts more loyal audiences. However, because engagement variability remains high, studios should combine content quality with strategic promotion to maximise reach.
3. Avoid Overemphasis on Runtime or Language
Runtime showed only weak correlations with engagement, meaning length alone does not determine popularity. Similarly, the t-test showed no significant difference between English and non-English documentaries in fan engagement. Studios should therefore continue developing diverse content without if shorter runtimes or English-language exclusivity guarantee success.
4. Use Data Modelling to Support Decision-Making
Regression results show that ratings explain some but not all of the variance in fan engagement. To improve predictive accuracy, future analyses should include additional variables such as budget, cast, director, marketing spend, and release timing. A multi-variable regression or machine-learning model could support more strategic planning.
5. Conduct Genre-Specific Analysis for Targeted Insights
Because genre behaviour varies (as seen in the Crime and Documentary samples), studios should conduct more granular analysis within individual genres. This would allow more accurate forecasting and marketing strategies tailored to genre-specific audience behaviours.
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5. All significant correlations (except Runtime-Fans, r = .047, p = .441) indicate
meaningful relationships, but correlation does not imply causation;
external factors may influence these associations (Van den Berg, 2020).

Key Insights

« Engagement metrics (Watches, Likes, List appearances, Fans) form a tightly
connected cluster.

« Average rating is moderately associated with engagement, suggesting
quality influences popularity.

« Runtime has only weak associations, meaning length is not a strong
predictor of engagement.




image16.png
Graphs

Variables:

G Description

& Watches

& List_appearances

& Likes
& Fans

& Lowests™
& Mariuma

Filter by

Utilities
@ Crart uicer

Extensions  Window _ Help

Chart preview uses example data

No categories (scale
variable)

Gallery Basic Elements

Choose from:

[Favorites
Bar
Line

Scatter Plot of Likes by Average_rai

" Average_rating

Element Properties  Chart Appearance

setcolor?

Setsize?

Groups/Point ID _ Titles/Footnotes

Edit Properties of:
Pointt

X-Axis1 (Point1)
Y-Axis1 (Point1)

Options

Axis Label

[Average_rating

Scale Range
Variable: ¢ Average_rating

Automatic Custom

Maximum

Major Increment

Origin

Scale Type

Type: Linear





image17.png
Likes

12000000

10000000

80000.00

50000.00

40000.00

20000.00

0

250

Scatter Plot of Likes by Average_rating

Average_rating

500




image18.png
Graphs ~ Utiities  Extensions  Window  Help

@ inear Regression

Dependent:
a Film_title ¥ | @ Fans
b Director Block 1 of 1
& Average_rating
& Genres Previous Next
& Runtime Independent(s):
&a Original_language & Average_rating
G Description - Bootstrap.
& Watches
& List_appearances
& Likes Method: Enter v
& Lowests

Selection Variable:

& Meduma™ &5 - Rule
& Highesta™.&..&"
& Total_ratings Case Labels:
»
WLS Weight
-

OK_|[ Paste | [ Reset | [Cancel| [ Help





image19.png
Regression

Variables Entered/Removed®

Variables Variables
Model  Entersd Removed Method
1 Average_rating” Enter

a.Dependent Variable: Fans
b. All requested variables entersd

Model Summary

Adusted R Std Error ofthe
Model R RSquare  Square Estimate

1 399° 159 156 310.78008

a. Predictors: (Constant), Averags_rating




image20.png
ANOVA®

sum of
Model Squares o MeanSquare sig.
1 Regression 4893730760 1 4803730760 50668 <001"
Residual 25787998511 267 96584.264
Total 30681720.271 268

a.Dependent Variable: Fans
b. Predictors: (Constant), Averags_rating

Coefficients®
Standardized

Unstandardized Cosflicients  Coefficients 95.0% Confidence Interval for B Collinearit Statistics
p| Model ] std. Error Bsta t Sig.  LowsrBound UpperBound Tolerancs  VIF
1 (Constant) -1443.909 214538 6755 <001 872507 1027311
Average_rating 420467 50.070 399 7118 <001 304.165 536769 1000 1000

a.Dependent Variable: Fans

Collinearity Diagnostics®

Condition Variance Proportions
Model Dimension _Eigenvalus index (Constant) _ Average_rating
1 1 1.096 1.000 00 00

2 004 22611 1.00 1.00

a.Dependent Variable: Fans





image21.png
Iransform  Analyze Graphs  Utilities Extensions ~Window  Help

[~} e into Different Variab X | Q Search application
. Sting Variabl > Output Variabe Output Variable
a Film_title Original_language ~> 7 Name: inres & Runtime g Original
& Director r
& Average_rating L
5a Genres @) Recode into Different Variables: Old and New Values x
& Runtime
5a Desciption ld Value. New Value
& Watches @ Value: . ©Value:
& List_appearances O System-missing
& Likes o 5}
& Fans O syt
@ Lowsts ystem- or user-missing oo
& Medumz.am.. | © e
& Highesta™..a".
R Add

Change
s Journey w o S




image22.png
ransform  Analyze

Graphs  Utiities  Extensions  Window

a Film_title
a Director
& Average_rating
Ga Genres

& Runtime

&a Description

& Watches

& List_appearances
& Likes

& Fans

& Lowesta™
& Wediu
& Highesta™..&

B Tt i

String Variable -> Output Variable:

g Original_language —> ?

S
Recode nto Diferent Variables: Old and New Values

0ld Value
O Value:

m-missing
O System- or user-missing
or

© Al gther values

Q Search application

@)

Output Variable

Name: fnres

& Runtime.

da

New Value
® Value:
O System-missing
oc

0ld > New:
“English' —> 0
ELSE->1
Add
Change

Remove

[ Output variables are strings ~ Wicth
[ Convert numeric strings to numbers (5->5)

Cancel || Help




image23.png
Iransform  Analyze  Graphs  Utilities  Extensions ~ Window  Help

8 Recode into Different Variables X

String Variable -> Output Variable: Output Variable
a Film_title 2 Original_language ~> Lang_Other Name: ‘
G Director logomer |
% rvraqe_rtng lengOther |
G Genres o
& Runtime
& Description hd
& Watches
& List_appearances
& Likes
& Fans
& Lowests™
& Mediuma™.
& Highesta™

B Tt i

& 0Id and New Values. |
o 1. (optional case selection condition) ‘

OK_|[ Paste | [ Reset | [Cancel| [ Help





image24.png
H&

Name
1 Film_tite

2 Director

3 Average_rat.
4 Genres

5 Runtime

6 Original_la.
7 Description
8 Watches

9 List_appear.
10 Likes

11 Fans

12 Lowesta™

13 Mediu

14 Highest

15 Total_ratings
16 | Lang_Other





image25.png
Analyze Graphs  Utiities  Extensions

Power Analysis
Meta Analysis

Reports

Descriptive Statistics

Bayesian Statistics

Taples

‘Compare Means and Proportions
General Linear Model
Generalized Linear Models
Mived Modele

Window  Help

e ma@.

1

issing  Columns Weasure
y 50 Lell & Nominal
% Lot & Nominal
12 Right & scale
i Lot & Nominal
s 12 Riaht # scale
[ Means.
One-Sample T Test.

Independent-Samples T Test.

IREEE




image26.png
» T-Test

Group Statistics

Lang_Other N Mean  Std Deviation _Std. Error Mean
Fans .00 233 627338 34416717 2254714
1.00 36 1315833 29535822 49.22637

Independent Samples Test

Levene's Testfor Equality of

Variances Hestfor Equality of Means
95% Confidznce Interval of the
significance Mean std.Error Difference
F sig. t df__ OneSidedp Two-Sidedp Difierence Difference Lower Upper
Fans _Equalvariances assumed 2074 151 4437 267 128 257 -68.84943 6055950 18808442 5038556
Equal variances not 42712 50888 105 209 -66.84943 5414438 17755453 3985567
assumed
Independent Samples Effect Sizes
95% Confidznce Interval
Standardizer’ _PointEstimate _ Lowar Upper
Fans Conensd 33817044 -20 -555 148
Hedges' comection 33912407 -203 -553 148
Glass's delta 29535822 -233 -587 124

a.The denominator used in estimating the effect sizes.
Cohen's d uses the pooled standard deviation




image1.png
The descriptive statistics show that the average rating for the sample is consistent
(mean 3.14, low standard deviation 0.24), meaning most films are rated similarly.
However, engagement metrics such as Watches, Likes and Fans show extremely
large ranges and very high standard deviations. For example, Watches range from
26 to 51,609 and likes to range from 3 to 8,073. This indicates that audience
engagement is highly uneven, with a few films performing exceptionally well while
many receive minimal attention. Runtime also varies widely (62 to 398 minutes),
showing little standardisation in film length. Overall, the results suggest stable quality
scores but highly unpredictable audience engagement across the sample. Which
should be taken.into account when making any decisions and recommendations.
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The average value (Mean) for the primary metric is 3.14, indicating moderate
representation within the sample. The median (3.27) and mode (3.27) suggest a
relatively consistent central tendency, with minimal skewness. The range (0.89) and
standard deviation (0.24) show low variability, implying consistency in this metric
(Field, 2021).

For associated numeric attributes (e.g., revenue, engagement, or ratings), the
average values vary significantly, such as 119.76 for one metric and 7,817.25 for
another, reflecting diverse performance indicators. The maximum values (e.g.,
51,635.00) highlight outliers, while the minimum values (e.g., 26.00) confirm a wide
disparity across observations. This large range and high standard deviation (e.g.,
17,281.73) indicate substantial variability in financial or engagement metrics,
suggesting that while some Crime titles perform exceptionally well, others remain
niche (Hair et al., 2022).

The count of 16 confirms the sample size, which is relatively small compared to the
population (10,000), so caution is needed when generalizing findings (Saunders et
al., 2023). Overall, the Crime genre demonstrates stable core metrics but highly
dispersed secondary indicators, implying opportunities for targeted marketing and
resource allocation.




