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[bookmark: _heading=h.gfpkxefgmb9b]Introduction
Business ‍ ‌​‍​‌‍​‍‌​‍​‌‍​‍‌ intelligence (BI) analysts transform unstructured raw data into valuable information that helps the upper management of any business to make strategic decisions. BI tools enable users to open different kinds of data, such as empirical and current, third-party and in-house, semi structured data, and unstructured data from external platforms. In this study, the Letterbox Movie Classification Dataset has been used, which is an extensive account containing data for 9687 movies, gathered from well-known movie rating and review platform, Letterboxd. This dataset provides a robust opportunity of analysing attributes of movies, by providing variables like titles, directors, genres, ratings, runtime, language, and studios. Also, user engagement metrics are provided as well for enhancing services across platforms, such as watches, likes, and list appearances. This acts as a rich source for data scientists, machine learning professionals, and analysts with the intention to investigate movie popularity, genre trends, audience behaviour, and predictive modelling for ratings or genre.  
[bookmark: _heading=h.7vb78lhby0dg]Aim
The purpose here is to investigate the predictors determining the popularity and ratings of a movie using the Letterbox Movie Classification dataset using systematic data cleaning and analysis procedures. The project entails the steps employed towards data cleaning and presenting statistical evidence of relationships between film attributes such as genre, language, runtime, fans, likes and watches, and outcome variables like ratings and popularity.
[bookmark: _heading=h.yz6r5j7d1sw]Objectives
· To clean and standardise the raw dataset by handling data inconsistencies and formatting errors and recording the transformations to make the data ready for analysis. 
· To compute the central tendencies (mean, median, mode) and measures of dispersions (standard deviation, variance, range) for the variables of the Letterbox Movie Classification dataset. 
· To visualise patterns across genres and languages, such as average ratings by language of the film, using bar charts, scatter plots, line charts and pie charts. 
· To perform inferential statistics using IBM SPSS for testing hypotheses and studying relationships between user engagement and outcome variables of the Letterbox Movie Classification dataset.
· To translate the results obtained from statistical analysis into pragmatic recommendations and discussing the overall limitations of the study. 
[bookmark: _heading=h.sfpu9bi955zk]Data Cleaning and Preparation
Data​‍​‌‍​‍‌​‍​‌‍​‍‌ preprocessing is the method that deals with the filtering of valuable data which is buried under noise and other inconsistencies. This process helps to provide a foundation for further data analysis. The primary reason for data preprocessing is to ensure that the data sources are relevant to the reliability target based on the analysis requirements, including the verification of data legality and producing core data for analysis (Science Direct, 2022). Data preprocessing contains processes like noise filtering, data classification, and data evaluation. Data Cleaning is the method of finding and fixing errors in the dataset and this also includes proper treatment of missing data, removal of duplicated data, and rectifying the data inconsistencies such as inaccuracies and outliers to develop an accurate and ​‍​‌‍​‍‌​‍​‌‍​‍‌reliable dataset.
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Figure 1: Data validation error 
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Figure 2: Selecting the blank rows
[image: ]
Figure 3: Highlighted blank rows in the dataset
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Figure 4: Missing or “Unknown” data in the dataset
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Figure 5: Deleting the inconsistent rows
An inconsistency that was found once the raw dataset was collected in an unstructured manner was the presence of blank rows in between each row of data. This created a problem for sorting and filtering the variables properly as the data in the consecutive row was not readable. The blank row inconsistency is shown in Figure 1. To address this inconsistency, the “Go to Special” option is selected under the “Find and Replace” option in the Home tab of Microsoft Excel. A separate window pops up on the screen urging the user to input the special category of cells that must be tracked. The “Blanks” checkbox is selected, and the software highlights the blank rows within the entire dataset as shown in Figure 3. Another inconsistency identified in the dataset is that some cells in the dataset contained the text “unknown”, which could be considered as missing data, as this data is not useful for the analysis. Figure 4 shows the presence of “unknown” cells in the genre column of the dataset. The rows with missing values and blank rows have been deleted from the dataset as shown in Figure 5.  
[bookmark: _heading=h.6oth7qkev114]Descriptive Statistics and Summary
	 
	Average_rating
	Runtime
	Watches
	Likes
	Fans

	Mean
	3.270
	103.866
	175609.147
	45098.554
	1705.483

	Standard Error
	0.005
	0.382
	4724.040
	1562.408
	96.680

	Median
	3.270
	100.000
	20785.000
	3729.000
	28.000

	Mode
	3.269
	90.000
	226.000
	16.000
	0.000

	Standard Deviation
	0.530
	37.568
	464904.125
	153760.344
	9514.533

	Sample Variance
	0.281
	1411.346
	216135845091.589
	23642243287.559
	90526331.926

	Kurtosis
	0.349
	78.174
	31.494
	72.284
	314.817

	Skewness
	-0.407
	5.985
	5.050
	7.384
	14.395

	Range
	3.630
	905.000
	5195498.000
	2730813.000
	326000.000

	Minimum
	1.080
	2.000
	5.000
	0.000
	0.000

	Maximum
	4.710
	907.000
	5195503.000
	2730813.000
	326000.000

	Sum
	31672.480
	1005943.178
	1700774587.000
	436779491.000
	16517600.000

	Count
	9685.000
	9685.000
	9685.000
	9685.000
	9685.000


Table 1: Summarisation using descriptive statistics
Descriptive statistics for the movie classification dataset collected from the Letterbox platform revealed an average rating of 3.27 for 9685 movies, with a standard deviation of 0.53. The minimum ratings received by a movie is 1.08, while the maximum rating is 4.70 on a five-point scale. The mean number of watches obtained for the dataset is approximately 175,610 with a high standard deviation of 464,094.12. The mean number of likes obtained for all the movies is 45,098.55. A standard deviation of 153,760.34 is obtained for the likes of the movies. The average runtime of the movie is around 103 minutes with a standard deviation of 37.56 minutes. Finally, an average amount of 1,705 fan count was obtained for the movies in the dataset, with a standard deviation of 9,514.53. The skewness and kurtosis values reveal that each of the factors used in this study shows a normal distribution. 
[bookmark: _heading=h.7pffy7dwtabp]Trend Analysis and Visualisation
[bookmark: _heading=h.3huppoqu8vb]
Chart 1: Average ratings by genre of the film
The first trend which is studied in this case is the average ratings by the genre of the film. This analysis can show the particular genres for which the average rating is typically high or low, which can determine the overall quality of the movies made in that genre. For instance, in Chart 1, the average rating of the movies across all genres is almost similar (between 3.00 to 4.00). The maximum average rating is obtained for the documentary genre. The higher ratings in this genre could be attributed to the format of documentaries in general. Documentaries usually focus on real-life issues and also tend to educate or challenge human emotions by exploring a real-life issue (Eight Engines, 2024). The lowest average rating for a movie genre is obtained for the “Epic Hero” genre, perhaps due to the same attribute of such movies being closer to a fantasy world and are less relatable. 

Chart 2: Views segmented by language of film
The second trend which is studied in this case is the views by the genre of the film. This analysis can show the particular genres which have a higher or lower viewership. In Chart 2, a maximum total watch is obtained for the drama genre. One of the main reasons behind the higher viewership of this genre could be attributed to the empathy factor in human beings and the genre being able to communicate effectively through analogies (Young, 2025). Once again, the lowest viewership for a movie genre is obtained for the “Epic Hero” genre. 

Chart 3: Likes by genre
The third trend which is studied in this case is the likes by the genre of the film. This analysis can show the variability of each genre on the basis of likes or how much a genre is preferred by the audience. In Chart 3, maximum likes are obtained for the movies in the drama genre. Television dramas have been observed to produce some of the best works in terms of storytelling, especially as writers get enough time to develop robust characters through episodes (Young, 2025). Also, the “Epic Hero” genre is preferred the least when it comes to the global audience. 
[bookmark: _heading=h.6a67aalln0os]Statistical Analysis using SPSS
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Table 2: Summary Statistics
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Table 3: T-Test Results 
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Table 4: T-Test Effect Sizes
In the t-test results given above, the rejection of the theory of equal variance could be done as the Levene’s test observed a p-value below the significance level, suggesting that assumption of equal variance cannot be met (F = 32.69, P < 0.01). The t-test results show a significant difference in average ratings between English and non-English movies based on the dataset (t = -24.88, df = 3150.40, p < 0.001). The average rating of non-English films is generally greater than the English films. The mean difference value shows that English films in general have a lower average rating by 0.30 points. 
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Table 5: Correlations
The correlation analysis was conducted to analyse the relationship between the film runtime and the fan count of a film. It has been estimated that there is a very weak and positive correlation between film runtime and fan count (r = 0.087). This indicates that with the increase in runtime of the film, the number of fans also tends to increase. There is also a statistical significance in the relationship, indicating the relationship is less of a chance (p < 0.01). 
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Table 6: Model Summary
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Table 7: ANOVA
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Table 8: Coefficients
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Chart 4: Scatterplot of multiple linear regression
Multiple linear regression has been conducted to significantly predict the average rating variable of a film on the basis of film runtime, number of fans and likes achieved by films. The ANOVA statistics of the model shows a statistical significance of the model in predicting the average rating [F (2, 9682) = 399.46, p < 0.001]. Also, the coefficient of the model shows that all of the predictors used in this model have a significant influence on the outcome variable. The model summary shows a statistically weak-to-moderate relationship between the predictors and outcome, with approximately 11% of the ratings that could be explained by the combination of chosen predictors (r = 0.332, R-squared = 11%). 
[bookmark: _heading=h.v5fg9yiuac11]Insights and Recommendations
[bookmark: _heading=h.4v6rzbx8gwnz]Key Findings
· Average movie rating based on the Letterbox dataset is 3.27 (SD = 0.53) out of 5 points. Films in this dataset obtained an average of 175,610 watches and an average amount of 45,098.55 likes. A very high standard deviation of watches and likes to indicate highly unequal engagement of the audience. The average runtime is 103 minutes, which is typically the runtime of feature films.
· The t-test findings suggested a significant difference in average ratings between English and non-English films, with the latter being higher than the former by 0.30 points on average.
· A weak and positive correlation was obtained between runtime and fan count, and although a statistical significance is obtained, runtime only determines little variations in fan count.
· The multiple linear regression model developed to predict average rating of a movie shows overall statistical significance and a weak-to-moderate correlation between average rating and the predictor variables (runtime, fans, likes). Likes had the strongest link with average rating, followed by runtime and fans.  
[bookmark: _heading=h.c2o52fe5yxyb]Recommendations
· Based on the findings, it is necessary for the media and entertainment business to invest more on documentary and drama genres, since these genres have maximum engagement and ratings. On the other hand, the epic hero genre needs serious rethinking on the narrative or marketing approach to increase viewership and satisfaction.
· Visibility of non-English films needs to be amplified to achieve more viewers as these films have slightly more quality than the English counterparts. Non-English filmmakers must be given priorities in the film festivals and streaming platforms must prefer such films to increase global viewership and more engagement (Meegle, 2025). 
· Predictor models of average ratings could consider the likes factor of a movie to obtain higher ratings, since this factor has the strongest link with this outcome. Early likes could be monitored to forecast average ratings in the long-term. 
[bookmark: _heading=h.rp7ygrlm3n89]Limitations of the Research
A crucial limitation of the research is only 11% of the variance explaining the average rating based on the chosen predictors. This shows that there are other significant factors like reputation of the director or the awards received by the movie on determining the average rating. Another limitation of the study is that it does not show the causation between relationships and instead, focuses solely on correlation. For instance, longer runtime is linked with higher fan generation, and this is not always the case, as higher generation of fans could also be due to the casting of the movie. 
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Average Rating based on Genre

Average Rating	
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Watches segmented by genre
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Likes based on Genre

Action	Adventure	Animation	Comedy	Crime	Documentary	Drama	Epic heroes	Family	Fantasy	History	Horror	Music	Mystery	Romance	Science Fiction	Thriller	TV Movie	War	Western	31933261	27350310	18977143	61744839	28590948	1655940	91782097	302	15387441	21533242	8376810	24289961	4232986	15105238	22177365	28609899	28555231	115668	4210936	2149874	


1

image3.png
L] < D E F G H ! J K L M N o Ld Q
Film_ti{ -] Directo - | Averag¢ ~| Genres| ~ | Runti igind - | Descrif ~ Studiog ~ | Watche ~ List ap| | Likes | ~|Fans |~ | Lowest,~|Mediur(~ | Highes{~|Totalr{~ hgs

0TheFan EckhartSc  3.57 [Horror, ' 92 German Thehero-[Barbara 12841 11032 3763 79 129 1660 74 M2

1MadMax GeorgeMi  4.18 [Adventur 121 English Anapocal[WamerE 2486721 331681 927538 38000 12530 158356 511140 1682389

2 Suspiria_DarioArge  3.93 [Horror] 99 English AnAmeric[SedaSpe 618171 220094 219548 13000 2814 53427 88628 443757

3 LostinTraSofiaCopi  3.79 [Drama, 102 English _ Two losts [Americar 1596190 254180 493248 38000 15167 155110 193717 1076949

4Akira  Katsuhiro 4.8 [Animatic 124 Japanese Asecretm[MBS','Su_ 873068 175586 341567 21000 1822 40850 196532 600721

5 Things to (Mia Hans¢ 3.7 [Drama’] 102 French  Nathaliet[ARTEFra 34777 14370 8585 192 90 474 1677 24383

6 BigTroublJohnCarp 3.7 [Comedy, 100 English Truckdriv[TAFTEntc 283873 65558 85788 3600 1250 30562 24938 183927

7 StarWars Georgelu  4.17 [Adventur 121 English _Princess L[lucasfiln 3014320 391415 1057816 30000 6041 161969 550396 1780203

8 The Third CarolReec  4.25 [Mystery, 105 English _Inpostwa [londonF 228162 101285 70932 3400 351 11509 39520 152601




image4.png
[sercn ]

(Western', 'War]
(Western']

[Western', Romance, Drama’] A
(Western', Romance']
[Western', Thiller, ‘Action, Rot
[Western', TV Movie', Drama’]

[Western', War, ‘Romance, Dra

oK





image5.png
Delete

Detete
O shitt cels et
© it s 5}
O ttire ow
O Entire column

ok

Cancel




image6.png
Group Statistics

std. Error
Language N Mean Std. Deviation Mean

Average_rating 1 7814 3211402862 5282450627 0059758472
2 1872 3516115579 4623616784 0106861069





image7.png
Independent Samples Test

Levene's Testfor Equality of

Variances ttestfor Equaliy of Means
95% Confidence Interval of the
Mean std. Error Difiersnce
F sig t o Sig (2falled)  Difierence Difference Lower Upper
Average_rating  Equal variances. 32698 <001 22041 9684 <001 -304712717 0132823862  -330748959 - 278676464
assumed
Equal variances not 24888 3150405 <001 -304712717 0122435138 -328718785  -280706648

assumed





image8.png
Independent Samples Effect Sizes

95% Confidence Interval

Point
Standardizer’ | Estimate Lower Upper
Average_rating  Cohen's d 5161708783 -590 -84 -539
Hedges'correction 5162108587 -590 -84 -539
Glass's delta 4623516784 -659 714 -604

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

Hedges' correction uses the poolsd standard deviation, pius a correction factor.

Glass’s delta uses the sample standard dsviation of the control group.




image9.png
Correlations

Runtime  Fans

Runtime  Pearson Correlation 1 087"
Sig. (2ailed) <001
N 9686 9686
Fans Pearson Corrslation 087" 1
Sig. (2ailed) <001
N 9686 9686

* Corrslation is significant atthe 0.01 level (2-
taileq).




image10.png
Model Summary”

Adusted R Std. Error of
Model R RSquae  Square the Estimate

1 332° 110 110 5000231816

a.Predictors: (Constant) Likes, Runtime, Fans
b. Dependsnt Variable: Average_rating




image11.png
ANOVA®

sum of
Model Squares df MeanSquare F sig.
1 Regression 299,629 3 99876  399.468  <.001°
Residual 2420724 9682 250
Total 2720353 9685

a. Dependent Variable: Average_rating
b. Predictors: (Constant), Likes, Runtime, Fans




image12.png
Coefficients®

Standardized
Unstandardized Cosflicients  Coefficients

Mods! B std. Error Bsta t sig.

1 (Constant) 3,000 015 200.765 000
Runtime 002 000 157 16238 <001
Fans 3311E6 000 059 3724 <o0i
Likes 771367 000 224 1395 <001

a. Dependent Variable: Average_rating




image13.png
Average_rating

5000000000000

4000000000000

3.00000000000000

2000000000000

1.00000000000000

Scatterplot

Dependent Variable: Average_rating

5

n

2 o

Regression Standardized Residual




image1.png
B c D 3 F 9 H ! J K L M N o [ a
Film_ti{ | Directol ~ | Averag{| Genres[~ | Runtim ~ | Origind | Descrif.+ | Studios  |Watche v | List_ap[~ | Likes [~|Fans [~|Lowest[~|Mediur -] Highes{~ |Total_r{~ hgs

0TheFan EckhartSc  3.57 [Horror,' 9 German TheheroA[Barbara 12841 11032 3763 79 129 1660 714 9042

1MadMax GeorgeMi  4.18 [Adventur

121 English  Anapocal[Warner E 2488721 331681 927538 158356

511140 1682389

2 Suspiria DarioArge  3.93 [Horror] 99 English  AnAmeric[SedaSpe 618171 220094 219548 13000 14 53427 88628 443757

3 LostinTraSofiaCop;  3.79 [Drama

102 English  Two losts [Americar 254180 493248 155110

193717 1076949

4 Akra  Katsuhiro  4.28 [Animatic 124 Japanese Asecretm[MBS,'Su 873068 175586 341567 21000 40850 196532 600721

5 Thingsto(Mia Hans¢ 3.7 [Drama’] 102 French  Nathaliet[ARTEFra 34777 14370 8585 192 474 1677 24383
6 BigTroubllohnCarp  3.72 [Comedy, 100 English Truckdriv[TAFTEntc 283873 65558 85788 3800 0562 24938 183927
7 StarWars Georgelu 417 [Adventur 121 English Princess L[lucasfiln 3014320 391415 1057816 30000 6041 161969 550396 1780203
8 The Third CarolReec  4.25 [Mystery, 105 English  Inpostwa [londonF 228162 101285 70932 3400 351 11509 39520 152601
9 TheBigSicMichael Sl 3.76 [Drama’,’ 120 English Pakistan-I[FilmNati 382201 58859 93489 504 1410 36987 18997 236309





image2.png
5V

- Sort &

Fiter~

ating

& "
Total_ri~|
714 9042
511140 1682389
88628 443757
193717 1076949
196532 600721
1677 24383
24938 183927

p (s

oo &
Find&| Add-ns  Create
[select ~ apDF

P Eind...
& Replace..

= GoTo..

Conditional Formatting
Constants
Dat Vaidation

1% Select Objects

W Selection Pane...





