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[bookmark: _Toc237398792]1.0 Introduction
Business Intelligence (BI) and data analytics have become essential tools for organisations seeking to make informed and evidence-based decisions. By collecting, analysing, and interpreting large volumes of data, organisations can identify patterns, understand customer behaviour, and improve operational performance. In the film and entertainment industry, data analytics enables organisations to evaluate audience preferences, predict viewing trends, and develop strategies that increase audience engagement and business performance (Sharda, Delen and Turban, 2023).
This report analyses the Letterbox Movie Classification Dataset using Microsoft Excel and IBM SPSS Statistics. The dataset contains information on movie Titles, Genres, Average Ratings, Runtime, Original Language, Watches, Likes, Fans, and other engagement measures. Microsoft Excel was used to clean, organise, summarise, and visualise the data, while SPSS was used to perform statistical analyses, including Descriptive Statistics, Pearson Correlation Analysis, an Independent Samples t-test, and Multiple Linear Regression Analysis.
The purpose of this report is to explore patterns within the dataset, identify factors associated with movie ratings and audience engagement, and evaluate whether statistically significant relationships exist between selected variables. The findings provide evidence-based insights into how business intelligence techniques can support data-driven decision-making in the media and entertainment industry.







[bookmark: _Toc237398793]2.0 Data Cleaning and Preparation
Data cleaning and preparation were carried out using Microsoft Excel to improve the quality and reliability of the Letterbox Movie Classification Dataset before statistical analysis (Elliott et al., 2006). The dataset was reviewed to identify missing values, duplicate records, and inconsistencies across the variables. Duplicate records were checked using Excel’s Remove Duplicates function, which confirmed that no duplicate values were found. The dataset was checked to ensure that numerical variables such as Average Rating, Runtime, Watches, Likes, and Fans were stored in numeric format for analysis.
Categorical variables, including Genres and Original Language, were reviewed to ensure consistency in naming conventions. To support hypothesis testing in SPSS, the Original Language variable was transformed into a new categorical variable named Language Group where English-Language films were coded as 1 and non-English films were coded as 2. This transformation enabled comparison between the two groups using an Independent Samples t-test.
Following the data preparation stage, the cleaned dataset was imported into IBM SPSS Statistics for further analysis. Appropriate variable types and measurement levels were verified to ensure compatibility with descriptive statistics, correlation analysis, multiple linear regression, and hypothesis testing. Performing data preparation procedures improved data quality and enhanced the accuracy and reliability of the statistical findings presented in this report (Field, 2018; Hair et al., 2022; Sharda, Delen and Turban, 2023).






Figure 1: Letterbox Movie Classification Dataset imported into Microsoft Excel.
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Figure 2: Identification of “Unknown” Values Using Excel Filters
[image: ]Excel Filters identified “Unknown” values in several categorical variables.





Figure3: Duplicate Check Using Microsoft Excel
[image: ]Duplicate records were checked using Excel Remove Duplicates function.
[bookmark: _Toc237398794]3.0 Descriptive Statistics and Summary
Descriptive statistics were generated using Microsoft Excel and IBM SPSS Statistics to provide an overview of characteristics of the Letterboxd Movie Classification Dataset. This analysis summarised, numerical variables, including Average Rating, Runtime, Watches, Likes, and Fans, allowing patterns within the dataset to be identified before conducting more advanced statistical analyses. Descriptive statistics provide a foundation for understanding data characteristics before applying advanced analytical techniques and supports informed decision-making (Olszak, 2020).
The results indicate that dataset contains approximately 10,000 movie records, providing a sample for statistical analysis. The average movie rating was approximately 3.27, suggesting that most films received moderately positive audience atings. The standard deviation indicates some variation in ratings, reflecting differences in audience opinions across films.
The Runtime variable shows that films generally have a running time of around 103 minutes, although considerable variation exists between shorter and longer films. Similarly, the engagement variables, Watches, Likes, and Fans displayed substantial variation, indicating that audience engagement differs significantly between movies. Some films attracted very high levels of audience interaction, whereas many received relatively lower engagement, suggesting an uneven distribution of popularity across the dataset.
From a business intelligence perspective, substantial variation in Watches, Likes and Fans indicates that audience engagement is unevenly distributed across films. This is important for streaming platforms because engagement metrics help identify high-interest content, support decisions concerning content acquisition, recommendation systems and targeted marketing. However, engagement should not be considered in isolation, as films with similar levels of popularity may receive different audience ratings. Combining engagement measures with rating and content characteristics can therefore provide stronger basis for data-driven decision-making (Sharda, Delen and Turban, 2023).
Categorical variables were also explored using frequency tables and charts. The analysis of Original Language revealed that English-language films represented majority of the dataset, while non-English films accounted for a smaller proportion. In addition, the distribution of movie genres demonstrated that dataset included a wide variety of film categories, providing opportunities for further trend analysis and comparison. (See Figure A3 in the Appendices.
Several visualisation techniques were used to support descriptive analysis. A histogram was produced to examine the distribution of movie ratings, while scatter plot was created to investigate the relationship between audience watches and average ratings. Frequency tables and pivot tables were also used to summarise categorical variables, allowing the distribution of languages and genres to be presented clearly. These visualisations support pattern identification before further statistical analysis.
This preliminary analysis provides a basis for subsequent correlation, hypothesis testing, and regression analysis. (Hair et al., 2019).
Figure 4: Descriptive Statistics generated using Microsoft Excel.
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Figure 5: Histogram of Average Ratings generated using Microsoft Excel
[image: ]
[bookmark: _Toc237398795]4.0 Trend Analysis and Visualisation
Trend analysis and data visualisation were conducted in Microsoft Excel using histogram, scatter plots, frequency tablets, and pivot charts to identify patterns within the Letterbox Dataset. These techniques support pattern identification and interpretation for decision-making (Witten, Frank and Hall, 2016; Sharda, Delen and Turban, 2023).
The Histogram of Average Rating shows that most films received ratings within the middle range, with relatively few movies achieving extremely low or exceptionally high ratings. This pattern suggests that audience opinions are generally moderate to positive, while only a small number of films receive highly polarised reviews. The distribution of ratings indicates variation within the dataset, providing a useful basis for further statistical analysis (Field, 2018).
The Scatter Plot examining the relationship between Watches and Average Rating suggests a positive relationship between audience engagement and movie ratings. Films with higher numbers of watches generally tend to receive slightly higher average ratings. However, the points are not closely clustered around a straight line, indicating that popularity alone does not determine audience ratings. Several highly watched films received only moderate ratings, while some less frequently watched films achieved relatively high ratings. This finding suggests that factors such as storyline, production quality, genre, and audience expectations may also influence viewers’ evaluations (Hair et al., 2019).
The frequency analysis and Pivot Chart of Original Language reveal that English-language films represent the largest proportion of the dataset, whereas non-English-language films account for a smaller share. Although English-language films dominate numerically, the visualisation alone cannot determine whether language influences movie ratings. This observation provides a basis for the Independent Samples t-test conducted later in the analysis to investigate whether a statistically significant difference exists between the two language groups (Field, 2018).
Overall, the visualisations provide valuable insights into audience behaviour and movie characteristics. They help identify patterns in ratings, audience engagement, and language distribution while highlighting areas for further statistical investigation. From a business intelligence perspective, these findings can support film producers, streaming platforms, and content managers in understanding viewer preferences, improving recommendation systems, and making evidence-based decisions regarding content development and marketing strategies (Sharda, Delen and Turban, 2023). The weak positive relationship between Watches and Average Rating suggests that popularity
does not necessarily indicate higher audience satisfaction. Therefore, streamong flatforms should not rely on viewing volumes alone when recommending content or allocating marketing investment but should also consider ratings and other engagement measures.
Figure 6: Scatter Plot of Watches and Average Rating Generated Using Microsoft Excel.
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[bookmark: _Toc237398796]5.0 Statistical Analysis Using SPSS
Statistical analysis was conducted using IBM SPSS Statistics to examine relationships among selected variables (Field, 2018). Three techniques were applied: Pearson correlation to examine linear relationships between continuous variables, an independent samples t-test to compare mean ratings between two independent groups, and multiple regression to assess the combined effect of several predictors on Average Rating. ANOVA was not selected because more than two groups were not compared. These methods supported the identification of significant relationships and predictors relevant to business decision-making (Maheshwari, 2015; Hair et al., 2019).
[bookmark: _Toc237398797]5.1 Correlation Analysis
Pearson correlation analysis was performed to examine the relationships between Average Rating, Runtime, Watches, Likes, and Fans. The results indicated statistically significant positive correlations among all variables (p < .001). Average Rating showed weak positive relationships with Runtime (r = .187), Watches (r = .249), Likes (r = .290), and Fans (r = .251). These findings suggest that films receiving greater audience engagement generally achieve slightly higher ratings.
The strongest correlation was identified between Watches and Likes (r = .951), indicating that films viewed by more users were also more likely to receive likes. A strong positive relationship was also observed between Likes and Fans (r = .799), demonstrating that audience engagement measures are closely associated.
Although these relationships were statistically significant, most correlations with Average Rating were relatively weak. This indicates that viewer engagement alone does not fully explain movie ratings, and other factors such as genre, storyline, cast, directing, quality, and audience preferences may also influence users’ evaluations. Therefore, correlation analysis is valuable for identifying patterns but should not be interpreted as evidence of causation.


Figure 7: Pearson Correlation Matrix generated using SPSS.
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[bookmark: _Toc237398798]5.2 Independent Samples t-test
An independent samples t-test compared Average Ratings between English- and non-English-language films. This test was appropriate because it compares the means of two independent groups (Nabavi and Olson, 2019). Non-English films had a higher mean rating (M = 3.51) than English-language films (M = 3.21). As Levene’s test was significant (p < .001), equal variances were not assumed. The difference remained statistically significant, t(3216.55) = −24.87, p < .001. 
The findings indicate a statistically significance difference in audience ratings between the two language groups. However, statistical significance does not establish that language causes higher ratings, as other variables such as genre and audience composition may contribute. Therefore, language should be considered alongside other factors when evaluating movie performance.
Figure 8: Independent Samples t-test comparing English and non-English films generated using IBM SPSS Statistics.
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[bookmark: _Toc237398799]5.3 Multiple Linear Regression Analysis
Multiple linear regression examined whether Runtime, Likes and Fans predicted Average Rating. This method was appropriate because it assesses the combined and individual contribution of multiple predictors to one continuous outcome (Hair et al., 2019). The overall model was statistically significant, F = 403.340, p < .001, with R = .329 and R² = .108, indicating that the predictors explained approximately 10.8% of the variation in Average Rating.
Runtime, Likes and Fans were significant predictors (p < .001), with Likes showing the strongest positive effect. However, the low R² suggests that other factors such as genre, storyline, production quality or audience characteristics may be important. Therefore, the model can support content and marketing decisions but should not be used as the sole basis for decision-making.
Figure 9: Multiple Linear Regression output generated using SPSS.
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[bookmark: _Toc237398800]6.0 Insights and Recommendations 
The analysis showed that audience engagement variables, particularly Likes and Fans, were positively associated with Average Rating, while the regression analysis identified Likes as the strongest predictor of movie ratings. The independent samples t-test also revealed a statistically significant difference between English and non-English films, suggesting that language may influence audience ratings. However, the regression model explained only 10.8% of the variation in ratings (R² = .108), indicating additional factors such as genre, storyline, cast, and production quality also contribute to audience evaluations. 
From a business intelligence perspective, these findings can support data-driven decision-making in the film industry. Streaming platforms and production companies should use audience engagement metrics alongside rating data to improve personalised  recommendation systems, audience segmentation, content acquisition decisions, and marketing campaigns. They should evaluate language preferences when planning subtitle availability, localisation, and international content distribution. Furthermore, analysing engagement patterns can assist organisations in identifying content that is more likely to attract positive audience responses (Sharda, Delen, and Turban, 2023).
This study has several limitations. The analysis was based on a single dataset and included only selected variables, meaning other important influences on movie ratings were not examined. In addition, correlation and regression identify statistical relationships but do not establish causation. Future research could include additional variables, larger datasets, or advanced machine learning. From a business intelligence perspective, these findings demonstrate how organisations can use analytics to support evidence-based decisions regarding content investment, audience targeting, and platform optimisation. The findings may therefore not be generalisable to all film platforms or future datasets. Streaming platforms and production companies should use techniques to improve prediction accuracy and provide deeper business insights (Hair et al., 2022).
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[bookmark: _Toc237398803]Figure A1: Data Cleaning Evidence using Microsoft Filters
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[bookmark: _Toc237398804]Figure A2: Selected numerical values prepared in Microsoft Excel for Statistical analysis
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[bookmark: _Toc237398805]Figure A3: Frequency table and Pivot Chart of Original Language generated using Microsoft Excel.
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1 Film_title Ad Director hd Watches A List_appearances R Likes A Total_ratings
2 0 The Fan Eckhart Schmi Runtime 12841 11032 3763 79 1660 714 9042
3 1 Mad Max: Fury Road George Miller 4.18 ['Adventure', " 121 2488721 331681 927538 38000 12530 158356 511140 1682389
4 2 Suspiria Dario Argento 3.93 ['Horror'] 99 Sort | 618171 220094 219548 13000 2814 53427 88628 443757
5 3 Lostin Translation Sofia Coppola 3.79 ['Drama', 'Com 102 1596190 254180 493248 38000 15167 155110 193717 1076949
6 4 Akira Katsuhiro Otor 4.28 [Animation’, ‘A 124 |44 Ascending %4 Descending 873068 175586 341567 21000 1822 40850 196532 600721
7 5 Things to Come Mia Hansen-L/ 3.77 ['Drama'] 102, 34777 14370 8585 192 90 4274 1677 24383
8 6 BigTrouble in Little China  John Carpente 3.72 ['Comedy', 'Adv 100  Bycolor: None s | 283873 65558 85788 3800 1250 30582 24938 183927
9 7 Star Wars George Lucas 4.17 ['Adventure’, ‘A 121 3014320 391415 1057816 30000 6041 161969 550396 1780203
10 8 The Third Man Carol Reed 4.25 ['Mystery', 'Thril 105‘ Filter ‘ 228162 101285 70932 3400 351 11549 39520 152601
11 9 The BigSick Michael Show; 3.76 ['Drama’, 'Com 120 382201 58859 93489 504 1410 36987 18997 238309
12 10 Jodorowsky's Dune Frank Pavich 3.96 ['Documentary’ 9 By color: None < | 85388 16745 25616 188 209 6825 6696 56507
13 11 Get Out Jordan Peele 4.15 ['Horror', 'Myste 104, 4376009 454087 1867622 33000 10251 272655 943393 3121586
14 12 Lawrence of Arabia David Lean 4.38 ['Adventure’, "W 228‘ Choose One toS v ‘ 369742 151348 116793 10000 1080 16158 86313 242207
15 13 Free Fire Ben Wheatley 3.16 ['Action’, 'Crim¢ 90! 109849 29433 21524 83 1528 22924 1853 81191
16 14 Sing Street John Carney 4.04 ['Romance’, 'DI 105‘ ‘ 390910 90763 145995 10000 846 27808 55425 273809
17 15 Up Pete Docter 4.1 ['Animation’, 'A 96 3922213 263407 1136383 9100 6354 230485 591788 2091274
18 16 Blade Runner Ridley Scott 4.1 ['Thriller', 'Dram 118‘ '1658845 301778 573522 51000 6694 111183 309621 1095317
19 17 Annie Hall Woody Allen 4.04 ['Drama’, 'Rom 93! 454236 121871 119958 6400 2829 30173 60635 273663
20 18 The Truman Show Peter Weir 4.22 ['Comedy', 'Dra 103‘ mZBlS 361732 1777004 71000 5764 231650 930042 2926289
21 19 Wonder Woman Patty Jenkins 3.24 ['Action’, 'Fante 141 1721440 147437 320485 1600 25306 239158 70337 946010
22 20 Plan 9 from Outer Space Edward D. Wo 2.24 ['Science Fictio 79\ \ 61992 20589 11196 121 6724 4949 2272 35588
23 21 Whiplash Damien Chaze 4.42 ['Drama’, 'Musii 107, 3925603 481379 1848733 154000 7390 146378 1272739 2963756
24 22 Weird Science John Hughes 3.08 ['Comedy', 'Scii 53‘ ‘ 141350 26516 26420 438 1942 21771 4897 76048
25 23 Raw Julia Ducourne 3.69 ['Drama’, 'Horrc 99 519561 150570 150137 6600 5724 59758 41195 375195
26 24 Army of Darkness Sam Raimi 3.71 ['Comedy', 'Hor 81‘ ‘ 363502 108548 123314 3500 1877 39826 34201 251175
27 25 Obvious Child Gillian Robesp 3.52 ['Comedy', 'Ror 85 86399 25356 19499 245 477 11350 3137 51165
28 26 Django Unchained Quentin Taran 4.3 ['Drama’, 'West 165‘ bZ{DSlDS 373182 1284212 53000 5412 146781 715708 2237306
29 27 The Lost Boys Joel Schumacl 3.66 ['Comedy', 'Thri 97 394218 116234 127921 9900 1352 44940 43582 254656
30 28 Star Trek Il The Wrath of Khan Nicholas Meye 3.93 ['Action’, 'Thrille 112‘ ‘ 139409 38943 38125 1300 256 10089 13833 81593
31 29 Stand by Me Rob Reiner 4.16 ['Drama', 'Crim 89 1165736 206422 425618 37000 1222 61649 217750 783704
32 30 Drive Nicolas Windir 3.92 ['Thriller', 'Dram 100 . /2091002 252448 711650 30000 9648 186913 267739 1444060
33 31 The Lion King Roger Allers, R 4.22 ['Animation’, 'F. 89 English Young lion prince Simt ['Walt Disney Pic 3005454 232354 769362 22000 5252 143058 515263 1478357
34 32 It Follows David Robert P 3.45 ['Horror', 'Myste 101 English When carefree teenag ['Two Flints', 'Noi 974585 169618 243095 3600 14353 124825 54459 667040
35 33 The Goonies Richard Donne 3.8 ['Adventure’, 'F. 114 English Ayoung teenager nam ['Amblin Entertai 854912 115427 223097 12000 3134 72477 86764 463218
36 34 Ant-Man Peyton Reed 3.22 ['Adventure', 'Si 117 English Armed with the astoni ['Marvel Studios” 2261367 232211 418920 623 19938 369825 70190 1227742
37 35 Sicario Denis Villeneu' 3.98 ['Action’, 'Thrille 122 English An idealistic FBI agent ['Thunder Road', 961576 152641 280039 6300 2678 71199 92627 692373
38 36 Fantastic Planet RenA® Laloux 4.02 ['Animation’, 'Si 72 French On the planet Ygam, t ['Argos films', 'Le 285509 86451 104559 5300 840 20510 37450 200590
39 37 Ghostbusters Ivan Reitman 3.75 ['Comedy', 'Far 107 English After losing their acad: ['Columbia Pictu 1416463 153843 317746 7500 4300 126012 106506 699777
40 38 Candy Christian Marq 2.37 ['Fantasy', 'Con 124 English Ahigh school girl enco ['Corona Cinemz 8157 5330 1441 a4 801 853 262 5438
41 39 Scarface Howard Hawk: 3.83 ['Crime’, 'Dram 93 English In 1920s Chicago, Itali ['The Caddo Cor 64361 31911 15328 100 145 6276 4161 41106
42 40 Donnie Darko Richard Kelly 3.98 ['Fantasy', 'Mys 114 English After narrowly escapir ['Flower Films', " 2293445 323466 855547 79000 11344 180533 382060 1563516
43 41 ElTopo Alejandro Joda 3.77 ['Western', 'Dra 125 Spanish ElTopo decides to cor ['Producciones F 84079 36139 22314 741 817 7305 7527 53421
a4 42 Okja BongJoon Ho 3.71 ['Drama’, 'Scier 122 English Ayoung girlnamed Mij ['Kate Street Pict 641018 90065 155646 1600 3618 71506 41653 415715
45 43 My Neighbor Totoro Hayao Mivazal 4.19 ['Fantasy', 'Anir 86 Japanese Two sisters move to th ['Studio Ghibli", 'l 2122570 295250 806865 23000 2909 115321 451790 1349008
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1 |Average Rating Runtime Watches Fans

2 92 12841 79
3 4.18 121 2488721 38000
4 3.93 99 618171 13000
5 3.79 102 1596190 38000
6 4.28 124 873068 21000
7 3.77 102 34777 192
8 3.72 100 283873 3800
9 121 3014320 30000
10 105 228162 3400
11 120 382201 504
12 90 85388 188
13 104 4376009 33000
14 228 369742 10000
15 90 109849 83
16 105 390910 10000
17 96 3922213 9100
18 118 1658845 51000
19 93 454236 6400
20 103 4382819 71000
21 141 1721440 1600
22 79 61992 121
23 107 3925603 154000
24 93 141350 438
25 99 519561 6600
26 81 363502 3500
27 85 86399 245
28 165 3305105 53000
29 97 394218 9900
30 112 139409 1300
31 89 1165736 37000
32 100 2091002 30000
33 89 3005454 22000
34 101 974585 3600
35 114 854912 12000
36 3.22 117 2261367 623
37 3.98 122 961576 6300
38 4.02 72 285509 5300
39 3.75 107 1416463 7500
40 2.37 124 8157 44
41 3.83 93 64361 100
42 308 114 2793445 79000
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E2 : fx | ['Adventure’, 'Science Fiction', 'Action'] v
A B Cc D E F G H I J K 15 M N (o] P Q R
jl Columni Rg Film_title hd Director R4 Average_rating R Genres Runtime R4 Original_language Rd Description A Watches hd List_appearances Rd Likes A Highesta
2 1 Mad Max: Fury Road George Miller 4.18| ['Adventure', 121 English An apocalyptic story s ['Warner Bros. Pi 2488721 331681 927538 38000 12530 158356 511140 1682389
3 2 Suspiria Dario Argento 3.93 ['Horror'] 99 English An American newcom ['Seda Spettacol 618171 220094 219548 13000 2814 53427 88628 443757
4 3 Lost in Translation Sofia Coppola 3.79 ['Drama', 'Com 102 English Two lost souls visiting 1 ['American Zoett 1596190 254180 493248 38000 15167 155110 193717 1076949
5 4 Akira Katsuhiro Otor 4.28 ['Animation’, ‘A 124 Japanese Asecret military proje: ['MBS', 'Sumiton 873068 175586 341567 21000 1822 40850 196532 600721
6 5 Things to Come Mia Hansen-Li 3.77 ['Drama'] 102 French Nathalie teaches philc ['ARTE France Ci 34777 14370 8585 192 90 4274 1677 24383
7 6 BigTrouble in Little China John Carpente 3.72 ['Comedy', 'Adv 100 English Truck driver Jack Burtc ['TAFT Entertainn 283873 65558 85788 3800 1250 30582 24938 183927
8 7 Star Wars George Lucas 4.17 ['Adventure', 'A 121 English Princess Leia is captul ['Lucasfilm Ltd." 3014320 391415 1057816 30000 6041 161969 550396 1780203
9 8 The Third Man CarolReed 4.25 ['Mystery', 'Thril 105 English In postwar Vienna, Au: ['London Films P 228162 101285 70932 3400 351 11549 39520 152601
10 9 The BigSick Michael Show: 3.76 ['Drama', 'Com 120 English Pakistan-born comedi ['FilmNation Ente 382201 58859 93489 504 1410 36987 18997 238309
11} 10 Jodorowsky's Dune Frank Pavich 3.96 ['Documentary’ 90 English Shot in France, Englar ['Snowfort Pictur 85388 16745 25616 188 209 6825 6696 56507
12} 11 Get Out Jordan Peele 4.15 ['Horror', 'Myste 104 English Chris and his girlfriend ['Monkeypaw Prc 4376009 454087 1867622 33000 10251 272655 943393 3121586
13 12 Lawrence of Arabia David Lean 4.38 ['Adventure’, "\ 228 English The story of British offi ['Horizon Picture 369742 151348 116793 10000 1080 16158 86313 242207
14 13 Free Fire Ben Wheatley 3.16 ['Action’, 'Crime¢ 90 English Set in Boston in 1978, ['Rook Films', 'Pr 109849 29433 21524 83 1528 22924 1853 81191
15 14 Sing Street John Carney 4.04 ['Romance’, 'Di 105 English Aboy growing up in Du ['Likely Story', 'Fi 390910 90763 145995 10000 846 27808 55425 273809
16 15 Up Pete Docter 4.1 [‘Animation’, 'A 96 English Carl Fredricksen spent ['Pixar'] 3922213 263407 1136383 9100 6354 230485 591788 2091274
17 16 Blade Runner Ridley Scott 4.1 ['Thriller', 'Dramn 118 English In the smog-choked dy ['Shaw Brothers' 1658845 301778 573522 51000 6694 111183 309621 1095317
18 17 Annie Hall Woody Allen 4.04 ['Drama’, 'Rom 93 English New York comedian A ['United Artists', ' 454236 121871 119958 6400 2829 30173 60635 273663
19 18 The Truman Show Peter Weir 4.22 ['Comedy', 'Dra 103 English Every second of every ['Paramount Pict 4382819 361732 1777004 71000 5764 231650 930042 2926289
20 19 Wonder Woman Patty Jenkins 3.24 ['Action’, 'Fante 141 English An Amazon princess c ['Atlas Entertainr 1721440 147437 320485 1600 25306 239158 70337 946010
21 20 Plan 9 from Outer Space Edward D. Wo 2.24 ['Science Fictio 79 English In California, an old m ['Reynolds Pictur 61992 20589 11196 121 6724 4949 2272 35588
22 21 Whiplash Damien Chaze 4.42 ['Drama', 'Musii 107 English Under the direction of ['Bold Films', 'Blt 3925603 481379 1848733 154000 7390 146378 1272739 2963756
23 22 Weird Science John Hughes 3.08 ['Comedy', 'Scit 93 English Two unpopular teenag ['Universal Pictur 141350 26516 26420 438 1942 21771 4897 76048
24 23 Raw Julia Ducourne 3.69 ['Drama’, 'Horrc 99 French In Justinea€™s family € ['Wild Bunch', 'R 519561 150570 150137 6600 5724 59758 41195 375195
25 24 Army of Darkness Sam Raimi 3.71 ['Comedy', 'Hor 81 English Ash, a handsome, sha ['Renaissance Pi 363502 108548 123314 3500 1877 39826 34201 251175
26 25 Obvious Child Gillian Robesp 3.52 ['Comedy', 'Ror 85 English An immature, newly u ['Sundial Picture: 86399 25356 19499 245 477 11350 3137 51165
27 26 Django Unchained Quentin Taran 4.3 ['Drama’, 'West 165 English With the help of a Geri ['The Weinstein ( 3305105 373182 1284212 53000 5412 146781 715708 2237306
28 27 The Lost Boys JoelSchumac| 3.66 ['Comedy', 'Thri 97 English When an unsuspectin; ['Warner Bros. Pi 394218 116234 127921 9900 1352 44940 43582 254656
29 28 Star Trek Il: The Wrath of Khan Nicholas Meye 3.93 ['Action’, 'Thrille 112 English The starship Enterpris¢ ['Paramount Pict 139409 38943 38125 1300 256 10089 13833 81593
30 29 Stand by Me Rob Reiner 4.16 ['Drama', 'Crim 89 English After learning that a b ['Columbia Pictu 1165736 206422 425618 37000 1222 61649 217750 783704
31 30 Drive Nicolas Windir 3.92 ['Thriller', 'Dram 100 English Driver is a skilled Holly' ['FilmDistrict’, 'B 2091002 252448 711650 30000 9648 186913 267739 1444060
32 31 The Lion King Roger Allers, R 4.22 ['Animation’, 'Fi 89 English Young lion prince Simt ['Walt Disney Pic 3005454 232354 769362 22000 5252 143058 515263 1478357
33 32 It Follows David Robert 3.45 ['Horror', 'Myste 101 English When carefree teenag ['Two Flints', 'Noi 974585 169618 243095 3600 14353 124825 54459 667040
34 33 The Goonies Richard Donne 3.8 ['Adventure’, 'F: 114 English Ayoung teenager nam ['Amblin Entertai 854912 115427 223097 12000 3134 72477 86764 463218
35 34 Ant-Man Peyton Reed 3.22 ['Adventure’, 'Si 117 English Armed with the astoni ['Marvel Studios'", 2261367 232211 418920 623 19938 369825 70190 1227742
36 35 Sicario Denis Villeneu 3.98 ['Action’, 'Thrille 122 English An idealistic FBI agent ['Thunder Road', 961576 152641 280039 6300 2678 71199 92627 692373
37 36 Fantastic Planet RenA® Laloux 4.02 ['Animation’, 'St 72 French On the planet Ygam, t ['Argos films', 'Le 285509 86451 104559 5300 840 20510 37450 200590
38 37 Ghostbusters Ivan Reitman 3.75 ['Comedy', 'Far 107 English After losing their acad: ['Columbia Pictu 1416463 153843 317746 7500 4300 126012 106506 699777
39 38 Candy Christian Marq 2.37 ['Fantasy', 'Con 124 English Ahigh school girl enco ['Corona Cinemz 8157 5330 1441 a4 801 853 262 5438
40 39 Scarface Howard Hawk: 3.83 ['Crime’, 'Dram 93 English In 1920s Chicago, Itali ['The Caddo Con 64361 31911 15328 100 145 6276 4161 41106
41 40 Donnie Darko Richard Kelly 3.98 ['Fantasy', 'Mys 114 English After narrowly escapir ['Flower Films', ' 2293445 323466 855547 79000 11344 180533 382060 1563516
42 41 ElTopo Alejandro Joda 3.77 ['Western', 'Dra 125 Spanish ElTopo decides to cor ['Producciones F 84079 36139 22314 741 817 7305 7527 53421
43 42 Okja BongJoon Ho 3.71 ['Drama’, 'Scier 122 English Ayoung girlnamed Mij ['Kate Street Pict 641018 90065 155646 1600 3618 71506 41653 415715
a4 43 My Neighbor Totoro Hayao Miyazal 4.19 ['Fantasy', 'Anir 86 Japanese Two sisters move to th ['Studio Ghibli', 'l 2122570 295250 806865 23000 2909 115321 451790 1349008
45 44 #Horror Tara Subkoff 1.72 ['Thriller', "Horrc 90 English Inspired by actual evei ['AST Studios', 'Lt 10098 3458 658 10 1458 450 113 6614
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A 5 s 5
E2 vl fx | ['Adventure, 'Science Fiction', 'Action'] v
A B C D E F G H | J K 5 M N (o] P Q R
jl Columni Rg Film_title hd Director R4 Average_rating R Genres Runtime R4 Original_language Rd Description hd Watches hd List_appearances Rd Likes A Highesta
2 1 Mad Max: Fury Road George Miller 4.18| ['Adventure’, 121 English nguage \ 331681 927538 38000 12530 158356 511140 1682389
3 2 Suspiria Dario Argento 3.93 ['Horror'] 99 English 220094 219548 13000 2814 53427 88628 443757
4 3 Lostin Translation Sofia Coppola 3.79 ['Drama', 'Com 102 English ‘ Sort ‘ 254180 493248 38000 15167 155110 193717 1076949
5 4 Akira Katsuhiro Otor 4.28 ['Animation’, ‘A 124 Japanese 175586 341567 21000 1822 40850 196532 600721
6 5 Things to Come Mia Hansen-Li 3.77 ['Drama] 102 French | ‘Z‘& Ascending ‘Z\& Descending | 14370 8585 192 90 4274 1677 24383
7 6 BigTrouble in Little China John Carpente 3.72 ['Comedy', 'Adv 100 English 65558 85788 3800 1250 30582 24938 183927
8 7 StarWars George Lucas 4.17 ['Adventure’, 'A 121 English | Bycolor:  None s | 391415 1057816 30000 6041 161969 550396 1780203
9 8 The Third Man Carol Reed 4.25 ['Mystery', 'Thril 105 English 101285 70932 3400 351 11549 39520 152601
10 9 The BigSick Michael Show: 3.76 ['Drama’, 'Com 120 English ‘ Filter ‘ 58859 93489 504 1410 36987 18997 238309
11} 10 Jodorowsky's Dune Frank Pavich 3.96 ['Documentary’ 90 English 16745 25616 188 209 6825 6696 56507
12 11 GetOut Jordan Peele 4.15 ['Horror', 'Myste 104 English | Bycolor: None < | as4087 1867622 33000 10251 272655 943393 3121586
13 12 Lawrence of Arabia David Lean 4.38 ['Adventure’, "\ 228 English 151348 116793 10000 1080 16158 86313 242207
14 13 Free Fire Ben Wheatley 3.16 ['Action’, 'Crime¢ 90 English ‘ Choose One s v ‘ 29433 21524 83 1528 22924 1853 81191
15 14 Sing Street John Carney 4.04 ['Romance’, 'Di 105 English 90763 145995 10000 846 27808 55425 273809
16 15 Up Pete Docter 4.1 [‘Animation’, 'A 96 English ‘ ‘ 263407 1136383 9100 6354 230485 591788 2091274
17 16 Blade Runner Ridley Scott 4.1 ['Thriller', 'Dramn 118 English 301778 573522 51000 6694 111183 309621 1095317
18 17 Annie Hall Woody Allen 4.04 ['Drama’, 'Rom 93 English ‘ ‘ 121871 119958 6400 2829 30173 60635 273663
19 18 The Truman Show Peter Weir 4.22 ['Comedy', 'Dra 103 English TagaloQ 361732 1777004 71000 5764 231650 930042 2926289
20 19 Wonder Woman Patty Jenkins 3.24 ['Action’, 'Fante 141 English | Tamil | 147437 320485 1600 25306 239158 70337 946010
21 20 Plan 9 from Outer Space Edward D. Wo 2.24 ['Science Fictio 79 English Telugu 20589 11196 121 6724 4949 2272 35588
22 21 Whiplash Damien Chaze 4.42 ['Drama', 'Musii 107 English ‘ . ‘ 481379 1848733 154000 7390 146378 1272739 2963756
23 22 Weird Science John Hughes 3.08 ['Comedy’, 'Scit 93 English Thai 26516 26420 438 1942 21771 4897 76048
24 23 Raw Julia Ducournz 3.69 ['Drama', 'Horrc 99 French ‘ Turkish ‘ 150570 150137 6600 5724 59758 41195 375195
25 24 Army of Darkness Sam Raimi 3.71 ['Comedy', 'Hor 81 English .. 108548 123314 3500 1877 39826 34201 251175
2 25 Obvious Child Gilian Robesp 3.52 ['Comedy’, 'Rot 85 English | Ukrainian | 25356 19499 245 477 11350 3137 51165
27 26 Django Unchained Quentin Taran 4.3 ['Drama’, 'West 165 English Unknown . 373182 1284212 53000 5412 146781 715708 2237306
28 27 The Lost Boys Joel Schumacl 3.66 ['Comedy', ‘Thri 97 English | | 116234 127921 9900 1352 44940 43582 254656
29 28 Star Trek Il: The Wrath of Khan Nicholas Meye 3.93 ['Action’, 'Thrille 112 English Auto Apply 38943 38125 1300 256 10089 13833 81593
30 29 Stand by Me Rob Reiner 4.16 ['Drama', 'Crim 89 English ‘ ‘ 206422 425618 37000 1222 61649 217750 783704
31 30 Drive Nicolas Windir 3.92 ['Thriller', 'Dram 100 English 252448 711650 30000 9648 186913 267739 1444060
32 31 The Lion King Roger Allers, R 4.22 ['Animation’, 'Fi 89 English L v 232354 769362 22000 5252 143058 515263 1478357
33 32 It Follows David Robert 3.45 ['Horror', 'Myste 101 English When carefree teenag ['Two Flints', 'Noi 974585 169618 243095 3600 14353 124825 54459 667040
34 33 The Goonies Richard Donne 3.8 ['Adventure’, 'F: 114 English Ayoung teenager nam ['Amblin Entertai 854912 115427 223097 12000 3134 72477 86764 463218
35 34 Ant-Man Peyton Reed 3.22 ['Adventure’, 'Si 117 English Armed with the astoni ['Marvel Studios'’ 2261367 232211 418920 623 19938 369825 70190 1227742
36 35 Sicario Denis Villeneu 3.98 ['Action’, 'Thrille 122 English An idealistic FBI agent ['Thunder Road', 961576 152641 280039 6300 2678 71199 92627 692373
37 36 Fantastic Planet RenA®© Laloux 4.02 ['Animation’, 'Si 72 French On the planet Ygam, t ['Argos films', 'Le 285509 86451 104559 5300 840 20510 37450 200590
38 37 Ghostbusters Ivan Reitman 3.75 ['Comedy', 'Far 107 English After losing their acad: ['Columbia Pictu 1416463 153843 317746 7500 4300 126012 106506 699777
39 38 Candy Christian Marq 2.37 ['Fantasy', 'Con 124 English Ahigh school girl enco ['Corona Cinemz 8157 5330 1441 a4 801 853 262 5438
40 39 Scarface Howard Hawk: 3.83 ['Crime’, 'Dram 93 English In 1920s Chicago, Itali ['The Caddo Con 64361 31911 15328 100 145 6276 4161 41106
41 40 Donnie Darko Richard Kelly 3.98 ['Fantasy', 'Mys 114 English After narrowly escapir ['Flower Films', ' 2293445 323466 855547 79000 11344 180533 382060 1563516
42 41 ElTopo Alejandro Joda 3.77 ['Western', 'Dra 125 Spanish ElTopo decides to cor ['Producciones F 84079 36139 22314 741 817 7305 7527 53421
43 42 Okja BongJoon Ho 3.71 ['Drama’, 'Scier 122 English Ayoung girlnamed Mij ['Kate Street Pict 641018 90065 155646 1600 3618 71506 41653 415715
a4 43 My Neighbor Totoro Hayao Miyazal 4.19 ['Fantasy', 'Anir 86 Japanese Two sisters move to th ['Studio Ghibli', 'l 2122570 295250 806865 23000 2909 115321 451790 1349008
45 44 #Horror Tara Subkoff 1.72 ['Thriller', "Horrc 90 English Inspired by actual evel ['AST Studios', 'Lt 10098 3458 658 10 1458 450 113 6614
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