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Abstract

This research outlines a movie recommendation system that recommends movies based on
the user's input. It analyses the movie descriptions to recommend thematically related films
based on content-based filtering. The system pre-processes movie data from a CSV file. It
selects relevant features like genres and cast descriptions from it. These features are
combined and transformed using TF-IDF (Term Frequency-Inverse Document Frequency) to
capture the importance of words within descriptions. Cosine similarity then calculates the
thematic similarity. This is between the user's chosen movie (potentially corrected for typos)
and other movies. Finally, the system recommends the top N (default 30) most similar movies
to the user. This recommendation system provides movie descriptions, recommends movies
that share similar themes based on the user inputs.

Keywords. Content-based filtering, Thematically related films, TF-IDF (Term Frequency-Inverse Document
Frequency), Cosine similarity.

1. INTRODUCTION

In today's ever-expanding cinematic landscape, navigating the vast array of movies can be a daunting
task. Choosing the perfect film can feel like searching for a hidden gem. This is where movie
recommendation systems come in, offering personalized suggestions to guide viewers towards their
next cinematic adventure.

This research delves into a content-based movie recommendation system that transcends mere genre
suggestions. The proposed work is beyond the surface level and delve into the rich tapestry of movie
descriptions. By analysing the thematic weight of words within these descriptions, the system fosters
a more content-driven approach to recommend movies of user interest.

This approach provides several advantages. It allows users to discover movies that share similar
themes and artistic expressions with their initial selection, even if they fall outside the typical genre
boundaries. Furthermore, it empowers viewers to explore hidden gems and embark on unexpected
cinematic journeys that resonate with their specific preferences.
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The power of TF-IDF and cosine similarity application are used in this research to find the
thematically related movies. This system aims to empower viewers to embark on a personalized
cinematic odyssey, filled with films that resonate with their unique tastes.

2. METHODOLOGY

The methodology section outlines the dataset, pre-processing steps, model implementation, training,
evaluation, and the ensemble method used to improve classification performance. The methodology
for this system takes many steps as discussed below.

7.1 Data pre processing

The data pre-processing step involves cleaning the dataset, handling missing values, and scaling
features as shown in the Figure 2.1.

ordlese femene nntme goken lamats  tgine R vote sl cnca
B 162 [7s0. 639 Released Encer thebvatar 12
Rekaed ArthesndPratedli 63
530 ekeased & Mar Mo Spectre
30 Rekamd Thelegm Telakd 75
) 39 Rekeased  Lostin our fotn Car

Pl budget g Pemepageid lm'ﬁk arigial lyorigieal fiovenview oy
0 L37E:08 Acton A ipcffvw 19695 et iz inihe 2 15043
1 3605 Advents Frates ot Caprain B2 13308
2 243808 Artan A Spectre Acy)
3 L3ED08 hofion (i The Derk#Follwing
4 L6E:08 Acfon A ity Sbtaedmoen  nlatelhnlate 83

5 L0608 Pt dcitocffoor S dulidentien SpiderMaThe seemi 115 ]
L6008 Anman b 3857 fostagemen  Tangled Whenthe 12 100 [0 539 Released They're i Tangied 4
L3EDB Aetion A itycffmal 33861 marvelcoren [i Rekaed Alewdghenes 13
L300 Menturztihan 767 nrmmaﬂ 39 Fekaed Dk SerreHarnyPot 74
57

1308 Action A itpcjfowr 208112 1 i
L7TE:08 Aventure hitgc/fowe Supemen Sqpeman 5790561 {
11 2608 Mbentwelityclivw 164 bilngndien  Cuantam ¢ Cuantem ¢ 107.3268 [ rame"
1 0 Mentehipdtn  Swichforen Arates of tCapran Jar 145,84
13 15608 Arfon At ST e b ‘h?LM FThe Texas 49,0467

Rk e o Baiman !
Smer'an

14 L15E:08 Arton Ad ’r" 571 singthe en [ Hen'.ltml rame' ' Zach Sy
34 bedonnen i3 1530 Bende e damezn

428 ewprksen D | Pk Joss Whedon

1365 53 3 en e 539 Released Lll‘ﬁl'EllPIn LI. 84 58 loinny "o Marseal
Rekxed TreyarzbMenmdl 62 4160 Wil Smid Bamy Sorerfeld

u_‘dnmf‘wm
1 L5608 Action Adwbitpcfoew 12817 o
) 21508 Arcin A
1 J6DE Acion A
70 15E:08 Adentu

3 LBEDE Adentireh
M 207E:08 Adienture Drama At
540 Drama R betgefow
3 E5E:08 Adventy
7 2056408 Thrilr Acfion Advest
18 L5E:08 Action Aitpc/fow 1
¥ o 5281 e ' ner | departme ot %
B 1608 Acon Al 3774 spysearet en Shial
3 IeDb Ao Abitpclfew 358 didlidentien Syiter-Ma Peter Park 3514555 Tvame™ _isamﬁ#‘ﬁi TE-‘-E%

4750 Peter lackson

639 Rekased Treuntoh Thedmai 65
fekamd foeandnfolinke 62
) Rckaed BemddaTheHotf 75

‘066 rolin hooden
57158 ehes dwaren

The GolderAfter e 42
ting g in 15
Thane  BgEanl _L!lD

Teter btk
James Camerte.
Anthony Ress

" StevenSpiehery, 3

Fig 2.1: Data Pre Processing

Reading the Script: The system starts by reading movie data from a CSV file. This file is assumed to contain
various attributes of each movie, such as title, genre(s), keywords, tagline, cast, and director.

Feature Focus: Not all movie information is equally relevant for recommendations. The system selects specific
features that provide rich insights into a movie's content. These features typically include genres (e.g., comedy,
thriller), keywords (e.g., dark humor, time travel), tagline (a concise summary of the movie's plot or theme), cast
(actors and actresses involved), and director (their filmmaking style and thematic preferences). To understand a
movie's essence, the system goes beyond just genres. It delves into richer details. Genres, like comedy or
thriller, provide a broad category. But keywords offer a deeper look, with tags like "dark humor" or "time
travel" revealing specific themes. The tagline, a concise summary, captures the movie's core message. Even the
cast and director provide clues. Actors like Jackie Chan are known for action comedies, while different directors
often have signature styles and thematic preferences. By combining all these elements — genres, keywords,
tagline, cast, and director — the system creates a comprehensive description for each movie, allowing for more
nuanced recommendations.

Missing Pieces, handled with Care: Real-world data often contains missing values. The system addresses
missing data points in the chosen features. A common approach is to fill them with empty strings. While this
doesn't introduce additional information, it avoids skewing the analysis during later stages.
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Weaving the Narrative Tapestry: Once the data is cleaned, the system combines the selected features for each
movie. This creates a comprehensive description for every movie, encompassing its genre, thematic keywords,
tagline, and information about the cast and director. By combining these elements, the system creates a richer
representation of each movie's content.

2.2 Algorithms Used
TF-IDF (Term Frequency-Inverse Document Frequency)

The Vectorizer's Magic: Now, we enter the world of Natural Language Processing (NLP). Here, a TF-IDF
(Term Frequency-Inverse Document Frequency) vectorizer is created. This tool analyzes the combined movie
descriptions and transforms them into numerical feature vectors. Imagine a vector as a special code that captures
the importance of different words within the description.

Term Frequency: Shining a Light on Frequent Flyers: TF-IDF considers how often each word appears within a
particular movie description. Words that show up more frequently are likely more important for understanding
the movie's content. The TF-IDF vectorizer assigns a weight to each word based on its frequency, reflecting its
significance within that specific movie.

Inverse Document Frequency: Not All Stars Shine Equally Bright: TF-IDF goes beyond just counting word
occurrences. It also considers the inverse document frequency (IDF) of each word. Words that appear very
frequently across all movie descriptions (e.g., "the," "a") are less important for distinguishing a particular
movie's theme. IDF downplays the weight of such common words, ensuring that words unique and informative
for a specific movie have a greater influence in the recommendation process.

The Power of the Vector: Through TF-IDF, each movie description is transformed into a numerical vector.
This vector captures the importance of various words within the description, providing a more sophisticated
representation of the movie's content compared to simply using raw text.

2.3 Model Training and Evaluation

The models were trained on the TF-IDF vectors of the training set and evaluated using the testing
set. The following metrics were used for evaluation:

- Accuracy: [6]

TP +TN
Accuracy =~
Total Count
- Precision: [6]
Accuracy =~
Predicted Yes
- Recall: [6]
Recall = P
Actual Yes
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8. RESULTS
Enter wour favourite mowvie name : spider man
Movies suggested for you
1 . Spider-Man
2 . ESpider-Man 3
3 . Spider-Man 2
4 . The MNotebook
5 . Seabiscuit
& . Clerks II
¥ - The Ice S5torm
8 . 0Oz: The Great and. Powerful
S . Horrible Bosses
1a The Count of Monmte Cristo
11 . In Good Company
12 ., Finding Nemo
12 . Clesr and Present Danger

14 . Brothers
15 . The Good German
16 . Drag Me to Hell

17 . Bambi

18 . The Queen

19 ., Charly

23 Ezscape from L.A.

21 Dayvbreakers

z22 The Life Aquatic with Steve Zissou
232 Labor Day

24 Kimbledon

25 Cold Mountain

26 Hearts in Atlantis

27 Dut of the Furnace

28 Bullets Owver Broadway

29 The Purge: Election Year

Figure 3.12. Sample Output of Movie Recommendation’s

This research work of movie recommendation system, personalizes suggestions based on movie
content. The sample result based on the user input is as shown in the Figure 3.1. By utilizing TF-IDF
technique and by leveraging cosine similarity it analyses the importance of words within movie
descriptions. By considering features like genres, keywords, tagline, cast, and director, the system
creates a richer representation of each movie's theme. Comparing these representations, movies with
similar thematic content are recommend to a user. It offers a personalized content-based approach that
helps users discover movies that share themes and styles.

9. CONCLUSION

In conclusion, this content-based movie recommendation system offers a personalized approach to
exploring the vast cinematic landscape. By leveraging TF-IDF and focusing on movie content, the
system empowers users to discover hidden gems that resonate with their thematic preferences, taking
them on unexpected cinematic journeys.
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