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ABSTRACT

This thesis proposes new method to improve efficiency of Recommendation System by
combining two techniques, Collaborative Filtering (CF) and-Content-Based Filtering (CBF). Our
approach uses a content-based predictor to enhance existing user-data, and then provides personalized
suggestions through collaborative filtering. In the experiment we use movie data to construct
recommendation via online movie recommendation system: Our.  method can  overcome the
disadvantage of CF alone or CB-alone, We can solve Sparsity Problem, Transparency Problem and

First-rater Problem. This can make a better Recommendation System in the future.
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2: Titanic (1997)
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Release date : 1997

Popular 01
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Director  : James Cameron

Cast : Leonardo DiCaprio
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1190 4.1 udasgudayalunise ACTOR

AID

ANAME

I

10

Leonardo DiCaprio
Kate Winslet

Billy Zane

Kathy Bates
Frances Fisher
Mark Hamill
Harrison Ford
Carrie Fisher

Peter Cushing

Alec Guinness

A15190 4.2 uamagnudoyalunis1y DIRECTOR

DID

DNAME

1
2

10

James Cameron
Steven Quale
George Lucas
Andrew Adamson
Kelly Asbury
Conrad Vernon
Steven Spielberg
Glenn Randall
Roger Christian

Gore Verbinski
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M99 4.3 uaasgudoyalun1ste MOVIE

MID MNAME RELEASE _DATE | POPPULAR
1 | Titanic 1997 1
2 | Star Wars 1977 1
3 | Shrek 2 2004 1
4 | E.T. the Extra-Terrestrial 1982 1
5 | Star Wars; Episode I - The Phantom Menace 1999 1
6 | Pirates of the Caribbean: Dead Man's Chest 2006 1
7 | Spider-Man 2002 1
8 | Star Wars: Episode 111 - Revenge of the Sith 2005 1
9 | The Lord of the Rings: The Return of the King 2003 1

10 | Spider-Man 2 2004 1

3190 4.4 uerasgudeyaluasng GENRE

MID GENRE

1 Adventure
1 Drama

1 Romance
2 Action

2 Adventure
2 Family

2 Fantasy

2 Sci-Fi

3 Adventure
3 Animation
3 Comedy

3 Family

3 Fantasy
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MID

DID

10
11
12
13
14
15

M13197 4.6 naasgudeyaluems iy DIRECTION

MID

DID

10
11
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M319% 4.7 uaaag1udoya lue1519 USER

UID UNAME

1 Teccandler

2 Kgentes

3 ervingO6us

4 bigdaddygamerl4
5 angelunderworldl
6 Jmangell

7 dabenz24

8 arc-angel_bleed
9 bigdaddygamerl4
10 Jahrune

11 Tampabayjay

A13197 4.8 uaedgudeyaliiasIe RATING

UID MID /|0 RATING | A RATING, | D_RATING | G/RATING
1 380 5 5 5 5
1 76 4 4 4 4
1 381 5 5 5 5
] 8 3 3 1 2
1 382 4 4 4 4
1 383 5 5 5 5

200 44 5 5 5 5
200 193 5 5 5 5
200 213 5 5 5 5
200 16 5 5 5 5
200 333 5 5 5 5
200 2026 5 5 5 5
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