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Abstract

intelliView is a recommender system that suggests TV programs to viewer based on
his/her explicit and implicit profiles. This recommender system takes video stream from different
Web TV channels and maintains a database of TV programs by scraping program listing from
these channels. It manages viewer’s explicit profile by storing programs’ wish list and the
implicit profile is created while a viewer watches different types of programs on different
timings at different channels. This viewing history in combination with explicit profile is used to

recommend programs to the viewer.

The recommendation technique used for implementing this system is content-based text
categorization strategy. In this technique thousands of feature like words or phrases in the
program lists are used to generate programs profile. Later user profile, based on tracking viewing
history and explicit wish list, is matched against this programs profile to suggest best match. The
technologies used for implementation of the algorithms and user interface are J2EE 2.0, JSF and

JDBC 2.0.
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Chapter 1
INTRODUCTION

1.1.Introduction

Recommendation systems are suggest programs of interests by using statistical and
machine learning techniques. They learn from examples of user’s likes and dislikes. There are
two main approaches used: collaborative filtering and content-based. Most of existing
recommendation systems is based on collaborative filtering. There are two main disadvantages
of collaborative filtering. Firstly, the system may not be able to find users with similar
preferences to those of the target user. Secondly, there is not enough users’ rating to make
reliable recommendation. Content-based recommendation systems overcome the limitations of
the collaborative filtering by making recommendation based on the content/synopsis of the
program and target user’s ratings. Two different content-based approaches have been proposed:
feature-based and text categorization-based. Feature-based recommendation systems extract
important features from the program synopsis and learn a user’s profile (classifier) using a set of
pre-classified (according to the user’s rating) feature vectors, e.g. genre, leading actor/actress in a
TV program recommender system. However, choosing representative features and appropriately
encoding them, is not an easy task. Text categorization systems learn from thousands of features

like words or phrases in the program synopsis.

1.2.Background

1.2.1 Personalization
It is a very common issue in many aspects of our lives. One aspect of personalization is,
determining how much interested a user in a certain piece of information, and e.g. how
interesting is this TV program for the viewer? How interesting is this book for the customer?
How interesting is this news article for the reader? Etc. Profiling is a very powerful technique to
provide personalized user information that really a user can like. There are two most popular way

to make user profile, one is explicit and other implicit. Recent days implicit profiling gets more
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focus because it gives suggestion without user interaction. So user can save their time and enjoy

powerful recommendation.

1.3.Problem Statement

In recent days, numbers of TV channels have increased incredibly, so it is a big problem
for viewers to identify television program of their interest. So, we came up with an application
that can recommend content of interest to the viewer.

Traditional TV recommender systems recommend TV programs according to explicit
interaction with the viewer and update user profile based on viewer’s feedback. But the
recommendation could be interesting or boring to viewer because user viewing behavior can
change from time to time and the user has to interact with the system periodically. So we have
developed a web based application that helps user to watch different channels (from Pakistan)

and provide program recommendation using explicit/implicit profiling approach.

1.4.Project Aim

Our motivation behind this project is to develop a TV program recommendation system
that apply different profiling techniques and provide most accurate results to the user
experiences. This project has been developed on J2EE web application architecture so that in
future we can apply collaborative filtering approach to provide more powerful program

recommendation and better TV watching experience to the user.
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Chapter 2
Related Work & Literature Survey

2.1. Current Recommendation System:

There are number of recommender system currently exist in market. Following is the list
of recent developed and popular recommender system.

TiVo (2000) is a leading the way of the digital video recorder (DVR).TiVo DVRs
provide an electronic television programming schedule, and provide features such as Season Pass
recordings (which ensure subscribers never miss an episode of their favorite shows) and
WishList searches (which allow the user to find and record shows that match their interests by

title, actor, director, category or keyword). It means TiVo use explicit profiling methodology. [9]
Netflix (1997) is an online movie rental web application with an extensive
personalized video-recommendation system based on preferences by its customers. [10]
MovieLens (2003) Is a movie recommendation system based on collaborative Filtering
technique. It works by matching users with similar thought about movies. [11]
Kasenna - On demand IPTV with recommendation.

INTIMATE- A Web-Based Movie Recommender System.[1]

2.2. Importance of TV Recommendation Systems:

There are a lot of organizations which have spent a huge amount of money and man
power to develop their web presence. This information provides edges to user when they have to
make some decisions. Hence, there is a need of intermediaries to meet the increasing demand of
time and cognitive load on a user. Recommendation systems are such tools that can help user to
make their decision. Recommendation system suggest items of interests such as books, movies,
CDs, news, pictures, etc by using statistical and machine learning techniques. They monitor

users like and unlike.
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2.3. Recommendation System Techniques:

2.3.1. Collaborative filtering:

Collaborative filtering technique is one of the most successful techniques to find out the
prediction of user preferences in the recommendation systems. We can observe three major
processes in the collaborative filtering approach: object data collections and representations,
similarity decisions, and recommendation computations. Collaborative filtering helps us at
finding the associations among the new individual and the existing data to further determine the
similarity and provide recommendations. How can we define the similarity is an important issue.
How similar should two objects be in order to finalize the preference prediction? Relationship
decisions are concluded differently by collaborative filtering techniques. For example, people
who likes and dislikes movies in the same categories would be considered as the ones with
similar behavior. The concept of the nearest-neighbor algorithm has been included in the
implementation of the collaborative filtering based recommendation systems.[2]

The maximum existing recommendation systems are based on collaborative filtering.
They keep a database of user’s preferences, find a group of users with similar preferences to the
target user and suggest items the group members liked, e.g. Movielens DVD Express, and

Amazon.

2.3.2. Content-based filtering:

Content-based recommendation systems overcome the limitations of the collaborative
filtering by making suggestions based on the content of the items and target user’s ratings. Two
different content-based approaches have been proposed:

2.3.2.2.Feature-based: Feature-based recommendation systems fetch important features
from the program/movie descriptions and learn a user’s profile (classifier) using a set of pre-
classified attribute vectors, e.g. genre, leading actor/actress in a movie/program recommender
system. However, choosing envoy features and appropriately encoding them, is not an easy task.

2.3.2.2. Text categorization-based: Text categorization approach help to learn from
thousands of features (words or phrases), but recent researcher has explored that it is possible to

build effective classifiers. Several systems using text categorization (TC) have been developed.
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Text categorization-based filtering follows four steps to create user profile. First using steaming
and stop-word removal algorithm we clean unnecessary word from program synopsis then
feature representation technique apply to create weighted vector for every synopsis. Bag of
words is the simplest and most frequently used feature representation in TC. Removing the less
informative and noisy terms reduces the computational cost and improved the classification
performance. All synopsis vectors’ features are ranked according to the feature selection
mechanism and those with value higher than a threshold are selected. Information gain is our
preferred feature selection technique to rank the feature. Then comes feature weighing which can
be done by binary weighting technique. At the end using above information we can create
implicit profile for every user.[1]

There are two main disadvantages of collaborative filtering. Firstly, the system may not
be able to find users with similar preferences to those of the target user. Secondly, there is not

enough users’ rating to make reliable recommendation.

2.4. Viewing behavior tracking:

In order to recommend appropriate TV programs, a user profile that reflects his / her
preference on selecting TV programs should be estimated. The typical features used for
generating user profile are watching time and attributes of TV programs. It is assumed that a user
watches a TV program for a long time if s/he found it interesting, while a user switches to
another channel when s/he found it uninteresting. Attributes of TV programs, such as genres and
performers (actors), are used to estimate common features of TV programs that a user is
interested in. Such attributes can be obtained from metadata. Users’ behaviors of watching TV
programs (viewing behaviors) have also been investigated. In the studies, various types of
viewing behaviors, such as concerned viewing (The programs regularly watched by user e.g
Drama series) and diversion viewing (The programs user not concern about), are observed
according to period of time in a day. It is also observed that user’s watching behavior in weekday

1s more stable than that in weekend.
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2.5. User profiling:

2.5.1. Implicit: Implicit Profile is created on the basis of a user’s viewing history. It

contains the relevant information about the favorite programs the user has watched, e.g. type,
time, date, programs, etc. For example, in an implicit profile, the types of the most often watched
programs by a user are recorded as the favorite types in the profile. That is, if a user often
watches "The Office" and "Friends", it is very possible that the "Comedy" type will be recorded
under "Type" feature. The system also adds the most often watched programs into the "Favorite”
Programs" section of the implicit profile. In this case, “The Office" and "Friends" may be

included in this user’s "Favorite programs" in his/her implicit profile.

2.5.2. EXpliCit: Explicit Profile is created during the first interaction between the

system and a user through an interactive interface of TV or a web page access. This profile
contains the general interests of a user for all genres of programs, the preferred time and date to
watch TV and so on. After the first connection, user profile can also be modified and updated by
users, i.e. users can change their preferences. In an explicit profile, a user can specify which
program s/he wants to watch, time, date, channel, etc. And these programs will always be
recommended to the active user by the explicit recommendation system agent. Explicit method
tends to be more accurate than implicit method, while the user’s workload for using implicit

method is much lower than explicit method.

2.6. Comparison of Text-Categorization technique with feature-
based Profiling:

Text-Categorization involves representing each document (movie/drama synopsis) as
a feature vector by selecting feature representation, and representing them with weights.
There are three approaches for feature representation, ‘bag of words’ is one of them. Then
three techniques for feature selection and information gain give us best result. For feature
weighting we could use binary weighting mechanisms. And then we will be eligible to
implement machine learning algorithm, in this case we will implement Decision tree

algorithm.
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Chapter-3
Methodology

3.1. System Architecture and Components:
Our recommender system is composed of following different modules.
a. User Interface.
b. Program List scraping component.

c. Recommendation Module.

A

Data Repository.

e. User Profile Management

!

a.  Explicit Profile

b.  Implicit Profile

Figure 1
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The component diagram shoes the interconnection between components. Detail

description of these component describe below,

3.2. User Interface
User interface has been developed on JSF Framework. This framework has ability of
dynamic content generation and event-driven application interface. When user selects a TV

channel from TV program list, TV Panel display the required channel by online streaming

from the web.

taryir [SIGM UP |SIGH OUT [HELP

ACCOUNT tanvir Preferences Profiler

Watch Davwn News Live - FreeTV.pk

CHANHEL Related Shows Favorite Show

Your Favorite Shows (1)

TITLE CHAHHEL ID SHOW TIME
AgzmanChoonayDo Geo_T 9:30:00 PM

Sign UP |Sign IN [Contract US [SITE MAP [HELP

2008 YourTy, SEECS

Figure 2
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On the right hand side different tabs are showing the navigation to view channel list,
Related Shows, Favorite Shows. On the top tab bar shows Account, preference, profile tabs
to edit and view other facilities. User Interface provides a convenience way to interact with
application. User interface also controls the sequence of recommendation algorithm’s
execution.

User interface has been developed on J2EE 2.0 and use JSF, JDBC 2.0, Hibernate

framework and Ajax api for jsf.

3.3. Scraping tools

This module has been developed to extract TV program schedule from TV channel’s
web page. First we fetch an html page from a channel that contains schedule of the programs
then convert it into XML file and using XPath we query the desire data from the page. This is
a limitation of web scraping tool, because of the inconsistency in html pages of different TV
channels. Due to this problem a generic algorithm for all channels is not possible.

Technology is used: NUX Java XML API + TagSupe framework.

3.4. Store viewing history

To store different types of information for our system a database is maintained. It
store TV program schedule of different TV channels and user profile (explicit and implicit).
When a user login to the system and select a TV channel from the list, we can predict logs in
that moment which programs the user is going to watch, as we have the list about TV
program. So a back ground process/module can create a log about users viewing history.
Here we can track some metrics like program’s name, type, actors, director, rating etc by
assuming that data in the database are updated. Following table shows different fields of user
interest. And this table is dynamic in nature, when the user change his/her behavior, records

in this table will change accordingly.

TITLE | SHOW_TIME | START_TIME | DURATION | LASTCHANNELID | USERID | RATING | Date
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3.5. User profile: Implicit

Implicit Profile is created on the basis of a user’s viewing history. It contains the
relevant information about the favorite programs the user has watched, e.g. Type, time,
date, programs, etc. For example, in an implicit profile, the types of the most often watched
programs by a user are recorded as the favorite types in the profile. That is, if a user often
watches "Nadia Khan Show" and "Morning with Hum", it is very possible that the "TV
Magazine Show" type will be recorded under "Type" feature. The system also adds the most
often watched programs into the "Favorite Programs" section of the implicit profile. In this
case, " Nadia Khan Show " and "Live with Talat" may be included in this user’s "Favorite

programs" in his/her implicit profile.

3.6. User profile: Explicit

Explicit profile is created using primary information of user. This information
manually entered by the user at time of account creation or any time later. When user asks to
input his/her favorite programs/movies, there will be five choices, which help us to create
more successful user profile. Following tables show the different fields of explicit profile

tables.

userlD movieListID(fk) tvShowListID(fk) Hobbies

A\

f

listID(pk) | Choise 1 Choise 2 Choise 3 Choise 4 Choise 5

<
l

tvListID(pk) | Choise 1 Choise 2 Choise 3 Choise 4 Choise 5
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3.7. Recommender: Main module

User profile and stored information of TV program list are used to create
recommendations. CB RS (Content-based recommendation system) selects the programs
from the available programs on the basis of the user’s implicit profile. For example, a user
likes action, adventure, drama etc the preferred time and date is in the evening of weekend,
and then we have a movie Indiana Jones which is an action, Adventure drama movie and
will be available at 9:00 this Saturday, then there is a possibility that this movie will be
recommended to the active user since this movie is very similar to the user’s favorite

programs.
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3.8. Use Case Diagram:

wextends
Click on Load Favoiite show
! Log In
1 move to
cased
1 1 1
User Click on
Click on ... 1
1
1
User Homg user
1 Yiew Favorite
Sign Up 1
: aincludes
sexfends
. . . Select Channel
Live Skreaminc
Suggestion sextends  user
Recommenc .
1
1
1 :
Switch Channel
Profil .
I il caspi T Interrupt
1
1
1 1
Preference:
Uset 1
Update DB

Edit Account |

Edit Preferences

Figure 3

Track Channe
sinchudes «extends
Track Similad Prograr
Program recommendatiol
1
Program Profile
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Case 1:
Name: Primary Interaction with system.
Entry Condition:
a. Account already created, only login to system.

b. Account not created, first create account then login to
system.

Flow of Events:
— User click to login button, display login page.

— Type user id and password to enter into application.
— Otherwise create new account to login.
— If login is successful , then display UserHome.jsp

—  Which contain information like TV list, preference, user profile is displayed.

Exit Condition: User click “Sign OUT *.
Identify Objects Related to Case 1:

Entity Objects: user_info, channel_list, user_preference, user_profile
Control Objects: HTML Input Controls, Mysql connection pool.
Boundary Objects: Home.jsp, Login.jsp, createNewAC.jsp.....etc

Case 2:
Name: Select Channel to View.
Entry Condition: User click TV Channel list.
Flow of Events:
Initialize Tracker Object with basic information like userld, channelld, Time etc
Start a thread with tracker object to track a program on selected channel.
Send request to live streaming server to start TV channel.
Tracker thread track a channel till a program finished itself or user switch the channel
In any case an interrupt will occur and according to duration a program watched by the
user, assign a rating to that program.

411 11

Exit Condition: program is over or user switches him/her self.

Identify Objects Related to Case 2:

Entity Objects: viewing_history, user_info, program_list
Control Objects: tvProgTracker , tvProgTrackerThread
Boundary Objects: UserHome, SessionBean1, ApplicationBeanl
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Case 3:
Name: Switch channel
Entry Condition: User click to change channel
Flow of Events:
—  Whenever user change channel, last Tracker Thread will interrupted and program

data updated to database.

—  For each tracker thread there is an another thread , responsible for finding similar
program running at that time on other channel

— Bag of word is a text categorization technique to find out similarity between
programs synopsis, so that we mark them as a related program and create
programs profile, its help us to make recommendation without user profile
information.

—  Two conditions must apply, programs are must running and old profile must
erase.

Exit Condition:

Identify Objects Related to Case 3:

Entity Objects: program_profile, program_list
Control Objects: FindSemilarProgThread, tvProgTracker
Boundary Objects:

Case 4:
Name: load favorite program into user session
Entry Condition: user login or click on “Favorite Show” tab on UserHome.jsp page
Flow of Events:
—  When user login to the system session object initiated and load a data base table

with favorite program list.

—  This list has variable number of programs, those have been changed time to time
depends on user viewing history of user.

— List of favorite shows are change according to viewer’s habit.

Exit Condition:

Identify Objects Related to Case 4:

Entity Objects: favorite_program_list, program_list, user_info
Control Objects: SessionBeanl, ApplicationBeanl
Boundary Objects: UserHome
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Case 5:
Name: load user profile and make suggestions (recommendations)
Entry Condition: click on user profile.
Flow of Events:
— Initiate profile loader object that create decision tree from training data set.

— Training dataset populated from viewing history table and from detail program
tables.

— Then using decision tree make suggestion or recommendation to user.

Exit Condition:

Identify Objects Related to Case 5:
Entity Objects:

Control Objects: Create Profile, Manage Profile.
Boundary Objects:

Page | 23



3.9. Class Diagrams:

3.9.1 Class Diagram of main system module

(9 Home
o (SetForTelist ; ResultSet
o descriptionText © String
o tylistBoxl ¢ ArrayList
o gynamicURL ; String
o ftemeelected
o channelDescription | String
o fist ¢ ArrayList
@ tyListBox1_processyaueChange ()
@ createTylist ()

(3 login
o grrorText  String
o messagel | Sting
o passwordField : String

o Lserhlame ; Sting ¥

@ loglrButtan_Action ()
@ set_getErrorsg ()

@ set_getMessage ()

B set_getPassword ()
@ set_getUserMame ()

(3 applicationBean1
o rSetForTylist ; ResultSet
o Poal ¢ myDatabasewithPool
@ setRSetForTyList ()
@ getRoetForTylist ()
@ getPodl ()
@ setPool ()

(3 myDataBase
Cannection
@ dispResultSet |
@ selectQuery ()
@ getRowCount ()

@ updateDBWithAutoln ()
@ UpdateDE ()

o

)

(9 DpenAccount
age : Integer
seulist ¢ ArrayList
seselectad
avalabeStaticTextL  String
errorStaticTextl | String

o o o oo

@ submitButtonl_action ()
@ usernameTextFieldl_processiialue..,

(3 UserHome
fist © ArrayList
rSetForTyList
dynamnicURL | String
LeerTabText ; String
tyListhoxl + ArrayList

o oo oo

@ gethowTime [ )

@ getToDate ()

@ favorite_ShowTab_action ()

@ recommendertab2_action ()

@ userTabd_action ()

@ manageAccountTabl_action ()

@ tyListhox1_processvalueChange ()

- myclatabaseswithpool

(3 myDatabaseWithPool
o password © String

o Lserame : 5tring

8 Connection

o dataSource

o InitiEContext

@ selectQuery [)

@ getRowCount ()

@ updateDB ()

@ dropConnToPool ()

@ getConnectionFromPonl ()

(3) SessionBean1

o rewThread : TvProgTrackerThread

0 yGroup

o titleList ; HashTable

o tracker : TvProgTracker
o yserlnfoset

o channelURL : String

o channellD ; String

o passord | String

o Lserhlame ; String

o jsLogedIn ; Boolean

@ getTrackerFromFactory ()
@ getToDate ()

@ getDayBefore ()

@ makeFavorite ()

@ IsFavoriteMarked ()

@ interruptThread ()

@ createThreadToTrack ()
@ setiget UserinfoSet ()
@ setjget ChannelURL ()
@ setjget titellist ()

1

- typrogtrackerthread

#*

(3 TvProgTrackerThread
o Safe ; Boolean
o shouldRun ; Boolean
o fracker : TvProgTracker
o titleList : HashTable
o Connection

o threads ; FindSemilarProgThread

@ setTracker ()

@ setConnections ()
@ dropConnections { )
W getTimeDifflntin ()
@ submitDecision )
W isEquel ()

Figure 4

- twprogtracker

- typrogtracker
*

- findserniarprogthread

1

(3 TvProgTracker
programType © String
next_show_time
shiow_time
vigw_date
LiserID + String
rating : Integer
nowPlayingProglD ; String
nextProgTitle ; String
nowiPlayingProgTitle © String
startTime
nowTime
pastlD © String
currentID ; String

@ captureStartTime: ()
@ getStartTime ()
@ gethowTime )

1

- findsemnilarprogthread

(3 FindSemilarProgThread
o tracker : TvProgTracker
o b myDataBase

o fitleList ; HashTable

o parsent : Double

@ getBag ()

@ getSurnmary )

@ getMatchCount ()

@ getMatch ()

W getToDate [ )

W getNowTime ()

W findhextShowTime ()
B getTmeDifflniin { )

W isRunning ()
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3.9.2 Class Diagram of scraping module

(3 ParserForGeoTY

o xomDocument : Document
o creater : DocumentCrester

o program  Program

o pList : ProgramList

o is5econd : Boolean

o programCaunt | Integer

o threadControlCount ; Integer
o pThread : xomParserThread
@ upControlCount ()

@ dropControlCount )

@ getThreadControlCount ( ) 1

@ womDocumentFactary ()
@ huildProgramList ()

@ getProgram ()

@ nodeParser ()

* o

winterfaces
€3 ParserForCommon
*
@ buidPrograrmlist { ) ) - Wriparserfactory
9 Main
- parserforconnmon ©
1
*
- programist (3 ProgramList
programList ; HashTable

@ addToList { )

@ clearlist ()

@ getCleanText () 1 @ geticeys ()
1 @ getProgram ()
1
- wamparserthread 1
* - dacurmentoreater
(3 zomParserThread
o uomDoc : Document Proganz * * (9 DocumentCreater
o query : String - program T
. i 5 L+ Strin
 String : Stting © Program o DutDutFilegName : String
o gh : myDataBase o program Titel © String o congtantPath : Sltrin
o cramakeyWards : String o startTime © String o defaultPath : étrin U
o tyShowkeywords : String o Link : String o ul ' 9
o kiddsShowkeywords © String o defaultPath : String o outShream
o musicalkeyWords © String @ setDefaultPath () o in
o mioviekeywaords | String @ getlink () o comections
o pattern @ setlink () )
o matcher @ getStartTime | . xombocument ; Document

@ matchCount ()
@ getCombinedText ()
@ getStaredData ()

@ setStartTime |
@ getProgramTitel [ )
@ setProgramTitel ()

)
)

Figure 5

@ get¥omDocument ()
@ createlRL ()

@ createQutputFile ()
@ writeToFle ()

airiterfaces
€3 XmlParserFactory

@ getGeoParser ()

@ getdaParser ()

@ getHumParser ()

@ getGeoMewsParser ()
@ getDawnhewsParser ()

(3 XmlParserFactoryImpl

@ getGeoParser ()

@ getdaiParser ()

@ getHumParser ()

@ getGeoMewsParser ()
@ getDawniewsParser ()
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3.10. User Interface Navigation:

for the recommender system.

], Homejsp
HeaderUSER_NAME &2
Header8IGN_UP &
Header8IGN_IN &
HeaderHELP &

HeadersearchBution (€] - o ¥
g Loginsp B

- UserHome
. OpenAccount

FooterfooterSignUp &

userHome
FocterfoaterSignin & o Header:USER_NAM-E- L
FooterfooterContiac & E HeaderSIGN_UP &
Footerfootersitelap & Header SIGN_IN &
FooterfooterHely & LT
¥ 2 © HeaderssarchButton [+
R FooterfootarSignUp &
% % FooterfooterSignin &
E" 5 FooterfooterContrac &2
’ E’ 5 Footerfooteriellap &
é § Footerfooterhelp &
5 lginButian (¢
. G-I
5| opendccountjsp B
FooterfooterSignUp &
FooterfooterSignin &
FooterfooterGontrac &2

FooterfooterSitelap & 5
FooterfooterHelp &
HeaderUSER_NAME &
HeaderSIGN_UP &
HeaderSIGN_IN &
HeaderHELP =
HeadersearthBution (]
submitButiant (¢]

m
&

okPage

G OpenfccountOkjsp 3
FooterfooterSignlp &
FooterfaoterSignin &
FoaterfoterCantrac @
FooterfooterSitelap =
FooterfooterHelp &
HeaderUSER_NAME &
Header SIGN_UP &
Header SIGN_IN &
HeaderHELP &=
Header szarchBution (&)

Following diagram shows the UI navigation

signinFPag:

&l Useromejsp &

HeaderUSER_NAME &2
¢ HeaderSIGN_UP &

Header SIGN_IN &

HeaderHELP &

Header searchButon (&)

FooterfooterSignlp &

) Admintomejsp B

npenAccaunt

] Helpjsp

5| UserAccountjsp

FooterfooterSignin &
FooterfooterContrac &
FooterfooterSitelap &
FooterfaoterHelp &
manageAscountTab! =
userTabt =
flistan2
recommendertab? =t
favorite_ShowTah =1
preferencetabt =
profilertabt =

signinPage

Il
o

signinPage

3 Eﬂ sessionExpiariPage,jsp g

&

HeaderUSER_NAME &2
WERIO ¢ oader iGN UP &
HeaderSIGN_IN &@
HeaderHELP &
HeadersearchBution [«
FooterfooterSignlp &
FooterfooterSignin &
FooterfooterContrac &2
FooterfooterSiteMap &
FooterfooterHelp &

Figure 6
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3.11. Conceptual Component Model:

«Components» «Component»
= |Home

«Companents
ogln = |Edit Account

] ]

] ]

Do wrompanents “COomponent#se
Level 1: View = |MNewAcount = |UserHome

«components

wcompanerts YIE = | Edit Preference
= | View Profile ]

1 I

]

- prograrmprofiledataprovider

_ «components . «COMmpanents
= |FavoriteProgramDataProvider = | programProfileDataProvider

«COMponents
= |SessionBeanl

Lewel 2: controller

«Companents
= | TyProgTrackerThread

TvProgTracker «Component:
< g = JFindSimilarProgThread

«COMponents

“components «Companents
= | favoriteProgramList = | viewingHistory = | programProfile

Level 3 Model &Components

rogramList «COMmpanents:
|

“COMponents
channelList

Figure 7
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3.12. Sequence Diagram:

3.12.1 Interaction 1: User selects a channel to watch live TV show. In this sequence
diagram we show the interaction between user and application. Threads are starting to track the
current TV program watching by the viewer and create similar TV program profile for

recommendations.

»¢ Interactionl
user:User UserHome: TrackerThread: FindSimilarProgram Thread: WigawHistary: programProfile:

1: Select Channel() 1.1: Start()

1.1.1: Start()

1.1.1.1; UpdateDB()

1.1.2: Live Streaming()

BT | Lwhisitre

wreturm
20 while(true)

1.1.2.1; Switch Channel() 1.1.2.1.1: Interrupt()

1.1.2.1.1.1: UpdateDB()

1.1.2.1.2: Start()

1.1.2.1.3: Live Streaming()

Figure 8
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3.12.2 Interaction 2: When a user login to the system, a session is created by
application framework. When a session object is created, it calls a function makeFavorite() to
load a favorite program list for that particular user. Now whenever user click on favorite show

tab it display updated favorite program list.

“Interaction2

Lser:Lser logIn:Login sessionBeand:SessionBeanl favoriteProgramlist: favariteProgramlist favariteProgramDataProvider: FavoritePrograrnDataProvider

1: login)
1.1: initSession()

1.1.1: makeFavarite

1.1.1.1: UpdateDB()
1.1.1.1.1: Refrashi)

Figure 9
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3.13. ERD Model: Following diagram shows ER model for the system.

viewingHistory
¥ e

START_TIME
SHOW_TIME
DURATICN
LSERID
LASTCHANNELD
RATING
VIEW DATE

channelList
 channelD
channellame
type
ratingBylser
MaxTime
showCaunt

/

MovieTable
# Title

cateqory
production
directar
print
actars
guidence
summary

ProgramList
] programiD

title
channelD
viewingDate
time
programiype
language
duration
rating

MusicalShowTable
7 me
singers
directar
quidence

favoriteProgramdist

7 FD
USERID
e
CHANNELD
VIEW_DATE
SHOW TIVE

KiddsShowTahle
¥ me
cartoon chareder
pradudtion
director
type
—] guidence
DramaSeriseTable SUMMARY
\ § me
session
episad
directar
actors
guidence
SUMMARY
NewsTable
TVShowTable ¥
§ me type
hast producer
fpe presenter
production
guests
SUMMARY
Figure 10

programProfile
 me
MATCHED TITLE
SHOW_TIME
PERSENTAGE
CHANNELID

UserPreferenceTable

§ userp
password
firsthame
midhlame
lasthame
gender
age
Dok
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Chapter-4

Algorithm Implementation & Results

In this chapter we’ll discuss implementation of different algorithms for tracking user

behavior so that we can build user implicit profile and programs profile.

4.1. Tracking a user and update Viewing History:

When user selects a channel, a thread is started on the server, which is responsible for
tracking the program currently running on that channel. An object of tvProgTracker class is
instantiated with some initial values like channellD, username, startTime of current thread as
the program start time. Then two functions findCurrent() and findNext() are used to find the
current and the next program. findCurrent() and findNext() function of tvProgTrackerThread
then update some other fields to carry information to identify whether current program is
running or not. They also help to decide the duration of the program. So that current program
can trigger interrupt itself. Otherwise when a user switch as channel, current thread will be
interrupted and a new thread will be started. In the mean time we make some ranking points to
that program and insert into viewingHistory table or wupdate old value.

9 Activityl

Select the channel

Initialize: tvProgTracker

If thread not exist true Start new Thread

false
wihile not interrupted

Thsert Into ViewHistory Interrupt Old Thread false:

loop

true

Figure 11
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This helps the system to easily change the user mode/choice about a program. So rating can vary
daily or weekly basis.

Evaluation of Watched TV Program: user’s selection of TV channels during watching
TV is stored as the log of the user’s TV watching behavior. From the log, the rating of a TV
program by the user is estimated based on the watching time, which can be calculated by
following equation,

Scorew(p): a score based on watching time

The score of a TV program p based on watching time is defined by Eq. (1), where
wtime(p) and airtime(p) indicate the amount of time (minutes) a user watched and its airtime,
respectively.

Scorew (p) = wtime (p)/airtime(p) . . . .. (1)

4.2. Finding today’s Favorite Show:

When user clicks on Favorite Show tab, a session method makeFavorite() is called. This
method is responsible for finding today’s favorite shows which depends on program rating for
last week.

Algorithm:

List Title <= fetch_rows from viewingHistory table when date <= TODATE() AND

userID=currentID();

While(Title)

Then check <= is this Title exist or not in programList table.
If (check =exist)
Then inset into favoritePogramList table
Else update into favoritePogramList table
End if
End While
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4.3. Finding Related Shows to provide recommendation:

Following algorithm finds related shows to provide recommendations.

tvProgTrackerThread pass tracker object to findSimilarProgThread

Algorithm:

Hashtable mainBag = getBag (currentTitle)
RowSet <= fetch_rows from programList when date = todate() AND
time=Current() AND programType= pType
While (RowSet exist)
Then tempBag<=getBag(tmpTitle)
If (getMatch (mainBag, tempBag) is true)

Then checkRowSet <= fetch_row from programProfile when
Title=currentTitle AND matchedTitle=tempTitle;
If(isRunning(tempTile))

Then
If (checkRowSet not exist)
Then insert into programProfile table
Else Update last entry into programProfile
End if
End if
End if
End while
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4.4. Implementation of User Profile:

After successfully tracking viewing history we can develop user profile which gives

result partially correct results. To do this we maintain a table called favoriteProgramList with

following structure,

PID

TITLE USERID

CHANNELID

VIEW_DATE | SHOW_TIME

For populating data, we first fetch data from viewingHistory table for last 7 days.

Then we check through a loop to find out if this Title exists in today’s TV schedule list. If it

exists then we submit data into table along with user ID. When a user clicks on “Favorite

Show” tab, a session function makeFavorite() is called and favoriteProgramList table is

updated with new data or only refresh data.

4.5. Generating Program profile:

To populate program profile we use programProfile table with following structure,

TITLE

MATCHD_TITLE

SHOW_TIME

Percentage

CHANNELID

There is a class FindSimilarProgThread which has responsibility to clean up stop words

(e.g. like you, me, he etc) from synopsis and then create beg of word with weighed vector,

which is iteratively matched by other program’s bag of word. If get match successfully then it is

insert into programProfile table.
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4.6. Results:

4.6.1. Finding Related Programs

CHAHNHEL Related Shows Favorite Show

Today's Show (2)

SHOW CHAHHNEL
TITLE TIME 1]
M-:!r.nlng With HUM - "Weekend Q0000 &AM Hum T
Edition -
MadiskhanZhoswy 90000 AM Geo_TYW

Figure-12

This figure shows that 9 am “NadiaKhanShow” is running on Geo TV, and besides that

application shows that “Morning With HUM....”, is a similar program currently running on

Hum TV so the user can watch that show.

25

M L a g asa e
PWCl41lZ: WebModuale [#Fyp_inTelliView] SerwvletContext.log() : UserRedirectFilter:DolfterProcessing
Program selected Z: MNadiaFhawnfhow, Show Time:02:00: 00 Type:twShow

MNext Show: ALLALTMOMNLIMNE, Show Time:12:00:-00

NadiaFhanfhow Duration - 240

Connected To Jjdbocimysgl: fflocalhost: 33068 fyphata aser=rootspassword=root

MNadia Fhan Show — GEO0O MAZAY SATECongratulations!ENadia Fhan is back om her show. EFor more details 1.
Show=7_0

show=7_0

log=7_0

1 HNadiaFhanShonr

MNadia Fhan Show — GEOD MAZAY SAVACongratulations!@Nadia Fhan is back on her show. @For more details 1.
Show=7_0

show=7_0

log=7_0

Avg parsentage 1000

NadiaFhanfShow Geo_TW 02:00:00

running program : MNadiaFhanShoow

With a successful rwmming of the popular Morning with HUOM on weekdays, between Monday to Fridagys witld
Show=7_0

chitc=7_0

chat=7_0

Avg parsentage 1000

z Morning With HIM - Weekemnd Edition

Morning With HIOM - Weekend Edition Hum TV 02:00:00

running program Morning Witkh HIOM — Weekend Edition
old -Morning =show with Ga=zal

curr : NadiaFhanShow

curr Mormning Witkh HUOM - Weekernd Edition

deleted :Mormning show with Gazal
old -Morning Wicth HOM - Weekend Edition

curr : NadiaFhanShow

curr Mormning Witkh HUOM - Weekernd Edition

old - HadiaFhanShow

curr : NadiaFhanShow

Title : NadiaFhanShow Walu=:0_0

PWCl41lZ: WebModule [SFrp_inTelliView] SerwvletContext.log(): UserRedirectFilter:-doFilter(}
PWC1412: WebModulel fFreo inTelliViewl SerwletContext. logi)l  UserBedirectFilter:DoEBesforeProcessing

Figure 13
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Figure 14 shows the percentage of content matched between ‘“NadiaKhanShow” and

“Morning With HUM....” TV show. We implemented feature representation techniques here.

Favorite Show:

CHANMEL Related Shows | Favorite Show CHAHHEL Related Shows | Favorite Show
Your Favorite Shows (3) Your Favorite Shows (4)
TITLE CHANNEL ID | SHOW TIME
TITLE CHAMHEL ID | SHOW TIME
- Burisurat Gen T 0000 PM
Burisurat Gen_T¥ 3:00.00 Ph ShakaLaksBoomBoam Geo_TV B:30:00 PM
ShakalakaBoomBoom Geno_TY B:30: 00 Pht BurisLrat Gen TV 50000 PM
BuriAurat Geo_TY 6:00:00 Pt Live With Talat Aai TV 10:00:00 PM
Figure 14

We have developed user profile based on their TV watching pattern. When a user logs
in to the system we refresh his/her profile with updated data. Which is shown in the table, 1%
table was captured when user logs in first time and after watching some time may be his profile

being updated, and so 2" table reflects that behavior.

seleck TITLE From viewhis = |

EEEEE @K <> M paeoes 0]

TITLE

\[Marning show with Gazal
Burifurak
Shakal akaBoomBoom

Figure-15
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Chapter-5

Conclusion

Currently there are number of recommendation systems available in market, which
implement different techniques and algorithms to develop their application. We assume that best
prediction could be possible by merging different algorithms together.

We have followed content based approach for recommendation and implement text
categorization techniques to gain best performance. On the other hand most of the current
implementations of recommendation systems follow collaborative approach which does not
give good performance. But combination of both gives best result. Our application currently
provide recommendation using text-categorization algorithm, on the other hand we collect the
user profiles on common database, which eligible us to make collaborative filtering and

combine both result to achieve best performance of our recommender system.
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Chapter-6

Future Works

We have partially implemented user profile but once we are able to gather cleaned

categorize metadata about programs then we can implement decision tree algorithm to
implement complete implicit user profile. Future works includes,

® Implementation of decision tree algorithm to complete implicit user profile.

® Design Training data from Viewing History table.

® Design Test data from program list table.

® Merge both Implicit and Explicit profile to achieve better prediction.
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