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CHAPTER |
INTRODUCTION

As the amount of information available on web pages causes information overload
problem, it is becoming difficult for users to find the relevant documents for their need.
Accordingly the demand for personalized approaches for information access increases.
del yoroblem by gathering, storing, and

analyzing users' information and répresent ' thg nt information for individual users.
The traditional search engines return it E results for every user. In fact,

rsonalization must study the

users' behavior as they i

1.1 Motivation

The learning pro gained the Ievant search results. As
the volume of informatit o]l n-the Internet, more stment on web search

engines follows suit. Ho results based on user's

query keyword by P iterests. This PageRank

algorithm is based on th rity, and the frequency of

query negotiation. When usgfs enterdz ‘query®he search engine must look through
A .
hundreds of search results 10 fi r results. The core problem is that
search results are presented in the same way ary user. For example, two people
" ELION oo e

ion o

searching for “palm, the the Personal Digital

Assistant (PDA) are i ﬂllllIH-_Cliilﬁ.ll-h?rlbillﬂllli-i'iﬂ';-.rolli--r-n_"--;:,r; 2

will get exactly the
same search results.be mestly relies on the user's
own background, inte@s and preference @

To address this issue, a solution that can personalize the information selection and
presentation is_needed. L'Egﬁproﬁle is an im orfaant component of personalization system.
A user profi p% ! hatey%sﬁiﬂﬁere c“f Hwﬂiﬂer at can be used
to supplemerwforma ion about the search. This information could be used to narrow down

the number of topics considered whenfretrieving the regults, increasing theglikelihood of

must‘:e updated to keep it up-to-date in the same manner as ants that are always looking



for a new food source and updating the new path to the colony. Thus, the fundamental
principle of user's profile creation is inspired by the nature of ant colony foraging behavior.
An ant leaves pheromone chemical as a communication means on the quality and quantity
of food found at a source when foraging for food. The amount of pheromone deposit can be
used as the weight of interesting items. Therefore, pheromone update keeps a user's profile

up to date at all times.
The approach provides a straightforwa hodology to build a user's profile

based on interest scores whig

profile reflects the user's beh. i S5 | mone | gacclmulated or evaporated. In the
mean time, the content keywoids of L : o are .ua,‘ in a reference concept
hierarchy. The content is s ‘ ally prdcessed and with the help of a set of

experiments to carry otifperse
1.2 Current Technologies
Major limitations of s@arciy engines nowa C categorles as below.

1. Lack of pers@halization®in uw.':“" the | '
st Ald )
available on the wgb, affer“different” \

Many sources that are
owever, these resources
increase the informationfloverlodg s tiai very ISer 1S commonly treated in the
same way, while they Ravey giffert ‘5 p erences. Hence, this problem
needs a method that can help i -a- em; Linformation.

2. Lack of timelines ailable information. Users often
do not have : 2dref) to keep themselves
informed andiyffo-date. Y )

The above limit odern search engines

ﬂ“s ' )
“their search results so that they can better anticipate the intensions of

are trying to enhance
the users.

The s ﬂlﬁ me&:ﬂﬁ ﬂmneﬁ ing. They have
already devel rs as ply on matching

keywords in documents which the sam%rsearch results u&e shown to all useEJ,Therefore

ARSI B

exa ned how users interact with the search engine to predict their intent. Several options
surfaced, the first one was creating some types of user's profile to collect information about



their interests and preferences, either by having them complete a form, recording their
activities and search histories. Unfortunately, users often hesitated to share their personal
information with search engines. Besides, the search histories might not be helpful in
predicting user's future intention. Thus, the aggregated information collected from a large
number of interactions between users and search engines were results.

Personalization will have a big impac he way users search. According to the

evolving stages of search engines, the foeus of searcgengines has changed from matching

In general, personalization ean.be '_ 0 See 1C itwo different ways:

1. By providing tools that heip*ts -* own past searches, preferences,
and visited URLs.
2. By creating a 2d in profiles, which can
be used by retrieyg stter results.

The first approa c browser add-ons. The

Filangy Search History | s Samg & ' \ help users organize their
search histories and web pages vigited. |t proyid \ x\k C full text caching of every web
page viewed in user's clected Se esults from user's cache

C
into resulting clustered p . privacy ‘ \ serious issue since https
. ahoo Search Engines also
provide history search whiciifUsgfglgan. pedois search within the previous search
context. For example, if a user iSTI&s 1 ething related to “cars" that he has

searched previousl but didn't' fecognize exac as done, he could search for

“cars” and find all thefgueries containing thatword. i, &

H . .
Recently, seéarg g # onalization features
according to the abmﬂ;c 0 Eearch History provides
history feature which automatically keeps track of all web searches*and every page that the

user has viewed from sga ﬂ results. My Searcﬁjlistory differs from automatic caching

ﬁuﬂﬂ ARl | 4 ot o 1 g e it
search behavior id ove ueries and the

search result ages. Moreover, Yaho%pmtroduces Personal Search with p rsonalization

nmmmmmm VEIRY™

AII these systems have interesting features that can guide users to find better

information but they represent the user's search requirements with overall profile rather than



trying to identify specific topics of interest.

The thesis approach focuses on personalization in search based on implicit
feedback. Many implicit feedback systems capture browsing histories through proxy
servers or desktop activities through installation of bots on a personal computer. These
technologies require direct participation of the user in order to install the proxy server or the

The main obje earch results to a user

by personalization sea

1. Building a user’ _ 2gent-tf interests and preferences.
2. Classifying the use |e"data’to kee 6k of the objects of similar properties.
3. Personalizing sea ‘ o provide thgmost r 1\. ant search results to the user.

1.4 Scope
The thesis work-will confine to the following areas: . 1.
1. Support oIy 1 8f URL, tag<titie>, and
tag<meta name="tiescrig s i
2. Employ word slations based solely on WordNet. ¥

3. Encompass fourﬁaof word categorieuamely, Technology, Zoology, Botany,

"R U ANENINEDN T

5. Supp only keyword style que?

AWTRNTTITI UANINYA Y



1.5 Research Methodology

Research approach of this thesis adopts ant colony foraging algorithm to perform
both gathering the user's interests and updating the user's profile. The process employs
cosine similarity to rearrange the order of search results which the first one denotes the

most relevant to the user in order to reduce time Eogsumption.
The approach consists of three|
Phase 1: Building the users profile. i//

consists of a set of cate

ces, and background. It
passes a set of elements and its
corresponding weight. rof le creation is inspired
by the nature of ant'co
Phase 2: Classifying

After collecting user's

er's profile, some of this
H

information may L€ similar o o1 rs, > “different. Organizing this

information is a necg8sagf rgouireme Keep tre the objects of similarity
properties. The approag zes W ; _’: eacock-Chedorow measure in the
classification process. . :
Phase 3: Personalizing thefSearch ="""I':n 1oy : t er's profile.

: i
A typical search query Oftery ghids-up with | resUlts that contain few relevant
ones. Search personalization mechanism « educe unwanted search results by
reordering search res th-their-reievanc er's profile.

1.6 Benefits ""' .r‘

The benefits of ‘ﬂ research work are increasing effecti ss and efficiency of

search engines, while aﬁbﬁ'ably decreasing the time it takes to find the desired

‘"f°f""a‘*°“ﬂ‘lJEl'Il ‘VIEJ'VI‘?W g1

1.7 Thesis Ove iew

ARIASNIN URIINLIALL.

relateﬂ studies. A detailed discussion of underlying technologies and existing approaches
are included in Chapter 3. Chapter 4 describes the thesis methodology. The results from



the thesis methodology are reported in Chapter 5. Chapter 6 summarizes the overall of this
thesis and some possible future work is also proposed.

AULINENTNEYINS
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CHAPTER II
THEORETICAL BACKGROUND

Before the World Wide Web (www) was first introduced back in the 1990's, the Web
was first started as a networked information project. The underlying principle of the project

users' different needs. FreqUemtiy el 0 le search, the users would
find numerous search results whie e usually irfélevaat o their expectation.

As the web evolvess6 dees userls Jf,\«‘ ) * . Searching becomes an
important activity in @ liye®. DU ] \ﬁ"\ search engines, each user

-
‘»ax\ o\

obviously generates vz ging of personal search

| preferences, thus improving

Unfortunately, useg ests ees change periodically to keep them up
\\ d a plentiful food source,
many ants will go there {g g b t jeir nest. An route on their
transport, the ants lay pheror her )ne deposit. If they find a new
food source which is more 2 18 :th. ill leave the old food source
and head for the new food source ;.;;_.,.i,. i romone deposit on the new path soon
becomes stronger than the.c onstant update of pheromone
value as one want te-mimicking ant foraging behaviol .
Ant colony glgérithms were initiz it problems, such as
the well known Travelarﬁns S 0 u’mfolution. and hence the
Ant Colony Optimiz (ACO). However, the usefulness 0
expanded in other scier‘\ereas like data mug and web search. Accordingly, this
chapter is everal research
fields, e.g.ﬂcﬂﬁﬁnn ﬂﬂﬁﬂ ﬂq ﬂﬁ ent relevance,

and personalization.

anmmmtu UAIINYIAY

Ant colony optimization is a technique for optimization which was introduced in the

e ACO algorithms is



1990's. Ant colony optimization is inspired by the foraging behavior of real ant colonies. Ant
Colony Optimization (ACO) is a branch of a newly developed form of artificial intelligence
called swarm intelligence. Swarm intelligence is a field which studies the emergent
collective intelligence of groups of simple agents. In groups of insects, which live in
colonies, such as ants and bees, individual agent can only do simple tasks on its own, while

and food sources.

Most real ants are bligd chemical substance on the
ground called pheromone whi _ Sgurages the following ants to
stay close to previous movVes_@orige'siexperiment ‘the complex behavior
of ant colonies. For insta L"\\ A barrier with two ends
was placed in their way such tha end i-% dlstant than the other. In
the beginning, equal nuMbergfo! antgfspread ' the barrier. Since all
ants had almost the samefSpeed, fhé anis ¢ earer end of the barrier
returned before the ants@oingiaro@ind the farth 2 amount of pheromone

the ants deposit increased Jutekl \e-shor ": ! -._ d so more ants preferred

S a.d

this path. This positive efféct isj€alled.autocataly: he différeriCe between the two paths
is called the preferential p: =‘*-"Zﬁf {'s-;f of 'the differential deposition of

pheromone between the two sides pif tHe-6bStacle e ants following the shorter path

will make more visits, to th urCe “than those e_longer path. Because of

pheromone evaporat

2.1.1 The Origins of Armofo y

Marco Dorigo [1] ir‘qﬁ:ed the first ACOgalgorithms. The development of these
algorithms wi i ﬁ @;ﬁﬁﬂﬁrﬂlﬂﬂﬂ ive in colonies
and their be ne h loRy surviv th being focused on

the survival of individuals. When seagghing for food, ﬂts initially explor‘Jhe area

B RS Al T LT ETALEL.

paths arked by strong pheromone. As soon as an ant finds a food source, it evaluates the
quantity and the quality of the food and carries some of it back to the nest. During the return



trip, the quantity of pheromone that an ant leaves on the ground may depend on the
quantity and quality of the food. The pheromone trails will guide other ants to the food
source. This is shown in Figure 2.1.

Nest Food|[Nest =e-vzrse-s=------® @ ® _ Food
LY

raging starts. In probabil-
the ants take the short
syinbolized by cireles), and
long path to the lood
holized by rhombs).

{a) All ants are in
1no pheromon

29999 Food

(c) The ants that haVe taketis , ( pheromone trail ou the
shart path have arrivd carliess . short path receives. in probahility,
food source. The a stronger reinforcement. and the

probability to take this path grows.
Finally. due to the evaporation of

ing. the probability to také e
short path is higher.
Lic pheromone on the loug path, the

alony . in probability. use

=

Figure 2.1: An expenmente e mi‘ood source exist two
paths of different lengths that demonstrates the shortest path fiaéling capability of ant

colonle

2,,1meEL3J~EllﬁﬂwEJ1ﬁl§WEl'1ﬂ‘i

2 mwﬁmmﬁ:m A1k

exhiﬂals a distinctly different foraging behavior. It is more accurate to describe ACO as
being inspired by the recruitment strategy of ants which use chemical markers to mark the
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location of a plentiful food source. This section describes two different species of ant, the
cataglyphis and ocymyrmex ants.

The cataglyphis and ocymyrmex ants have developed to fill the unique ecological
niche. Both of these species rely on the harsh environment to provide them with food, since
they search their local area for insects which have succumbed to the extreme heat and

stress of this harsh environment. The in- about cataglyphis and ocymyrmex ants is

that they don't use a chemical marker [ "'I;lrl r/; IF ants to a food source. They rather use
an internal memory to influence C cgfion to travel from the nest. The
rules for movement of this tw  Spec es are degcribeti e

® Continue to forage in the diseetion of the preeeding foraging trip whenever this trip

has been successful In fiading ?.
® |f foraging trip issiRSUCC@8Ss \g‘; ind randomly select a new

direction, decreasifi@ ! number of previously

1€
successful runs increases f- \\\
This individual behaviggileads to @i p; fern ais specific environment
will rg '."' the.afts Searc
L

environment at random, or

which in the absence of fog@ e
in the case of food bein@ foufd will sublraci-fa ourees away from the global pool

® &
= . F : % ;
of resources to exploit thisitlisgovered f6od ' ceunti 3 onsumed. The colony will

revert to its initial behaviof withi@ II'bias towards, seart Aing dreviously promising areas,
and if food is found again inghis Bigsed. 1 1F ant will die out reverting the colony
back to its initial completely random — .

Interestingly, if one werete-hygothesize’ ing two different abundant food
resources within closel & . 1@ emergent effect would
be that the membe 5}

lj'-.";ﬂ 2sources and stick to

one even though o 0 m‘colony communication
mechanism, which weuld allow the colony to converge on the er resource. However,

since these species have‘bﬂzed to exhibit a de@tralized control which argues well with

" BRETHENINYING

2.1.1.2 The Ty'amonum Caespitum Spic;es

ARSI BN B

aboﬂ. These ants have developed to suit a different ecological niche where food sources

are wealthy and the desired effect is to optimize the distribution of resources to maximize
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the food collection activity. These ants also rely on randomness to influence their decision
making behavior, however with the absence of a long term memory they rely more on intra-
colony communication mechanisms to influence their foraging decisions.

This species of ant exhibits three distinct behaviors, group-recruitment, mass-
recruitment and random exploration. Group recruitment occurs when an ant finds a new

food source, returns to the nest and upon r: ing/to the nest attempts to coerce other ants

to follow it back to the food sourc goneg along the trail as they move. This

enough and the pheromone ira pife anoughe is can follow the pheromone

trail. Random exploration ¢ =1c: ly st hereran.ant following a pheromone trail

decides to leave the trail to sg 07 ih ,'i\
. v /B \q

mg more food or a more
efficient path to already C Jo e Dl \* an event occurring is
inversely proportional to - ertional to the distance

2.1.1.3 The Iridomyrmex Humilus Species

The importance of rz [ N < 'L el 1 courage exploration and
avoid exploitation of one food $0! leglecting possibly more rich food sources or
shorter paths. This emergent'effeGt.was  perhaf profoundly demonstrated in the
double bridge experiment perform d by Denebao 2], In this experiment a single food
source was placed away ilus ants_and two bridges of
unequal length conpe w&ﬂ' to use both

bridges fairly equa ": A 'on'ty of the colony

favored the shorter tﬁch ovel resgachers explained this
emergent effect by thefact that a shorter distance means that ant n forage on this path
more quickly and over timd{wranch will be positiigly reinforced with more pheromone.

e AT TSRS
NN IR ﬁﬁ‘i‘ﬁiﬂﬁ”ﬂ NETRE

propeqnes exist without the requirement for centralized control of colony resources. This

leads to the development of new subfield loosely referred to as ant inspired algorithms.
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2.1.2.1 Ant Systems

The barrier with two ends experiment lead to the development of three algorithms by
Dorigo, Ant-density, Ant-quantity and Ant-cycle for application to the traveling salesman
problem (TSP). In these algorithms each ant iteratively constructs a solution to the TSP by

was shown to be the most effesiive™at optimizing thesiSP. problems addressed. The Ant-

cycle algorithm was later refige
2.1.2.2 An Ant-inspired

The ant colony gnetaphor fog sea 1IN ntinuot gn spaces proposed by
Bilchev and Parmee [3] raféregies the doublg barriers eriment and the work of Dorigo
as its inspiration. This g@lgoriiim § tts . -, 2 S a continuous n-dimensional

| the search domain. Vectors are
: H t are i

space that is found by rung
projected at random from thisfpositii ound and a series of random
jumps are made from these ifitial\yectors u_nﬁj" : tion criterion is met. If the resultant
position is better than the initial veClerthan the al vector is replaced. This process is
continually repeated with higherqeality-vector ore computational resource than
poorer quality vegtefs. This algorithm is essentiall / a local ses ch algorithm which
probabilistically 1{— L#’ d makes a random
change to it. The orisﬂ solu ﬁe is beneficial, and the
probability of selecting#this solution as a starting point is adjustée’ positively or negatively
based on the result of thel'a'ﬂ)m change.

covmelidel) I/ EWl‘ﬁ'W 8113
d;ammmm AT TN

data ase or pages in World Wide Web. Regularly, the documents are not stored directly in
the information retrieval system, but are instead represented in the system by document
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surrogates or metadata. The goal of information retrieval is to take a query and return a set
of documents relevant to the query.

The information retrieval process begins when a user inserts a query into the system.
In information retrieval a query does not uniquely identify a single object in the collection.
Instead, several objects may match the query, perhaps with different degrees of relevancy.

An information retfieval_systes " al intercenneécted modules as shown
in Figure 2.2. The two basiC Jtiding an 2% and querying the index. The
index, which is an importag gt of n. val system, contains the searchable
features and enables fagifqueg WErings \\

Building a search indé€X si@rtsfwith a gra dearch eng s use a crawler program
to find new documents ifi"a se. [T tase ot Vorld Wide'Web, discovery of new
documents is accomplished rting” ing WRLs and then recursively
following all hyperlinks from : The Craw ng process of file share
repositories is quite similar ta™V T"f"f'r ¢ - Sir yperlinks exist in file shares, the
crawler simply uses the operating sy ting command in order to find new
documents. Hence, it rec ing a breadth-first-search or
depth-first-search apRioach Other types of reposiones-are-erawic’in a similar fashion.
The crawler *"_ “ » ‘ ghly dependent on
the targeted informatioﬁtriev applic: case, arch@the full-text content is
enough. In another case, search in full-text and metadata is relevant. In other scenarios,
only metadata | considJeﬂ.it_erature retrieval ®ebls might be restricted to search in
metadata in ard rurﬁ t{%p%hﬁr} ri %trWll%%tﬂ ‘i

The ou of the crawler is delegated to a text processing engine where several text
manipulation tasks are conducted. For e)‘mple. splitting sgatences into words, fesoving of

document and help to differentiate it from others. An index term is a content-bearing key
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which needs not be single word but may be multi-word units. For instance, the text “sony
notebook” might be processed to the single index term “sony notebook™ or to the index
terms “sony” and “notebook”, depending on what is relevant for the application field. The
important point is that the same text processing pipeline must be applied to a user's query.
Otherwise, difference between indexed content and queries could lead to inconsistency in

the search results.

In the next step, the he indexer which builds an
inverted file. The invefted file is an index structure where *Xed term is linked to the
document where it/oceL 1 f’ documents matching
a query terms can be - nd T

Once the index g onstructed, the information retrieval systefn can be queried by its

users. Comparable to tige ﬁd processing ste‘_jhe query is first analyzed by a text

::s::::;::t.ﬁf AN, m‘mﬂﬁm nknia

The se her processes the quepy and retrieves all relevant docum from the

ARTANASU S TN Ty

In the final step, the retrieved documents are passed to the ranking module. This

module plays a crucial role, as its task is to order the results by relevance. The documents
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matching best the user's information need to be located at the top of the result list.

2.2.2 Document Selection

Document selection is the collection of documents that are relevant to the user's

query. Selected documents are prese on similarity between the query and
documents

Construction InformatiorisBio! ,. 3) [41MimpreVesathe retrieval process by using
user's profiles and a type of ¢ orative inf 'Mfach profile is associated
with a set of interests and ic awsel of keywords and information

ulatmg queries. When a

context. These profiles can : 1\:\\\
, "\\

user uses the system, . d" profiles according to
\\ ocess of querying. When

a user downloads a docun [ s'a Highu . ' e doeument the client agent on

particular interests. The

1ent and use them to improve
the user's profile. The upds '_ ' iles ; icol "& nica d to the server. The user
can also explicitly modify#the @Se@pr f Creéating pew 1 e adding keywords and
giving weight to existing key#ords: : ' \‘\

2.3 Evidence for Document Rele

The relevance of a dog s sources of evidence. This
section gives a briefinffoduction to's: everal oth Sr SOUrc es of evidenc :_-

Scoring metri_ - Vo ca be classified into
two groups as quer:Epe . -:,i ent evidence. Query
dependent evidence ns that the relevancy of documents dep ds on the query. Query
independent evidence is aﬁtﬁ value which is ass@clated with a document. The PageRank
value is a q ﬁzﬂeg\ﬂﬂnﬂ ?ﬂﬁlﬂéﬁ%nt documents
higher than ) 0 ind dent because M relies on the

a

document's last modification date to calcyfate relevancy.

AIVLE QI IANYAALL

score nd the query independent scores are transformed into two rankings. The merged
score is computed based solely on the items' position on the order of the items. A benefit of
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this approach is that power law scores can be combined with linear scores without
introducing a potential bias towards a few pages having a very large score and the majority
of pages having no score. This method could be applied to combine the PageRank's power
law distributed scores with the tf-idf scores. In the second approach, language modeling
prior, a prior is calculated for each item which is then combined with the language modeling

Content evidence cove . %\ cal hered from the indexed
object such as full text™metagfie turdl informati - *hor text. The full text

b
content of objects is a g 'sgligfe elevance renking used by almost all search
engines.

Data provided in her quality than data in

full text content. For examgle, tie guery - ord <Y ' . . the title meta field of a
document d1 and the sa ‘ . : . the, full text content of a document d2,
then d1 is considered more - ' \‘\

Similar to meta field vithini G&rtain st al pa t of documents is considered
more relevant. For example, & ufient heading good summary of the document.

Therefore, if a word is matched in bolp-heai

Links. which eectir in 2 docum snt. could be described : LEers)
The label of a link -b"_ N

anchor's text is like a taﬂwat g

2.3.2 Context Evidence & g, o/

SEANENINang. ...

used by adaptive systems to adjust the rahking of results. Rmmon examples Wuntered

AT S ST VTR

deduced by mapping the user’s IP address to the geological position.

aragraph, the match in the heading

should be considered more
“of gtructural evidence.

i f# In other words, an
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2.3.3 Time Evidence

Timestamps are an important part of many information objects. Typically, the relation
between a timestamp and an information objects reflects an event which occurred at the
specified time. Common events are creation, modification, and deletion of objects.

Time has an important role when searéhing far information. In case of news, users are

3

users who are looking for oldg example, a user might not be

interested in the current techngi JAVA evolution.
A better approach wWoulg#be i€ Sidef the, distrik \..\ elevant documents over

time. According to Li anglCroftd? ) ihefefarathiree types esuThe first type of query

specific period in the past The s Tors’ . me baseline models. In

has a uniform distribution o ond type of query favors

very recent documents g&nd ant documents within a
particular, it outperformsithe |ifeagcc ionmethod )-. J ost commercial search
engines. :
2.3.4 Hyperlink Evidence

Link information become . es of evidence for ranking
results. However, tQis*kind of evidence IS not™ very-useftitin e part of intranets due to
structural difference l-"; ) 1‘ e, etc, usually lack
a comparable linkageeggct & ther need is to apply text
analysis. Because there are barely explicit URLs in non-HTM ocuments. extracting
citations with Natural Langlbﬁprocessing (NLP) techniques is a difficult task.

ARTAIT U N s

with tHe shorter URL has probably a higher authority than the other. Pages located at the
top can be considered more general than pages located in deeper hierarchies.
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2.6.6 Feedback Evidence

Implicit feedback describes evidence which can be gathered through observation of
a user's interactions with the search engine. The extracted evidence can be query
dependent as well as query independent.

Closely related to implicit feed‘ < is licit user feedback. In contrast, explicit
feedback is usually of a higher quality of re
as implicit information. The in

implicit feedback.

2.4 Personalization

Personalization is t i enling the rightinfermation to the right user at
the right moment b ' peging, - ar presenting information customized for
individual users. Web Pegg8or iPnJE aset g p s that ean tailor the web experience
: 2Nces are users browsing
_ atterns, etc. Most web
personalization systems aregba Bn$6 ) }'\‘ ofile. A user's profile is a
collection of personal data' lated fo.fefentifyitgpics of interést to a specific user. The
user's profile may include demogr -},mn-‘ai' a8 name, sex, age, occupation,
interests, and preferences. In order tescanstructin tial user's profile, information may be
collected explicitly by the : software agents. Moreover,

information may be| calle ! efed by the application

server tself. \ Y7 : Y )
Explicit user info _“ atio o "'on input by the user,

therefore the main preb

m with explicit construction of user's Qibfile is that user may

provide inconsistent or ianrrﬁct information. Whilﬁe user's profile remains static, user's

interests an 5] i ; s profile often
places a burden o r whlich regs i

Implicit Lﬂlr information coIIectaon apes not require any additional mterventlon by the

el 64 ﬁﬁﬁﬁmﬁmﬁmﬁﬁ e

from fje user's behavior. Browsing histories are a common source of information from user's
interests and preferences to be extracted. These browsing histories contain the web pages
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visited by the user and the times and dates of the visiting. Hence browsing histories can
provide personalized services. The drawback of this technique is only collecting the user's
browsing histories from a single computer. Nevertheless, the users could share their
browsing histories from multiple computers or install the same proxy server on each
computer they use habitually. Moreover, the users could share their browsing histories by a

login system, using the same user’s profile ins@veral locations.

1
Numerous personalization appro: 1"'; 1' f /
aithe s,

browsing. The agent is implemenis  as

browsing abilities or a plug®inmesai. existing, browseis=ie*@gent is installed in the user's

to collect user's infoarmation during

d-alene application which includes

computer, so it is able to capture.ihe User's activitiesswwhile the user browses. Furthermore,

the agent can collect richer igiel o ff /e ,1. '

each web page, bookm@Fkingg@ndeigivnloac «\“ﬁ zia [9) was'e
!‘ sefs fae _\::.\\o\\.?\‘%h on formerly visited web

eb. page t

Personal WebWatcher i€ angfhed eemple-c g agent t \"s orms more significant

tasks such as highlightingg€le erlinks' o tHe user, rec mending URLs, or refining

L]

Ls visited, time spent on
e of the first system that
interactively collect andg@Xplaif” igap,

pages. The system sugag at user might interests.

search keywords.

The disadvantage of roy :
new application on theif* corgpt 4564 ing browsing instead of a standard
browser. The browser agent#focuses on Gt "Information as they browse. The

re quires the users to install a

browser agent captures and shares ies on their computer, which is called

client-side approach. All client-sidedppioaches e burden on the users in order to

install a new appli¢atis

In contrast, :I;r""

l}‘.‘ﬂ Iser's activities while
interacting with the m ‘I'T" is called server-side
personalization. This roach places no burden on the user a IJ can silently collect the

information by cookies, I@E and session IDs.H&er's information can be collected from

two main s &S ti S terdch

The serv ﬂﬂﬁiiz i nﬂmﬁsmﬂ:lﬂaje users do not
need to instalm new application on thei&.computers to collect their information. The service
is eroviding p liz r ingywhi -ﬁ’ i ith the site. In
EARUGANIENFSeRAVR IR/ bR thabak
everﬂuhere. they do not need to access the site from the particular computer. On the other

hand, the disadvantage of the server-side personalization approach is less available
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information because only the activities at the site itself are tracked. However, several
projects have been successful to provide personalized search by building the user's profile
based on this information.

User's profiles which can be modified are considered as dynamic, on the contrary to
static user's profiles which maintain the same user's information over time. Dynamic user's

profiles that take time into consideration may digcriminate between short-term and long-

C r's current interests while long-term
user's profiles represent usef's interests - ject to frequent changes over
time. For instance, conside ! , L&engines for his daily search.
One day, he wants to take Jcation _ lhe.search engines to look for airplane
_ : ' ing interests as long-term
interests, and the va ntaiestsfas sportterm nteres I e user returns from his
vacation, he will continug : 1 ing-fésear. d, the vacation information in his
profile should be forgol ® fhayfcan Ghange tapidlyias users change tasks, less

information is collected 1-18 er's.ig 5 harder to ldentify and manage than
: collect information about

the subject that a user ig 1 of t \ that present this interest, in order
to improve the quality of infg jon-&c erse I [@ntions.

In summary, to genérate § toft " - onaliz ;‘t search, previous studies have
asked users for explicit infofmatii rcfi(-' it information. Nonetheless, users

habitually are unwilling to provide explicit o . Implicit information has obtained
users’ information by observingthsirinteractions it information will take time and

may raise privacy.coh generated from implicit

-
 Breferences have been

2.4.1 Personalization Bas‘t:l Search Hfsrones

- SULINUNTNEINS. o

personallzmgﬂe user's interaction. For ﬁxample if the user submits a short qu'} such as

ol fabo R fa il AL ik ik sl i

recenly searched for an iphone, the apple query is more likely to be related to product of

information may conteit

a2

estimated from user’s miw As

the computer company.
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The approaches which based on search history can be organized in two groups.
Firstly, offline approaches exploit history information in a distinct pre-processing step,
usually analyzing relationships between queries and documents visited by users. Secondly,
online approaches capture the available information and provide personalized results
taking into consideration the last interactions of the user. However, an offline approach can

implement more complex algorithms becausé tlere are less urgent time constraints.

2.4.1.1 Offline Approaches

An innovative personz D algorithm [10] based on
the click-through data analysi e typical scenario of web
searching, where the e search engine returns

a ranked list of the retrie N pages of interest. After a

period of usage, the System will h&\@: retorde oful clicksthrough data that could be
assumed to reflect usergifinteg@stsfane e ‘\

The offline approachgs adeire \ b search. The first concerns the
study of the complex relationship tweﬁhus \ > visited web pages. The
second challenge faces the preblem” nt fr!'}- ‘M3 --' a user generally submits a
short queries and visits féew Pages. Ao "" & rece "\. izing relationships among the

information becomes a hard {86k O, €A}y 0! .g_,;;-

S
2.4.1.2 Online Approaches - ,_ o LA S L

Speretta and\Gauch 117 IWhich improves search
accuracy by creating Hr S S 'II =selected search results.
These profiles are useddo re-rank the results by giving more impiance to the documents
related to topics contair‘eﬂ their user profiliJn their approach, user's profiles are

SO b 2 3 ' o
the refere ra fi cho as the search

engine to per!!nallze through a softwa wrapper that monitors all search activities. For

RIS U talal 1 flaba e

Koutrika and loannidis [12] presented an online approach where user's interests and
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preferences are represented by a combination of terms connected through logical
operators. These operators are used to transform the queries in personalized versions to be
submitted to the search engines. An evaluation shows that when this personalization
approach is applied, the users satisfy their needs faster compared with a traditional search

engine.

The ability to recognize user in a completely non-invasive way, without
installing software or using proxy acy obtained from the personalized
results, are some of the main adve 1es of this#e . Moreover, ranking does not
depend on a global relevancesmeasure, but ranki d from the context of user's
interactions.

2.4.2 Personalization
This section p / h systems based on
complex representationg © er fegds. - 12, g pased on frames and semantic
: _ cepts in a given domain,

| _ Aol N
and the related relationghipsgbe W nem.. Eve ese prototypes share some
features, the mechanisms \ and the way the needs are

networks, two Al structuregide

[

represented are fairly different.
2.4.2.1 ifWeb

ifWeb [13] is|a.ds ligent ac of supporting the user in
web navigation, retfieVal, 2 f{b’ specific information
needs expressed by # scripttens, and web document
examples. The ifWeb i exploits semantic networks in orderm

The user profile is‘l’Eﬂesented as a welw-d semantic network and each node

SN 0 A 03 ' o
of terms that co-o ti ork and of the

co-occurrencalelatlonshrps allows |fWe-.p to overcome the limitations of s:ma); keyword

TRAAIAIUURIIR AN e

|fWeH presents a collection of documents to the user who selects the ones that meet user's

reate the user’s profile.

needs. Then, ifWeb extracts the information to update the user profile from the documents
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on which the user expressed some positive feedback. Moreover, the prototype includes a
mechanism for temporal decay called rent, which lowers the weights associated with
concepts in the profile that have not been reinforced by the relevance feedback mechanism
for a long period of time. This technique allows the profile to be kept updated so that it
always represents the current interests of the user.

2.4.2.2 Wifs

The Wifs system [14]is%e .. ﬂtng
search engine ALTAVISTA In respense to a query |
and reorders page links returng & seafch engine;taking account the user model

documents retrieved by the
€ user. This system evaluates
of the user who type 2dback on the viewed
documents, and the systefi Uses that jegdbaek to up _‘-- & the usermodel accordingly.

The Wifs system has bee , [0 de i '- ess of the user profile
in providing personali : ¢ sfiieved by ALTAVISTA.
Considering the whole set gf dogur . engine following the query,

three relevance sortinggStrucilires: are n ) . )ased on results provided by
ALTAVISTA, Wifs and the #Ser ATH& &= "“’ o . 5 working sessions and 24
users. The ordering of theffirst 80 resulf§ was Cehsidered. IEshows that the system provides

roughly a 34% improvement®whg ¥ €ompareg search engine's non-personalized
results. -
P _r -.l"I

=

2.4.2.3 InfoWeb | . A
= Y]

InfoWweb [15] is ﬂin S apti F' content-based retrieval

of documents belonging to web digital libraries. The distinctive ¢ 3 acteristic of Infoweb is
its mechanism for the cr@t ﬂand managementﬁ stereotype knowledge base, and its
use for us n of the most
ﬂummwmﬂ 1 4 e Wi

expert. Info uses the stereotypes ?xciuswely for the construction of the initial user

AR NN T

user provide an assessment of the documents retrieved by the system.
The InfoWeb prototype is specifically designed for digital libraries with an established
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document collection and the presence of a domain expert. Nevertheless, some of the
proposed techniques, e.g., stereotypes and automatic query expansion, can be also
adapted to vast and dynamic environments, such as the Web.

2.5 Summary

Chapter 2 has given a backgroun ) 81 h fields which impact the contents
of this thesis. The first is the research fielt ny optimization. Ant colony
optimization algorithms are"panticularty use« ( ambifatorial optimization problems
and have been adapted [0 maaysreseargh fielass According to the double barriers

gorithms which is one of
the most interested sub

experiment and the work of Dgsi@6, 86th o
-y /xy

The second reseqigh fie 5 information retrieval (IR),

which presents the overvig¥ S and document selection.
i ¥ F "
Information retrieval examine { I=1 ovide th levance of search results,

which is the focus of this thésis JCoaseguentiy, >search field is an essential part of this
%

thesis.

Evidence for documegit rejlevance 18 the' ‘fésearch field. In order to achieve the
accurate user’s profile, vaflous @vidences ifs ollec ‘\‘w and analyzed.

Finally, personalizatior ’I?E*EE‘? d.) ersonalization is the process of
presenting the right information to the=ric e right moment, this research area

becomes an indispensable partm itk
All of the re seaich
using ant foraging a q_,-

]
AULINENTNEINS
ARIAINITUNNINGAY

alization of search profile




CHAPTER Il
UNDERLYING TECHNOLOGIES

After an introductory given in the previous chapters, a closer look will be given at
some technologies developed in thesis field. This chapter will present technologies that

influence the design of personalized sez will be grouped into five areas.

In the first part, technologieg that 1‘ ’! ; o o describe the documents in World
h
e Usg

Wide Web are introduced. Me - L6 efaraeterize the user's profiles. Then,
"" Bl

user’s profiling, which is the'methed describing the _ fistics of the user, is presented.

In the third part, text processing loeduce it§ compiexily by converting the text to indexing

terms is explained. Nex which ‘handles. largé amount of information is

described. Finally, sei le semantic concepts is

explained.
3.1 Metadata

il ra 3
Metadata is strugtliredfinfafmatiom thatidescribe . locates, or otherwise
makes it easier to retrieve, uSe, df mandde an.in 0 . Metadata is often called

\

data about data or information @bout _;i-,.,- ations Metadata schémes have been developed

\ ;
\

to describe many types of je g apd, non-fe Dj€ including published books,
electronic documents, art objects —education: d training materials, and scientific

e
datasets. #’L A4 e

There are th ee.dn

il ;_‘p‘:"“"""""“'"“" I:‘g ch as discovery and
identification. It e ¢ ract '-"hor. and keywords.
2. Structural mei@data indicates relation between compoun bjects that are put

together, for exampr, ‘&hlat is relation betweir}each data in the same category.
3. Adniifistfati 1t Vi , such as when
and miuﬂﬂmﬂMﬂHﬂﬁ‘jﬂal subsets of
adminisutive data, two that are lis&ed as separate metadata types are:
e igh ith=int tual atisibutesig
ol shapsipini kil
q preserve a resource.

Metadata can describe a collection, a single resource, or a component part of a
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larger resource. Catalogers make decisions about whether a catalog record should be
created for a whole set of volumes or for each particular volume in the set, so the metadata
creator makes similar decisions. Metadata can be embedded in a digital object or stored
separately. Metadata is often embedded in HTML documents and in the headers of image
files. Storing metadata with the object it describes ensures the metadata will not be lost and

3.1.1 Metadata Fearu

A reason of discovery of relevant
information. Moreover resources, facilitate
identification, and support

\

Organizing Electroni¢ R 25, as’ft n eb-based resources grows

N

'
rapidly, total sites a i Ll e NIZin! K8 (o resources based on

interoperability and |
archiving and preserval

audience or topic. Lists of wek e - & Bt : tatic °B pages, with the names and
locations of the resource - :\ efficient and increasingly more
common to build these web pages @ V@, .i!;' adata stored in databases.

Digital Identification, most metadata sche clude elements such as standard
numbers to uniquely identi : adata refers. The location of a
digital object may ;:,4 uore persistent identifier.
Persistent identifiers
standard URL invalid=in yoint to the object, the
metadata can be comed to act as a set of identifying datamﬂerentiating one object

from another for valldatlori'pﬂoses

ciﬁi:'ﬁﬁﬂ YNNI

elements to ck the roots of an Obj t, to detail its physical charactenstics and to

ﬁmmmmmﬁﬂm ek o

dlgl Il preservation, including the National Library of Australia, the British Cedars Project,

ta J hange, making the

and a joint Working Group of OCLC and the Research Libraries Group (RLG).
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3.1.2 Metadata for Search

Metadata that supports the search function consists of any information which helps
a user discover an information resource. Author, title, and subject indices are traditional
metadata elements for searching, but these data are typically not the optimal search

indices. Therefore, metadata elemen ontain imagery, models, and related
bibliographic materials in a het ous [c ujed archive maintained by several
investigators ’//
T
Table 3.1 Summan.ef Metadata Emsearch Function
Spatial Indig o N/ Fe E‘;  Indiic ‘\ Thematic Indices

Geographic region I/ f f M E \:‘k‘\ ollection name
Vertical range " ey, ", [ Data typ

G SN

Vertical position ryy m ¢ celatjort h‘;\\"ﬂ Related variables

Topological, metric relz ﬁ g ‘mﬁ; ‘\\\"\ | Keywords

’ EET'F E X \\"ﬁ. Variable description
% ‘\ Data collectors/authors

ki«

The search indices should—Be muitic ! Sional and include various spatial,

Horizontal position

temporal, and thematic indi eral different forms which might
comprise an index-for two di space, " threedimensiohal ) space, topological
relations and metricyélations. The ter lefciér as well as process
time and temporal reﬂ S arches on any type of
data collection, data ceifector, thematic variables as well as mea

Table 3.1 provides a potal'tiﬁst of metadata elerﬁpts for search.

.07 o e
considered relev ea compasses: the information

required to find a data set which meetsi- set of criteria, t&can overlap with %ﬁluatlon In

ARTAITT NI TR

2s of variable similarity.
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3.2 User Profiling

In general, the selected pages of keywords query are done from the pages returned
as search results by the search engines. This method selects the search results from
matching between keyword query and pages. Therefore, this method has a problem in that

not all the selected keywords have to dow e user's interests and preferences. User

Profiling, which gathers the informatic  abolt /i er's interests and preferences, is
important for this problem. User profiing is an/GPproaeh towards the personalized system
where user’s profile includingsusers inte PrElS 38 can be accessed during the
process. Moreover, users With the loag-term -‘."‘-'-Iaw eferences can be grouped, and
feedbacks of one perso
the same group.
ations. For instance, the
s of similarity and
izeéd web search engine can

3 =
construct user profiles’| rOWS! stofy-an@l cense o de personalized results

User profiling process cg Honly- €0 sists<of thre: al steps. First, an information
collection process is used € e[S {o} : oN. 1d and third steps focus on
user profile representation an@'construction from 2r's information, respectively.

-

3.2.1 Collecting Information About tsefis '~
The first step. rofifing tech I-:l*_",'g users. Collecting
Information process CeRgi: €-d Dasic requirement is to
be able to identify usef.f The next phase is {0 Collect user's infor: jafion. It may be collected
by eprIC|t user mput lmpllmt software ag nt gathering. Depending on how the
FTTJEI”'I ﬂWIW g TN

3211 Methom for User Identification

ARADIATUUBA AN B

tnforﬂ\atlon about individual user. In case of email service, the user is identified exactly by

user's email address. However, in case of web users, it is difficult to identify which page
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download belongs to which user because the same user can use multiple computers and
more than one user can use the same computer. Hence, user identification is an essential
ability for any system to represent individual user. There are five basic approaches to user
identification: software agents, logins, enhanced proxy servers, cookies, and session IDs.
The first three techniques are more accurate but they require active participation of

the user. Software agents are small prora ns that reside on the user's computer, collecting

user's information and sharing wi l\t € \“ e protocol. This approach is the most
reliable because there is more

identification. However, it RL-L, >r's _ i Hedmeorder to install the desktop
software. The next most reliable meihed is lagin- ecause the users identify
themselves during login-"The idg . accura d the users can use the
same profile from any |ge@t: i/ / e users hav create an account by a
registration process and g And _ if eachitim 2nithey he site. This is a burden
on the user's part. EAfian 30 efvers . £an, also ‘ €asonably accurate user
A

identification. Neverthelg equire users to register

their computer with a prgx rally able to identify users
connecting from only ongilocs J SE 5. register all of the computers they

4

use with the same proxy se
The final two technigties, fia ICOOKIeS 4 d session DS, are less invasive methods.

For tracking user's interests afc BTeNCES, -C @are the most common way of client
side data storing. The first time thata-brewser-cli ects to the system, a new userid is
created. This ID is stored in a cookie-On ihe Use ter. When they revisit the same

site from the same (comp burden on the user at

all. However, the mainrprobiem with this typ: m'is, when the user uses
Ay o

more than one comp' , 68 FCogkie and a separate user

a0 one user uses e Co

f |
profile. When more t puter and all usegs share the same local

userid, they will all share ﬁ\e same inaccurate proTmeally, if the user clears their cookies,
they will los to the user and
if the userﬁrcﬂ %l ﬂWﬁmrﬁﬂ zﬂj:n’ﬁtracking is not
possible. Sesmn IDs are similar but th re is no storage of the userid. Each user begins

ARSI s

QTo summarize, cookies are extensively used and effective because cookies are the
least invasive, requiring no actions on the user's parts. Login-based system is better
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accuracy and consistency to track user's information across sessions and between
computers. Consequently, a good compromise is to use cookies for current sessions and
provide optional logins for users who choose to register with a site.

3.2.1.2 Methods for User Information Collection

users' need by collecting infon ation abo T information is available for a
«Obviously, the user's query

user's profile based oi ed. An effective way to

improve user’s profile_is# _ A 1at user's interests and
preferences are. Unfort ua elucta make the extra effort to
provide their informa er a user's information
need based on any im gh user interactions and
thus does not requir

User's informatio selecting interests and
preferences as explicit infor iracking’ Aser's 'es as implicit information.

Explicit information gathe ' e, ¢ sad v it that only represent certain user's

interests and preferences in NEN IS 2rests and preferences are likely to
change. Finally, user's informatio ---’-:5;:,..‘.“_ om the given information. Although
implicit information gathering -AISB :"" ,\#u, be collected from unforeseen
information. i

(7 Y]
3.2.2 User Profile Represer. ﬁ

There are many wa*s to represent a user p&::'file One can place a set of rules in the

profiles. O user profiles
representation. u Em e which tells the importance

of the partlcuﬂl keyword. This approach is useful in the process of keeping user's profiles

o A G wwﬁ%m Bl

prof‘ S.

The concept of a user's profile usually refers to a set of interests, preferences, and



31

information to deliver customized capabilities to the user. User's profile is normally
represented as sets of weighted keywords, semantic networks, or association rules.
Keyword profiles are the simplest to build, but they fundamentally have to capture and
represent all words by user’s interests, then they require a large amount of user feedback.
On the contrary, concept profiles are trained on examples for each concept. They begin

are less user feedback.

3.2.2.1 Keyword Profiles

,.""—" |

The most common repre of f‘

of keywords. These can be
or diret e user. Weights, which

automatically extractes

are usually associated v afe mume s of user's interests and

preferences. Each keyword d preferences or keywords
can be grouped in caig@orie >flect a=moress . Ntation of user's interests.

An example of a weighted in Table 3.2.

Keyw@iaa initi x:ﬂ:mdj'om web pages

collected. The simplest type of keyword@ased profile proﬂ:es a single kewaprof ile for

.:5:1 AN IR NIRRT

towa s the middle of these two topics, creating a picture of a user interest in programmers
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who cook, or a user interest in cooking menu which programmers like. In contrast, by using
a pair of vectors, the user profile more accurately represents the user's two independent
interests.

Amalthaea is one of many systems that create keyword based user's profile by
extracting keywords from web pages. Each user's profile is represented in the form of a

keyword vector and each search result that i med by the search engine is converted to

similar weighted keyword vector. ‘*«-.' @ yegtors are compared to the user's profile
using the cosine similarity fogmula a Wy the sults which are closest to the
user's profile are passed to the e Weig! eclors have been used in many

fields, such as personalize ine ' ~web. page. recommender, browsing

assistant, and recommender ' \\
WebMate is a p ' g b \W sarching that focuses on

k- & her activities to build the
user's profiles. WebMate a€c =8 ihformat lerests and preferences
when the user evaluateg'the paga curr 1, _! 1 the user clicks on an icon
that WebMate places on g ". ate, ¢ . to the user's profile. The
2rest. WebMate provides

recommendations to the user i 0 ways. " j' had sénds queries that are formed
by using a keyword based pro € 186 J_ Chie . . The second method searches sites
contained in WebMate's resglircg JisElaving e je keyword user's profile. Once the
user profile is changed, the user caff'g “Wet e fo recommend sites to the user.

However, keyword profile=is-gi olute of words with no provision
to capture the semantic meaning. In addition, learning the keyword-based user's interests

_
and preferences ‘_f l,"-.‘ ollecting information

across multiple seam{ﬁte 0 e. \ oﬁver. the words collected
solely from the user @e‘not allow the system to determine the usef's intention when a new
search topic is encountelfd

mﬂummm nweIn9
fmu N ';rm: BIIngS T

en nodes. The semantic network can be used either to represent knowledge or to

support automated systems for reasoning about knowledge. Figure 3.1 represents the
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simplest form of a semantic network.

Vertebra Cat _has___} Fur

ish English, with its Gellish
of relations between

An example of sem
English dictionary, is

concepts and names of stwork of (binary) relations

between things. Each réfatioghin ifie.n ok S-anexpression’ef a'fact that is classified by a
relation type. Each relatiogityp it : efifed in the Gellish language
dictionary. Each related thing iS'e itherBiconcep! ) individual thing that is classified by a

F =

concept. The definitions of ‘Conc ’{""-:.. e form of definition models that
together form a Gellish chtlonary ﬁ,n

A semantic nafwork ' a aptic petwork in which each
node represents & ;_,;;::::.—..::::.’-::;?...-2::'...:;:':;3;:-.;;.::.;;., iengormation from users.
This profile captur ”" pfdds used and can be
used to discover inheﬂt relation: . Se ’anti etwork profile is similar
to keyword based profile where keywords are extracted from the users. The difference is
semantic network proftle‘.aﬁ extracted keywofl§' to a node in the network. Semantic

user's profil ﬁﬂ} ﬁt ip eﬁﬂﬂ % and concepts.
Hence, it ¢ eal effecti non age. However, it also

places a barrier to the effortlessness of system structure. g

AW AT IR

accu te enough to differentiate word meanings. Instead, they used information in WordNet
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to group related words together in concepts, called synonym sets or synsets. They
represents a user's profile as a semantic network in which the nodes are synsets. The arcs
are co-occurrences of the synset members within a document of interest to the user. Node
and arc weights represent the user’s level of interest.

InfoWeb is a filtering system for online digital libraries documents. It builds semantic

network based profile which represent long-i@rm user's interests. Each user's profile is

represented as a semantic networls of ¢ neer f beginning, each semantic network
contains a collection of unlinked no ‘ chiieaChynoderepresents a concept. As more
users’ information is gathereathe. user's profilesamemimproved to include additional
weighted keywords associated willisthe congepts. Thes: words are stored in subsidiary
nodes and linked to their assogi .
3.2.2.3 Concept Profiles
Concept profile 4 d concept vocabulary. |t
functions as a specificatio g of a set of concepts and
provides information ab haWw € iceplislf liopally tied o other concepts. It also
functions as an assembla ._ ' - emantic relations between
concepts and how to combinetthe fungtio! 0f 1 ; epts "4.. single framework. Although
this concept profile is constrd€ted pased gn he its existing standards, it exists
independently of any particular ele i=ei v----,:- standard. Thus, this profile provides a
context for using concepts_in a“Ge Hized we n.be consistently applied to the

establishment of any.8le

Concept ba Ei;:" ;R"g[ in the meaning that
both are represented & 5D n nodes. However, the
nodes in concept basmpmﬁle represent abstract topics considm interesting to the user,
rather than specific wordib &ts of related wordsqjxus the concept based profile requires
some way ser's feedback.
Also, concﬁurﬂqnnﬁvmmmmar represented as

vectors of we%lﬂed features, but the fez?.ures represent concepts rather than words or sets

THAMIAT W NUAIINE D A

expl&mg the contents of the user's browsed documents and search histories. The user
profile is represented as a set of categories. For each category contains a set of keywords
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with weights. The categories stored in the user profiles serve as a context to disambiguate
user queries. If a user's profile shows that a user is interested in certain categories, the
search engine can be diminish by providing suggested search results according to the
user's preferred categories.

Gauch et al [11]. proposed a method to create user's profile from user browsed

validate the quality of the t : “Theyproject built the user's profiles
based on browsing historie : cted by, pro: s m capture from desktop

screens.
3.3 Text Processing

Documents and que 3 tf-idf weighting schema
and their corresponden: easure. However, using
every word of a document _ proach because not all words
are equally significant. Te ighifrequenc any doeument of the collection, such
as the, or, and, a, etc, are no re, @ document is processed by
one or more analyzers. An analy on of several text operations like

tokenization, stopword remao
3.3.1 Tokenization % 4. : AX

Tokenization is tr‘ﬂrocess of splitting the sentences of a texa'ucument into separate
tokens. However, conside‘nﬁnly sentences woulidnot yield optimal results. Punctuation
marks, quot uﬁamﬁﬂﬁhﬂﬂﬁﬁi many other
characters efc réa ecial attention

has to be given to punctuation charactefs, hyphens, dtgltae:nd letter case. chtuatlon

AT LIS T T A

stan rd book number. Removing the punctuation character would put the colon out of
context. However, a query for “ISBN:0072395591" will still return the document as the query
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is processed by the same tokenizer. The last point mentioned is the letter case. For
example, “Toyota Car Rent" and “toyota car rent”, this problem is in general ignored, and
the sentence is either made lower case or upper case.

3.3.2 Stopword Removal

Words, which have a high fregueney 360 ent corpus, are stopwords and
must be removed. High-frequengcy Wi a gandgiis” are not good discriminators
as they usually occur in & : | i . -AnO ﬂeﬁt gained by removing

stopwords is the size reducticn.ethe i st €. "Peeiding en which words to include
in the stopword list is thus K. Mal \;\ word lists exist and the
inclusion or exclusion of'stopy is of \Tt fed corpus. Indeed, in a

corpus about logic words = (ol o 3 hot' ‘~ ed relevant.

Stemming is the pidCess movirt -"'; S a word. Consider for
instance the words “personal®, ‘| onatized” onaliz nd “personalization” These
words have a similar mea _ 0@ s gle term by removing the
suffixes “-ed"”, "~ing”, and : dersonal.” Stemming can reduce
complexity by reducing the number &f-indexed tefmssand hence the size of the index

structure. Another adyantageris relévant docume wnd regardless of the used

query word variationg

Despite its ?“"_ I 1-‘ There are cases,
where words with a dﬁent ear - As anlexample consider the
words “new" and “news", which obviously have different meanings. They have the same

stem as “new.” ¢ - Qs

The di mﬂ%ﬂﬂimﬁiﬂnﬂﬁteﬂﬁosﬂy on suffix
removal bec t d variatiohs trodu€ed thro suffixes. The most popular
suffix removal algorithm is the one develgped by Porter [1 Elt is simple, fast, Want and

I IR A L L.

appro ch based on heuristics, lemmatization is based on vocabularies and morphological

analysis of words. Lemmatization returns only the base of a word form as given in the
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dictionary, namely the lemma. For instance, lemmatizing the word “saw” yields either “see”
or “saw” depending on whether the used token was a verb or a noun. In contrast, the
heuristics used in stemming algorithms might conflate the word to “s.” Therefore,
lemmatization provides a higher quality in terms of retaining a word's semantic. The
improvement comes at the cost of higher implementation efforts as well as a slower runtime
of the algorithm.

The use of a stemming algorithr .,L ” '
reduces costs of storage space and putes abf, ﬁ pefits of stemming. Many search

. In fact, the stemming algorithm

T
engines ignore stemming compieiely becayse ingy.eammaich other methods such as

query expansion. Query expansioassimply means {0« onal terms to the query. Each

word is expanded by its variagist aghieving a sil il x. ct as stemming. For example, the
NS/ /A ¥

query “personal” is 4@Xpand ., sonal \C \m\ﬂ Ona OR personalizing OR

personaliz?tlon , so tha Vi -:-.. :-— _ e ::k'- -' this, approach can become

expensive in terms of cComputatic 2 when leng queries - !

3.4 Classification :
aa

Classification is onef@ppioz «--»,nffrﬂ: Irge amo "!." information. It challenges

to organize information by clagsifying et :-: est matching concepts from a
predefined set of concepts A i) ext classification have been
developed, each with a different app r--—f paring the new documents to the
reference set. Classification h ---’Eﬁ!;_@.ﬂ.é&.i-f_ p.articles, Web pages, and other
online documents, A iptive) information for an

arrangement or divisTor I}',"ﬁ? cs which the objects

have in common. m f"
)

3.4.1 Text Classification ," = 'y,

SORREIRON'IRIR Ik i h 1k o S

document to“e or more predefined Eategories based on its contents. Nowadays, the

' i, Text, ( ification is Maghi 'n'. induelivesprocess
ma ly aa' classifie earni obn@t faracteris Esetof
pre\ﬂausly classified documents as a training set. These characteristics are used to classify

new documents.
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Different types of Text Classification tasks can be distinguished. From a category,
there have two different types between single-label and multi-label classification. In Single-
label Text Classification, exactly one category must be assigned to a document. On the
other hand, any number of categories may be assigned to a document in Multi-label Text

Classification.

Text Classification tasks can alsg b@ diffgrentiated by the structure of the predefined
categories set. In flat categorizatian I"w,“ ‘ ! >d categories are treated in isolation and
there is no structure defining the relationships At hem. Most of the studies in Text

Classification have focusedmensflal classification iichwhas become a well-established
research area, along with magyw@ood glassifiers ﬂam developed. In hierarchical
categorization, the predefined«eatc es; ar 7t adl in a hierarchical structure that
reflects relations between them astihic -" are organi tree-like structures. For

example, there are pé -g tionships tegories. In hierarchical

classification, there can digting ents belonging to a

iption. In contrast, cases

child category also be
where a child category hag#€io o its parent category are called

weak subsumption.

3.4.2 Multi-Label Classification

Many classification methods ~~ 3ayes, SVM, and Logistic Regression,
are of the single-label type. Re "'1?53"--1'.’1"" “\-""’3 ification has received much less
attention. > o

The most poRdlar-approach 1o lﬂg binary. A separate
classifier is learned fﬂ ; set is "'hsformed into |C| data
sets. The data set foi.@ach category Ci contains all example the original data set,

labeled as c if the labels ﬂ‘f E’. original example Wained c, and as ~c otherwise. For the

I’JEZTL”SZLZE! HE ATV IWE T ™"

Howe , this method has two ?aln problems. First, it assumes independence of

RIS N e

Ieveﬂ:an exist. For example, the following categories have some dependency, ‘Politics’ and
‘Unrest, Conflicts and War', ‘Environmental Issue' and ‘Health'. In such cases, association of
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an item with one category may influence its probability to be associated with a related
category. But the binary approach cannot model such relations. Second, a number of
binary classifiers have to be learned which may cause memory problems and time-
consuming because each new instance should be processed by all |C| classifiers.

In addition, less popular approach in multi-label classification is to consider different

set of labels that exist in the multi-label @ata set as a single label. It learns single-label

classifier for C’ categories where €' is 'the ¢ f / / of initial C categories. One of the

3.4.3 Hierarchical Mufti-&e! Sidassifica "

Hierarchical classificatig // '

Firstly, it enables easy location of @quied cate \'\H

' 7 \\\\"‘ ore are a significantly large
! cneasiy io.s p\:\\ -
among some related subgevelfca i." \ _

sets with a large number of

ipared to flat classification.

number of categories. ,\__ \‘ high-level categories and
' - general search among all

existing categories. Sec@nd!|y ects.wa on o s of topics that are close
to each other in the hierarc \ \
Two approaches Were fac f,_ hiers al classification methods as

big-bang and top-down levelbasgd n' ng approach, a document is
classified into a category in the ca tree b assifier in one step. In the top-down
level-based approach, one or.mere-classifiers af ed at each level of the category

tree, and each classifle a document will be

classified by the classifi L,‘:-_"é categories. It will be
further classified by thestlass u iJ it reaches one or more
final categories, whichsg@n be leaf categories or internal categorie 3

One of the import‘nﬂorks on hierarchici}ext Classification is Koller and Sahami

A D 00 L 0 o
each of which co inithe classificati ie show that this

approach enaﬂes obtaining signifi cantly.;ngher accuracy compared to a masswe classifier.

e 3 T UAIINYIAY

Measurrng the semantic relatedness of concepts is an interesting problem in Natural
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Language Processing (NLP). Several approaches attempt to approximate human judgment
of relatedness. This section presents a WordNet-based measures of semantic relatedness.

3.5.1 WordNet

The creators of WordNet refer to | electronic lexical database. This is a

convenient but very complex re ource. | V be visualized as a large graph or

semantic network, where ea ts a real world concept. For

example, the concept coul lty like a programmer, or an

abstract concept like mus

ordNet

/I \\,\\
Relation J ! __uf j’ﬁﬁ"n\ \‘i\\‘\ FXample

Hypernym isag Aﬂjf&m tu h‘m 3rnym of chair

Hyponym is & kind ’,’m 1' 1‘%%‘} ym of furniture

Troponym iS a Wi E ' m m\x\\ oponym of walk

Meronym u\‘;“; it) meronym of a bicycle

Holonym contains pa “~wEBicycle \ _holonym of a wheel

Antonym opposite o g _ J | is'an antonym of descend
T '7 - -
Attribute attribute of iy is an attribute of weight

Entailment entails Pt eptails digging

v

Cause aweto  |tooffendcauses. &
Also see € j_:_— ‘:_f_‘ 2lated to reside
Similar to similag to 3 similar a?sassinated
Participle of is participle of | stored (adj) is th&participle of “to store”
Pertainym of fadial pertains to radius

Every world concept

associated with that node. Thus, each ngde is essentiallyﬁset of synonyms t@represent

WA AI Rl anh R

syns . A synset also has associated with it a short definition or description of the real world
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concept known as a gloss. The synsets and the glosses in WordNet are comparable to the
content of an ordinary dictionary.

What sets WordNet apart is the presence of links between the synsets and the
edges of the graph. Each link or edge describes a relationship between the real world
concepts represented by the synsets that are linked. For example, relationships of the form

“a vehicle is a kind of conveyance" ory‘alspakeyis a part of a wheel" are defined. Other

relationships include is opposite of, | : i Jegiofgcauses, pertains to, etc. Table 3.3
¢ ctwork of relations between word

shows the list of relations defin 3.in.
senses present in WordNet & ast agountOi-human knowledge.

The synsets in WordhNet are divi nte. four distinct categories, each
corresponding to four of theepar spee oh, sucl -‘-'-1 verbs, adjectives, and
adverbs. Most of the rel@tionships defined between t nsets arerestricted to a particular
part of speech and do @ j | eptions are pertains to and
attribute relationships that @xisiE sA Adjec and 1 s, the set of relations

defined on the synsets 4 int regions.

skin
- ?’h . = is—a relationship
. LY e = olerelikien

Figure 3.2: A schematlc of the is-a hlerarchy in WordNet

ﬂﬂ DT ﬁlJ“HH’l’MZ&J A B

and verbs This relation organizes the noun and verb synsets into large hierarchies or trees.
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Each tree has single root node. The more general concept nodes are ancestors of more
specific concept nodes. We say that the more general concepts subsume the more specific
concepts. For instance, entity is the most general concept in one of the noun hierarchies
and is the root node of the tree. It subsumes other more specific concepts such as furniture,
bicycle, etc, which are lower down in the tree. Similarly, furniture may subsume other
> exists 9 such hierarchies in the WordNet

concepts such as those of chair or table.

nouns, while there are about 628 hier: ’ ; bs. The large number of hierarchies in
verbs is due to the fact that the verb hierare .f i/ average, much shorter and broader
than the noun hierarchies. eiage depth of thé.ne archies is about 12.5 nodes,
while that of the verb hierarchies.issabtut 2.3jnodes Eaeh, of the verb hierarchies, therefore,

covers a much smaller portiQge® synsets as compal “.4""'--. e noun hierarchies. Figure
3.2 shows an example e g

3.5.2 Measuring Semantic /el

Given the enormou8 stare of Human knowledge encoded in WordNet, it has been

used by many researchéfs inftle@lopin@measiife of sem atedness. Some use only

the structure and content af Wa latedness. Other approaches

combine statistical data”withfthe sif e rdN_ o0 give a score of semantic
s e

relatedness.

A 40k
3.5.2.1 The Leacock-Chodorow 5‘-*

— -
An instinctiv .}.é word senses using

WordNet would be tc;mm Up 1'the wmynsets. The shorter the
length of the path bei#veen them, the more related they are Gemsidered. The measure

suggested by Leacock ‘hﬂhodorow considevnly the is a hierarchies of nouns in
relatedness chi ed into a single

hierarchy by agining single root noge that subsumes all the noun hler rchies. This

oo LoR ET"EITJ ik el ﬂmag o

taxoﬂomy is determined and is scaled by the depth of the taxonomy. The following formula

is used to compute semantic relatedness:
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shortestpath(c), ep) )

related;qy,(cy,c2) — —log ( 2. D

(1)
where c, and ¢, represent the two concepts, shortest path (c,, c,) specifies the length of the
shortest path between the two synsets c, and c,, and D is the maximum depth of the

taxonomy.
This method assumes the size or weighlof every link in the taxonomy to be equal.
This is a false assumption. It is ob: n in the hierarchy, concepts that are

single link away are more rels
approach, however, does reiative i pplexity.

Some highly related 2 : er vercome this disadvantage of simple
edge counting by augm: re —-;- ordNet with statistical

information.

3.5.2.2 The Resnik
Statistical info ation content of concepts. The

idea of information con paper that describes a
Resnik overcomes ambig 4 istri g the count of a word over

all senses of the word. There: if-the-word “ba gncountered 50 times in the text and

“bank” has 10 senses in WordNet, ther-each-of i 0 concepts would receive a count of

5. This assumes an equal distribuficn-glithe se :
Resnik defings the

they share in com 1__*(:_

2 amount of information
I\:'HJ information common
to two concepts is eq wal 107 _; _mmon subsumer. The
lowest node in the higfarchy subsumes both concepts. For example, in Figure 3.2 the

lowest common subsumﬁr of carrot and radlsh is plant root, while that of carrot and

AP ANLNINGINT

where IC detal‘nnes the information coitent of a concept and Ics(c,, c,)) fi nds the lowest

RIS IR -

com‘ton subsumer of the two concepts. It takes no account of the concepts themselves.

This leads to somewhat “coarser” relatedness values. For example, the concept pair car
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and bicycle will have the same measure of semantic relatedness as the pair car and all
terrain bicycle because both pairs of concepts have the same lowest common subsumer.

3.5.2.3 The Jiang-Conrath Measure

A measure introduced by Jiang @ canrath [21] addresses the limitations of the

Resnik measure. It incorporates theui of the two concepts, along with that
of their lowest common subsumi 2asure s ce measure that specifies the
col ; f simple edge counting with
those of information content introdueed i measure. [he Jiang-Conrath measure

(C,, C,))) (3)
s determines the lowest
common subsuming

The relatedness Id ol if I8 e . denominator, which can

Case 1: i /]

F=16tc.) #6llesle . 6,) - (4)

IC(cs(c,, ¢,)) can be 0 if the Ighest catomon’ ~:' ' s to be the root node since
the information content of thgffoo ﬁdcﬁ;’- m_ (c,) would be 0 only if the two
concepts have a 0 frequency countmim=whic Or lack of data, the measure returns a
relatedness of 0. ¢, and c : ince the root node is a virtual
node created by us and

Thus, in this & @

assess the relatednes _!

If:ﬁ‘! insufficient data to

1
ultl- e denominator when s
IC(c +1C(c,) = Ics(c1, c,)) (5)

- fHIE ] Wﬂﬂﬁiﬂ BIN9 o

This usually h&pens when c,, ¢, and Ic 1, c,) turn out to be the same concept

PV P Rrap e iy wigk ivaim) s g

mor(! reasonable option is to return an arbitrarily high value, signifying maximum

Case 2:tohandlea 0

relatedness. But the difficulty is of selecting such a value.
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3.5.2.4 The Lin Measure

Another measure, based on information content of concepts, is described by Lin [22].

The measure is given by:
2-IC(les(ey, e2))
1C(cy) + IC(e32) @)

relatedy;, (e), c2) =

content of 0 implies a laek =W R“‘* s'eoneept). This measure has a
lower bound of 0 and an

Hirst and St.On the _ :\' of WordNet to define relatedness
between words. Note th i OF olatedness between words and not

between word senses 0Of co Inlikethe above measuresithat considered only the is-a

hierarchy of nouns, the Hi Onge ». 2 ldgtue ' all the relations defined in
Y !?E'

WordNet. All links in WordNgt are },‘_4 oc—¢ i (e.g. part-of), Downward (e.g.

subclass) or Horizontal (e.q. oppc¢ _:_ ] ). ver, they also describe three types

of relations between words such as.ex nd medium-strong. Any two words

ceffdin rules summarized
oA

-

Al

e same word. Observe
rp

of words. : J

are related by one 0Ofythe

below.

Extra-strong refétion:
]
that this specifies a rel ii pnship betwee
Two words are related by a strong relation under the following conditions.

. | words {o the,s S in Wor . Far example, car and
BREATTEN I WENTS

. If“ two words belong to two synsets connected by a horizontal link in
WordNet. For example, two ﬂords that are op@dsite in meani’rﬁ, su@hfas hot

AR ERERATTLEL AL

word and there exists an is-a relation between the synset of the first word and
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that of the second word in WordNet. For example, school and private school
have such a relationship.

A medium-strong relation is defined between synsets connected by a path in
WordNet that is not too long and has relatively few changes in direction. The upward,
downward, and horizontal classification of WordNet relations described earlier in this
Asé The weight of any medium strong path is

section, indicate the direction of the ral

given by \

Weight. _ angtl ®hamges in direction (8)
where C, k are constants’™ liuiTi-Strongy relatiGhs=haV®" some additional restrictions
regarding the direction tha !a ay follow. The.path between two words with the
lowest weight is the one al / sied. These- tf ypes of relations describe the
degree of relatedness#fWwordg
3.6 Summary

%, i :
5@ personalization of search
L]

yresented in Chapter 3 are

Several research fie|ds d
profile by using ant fora@ing
related to personalization.

As far as the dodumefit colledlion of - net is ‘concerned, metadata and
classification are possibilitigs tg’ydescrive. the documents. Moreover, these
technologies may be used to -h.::-r::....:{ oncepts and thus present additional
information in the user's pro

Besides the deSeription of the infi rmation retrieved, a ofiption of the individual
user is one possibility e Hd information about a
user can be held by t -i serp I-.-

a'. i¥

AULINENTNEINS
ARIAINTUNNINGAY




CAPTHER IV
PERSONALIZATION OF SEARCH PROFILE USING ANT FORAGING APPROACH

The focus of this work is to provide the most relevant search results to a user by
personalization search according to user's profile. The approach will adopt ant colony

profile.

4.1 Approach

The approach investica d search based upon user
profiles constructed e search site itself. The
reference architecture o© appr ided in three subs stems, namely, building the
user's profile, classifying th€ usér's p ofilé: ddtalie ,\ ing the search results by

means of the user’s praojile
4.2 Reference Architect
The reference consit igure 4.1.
4.2.1. Building the user prof HEnCe
1. Annotating Web Pages
2. Assigning Pheromotie Value.
3. Updatidig
4.2.2. Classify t!,c
1. Compu _.

2. Creating.d bipartite graph.
4.2.3. Search persqga Etion encompassingh_’

PLILEL AT NELIN 3

ltchmg between short-t?rm and long- term user's interests.

Qﬁﬂﬁﬁﬂ‘imﬂﬁﬂﬂmﬁﬂ
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Building User's Profile

r- e T e e e ) e B S B e e S S e R e S R TR - =

Relevant Search Results

4.2.1 Building User's Profile

A user's profile représe fe dser's-intepésts"and preferences in order to deduce

user's intention for queriesfin thisdapi e user's profile is constructed by
transforming the information®fro f,.'f—:f of HTM: hent to sparse words and applying
ant colony foraging behavior o 5: The sparse words with the most
pheromone value are used ¢ preferences. A user's profile
consists of a set '-":---:-:—:f-r-—e-—-'---fr--—:-r'-z~:--.--w-—~---—- S€! of elements and its
: s l that category. The
weight or score of us interes s'the significance of that element
ory. ‘

The fundamental r‘rﬂe of user’'s profileficfeation is inspired by the nature of ant

colony fora ﬂ%%ﬂﬂ;ﬁﬁﬂﬂ lai nication means.
Ants will ty heri ty"and quantity of food

found at a source when foraging for food. Consequeﬂ a strong pherorwe path is

AR S L AT LT ACEL

dep ted, it is to the advantage of the colony for the pheromone to evaporate over time. This

corresponding wei .

with respect to the ca
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eliminates the possibility of ants following a strong pheromone trail to a food source that has
already been diminished. It follows then that, in a situation where there is a certain
probability of food randomly appearing, the colony could find new food sources.

By the same token, the user's profile is changing periodically. Thus, to solve the
problem by optimizing of the pheromone level of concentration, a pheromone update is
required to keep the user's profile up. t@ date at all time. Bearing this notion in mind,

assuming that web page destinations g r: ! f 9Bl sources, the system adds the interest

scores to the user's profile_a ited when the user visits the
destination web pages. As"Sueh.{he being deposited depends on
the user's interest of the de or the pages that are located
~deep under the home page ligk

The creation ofsliSer qjifedsefves| as 'a coarse-grain process that exploits
pheromone deposit tech iquegto driivd at-adliser's interes ary and efficient search

results.

4.2.1.1 Annotating Web FP:

When a user viSits the .:-'# ,3 C iformation must be extracted to
annotate web page co ts gocuments to annotate web page takes
considerable amount of time 2DPFOE ractsiinformation from parts of HTML
document. Since a web page i g‘;w"f‘ ocument, annotation of web page
contents is determined by the _;r;#'_. Jof # ﬂ ges. To confine the size of search
space, the propose@iapp s agid attributes from HTML
pages, namely, :-m; >. URL is selected

because not only ?' O " So web page contents
are usually related to 1! ir source. The URI S acCurately describe what is contained in
each folder by means of descriptive words to enhance intuitive meaning to the user as
shown in ti e=" tion"> provide
descnptlonﬁ gvgﬁ WQ ﬁ w y}qﬁﬂn}ﬁpthe web page,
whereas the “ <meta name="description"> provides a concise explanation of the content
of web page The proposed approa‘n looks for thedaest redundant wﬂ to appl

page ann at lg |0 CI:O S age nI!olat foot Ano Crit nis to

employ page type classification that is determined by the pheromone count. The procedure
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will be described in subsequent sections. At any rate, a systematic procedure for
participating candidate word consideration that is produced by tags and attributes is the
root word, disregarding all derivatives thereof.

http://www.itv.com/sport/football/

hoanlormation

In this approach, URL, tagstitic nd ta J<met: :.--IE escription”> are segmented

‘iﬁ‘-ﬁ"
s K
"‘x

\;\. ensity is computed from

\

AN ©

-\- Oecurrences in a phrase, and

into tokens. The proce@tire conjunction words, and

stop words to create spg g algorithm to transform
each token to a root word
D page
Word density can be comptite

these tokens to gather

where Nkr denotes word fr
Tkn is the total number of Words.

URL

http://ne w salll gews plus
0.uk/sport2/fil/fod idres, fsults, tables,
ball/default's video, audio, blogs anti analysis

for aff major UK and international
P

S L

The samplg'!meb page annotation ls‘uhown in Table 41 Each URL, tag. meta tag

RABNTT I AT T
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Table 4.2: Weight and density of individual token

Token Weight Density
news 1.1 10.526
sport 1.4 10.526

hi 5.263
football i |

4.2.1.2 Assigning Pheror

The analogy of e amount of pheromone

deposit gives rise to veb page. Typically, most
users prefer a direct li "web Page_that 4 are intetestinyHowever, if they cannot
find sufficient information e, they will surf through
the web pages to find ~ nting the path along the
URL measures the user's | ' 8% \ \ cy and the access time of

_ luate user's concentration.
Moreover, the selected sear an '- e e ince of user's intention. These
four factors constitute the pheromone-vatue of the ignated web page.

One essential ant fo --'.:ﬁiﬁ-s' ants found a good quality food
source. They will congre :hifoad as they can. Thus,
heavy pheromone ‘*‘r he ¢ fgé_|By this analogy, the
approach also considefs tF 0" fran search results as an
additional factor of p ;I value calculation. J!-I

In creating a new user’s profile, the aboveuormatlon so obtained is inadequate to
infer what t eb pages and
the select ﬁuﬂ ﬂﬁ m'ﬁmﬁﬁmny ssigning higher

weight to mcmse the amount of phero one deposit, the level of information in the user's

TRTATY AT istoy 1y 1O TN

sam type of web pages can show “long-term” user’s interest. Switching between short-

term and long-term user's interest is determined by the amount of pheromone deposit,
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which will be further elaborated in next section. The rationale behind this observation is to
render a newly created user's profile reaching steady state as soon as possible in
proportional to the selected web pages (or pheromone deposit).

This approach, the number of paths along the URL and the frequency of visiting the
same type of web pages (component 1) make up pheromone value for long-term user's

interests. For short-term user’s interests, (fe @gcess time of visiting the same type of web

) constitute pheromone value. In

pe type of web pages are added

e’

'h-._‘::ﬁ*'
osition of v%epresents the web page
' : s deposit denotes the user's interests

which are consider ofy phero : Iculation. The highest
pheromone deposit of -1 i el-pade table, reflecting higher
current user’s interest'in t | & ' of the tepics under investigation. The
uppermost pheromone 4dep ' Igng-term.isatechnolegy no t means that the most
ordinary user's interest is ta€hne » =
V707 W\
o F on of Visi
Rl
Short-term _i Long-term
No Node Component | | Compone! : Heroft o] Node Component | | Pheromone
Travel 4 627N 48, Technology 37 31.689
2 | MacBook 3 | i 29 22.217
3 | Technology 37 4 29 22.217
4 | Football 29 17 4 | Car 2.421
5 | system 29 PL 21438 | 5 |Camera 0.966
Analysis =, -
4.2.1.3 Updam Pheromone
¢ o o/
YRR T WA IR o b

muque updated, preferably in real-time, to keep the user's profile up-to-date. According to

ant colony behavior, deposit and evaporation of pheromone must be proportionated. If the
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destination has abundant food source, many ants will go there and lay pheromone which
results in strong pheromone deposit and lower evaporation rate along the path. On the
other hand, for a low quantity of food source, the path will make a weak pheromone path
having high evaporation rate because few ants will visit the area.

When the rate of pheromone evaporation for the node becomes 1, or the highest of

The formula for phero atly the user's interest score, can

be determined as follows:
(10)
where T, denotes the amgi Pheromone f estlnatlon web page and P

n of the rate of pheromone

\ (11)
erenct > ommodate subsequent

(12)

After annotating the web pag “'-_?t_ Jwuser's interest to be archived in the
user's profile, some.of thi , gthers may be different.
Organizing this information for fin ~_grained scrutiny is a3 NeCEsSAry squirement to keep
track of the objectS«of & ' 54 if they exist. In other

ﬂow Priately e classified. In so doing.
performance of the pérsonalization process will improve. The .“. oach employs WordNet

to establish a user's ;ﬁﬁnce word-list, an@ L eacock-Chodorow measure [24] for

L s S [ETATp

A relation. To determine semantic similgrity of two synsﬁ the shortest pathﬂtween the

AWIRLIULITTTNETRY ™

Sim LCH (a,b) = - log(length (a,b) / (2 * D)) (13)

words, it is an issue
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where length denotes the length of the shortest path between synset a and synset b, and D
denotes the maximum depth of the taxonomy.

Leacock-Chodorow measure assumes a virtual top node dominating all nodes and
will always return a value greater than zero, as long as the two synsets compared can be
found in WordNet. Leacock-Chodorow measure gives a score of 3.583 for maximum
similarity that is the similarity of a conce; ‘."‘ )

‘user's profile

roise lu—""m.lm:'wm" game | seafood
Ll JRRES lﬂ'ﬁ: 125803 | 2.3026 | 1.1239
cruise 8 | 1.3863 | 0.8557
tour 1.6094 | 1.2910
tennis 6 | 2.3026 | 0.9808
travel 1.743 1.2040
resort 2.3026 | 1.3863
sport 2.5903 | 1.6094
game 2.3026
seafood 2.3026 | -

The first step of pute similarity value from
Equation (13) by setting up a d-Hstmalrix € ro e user's profile. A word- pair
similarity value so computed indié tes 1 5 between the designated word-pair.

The results are shown in Table 4.4 442/ 4 = 4

L.x.il

il ategory name ement

footballdgmls game
ﬂ‘u 3

@W’lﬁ SYaETivels ey b

de3|&1ated word-pair, which is selected to build a bipartite graph, is called word-list. The

upper hierarchy represents category name which is derived from the nodes having



55

common characteristics. The lower hierarchy of category name represents the

corresponding elements.

@ rootbant
mﬂ'__... o ..lmnib

=

Figure 4.3: An exan Inatifie/araph with eategongname and its elements

Figure 4.3 depigt§™a sz Artite ¢ ' i Y and its elements. To
check whether an elemenif g e e relationship between category
name and its elemep e x| ny elemen | word-list relation, the
element does not belong 40 itsi€atggory a _ m the category and placed
on unclassified categofy yn in r gxa 2, in Figure 4.3, sport- football,
sport — tennis, sport — game 1 gam seafQod a . -category pairs. It appears
that sport — game — seafood ated. H port = seafood does not contain in
word-list relationship pair, thu (s port category.

DN
Table 4.6. Sport categol > Ory comparison of Yahoo,
Yahoo, Google, and diret
Sport ravel directory
Yahoo directory | Google ] Directory ahoo directory le directory Directory

recreation> recreation> travel>

all travel>specialty cruise
D0 = = i -
i . iy
'E travel>
q Ll [  Ttra . avel>tgur & tour
recreation> recreation> travel>

" travel>loading> !
I
|

ARSI TINHIRE

directory searches as shown in Table 4.6 and 4.7, but are smaller and less complex than
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those of Yahoo and Google. Our directory contains all relevant category names and their
elements that are easy to comprehend.

4.2.3 Search Personalization

A typical search query often enc lentiful results that contain few relevant
ones. To reduce unwanted searc user's profile classification can be
exploited to establish a searc: earch personalization is based
on user's interest subjec ing the highest amount of
pheromone deposit. By reordesing the pher “adeposit, all subjects (words) can be

arranged according to their relev@ne® o suit the user’ Nteres s and preferences.

The proposed a ' , verbs, adjectives, and
adverbs. Word query c; the form of a sequence of
words that go concurrent!for a"spegific meaning h as “system analysis and design”.
However, the proposed ‘ d : 5 ; ort < ¢ 2ry. One may contend that
the more query words usg he (e g of) guery. Nevertheless, most users
do not like to enter too gian _' 1o ook iece of information, typically about 3
words. As such, adding o WO “key™ S ffofm aniexidpded word (to be described
s high performance and useful
results. This is because thefextghded: w _ v ' down search theme which
enables the search engine to recogi = . & rests and preferences.

Search personalizati N is then carried out.ir ps. The first step is to choose an
extended word based on the user's profils _,.,_--. ke a new queniwhich is more relevant to

the user. The sec .:"aj_r,. a¥frdm the first step. The

a2

results are sorted in ’mce p SV |tc-maetween short-term and
long-term user's inte to regulate the account on search persenalization process. The
procedural details are de‘:r d below.

ﬂaummmmmm
aamamﬁmuma TR

assi ed a weight which is the pheromone deposit of user’s interest. All words in the

bipartite graph hierarchy form an extended word list to match the input query search
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results, irrespective of individual word position. This is the first step of the search
personalization process. Figure 4.4 illustrates a user's profile classification from the bipartite
graph and the corresponding pheromone value. There are three matching scenarios to
consider:

1. Matching category name with the query. The query matches a category name
e element becomes the extended word.

having the highest pheromone depos
| ratches an element that belongs to

2. Matching element with the /
one or more categories, _‘ [ OL@e logone category, the element will
match with its own categeny.ott | match with the category that

has the highest pheromong _
3. No matching word beiwee pthe g '.  j 1‘-‘71 word-list. This scenario will
choose a word "‘x‘ oy user's profile to be an
extended word.

The above matching scg

10.139

2.029

ﬂuaiijf;j}_rmgé};@']ni

ammnimumwmaa

F| ure 4.4: A bipartite graph of category name and its elements with pheromone value
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4.2.3.2 Calculating Document Ranking

The new extended query will yield search results that provide more relevant
information to the users. Relevancy is obtained from re-ranking all words in the pertinent
document, whereby the most likely related document will be retrieved.

and a2 is defined as IOIP
/ = d0S ~ (14)
0s a slajie - =) (15)

ey
where a, denotes the exi@nde ﬁ a, -denote

4 ency of document, and

dot(a,, a,) denotes the dot gfod which measures how often

an extended query is fofd ing@ do

(16)
where n;; denotes the AUMbgF of BCcu nsigerad term (t) in document d, and
2, n,,; denotes total occuri@nces all

nking search results
Rank | Pervious Ran[c i i Cosine Similarity
1|2 wpwecmoncomncomiECH 0.99228
1 9 0.99228
2 7 0.99160
3 0.85749
3 0.85749
4 0.83957
5 0.80717
. :
7
{

http./!news.yahoo.comftech nology 0.70711
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Table 4.8 depicts a new ranking of search results from the extended query
“technology news" ordered by the most similarity to the least similarity.

4.2.3.3 Switching Between Short-term and Long-term User's Interests

Long-term user's interests are created in jthe same manner as their short-term

counterpart. The entries are fundamentally: takerirg e _short-term entries that occupied
their top ranking for a pred : Wiie arsonalized search component
cannot find the desired item erm user's interests list, it
automatically switches to the Ic e and procéedssa.function in the same manner. If
the entry is found, it is copi i e sponding pheromone value
and duration in both i8S arggl Dtherwi _ ntry in the short-term list is
created. As each entry 4 llews. Upon falling, belewsa predefined threshold
limit, the entry is removedgFig .3 il 4 the fer and update process
between both lists. | -
M ,
Figure 4.5: Transferrigg an iting proc etween X and long-term lists
Long-tarm = " rwey—

No Node. Ehargmona 4 ™ Node Praromane

1| Technology 31.689 ud o 1| Tl 46,604

2 | Fooitas 27 3 | System e LR 2 | MecBook 41,046

3 | sywomanass | 2217 4 jcr ! i 3 | Technoogy aTss8

4 | Car 4 |F Fral -]

a Camem 21438 |

4.3 Summary m ﬁ

The lack of persona of the retrieval DMSS was identified as one of the major

to the user’'s re ence ns possibilities to rocesses.

A building the user's profile approagh is proposed tﬂentlfy the user's nﬁ,ests and

ﬁﬁ‘lﬁﬂﬂ i #4730 i TTEI"T e

hIS approach copes with the changing interests and preferences of users and
provides the search results which according to user's interests and preferences.



CHAPTER V
EXPERIMENTS

The experiments were carried out in different stages, namely, experimental setup,
annotating web page, assigning, updating pheromone value, and re-ranking. The outcomes

Four sets of extensive jueied by different user's intention to the
same query based on the prop@ScaDrocedures \ irst set, involving a basic
word “Technology” will¥be e Aleg e §ectic "'\;’: {ollow*Fhe remaining three sets,

i.e., Zoology, Botany, ang

Since evaluation g edapr is/based pri ly on the frequency of user's web

; ol ok :
access, the web pages wh € users. visite B ated and found that 81% of the
annotated results was simil, the pdgé itle, 1 e 5.1 '.,0 /s the density of each token

from sample web pages. Fi foo the selected annotated web page

news hi foothall league

¢

RIANAIUURITNYAY
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5.3 Assigning and Updating Pheromone Value

The user's interests and preferences were determined from the amount of pheromone
deposit, while the user's profile was kept up-to-date by the rate of pheromone evaporation.
Thus, the updated pheromone value of each node in the bipartite graph would reflect the
current degree of user's interest.

Table 5.1 summarizes the ‘amol : one deposit, rate of pheromone
evaporation, and pheromone of de. The “theramount of pheromone deposit,
the higher the degree of USerswifierest. The Oi phe - none evaporation is used to

update the user's profile. Loweipheromone ratésef.evaporation reflects the intense of
current user’'s interest, whiist_Gigheanher aporation signifies the topics of
interest currently beingsfaded awz g phe actual degree of user's
interest.

Table 5.1: Pheromong and pheromone of each

u\)

No. Pheromone
yoration
1 | Technology _ : 0.561 37.439
2 | Football e 28 0 29.361
3 Apalysis | 20 | 0738 < 20.262
4 8.113
5 | Tree 5.072
6 | Game 3.043

5““°"a"“ﬂ‘lJEl’JVIEWl‘§WEI'1ﬂ‘§

Re—ranktng process makes use off'extended word Eltatlon based on L”S interest

:a"mﬁ NI IR AL EL .

que word, or extended word in context. Experiments were tested to compare simple query
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words with extended query words, and to compare Yahoo Motif with extended query words.
For instance, the input query word “palm”, along with the highest interest scored word
“technology”, form an extended word “palm technology” for use in the search query. As a
consequence, the search results yield different documents to be retrieved from a new list of
URLs. This process is called re- ranking.

Figure 5.2: Input (simp \ Im, extended query: palm

Figure 5.2 shows the ery with simple query words,

yahoo motif, and extended que ree queries show that the last
query yields more relevant docum ne other two queries. A closer look
at the cosine similarity va  results reve: anking from extended word

iS Closer to 1 than . ﬁ,_’.ﬂ"“l?_’.l‘{"Tm Thalf axiondod wiotil ancl Y aboo o ':‘:i . ith context.
1 g Ja

; 4ol .
5.5 Experimental Re S, ts |

Effectlv e appro ire ncy of retrieved
results. The ﬁx of g ch E’ﬁ e l$ of the ability to

retrieve t0p-rq1<ed results that are mostly relevant to the user's interest. The preC|S|on is
defined as follows:

3 WAEN 10 o

For personalized search evaluation, four different user's profiles are used in each set of
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experiment. Some entries could appear in more than one profile as the search went on. For
example, “python” could fit either technology profile or zoology profile, “palm” could be in
technology profile or botany profile, or “portfolio” could be in technology profile or finance
profile. Table 5.2 and Table 5.3 compare the top-20 ranked of relevant search results based
on user's profile. The first 10-ranked entries are constituted from short-term profile, while the

last 10-ranked entries come from long-t profile.  These two lists enhance search

precision considerably. Table 5.4 sF jon of the overall search results at

different time. Those that are u i : ﬁt exhibit low precision values.

However, as activities increase, scarch results ce sufficient information is

Table 5.2: Comparis@fi'of (op= yranked relevant s & g om short-term profile

Input Profile Of relevant results
query in.top-10 ranked
ot 0 Motif | The approach

palm technology 2 9
python zoology 9 10
palm botany 2
portfolio finance _
blackberry | technology | blackbérry software: |« 10
firefox zoology-
apple botany F__
float finance '!i floa

P

ﬂ‘lJEl’JVIEWl‘WEﬂﬂ‘i
QW'WMﬂ‘iﬂJﬂMTJﬂEﬂﬂEI
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Table 5.3: Comparison of top-10 ranked relevant search results from long-term profile

between Yahoo, Yahoo Motif, and the approach

Input query Profile Extended query
palm botany palm tr
python technology | p
pr
palm technology Yy
portfolio technology (
blackberry | botany |
firefox technol fi -
apple technology | appl
float technolo fl )
M
Table §:4: Cisic g
ch 'f
T1 (VR e TR
w2
E
'_

Amount of relevant results

in top-10 ranked after switching

Yahoo Yahoo Motif | The approach
2 8
10 10
2
10
10 10
9
pri i nt time
Botany | Finance
0.0 0.6
.6
1
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=#=yahoo motil with context ~ % without extended word —F—with extended word

Figure 5.3: Precision ofipe , general search without

AULINENTNEYINS
RN TUUMINYAE



CHAPTER VI
SUMMARY AND FUTURE WORK

Within a few years search engines have become the method of choice for accessing
and retrieving information from the Internet. While search engines have existed for several

years recent studies show that search for in ation is still a challenge. The first challenge

is that information is scattered ovenmu tip! lhe second challenge is that search
engines apply a “one-size-filg-all* . ach ic n@theaneeds of the individual. Finally,
users are given no guidané@threugh the informatith-spad®’ These are exactly the issues
which the thesis has tried lo_aedréss by usingwseveral technigues from ant colony

optimization, information retrieyalfher€onalization, user pr nd clustering.

6.1 Summary

General search gfging sy u pproach which does not
deliver optimal search regtlts j#c lﬁl R 2l ) H the thesis approach has
presented the feasibili parsoy hzedmeh p rch to provide the relevant search results

by means of an extended qdéry thakis s e ‘!-L'

\ E‘_ up-to-date user's profile in
sts

'

by new events and vanish@s" quipkly. - ﬂl.l:l]ﬁ .

accordance with the shorf~termy and lghg-te “" ort-term interest is induced

long-term interest generally

reflects real user's interests. One way- cheme is to set the short-term interest
as the default search personali -and arran J-term interest as the secondary
search. At a predg¢tesnined threshold | . Short=term valuessareé pgomoted to the long-

term list. Older valUge

lf;ﬂi Hence, search

personalization will satisfy the . ng strings of query.
The reference Eitecture consists of three major phasesmrst building the user’s

profile based on lmDIICItI“'CﬂECted information. le ically, the information of destination

'ﬂmmﬁmwmm
task becau al ti search results,

Assigning an updating interest scori.to the user's proflle as pheromon alue and

A TR ST

Upon incorporating the visited web pages and selected web pages from the search

results would converge to a stable set after approximately 100 visited web pages. The
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second phase is classifying the user’s profile data. The information which was extracted
from destination web page was classified based on its similar properties. In so doing,
performance of the personalization process will improve. The last phase personalization the
search results is proposed to reduce irrelevant search results by giving extended word
based on the user’s profile to make a new query which is more relevant to the user.

The thesis experiments were tested anp nd Yahoo Motif. The results yielded

higher similarity score and precisic /o] of Yahoo and Yahoo Motif, in
particular, when comparisons w : fine levant top-20 ranked results.
. _ cision score from the thesis
approach with the biggest improve seen || l Dranked results. However, a notable
the profile contained less

xx‘ﬂ

information, thereby the# ; .\\:-\ \ ‘was anticipated.
There are no suitaie _ 3tion “alt all.search queries. Different
algorithms have different oF \ de vestigation on extended
,‘:\ \w\ esults, whereby higher

words will exploit persog ion alc ﬁ‘
precision can be attainedgMogeoer as

knowing how to select pgo afC| A _ ore'Will increase. But this will

search experience, i.e.,

take time to accumulate efiough informiati " ore‘thelsteady state is reached. It is
the profile accumulation

cycle, namely, specificity, semSitivity:.aat ~f ee If the amount of information is
sufficient for profile update, theréBy—user's & lence will improve search profile

6.2 Lessons Lear 'f;l': l’r‘

Research in the'mea of personalization has mostly targﬂi to provide relevant
search results. Further rq'eﬁh regarding the p‘_ponalization of search results mainly
focused on ods because
implicit feed% ﬁ qn-ﬂﬂni wﬁrﬂﬂjser durlng the

on

process of ¢ cting profiles and prov@es an unbiased ay to collect mform

ARSI RTINS

user alnformatlon which might increasingly become inaccurate. For this reason, the thesis
suggested a new approach to collect implicit user's information. This technique does not
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place a burden on the user's part.

Ant colony optimization has been studied for several research fields. However, ant
colony optimization has not yet been well studied in this research. The reason is that ant
colony optimization is used mostly to find the shortest path, as ant behavior is always
finding the shortest path to the food source. Moreover, ant behavior which always changes
logy to model user's interests and

preferences that are always changint NE aNGe. gésearch in personalization of search

The level of personaliza S iminate Ip of short-term and long-
term user's interests and prefeienees 2] Chmideatified. short-term and long-term
user's interests and preferencgs 2Ding accessed time.when the user visited the web

pages. The last page tha user's interests and

preferences along with i on the long-term user's

As a conclusion iiiplicigitisg _' ationebllec on technique goes much longer way
than explicit user informati@h cgllegtion teChaigue ™t seen e worthwhile to intensify
research on implicit : \o' zation is exceedingly

interesting because its algorith fléxible Which in be 2d to many research fields.
6.3 Future Works
The thesis study ope _ n particular, several issues
which could not begiargeted or were not.comprehensively"consiterad in this work can be
further investigated proaches can be
analyzed and evaluateﬂ @
=Experiments, build-ing the user's profile ¥0m implicit information
gathering encompasses sl'nﬁrrors because the gpproach collects user’s information from
tags and att o not provide
the relevant% uﬂ gloﬂﬂﬂﬁzﬂm ﬂﬁese errors as
e

long as the error rate is low or dsscoveil(he new approeﬂ which can extracﬁ}e useful

“RIAGNTL S LA LIV A L

word Query words are best described the user's information needs. However, it is difficult

According to th

for the user to choose the suitable query words for describing the user's information needs.
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The user may not know what exactly is looking for or may not use the suitable query words
to describe it. Hence, the approach should provide the extended words that can describe
the exactly user’s information needs by considering the relationship between extended
words and query words. Nevertheless, the relationships between extended words and
query words may span more than one dimension such that each extended word and query
word should relate to one another. This RER hallenge because the relationship beyond one

dimension can be very complex. Wi

Another area of future umed to reach the steady state of

user's profile. As the thesiS*appr st information, the time to find the
relevant documents will increase ake lime to accumulate enough
information before the steady siafe ached. To's thi E?m is to employ additional

measures to shorten { lization research area.

I;:i

A
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