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Abstra
tThe present sear
h engines generally return a long ordered list of results whi
h theusers are for
ed to sift for getting relevant do
uments. The Information RetrievalCommunity has explored various methods for information presentation, whi
h helpusers to separate interesting information from the set of retrieved do
uments. Theranked list is a well known and widely a

epted te
hnique for information presentation.Clustering and Classi�
ation are also explored as su

essful methods for organizingretrieved results, but these te
hniques are yet to be deployed as part of major sear
hengines.It is envisaged that the sear
h results 
an be greatly improved by integrating te
h-niques, like ranking,
lassi�
ation and 
lustering, in the me
hanism of the informationpresentation.This thesis explores how these three te
hniques 
an be integrated into sear
hengine te
hnology to a
hieve this goal. We introdu
e KhojYantra, an IntegratedMetaSear
h Engine with Classi�
ation, Clustering and Ranking. Some of the promi-nent features of the KhojYantra in
ludes better 
lassi�
ation s
heme to divide theretrieved do
uments into relevant and general group, its way of 
lustering the do
u-ments and its te
hnique of prioritizing the do
uments and the 
lusters a

ording totheir relevan
y. KhojYantra also provides an easy to browse interfa
e whi
h alongwith the above te
hniques enhan
es the retrieval e�e
tiveness of traditional rankedlist. We design the system as a se
ondary sear
h engine to redu
e the 
onsumption ofresour
es by using the index of primary sear
h engines as well as getting an advantageof obtaining higher 
overage of indexed web do
uments.
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Chapter 1
Introdu
tionIn the 20th 
entury, it is not wrong to say that mankind has fa
ed the most rapiddevelopment of te
hnology ever in the entire history of human beings. Apart fromall other inventions that have 
ontributed to the improvement of our te
hnology andway of life, the impa
t 
reated by World Wide Web to the people is unbeatable.World Wide Web emerges as a wide sour
e of online information and 
reateda revolution in the area of information te
hnology. One 
an a

ess volumes uponvolumes of resour
es and information on pra
ti
ally any topi
. The sheer quantityof information available 
an make sear
hing for spe
i�
 information quite a dauntingtask. This for
ed us to develop sear
h tools whi
h help users to get the informationa

ording to their norms. These tools are named as sear
h engines. There are quitea number of Sear
h Engines available today. Ea
h of them have their own databases
ontaining all the do
uments in a parti
ular form.The do
uments are usually 
olle
tedby a program 
alled a \web robot", whi
h goes to the web and 
olle
ts pages byfollowing links. Maintenan
e of the database is essential sin
e the WWW is growingrapidly every year.Even though, the Sear
h Engine is very useful and helpful in getting information,this te
hnology is still young. There are yet a number of problems with them, whi
hagain be
omes worse as the WWW is 
ontinuously growing in a very rapid manner.

1



1.1 MotivationWith the in
reasing availability of on-line information, users now have a

ess to thou-sands of information sour
es and millions of do
uments. Simultaneously, there hasbeen a strong fo
us on Sear
h Engines as a means of extra
ting relevant informationfrom this on-line huge information database. Given that mu
h of on-line information,the question that 
omes to our mind is how to fa
ilitate the a

ess of information asper the spe
i�
 requirements of a user ?.Conventional do
ument retrieval systems return long lists of ranked do
umentsthat users are for
ed to sift through to �nd relevant do
uments. The majority oftoday's Web sear
h engines (e.g., Ex
ite, Altavista) follow this paradigm. The noto-riously low pre
ision of Web sear
h engines 
oupled with the ranked list presentationmakes it hard for users to �nd the information they are looking for. Unfortunately,these methods for a

essing information are qui
kly be
oming more inadequate as theamount of on-line information 
ontinues to grow at an unpre
edented rate.Thus a system is required whi
h is able to help user to lo
ate the relevant infor-mation more qui
kly and therefore more e�e
tively. As the size of on-line informationis growing in a unpredi
table way, it is also impossible for a single sear
h engine toindex all the pages present in the WWW. This again indi
ates a strong need for a sin-gle interfa
e whi
h allow users to issue querys to any number of available distributedinformation sour
es (i.e. networked queriable sear
h 
olle
tion) simultaneously.In our system we have used indexes of multiple distributed 
olle
tions to getbroad 
overage and by integrating the advantageous features of di�erent presentationte
hniques (like ranking,
lustering et
), try to present the result in a better manner,so that user 
an �gure out the relevant do
uments with less e�ort.1.2 The S
ope of Our WorkIn this se
tion we are going to des
ribe the s
ope of the problem, that is attempted inthis thesis. The work in this thesis is aimed at designing and implementing a sear
htool whi
h uses a meta sear
h ar
hite
ture for retrieving results and presents theresult to the user by integrating te
hniques like, ranking 
lassi�
ation and 
lustering.Our design of sear
h tool requires following features:-� Integration of Do
uments Presentation Te
hnique It is envisaged that2



sear
h engines results 
an be greatly improved by integrating te
hniques, like,ranking, 
lassi�
ation and 
lustering, in the me
hanism of the information p-resentation. Our aim is to use these presentation s
heme and build a systemwhi
h present retrieved result in a manner easily browsable to the user.� Superior Ranking Te
hnique We try to provide a better ranking s
hemewhi
h should be 
apable of prioritizing the retrieved do
uments a

ording totheir relevan
y.� Better Classi�
ation S
heme: Our 
lassi�
ation s
heme should be able to
lassify the relevant and general pages from the retrieved set.� De
ent Clustering Algorithm: The 
lustering algorithm should be able toproperly group the related do
uments together.� Maximum Coverage Due to the tremendous growth in the web data in re
entyears, it is impossible for a single sear
h engine to index all the web do
uments.So the one of the main 
hallanges fa
ed today by the Internet informationretrival systems are in
omplete sear
h. Therefore our system should be able toprovide maximum 
overage.� EÆ
iently Browsable The system should be able to present the result in su
ha fashion, whi
h helps user in lo
ating relevant information.� S
alability The ar
hite
ture of the system should be s
alable, so that we 
anadd any number of sear
h engines inside it for in
resing sear
h 
overage.1.3 Organization of the ReportRest of the thesis is organized as follows. Chapter 2 introdu
es the terms and 
on-
ept of sear
h engines and about their presentation te
hnique whi
h in
lude ranking,
lass�
ation and 
lustering. Chapter 3 diss
usses about the design of KhojYantra.The implementation is diss
ussed in detail in 
hapter 4. Experiment results and thefuture work is des
ribed in 
hapter 5.
3



Chapter 2
Ba
kground and Related Work
2.1 Ba
kgroundImagine you are sear
hing for information in the world's largest library, where thebooks and journals(stripped of their 
overs and title pages) are shelved in no parti
ularorder, and without referen
e to a 
entral 
atalog. It is virtually impossible for any oneto sear
h for a parti
ular referen
e. Similarly the World Wide Web is like a virtuallibrary. Instead of a 
entral 
atalog, the web o�ers the 
hoi
e of dozens of di�erentsear
h tools, ea
h with its own database, 
ommand language, sear
h 
apabilities, andmethod of displaying results.2.1.1 Sear
h ToolsInternet sear
h tools are the tools that people use to �nd what they are looking foron the Internet, or fa
ilitate their own sites being found on the web.These tools are broadly 
lassi�ed into two 
ategories.Sear
h EnginesThese sear
h tools allow user to enter keywords that are run against a database(most often 
reated automati
ally, by \spiders" or \robots"). Based on a 
ombina-tion of 
riteria (established by the user and/or the sear
h engine), the sear
h engineretrieves WWW do
uments from its databases that mat
h the keywords entered by4



the sear
her. It is important to note that when you are using a sear
h engine youare not sear
hing the Internet "live", as it exists at this very moment. Rather, youare sear
hing a �xed databases that has been 
ompiled some time previous to yoursear
h.While all sear
h engines are intended to perform the same task, ea
h goes aboutthis task in a di�erent way, whi
h leads to sometimes amazingly di�erent results. Fa
-tors that in
uen
e results in
lude the size of the database, the frequen
y of updating,and the sear
h 
apabilities. Sear
h engines also di�er in their sear
h speed, the designof the sear
h interfa
e, the way in whi
h they display results, and the amount of helpthey o�er.In most 
ases, sear
h engines are best used to lo
ate a spe
i�
 pie
e of information,su
h as a known do
ument, an image, or a 
omputer program, rather than a generalsubje
t.Examples of sear
h engine in
lude:AltaVista:http://www.altavista.
omGoogle:http://www.google.
omThe immense growth in online information during last few years results in develop-ment of variants of sear
h engines like Meta-Sear
h engine, Subje
t-spe
i�
 sear
hengines.� Meta-Sear
h EngineAs it is impossible for single database to index all the do
uments, a se
ondarysear
h engine, often referred to as multi-threaded sear
h engines, has been de-veloped whi
h allow user to sear
h multiple databases simultaneously, via asingle interfa
e.The meta sear
h engine provide ability to sort the result by site,by domain and the ability to sele
t whi
h sear
h engines to in
lude. Thesemodi�
ations have greatly in
reased the e�e
tiveness and utility of the metasear
h engines.Examples of meta sear
h engines in
lude:Meta-Crawler: http://www.go2net.
om/sear
h.htmlDogpile: http://www.dogpile.
om� Subje
t-spe
i�
 Sear
h Engine 5



These sear
h engines do not attempt to index the entire Web. Instead, theyfo
us on sear
hing for web sites or pages within a de�ned subje
t area, ge-ographi
al area, or type of resour
es.Be
ause these spe
ialized sear
h enginesaim for depth of 
overage within a single area, rather than breadth of 
overagea
ross subje
ts, they are often able to index do
uments that are not in
ludedeven in the largest sear
h engine databases. For this reason, they o�er a usefulstarting point for 
ertain sear
hes.Examples of Subje
t-spe
i�
 Sear
h Engine:People(E-mail addresses)Bigfoot: http://bigfoot.
omMusi
The Ultimate Band List http://www.ubl.
om
Subje
t GuidesSubje
t guides are hierar
hi
ally organized indexes of subje
t 
ategories that allowthe web sear
her to browse through lists of web sites by subje
t in sear
h of relevan-t information. They are 
ompiled and maintained by humans and many in
lude asear
h engine for sear
hing their own database.They are best to sear
hing for infor-mation about a general subje
t, rather than for a spe
i�
 pie
e of information.Examples of subje
t guides in
lude:Yahoo: http://www.yahoo.
omLookSmart: http://www.looksmart.
omThe main goal of the Information Retrieval Systems is to lead the user to thosedo
uments that will best enable him/her to satisfy his/her need for information.Toa
hieve these goals information retrieval 
ommunity has developed some useful te
h-niques of information presentation. Some of the te
hniques are given below.

6



2.1.2 RankingRanking is the te
hnique used by the Information Retrieval system to sort their re-sults, a

ording to some 
riteria, before presenting to the users. Criteria 
an in
ludethe number of terms mat
hed, proximity of terms, lo
ation of terms within the do
-ument, frequen
y of terms (both within do
ument and within the entire database),do
ument length, and other fa
tors. The exa
t \formula" for how these 
riteria areapplied is the \ranking algorithm" and varies among sear
h engines.More re
ently,several sear
h engines have begun 
onsidering fa
tors su
h as the number of linksmade to a page or the number of times a page is a

essed from a results list in theirranking 
riteria.2.1.3 Classi�
ationClassi�
ation is a pro
ess of assigning in
oming do
uments to one of some initialgroups by using some prede�ned 
riteria. This pro
ess is essentially similar to �ltering.These 
riteria may 
ontain the similarity of do
ument with the group, satisfying
ertain rules to get into the groups et
.2.1.4 ClusteringIn 
ontrast to 
lassi�
ation, do
ument 
lustering involves dis
overing a set of 
ate-gories to whi
h do
uments should be assigned. Thus, rather than trying to simplyassign do
uments to pre-de�ned 
ategories, 
lustering algorithms are required to dis-
over distin
t 
ategories. Do
uments in the dataset are then assigned (often as aby-produ
t of the 
lustering pro
ess) to these newly dis
overed 
ategories. To de�nemore formally the notion of do
ument 
lustering, 
onsider a set D of m do
uments,denoted d1; :::; dm. We 
an partition D into K 
lusters, 
1; :::; 
k. The 
lustering taskthus has two important 
omponents. The �rst is determining how many 
lusters topartition the data into (i.e., 
hoosing K). The se
ond is how to assign ea
h do
umentto these respe
tive 
lusters.Do
ument Clustering has been extensively investigated as a methodology for im-proving do
ument sear
h and retrieval. The basis for using do
ument 
lustering in7



IR is the Cluster Hypothesis of van Rijsbergen : 
losely asso
iated do
uments tendto be relevant to the same request.The idea is that the relevant do
uments are moresimilar to ea
h other than to non relevant do
uments. If this hypothesis holds on aparti
ular 
olle
tion then it would make the retrieval more e�e
tive, be
ause the 
lasson
e found will 
ontain only the relevant do
uments.Re
ently, a te
hnique named S-
atter/Gather introdu
ed do
ument 
lustering as a do
ument browsing method.Ourwork follows the same paradigm.Clustering AlgorithmsThe two most widely applied 
lustering algorithm to text domains are hierar
hi
alagglomerative 
lustering (HAC) and iterative 
lustering te
hniques. Both of thesemethods rely on the de�nition of a similarity s
ore between pairs of do
uments. Forthe sake of generality, we will refer to this similarity s
ore as Sim(Di; Dj).� Hierar
hi
al Agglomerative Clustering: The most 
ommon 
lustering methodemployed in the information retrieval 
ommunity over the past de
ade is hi-erar
hi
al agglomerative 
lustering (HAC). This family of methods begins bypla
ing ea
h do
ument into a distin
t 
luster. Pairwise similarities between allsu
h 
lusters are 
omputed, and the two 
losest 
lusters are then merged intoa new 
luster. This pro
ess of 
omputing pairwise similarities and merging the
losest two 
lusters is repeatedly applied, generating a dendogram stru
ture that
ontains only one 
luster (en
ompassing all the data) at its root. For example,Let there are �ve do
uments a,b,
,d and e to 
luster. We �rst measure thesimilarity between do
uments and then 
ombine the do
uments having high-er similarity measure. So at initial steps (a,b) have higher value, we 
ombinethese to form 
luster. Then again pairwise similarities between all the 
lustersare 
omputed. At this point the similarity measure of d and e 
ame higher sothey are 
lustered together. Similar pro
ess repeats and �nally we get a 
lusterhaving ea
h do
uments in it. A sample dendogram is shown in �gure 2.1HAC 
lustering method require the de�nition of a similarity or distan
e fun
tionbetween the do
uments. Ea
h do
ument is typi
ally represented as a weightattribute ve
tor, with ea
h word in the entire do
ument 
olle
tion being an8
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Figure 2.1: Example of a dendrogramattribute in this ve
tor. The Cosine similarity measure is 
ommonly used asdistan
e fun
tion in the information retrieval systems.Depending on how the similarity of a do
ument to a 
luster is de�ned, we 
anobtain di�erent "
avors" of HAC; the most 
ommon are the single link, 
om-plete link, and group average methods.Single link: This is one of the simplest agglomerative hierar
hi
al 
lusteringmethod also often known as the nearest neighbor te
hnique. This de�nes thesimilarity as the maximum similarity between any two individuals, one fromea
h of the group. Although single -linkage 
lustering is known to have anundesirable 
haining behavior, typi
ally forming elongated straggly 
lusters, itremains popular due to its simpli
ity.Complete links: The 
omplete linkage or also known as furthest neighbor
lustering method is the opposite of single linkage in the sense that they de-�nes the similarity as the minimum similarity between any two individuals, onefrom ea
h of the two group. The single link and the 
omplete link measure is9



illustrated in �gure 2.2Group Average linkage: In this method the similarity de�nes as the averagesimilarity between all pairs of individuals that are made up of one individualfrom ea
h group. A sample of Group Average Similarity measurement is shownin �gure 2.3Let the two 
lusters be C and C 0, the similarity measure between them 
al
u-lated by di�erent methods are as follows:
SLSim(C;C 0) = max(Sim(do
; do
0)jd 2 Candd0 2 C 0) (1)CLSim(C;C 0) = min(Sim(do
; do
0)jd 2 Candd0 2 C 0) (2)GALSim(C;C 0) =X do
 2 C; do
0 2 C 0 1jCj:jC 0jSim(do
; do
0) (3)=X do
 2 C 1CSim(do
; C 0) (4)where SLSim(C;C 0) denotes similarity measure by single link, CLSim(C;C 0)denotes similarity measure by 
omplete link and GALSim(C;C 0) is the similar-ity measure by group average link. do
 and do
0 are the do
uments from ClusterC and C 0.HAC algorithms are typi
ally slow when applied to large do
ument 
olle
tions.These methods typi
ally take at-least (n2) time.� Iterative Clustering: Iterative 
lustering te
hniques, also referred to as reallo
a-tion methods, attempt to optimize a given 
lustering by repeatedly reassigningdo
uments to the 
luster to whi
h they are most similar. Let us suppose youhave n do
uments to 
lusters. The number of �nal 
lusters are known previously,let that is K. This algorithms initiates by dividing the whole set of n do
umentsinto K sets and then 
al
ulate the similarity measure of ea
h do
uments to theK sets and assign the do
uments to the set with whome its similarity measureis higher. The general form for su
h algorithms, given a spe
i�
ation of thenumber of 
lusters k, is as follows: 10
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1. Initialize the k 
lusters.2. For ea
h do
ument do
 in the 
orpus(a) Compute the similarity of do
 to ea
h 
luster3. For ea
h do
ument do
 in the 
orpus(a) Assign do
 to the 
luster most similar to it4. Goto 2, unless some 
onvergen
e 
riterion is satis�edAs in the 
ase of HAC, we similarity of a do
ument to a 
luster by the anysimilarity method de�ned above.These algorithms typi
ally have re
tangularrunning times, i.e. O(kn).2.2 Do
ument RepresentationIn the environment of information retrieval items to be pro
essed by the 
omputerare not simply \re
ords" or \tuples" as in 
onventional database management sys-tems.Instead, we have a 
olle
tion of do
uments \Snippets". So we need to representthe meaning of text in a form more amenable to pro
essing by 
omputer.One well known representation for the types of 
lassi�
ation and 
lustering prob-lems we 
onsider,is ve
tor spa
e representation, des
ribed in detail in 2.2.1 .In thisrepresentation, do
uments are 
ast as ve
tors in a very high-dimensional spa
e. Sin
e
lustering algorithms in ve
tor spa
e models 
an be 
omputationally expensive withsu
h high dimensionality, we examine some initial methods for dimensionality redu
-tion in 2.2.2. Figure 2.4 shows the progression of stages involved as text do
umentsare pro
essed into ve
tor representation with redu
ed dimensionality.2.2.1 De�ning a Ve
tor Spa
efor do
uments 
ommonly employed for many information a

ess problems. In thisrepresentation, ea
h do
ument is 
hara
terized by a Boolean or numeri
al ve
tor.These ve
tors are embedded in a spa
e in whi
h ea
h dimension 
orresponds to adistin
t term in the 
orpus of do
uments being 
hara
terized. A given do
ument12



Parser

(stemming)

Reduced Vector
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Zip’s
Lawremoval

Stopword

Document 
Texts

Vector
RepresentationFigure 2.4: Initial Do
ument Pro
essing and Representationve
tor has in ea
h 
omponent a numeri
al value denoting some fun
tion f of howoften the term 
orresponding to that dimension appears in the do
ument. By varyingthe fun
tion f , we 
an produ
e alternative term "weightings". We explore some ofstandard weighting fun
tions below, and give examples of ve
tor representations ofdo
uments using these s
hemes.De�ning \Terms"Although we have mentioned that the dimensions of our ve
tor spa
e 
orrespond todistin
t terms in the 
orpus of do
uments being represented, we have not de�ned whatis to be 
onsidered a "term." The most 
ommon de�nition of a term (in English, aswell as most other languages that use the Roman alphabet), and the one that we usein all subsequent 
hapters, is that a term is a sequen
e of alpha-numeri
 
hara
terswhi
h is delimited by white spa
e (spa
es, tabs or newline 
hara
ters) or pun
tuationmarks (su
h as a period or a 
omma). Moreover, all upper
ase letters in a do
umentare 
onverted to lower
ase, so e�e
tively 
apitalization is ignored. Consider the twoshort sample do
uments belowTable 2.3 shows the results of parsing these two do
uments into single-word terms,and then representing them as ve
tors with simple term frequen
ies (i.e. term 
ounts)in ea
h 
omponent. Su
h a representation is sometimes also referred to as a bag ofwords, sin
e the relative position of terms in the do
ument, and hen
e the language13



Computing is not about 
omputers any more. It is about livingTable 2.1: Sample Do
ument No.1To live is to 
ompute!Table 2.2: Sample Do
ument No.2stru
ture, is not 
aptured in the resulting ve
tors.Terms ve
tor for Do
ument No.1 ve
tor for Do
ument No.2about 2 0any 1 0
ompute 0 1
omputers 1 0
omputing 1 0is 2 1it 1 0live 0 1living 1 0more 1 0not 1 0to 0 2Table 2.3: A simple ve
tor representation of the sample do
umentsWord StemmingIn some 
ases, rather than de�ning terms to be the distin
t words in the 
orpus, wordstemming is used to redu
e words to some root form. Thus, the terms that de�ne thedimensions of the ve
tor spa
e are not a
tual words, but word stems. For examples,the words like 
omputer, 
omputers and 
omputing would all redu
ed to word 
ompute.We have used a stemming algorithm for this purpose, whi
h has developed by Porter[18℄.The stemmed version of the do
uments are as :14



Compute is not about 
omput ani more. It is about live.Table 2.4: Sample Do
ument No.1To live is to 
omput!.Table 2.5: Sample Do
ument No.2Terms ve
tor for Do
ument No.1 ve
tor for Do
ument No.2about 2 0any 1 1
omput 2 1is 2 1it 1 0live 1 1more 1 0not 1 0to 0 2Table 2.6: A ve
tor representation of the stemmed versionof the sample do
umentsFrequen
y-based Ve
torAs mentioned previously, in a ve
tor spa
e representation of do
uments, various fun
-tions may be applied to the frequen
y of term o

urren
es in do
uments in order toprodu
e "weighted" do
ument ve
tors.More formally, let ,�(ti; d) denote the numberof o

urren
es of term ti in do
ument d.We may then apply some fun
tion f to �(ti; d)to produ
e the value for the ith 
omponent of the ve
tor for do
ument d. For theve
tors in Table 2.3, for example, we simply used the identity fun
tion f(�) = �applied to the term 
ounts.The most well-known fun
tion applied to do
ument term frequen
ies is TFIDFweighting.This s
heme, not only uses the term frequen
ies (TF) in ea
h do
ument usedas part of the weighting fun
tion, but also 
onsider the inverse do
ument frequen
y
15



(IDF) of ea
h term in the entire 
olle
tion.More formally, IDF is usually de�ned asIDF (t) = log(N=nt) (5)where N is the total number of do
uments in the 
olle
tion and nt is the number ofdo
uments in whi
h term t appears at least on
e. The TFIDF weight for a term tin a do
ument d is 
al
ulated by taking the produ
t of the term frequen
y and theinverse do
uments frequen
y for that term,TFIDF (t; d) = �(t; d) � IDF (t) (6)Instead of this fun
tion their are several other fun
tions whi
h are 
ommonlyapplied to term frequen
ies like: f(�) = log(�+ 1) (7)whi
h was de�ned by Robertson and Spar
k Jones and su

essfully used for retrieval;f(�) = p� (8)was used in the S
atter/Gather system [4℄ for do
ument 
lustering and was found toutperform 6 for that task; f(�) = �� + 
onst (9)was also found to be useful for do
ument retrieval (using various instantiations of the
onstant value).Boolean Ve
torAlternatively,we 
an also use simple Boolean representation of do
uments, in whi
hwe simply re
ord whether or not a given term appears in a do
ument.In this 
asefun
tion applied to term frequen
ies are like:f(�) = 8<: 1 if � � 10 otherwise (10)The underlying Boolean model is generally used by various 
lassi�
ation methodswhere they need only the information of presen
e and absen
e of a parti
ular wordin do
uments. 16



2.2.2 Controlling DimensionalityIn using a ve
tor spa
e representation for do
uments, it be
omes 
lear that the re-sulting dimensionality of the spa
e will be enormous, sin
e the number of dimensionsis determined by the number of distin
t terms in the 
orpus. For example, featurespa
es on the order of 103 to 105 are not un
ommon for even reasonably small 
ol-le
tions of do
uments. The problem of high dimensionality is further exa
erbated invery heterogeneous environments, su
h as the World Wide Web.about day if thruabove did is tooalone di�er itself samealong do just seealso ea
h km thanam else let theas enough like toat et
 may towardbe ever neither unablebe
ame far often unlessbe
ause farther others uponbehind few ought various
ame for per want
an gave provide we
anst go quit what
ertain has rather why
lear have round yet
li
k her said youTable 2.7: Sample List of StopWordsRemoval of StopWordsThe words like prepositions, 
onjun
tions and pronouns are used to provide stru
turein language rather than 
ontent. Su
h words are 
ommonly used in do
uments re-gardless of topi
, and thus does not 
ontain any useful information. As they will oflittle use when 
lustering or 
lassifying do
uments, we 
an eliminate su
h words (andthe dimensions 
orresponding to them) from our do
ument ve
tors. These words are17




ommonly referred as stop words. A list of exemplary stop words is given in Table2.7.Currently, in KhojYantra we have a stopword list of approximately 470 
ommonEnglish words and an additional 20 
ommonly used words on the Web.This pro
esshelps in removal of several hundred dimensions from our ve
tor spa
e.As the dimen-sionality of the spa
e is very large we need some additional elimination.Zip's LawTo further redu
e the dimensionality of the do
ument ve
tors, we make use of anotherwell known phenomenon: many words in a 
orpus appear very infrequently. As ourgoal is to identify similarities and di�eren
es among an entire 
olle
tion of do
uments,then words whi
h only appear, say, on
e or twi
e (or generally infrequently) in the
olle
tion will have little resolving power between do
uments [22℄.The justi�
ation for the elimination of su
h infrequent terms lies in an observationabout the frequen
y of word appearan
es in 
olle
tion made by Zipf over 50 years ago[7℄. Sin
e that time, this observation has been named "Zipf's Law," although it is nota
tually a law, but merely an empiri
al and approximate mathemati
al phenomenon.2.2.3 Related WorkTo better understand the te
hni
al 
ontribution en
ompassed in the development ofKhojYantra, it is important to get an overview of related work in the area of sear
hengines.Currently on the net, di�erent te
hniques adopted by the sear
h engines to helpthe user in making his sear
h a

ording to his preferen
es and in sifting large set ofretrieved results. The details of the some major sear
h engines and their te
hniquesare des
ribed as follows:AltaVista: AltaVista is 
onsistently one of the largest sear
h engines on the web,in terms of pages indexed. Its 
omprehensive 
overage and wide range of power sear
h-ing 
ommands makes it a parti
ular favorite among resear
hers.AltaVista opened inDe
ember 1995. It was owned by Digital, then run by Compaq (whi
h pur
hasedDigital in 1998), then spun o� into a separate 
ompany whi
h is now 
ontrolled by18



CMGI.It o�ers the option to view more pages from ea
h site by doing site based
lustering [2℄.Ex
ite: Ex
ite is one of the most popular sear
h servi
es on the web. It o�ersa medium-sized index and integrates non-web material su
h as 
ompany informationand sports s
ores into its results, when appropriate. Ex
ite was laun
hed in late1995.It provides \More Like This" option whi
h help user in identifying the similardo
uments. This is helpful when you �nd relevant hits and want to see more on thesame aspe
t of the topi
.It also provides the \List by Web Site" option that helpsusers to lo
ate the do
uments from a parti
ular site.[6℄Northern Light: Northern Light opened to general use in August 1997.It tries to do 
on
ept based 
lustering of its do
uments and organizes results intoCustom Sear
h Folders.These folders 
an be based on sour
e(e.g. 
ommer
ial Websites,domains et
),type(e.g., press releases, produ
t reviews et
),subje
t(e.g.,hypertension,baseball et
.) or language(e.g., English, Fren
h et
). NorthernLight does pre-
lusteringof its pages by assigning, at the time of indexing, a set of potential folders to ea
hdo
ument. It then de
ides whi
h folders to present at the query time.[17℄Yahoo: Yahoo is the web's most popular sear
h servi
e and has a well-deservedreputation for helping people �nd information easily. It provides a hierar
hi
al subje
torganization that is good for browsing.[25℄Google Google is a sear
h engine that makes heavy use of link popularity asa primary way to rank web sites. In determining relevan
y ranking, the engine alsolooks at various textual 
lues in
luding linking text. Engine does not stem words; itsear
hes on your word form exa
tly as it is typed.[8℄Grouper In the re
ent past years a new te
hnique has been developed, whi
hpresents the result after doing dynami
 do
ument 
lustering of online sear
h outputs.This sear
h engine uses the similar post 
lustering 
on
ept in its result presentation.[9℄
19



Chapter 3
KhojYantra - Design
In this 
hapter we are going to des
ribe the design of our system, in whi
h we havetried to over
ome the drawba
ks of 
onventional sear
h engines and provide the fea-tures whi
h help the user in �nding relevant information. In the �rst two se
tion wemention our design goals and des
ribe the ar
hite
ture of our system. Then we lookat the various parts of our ar
hite
ture and their fun
tions. Details of the implemen-tation of ea
h part will be dis
ussed in the next 
hapter.3.1 Design GoalsThe design goals of KhojYantra are as follows:1. Integration of Do
ument Presentation Te
hniques: Instead of attempt-ing to redu
e the number of results returned by the sear
h engines (e.g., by�ltering methods or by advan
ed pruning options), our aim is to make theretrieved results easy to browse. It is envisaged that the sear
h results 
anbe greatly improved by integrating te
hniques, like ranking, 
lassi�
ation and
lustering, in the me
hanism of the information presentation.2. Superior Ranking Te
hnique: Current sear
h engine uses very simple rank-ing algorithm,whi
h results in s
attered presentation of relevant do
uments intheir results. So one of the prominent feature of our design is that our ranking20



te
hnique should be 
apable of prioritizing the retrieved do
uments a

ordingto their relevan
y.3. Better Classi�
ation S
heme: Our 
lassi�
ation s
heme should be able to
lassify the entire set of retrieved do
uments into most relevant, relevant andgeneral groups. The most relevant group 
ontains the pages from the web servermainly devoted for the information related to the sear
h terms, relevant pagesare the pages that 
ontains a lot of information related to the query and thegeneral group is supposed to be a 
olle
tion of do
uments less relevant or not atall relevant to the given query. The justi�
ation of this approa
h is des
ribedin se
tion 3.4;4. De
ent Clustering Algorithms: The 
lustering algorithm should properlygroup the related do
uments together. The do
uments may be related in anymanner (e.g, in their meaning, in their origin et
.). It has been shown thatpost-retrieval do
ument 
lustering produ
e superior results than pre-retrieval
lustering [26℄. This is due to the fa
t that 
lusters are 
omputed based onthe returned do
ument set; the 
luster boundaries are drawn to appropriatelypartition the set of do
uments at hand. In 
ontrast, pre-retrieval 
lusters mightbe based on features that are infrequent in the retrieved set, as many non-retrieved do
uments in
uen
e the 
luster formation. So in our design we have
hosen the post 
lustering te
hnique, whi
h, as dis
ussed above, will result in agood quality 
lusters.(a) No Prepro
essing: Sin
e our 
lustering is applied to a dynami
ally gen-erated set of do
uments, it 
annot rely on prepro
essing of the do
umentsto improve its eÆ
ien
y.(b) Snippet-Capable: The algorithm should produ
e \reasonable" 
lusterseven when it only has a

ess to the short do
ument snippets returned bythe sear
h engines.5. Maximum Coverage Due to the tremendous growth in the web data in re
entyears, it is impossible for a single sear
h engine to index all the web do
uments.So the one of the main 
hallenges fa
ed today by the Internet information21



retrieval systems are in
omplete sear
h. Therefore our system should be ableto provide maximum 
overage.6. Ease-of-Browsing: The result should be easily browsable i.e., user should ableto determine at a glan
e whether the 
ontents of do
uments or 
lusters are ofhis/her interest or not.7. S
alability: The ar
hite
ture should be s
alable, so that we 
an add any no ofsear
h engines inside it for querying.3.2 Ar
hite
ture of KhojYantraThe 
omplete pro
ess of the system 
an be broken down into following steps:1. Take the user's query, 
onvert it into appropriate format and send it to ea
hspe
i�ed sear
h engine. Constru
t the initial result set by 
olle
ting the resultsreturned by ea
h sear
h engine.2. Remove the dupli
ate do
uments from the initial set.3. Classi�
ation of the redu
ed result set into relevant groups (Most relevant groupand relevant group) and general group based on presen
e of the sear
h term inthe url text.4. Pro
ess relevant do
ument groups and general do
ument group in parallel.5. Present the result to the userIn the following se
tions, we will examine ea
h 
omponent of the system in detail.
3.3 User Interfa
eWe provide a interfa
e for the user in whi
h he 
an spe
ify various parameters, likehow query terms are related(e.g., as Any Word, All Word et
.), whi
h sear
h enginesto run, timeout value, number of hits to be retrieved from ea
h of the sele
ted sear
h22
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hite
ture of KhojYantraengines et
, to make his sear
h a

ording to his preferen
es. We have also set somedefault values for all parameters to help the 
asual users. Details are dis
ussed innext Chapter.3.4 Obtaining initial set of Do
umentsThe design of the system is based on the multi-engine sear
h ar
hite
ture.Underthis ar
hite
ture, the system re
eives a user's query as a list of keywords, 
onvertsit into a

eptable format pertaining to ea
h of the sear
h engines sele
ted by theuser and �re it in parallel. Sear
h engines try to retrieve do
uments till they gettimed-out. Thus, we get the initial set of do
uments by 
olle
ting all the resultsreturned by the sear
h engines . The reason of 
hoosing this ar
hite
ture instead ofsingle standard sear
h engine is that standard sear
h engines have limited 
overage,outdated databases, and are sometimes unavailable due to problems with the networkor the engine itself. By 
hoosing this ar
hite
ture we attempt to 
ontend with the23



problem of limited 
overage. The primary advantages of this ar
hite
ture is that we
an 
ombine the results of several sear
h engines and present a 
onsistent interfa
eto the user.3.5 Do
uments Pro
essingAs various sear
h engines overlaps in their 
overage, there is a very high probability ofgetting similar urls from di�erent sear
h engines. Moreover due to host name aliases,symboli
 links, redire
tion and other forms of obfus
ation we get the referen
es ofsame do
ument in di�erent forms. In the Do
uments Pro
essing Phase we dete
tsimilar pages and remove them from the Initial Do
ument Set.3.5.1 Dupli
ate RemovalDete
ting dupli
ate referen
es is diÆ
ult without the full 
ontents of a parti
ular page.In KhojYantra we handle this problem with the help of simple heuristi
s developedafter analyzing the naming 
onventions of the do
uments on the web. Our heuristi
s
onsider the 
ases likeURL of the formhttp://www.
se.iitk.a
.in/rajeevm/often refers tohttp://www.
se.iitk.a
.in/rajeevm/index.html.Similarlyhttp://www.
esoft.
om/default.htmlrefers tohttp://www.
esoft.
om/andhttp://google.
omrefers tohttp://www.google.
om.We 
he
k for all 
ombination of the above 
ases and remove the dupli
ate do
umentsfrom our initial set. 24



3.6 Classi�
ation of Initial Set of Do
umentsIn this phase, we are trying to 
lassify the initial set of do
uments into three groups,namely most relevant, relevant and general set, based on the presen
e of the sear
hwords in the url of do
ument. If any of the sear
h words are present in the site namethen we put su
h do
uments in most relevant group else if any of the sear
h wordsare present in the rest of the url then we put it in the relevant group. Otherwise weput the do
ument in the general group.3.6.1 Intuitive Justi�
ation of this Approa
hThe idea behind using this approa
h is mainly based on the 
on
ept that if any ofthe sear
h term is present in the site name then that site 
ontains good informationregarding that term and most relevant for that sear
h word. For example, if thesear
h word is \java" the site likehttp://java.sun.
om,http://javaworld.
omare most relevant.similarly if the query word is \bsd linux" the relevant sites are likehttp:://bsdlinux.lgg.ru/http://www.netbsd.org/.Based on the similar 
on
ept, if any of sear
h word is present in url text other thansite name then also that do
ument 
ontains a valuable information related to theterm. For example, for word \java", sites likehttp://www.ibm.
om/java/orhttp://www.
se.iitk.a
.in/users/rajeevm/javaresou
es.html
ontains good and relevant information related to java.And �nally we 
onsider all other do
uments as general do
uments. Among thesedo
uments many are either less relevant or not at all related to the sear
h terms.The reason of getting not relevant pages are due to the simple ranking algorithmsused by the sear
h engines. These ranking 
an be further muddled by the keywords\spamming" to in
rease the page's rank order.25



After 
lassifying the do
uments in groups, we apply di�erent algorithms for pro-
essing the do
uments in ea
h group.3.6.2 Pro
essing of do
uments in the Relevant GroupsThe pro
essing of do
uments in this group is done in two phases. In �rst phase wedo the 
lustering of do
uments based on their similarity of origin and in the se
ondphase, we measure the relevan
y of ea
h do
uments. These phases are des
ribed asfollows:Site based ClusteringSite based 
lustering is done by developing the 
luster 
ontaining the do
umentswhi
h are from the same site. We represent ea
h 
luster by the site address and withthe title of two top ranked do
ument in the 
luster.Ranking of Do
uments and ClustersAfter doing the site based 
lustering we 
al
ulate the ranks of ea
h do
ument presentin the set by measuring its relevan
y with respe
t to sear
h terms. As in this setthe sear
h terms are present in the urls, the relevan
y of the do
ument is totallydominated by the position, proximity and the presen
e of the sear
h terms in the urltext. Hen
e we 
onsider only the url text during the relevan
y measurement of thedo
uments in this set. The ranking of the 
lusters is measured by 
al
ulating averagerank of all the do
uments present in the 
luster.3.6.3 Pro
essing of Do
uments in the General GroupAs we mentioned in the previous se
tion the do
uments that form part of this group,are less relevant to the sear
h words; hen
e we need to present these do
uments intosome small prede�ned number of 
lusters. The pro
essing of do
uments in this groupin
ludes the following steps:
26



Clustering Based on Site AddressIn this phase, we do site based 
lustering similar to what we have done previously inthe pro
essing of relevant do
uments.Ranking of Do
uments and ClustersIn this phase we take the do
ument set and again use the ranking algorithm to
al
ulate the relevan
y of the do
ument with respe
t to sear
h terms. The di�eren
ebetween this algorithm and the previous one is that instead of using url text this oneuses Title text and Abstra
t text for relevan
y measurement. As there is no sear
hterms present in the url text there is no need to 
onsider it. We normalize the ranksof 
luster by taking the average of rank of do
uments present in the 
luster. Thealgorithm is des
ribed in detail in the next Chapter.Obtaining Data MatrixDue to the simpli
ity and popularity of ve
tor spa
e model in the information re-trieval systems we have 
hosen it for our do
ument representation. Ea
h do
ument inthe set is represented by numeri
al ve
tor in the multidimensional spa
e where ea
hdimension 
orresponds to a distin
t term in the 
orpus of do
uments. To des
ribe itmore formally, Let us suppose for ea
h do
ument � in a 
orpus C, 
(�) be the setof words with their frequen
ies, that o

ur in that do
ument. Let W be the set ofunique words o

urring in C. Then 
(�) 
an be represented as a ve
tor of length jW j
(�) = f(wi; �)jW ji=1 (1)where wi is the ith word in W and f(wi; �) is the frequen
y of wi in �.We then apply stemming algorithm, stop word removal pro
ess and zipf 's law insequen
e to redu
e the dimensionality of ve
tors. After this we get a redu
e ve
torfor ea
h do
ument. We than represent the entire set by (do
uments X terms matrix),where ea
h row represents a do
ument and ea
h 
olumn represents a term present27



in the 
orpus of do
uments. As the ratio of terms present in the do
ument with theterms present in the whole 
orpus is very very small, we get a matrix sparse in nature,as a result. Ea
h entry(i,j) in the matrix represent the weight of that jth term in theith do
ument.Clustering AlgorithmsIn this phase we are trying to 
luster the do
uments based on the similarity of their\meaning". We have already dis
ussed in previous 
hapter about the advantages anddisadvantages of hierar
hi
al and partitioning algorithms, whi
h are traditionally usedby the information retrieval 
ommunity for 
lustering. We have 
hosen an algorithmwhi
h is initially proposed in[4℄, whi
h use te
hniques drawn from hierar
hi
al algo-rithms, but whi
h a
hieve re
tangular time bounds of partitioning algorithms. Forour appli
ation, as the number of desired 
lusters are small thus the speed of our al-gorithm is mu
h better than quadrati
 time algorithms. The details of the algorithmare dis
ussed in next 
hapter.Ranking of ClustersAfter getting the 
luster from the previous phase, We sort the 
luster a

ording totheir relevan
y with the sear
h terms. We 
al
ulate the rank of ea
h 
luster by takingthe average rank of all the do
uments present in the 
luster. These 
luster 
ontainthe do
uments as well as the 
luster of the do
uments from the same site.3.6.4 Results PresentationThe �nal phase of our design is the presentation of result to the users. We havedesigned our interfa
e keeping in the mind that in results presented should be easilybrowsable by user,i.e. user will able to determine the relevant do
uments or do
ument
lusters at a glan
e . The main design de
isions have been taken in KhojYantra are� Presentation of Classi�ed Groups in Browser Window: The issue here is how topresent the three 
onstru
ted group of do
uments to the user so that he 
an getthe interested do
ument easily. We have presented the result by dividing the28



browser window in three parts for ea
h group. This approa
h helps in givingthe overall view of the whole result to the user. As user is the better judgeof the relevan
y of the do
uments, the top relevant do
uments and 
lustersin ea
h group are shown simultaneously so that he/she 
an get the interesteddo
uments at a glan
e.� Cluster Representation: The de
ision issue here is how to represent the 
lusterin the result so that it must be suÆ
ient enough to reveal the user a sense oftopi
 de�ned by the do
uments inside it. It must also short enough so that manydes
riptions 
an be appre
iated simultaneously.We have adopted two di�erents
hemes for representing 
lusters present in the relevant groups and generalgroup.� Ordering of Do
uments inside a Cluster: The issue here is how to order thedo
uments in a 
luster. This e�e
ts both the order of the do
uments on the
luster's page, and the 
luster's summary on the main result page. Two optionswere 
onsidered : sorting the do
uments based on their relevan
e to the queryor sorting them by nearness to the 
luster 
entroid . We have 
hosen the �rstapproa
h as ranking within a 
luster by nearness to a query performs betterthan ranking by nearness to the 
luster 
entroid [10℄ .
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Chapter 4
Implementation
In this 
hapter, we are going to des
ribe the implementation of our meta-sear
h engineKhojYantra. The implementation in
ludes the development of several modules forhandling various steps in the 
omplete 
y
le of result retrieval. The implementationas des
ribed in this 
hapter is 
ommensurate with the design de
ision taken in theprevious 
hapter.4.1 User Interfa
eA KhojYantra session starts with the user entering her query in the query box. Thereare several options present in the interfa
e whi
h user 
an use to make his sear
hmore a

urately and a

ording to his/her requirements. The user 
an 
hoose howquery terms are related(e.g., as Any Word, All Word et
.), whi
h sear
h enginesto run, timeout value, no. of hits to be retrieved(10-100)from ea
h of the sele
tedsear
h engines. Our engine supports all 
ommon sear
h formats, in
luding BooleanSyntax. As many other meta-sear
h engines, khojYantra dynami
ally modi�es queriesto mat
h ea
h sear
h engine's query syntax.4.2 Multi-Engine Sear
h Ar
hite
tureWe are 
urrently using eight sear
h engines for querying.These are AltaVista, Google,AlltheWeb, Ex
ite, HotBot, Yahoo, InfoSeek and WebCrawler. The 
hoi
e of these30



Figure 4.1: KhojYantra's Interfa
esear
h engines are basi
ally in
uen
ed by popularity,high 
overage and the less over-lapping indexes [21℄We have implemented the di�erent module for retrieving and parsing the sear
hresults, of ea
h sear
h engines. we have used a web s
ripting language 
alled We-bL(pronoun
ed \webble") [24℄ for building these modules. The advantage of usingthis over other general purpose languages is that it is spe
i�
ally designed for theretrieving do
uments from the web, extra
ting information from the retrieved do
u-ments, and manipulating the 
ontents of do
uments.4.3 Do
ument Pro
essing and Classi�
ation of Ini-tial SetNow after having retrieved the results from all or spe
i�ed sear
h engines, We are go-ing to remove the dupli
ate do
uments from the set. As it is quite diÆ
ult to identifythe similar do
uments without reading the full text. We have adopt some generalheuristi
s, as dis
ussed in previous 
hapter, for identifying them. Our stru
ture ofstoring sear
h results or as follows,Title: Stores the title of the pageAbstra
t: Contains the lines ex
ept than title and url present in the snippetUrl: Store the url text of the page 31
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Figure 4.2: Multi-Engine Sear
h Ar
hite
tureSear
hEngine Name: Store the name of the sear
h engine retrieve the pageAfter identifying the similar do
uments in the set , We remove all dupli
ates fromthe set and add their sear
hEngine Name in the Sear
hEngine Name of their repre-sentative. At the time of result presentation we give the name of all sear
h engines,from whi
h this do
ument 
ame, to the user, so that they 
an see the popularity ofthe page.Now, we have in hand the redu
ed do
ument set. We then apply our 
lassi�
ationmethod to �lter the most relevant pages from the set. For this purpose we havedeveloped a algorithm whi
h is des
ribed as :1. Take a do
ument.2. Put the do
ument in most relevant group, if any of the sear
h terms are presentin Site Address of the Url.3. Otherwise, Put the do
ument in relevant group, if any of the sear
h terms arepresent in the Url text other than the site address.32



4. Otherwise, Put the do
ument in general group.Now, at this point we have three groups in hand. Two relevant groups and onegeneral group. We are handling the pro
essing of relevant groups and the generalgroup di�erently in our system.4.4 Pro
essing of Relevant Do
ument SetAs these do
uments are highly relevant to query and 
ontains a lot of informationrelated to sear
h terms.We have adopted a di�erent 
riteria for their presentation.As the only problem in these type of results are do
uments from similar site ares
attering here and there in the whole result, and user have to sift all the results if heis interested in the results from the same site. We a
hieved an additional advantageof better organization and presentation of results by doing this.So to remove this problem, we have 
hosen to do site based 
lustering of thedo
uments.4.4.1 SiteBased ClusteringIn the site based 
lustering we make 
lusters of the do
uments whi
h are from the samesite. For implementing this we have used the HashTable.The site address of the do
u-ment is used as a key of the Hashtable. Therefore the Pages from same site are hashedon the same bu
ket. For example the urls like, http://sear
henginewat
h.
om/sereport/
urrent.html and http://sear
henginewat
h.
om/fa
ts/ataglan
e.html are mappedto the same bu
ket having key value sear
henginewat
h.
om. After doing the sitebased 
lustering, we get the result set 
onsists of the 
lusters and do
uments.Nowwe need some method to represent these 
lusters. One option is to 
hoose the siteaddress as the 
luster des
riptor, but the problem in that user 
an not guess aboutthe 
ontent of the pages inside the 
luster by just seeing the site address. To get theidea he will have to go through all the 
lusters. So for helping the user in lo
atingrelevant information easily, we have 
hosen a method, des
ribed in next subse
tion,for 
luster des
ription. 33



Cluster Des
riptionsWe represent ea
h 
luster by the site address followed by the no. of do
uments insidethe 
luster. Then for the ease of the user we attempt to 
onvey the 
ontents of thedo
uments inside the 
luster by presenting the titles of the top two relevant pagesof the 
luster.The advantages of this representation is that it summarizes well aboutthe 
luster, so if 
luster is of interest he/she 
an go to the 
luster's page or if 
ertaindisplayed title seems promising, the user 
an go dire
tly to that do
uments by 
li
kingon the title.4.4.2 Ranking AlgorithmNow, we have all the do
uments and 
lusters are in hand. We have to 
al
ulate therelevan
y of the do
uments and 
lusters with respe
t to query terms, So that we 
anput more relevant pages higher at the time of result presentation. The relevan
ymeasure is 
omputed by 
onsidering the position of the �rst o

uren
e of any ofquery terms in the url text, number of query terms present, the proximity betweenquery terms , and the term frequen
y. We have used the following equation for thedo
uments 
ontaining more than one of the query terms :
Rank = (
1 � firstApperean
e) + 
2 �Na +

2666664
3 � Na�1Xi=1 NaXj=i+1min(d(i; j); 
3)Na�1Xk=1 (Na � k) 3777775
3
2 +Nt (1)where �rstApperean
e represent the minimum distan
e from the start of the Urltext where any of the sear
h terms o

urs. Na represent the no. of query termsthat appear in the Url text(ea
h term is 
ounted only on
e); Nt is the total no. ofquery terms present in the url text. d(i; j) is the minimum distan
e between the ithand jth query terms (
urrently measured in the no of 
hara
ters); 
1 is the 
onstantthat 
ontrols the overall magnitude of Rank. 
2 is a 
onstant that spe
i�es the im-portan
e of presen
e of query terms. 
3 is a 
onstant that spe
i�es the maximumuseful distan
e between the terms. Some 
ontext and page analysis for improving34



web sear
h results was also done [14℄. The di�eren
e between the [14℄ and our al-gorithms is that we have 
onsider the fa
tor of �rstApperean
e of any of the sear
hterms in the text during the 
al
ulation of relevan
y measure. We have also givendi�erent importan
e weigth to ea
h fa
tors. For our implementation purpose we have
hosen(
1=2000,
2=10,
3=1000). For the 
ase, where only one term is present we usethe variant of the above formula whi
h is as,Rank = (
1 � firstApperean
e) + 
2 +Nt (2)The full url text is used for ranking of relevant do
uments, but we have 
hosenonly the part of url text 
ontaining the site address for the ranking of most relevantdo
uments.As we are only 
onsidering the presen
e of sear
h words in the site addressat the time of 
lassi�
ation of most relevant pages.We 
al
ulate the ranks of 
lusters by 
al
ulating the average rank of all the do
-uments present in the 
luster. Ties 
an be broken by assigning higher rank to the
luster 
ontaining higher no of do
uments inside it. The single do
uments are 
on-sidered as 
lusters of size one.4.4.3 Result PresentationAfter 
al
ulating the relevan
e of ea
h do
uments, only the presentation part is leftto handle. We have used two frames to present the most relevant and the relevantresult sets. We present the result in the frames in de
reasing order of their relevan
y.The sample window presents the result is shown in �gure 4.34.5 Pro
essing of General Do
ument SetAs dis
ussed earlier the do
uments in this set are less relevant or at worse 
ase notat all relevant to the query. We have adopted a di�erent approa
h for presentingthese do
uments. We take the whole set and 
luster it into some small number of setsbased on their similarity before presenting to the user.The 
hoi
e of the no. of 
lusteris totally in
uen
ed by the no. of do
uments to 
luster. We des
ribe ea
h phase ofpro
essing in detail in the following subse
tions.35



4.5.1 SiteBased ClusteringIn this phase we apply the 
lustering 
riteria based on the similarity of site address,similar to as we have dis
ussed in the sitebased 
lustering of relevant pages.4.5.2 Ranking AlgorithmAfter 
lustering the result based on the site address, we 
al
ulate the ranks of all thedo
uments and 
lusters. The ranking algorithm used in this 
ase is variant of onedis
ussed in the se
tion of pro
essing of relevant do
ument set eqaution 1. In this
ase our algorithms is as follows,Rank = 
1 �Rankt +Ranka; (3)where 
1 is the 
onstant that 
ontrols the overall magnitude of Rank. Rankt is themagnitude of relevan
y 
al
ulated by equation 1. We use Title text during 
al
ulationinstead of Url text. Similarly Ranka is the relevan
y 
al
ulated by the equation thefollowing equation for do
uments 
ontaining more than one query terms in abstra
ttext.
Ranka = 
1 �Na +

2666664
2 � Na�1Xi=1 NaXj=i+1min(d(i; j); 
2)Na�1Xk=1 (Na � k) 3777775
2
1 +Nt (4)For our implementation purpose we have 
hosen(
1=10,
2=1000). The meaning ofNa and Nt are similar as des
ribed in equation 1. The variant of the equation 4 isused when only single query term is present in the abstra
t.Ranka = 
1 +Nt (5)As the abstra
t of do
uments \snippets" return by the sear
h engines are 
hosendi�erently by the sear
h engines for the same do
uments. We have not 
onsideredhere the fa
tor of �rst o

urren
e of sear
h words.Now at this stage we have all the do
uments with their relevan
y value. We also
al
ulate the rank of 
lusters in similar fashion as we have done previously by takingthe average rank of all the do
uments. 36



4.5.3 Obtaining Data MatrixAfter 
al
ulating the relevan
y of ea
h do
uments and 
lusters, now our main aim isto make the 
lusters by grouping the similar do
uments together. For this purposewe have to apply the 
lustering algorithms on the re
eived do
ument set. The inputfor the 
lustering algorithms is required in the form of (do
umantXdo
ument) matrixwhose ea
h entry (i,j) 
orresponds to similarity of ith do
ument with the jth do
u-ment. To build the matrix, we represent ea
h do
ument by using ve
tor spa
e model. In this model do
uments are 
ast as a ve
tors in a very high dimensional spa
e.Sin
e 
lustering algorithms in su
h a high dimensional spa
e 
an be 
omputationallyexpensive, we apply some initial methods (like, stemming, stopwords et
,), explainedin 
hapter2, for dimensionality redu
tion.For a given do
ument ve
tor d, the value of dt,shows the importan
e of term t indo
ument d, whi
h is equal to 
 � d1t+ d2t, where d1t is the number of times the wordappeared in title or url text, d2t is the number of times the word appeared in abstra
tand as title and url text seems to 
arry additional 
ontextual importan
e 
ompared tothe abstra
t we in
rease their weight by the fa
tor 
, known as importan
e fa
tor. Theweighting te
hnique we are using in KhojYantra is term frequen
y weightings
heme,in whi
h we use the identity fun
tion f(�) = � i.e we repla
e dt by itself. Generallyit is 
ommon in Information Retrieval to weight term based on Inverse Do
umentFrequen
y (IDF) in addition to term frequen
y, but we 
hose not to do so . Thereason behind that is the preliminary studies done by [20℄ indi
ates IDF weightingslightly degraded 
luster quality. IDF weighting down weights frequent words andup weights rare words, whi
h may be useful for similarity sear
h but 
ompli
ates
lustering sin
e 
lusters tend to be formed based on patterns of frequent words.As we have dis
ussed earlier, the do
ument ve
tors are quite sparse in nature.Therefore we have adopted a di�erent representation for do
ument ve
tor as a ve
torof(term,weight) pairs; those terms are not listed have weight equal to 0. Thus ado
ument with p non-zero weighted terms 
an be written as P = ((y1; d1); :::; (yp; dp)).Now, the main bottlene
k in 
lustering text do
uments is 
al
ulating the dis-tan
e(similarity) between the do
ument ve
tors. This 
al
ulation takes time linearin the do
ument sizes. Thus there is need of some te
hnique to redu
e the size of37



the do
ument. One obvious way to do this,is to proje
t ea
h do
ument onto a smallsubspa
e of the total term spa
e, thereby redu
ing the average number of terms inea
h do
ument. There are two di�erent approa
hes to proje
ting do
uments. Oneis a lo
al method, where for ea
h do
ument we ex
ise a number of \unimportant"terms. This type of proje
tion, 
alled trun
ation, is 
alled lo
al be
ause ea
h do
-ument is proje
ted onto a di�erent subspa
e. The alternative to lo
al proje
tion isg lobal proje
tion, in whi
h the terms to delete are 
hosen �rst, and then these termsare deleted from ea
h do
ument. This type of proje
tion is 
alled d imension redu
-tion. As the experiments done by [20℄ shows that there is no di�eren
e in 
lusteringe�e
tiveness between the proje
tions. Now for the implementation purpose the main
riteria is eÆ
ien
y. The result of experiments also shows that TF-50, LSI-50 andLSI-150 are the most eÆ
ient proje
tions, where LSI-d is LSI dimension redu
tion tod dimensions and TF-
 is the dimension trun
ation to 
 dimensions. However, theLSI proje
tions require an expensive \
ompile-time" 
al
ulation. Therefore we havede
ide to use moderate trun
ation, to about 50 terms per do
ument, in the implemen-tation of our 
lustering algorithm. Moderate trun
ation 
ombines optimal 
lusteringe�e
tiveness and impressive time eÆ
ien
y. [20℄. For the purpose of trun
ation wehave applied following rule. if(no. of non-zero weighted terms in a do
ument> 50)sort the terms in des
ending order of their weight and sele
t the �rst 50 terms torepresent the do
ument. We have also 
hosen the similar TF-50 proje
tion for rep-resenting the 
luster 
entroid. In pra
ti
e, generally the 
luster 
entroids are verydense, thus the appli
ation of trun
ation here, is very bene�
ial.4.5.4 Similarity MeasuresNow, we have in hand the trun
ated ve
tor representation of ea
h do
ument. Inorder to 
luster the do
uments one must �rst 
al
ulate pairwise measure of do
umentssimilarity and then de�ne a method to partition the 
olle
tion into 
lusters of similardo
uments.The degree of similarity between do
ument pairs is based on the weights of the
orresponding mat
hing terms. In our system 
osine measure has been used for thispurpose. Let Di and Dj are two do
ument ve
tors, the similarity measure between38



them is 
al
ulated as sim(Di; Dj) = Di �DjjjDijjjjDjjj (6)Thus similarity measure is 
omputed in time linear in the do
ument sizes. If thenumber of do
uments are K and having size w then the time to 
al
ulate the similaritybetween ea
h pair of do
ument is of O(K2w).4.5.5 Clustering AlgorithmAs we have dis
ussed the advantages and disadvantages of hierar
hi
al and 
at 
lus-tering strategies in 
hapter 3. Here we have 
hosen to use a algorithm whi
h usesthe best of both strategies, uses te
hniques drawn from the hierar
hi
al algorithms,and a
hieve re
tangular time bounds similar to 
at 
lustering algorithm. As in our
ase the number of 
luster required is very small, thus speedup over quadrati
 timealgorithms is substantial.For de�ning the algorithm in more formal way. Let us assume the number of
luster required is k. So our algorithms starts with initial m 
enters, developed bybreaking the whole 
orpus C into N/m bu
kets of a �xed size m > k. The 
lustersubroutine, dis
ussed later in this se
tion, is then applied in parallel to ea
h of thesebu
kets to agglomerate individuals into do
ument groups. We assume the termination
ondition for subroutine loop as when the redu
tion in number (from individuals togroups in ea
h bu
ket) is roughly a fa
tor of �. Now the resultant groups are treatedas they were individuals and the entire pro
ess repeated. The iteration terminateswhen only k groups remain. This algorithm 
an be viewed as building a 1=� bran
hingtree bottom up, where the leaves are individual do
uments, terminating when only kroots remain.Suppose the individuals in the 
orpus C are enumerated, so that C=�1; �2; :::�n.The initial bu
keting 
reates a partition as B = �1;�2; :::;�n=m, su
h that�i = �m(i�1)+1,�m(i�1)+2,...,�mi. Ea
h �1 is then separately 
lustered(using the 
lus-ter subroutine) into �m groups, where � is the desired redu
tion fa
tor. All these
omputation takes m2 time, and, hen
e, all n/m takes nm time. Ea
h appli
ationof agglomerative 
lustering produ
es an asso
iated partition Ri = �i;1;�i;2; :::;�i;�m.The union of the do
uments groups 
ontained in these partitions are then treated as39



individuals for the next iteration. That is, de�neC 0 = �i;j : 1 � i � n=m; 1 � j � �mThe pro
ess is then repeated with C 0 repla
ing C. That is, the �n 
omponents ofC 0 are broken into �n/m bu
kets, whi
h are further redu
ed to �2n groups throughseparate agglomeration. This pro
ess terminates at the iteration j if �j < k. At thispoint one �nal appli
ation of agglomerative 
lustering redu
e the remaining groupsto a partition P of Size k.Now to determine the running time of this algorithm, observe the jth iteration,whi
h operates on �jn items.This iteration takes �jnm time. So the overall runningtime is O(nm(1+�+�2+:::))=O(nm). Thus if m=O(k) this algorithm has re
tangularrunning time.As we have dis
ussed the representation of 
luster 
entroid is done by using TF-50 dimension redu
tion s
heme. We represent the 
luster 
entroid by taking atmost50 most highly weighted entries i.e., keywords. On
e we have found k 
enters and
hoose suitable representation for ea
h 
luster 
entroid , ea
h do
ument in C must beassigned to one of those 
enters based on some 
riteria. We use a simple algorithm,named Assign-to-Nearest, to assigns ea
h do
ument to the nearest 
enter. Let G bea partition of the 
olle
tion into k groups, and let �i be the ith group in G. Let� 2 �i if i maximizes sim(��i). Ties 
an be broken by assigning � to the group withlowest index. The set P = �i; 0 � i � k is then the desired partition. Similar typeof algorithmi
 appro
h is used in [4℄. P 
an be eÆ
iently 
omputed by 
onstru
tingan inverted map for the k 
enters, and for ea
h � 2 C simultaneously 
omputing thesimilarity to all the 
enters. In any 
ase, the 
ost of this pro
edure is proportional tokn.Cluster SubroutineAs we have seen, in 
hapter 2, that trade-o� between speed and 
lustering quality ap-pears to be most satisfying for Group-Average method. We have 
hosen this methodfor measuring the distan
e between 
lusters.The average similarity between do
ument pairs in a do
ument group say,� is
40



de�ned by S(�) = 1j�j(j�j � 1) X�2� X� 6=� sim(�; �) (7)Let G be a set of disjoint do
ument groups. In ea
h iteration of average agglomer-ative 
lustering we �nds the two di�erent 
lusters � and � whi
h maximize S(�[�)over all 
hoi
es from G.We merge these two groups(ie., � and �) and produ
ed a new redu
e partion G0as G0 = (G� f�;�g) [ f� [�gInitially ea
h group in G 
ontains single do
ument.So at the time of start the sizeof G is equal to the number of individual do
uments. The iteration stops when thesize of the group is redu
e to the number of 
lusters required. More formally whenjGj = k. The �nal output from this pro
edure is the 
at partition G0, rather than anested hierar
hy of partitions, although we 
an 
ompute the latter by re
ording ea
hpairwise join as one level in dendrogram.4.5.6 Result PresentationAs these do
uments are less relevant to the query words we planned to present itinto some prede�ned number of 
lusters, so that user 
an get the overall view of thedo
uments in this set. We represent ea
h 
luster by top ten keywords present in the
luster along with the title of top three pages inside the 
luster. The representationhelps user to get an overview of all the do
uments inside the 
luster. User 
an also
hoose any of the presented title if it seems promising to him.
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Figure 4.3: Example showing the result for keyword: Introdu
tion of Sear
h Engines
42



Chapter 5
Con
lusion and Future Work
This se
tion summarizes the work done in this thesis. We also suggest some possiblefurther work in the area of sear
h engines.5.1 ExperimentsWe have attempted to address the hard problem of enabling users to qui
kly navigatethrough the results of Web sear
h engines. We have performed some experimentsto measure the e�e
tiveness of our sear
h engine. We have tested our sear
h engineon various number of keywords. Results sample are shown below. Simultaneously,we also used other popular sear
h engines for sear
hing do
uments on the same key-words. The sear
h results are shown on the following pages. From the results we 
ansummarize that:� KhojYantra sear
h results in do
uments that are either higher in relevan
e orderor equal to those returned by other sear
h engines.� It also provides 
lustering of returned do
uments. For the most relevant andrelevant pages, we provide site based 
lustering so that all the pages returnedfrom a site are listed at one pla
e and the user doesn't have to browse the wholelist to �nd the pages from same site. For general pages, we provide meaning-based 
lustering. All the pages in their 
ategory are divided into a number of
lusters on the basis of keyword-similarity. In ea
h group it also measure the43



relevan
y of ea
h 
luster with respe
t to query terms and prioritize the 
lustersa

ording to their relevan
y.� KhojYantra presents the whole sear
h results into three groups namely, mostrelevant,relevant and general do
ument groups. Thus by using KhojYantra, theuser has 
exibility in 
hoosing the do
uments from the returned do
ument set.He 
an 
hoose from these 
ategories a

ording to the desired degree of relevan
ewith the keyword.KhojYantra is a meta-sear
h engine, and it works by retrieving sear
h results froma number of sear
h engines. So, the implementation of KhojYantra takes into a

ountthe format in whi
h a parti
ular sear
h engine a

epts the query-terms and returnsits results. If a sear
h engine 
hanges its result presentation or querying format, theparti
ular module for retrieving the data from that sear
h engine must be 
hanged.5.2 Dire
tions for Further WorkCurrently we have implemented only keyword based 
lustering of do
uments. We 
anenhan
e this by adding provision for 
on
ept based 
lustering. For this we may atta
ha thesaurus into the sear
h engine that gives the similarity measure for keywords while
lustering. This also fa
ilitate the 
on
ept based sear
hing, whi
h is performed byretrieving the results for similar words simultaneously.The additional experiments and extensive studies are ne
essary to 
hoose the valueof 
onstants used in the algorithms used in the system implementation.At present this meta-sear
h engine performs its te
hnique only on html do
uments.We 
an use the same te
hniques on the xml do
uments, as they are well stru
turedin nature. These te
hniques will lead to very good results. Currently this supportsthe 
lustering, 
lassi�
ation and ranking of do
uments written in English. We 
analso apply these te
hniques to improve the retrieval e�e
tiveness of sear
h engines forother languages, espe
ially Indian Languages.44



Search Engines Top Two Retrieved Search Results

Alltheweb

Complexity, Complex Systems and Chaos Theory: @Brint.com (tm 
http://www.brint.com/Systems.htm 
EPI_System as a theory of uniquely significant systems of over-critical complexity 
http://www.epi-system.unir.ru/  

Infoseek

Let’s Talk Speakers
http://www.webervst.com/sptalk.html 
Reason magazine -- December 1997
http://www.reason.com/9712/ed.rick.html 

Hotbot

Adapting science to chaos and complexity theory, chaotic and complex dynamical systems 
http://home.earthlink.net/~imaginationworks/chaos/index.htm 
Primer to Complexity Theory 
http://www.arc.losrios.cc.ca.us/~corcora/compl.html 

Metacrawler

Complexity, Complex Systems and Chaos Theory: @Brint.com (tm) 
http://www.brint.com/Systems.htm 
MIT LCS Theory of Computation Group 
http://theory.lcs.mit.edu/

Webcrawler

MIT LCS Theory of Computation Group 40 

http://theory.lcs.mit.edu/ 
IEEE Conference on Computational Complexity 
http://cs.utep.edu/longpre/complexity.html 

Google 

Complexity, Complex Systems and Chaos Theory: @Brint.com (tm) 
http://www.brint.com/Systems.htm 
Graphs: Theory - Algorithms - Complexity 
http://www.informatik.hu-berlin.de/~weinert/graphs.html

Grouper

Computational Complexity Theory 
http://www.cs.umass.edu/~immerman/complexity_theory.html 
Complexity Theory and Theory of Algorithms 
http:/www-cse.ucsd.edu/Research/theory.html 

AltaVista

The Complexity and Artificial Life Research Concept, CALResCo’s educational si 
http://www.calresco.org/ 
Algorithms, Complexity Theory, Parallel Computing 
http://www.uni-paderborn.de/fachbereich/AG/agma...rste.Seite.html

Yahoo

Primer to Complexity Theory 

http://www.arc.losrios.cc.ca.us/~corcora/compl.html 
Chaos & Complexity Theory in Education 
http://www.udel.edu/aeracc

Excite

Angie’s Chaotic World 
http://mainline.brynmawr.edu/~cci98-09/index.html 
Osamu WATANABE’s Home Page 
http://infosys.is.titech.ac.jp/~watanabe/index.html 

KhojYantra 

Most Relevant Pages 

http://theory.lcs.mit.edu (size: 16) 
Theoretical Computer Science -- 1996 
Information and Computation -- 1997 
Complexity theory 
http://www.complexity-solutions.com/complexity.shtml

Relevant Pages 
Computational Complexity Theory 
http://www.cs.umass.edu/~immerman/complexity_theory.html 
Rice Algorithms & Complexity Group 
http://www.cs.rice.edu/CS/Algorithms/complexity_theory.html

General Pages 
complexity theory 
http://www.cultsock.ndirect.co.uk/MUHome/cshtml/introductory/complex.html 
critique of chaos and complexity theory 
http://platon.ee.duth.gr/data/maillist-archives/sois/1998/msg00174.html

Figure 5.1: Sear
h Results for the keyword \XML databases"45



Search Engines Top Two Retrieved Search Results

Alltheweb

Orange-Hill -webdesign, java, javascript, Asp, asp, design, web, databases,dhtml, xml, style 

http://www.orange-hill.nl/ 
XML Databases - Comparison Products and Services 
http://www.xml-data-servers.com/xml-databases/xml-databases.html 

Infoseek

TerraServer
http://www.terraserver.microsoft.com/ 
Microsoft Music Central
http://www.musiccentral.msn.com/ 

Hotbot

XML representation of a relational database 
http://www.w3.org/XML/RDB.html 
Creating High Performance Web Applications using Tcl, DisplayTemplates, XML, 
http://www.binevolve.com/press/pressdocs/tcl-paper/html/tcl.htm 

Metacrawler

Creating High Performance Web Applications using Tcl, Display Templates, XML 
http://www.binevolve.com/press...ssdocs/tcl-paper/html/tcl.htm 
What is XML? 
http://www.gca.org/whats_xml/default.htm

Webcrawler

XML-DBMS, Version 1.0 
http://www.informatik.tu-darmstadt.de/DVS1/staff/bourret/xmldbms/xmldbms.htm 
ITO - Staff - Ron Bourret. 
http://www.informatik.tu-darmstadt.de/DVS1/staff/bourret/bourret.htm 

Google 

XML and Databases 
www.informatik.tu-darmstadt.de/DVS1/staff/bourret/xml/XMLAndDatabases.htm - 
developerlife.com (tm) - Introduction to XML, Java, databases and the Web 
http://developerlife.com/dbsourceintro/default.htm 

Grouper

XML-DBMS, Version 1.0 
http://www.informatik.tu-darmstadt.de/DVS1/staff/bourret/xmldbms/xmldbms.htm 
ITO - Staff - Ron Bourret 
http://www.informatik.tu-darmstadt.de/DVS1/staff/bourret/bourret.htm

AltaVista

XML Apps Target Databases, Commerce 
www.techweb.com/wire/story/TWB19980130S0017 
Databases, Tools Push XML Into Enterprise 
www.internetwk.com/news1198/news111698-3.htm

Yahoo

XML.com - Relational Databases. 
http://www.xml.com/pub/Guide/Relational_Databases 
XML, VRML, DHTML, CGI, Perl Scripts, Java, JavaScript,
Databases..Ads-Programming.Com. 
http://www.ads-programming.com/web_programming_XML.html

Excite

WestLake Internet Training: HTML, FrontPage, Dreamweaver,JavaScript 
http://www.westlake.com/ 
RioLabs - All of your buyers, all your suppliers in one place. 
http://riolabs.com/ 

KhojYantra 

Most Relevant Pages 

http://www.xmltoday.com(size: 3) 
XML Tools: Databases 
XML and Databases 
http://xml.com(size:2) 
XML.com - XML-QL 
XML.com-Relational Databases 

Relevant Pages 
DaveNet: XML Databases 
http://davenet.userland.com/1998/02/22/xmlDatabases

Koala XML resources 
http://www.inria.fr/koala/XML/xml.html 

General Pages 
XML Databases 
http://www.goeast.ch/goeast/archive/0593.html 
VRML, XML, DHTML, HTML, CGI, Perl Scripts, Java, JavaScript, 
http://www.ads-programming.com/web_programming_VRML.html

Figure 5.2: Sear
h Results for the keyword \Complexity Theory"46
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