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Abstract

Data mining is a fast-developing field of study, using corafiahs to either predict
or describe large amounts of data. The increase in data geddeach year goes
hand in hand with this, requiring algorithms that are mord arore efficient in
order to find interesting information within a given time.

In this thesis, we study methods for extracting informafrem semi-structured
data, for finding structure within large sets of discreteadand to efficiently rank
web pages in a topic-sensitive way.

The information extraction research focuses on suppoitdeping both doc-
umentation and source code up to date at the same time. Otoaappto this
problem is to embed parts of the documentation within sfiateomments of the
source code and then extracting them by using a specific tool.

The structures that our structure mining algorithms are tbfind among crisp
data (such as keywords) is in the form of subsumptions, ne keyword is a more
general form of the other. We can use these subsumptionsldddmger structures
in the form of hierarchies or lattices, since subsumptiaesti@nsitive. Our tool
has been used mainly as input to data mining systems andsimaligation of data-
sets.

The main part of the research has been on ranking web pagesutha way
that both the link structure between pages and also thermofteach page matters.
We have created a number of algorithms and compared thenheo algorithms
in use today. Our focus in these comparisons have been oergamee rate, algo-
rithm stability and how relevant the answer sets from theriigms are according
to real-world users.

The research has focused on the development of efficientithigs for gath-
ering and handling large data-sets of discrete and texatal d\ proposed system
of tools is described, all operating on a common databasaioimy “fingerprints”
and meta-data about items. This data could be searched ioysaigorithms to
increase its usefulness or to find the real data more effigient

All of the methods described handle data in a crisp manreraiword or a
hyper-link either is or is not a part of a record or web pagds Tieans that we can
model their existence in a very efficient way. The methodsaigdrithms that we
describe all make use of this fact.
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Sammanfattning

Informationsutvinning (som ofta kallas data mining averspénska) ar ett forsk-
ningsomrade som hela tiden utvecklas. Det handlar om adtralavdatorer for att
hitta monster i stora mangder data, alternativt forutségatida data utifran redan
tillganglig data. Eftersom det samtidigt produceras mérmer data varje ar staller
detta hogre och hogre krav pa effektiviteten hos de algeritom anvands for att
hitta eller anvanda informationen inom rimlig tid.

Denna avhandling handlar om att extrahera information $emi-strukturerad
data, att hitta strukturer i stora diskreta dataméangderattpa ett effektivt satt
rangordna webbsidor utifran ett Amnesbaserat perspektiv.

Den informationsextraktion som beskrivs handlar om stadaft halla bade
dokumentationen och kallkoden uppdaterad samtidigt. ¥mihg pa detta prob-
lem &r att Iata delar av dokumentationen (framst algoriskbeningen) ligga som
blockkommentarer i kéllkoden och extrahera dessa autsktatied ett verktyg.

De strukturer som hittas av vara algoritmer for struktuaggion ar i form
av underordnanden, exempelvis att ett visst nyckelord &igereerellt &n ett annat.
Dessa samband kan utnyttjas for att skapa storre struktioren av hierarkier eller
riktade grafer, eftersom underordnandena ar transitied verktyg som vi har tagit
fram har framst anvants for att skapa indata till ett infatioresutvinningssystem
samt for att kunna visualisera indatan.

Huvuddelen av den forskning som beskrivs i denna avhandimglock hand-
lat om att kunna rangordna webbsidor utifrdn bade derashalhech lankarna
som finns mellan dem. Vi har skapat ett antal algoritmer osat\iur de beter sig i
jamforelse med andra algoritmer som anvands idag. Desgérgdser har huvud-
sakligen handlat om konvergenshastighet, algoritmetiadditet givet osaker data
och slutligen hur relevant algoritmernas svarsmangdeahsetts vara utifran an-
vandarnas perspektiv.

Forskningen har varit inriktad pa effektiva algoritmer @t hamta in och
hantera stora dataméngder med diskreta eller textbasdedde | avhandlingen
presenterar vi aven ett forslag till ett system av verktym sobetar tillsammans
pa en databas bestaende av “fingeravtryck” och annan metaaade saker som
indexerats i databasen. Denna data kan sedan anvandasesedigoritmer for
att utdka vardet hos det som finns i databasen eller for a&tktaff kunna hitta ratt
information.
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Preface

The thesis consists of the six papers listed below and aoduttory part. In the
introductory part, a general background on data mining ésemted, as well as
more in depth coverage of the areas that are more closelgdeta our research.
The main findings of our research are described, as well aspped system for
handling large amounts of discrete and semi-structured. dahe main parts of
this thesis are followed by an appendix containing a Usetstd&for CHC (see
PapetIl).
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CHAPTER 1. INTRODUCTION 1

Chapter 1

Introduction

Each year more and more data is generated in various formrently in the mul-
tiple Exabytes per year range. Most of this data is in some ofpaw format that
must be refined before it can be used and understood. Morebi@trof this data
is stored on magnetic media of some sort for later retrieval.

To give some sense of scale, we will look at the Internet asxample of
how much information is available. Figufe1l.1 on the follog/ipage displays
the number of hosts (registered host names) available oimtinmet over the last
25 years. Moreover, the figure shows that the data traffic thesrinternet has
increased even faster. In fact, the sheer volume of datadashish week is so large
that no one would be able to read all the information withiifetiine. This means
that tools must be used to help find interesting informatwreven go so far as to
draw conclusions from the available data.

The tools might be simple or complex, but they can only worthwie data
they are given. The simplest tools available can only sefanrctecords containing
exact matches of the keywords given in the query. Having rimdoemation about
each document means that we can use more complex tools fatateaset. Two
very important attributes here are how structured the getas and whether there
is additional meta-data for each record.

If the data exist in a database or other forms of formally defidata-set, usu-
ally called structured datait can easily be searched and used by software. The
so called Deep Web is built up of rich information and datalsasccessible using
forms or other software, and is usually seen as being mugerdhan the static
web [100].

A bigger problem exists if the data has no apparent structurieas only a
minimal inherent structure. General text files tend to havetnucture outside of
those on the syntactical level, and are often seen as a typestifuctured data
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Figure 1.1: The number of hosts on the Internet 1982-200&T@traffic through
AMS-IX (the largest Internet exchange point) during 200232 [9].

Some form of natural language processing is usually rediir&ise such data-sets
efficiently as soon as something more complex than a pure d&a&ysearch has to
be done.

There is also the middle ground between structured anduatsted data called
semi-structured dataA lot of the file types currently found on the Internet (such
as HTML and PDF) allow a number of structural parts such adihga and hyper-
links pointing to other documents. This is the type of datd e have focused on,
even though our indexing works on unstructured data as well.

It is also possible to use descriptive information aboutdat rather than the
actual contents of the data. Such information is catferla-dataand usually con-
tains information about elements and attributes, recandss&ructures, and prove-
nance of the data. Typical examples of meta-data includeadhee, size, data type
and length of each field available in the data-set, as well lzeravit is located,
its association to other data, ownership of the data, etd¢aldata can sometimes
be seen as a model of the original data, thereby allowingegjans and users to
search and browse the available meta-data rather thanitieabdata-set. As an
example, the abstract of a book is together with the CIP agcmpposed to give a

1A Cataloging in Publication record is a bibliographic retprepared by the American Library
of Congress for a book that has not yet been published. Whehdbk is published, the publisher
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CHAPTER 1. INTRODUCTION 3

selling but objective sampling of the content of a book withgoing into details.
This can be seen as a case where meta-data is used to enhanceftiness of
the data it describes [1I01]. An analogue would be to use thaitebto provide
an overview of all available pictures in a gallery rathemth&ing the full pictures
directly.

This thesis collects the results from three different migjelealing with semi-
structured data or meta-data. The first one, calledBXT, extracts meta-data
from source code. The second one, callediCHinds structure within large sets
of discrete meta-data. The last, and most important, oneei$¥oT project. It
uses structural as well as textual elements from semitstieat documents in order
to rank them, and is by far the most complex of the three ptajec

1.1 Research Questions

The main questions that the research in this thesis triesswer are:

e How can we find and extract structural information or embéeddista from
discrete data-sets?

e How can we find and rank web-pages in a topic-sensitive waydorithms
that are more efficient (at least in practice) than the ctigrdamown ones?

includes the CIP data on the copyright page. This makes bomdepsing easier for both libraries
and book dealer§]8].
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CHAPTER 2. DATA MINING 5

Chapter 2

Data Mining

Data mining is a collective term that stands for a number fiédint procedures
and methods for finding interesting information in large ams of data. Other
names used for the concept include deductive learningpeadpky data analysis,
and data driven discovery [47].

While data mining can be applied to any type of data-set, st been used
extensively in business systems. Data mining tools usdallyot work directly on
a “live” database that contains day to day transactionsppatate on a modified
and summarised database calledata warehouse A data warehouse contains
aggregated and cleaned information from the “live” database. ideally no false
or extraneous data [47, 171, 133].

Another difference between a regular database system aathardning sys-
tem is in their operation. The user of a database system &xpaxisp answer to
each query, for example, is a seat available on a certain.fligte answer given by
a data mining system could be in the form of possibly inténggpatterns or meta-
data describing something in the database, for exampley exser that bought
articlea also bought articld [4.7].

Data mining approaches are usually grouped into eitherigiresl or descrip-
tive systems, according to the taxonomy in Fidure 2.1.

Data mining

/ \

Predictive Descriptiv
o o T

o - "~ Time series - . - Association  Sequence
Classification Regression . Prediction Clustering Summarisation . eq
analysis rule discovery discovery

Figure 2.1: Data mining taxonomly [47].
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A predictivesystem makes some sort of a prediction for new values based on
already known values in the data-set. Predictive appraaicindude classification,
regression, time series analysis and prediction systems.

¢ A classificationsystem maps each object into one of a number of predefined
classes.

e A regressionsystem finds some sort of function that as closely as possible
matches the given data. One of the the attributes of the gawedlelled by
the other attributes using the function.

e Time series analysisxamines the behaviour of a value over time.

e A predictionsystem tries to foresee a future state given current andopeyv
states. These systems are often used to give early warningforal phe-
nomena, like earthquakes and flooding, as well as other sepredictable
systems like speech recognition and pattern recognitidh [4

A descriptivesystem tries to find relationships in data, e.g. patternsstidb
the time it is not used to predict future values, but can be ts@nalyse different
attributes in the data. Descriptive approaches includsteting, summarisation,
association rule discovery and sequence discovery.

e Clusteringis related to classification, but creates the classes by ubm
existing data.

e Summarisatiordiminishes the amount of data, while retaining as much sig-
nificant information as possible about the initial data set.

e Association rule discoveryies to find associations between different items
in the database.

e Sequence discovelyoks for patterns where one event leads to another event.

Most of our work has been on different descriptive approaciluding in-
formation extraction (see Sectibn.1), clustering (se=i®@HZ.2), mining for as-
sociation rules (see Sectibn2.3) and web-based data ns@egChaptdd 3).
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CHAPTER 2. DATA MINING 7

2.1 Information Extraction

Information extraction is the process of extracting, cotimguand compiling in-
formation from the text of a large corpus using machine liegr{bl]. Information
extraction systems are generally used to extract infoomatbout a page, storing
it in a form that makes queries and retrieval of the data ag ead efficient as
possible. Typical examples of information extraction eys$ include RSV[[53]
and WHISK/CRYSTAL [125/°126].

2.2 Clustering

One widely used form of descriptive data mininglsstering Clustering is related
to classification, but uses the existing data to autométicgnerate the classes.
Clustering is also callednsupervised learningr segmentationA very important
notion in clustering isimilarity, i.e. how closely related two (or more) items are to
each other. Clustering works by automatically groupingetbgr smaller clusters
(i.e. data points with similar values) until either eachstdu is “sufficiently” large
or a certain (predefined) number of clusters have been rdache

Clustering can be seen as finding groups of facts not prdyikmswn in large
data. There are numerous ways of clustering data-setsndieyggeon, for example,
type and distribution of data. An excellent review of thetestaf the art in data
clustering was published by Jain et al. in 1999 [76].

2.3 Mining for Association Rules

Mining for association rules is looking for patterns acaéogdto which one item is
connected to another item. There are many different afifgitmavailable support-
ing mining for association rules. Most of them fall into twifferent categories,
unsupervised and supervised mining (see Sedfiond 2.3 3@ respectively).
The rules found are usually in the form of an implicati¥n=-Y. Each rule

found is marked with the quality attributes called suppad eonfidence. A formal
definition is included in order to introduce the notation &maninology used later
in this text.

Finding, Extracting and Exploiting Structure in Text andgéytext



8 2.3. MINING FOR ASSOCIATION RULES

DEFINITION 2.1 Letr ={ly,l2,...,In} be a set oftemsor anitemset Let » be

a set oftransactions where each transactioh is a set of itemsT C 1. We say
that a transactiofl contains Xif X € T. The fraction of transactions containing
X is called thefrequencyof X. An association rulds an implication in the form
Y = Z, whereY,Z C 1, andY NZ = &. This rule holds in the transaction set
with confidencen if the fraction of the transactions containiigthat also contain
Zis at leasti. The rule hasupport sin the transaction sen if the fraction of the
transactions irp that containy UZ is at leass [47].

ExAMPLE 2.1 Given a database with three iteims {iy,i2,i3} and five transac-
tions D = {{i1},{i1,i2},{i1,i2,is},{i2,i3},{i2}}, we can say that the support for
i1=i2iss(ip=1ip) = % = 40% and the confidence igi; = i) = :% ~ 67%. We
can also see thafi, = i3) = Z = 40% andu (i, = i3) = % = 50%, soi; = i, has

more confidence than = i3 while they have equal support.

2.3.1 Unsupervised Mining for Association Rules

Unsupervised association rule mining systems autombtisaarcho to discover
association rules having high confidence and support, witbeing guided by
input from the user. The most commonly used algorithm isd#priori [47,[129].

Apriori builds upon the fact that only subsets of large sets be large, and
the assumption that only large subsets can give new infesm#tat is potentially
important. This means that the possible solution space eanumed quickly while
checking the combination of all itemsets that differ in oafye member. A support
parametesis used in Apriori to decide which itemsets are consideregklaThis
means that the algorithm will ignore rules with high confiderif the support is
too small [47[ 64, 129].

Example[ZP on the facing page shows how Apriori would primeesolution
space using already found information. Unsupervised daagwill not be dis-
cussed further in this thesis, since it is not the focus ofabek described here.

Ola Agren



CHAPTER 2. DATA MINING 9

EXAMPLE 2.2 Suppose we are given a data-set with three itég #ndC), and
two of these A andB) appear frequently while the last on€)(does not. Com-
bining itemC with eitherA or B results in an itemset that is not frequent enough,
thus indicating that these can safely be ignored from furthéculations by Apri-
ori. This implies that only the intersection #fandB (denoted{A,B}) can be a
frequent itemset when combining these itemsets. Thisustithted in the lattice in

Figure[Z2.

A B 1o

N DG Bo

RE)

Figure 2.2: Lattice of itemsets for Examjlel2.2, wittquent andinfrequent item-
sets. Dotted lines can safely be ignored by Apriori, sindeasdt one of its parents
are infrequent.
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10 2.3. MINING FOR ASSOCIATION RULES

2.3.2 Supervised Mining for Association Rules

Supervised mining for association rules is often perforraedh data warehouse,
where the available data is already somewhat summarisedleaed. The data
that is operated upon is usually described not only by a yalutealso by a number
of attributes that describe from whom and where it camell4}., 6

EXAMPLE 2.3 Assume that we have a company that has two branches in Umea
and one in Stockholm (both cities are in Sweden) as well asrohendon, Eng-

land. The company sells electronics (television sets amthiple CD players,
among other products) and mirror shades. To improve itsatipais the company
wants to use the sales data gathered from each branch to rsi@kates of the
number of units of each product type which need to be preeddeEach branch

of the company has sent in the sales figures for each prodpetfty each day

to the central data warehouse that houses this data in aadatalbhis means that
each data value is marked with a number of attributes, sudataslocation, and
product type.

Each attribute of Example—2.3 can be seen as a hierarchy awits as il-
lustrated in Figuréd_213. Such hierarchies are often redetoeasconcept hier-
archies[44,[64]. We have explored automatic generation of conceptifchies
usingCHiIC [140,[141, PapelSlI=l].

location date product

province_or_state

B
06

Figure 2.3: Examples of concept hierarchies for Exarfiple 2.3
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CHAPTER 2. DATA MINING 11

The usual way of looking at the data in a supervised systemtiei form of an
n-dimensionalata cubesuch as the one in FiguteR.4. Each side of the data cube
corresponds to the current view level in the hierarchy ofatigbute, also called
facet Another name for a data cube @n-Line Analytical Processing (OLAP)
cube[47,64 [129].

D .

©Q Mirror shade}/

\)o\
S

3 -
Television sets

CD players

2008

2007

date (year)

2006

2005

London
Stockholm
Umea North
Umeé City

location (city)

Figure 2.4: Data cube corresponding to Exaniplé 2.3 and #rarchies (facets)
shown in Figuré€Z]3 on the facing page.

Each block in the cube corresponds to the chosen hierareblydéeach facet.
It is marked with the aggregated values of all underlyinglewn the hierarchy as
well as its support (see Definitiga 2.1 on pdage 8). This culmebeachanged and
examined by the user to find interesting patterns.

It is up to the user to choose operations (see Table 2.1 orolloaving page)
in such a way that new information can be deduced from thédata This means
that the output from using supervised mining for assoaatides will depend on
the user expertise in both the domain and the tools used.

A typical starting point would be to look at highly aggreghtalues over either
time (e.g. sales data per year) or per product, and themgdrdiown to find patterns
in the data. This would show variations due to season, lpcaleroduct in our
example.
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Table 2.1: Typical operations that can be performed on acldia [47 | 64].

Operation  Result

Transpose  Changes the positions of facets with respect tothiers
Slice/dice  Choose a specific slice in one (or more) dimension
Drill-down Goes to a lower level in the hierarchy of one f&cet
Roll-up The opposite of drill-down

aThe data cube in FiguEE2.4 on the previous page has alreadydsiled down to the “city” and
“type” level in the location and product facets, respedjive

2.4 Thesis Contributions

There are two separate subareas within data mining thattvesme studied in the
present thesis. Each of them will be handled in its own sulmebelow.

2.4.1 Algorithm Extraction

A lot of research has been done to ensure that documentdtisoftavare is as
up-to-date as possible, but there are still some open prbldhere is usually a
semantic gap between the source code and the documentatiseveral reasons;
the source code and the documentation are not always wattdme same time,
different programs are probably used to edit them, etc. iif@ans that whenever
a change is done in one, it needs to be transferred to the other

Our approach is to extract some parts of the documentation fhe software.
This means that the documentation and source share the dapimfilying that
there is an increased likelihood that the documentatiohbeilipdated whenever a
change is made to the source statements and vice versae clintplified version
of literate programming seen inveeb [52].

While truly automatic extraction of algorithms has not yeeh mastered, it is
at least possible to use comments in order to add to the soodsewhatever infor-
mation is required. AGEXT [L39, Papelll] is a proof of concept implementation
that extracts alstrategiccomments from ANSI C (see Examplgl2.4 on the facing
page), retaining the indentation of the source code in thraeted comments.

The main idea is to allow a textual description of the aldinis to be embedded
within the source code, and extract it when required. Thigks/@n a similar way
to cext ractf, doxygen [[134] and JavadoC ]54] to extract (part of) the fiamc
comments of the source files, but with less requirements ercémment mark-
up from the tool’s viewpoint; Example—2.4 shows that the canta can be quite

1Source code available frofit p: /7 dev. W3. or g/ cvsweb/ Anaya/ t 0ol s/ cextract- 1. /7]
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elaborate because of the requirements from other toolkisrcaseATEX.

ExAMPLE 2.4 Given the following source code:

[* Function f(x) = x*x*x-x */

int f(int x)

{
/* \'begi n{equation} \mathcal {Z \rightarrow Z}, f(x) = x"3-x */
return x*x*x-x; /* will not work if x is too large */
/* \label{eq:f} \end{equation} */

The BTpX embedded in the tactical comments of the source code alemarg
ates Eq.[(Z11).
f:
z—z,f(x) =x—x (2.1)

2.4.2 Structure Extraction

The concept hierarchies used when doing supervised miningskociation rules
(see Section2.3.2) are normally defined at the same timeeadatabase or by
using predefined hierarchies, such as Dublin Cork [46] or Z2]. This will not
work that well when the data-set consists of free-text teonisee-text meta-data
describing each record. The main problem is that changiegéhof records to be
included may yield a different set of terms to use as well.sTheans that there
has to be an automated process to find the concept hieragitéasby the terms.

The process finds subsumptions, i.e. terms that exist incad@mnly if another
term exists there as well but not vice versa. These subsangpére then used to
build up hierarchies that can be used either for semanticises for documents or
for doing supervised mining for association rules amongégerds.

The use of concept hierarchies to increase the number ofwermis found has
been very successful in information retrieval. A largerafedlocuments can often
be found by enriching the queries with terms that subsumerigaal terms in the
hierarchy [[3D]-120].

At the turn of the century there were no tools available tlwatldt generate a
concept hierarchy specifically made for supervised minmgassociation rules.
It was possible to use decision tree inducers that couldrgemdinary trees by
checking one attribute at a time, using algorithms that weteptimised for crisp
data-sets.

This was the main motivation for creating the @Htool, that is able to induce
a concept hierarchy of terms given keyword based data [22M),RaperElEI]. It

Finding, Extracting and Exploiting Structure in Text andgéytext
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was originally designed to work together with a proprietdaga mining system on
the IRIX platform, but it is easy to adapt the output to mogadaining systems.

There have been two upgrades of functionality in the toohffeapedl [14D]
to Papefdll [141], both being driven by an upgrade of the fiomality of the data
mining system. The first upgrade was to allow generation n€ept lattices rather
than hierarchies. This means that more than one path to arsalskeyword
may exist in the resulting data-set. The second upgrade asvaldotv terms to be
reused in different facets, as long as there is no overlapdaat the keywords of
the facets. Reusing terms increases the coverage in thnddagts. Turning these
options on means an increased amount of work required to@terthe results (see
Papefl [141, Sectioris8.6.1f0 8.2 on pagddI6-98]).

The clustering generated by CEl is not guaranteed to be optimal, since the
algorithm uses local minima to select decision points. Eepee shows that it
generates appropriate results in almost all practicals;asfe tested thousands of
data-sets and found only three hierarchies that did no¢ auiitke sense.
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Figure 2.5: Problems with applying Data Mining on sales data
With permission from PIB Copenhagen A/S 3/2004.
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Chapter 3

Web Search Engines

What is currently known as Internet started out as a rese@athork with packet
switched data called ARPANET. It grew larger and larger asenoomputers and
networks were added to it over time, and some of the oldeppots were replaced
to get more stability and/or throughput.

It was first and foremost used for transmitting text messagedext files, until
Tim Berners-Lee from CERN in Switzerland created the firstkivay prototype
of what is now known as the World Wide Web. It consisted of a wetver, a
combined browser and editor, and a number of pages thatildeddhe project.
Some of the technologies that we now take for granted wetarftreduced in this
project, e.g. globally unique identifiers (Uniform Resautdentifier).

There were originally very few servers up and running, sodswossible to
keep track of all of them and then manually browse to find thataé material.
It did, however, not take long until the number of servers vmslarge to keep
track of manually (see FigufeTl.1 on pdge 2). This meant traessort of look-up
service was required.

Along came the first generations afeb search enginefZl, Section 4.72],
e.g. AltaVistd] They indexed all pages they could reach and provided theirsus
with an easy way of doing searches. They usually had no weanéimg the pages,
instead they gave their answers in an unspecified (albedtlysdeterministic) or-
der. The key to using these search engines was to add encagih serms (both
positive and negative) to a query to get the right number gépa

Over the years more and more advanced search engines appEaese search
engines used various techniques to give better searchigestimong the most
successful and prominent ones is the idea to use the linkgebatweb pages to

ITheir original search engine became operational in 1995 amas located at
http://ww. al tavi sta. com They have later created far more advanced search engines.
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derive rankings indicating the relative importance of gagkpproaches based on
this idea will be discussed in this chapter.

3.1 Web Mining

Web mining is data mining using data from the web. Within flekd, there are the
following five major research areas:

Information extraction Finding, extracting and compiling information from a
large corpus, see Sectibnl2.1 on pBAge 7.

Wrapper induction The process of finding general structural information alaout
set of web pages, and with this in mind extract only the reieigformation
from each page [36, 108, 109].

Vector space modelling and (latent) semantic indexingA method for extracting
and representing the similarity between documents and ¢#aaimg of words
from the contexts, by applying statistical computations targe corpus of
text [92,[119[129].

Web link mining Mining the spatial link structure of the web for informatjsee

Sectio3.D.

Web log mining Mining for knowledge in web logs, otherwise known elik-
streamdata [25[ 48, 103, 137].
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3.2 Web Link Mining

The main part of our work concerns web link mining. A lot ofeesch has been
done by exploring the link structure between pagmpecially about algorithms
for very large data-sets such as the entire world wide welge$an a specific
subject tend to have links to other pages on the same suBi&¢b] [ 81]. Neigh-

bouring web pages (when using hyper-links to define disjecarebe used to either
deduce or corroborate the contents of a web page. Web linkhgngystems usu-
ally look at both the quantity and type of links, often renmayior decreasing the
effect of local links since these tend to be navigationdieathan referential.

The web can be seen as a graphE), where each vertex corresponds to a
web page and each edge corresponds to a hyper-link. By ugingdafined or-
der among the vertices we can find a unigue adjacency matrirsgonding to
the web. Almost all web link mining algorithms use such araa€dpcy matrix,
returning one or more eigenvectors corresponding to thenegajues of the adja-
cency matrix. Such eigenvectors can be seen as rating dasctiving a ranking
or retrieval order for the corresponding pages.

Most of the research in web link mining has focused on vasiafitwo algo-
rithms called PageRank (see Secfion3.2.1) and HITS (seé®SBCZ2).

3.2.1 PageRank

The general idea behind PageRankKi [26] is that adradom surferbrowsing the
web, at each time following a random link on the current wehepaGiven a
sufficiently large number of simultaneous surfers, it wdwdgcpossible to stop them
at any given time and look at the number of surfers currentbking at each page
and use that number as the relative probability that it isvgwortant page.

There were some problems with this appr&dh&. what to do when there
are no outgoing links from a page and when two (or more) page¥ o each
other without outgoing links from the groupafik sink. The answer to the first
problem was to recursively remove all pages lacking outgdiimks from the cal-
culations. The latter problem was countered by adding tlesipiity of jumping
to any page on the web at a certain probability callethenping factor(1 — ).
The damping factor corresponds to the likelihood that asemdurfer would jump
to a random page rather than follow one of the links on curpagie. This value

2This can be seen in the proceedings from IJCAI Text-Mining &k-Analysis workshop
2003 [62], LinkAnalysis-2005[163], LinkkKDD[1I3[J4[15.-44], 8M Workshop on Link Anal-
ysis, Counterterrorism and Security [13.] 41,1124,1130], &4l ws papers published in other
venues|[56. 90, 110, 128, 131].

3Besides getting enough surfers to click at random.
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must be between 0 (inclusive) and 1, and a value of 0.15 wakhyséhe original
authorsl[112]. The original PageRank algorithm gives aevébn each pag¢ €V,
which is obtained by solving EJ._{3.1) with= |V|, using iteration to find a fixed
point.

PR(j)=——+(Wx > PR(i)/outdegred) (3.1)
(i,))eE

This can also be described by using a maRixbtained from the column-
normalised adjacency matrim (with all pages without links removed) of the graph
(V,E) by adding the damping factor:

pP— [ﬂ] M (3.2)
n nxn
The rating returned, which is called PageRank, is the domiiei@envector of
P: Pt=1 > O,||1|; = 1. This means that thieth entry oftis the probability
that a surfer visits page or the PageRank of page
Todaynis between 15-20 billions and computing the eigenventeas already
in 2002 called the largest matrix computation problem invtioeld [104].

3.2.1.1 Rate of Convergence

It has been proved that the second largest eigenvalle will never be larger
than u [68], leading to fast convergence when using power itematm find the
PageRank8. It has also been shown that PageRank can achieve a stalglénstat
O(logn) iterations, wheren is the number of pages in the data-set. While this is
sufficient for most applications, there have been a numberagfosals for speeding
up the calculations so it can be used for ranking large detassich as the entire
Internet [10[ 217,39, 6%, 65, 174,162, 83] 84 95,1114]. Typeamples of methods
used for efficiency improvement include Arnol@i]121], Laos [60], Jacobi 23]
and Gauss-Seidel[10].

4Because the power method converges at a rate proportioial/% | [60] andP is an irreducible
n-state Markov chain, which means that power iteration willays converge to a stable valle]75,
Theorem 5.2].
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3.2.1.2 Problems and Variants

There are two main problems with the basic PageRank algorilthe first problem
is that there are huge computational costs involved in &tiog the PageRank val-
ues once (described in the previous section). The secoitepnds that the values
calculated represent an average random surfer rather tmease interested in
one specific subject, thus potentially leading to an ansefethat is not of interest
for all users.

Two variations of PageRank have been widely used to couhg&tfrandom-
ness” problem. These are Personalized PageRank [112] gmctSensitive Page-
Rank [67]. They both use the same general ideas and algodththe original
PageRank, except that the damping factor is not added omifoinstead, a damp-
ing is scaled and added to either one starting page (for Ralized PageRank) or
to a set of pages (for Topic-sensitive PageRank) assumexabdut that particular
subject, which indicates that PageRank will have a preterdéor these pages over
other pages. Personalized PageRank will thus give a vieteolitternet from the
viewpoint of one specific starting page.

Topic-sensitive PageRank has been used quite extendiglguffers from a
major problem when it comes to rate of convergence: Addiegddmping factor
to just some entries in the matrix makes it reducible. Thiamsehat several eigen-
values of the same magnitude might show up, thereby makimgdhvergence of
power iteration very slow [60]. This can partly be offset tging the approach
of Jeh and Widom[T47, 78], namely by creating base vectorgriportant pages.
This corresponds to a partial view of the Internet accordlingach important page,
by using Personalized PageRank with an extreme dampingrfathe base vec-
tors are scaled according to the corresponding eigenvalugshose that belong
to the required set are aggregated and normalised in ordembcthe final answer
vector. The rather small dampening factor used in PageRdinkeans that many
iterations are required before a stable answer can be fameath base vector.
Topic-sensitive PageRank is thus better for broader tppiwshat each use of the
vector can be seen as amortising the cost to generate it.
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3.2.2 HITS

The basic idea behind HITS is that important pages about @fgpsubject have
pages with links pointing to them, and pages with good lirdedtto point out
important pages [88]. The algorithm gives two separateegfar each page; how
valuable the contained information is according to the dlgm (calledauthority)
and also how good it is as a link page (called)).

Rather than addressing the entire Internet directly it aslesotstrap data-set,
consisting of pages that are initially assumed to be abgpeeific subject. This set
is further extended with all pages pointed to by the boqtsset as well as pages
that point to the bootstrap set. Each page in the entire g@és a start value in
the two categories. These values are adjusted by simultarigaration over the
equations given in EQL{3.3), wheng denotes the hub value for papanda; the
authority value for pagg.

ni= > o aj= % n (3.3)
(i,))eE (i,))eE
Eq. (333) can also be described in terms of operations ondhesponding
adjacency matri:

n=ATa=ATAn a=An=AA"C. (3.4)

We remark that, in practice, the matrix products in Eql(aré)never computed
explicitly. All eigenvector-based methods only performtrixavector multiplica-
tions that make use of the sparse structure of the adjaceatryxrA.

One thing to note here is that even though the required eeardt obtained in
the relative differences between individual valueg enda, it is necessary to keep
these values withiri0, 1) by using normalisation after each iteration of Hq.1(3.4).
These values can otherwise become so large as to cause wedrflcalculations.

3.2.2.1 Rate of Convergence

The basic HITS algorithm usually has a very good convergeaies since it could
be seen as two simultaneous power iterations on symmetri;magative matri-
ces[60]. Using a bootstrap set also creates a data-set¢aredponding adjacency
matrix A) that ismuchsmaller than the entire Internet, leading to much faster eva
uation of the hub and authority values.
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3.2.2.2 Problems and Variants

HITS suffers from a problem calledpic drift. Topic drift occurs when pages that
are barely on-topic receive high hub and authority ratisgse these pages are a
part of another close-knit society of pages linking to eatttelo This means that
if more than one topic can be found within the extended detdhe one with the
largest eigenvalue will be given. Possible solutions te grbblem were given in
the CLEVER projectl[32,-34] as well as the work of Bharat andhteger [21].
CLEVER uses different weights on the links depending onlieenumber of links
and whether they reside on the same server, while Bharat endifiyer used either
outline filtering or dividing the weight of each link with thetal number of links
between same two servers.

The numerical stability of the calculations can sometimeddss than ade-
quate, meaning that small changes (such as missing linkikleimnput data can
change the focus from one cluster of pages to another. F®ssilutions to this
problem were given by Miller et all_[]103] and Ng et al._ [111].ilker et al. used
web logs and up to two link steps to generate the adjacencgixnahile Ng et
al. used random walks in a manner similar to PageRank.

Another problem is that many different meanings of the sarmedvean ap-
pear within the data-set. It is often the case that these imgsaisan be found by
checking more than the first eigenvalues for the combinatising what is called
spectral graph theory [9P, 111].
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3.3 Thesis Contributions

We have used two major approaches to obtain a web searcimsijfsieis stable,
fast and, according to the users, returns good answer gector

3.3.1 Monotone Data Flow System

The first approach is to patust levelB on the meta-data belonging to a page and
then propagating it along links. The propagation is cofetbby

¢ hyper-links (either given explicitly in the web pages or lreg by the paths
of the URLS),

e the trust level given to each page,

e whether the data was perceived as pervasive, i.e. shoytgate more than
one link, and

e a function that calculates the resulting meta-data usiagrtboming values
from each link.

This corresponds to a weighted Topic-sensitive PageRaekendach non-pervasive
value can be propagated just one step along the links, aridladl have weight.
The approach builds on the work done by Kam and Ullnhah [80fh ah updated
propagation step to fit the requirements of our model.

The prototype is quite slow and requires inside knowleddgetased success-
fully; well-defined trust rules as well as a relatively smiaput data-set are essen-
tial. Experiments with the prototype gave very positiveuttss even though both
the model and the resulting search engine are more of a tiedr@nd academic,
rather than a practical, natuie [142, Pdpdr IV].

SHow much trust we put in that page regarding each piece of-tet=
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3.3.2 Propagation of Topic-Relevance

The Propagation of Topic-ReIevaﬁdé’roT) algorithm is a close relative to Topic-
sensitive PageRank, but with a major change. All links usethé calculations
potentially have the same strength; the value to propagalided by thedecay
factor (§) rather than dividing the value to propagate among the auggtinks
as in PageRank. This means that the propagation step requlitle less work,
but it does require both a very carefully chosermnd normalisation after each
iteration [144, PapdrVI].

Given an initial scoren(j,0) = 1 (100%) for pages that are assumed to be on-
topic and zero otherwise, and usikgs the iteration count as well as settitp an
appropriate value (i.e. just above the dominant eigenwaiitiee adjacency matrix)
we can apply the following algorithm:

w(j,k—1) if jis on-topic

) (3.5)
0 otherwise.

w(j,K) = % 3 w(i,k—l)+{
(i,))eE
The final answer is given after normalisation of #h to vector.
This means that the final answer depends on both the linkseofvéb and
which pages are on-topic, controlled by the choic&.dfhis corresponds to chang-
ing the value of the damping factor of Topic-sensitive Pagd® albeit using a

value for the damping factor that is far away from the usualads.

6The name was originally Propagation of TrUsf 1143, P&ger V.
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3.3.2.1 Problems and Variants

The matrix that ProT operates on is a composition of the adjac matrix of the
original web and self-referential links for all pages the¢ an-topic. The prob-
lem with this matrix is that it is reducible, meaning that timatrix might have
several eigenvalues of the same magnitude. This leadsricslow convergence
when using the power method to find the dominant eigenvalue ¢arresponding
eigenvector) of the matrix. The convergence rate of Prohithe same order of
magnitude as for the original Topic-sensitive PageRankyasave shown [144,
PapeifMl, Sectiop11.3.1].

Our solution to this problem is to look at one starting pagetahe, then adding
up all resulting vectors (calleldasic vectorsto generate a final result vector (after
normalisation). This also has the advantage that largelegabdfé can be chosen,
leading to even faster convergence. We call this verSigperpositioned Singleton
Propagation of Topic-Relevan¢&’ProT) [144, Papdr V|, Sectidn_LL%.4].

Another solution is thélybrid Superpositioned Singleton Propagation of Topic-
RelevancgHyS?ProT) algorithm, using the same general idea 43rST but di-
minishing each propagated value further by dividing thei®abith the number of
outgoing links, in the same manner as in PageRanK [144, Rdp@ection TT.7P].
The main advantage of this approach is that the matrix hasrendmt eigenvalue
of 1, since it uses a normalised matrix in the same way as Radefee Sec-
tion[Z21 on pagds1/318). This also means that an evem latye of§ must be
chosen, since the starting values will otherwise propafyateer along the links.
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3.3.3 Evaluation of Empirical Result

We have used three different ways of evaluating the algosth

e Empirical assessment of result relevance using human igratte PapefV
[L43] we took the top pages given by each algorithm and adaech to a
questionnaire for each chosen search term. Volunteer igrapladed each
page according to its perceived relevance with respectdsdarch term.
The average of all valid answhrsf pages belonging to the top pages of each
algorithm was calculated, and compared with the results fite others.

This assessment method was reused with minor changes immeﬁdl
results indicate that our algorithms (especialBP®T) yield good answer
sets according to the graders [144, Papér VI, SeEfion 14]6.1

e Experimental assessment of algorithm stability.

— The stability of each algorithm when removing pages fromdbeof
on-topic pages were tested. The results indicated thRtdS were
more stable than Topic-sensitive PageRank, which in turs mvare
stable than ProT[144, Pafden VI, Section 11.6.2.1].

— The stability of each algorithm when removing links from ttheta-
set was tested. The results show that our algorithms arestabye;
the ranking order between the algorithms varies slightlyetieling on
which measurement we use [144, Pdpér VI, Se€fion 1116.2.2].

“Ignoring grades of “Don’t know’[[143, PapEl V, Section 1 2n pag€_126].
8See Sectiol T16.1.3 on pdgelL68.
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3.4 Summary

We have made extensive qualitative studies in various &spédhe algorithms
described in this chapter, presented in Tdblé 3.1 on the pege. Some of the
results were discussed in Section_3.3.3 on the preceding aag have already
been published [144, Paperl VI, SectiensJl1.610111.6], wdtiers (specifically
some of the HITS data) are based on data found in other sof#@¢$03 [ 1111].

We have graded each algorithm on a relative scale from ‘+*+tot+’ with
regards to scalability, stability, and relevance. Morespsigns correspond to a
higher grade. We remark that this grading reflects a quiaktatssessment of the
figures revealed by our tests, but that the plus signs areireattly comparable
between columns. This means that one should not comparelgbgttams by
adding up all the plus signs directly.

For scalability, we have compared the cost of using larger input data{séfs [1
PapeEMl, Sectiof I115]. It reflects both the rate of convecgeand the memory re-
quirements. The most scalable algorithms are Pag@?imkgProT, followed by
HyS?ProT, and then the others. One could argue that HITS shouwie &alightly
higher grade because of its diminished data-set, but adataldoes not agree with
that; The data-set must not only be generated from the largdsut the generated
set will sometimes have several eigenvalues of the sameitudgras well, which
indicates that we could not give it a higher grade. Using therghm upgrade of
Jeh and Widon{ 147, 78] would take Topic-sensitive PageRarto the same level
as HySProT.

Stability indicates how much the results are affected by removal &6land
decreased sets of starting pagés_[144, Paper VI, Sdcii@i).1 We have also
performed the same tests using HITS, and the results agtbehei data reported
by Ng et al. [111], i.e. HITS is quite unstable.

Assessment of perceiveelevancehas been one of the major parts of our work
in both PapelE}) and PapErlVIl. We have chosen to group algosithith similar
results (se€ [143, Padel V] and [144, Pdpér VI, Se€fion M) & the same grade,
although there are minor differences within the groups. figber the perceived
relevance, the more plus signs are given.

Our conclusion is that the?8roT algorithm is among the best in all categories.

9But recall, unlike the other algorithms in the table, Page&a not topic-sensitive.
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Table 3.1: The scalability, stability and relevance of ealgorithm on a scale from

“+7t0 “H+++,

| Algorithm | Scalability | Stability | Relevance]
PageRank ++++ ++++ +++
Personalized PageRank ++ ++++ +
Topic-sensitive PageRank  ++ +++ ++++

| HITS ‘ ++ + e+
ProT ++ ++ +++
FProT -+ I I
HySProT I . FH+

4Based partly on the results from other sources.
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3.4. SUMMARY

The PC Weenies:

WoASDRDE "W OUYSLY SO0TE

YUNFORTUNATELY, THE RESULTS OF OUR
STUDY ON AMBIGUOUS SEARCH TERMS
PROVED TO BE INCONCLUSIVE.”

Figure 3.1: The problem with ambiguous search terms.
With permission from Krishna M. Sadasivam.
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Chapter 4

Final Remarks

The work described in this thesis can be seen as a set ofthlgsriand their im-
plementations that all operate on large quantities of discand textual data. The
general idea is that the information is sampled, extracteohpiled and stored in a
central data base that can be accessed by all tools thate¢aiinformation.

Figurd4.1 on the next page illustrates our view of how sudat aftools should
be interconnected. Documents to be included in the datadragerocessed to ex-
tract relevant information and possibly meta-data. Dad@@gation or implication
can be performed if some documents lack sufficient data[&4g, Papel1V].

Another possible source of data is a label bureau that pesvdients with
meta-data information about documentis [14,91] 102, [118]. 13

Multiple back-ends exist for the system as we envision i loging a data min-
ing system that mines for association rules. It uses CHIQ,[147., PapefSII=Il]
as the first step to create concept hierarchies, used irdsseciation rule mining.

Another available back-end tool is a search engine that theetopic-specific
vectors created by our search engine algorithms![144, Béfbén order to fa-
cilitate searching. A prototype of a complete web-basedcbeangine has been
created and tested.

All in all, the algorithms and tools described in this thesigrk together to
provide answers that each of them would not be able to angwireir own. Most
of the individual tools in Figur&l1 on the following pageeady exist, but they
have not been integrated into a framework or system.
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Figure 4.1: Overview of the application environment of oigw of a data mining
and management system for discrete and textual data.
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