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Abstract—We present the software tool “Web Graph Ana-
lyzer”. This tool is designedto perform a comprehensve analysis
of the Web Graph structure. By Web Graph we mean a graph
whose vertices are Web pages and whose edges are hyper-
links. With the help of the Web Graph Analyzer we can study
the local graph characterictics such as numbers and sets of
incoming/outgoing links to/from a given page, the page level
relative to a given root page,and the global graph characteristics
such as PageRank, Giant Strongly Connected Component, the
number of dangling nodes.The Web Graph Analyzer has a user
friendly GUI that allows an easy collection of a part of WWW
and its thoroughinvestigation. The Web Graph Analyzer is based
on the Oracle DBMS which scaleswell with the large volumes
of data.

I. INTRODUCTION

During thelastdecadehe informationnetwork World Wide
Web (WWW) hastransformedour societyandeconomy One
of the main reasonsbehind the amazingsuccessof WWW
is its hyperlink structure.Hyperlinks are the pointersfrom
some particular placesof Web pagesto other Web pages.
They arealike citationsin scienti c literature.However, there
areimportantdifferencesbetweenWWW andthe network of
scienti ¢ citations. It is much more commonin WWW that
two documentshave reciprocallinks. Furthermore the Web
pagesandhyperlinks not only canbe createdbut alsocanbe
deleted.Thus, WWW is a much more dynamic information
network thanthe network of scienti c citations.

Dueto the easyaccessibilityof the Web documentandthe
smallworld effect of WWW (almostary two Web documents
area few clicks from eachother),the navigationin WWW is
very simple.This facthaslargely contributedto the popularity
of Web sur ng. However, even though Web sur ng is easy
and fun, the Web has billions of documentsand it is often
a challengingproblemfor a userto nd relevant and high
quality informationon a subjectin which he/sheis interested.
NumerousSearchEnginestry to solve the problem of the
information search.The Google searchengineis amongthe
mostsuccesfulsearchenginesif not the mostsuccessfubne.
Its successs attribuited primarily to the introductionof link-
basedranking criterion PageRank[5] for the searchresults.
PageRankcriterion takes into accountthe structure of the
Web Graph.By Web Graphwe meana directedgraphwhose
verticesare Web pagesand whoseedgesare hypetlinks.

Curiously enough,a large numberof searchengine opti-
mization companieshas been createdfor the analysisand

optimization of the hyperlink structure. Of course, most
searchenginesand searchengineoptimizationcompaniesare
very secretve about their studiesof the Web Graph. The
analysisof the Web graphis also very interestingnot only
from the commercialpoint of view but also its analysisis
very interestingand challengingfrom the academicpoint of
view. Still thereare virtually no software tools available for
the comprehensie, ef cient and userfriendly analysisof the
Web Graph.Here we presentsucha software tool which we
call “Web GraphAnalyzer”.

The restof the paperis organizedasfollows: In Sectionl|
we de ne the Web Graphand its most important character
istics. In the ensuingSectionlll we outline the algorithms
for the computationof the Web Graph characteristicsThen,
in SectionlV we presentthe Web Graph Analyzer tool and
explain its designandits GUI. In SectionV we describethe
performanceestfor the Web GraphAnalyzer We conludethe
paperwith SectionVI.

Il. WEB GRAPH

The World Wide Web hypertext structurecan be repre-
sentedas a directedgraph G = fV;Eg, where Web pages
are verticesand hyperlinks are edges.In short, the graphof
the World Wide Web hypertext structureis called\Web Graph
(WG).LetV = f1,2;::;jVjg denotethe setof WebPagesand
letE = fv! ujv;u 2 Vgdenotethesetof hyperlinks. Thus,
thenotationv! u meanghatthereis a hyperlink from page
v pointing to pageu. If thereare multiple hyperlinks from
one Web pageto anothey we considerthesemultiple hyper
links as a single edgeof the Web Graph.We also disregard
the hyperlinks inside a single Web page.Therefore the Web
Graphdoesnot have loops, but, of course,it hascycles.

The Web Graphhaslocal and global caracteristicsAmong
local caracteristicshe mostimportantare:numbersandsetsof
incoming/outgoinginks to/from a given page,the pagelevel
relative to a given root pageandalso averagevaluesand dis-
tributions of thesecaractericticsAmong global caracteristics
we can mention PageRank(PR), Giant Strongly Connected
Componeni{Giant SCC) and the numberof danglingnodes.

For completenes®f the presentationet us provide more
detailed de nitions and propertiesof the above mentioned
caracteristics.

Thus, we have the following de nition of the number of
incoming/outgoingedges.



De nition 1: The number of incoming/outgoing edges
to/from a given pageis equalto the numberof pageswhich
have links pointing/pointedto/by the given page.

De nition 2: The level of a pagev relative to a root page
u correspondgo the minimal distancefrom the root pageu
to the given pagev.

In otherwords, the pagelevel shonvs what minimal number
of “clicks” a usershoulddo to reachthe given pagestarting
from the root page.One can extend the above de nition to
the caseof several root pages.In that casethe pagelevel is
selectedas the minimal level amongall levels corresponding
to theroot pages.

De nition 3: A dangling node is a page which does not
have links to the other pagesof the Web Graph.

PageRankPR) is the eigervectorcentrality measureof the
Web Graph.lts elementgepresenthe authority or popularity
of Web pagesPageRankis usedby the searchengineGoogle
as one of the principle criteria to rank answersto a users
qguery The formal de nition of PageRankis given below.

De nition 4: Denoteby n the total numberof pageson
the Web andde ne then n hyperlink matrix P asfollows.
Supposéhatpagei hask > 0 outgoinglinks. Thenp; = 1=k
if j is oneof the outgoinglinks andp; = O otherwise.lf a
pagedoesnot have outgoinglinks, the probability is spread
amongall pagesof the Web, namely p; = 1=n. In order
to make the hyperlink graph connected,it is assumedthat
a randomsurfer goeswith some probability to an arbitrary
Web pagewith the uniform distribution. Thus, the PageRank
is de ned asa stationarydistribution of a Markov chainwhose
statespacds the setof all Web pagesandthetransitionmatrix
is

P=cP+ (1

o)(1=n)E; 1)

whereE is a matrix whoseall entriesare equalto one and
c 2 (0; 1) is the probability of not jumping to a randompage
(it is chosenby Googleto be 0:85). The Googlematrix P is
stochasticaperiodic,andirreducible,so thereexists a unique

row vector suchthat
P=; 1=1 2
wherel is a columnvector of ones.The row vector satis-

fying (2) is called a PageRankvector, or simply PageRank.

PageRankhasthe following usefulinterpretation:If a Web
surfer follows a hyperlink with probability ¢ and jumpsto a
randompagewith probability1 c, thenPageRank ; canbe
interpretedasa stationaryprobability thatthe surferis at page
i.

De nition 5: The StronglyConnectedComponen{SCC)is
a subgraphof G in which from ary pagethereis a way to
ary other pageof that subgraph.Namely GS€€ is a SCC
if 8v;u 2 GSCC  9fvy;vy;iivag 2 GSCC suchthat 9v !
vi;vi b ovorinve ol

It turnsout thatin the Web Graphthereis a Giant Strongly
ConnectedComponentwhich is signi cantly larger thanthe
other SCCsof the Web Graph.For every Web pageowner it
is importantto know, if the pagebelongsto the Giant SCC
or not. In the casewhen a pagedoesnot belongto the Giant
SCC the probability for a Web surferto nd it is typically
very small.

I1l. ALGORITHMS DESCRIPTION

Let us outline algorithmsthat are usedin the softwaretool
“Web GraphAnalyzer”.

A. PR computationalgrithms

Thereareseveralmethodsfor PR computationThe method
which is usedby Googleis Pawer Iteration (P1) method.lt is
basedon successie multiplicationsof the PR approximation
vectorby the transitionmatrix givenin (1).

Algorithm 1: Power Iteration method

0. The initial approximationis chosenas the uniform
distribution vector © = (1=n)17.
1. The k-th PR approximationvectoris calculatedoy

©= Dp; k 1 3)
2. The method stops when the required precision " is
achieved, i.e., jj @  (k Djj, " If the precision

is not yet achieved thenreturnto Stepl.

The numberof ops neededfor the methodto corverge
is of the order % nnz(P), where nnz(P) is the number
of non-zeroelementsof the matrix P [7]. We note that the
relative error decreasesiniformly for all pages.

Several proposals(see extensve surwey papers[7] and
[3]) have recently beenput forward to acceleratethe power
iterationalgorithm.

We emphasizethat the implementationof the PI method
doesnot really needto multiply the PR approximationvector
by the transitionmatrix. The transitionmatrix P is composed
of the hyperlinkmatrixP which is very sparseand the rank-
one matrix E. The latter fact is explained by the following
equialentform of (3):

W=c®&Ip+@ o@=ni; k 1

There is anotherclassof ef cient methodsfor PR com-
putation. Thesemethodsare probabilisticMonte Carlo (MC)
methods[2], [4]. The Monte Carlo methodsare basedon
simulationof a randomsurfer going throughthe Web Graph.

The principle advantagesof the probabilistic Monte Carlo
type methodsover the deterministicmethodsare: the PageR-
ank of important pagesis determinedwith high accurayg
already after the rst iteration; MC methodshave natural
parallel implementation;and MC methodsallow continuous
updateof the PageRankas the structureof the Web changes.



Monte Carlo algorithms are motivated by the following
corvenientformula that follows directly from the de nition
of the PageRank:

1 c

_ 1 c
" n

17l
1 —1

cP] 1=
Therearetwo interpretationsof this formula.

Considera randomwalk f X(g: o that startsfrom a ran-
domly chosenpage. Assumethat at each step, the random
walk terminateswvith probability(1 c), andmakesatransition
accordingto the matrix P with probability c. It follows from
(4) that the end-pointof suchrandomwalk hasa distribution

The secondinterpretationis that is alsoa distribution of
frequeng of visiting all pagesduring the randomwalk.

Accordingto theseinterpretationthereare several versions
of MC method.In [2] we performedan extensive investigation
and comparisorof differentMonte Carlo methodsBelow we
presentthe mostefcient version.

Algorithm 2: MC completepathstoppingat danglingnodes

For this algorithm we usea slightly differentde nition of
the hyperlink matrix that disregardsdanglingnodes.Namely
let Q be a modi ed hyperlink matrix with elementsde ned
asQj = 1=k, if pagei hask > 0 outgoinglinks, anda link
pointsto pagej, and 0, otherwise.

Then,we simulatethe randomwalk f Y;g; o, whosetransi-
tions aregovernedby matrix Q, startingexactly k timesfrom
eachpage.The randomwalk fY;g: o can be terminatedat
eachstepeitherwith probability (1 c¢) or whenit reachesa
danglingnode.

Finally, for ary pagej, evaluatethe estimateof ; asthe
total numberof visits to pagej divided by the total number
of visited pages.

B. SCCcomputationalgorithm

The next algorithm allows us to determinean SCC, which
includesa givenroot page.

Algorithm 3:

0. Theroot pageis selected.

1. With the depthsearchalgorithmthe setS; of all pages
reachabldrom the root pageis found.

2. With the depthsearchalgorithmthe setS, of all pages
from wb?ich the root pageis reachables found.

3.5S=S; SyisanScCC.

C. Level computationalgorithm

For computatinghelevels rst oneor severalroot pagesare
selectedThe selectionis the users choice.Denoteby |vl(u)
the level of pageu. Then,the level computationalgorithmis
asfolows:

Algorithm 4
0. S; = frootpages;Ivi(u) = L,u2 S;

1. S, =fv2 Gj9u! v;u 2 Si;lvi(v) = nullg. If

S, = ;, Stop.
2. Ivli(v) = Ivi(u)+ 1,v2 Sp,u2 S;.
3. Slz 52,522 ).

4. Goto Stepl.

Analyzing the structure of the WG we found that the
fraction of pageswith high level numbersis small and those
pageswith high level numbershave very few links. Thus,
it seemsto be computationallyef cient to calculatethe PR
approximationtaking into accountonly the rst few levels of
the WG. For sucha “restricted” PageRankwe have to select
the subgraphG' of the graphG accordingto the pagelevels
asfollows: G' = fu 2 Gjlvi(u) Ig.

The notion of levelsis alsovery usefulfor the computation
of querydependentink basedcriteria [6].

IV. WEB GRAPH ANALYZER TOOL

To realize the methodslisted in the previous sectionand
to provide a framewvork to implementthe other Web Graph
speci ¢ methods,we developeda software tool called “Web
GraphAnalyzer” (WGA).

The WGA tool is designedor the solutionof the following
problems:

collecting and storing information aboutWeb pagesand
hyperlinks;
searchingpages/hypelinks by their URL namesor by
their neighbourpagesURLs;
computingWG local characteristics:
— nding setsof incoming/outgoindinks for a page;
— nding in- andout- degreedistributions;
— computingpagelevels;

computingWG global characteristics:

— conputingPageRankwith Pl and MC methods;
— SCCdetection;

userfriendly representationf the WG structureanalysis.

A. Softwae Choice

Analyzingthe Web Graph,onehasto storeandto processa
hugevolume of data.An ef cient way to storeandto process
that huge volume of datais to use a Data Base (DB). The
numberof Web pagesis not only hugebut alsoit grows from
day to day. Also the quality and the interestof the resultsof
the most algorithmsimproves with the increasedvolume of
the collection. This is why when creatinga systemfor the
analysisof the WG structure,it is very importantto make the
systemscalablefrom the very beginning.

To retrieve theinformationaboutthe WG structure aspecial
program, Crawler, was developed using Java and PL/SQL.
More details about the Crawler are given in one of the
subsectiondbelow.

When realizing and running ary algorithmson the Data
Base,we needto extract the datafrom the DB, to copy it



into the memoryof the computer to processt in someway
and to write the resultsback to the DB. The bestway to
realize all the operationswith data storedin the DB is to
usea Data BaseManagemenSystem(DBMS). An example
of high-performancescalableandsecureDBMS systemis the
OracleDBMS. OracleDBMS canmaintainandprocessavery
large amountof data.lts high performances dueto the use
of programminganguagePL/SQL. OracleDBMS usesstored
proceduresvhich run inside the kernelof DBMS in the most
efcient orderand provide fastestexecution.

As Oracle has the sameinterpretor for all the operating
systemghereis no needto recompilethe codewhenthe user
needsto work on anotherplatform.

The multi-user accessis already realized in the Oracle
DBMS, so we canorganizeinformationretrieval and calcula-
tion processesat the sametime. For instancejt becomesasy
to realizeparallel PageRankcalculationswith the MC method
on multiprocessocomputemworking with the sameDataBase.
Also we canmake run several Crawlerson differentcomputers
in a local network updatingthe sameData Base.

All algorithmes mentioned in the previous section are
written in the PL/SQL languageand are realized as stored
procedureswhich run inside the kernel of DBMS.

The systemprinciple schemes presentedn Figure 1.

(:EWWW;;

—>

Web Graph
Analysis
and
Representation

—

Brawler Data Base

1L

Data Base Management System (DBMS) Oracle

Fig. 1. Systemstructure

GraphicalUserInterfaceis realizedusingOracleDeveloper
Tool. It is a specialdevelopmentervironmentto representhe
work with the OracleDB in the userfriendly manner

B. Data BaseStructue
Our DB systemconsistsof the following tables:
pages;
links;
auxiliary tables;
tablesto storeinformationfor the Crawler.

The table "pages”is usedfor pageindexation. Every page
hasits own identity index. In auxiliary tablestheseindecies
areusedinsteadof the full pagedURLSs. This minimizesstored
volumesof informationanddecreasegprocessingime. In the
table "pages” all information aboutthe pageis stored:page

index, URL, PR, numberof ingoing and outgoinglinks, page
level, and possibly pagecontent.

Table "links” storesthe information about hyperlinks be-
tweenWeb pagesFor storingthe link informationthe method
of adjaceng list is used[1]. Sincethe Web Graphis sparse,
the method of adjaceng list avoids unnecessangtorageof
mary zeroelementf the hyperlink matrix. Furthermorethe
adjaceng list not only saves a lot of storagespacebut also
simpli es signi cantly the operationswith WG.

The auxiliary tablesare usedto storeall the intermediate
datawhich is needto implementthe algorithms.

Tableswith the informationfor crawler storesuchinforma-
tion astheintitial pageURL, theWeb lters, the extensionsof
the pageswe wantto collect and so on. All this information
is neededo organizethe datacollectionfrom the Weh

C. Crawler

The Crawler is designedo collectsamplesof WG asfastas
possibleand at the sametime to useef ciently and carefully
computationand network resources.

A numberof Crawler instancescan be run in local area
network to usecomputatiorresource®f ciently . All instances
useone DB to storethe collecteddatabut differentcomputers
to retrieve andto parseWeb pages.The Crawlers concurrently
distribute amongthemseles Web pagesand then treat these
pagesautonomously

A exible systemis usedto restricta sectorof the crawled
Weh The sectorcanbe limited by URLs, IP addressesr by
the country of the Web sener location. Two lists of regular
expressionsare usedto restrictthe sectorby URL. The lists
are called " lter” and "fence”. If a URL satis es at least
one regular expressionfrom the Iter list, that pagecan be
downloadedfor the furtheranalysisIf a URL satis esatleast
oneregular expressionfrom the fencelist, the Web pagewith
that URL is not downloaded.A URL hasto passboth the
Iter andthefenceto be downloaded Filtration by IP address
is carriedout in a similar way. One can specify rangesof IP
addressethatcanbe accessedndrangesof IP addressethat
arenot allowedto be accessedThe IP addresseareresohed
by URL. The table of correspondenceountry-IRPaddressis
usedto lter by countryof the sener location.

While working the Crawler maintainstwo buffers of pages:
the buffer of downloadedpagesand the buffer of new pages.
The rst oneis usedto resohe indicesof URL receved by
parsing.The length of that buffer is limited. When the limit
is reachedthe pagesfrom headof the buffer is removed and
thennew pagesareinsertedin the tail.

The buffer of new pagess responsibldor pagesdownload-
ing anddistributing amongCrawler instancesWhenthe buffer
becomesmpty the crawler tries to get newv pagesfrom DB.
If its attemptis successfult startsto work on the retrieved
pages.If it fails, the Crawler instancegoesinto the waiting
state.The waiting stateof the Crawler instancecanbe noticed
by othercrawler instanceghatareworking with the sameDB.
In this casethey free a numberof their new pagesthat will
be passedo the waiting Crawler instance.



If only a singleCrawler instanceis runin the local network
the mode of its functioning dependson the buffer length of
new pageslf thelengthis one,thenthe Crawler goesthrough
a chain of pagesuntil it reachesa page without outgoing
links. Thenit sendsa requestto DB for a new URL. This
mode closely corresponddo the Deapth-First-SearcliDFS)
traversalmethod[1]. If the buffer lengthwere unlimited, then
the mode corresponddo Width-First-SearcHWFS) traversal
method[1]. If the buffer lengthis nite, thenwe get some
traversalmethodwhich is in betweenDFS and WFS.

D. Algorithmsimplementation

All algorithmsof the systemare realizedas storedproce-
duresin PL/SQL language.

The use of the Oracle DBMS indexation schemesigni -
cantlydecreasethecomputatiortime for all algorithms Every
table in the DB has one or several indices which makes it
possibleto work with the information in the most ef cient
ordet

The numbersof incomingandoutgoinglinks areef ciently
computedusing the table "links”.

The table "pages” is often updated according to the
new/updatedinformation.

The algorithm of PR computationwith the PI methodis
realizedin the following way: rst the intial values1=n is
assignedo the PR column. Then, for every iteration (k+1
is computedusingthe previousvalueof (¥) accordingto the
table”links”. The updatedvalue of PR on every stepis stored
in the table "pages”.

PR computationwith the MC methodis realizedaccording
to the Algorithm 2. For the MC methodrealizationthe recur
sive procedurewhich simulatesthe Web surfer is run mary
times. It startsa randomwalk from eachrecordof the table
"pages”.With the probability c it goesto therandomlyselected
pagesaccordingto thetable”links”. With the probabilityl c¢
it startsa new randomwalk from the next pagein the list of
pages.When the simulationis stopped,the PR is computed
asthe fraction of the numberof visites of a particularpageto
the total numberof visites. Then the value of PR is updated
in the in table”pages”.

It is easyto organize parallel PR computationwith MC
methods.To do this, several recursve proceduresare run
at the sametime. They put the collecteddatato the same
auxiliary table accordingto which at the end of simulation
PR is computed.

Also it is possibleto oraganizeparallelPR computatiorwith
the MC methodandthe new information collectionfrom the
Web asthe Crawler worksindependentlyof the computational
algorithms.

The level computationis organized accordingto Algo-
rithm 4. To implementAlgorithm 4 two auxiliary tablesare
createdto storethe setsS; and S,. The levels of pagesare
storedin the table "pages”. The root pagecan be either the
pagefrom which the crawling is startedor it could be a page
given by the user

E. Graphical User Interface

The GraphicalUserInterface(GUI) is developedusingOra-
cle Developer All thefunctionsof theinterfacearerealizedin
the kernelof DBMS andarerun on the sener, which implies
fastaccesdo the dataandthe fastdataanalysis.

At the moment of the presentarticle writing the GUI
functionsare asfollows.

There is a possibility to set different parametersof the
Crawler andto run the Crawler from GUI (seeFigure?2). You
cansetsuchparametre@san initial URL, the le extensions
which the downloaded pages must have. Also there is a
possibility do not collect the pageswith the given parts of
URL. For example,if you make an experimenton a Web site
thatyou know, you might prefernot to collecttechnicalpages
of that site.

after all data is collected
to start work

Compress data
data compress is need

Fig. 2. Crawler parameters.

The usercancomputea numberof the WG characteristics.
Thereis a possibilityto calculatePRwith Pl andMC methods
(seeFigure3). Theusercansetthe numberof iterations.Then,
after the algorithmsexecutionis nished, PR aswell asthe
relative error aredisplayed. At eachalgorithmsiterationthere
is a possiblityto deletethe dataandto startthe calculations
from thebeginning. Theusercan nd thenumberof incoming
andoutgoinglinks, calculatethe levels of pagesFurthermore,
the useris ableto determinea SCCfor a givenroot page.

The URL searchis also realized in the interface (see
Figure4). Namely it is possibleto searchhypetlinks by their
URL or by a partof URL. Then,theinterfacedisplayslists of
incomingand outgoinglinks for a given page,the pagelevel,
the PR of the pagecalculatedwith differentmethods.

V. PERFORMANCE TEST

We performed several experimentson www.inria.fr
site with the following volume of data: 300.000 pagesand
1.500.000links. The iterationsof the Pl methodis compared
with theiterationsof the MC methodfor the PageRanlcompu-
tation. Here we discussthe resultsof PageRankcomputation



Fig. 3. PageRankcomputationmethods.

Fig. 4. SearchandAnalysis Page.

as the computationof this Web Graph characteristicis the
mostdemandingThereforewe carry out the performanceest
of our tool on the PageRankcomputationalgorithms. The
computatiorof onePl iterationtook approximately20 minutes
andoneiterationof the MC methodtook about20% lesstime.
For this testwe have useda computerwith Intel Pentiumlll
1 Ghz Processoand 512 Mbytes of RAM.

VI. CONCLUSIONS

We presentedWeb Graph Analyzer” software tool, which
is designto perform a thorough study of the World Wide
Web hypetrtext structureln particular “Web GraphAnalyzer”
allows oneto investigatdocal graphcharacteristicsuchasin-
/out-degreesand pagelevel as well as global characteristics
suchasPageRankand Giant Strongly ConnectedComponent.
The graph analysisis performedwith the help of a user
friendly GUI. All numericalalgorithmsareef ciently realized
using storedproceduref OracleDBMS. The systemscales
well with large volumesof data.

In thefuture versionsof the“Web GraphAnalyzer” we plan
to include the algorithmsfor more graph characteristicand
to introducethe possibility of displayingplots.
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