Knowledge discovery in the Internet

Piotr Gawrysiak, Micha® Okoniewski

Ingtitute of Computer Science, Warsaw University of Technology
ul. Nowowigjska 15/19, 00-665 Warsaw, Poland
{ gawrysia, okoniews} @ii.pw.edu.pl

Abstract: With the rapid expansion of the World Wide Web, the need for efficient data retrieval strategies becomesstronger
and will be dill growing. Unfortunately classical information retrieval techniques, developed for well-organized collections
of textual data do not seem to be able to ope with diversity and amount of information available throughout the Internet.
This paper presents some of the newest approaches to information retrieval in large, unstructured hypertext spaces - such as
WWW - that focus more on latent information embedded in hyperlinks and document structure, then on actual understanding
of Web pages textual content. These techniques, that are marking the new trends and prospects for the Internet technology,
have been given recently the name "Web mining", as in fact they are examples of unsupervised machine learning similar to
data mining and text mining. Here we discuss methods belonging to the following three groups: link topology analysis,
statistical text analysis and query languages and systems design.
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1. Introduction and motivation

Almost everyone agrees that current state of the art in the Internet search engine technology renders extracting
information from Web a skill not many peple are able to master. Widely used search engines, such as [W1] and
[W2] are plagued either by the lack of precison or by inadequate recdl rate. They tend to return thousands of
answers for even gpecific queries while from time to time refusng to find appropriate documents abeit they
exist and are accessible through the net.

Almogt dl commercid search engines use clasicad keywordbased methods for information retrievd. That
means that they try to match user specified pattern (i.e. query) to texts of dl documents in their database,
returning these documents that contain terms from the query.

Such methods ae quite effective for wael-controlled collections - such as hbibliographic CD-ROMs or
handcrafted scientific information repostories. Unfortunately the Internet has not been created, but it rather
evolved and therefore cannot be trested as well controlled collection. It contains a lot of irrdevant and redundant
information and what is maybe even more important - it does not have any kind of undalying semantic structure,
that could facilitate navigation.
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Some of the above issues are result of improper query congtruction. The questions directed to search engines are
often too general (like "water sources' or "capitals') and this produces millions of returned documents. The texts
that the user was interested in are probably among them, but cannot be separated as the human attention has its
limitations. One hundred documents is generdly regarded as maximum amount of information that a human

mind caninterpret and trest as useful in such situations.

On the other hand documents sometimes can not be retrieved because the specified pattern was not matched
exactly. This can be caused by flexion in some languages, or by confusion introduced by synonyms and complex
idiom dructures For example English word Mike is often given as an example of this, as it can be used & a

male name or a shortened form of anoun "microphone”.

Most search engines dso have very poor user interfaces. The computer aided query construction systems are
vey rae, and search result presentation concentrates mostly on individud documents, not dlowing for more
generd overview of retrieved data (which could be very important when number of returned documentsis huge).

The smple remedy for above problems smply does not exist, yet recent advances in data mining and automatic
knowledge discovery fields give hope that Smilar methods could be gpplied dso to data dructures accessble
through the Internet. Indeed, we try to present in this paper some of the new breed of information retrieva
techniques that work well in highly chaotic Internet environment. This ability is made possble by using not only
the content of documents (be it text, images or even binary files) but dso by expliting information that serves
humans who are browsing Web. It occurs that information contained in hyperlink topology, formatting, or even
in the paterns of language usage can be hepful for automated informetion retrievd system. Meanwhile
innovative uger interffaces and query languages give us better opportunity to express our retrieval gods, and to
assess the informeation that has been extracted.

The god of this paper is to present and assess the functiondity of various Web mining methods. Presumably,
many of them do affect or will influence commerciad Internet gpplications. The methods presented in this paper
are divided into two mgor groups described in separate sections. The first one emphasises the research effort on
Web topology and dructurd dependencies between links and documents, without examining contents of
hypertext documents. It proves that the structure of Web itsdf carries lots of useful information that should be
retrieved. There are many possible applications of this knowledge, yet t seems that most robust are: (1) ranking
page importance using the density of hyperlink network, and (2) grouping pages into heavily hyperlinked
clugers. The firg approach is the core of Page Rank method, developed by L. Page and S. Brin group a Stanfad
University. The second methodology has been used by J Kleinberg to creste a system caled HITS, which is able
not only to cluster pages but aso to assign two types of ranking indices (called hub and authority cores) to a web
page. Further research on this system resulted in an automatic web resources clustering system called ARC.

We present dso hypertext systems tha andyse page usage information in order to reconfigure hyperlink
dructure or enhance search engine heurigics The methods described include Dynamic Nearness dgorithms
developed by M. Merzbaher and spreading activation systems of P. Piralli.

These systems and dgorithms are described in section 2.

Second group of methods is based on exploring page contents with text mining methods. These techniques use

mostly context or text structure andysis. The Latent Semantic Andyss developed by D. Dumas and T.
Landauer is a coocurence analyss method that mekes possble searching for synonyms without employing a



thesaurus.  The other described method involves andlysing formating sructure of the document to extract
textual information encapsulated in tables or lists, usng manually crested "wrapper systems'. Descriptions of
these gpproaches have been included in section 3.

Section 4 contains descriptions of advanced query languages designed especidly with Internet in mind - such as
IW3QL and WebSQL. We present also automatic query factorisation methods, developed by H. Shutze and J
Petersen as a modification of LSA, Findly we describe some visudisation methods such as semantic maps, and
hyperbolic trees. These tools usudly enhance browsing process and have no direct impact on automatic

searching methods, yet can be also used in a query results post processing system.

Thefind section includes discussion and comments on potential usefulness of these techniques.

2. Web topology analysis

2.1 Ranking pages using link topology

One of the man problems that plague modern search engines is poor relevance. In many Stuations, search
engines retrieve thousands of pages a least partialy satisfying input query. Of course human attention remains
more or less congtant, and most humans are able to cope only with about 100-200 retrieved documents. We need
therefore a method that would alow us to approximate page importance for the user, regardiess of its relevance
to the query measured by classcd methods. Having such approximaion - in fact a ranking score - we can ether
sort the pages, presenting these with higher rank first, or even remove entirely these which have very poor rank -

thus allowing user to concentrate on a set of pages which has reasonable quantity.

This is not easy, as without any further clues from the user it is hard to say if a particular page is of high quality
or important. Two methods described below try to extract this very generd and uncertain knowledge from the
latent information encoded in hyperlink structure of the Internet.

PageRank Index

One of the most obvious types of link analysis that has been applied for quite a long time in the area of
bibliometricsis citation analyss. Similar methods could be aso useful in hypermedia environments.

Let u be an andysed document, and B, the st of documents having citations from u (i.e. connected by back-
links with u), F, the se& of documents cited by document u (connected by out-links with u). We can now define
the ranking index & of documentu as follows:

a(u)=dB|

where cisanormalization factor, and [s| denotes cardindlity of set's

According to this formula a document should be regarded important and of high qudity if many authors include

citations from this document in their publications.



If we assume that u denotes a web page, and the sats B, and F, incoming and outgoing hyperlinks for this page
respectively, we can apply the & index to Internet hypertext pages. However, even a short andysis shows us, that
we need some kind of rank propagation mechanism, as many important pages are pointed by relatively few, but

highly interconnected documents. Consider far example the following Stuation:

PegeA

PegeB

\

Figurel

The Page A has fewer back-links pointing to it than Page B Ranking index a assigned to it would be therefore
much lower, yet we intuitively know, that Page A should be regarded important, because is pointed to by highly
cited pages. This observation leads to more advanced ranking formula, as conceived by L. Page[1]:

b(u)=cd 2

v Bu Vv
where N, :|FV| (i.e. the number of out-links of the page V).

In other words a page can have high & index, if it is pointed by many pages, or it has relatively few back-inks,
but coming from pages with high index vaue.

This index works well in hypertext environments that can be represented by either non-cyclic, or heavily
interconnected graphs. Unfortunately the structure of the World Wide Web is different, and the dStuations as

presented below are not uncommon:
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Figure2

Such dosed link loop has been given a name rank sink by Page. Indeed, above pages recursvely accumulate
rank, and do not distribute it.

To overcone this problem, adightly modified version of ranking function has been proposed in [1]:

du)=c M 4 ceq).

vi Bu v
where E(U) is a constant used to create personaised measure of the rank, ||aj| =land cis maximd,

|B]] denotes the norm of the vector &.

We can represent above indices in a different way. Let A be a modified coincidence matrix, such that

1
A :W if there is a hyperlink from page u to pege v,and A, = Ootherwise. Let & and & be the vectors
u

over web pages similar to E that contain vaues of & and & indices respectively for al web pages. We can now
rewrite above equations:

a=cAa

a=c(A+E” 1a

Note that &and & are eigenvectors of matricesAand (A + E” 1) respectively.

The computation of & is not a trivid task, as its definition is recursive and at first glance it seems thet to find out
its vdue for a given page, we should solve very complex set of equations. We can dbeit apply iterative
caculation, after initial selection of starting index values:



S starting vector®
E : rank source vector (usudly isuniform, with values set to 0.15)

PageRank(A S, E, &) :

1 R:=S

2 Repeat

3 Z:= AR

4 d:=IRFIZ;
5 Z:.=Z7Z + dE
6 a:=|ZR|
7 R:=Z

8 until a < &;

The experiments show that the agorithm has good convergence properties over hypertext sructure of the
Internet. For 322 millionlink database the PageRank caculation converges to a reasonable tolerance in roughly

52 iterations.

PageRank index has been successfully used for search engine output sorting. Two such experimenta search
engines have been condructed a Stanford Universty, one of them is available for public use [W3], [2]. There
seems to be quite high corrdation between high PageRank index, and generd page importance judged by humaen
users. This is especidly spectacular for very generd queries, for which a lot of relevant pages exist in the
Internet. PageRank succeeds in such dtuations by separating highly respected sites from junk pages that only
happened to contain words from the query.

Other posshle applications include web traffic edimation, citation count agpproximation and index
personalization. It is assumed that thisindex could be used in other graph environments.

Two properties of the & score function are of speciad importance. Firs, it is very smple, and quite inexpensive in
caculaion. Second, it corresponds well to human evauation of pages and is rether immune to commercid
manipulation (if we want a page to have high index, we must convince crestors of other highly ranked pages to
add links to our page).

Finaly, it has aso very appeding interpretation. Appropriately normalized & index can be interpreted as a
probability measure of viewing a certain page by s0 cdled "random surfer”, who randomly follows hyperlinks
between web documents.

One of the most important drawbacks of this methodology is the necessity to have access to (idedlly) entire Web
sructure to perform proper computation. This is possble only in large systems that mantan entire Web
hyperlink databases such as genera-purpose search engines and web crawlers.

! Sdection of S seemsto affect convergence speed, but little is yet known about selection techniques. One



Web authorities and hubs - HITS algorithm

Web pages can serve various purposes, gpart from just delivering information to the user. One of the most
important types of pages found on the Internet are those, which facilitate navigation providing tables of contents,
references and other types of outgoing hyperlinks. J. Kleinberg has noticed in 1997 [3] that applying only one
ranking agorithm to a set of Web pages may produce mideading effects. For example, if we use ranking index
based on number of backlinks, such as & we can possibly identify pages ddivering high qudity information and
therefore widdy cited. However the pages containing important lists of references — being dso of potentidly
high importance to the user - would not be ranked high. Kleinberg therefore has introduced two simultaneoudy
computed indices, caledauthority scoreand hub score.

According to this methodology, in a set of documents generated by user query we encounter two types of pages.
The firgt type pages, called authority pages, ae highly rdlevant to initid query, and therefore should have
considerable amount of back-links from other pages in retrieved set. The second type of pages in the retrieved set
are those that paoint to many good authority pages. Such pages are caled hub pages.

In other words a good hub page i.e a page with high hub score is such a page, that points to many good
authority pages, and similaly an authority page is such a page that is pointed to by many good hub pages.
Idedlly, given a query we should be able to isolate a group of relevant authority and hub pages "pulling together”
and thus dlowing throwing away any unrelated pages, those having large number of back-links (Fig. 3).

Let us describe the agorithm proposed by Kleinberg for computing hub and authority scores for a set of pages.
By S we denote aroot set of k pages that will be used as starting point in our anaysis. Let L, = (ny, 1, ..., r}np) be

a sequence of pages that are referenced by page p from above st S and N(g) be the sequentid number d page q
in the sequence L,. We define "one step neighbourhood” T' of set S, such that:

T={t:t,1 SU@SsT ST L, UN(K)£d)}

wheredisan arbitrarily chosen number, so that size of T isrelatively small.

We ddfinethebasesat T asasum of setsSand T

T=SET'
Let usintroduce the setsV and E. The set V contains pages, and the set E containslinksin form of ordered pairs
(p.g) if the page p containsanout-link to page g. Let G(V,E) be adirected graph representing pages and
hyperlinks from above set T. Then x,be the authority score and y , be the hub score for pagep from Vv, Xand Y
vectors over this set of web pages such as (%, X ... %), and (Y1, Y2 ... Yn) respectively, wheren = |V|.

common practiceisassigning S thesamevauesasfor E



authority pages
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Figure3
HTYO:
1 X :=1;
2 Y :=1;
3 Repeat
4 for i :=1to n do begin
5 - 8 .
)g '_ aA yq’
q(q,i)l E
6 _ & .
Yi = a. Xq '
G(i.a)i E
7 end;
8

9 until X and Y conver ge?;

Experiments performed in IBM Almaden Research Centre proved, that applied to red-world examples (i.e sets
of pages extracted from the Internet) this agorithm was able to isolate highly connected groups of pages sharing

e

. o 2 _ Q 2 _ 4.
normalize X and Y so that TaVXp =1 and a yp =1;
p

plv

2 Kleinberg gives amathemetical proof of thisagorithm convergencein [3]




common topic. Within these isolated groups, cdled Web communities, the authority score closdly corresponds to
other types or ranking indices, such as PageRank, and denotes page importance viewed by members of this

particular community.

One of the advantages of this method is its ability to provide useful results even for a limited number of pages,
for example obtained via a search engine query. To determine whether certain page has high hub or authority
scorewe thus do not have to analyse entire web connectivity graph, which was necessary in PageRank method.

HITS method has dso some other applications. One of the examples would be the problem of similar-page
queries. Sometimes users have a need to find pages that are not defined by some kind of a query, but are
semanticadly related or Similar to certain page p. This could be achieved by applying the dgorithm HITS with a
dightly modified process of building the base set . Instead of creating the root st S from the search engine
results, we can form it by using pages having hyperlinks pointing to the starting page p. The second part of the
dgoithm remains the same. For example for a page p beng the home page of "Honda Motor Company”, this
approach produces such authority pages. "Ford Motor Company”, "Nissan", "Audi", "Toyota", "Dogde".
Detailed experiment results are described in [3]. Some other interesting proposals for application of HITS are
structural analysis and topic distillation [4], [5].

2.2 Clustering pages using link topology

Exploiting information delivered by hyperlink network as described in the previous section can be sometimes
ky. Renking dgorithms produce more or less universd indices, which averages other people opinion
(represented by hyperlinks) about certain pages. Such an average may be sometimes controversa, and in certain
caxs - for example when we ded with a new concept or page that has not been noticed yet by other users - can
produce bad results. Fortunately, we can use hyperlink information not only to approximate single page
importance, but dso to cluster smilar or related pages into groups. This technique is cdled clustering or
aggregation.

As ranking dgorithms help us tame query result sze problems, clustering methods allow us to decompose such
problems into smdler ones. Separating large number of pages into semanticaly relaed clusters heps user to
identify quickly which groups are relevant and important for him. He/she can then decide which groups should
be removed from the search output. This can consderably reduce number of retrieved documents, and improve
output readability.

One can note that clustering and ranking are not mutudly exclusve. We can order pages within clusters using
ranking dgorithms, and even use ranking scores in a process of forming document aggregetes.

Classic graph-theory algorithms

One of the first attempts to use link mformation in clustering hypertext document repositories are experiments of
Botafogo and Shneiderman, dating back to early nineties. In their paper [6] they have shown how classicd
metrics, such as graph compactness, could be used in identification of document types and their aggregation.
They give a very smple, yet in some dStudions effective way to digtinguish index and reference nodes in
hypertext systems. Index nodes are such nodes in the hypertext graph, which purpose is the navigation



facilitatio™ while reference nodes deliver information. We denote by i the mean number of out-links for al
pagesin a hypertext system, and by 6 the standard deviation of number of out-links. Now:

index node is anode, which has more out-linksthan i+6
referencenode is anode, which has more back-links than i+6

and 6 isathreshold value, usualy set to 36, if numbers of links follow standard distribution.
The above measures are very coarse and work best in well-controlled hypertext systems. This means that they
will probably fail in the Internet environment. However, thanks to its smplicity the method may come in hand in
andysis of smaler WWW subsets, such as online books.
Wewill now describe an algorithm proposed in [6] for identification of groups of related pages.
Let n be the number of nodes in a hypertext graph H. Let C; be a distance between two nodes i and j from H
suchthat:

G =0

G; = K, if thereis no path between nodesi and j, K is arbitrarily set argument called converted distance
For the graph H we define compactness measure Cp(H) asfollows:

(n?- nK - é. G

) K- 1

A graph H(V,E) is cdled strongly connected component, if for every i and j from V there are paths from j to i and
from i to j. Now let graph H be a subgraph of a larger graph G representing a whole hypertext system. We call
graph H a samantic duder if Cp(H) > Cp(G). According to Botafogo and Schneiderman we assume that in well-
built hypertext system strongly connected components of semantic clugters contain mainly closely related nodes,
provided that links from reference nodes and links to index nodes have been ddeted. So, the dgorithm can be
presented as follows.

deconpose(Q :

1 Repeat ;
if Gincludes any index or reference nodes do begin
Rermove out-1inks fromindex nodes

2

3

4 Rermove back-1inks pointing to reference nodes

5 Treating G as undirected graph find bi connected conponents g;. .. 0n;
6

if n=1 return G as final conponent else

% Index nodes correspond roughly to Kleinberg's hub pages, while reference nodes can be trested as authority
page prototypes

10



7 for i:=1to n do deconpose(g;);
8 end;
9 Until no index or reference nodes exist in G

10 deconpose all final conponents into strongly connected conponents;

The dgorithm has been tested on various hypertexts, dl of them being wel-controled systems, handcrafted
ether by one author, or created under strong supervision of a centrd body. The results were quite encouraging,
dlowing the separation of groups having high compactness measure, which were mostly thematic groups of
documents.

It seems that the above methodology in its pure form is rather not applicable to the Internet anaysis. However,
some of the idess could be useful. For exanyple incorporating such clustering mechanism in Web authoring tools
could improve user friendliness and overall organization of large web dStes (like corporate dtes, or universty
web sites), which eventudly could smplify document searching within them.

Yet another example of applying classic graph theory dgorithms to hypertext environments is an agorithm of
document similarity graph partitioning, proposed by Kazienko [7].

Using HITS for clustering

The HITS dgorithm described in section 2.1 can be vieved dso as a dudering method. In fact it creates exactly
two aggregates of pages from the input st - the pages with high authority and hub scores and the other ones -
junk pages. Of course this may be not enough when the base set includes pages that @n form more than one
community of authorities and hubs. This may happen for example because we retrieve pages beonging to
personsacting pro and contra certain idea, and therefore our set of pages consists of two communities.

Fortunately, only a dight modification of HITS aigorithm4 dlows us to discover dso such non-principal
communities, and therefore partition the base set of pages into more than two groups.

Let A be the adjacency matrix of a base set hyperlink graph, such that A, = 1 if there is a hyperlink from page u
to page v, and av = O otherwise. Let x* and y* be the vectors containing authority and hub scores for pages from
the base set. Kleinberg shows in [3] that x* is the principal eigenvector of A'A, and y* is the principa
egenvector of AA". The non-principal  eigenvectors correspond to additiond communities, and each par of non
principd eigenvectors (xi*, yi*), represents community of hubs and authorities that can be isolated from the base
set. These communities have of course more sparse linkage structure than primary community, but experiments
show that they ddiver valuable information. For example using this technique to andyse Altavista search engine
results for a query “jaguar jaguars" resulted in 3 communities related to "Atari Jaguar products’, “NFL
Jacksonville team” and " Jaguar automobiles'. See[3] and [§].

In 1998 P.Raghaven [9] has implemented an approach smilar to HITS as a pat of Automatic Resource
Compilation project at Stanford University. This project strives to build a sysem that could be able to
automaticaly congtruct set of web resources for a given topic, which would be rated by human experts a leest as

* Described in [3] and [8].
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well as manudly created indices such as Yahoo. The hub and authority adgorithm has been augmented here by
weighting links between pages according to the dmilarity of link text to the topic, for which an index is being
built®. The exact formulafor setti ng the link weight w(p,q) between pagesp and qisasfollows:

w(p,0) = 1+ n(t)
where n(t) denotes number of matches between terms in topic description and words from a page not farther

away from <a href> tag than 50 characters. This exact distance has been sdected by andlyss of test web pages

corpus.

According to [9], this method dlows to quickly build reference lists of quality comparable to these created by
human experts. A red advantage of ARC is the posshility of running it periodicaly in order to update once
created indices, thus keeping them up to date- which is smply impossible for such repositorieslike Y ahoo.

As we can see hyperlinks prove to be very powerful source of information, epecidly useful in such diversified
environment as Internet. It is worth noting that the above methods perform actua ranking or clustering using
amost no textual information, and in spite of that they are able to deliver spectacular results.

Some research has dso been done in devdoping hybrid systems, utilizing both hypertext andyss and more
traditional text andysis aided by thesaurus or category trees. Mot intereing examples ae Clever search
system, developed in IBM Almaden Research Centre as an extenson to HITS [5], and TAPER dlassifie’
designed by Chakrabati, Dom and Indyk [10].

Interesting results have been also obtained by applying the spreading adivetion agorithm to graph structures of
the Internet. We describe them in section 5.2 because the graphs involved are not only hyperlink graphs, but aso
text similarity and usage graphs.

2.3 Analysing hyperlink usage information

Classica hypertext systems contain often only two types of latent semantic information. These are hyperlink
network and formatting information. However for some parts of the Internet - and especidly for corporate
Intranets - we can make use of one more type of informaion, namely, the traffic dtatistics Thanks to Web
Servers logs we can andyse information about popularity of certain web pages among surfers. Such data can
help searching and browsing processesin avariety of ways.

Self modifying hypertext environments

Hyperlinks have been devissd as a means of fadlitating navigation among huge number of documents. User
navigation patterns and habits are however varigble, and hence hyperlink structure is determined only by Web
savice creators, it can sometimes be ineffective and lead to confuson. There is even specid name for such
hyperlink structure inefficiency effect, predating emergence of the World Wide Web: the "lost in hyperspace
phenomenori’.  Fortunately, latest advances in Web server and Web authoring technology make the Internet

> And therefore contained within source code of pagein proximity of <ahref=".."> and </a> tags.

®This system dedls with a bit different problem though, which is categorizing hypertext documents into one of
predefined dasses

12



more and more flexible, 0 we can envisage such Internet services that would reconfigure its hyperlink structure

in response to user navigation.

M. Merzbaher in [11] has been recently invedtigating the Dynamic Nearness agorithm in the context of such
sdf-modifying sysems. We will summarize this proposal below.

Consider for examplethefollowing hyperlink graph:

A B C D
O—»O »O—O
Figure4

Now assume that the most common user browsing behaviour involves visiting node A, then B, then C, then B
and finally E. It would be good to automaticaly creste a direct link between pages B and E, and probably aso
between A and C if the above behaviour is common among large group of users. Note that this would not only

ease the navigation, but also decrease the network traffic.

To determine the pages, between which a link should be generated, we use the Dynamic Nearness Algorithm, as
presented in [11]:

addcount s(T):

1 Initialize all counts to O;

2 for each transaction T do

3 for each distinct pair of pages U Vin T do
4 I ncrenent the count between U and V,

Where web transaction T is a sequence of web pages that were accessed by the same user over short span of
time. Such information isrelaively easy to extract from Web server usage logs.

Next we use extracted count information to create a direct link between these two pages U and V, where count is
higher than a given threshold vaue.

For more detailed overview of this method, together with experiments results see [11].

’ Note that thanks to the caching mechanism built in into al contemporary Web browsers, the server log would
not contain information about returning to page B.

13



Spreading activation

In order to peform anadyds of link topology, inter-page smilarity and usage paths graphs for a World Wide
Web subset Pirolli, Pitkov and Rao have proposed in their highly influential paper [12] a way of of applying the
Huberman and Hogg's spreading activation agorithm

The grgph analysis is rather rardly used in the gpplications based on textua similarity. Note however, that
classicad document similarity matrices, like those discussed in Section 3, can be trested as graph incidence
matrices - S0 we can actualy talk about text similarity networks. Pitkov, Pirolli and Rao used three such matrices
to represent various types of information related to WWW:

in hyperlink topology matrixan entry a; = 1 represents hyperlink presence between the pagesi and j

intext smilarity matrix an entry a;; O O represent the similarity strength between the pages i andj

in network usage metrix an entry g is equa to the number of users that surfed from the page i to j in a given
period

Above matrices have been interpreted as activation nework incidence métrices. In such a matrix R the vaue r;;
represents how much activation flows from node i to node j. Let C be a vector representing nodes pumping
activation into network, such that C, represents activation pumped by node i. The network kehaviour can be then
modelled iteratively, by computing the vector A(t), such that A,(t) represents activation et node i at step t:

A(t)=C+MA(t-1

where M isamatrix determining flow and decay among nodes:

M=(1-g)l+a R

where 8 < 1 is a paanger determining relaxation of node activity to zero leve (when there is no
activation flowing from neighbouring nodes) and a is a parameter determining the amount of activation
transmited to neighbouring nodes.

a
In the experiments by Pitkov, Piralli and Rao these parameters have been selected manudly sothat — << 1.
g

The discussed aghorithm can be used in various ways. For example it can be used to determine which pages are
most frequently visited from a given page. We build vector C, such that it contains only one source of activation
corresponding to the sdected page, and st matrix R to be the network usage matrix as defined above. We can
then compute activations for limited number of iterations (for example 10, a proposed by Pitkov group) and
then return most active pages as a web aggregate rdaed to Sarting page. Other applications of this agorithm
have been presented in[12].
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3. Text mining related methods

Traditiond methods for information retrieval in ful text databases - and World Wide Web is a good example of
such database - need a huge amount of externd knowledge. Such knowledge repostories supporting document
retrieval process can have many forms - like thesauri, semming dgorithms or dictionaries for trandation - yet
they share one common property. All have to be prepared by human experts, and therefore must be dramaticaly
reduced in scope in comparison with amount of knowledge necessary to actudly understand the meaning of
documents. It seems to be one of the most important reasons, for which classica text retrieval methods fail in
Internet environment. The World Wide Web contains documents on extremdy heterogeneous topics, requiring
extremely broad knowledge in the analysis process.

Fortunaely, a sufficiently large document corpus contains lots of latent information, that can be extracted - or, if
one prefers, mined - from the documents themsdves. Such information, encompassing mainly coocurence and

formatting data, proves to be very vauable in improving search process.

3.1 Using coocurence analysis for page clustering

Dumais and Landauer in 1990 have implemented Latent Semantic Andysis (LSA) in the form of daidticd
andyss of text [13]. They tested how "datigtica" LSA improves search accuracy, by retrieving documents
based on semantic content of words, rather than just Smple word matching. The srength of LSA lies in its
ability to represent textual atoms - such as documents, paragraphs, sentences and words - in a multidimensiond
smantic space. This representation embraces the correlation between words, documents and other lexica units,
and therefore can be either used directly for searching (by condructing vector in a semantic gpace corresponding
to user query) or for document clugtering. Apat from beng a very effective document andyss method, LSA
seemsto be agood mode of some of the aspects of human learning process.

In order to process a set of documents 8 Lsa generates a coocurence matrix, recording number of occurrences of

each word in every analysed document”.

The next sep of the andyds involves applying of the Singular Vaue Decompostion adgorithm to decompose
origind matrix into product of smaler metrices Findly, a reduced matrix containing generalized knowledge
about lexicd units corrdationsis reconstructed.

We now define LSA moreformally. Let A bean mby n word-context occurrence matrix, such that: mn,
rank(A) =rand
a; =L, ])>G(i)

Where L(i,j) is a weighted messure of word i presence in the context of j, while G(i) is a globd weighting

function for words.

8 These could be for example web pages retrieved by asearch engine
°Itis possible too to construct such amatrix using smaller lexicd units, such as sentences.
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Matrix A isnow decomposed by Singular VValue Decomposition™ into product of three matrices:
A=UDVT
whee UTU =VTV =1 ;D =diag(s,..s,);s; >0for 1Ei£r;s; =0for j3r+1

Note that matrix U has rows corresponding to the rows of matrix A, and therefore to documents words, and
columns corresponding to newly derived varisbles (cdled factors or dimensons), such that each column is
linearly independent of others. The V' matrix has columns corresponding to the origind columns (in this
example - contexts, or documents), and rows composed of derived singular vectors. Matrix D is diagond and
contains values representing relation between U and V' factors,

One of the properties of SVD is that, if some of the factas are removed - i.e one or more vdues from D ae
changed to O, leaving other k dements unchanged - the resulting matrix Ax is a least-squares best approximation
of the origind. Therefore by reducing the number of factors we can capture the underlying structure of the word
and document coocurence, while at the same time we remove noise and varigbility in word usage The
effectiveness of this "purification” is largely affected by the parameter k. It seems that the best effects are
obtained when reduced number of dimensions corresponds to the semantic space dimensiondity of origina
information source . See [14] for experiments results and [15] for more detalled examples of the SVD
computation.

Michad Berry gives in [15] a good example of this phenomenon. Condder the words car, automobile driver
and dephant. If a classical retrieva system were not equipped with a thesaurus, it would not be able to match the
query car to documents containing words automobile or driver. However, as words car and autonmobile have
smilar meaning, they are likely to occur in the similar contexts in the analysed documents™. Therefore, they will
have dmilar representation in semantic space (they will have smilar row representation in reconstructed matrix
A), which can be exploited by LSA based search system. Similarly the word driver will be recognized as a hit
less related and word eephant, which is unlikely to appear in the same context, would be regarded as entirely
different. Of course such analyss works best, if the number of documents anadlysed is sufficiently large, for
discussion onthissee[1].

The similarity messures between documents discovered by LSA™ can be used in dassicd clustering technioues
to create clusters of similar documents, for example to reduce number of documents retrieved by a search engine.
In the same time, the dmilarities between words could be used for automatic query broadening or as a base for
computer aided query construction system.

Let us note that aso the user query can be represerted in the semantic space. The query, like a document, is a set
of words, so we can add it to the input matrix A before the SVYD decompostion, and then check corrdation
between document vectors, and the query vector. We will not discuss here other areas ¢ gpplication of LSA, yet
it is worth mentioning that it has been successfully used for such tasks like matching abstracts to full papers,

19 Eyact description of SVD can befound in [15].

" Thisis second-order coocurence, as opposed to first-order coocurence, where words appear closdly (coocur)
oneto each other directly

21n most casesthe s milarity messure is computed as the cosine between generated vectors
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matching reviewers to the submitted articles based on the analysis of reviewers own papers, text coherence, and

quality assessment and cross-languageretrieval.

As noticed by Landauer and Dumais [13] LSA dso sems to be a good foundation for human memory and
learning models. Especidly it explains the problem dating back to Plato, which is that humans apparently have
more knowledge then it has been presented to them. If the human learning process contains eements smilar to
LSA, we may be able to extract latent knowledge from the documents that we read and profit from the synergy
effect introduced by the coocurence analyss This knowledge may be not directly avalable if we examine
documents separatdly. A very interesting and detailed analysis of thistheory can befound in [13].

3.2 Recognition of formatting structures

Exiding, publicly avalable search engines etrer do not process formatting information encoded in the HTML
code, or even treat it as an obgtacle and try to remove it, purifying page contents i.e. trying to produce more or
less uniform text representation ready for further anadysis. There have been some research conducted in cresting
such retrieval systems, that would intelligently perform such purificetion by reorganizing formatting structures in
Web Page (such as ligts or tables) and then converting data encoded in them into internad database representation
that can be queried aftewards [16]. Such systems rely on manualy created sructure recognition engines caled
"wrappers" that haveto betailored for every new type of Web page.

We think however, that formatting information contains a lot of clues about the type of a page, and even about
its contents. William Cohen gives in [17] the following example, which illustrates the potentid strength of using

formatting information in document retrieva:

Exploding porpoises, over four score and seven, well before configuration.

Department of Conmputer and Informetion Sciences, University of New Jersey. Citrus flavorings green,

marine, clean and under lien.
Computer  Engineering Center, Lough Polytechnical  Inditute This, tha page extensondly left to

rights of manatees.

Electrical Engineering and Computer Science Dept, Bismak Sae College Tetiary; where cola

subgtitutes are frequently underutilized.

This page under construction. (Last update: 9/23/98.)

Even though the actud text contained in this example is semantic and grammeticd nonsense, we have feding
that this is part of a web page, listing universty departments, together with their faculties, and probably aso with
their descriptions.

Above example is a hit crude - we 4ill need to understand the words university and department to be able to
deduct aove concluson. However it is quite essy to devise other examples where dmost no such externd
information would be necessary. An aphabetica list of entries, containing email addresses (eesly recognizeble
thanks to the @ character) and a lot of numericd characters (possibly phone numbers) is likely to be a contacts

17




list. Similar list, but separated into sub-lists for every aphabet letter, with a lot of ftp hyperlinks can be classfied
with high level of confidence as a software download list, etc.

One of the interesting efforts to creste a system that would exploit such information is described in the
aforementioned paper by W. Cohen [17]. A logic programming sysem WHIRL is used to @&code the properties
of two types of formatting structures - snple list, containing only bulleted entries, and hot list, that contains data
on two dtributes. This encoding is then used to automaticdly create wrappers that are able to adapt to new
formatting scheme and extract mesningful data from such lists. Extracting knowledge encoded in the document
format seems to be largely unexplored, yet very promising area. For example, [18] and [19] present some of new
research in this field. The most obvious approaches of utilizing this knowledge, which are worth considering,
ae cugeing of dmilaly formatted documents and document decompostion into sub-components. One can
ads think of creating a document filtering system that would recognize "junk documents’, that are not
appropriately formatted, and therefore are probably "offtopic’. Such approach should work especialy wel in
extracting scientific or technica papers out of heterogeneous data sources, such as World Wide Web.

4. Query construction systems

Practicaly in all modern search engines the search process can be easily divided into two components. The first
one is query building, where the computer system tries to get to know what exactly user wants to find. The
second one involves actudly firding this information. The query congtruction process is a very important step, as
it determines what the retrievad engine would do, and if its quadlity is poor, the entire information retrieva system
deivers unsttisfactory results. This is especidly important in dow Web environment where the user can not
repeatedly finetune the query because the system response time is usudly very poor. Therefore the query
congtruction system (or query language) should be:

intuitive, so that the users do not have to weste time reading help pages

powerful, alowing one to represent desired concepts

uniform, that is congstent between various search engines

It is quite clear that the most approprigte query building sysem would be the naturd language input.
Unfortunately the current date of the at in the area of naura language processng and atificid inteligence
renders any atempts to create relisble search system with naturd language interface impossible. Neverthdess it
is worth mentioning one of the systems that seems to achieve promising effects. This system - "Ask Jeeves'
search engine [W4] - uses a huge knowledge base of parametric queries crested by human experts The user
interface dlows naurd language input in a form of "asking a question to the systan”. The knowledge base is
then browsed for most similar queries, which are returned, and can be executed. Each query has a wel-defined
st of associaed terms (if a classical search engine such as Infoseek must be used to answer it) or just a ligt of
URLs containing related information selected by human expert. If a usar's query is more or less "direct” hit and
matches the query from knowledge base the results can be spectacular. Alas, currently only a fraction of dl
queries can lead to such satisfactory effects (the system is constantly updated, mainly by processng user
provided queries that were not found in the knowledge base).
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Although we dill cannot process NL queries effectively, we can implement dternaive methods such as

structured query languages or automeatic factorisation systems.

4.1 Structured query languages

There are lots of data mining methods for typicad relational tables. Classfication techniques, associaion rules,
neurd nets and datistics are widey used in many commercid and freavare systems. Possibly, web mining can
profit from this abundance of methodologies and dgorithms. The main problem here is how to map Web
structure and contents into a relaiond-like database. The first step towards utilising such approach seems to
consigt in building SQL-like languages for querying the World Wide Web.

Most of the work on such languages are based on the metaphor of Web as a huge, didributed database, dbeit
Web is not a daebase, and querying it is sgnificantly different from querying a conventional database. For
ingance, Web has ndther concurrency control nor transaction mechanisms. This may cause problems with
computability of queries — it is easy to imagine a chain of links pointing to a document thet is grown by a
webmaster faster than we can follow them.

Despite these problems there are severa attempts to adapt SQL and Datdog for Web purposes. According to
Menddzon and Milo [20] such adaptation should begin with formalization of the WWW sructure. The
formdization must teke into consideration documents and links, as well as their contents. All the operations and
imposed congtraints have to be formdly defined, too. In this way we build a forma modd of Web as a datebase.
At that point, according to thisformal model one can s¢ up syntax of anew querying language.

W3QL
Konopnicki and Shmudi in [21] have proposed a high levd SQL-ike language named W3QL and a system
W3QS that executes queries in this language. The idea behind this project was to go beyond limitaions of
traditiond index servers (such as Altaviga). The WWW is tregted as a platform, a vehicle, in some sense smilar
to an operating system. On that platform there is virtua and distributed database that may be handled and
meanaged by W3QL.
The formdization of the information space for W3QL includes many definitions of components for the whole
WWW. It garts with important assumption that Web structure, contents and programs (CGl, ISAPI and applets)
ae datic and programs are determinisic and time independent. Generaly it is assumed that Web does not
change during the execution of aquery.
Another assumption is the view of Web as a directed graph. WWW documents are nodes and links are edges.
The entire graph topology is unknown, but may be partially deduced by navigation activity. After few basic
definitions of a WWW graph node, edges and parsng function — mapping each node into a set of edges,
Konopnicki defines two kinds of queries specific for the WWW:
Structure specifying queries. Result of them is a st of subgraphs of the whole WWW graph. A
subgraph must be smilar to the query graph. In order to detect Similarity, a definition of dmilarity
mapping isintroduced.
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Content queries. Such queries may not operate on hypertext in nodes only. Also contents of links
may be queried. For that case the definition of content condition and legal similarity of graphs are
introduced.
Of course these basic types may be combined to form more complex queries.
A group of definitions in [21] apply to the HTML forms in Web documents. Web forms are treated as constraints
imposed on legal smilarities of query graphs. In the implementation, known forms may be filled according to
patterns included in the dictionaries of forms. Unknown forms may be recovered — they are learned by including
them with filled entries into a dictionary. It is an interesting example of automating the Web navigation even
over HTML forms.
The syntax of W3QIl tekes into account al above theoreticadl condderations. . The sdect clause specifies links

and nodes to be sdected from a graph recovered by the rest of the query. The query’s from dause indudes
definition of the graph as a comma-separated list of digtinct nodes names and distinct edges names. For

ingance n1,11,n2,12,n3 specifies a pah from node n1 to node n3 via edge | 1, node n2 and edge | 2.
There is dso a specid sort of paths in Web graphs, caled unbounded length paths Such paths are represented as

sf-edges in the graph. For example a grgph specified as nl, 11, (n2,12), 13, n3 includes a construct
(n2,12) that means sdf-edge named |2 from node n2 to itsef. The where clause may include many
different kinds of conditions imposed on the queried graph and its contents. Domain conditions are differentiated

into strong and wesk ones. Strong domain conditions have the following form:

n in {http://wwii.pw edu.pl/~okoni ews, http://wwii.pw edu. pl/~gaw ysi a}
that means that noden must be element of the set defined inside braces.

Woesk domain conditions, such as:

nin{/ii\.pw, /bolek/}

are gpecified by the set of PERL regular expressions that have to be satisfied by URL of the noden.

Content conditions are also evaluated usng PERL language congtructions. For example:

nl, n2 : PERLCOND ‘nl.content eq n2.content’

To evduae such condition W3QS runs extend progran PERLCOND that evauaes expresson
‘nl.content eq n2.content‘. The engine of W3QS can be extended by other programs for
evaluating specific types of expressions.

In order to enable working with HTML forms, theFill statement isintroduced. For exampleline

Fill nl as in M/Dof with query="PFink Dots”

specifies that the form must be filled out as in dictionary file MyDof with the entry query filled with “Pink Dots’.
If the form can not be found in the dictionary of forms, one can run another external program:

Run learnformnl ¢s76:0 if nl unknown in M/Dof

The function | ear nformis executed a user's Xtermind and lets the user fill out the form for the first time,

and savesit into the dictionary of forms.
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Examples of W3QL queries:

1 Sel ect

2 Fromnli, 11, (n2,12), 13,n3
Wer e

nlin {http://wwii.pw edu.pl}
[2in {/ii\.pw.edW.pl/}

[2in {/ii\.pw.edu\.pl/}

n3: PERLCCND ‘ n3. f or mat =~/ i nage/"’

o ~N o 0 b~ W

n3in {/ii\.pw.edw.pl/}

9 Using | SEARCHd -d 5 -1 1000

In this oquey we seach for images accessble from pages that ae mentioned &
http://wwii.pw edu.pl . Line 2 defines a pah in WWW dructure darting with node nl and
ending with n3. There must be a node n2 and links |1 ad |3 beween them. (n2,12)is an unbounded
length path of pages accessble from nl. Line 3 maps node varidble nl to specific starting page. Lines 5 and 6,
use a PERL expression in order to limit the links to those pages that contain string fi.pw edu. pl ”. Line 8
contains the same congraint for the node variable n3. The externd program PERLCOND is used for expressng
content condition in line 7. In order not to overload an HTTP server one can limit the search length to 1000
HTTP requests and the length of the explored path to 5. It is achieved by passing arguments to the remote search
program ISEARCHd inline 9.

WebSQL

WebSQL is another querying language that attempts to reech the metalevel of Web in a smilar way to W3QL.
It is described in the papers [20] and [22]. A formad modd of the Web for this language was described by
Menddlzon in [20]. The assumption of satic Web is adso essentid in this modd. WebSQL is a language for
querying database that contains two relations one for documents and one for links, what makes it easy to
understand for plain SQL usars. It aso uses some notation for regular expressions to indicate paths in the WWW
graph. Content search is executed using pages generated by the index servers Program that parses and executes
WebSQL querieshasaligt of valid index servers and can read links from them.

An essy example of WebSQL query is:

Select d.url, d.title

From Docurrent d Such That

“Wawv i . pwedu. pl "= =>] =>=> d

A W N P

Were d. Title Contai ns “Pink Dots”
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We search here in a rdationd table Docurrent (line 2) for a page that is zero, one or two links away from

WAL i . pw. edu. pl (line 3). Thereis dso acontent condition in line 4

Applications

QL-like languages are possbly good medium for carrying on more excessive ressarch on Web mining. For
example scripts written in such languages may conditute a method for keeping up-to-date information from
Web. It could be a good way to command network agents, known aso as “Web robots’ or “knowbots’,
epecidly when filling out forms [21]. W3QL and WebSQL seem to be good tools for the ones who want to
avoid the limitations of traditiond index servers — for instance to retrieve not only contents but also a structural

information.

And, last but not least, SQL-like languages may be good dart for al the ressarchers that will try to apply
methods of KDD (Knowledge Discovery in Databases) for such as abundant source of information ass WWW is.

4.2 Thesauri based query factorisation

Thesauri are often used in modern search systems, either as a tool for deding with semantic ambiguities within
text corpora, or during query congtruction, as a kind of knowledge base faciliteting query term sdlection. While
such systems are often vduable, they have one obvious drawback. To use a thesaurus, you mugt have it - and
hence the menud thesauri congtruction is a laborious process, there are not many genera-purpose thesauri on the
market.

Hinrich Schutze and Jan Pedersen [23] have proposed in 1996 a method of congructing a thesaurus from a
sufficiently broad text corpus together with possible applications of such coocurence thesaurus for information
retrieval. Their method is somewhat dmilar to Laent Semantic Andyss described in Section 3. The main
difference is tha while LSA tries to andyse word-document relaions, the Shutze& Pedersen thesaurus must be

created from word-word relations.

This means that standard LSA method of applying SVD to the input coocurence matrix is impractica, as the
computational complexity of SVD is proportional to n* , n bdng the number of words in this case. For the
thesauri creation process we should consder amog al words from the corpus, except possbly smal number of
stop-words.

Shutze and Pedersen use therefore iterative clustering process, presented below>.

aut ot hesaur us:

1 Qeate matrix A for 3000 nediumt* frequency words. The coocurence is

defined here wusing sliding w ndow nethod: two words coocur if they fit
within 40 character w de wi ndow sliding over docunent text.

2 Quster A elenents into 200 classes g,;, 9a» ---» Oa200-

3 Actual figures have been taken from an experiment over TIPSTER corpus
from 2000 to 5000 coocurences between pairs of wordsin entire TIPSTER corpus.
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3 Oeate nmatrix B so that it records the coocurence within sliding

wi ndow of 20000 nost frequent words wth words from groups 0., Oan

-+ Ga200.
4 Quster matrix B into 200 classes gy, Gp2 - - -5 Ob200.
5 Qeate matrix C% recording coocurences between all words from corpus
and cl asses Gy;, Oy2r - --» Ob200.
6 Deconpose matrix C by SVD
7 Bui | d reduced dinensionality matrix D

The smilarity between vectors from matrix D (cdculated for example as cosine between vectors) gives us a
measure of word semantic dmilarity. To create thesaurus we can for example take some of the most smilar (up
to a given threshold) words for each term.

For full description and experiment results see [23]. We will only present a sample of thesaurus crested from
TIPSTER that illustrates the usefulness of this method:

Term Rel ated terns

Acci dent repair, faul ty, per sonnel , acci dents,

m shaps, exhaust, injuries, sites

Tr eat ment dr ugs, syndr one, adm ni ster, st udy,

procedure, aids

Tax t axes, i ncone, t ax- payer, i ncentives,

| evies, corporate

Such a thesaurus can be invauable as a help tool in an information retrieva system. Shutze and Pedersen present
two possible applications in this area. The first one involves creating a query vector in a way similar to the LSA
method, while thesecond one ded s with word factorisation in a query.

Word factor isagroup of semanticaly related words in a query. Consider for example aquery:

"text anal ysi s" "world wide web" "information retrieval” "TREC "text

mning" "internet"
It has been apparently created as a means of retrieving documents deding with "information retrieval in the

Internet”. Of course if submitted to any web search engine it would result in a multitude of documents about

Internet per se. Therefore, what we need here is a Bool ean expression similar to this:

> Note that this matrix isrelatively smal (in this TIPSTER example this is 450000 x 200 elements) when
compared with smple word-word coocurence matrix (450000 x 450000 ements).
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("text analysis" CR "information retrieval" CR "TREC' (R "text mning") AND

("world wi de web" CR"internet")

Using the coocurence thesaurus we can cluster query terms into the above two groups, and then ensure that only
documents ranking high on both groups are retrieved. Note that in existing search systems such result could be
achieved only by appropriate manual query creation'®, and this assumes that user has some knowledge of entered

terms semantic similarity, whichisnot aways true.

4.3 Post-processing of query results

No software tool has yet been able to surpass human brain's capability to perform categorisation and identify
trends in large amounts of data. Therefore we do not have to (and actudly should not) rely dways on atificid
intelligence of sysems to perform searching. Sometimes, assuming that a flexible and powerful user interface is
given a our disposa, we can group, andyse and asses large amounts of documents by oursdves. Bdow we
present two approaches to creating interfaces, which give users "broader view" over complex data Structures

either returned by in response to aquery, or directly emerging during browsing process.

Hyperbolic trees

Browsing through large hypertext structures - such as World Wide Web - involves following large number of
hyperlinks. Efficiency of this process is therefore determined by speed of changing context between pages,
which in the Internet environment is directly dependent of download speed. This creates a barrier for users,
especidly when they browse large and complex web sites. To get the information they need, they must follow
long hyperlink paths, sometimes without any clue that they are proceeding in the right direction in the
hyperspace.

The concept of Ste map has been devised as a partid solution to this problem. Indeed, when we have a generd
overview of entire web ste structure, we can in most cases quickly identify parts most interesting for us.
Congder for example the process of finding the collection of foreign sculpture on the Louvre Web ste (without
search engine assigtance, just starting from Louvre main page). To get to the desred page, for which a hyperlink
is not directly available from man page, we must check pages such as ‘tdllections”, 'temporary exhibitions” and
perhaps "general information”, while on the genera site mgp we can quite easly spot the page named ‘foreign
sculpturé. This smple approach saves time and decreases network traffic, but unfortunately is Stetic. Site maps
must be manualy crested, and to be useful they must be dso maintained, what can be laborious and costly for
largesites.

Recently severd companies, such as Inxght, started developing systems that would assist users in browsing by
andysng the neighbourhood of currently viewed page, and producing dynamic equivdent of a Ste map.
Inxight's approach, described in detail on their web page [W6] is unique aso because crested maps vary the
grephicd dements weight (such as sze or hyperlink's line thickness) depending on user sdection, therefore

1® Severd systemsin which user have direct access to thesaurus during query congtruction are however
available See[24], [25] and [W5).
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"zooming " on that part of web structure that is currently within focus of browsing process. Below we present
aforementioned pat of Louvre web dte with sculpture depatment clearly visble, after  zooming onto
collectionspage:

Nl iredela SO s dart

Les chefs-d'oeuvre de |3

Les sculptu

es ot PTIENNES intiquite
Ohjets d'art

iental

La formation de la collec

Bazzano et ses fils 4% 3
. Sculptures
mellions ternporaires
Les chefs-d'oeuvre de la
Arts graphiques
fFarnmes de |'auditoria N
: La formation de la colle
Departement des Peintures

2e etage
ler etage

esol

schausses

L= formation de la col

et e

Figure5

Note tha such approach, while being very chegp to implement, may dramaicdly enhance browsing
effectiveness, and therefore information retrieval results. Severd other companies are dso experimenting with
smilar visudization sysems, sometimes combining them with text analyss tools See Semio web page [W7] for
another example of such system.

Self-organizing document maps

Other approaches to giving users more generd overviews of large document collections use the semantic map
concgot. Such map depicts the relationships between documents retrieved by a search engine in a form of a
topographic map. The devations on this map represent groups of strongly related documents (height corresponds
to the reation srength and clustering properties), while low-level terrain represents unrelated documents
cregting information noise. Good examples of such approach are the ThemeScape semantic maps, which have
been applied to Usenet newsgroups analysis. The effects can be observed on [W8].

Timo Honkda and Teuvo Kohonen have been running a smilar project, cdled WEBSOM, a the Hednki
Univerdsty of Technology. Their method relies on using neural networks concept - the sdf organizing maps - to
represent relations between Usenet articles and to pesent them in a form of a browsable map. For detaled
technica description, together with some comparisons of this method againgt LSA based clustering see [26] and
[27], while the system demongtration isavailable at [W9].
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5. Conclusion

In this paper we tried to present some new, non-conventiond methods of document analyss that help one
browse or retrieve documents from large collections available on Internet. All these methods have one feature in
common - they do not use any externa semantic information, and therefore do not try to perform traditiona
natural language understanding process. Instead they rely either on other than textua types of information (such
as hyperlinks), or on its datisticad anaysis, and do not pretend to be a universal searching agent but rather enrich
search process giving users tools for document analysis tasks such as grouping, categorisation and visudization.

Of course above methods are not perfect. First of al, purely link-based gpproach may be less and less efficient as
Web credtion drategies change. Recent trends in creating commercid dtes involve incorporating as little out-
links as posshle, as they can lead to competitors web stes. In fact members of management and marketing
communities now often use the term dick-away opportunity instead of hyperlink!’. This can have substantia
effect on ranking indices such as Page Rank that judge page importance using hyperlink network dendgty.
However, systems smilar to HITS should not be largely affected by this effect. Especialy hybrid systems, such
as ARC, should remain effective under these circumstances. We should mention here that HITS methodology is
dtill being devel oped, recent advancements have been reported in [30] and [31].

Clugtering methods, described in 22 above have a grest potentid for improving the capabilities of Internet
search systems. Combined with clever visualization techniques, such as semantic maps, they can be very
powerful tools in hands of an experienced user. In fact even more powerful user mterfaces - such as SQL-like
query languages, described in Section 4, can be very ussful if users know how to exploit their potentid. Entirely
new area of Internet usage education has been emerged recently. It has not been covered by us here. Let us only

mention that thisis very important and largely overlook problem that deserves further research.

Innovative query languages and new query congtruction system seem to be very promising area of research. We
do not think that a natural language query system vill be possible in near future, yet any atempt to sSmplify
search engine interfaces should have sgnificant impact on their usefulness for casud users. The same applies for
visudization systems that can help inexperienced people to interpret search engi ne output.

There is ill much to be done in query language cregtion, as a uniform language has not yet been created. This is
quite important for metasearchers i.e. sysems that use many other search engines and process their results to
produce one unified report. See Stanford University Digital Library Group [32] reports for an example of such
universal query standard.

Text mining methods, such as LSA, are not likey to be implemented in public search systems, mainly because of
thelr computational complexity. Their robustness is gill not acceptable for such systems. However, we think that
direct analyss of documents text will be the most important part of a research process in the future, when these
problems are overcame. We must however remember that World Wide Web can be mined dso for other types of
multimedia information, for which even a textud description may not exis. This remains very interesting and
amost unexplored research area- see [33] and [34] for more information about this subject.

There is no doubt that there is gill a lot to discover in the area of knowledge mining in the Internet. Perhaps
application of some new, condantly developed methods from related areas such as data mining, deidics or

17 For other thoughts on future trends in Web searching see [28] and [29]
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lexicd andyss can bring about interesting results. Combining forces of these sciences may shed a new light on
the Web mining reseerch aswll.

We think that intelligent information retrieval on the Internet and in large document repositories crested by
multinational  corporations should be consdered as one of the most important data management areas of research
in the near future. There is gill much to be done, but as we presented, even relatively unsophisticated methods
can produce interesting results.

Acknowledgements: We would like to thank Prof. Henryk Rybifiski and Prof. Mieczys’aw Muraszkiewicz for
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