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ABSTRACT

In the context of information access in the sotMgb (Information Access 2.0), we present an origina
method to build automatically and dynamically us@smmunities based on past search queries. These
“search communities” can for instance be used lyyuaer to find relevant query terms or to find alyer
online user to discuss about his information ne&tle. proposed approach has been experimented én tord
compare its results concerning particularly the a®in coherence of obtained communities. These
experiments exploit the aol.com search engine log.
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1. INTRODUCTION

To retrieve information relevant to their needs,sinof users are commonly querying a search
engine like Google or Yahoo! In this context, evasgr is alone facing the search engine without
any real external support. With the raise of theigipative web (Web 2.0), many solutions can be
envisaged to introduce social approaches in thévat process. In this paper we focus on the
construction of “search communities” where userslma automatically attached according to their
needs for instance. These communities can be dga#lynbuilt in order to provide a more social
dimension of retrieval process. For instance, dligwusers to contact other people sharing his
concerns in a transparent way, recommending additiquery keywords to user’s or defining
search contexts are undoubtedly services desirgtidoysers in order to obtain some support. A
real implementation of such motivations can be shesugh HAKIA! search engine (beta version)
and its “meet others” functionality. These novelvgges can use our proposed construction
method of communities to help users in a “sociadinmer.

In this paper, we present an original way to carcstthese “search communities” thanks to
users’ query terms clustering method. This mettsodvialuated in order for instance to measure
semantic coherence of the constructed communifietained results are discussed in this paper.
This latter is organized as follows. Section 2 prés the general context and the state of thefart o
web communities and in a more specific way how iggecan be clustered to build “search
communities”. Section 3 illustrates our proposaittis to say a query terms clustering method to
build semantically coherent communities. Sectionndierlines the experiments done to evaluate
this method.

! http://www.hakia.com/



2. CONTEXT AND STATE OF THE ART

Building communities is almost common on the conteixthe Web. For instance many works
have been done around Web communities. Such contiesirdre principally exploiting the
hypertext structure of the web (thanks to HITS meador instance) to build what we can call
“content communities” (Balfe & Smyth, 2005; Zhangab., 2006). We do not identify in the
literature approaches which really exploit pastrgggeto construct communities. Besides this, we
have identified many works related to query cliatgmethod that could be applied in order to
build “search communities”.

Clustering keywords are not really applied to drch engine log files. The difficulty to get
log files, including the keywords used in searclgiees, is explained by their commercial value
and their direct impact in the E-market. Thus, ¢hare few specific publications related to the
study of relations between query terms in a realcteengine.

Many works about the aggregation of keywords oncigfiged search engines can be found.
Shingo Otsuka and Masaru Kitsuregawa (2006, pp._ 882) create clusters built by the
association of the keywords having been histogicatied to select a page then validated by the
fact that the words are contained in communitiessités (sites connected by bonds HTTP)
associating the page. Other work as those doneuby2002, pp. 325-33 2) try to create semantic
spaces of keywords by correlating past queries kegsvwith terms existing in any selected
document (URL, title, keywords...) and sometimesnawark of Ohkubo, M., Sugizaki (1998, pp.
2250-2258) in a limited temporal space.

In our proposal we want to construct semanticatligezrent search communities based on past
query terms. To do this, we used an adapted strictinie “clique” structure. Clique, in a graph,
such as definite by Luce and Perry (1949), is &subf a graph composed of three nodes at least
that respects:

- every node composing the sub-graph must be adjgirerglation) to all other nodes of the
clique
- it does not exist any node outside the sub-graghhiik in relation to all the nodes of clique

These structural constraints of a clique ensurebiain a coherent semantic space. We will
combine cliques in another type of regrouping témima based on the graph theory and works of
C. Haussman (1997, pp.287_299) and Christophe derrf2002). These methods introduce an
extension operator which allows us to carry outraggtes by taking into account the importance
of the number of joint uses of query keywords with number of total use of the keyword itself.

As far as we know, there is no publication reldtethe semantic coherence of query keywords
aggregates. As a solution, we propose a way toumnedsis aspect in this paper (section 4).

3. AN ORIGINAL CLUSTERING METHOD TO BUILD SEARCH
COMMUNITIES

The aim of a clustering method applied to a givepytation, in order to create aggregates, is to

minimize intra-cluster distance between objects tmdhaximize the inter-cluster distancehe
relation (such as similarity) we use between objdquery terms) will be notified a& R B
meaning that the object (i.e. keyword) “A” is ugeihtly with the object (i.e. keyword) “B” in at
least one case (query).

3.1 Clustering keywords with an implementation the Hoffmann,
Lomonosov and Sitharam’s method (HLS)

To obtain bigger but still coherent aggregates s ldoffmann, Lomonosov and Sitharam (HLS)
method which provide an important flexibility toethstructure. It relies on organized triad
structures (cliques composed of 3 nodes).

3.1.1 Definition of HLS

This method, conceptually suggested initially byffa@n, Lomonosov and Sitharam (Hoffmann
and Al, 1997;1998;2000), is a method of ascending structural decoitiposlit aims at finding
“rigid” aggregates of objectdhese aggregates are then assembled recursivetymethod is an
example of the recursive methods of rigidificatiohGCSP (Geometric Constraint Satisfaction
Problem).



Analyzing phases of HLS method A first phase of analysis consists in gatherihg t
aggregates as long as regroupings are possiblepfi&®e of analysis is in three parts: fusion,
extension and condensation. The&ision phaseseeks the aggregates of minimal size. The
extensionphaseconsists in including a nearby object in the curegggregate and this, as long as a
nearby object to insert exists, using an extensmerator The Condensationupdates the plan of
assembly.

3.1.2 Implementation of the HLS’s conceptual method

In our study we will define the minimum aggregaseame clique. The phase of fusion will thus
seek these structures. In the original proposaffrikbn purposes to use the method on a non
directed graph and do not give any suggestion abmartto build the operator of extension. In our
implementation we use a weighted directed graphvendefined the operation of extension using
an operator in respect of the following charactiess

Operator of extension “O”: the graph related to an aggregate must always refn@ionnex”
during extensions.

“Biconnex” graph: a “biconnex” graph is a graph where each poirtasnected by at least
two ways towards any other point of the graphfigfire 1).

Figure 1 - lllustration of the unfolding of the alithm Fusion/Extension

Weight: We will name tWeight” the number of researches related to an object. Thehiveiy
a keyword is thus the number of requests includhig keyword. The weight of Rab relation has
being defined as the number of requests includisgwo keywords A and B.

The keyword weight: consideringA a keyword Nb being the total number of queries,
function MCi, returns 1 if theA exists in the't query 0 if the A does not occurs iff iquery The
weight of a keyword A noted YV is calculated by:

Nb
WA= z MClA
1=1

The weight of a relation: considering a word A and a word B, if asRelation exists such as
A R B, Nb the total number of queries, functiong}l returns 1 if the keywords A and B are
present in at least in one quebyif A and B does not occurs in any quefhe weight of a RAB
relation noted Wxgis calculated by:

Nb
Wgrag= z IHRAB
1=l
Use of the weight for orienting the graph and tpiave the extension operator: We will thus

improve the extension operator by taking into aotothe concept of weight in a graph.
Orientating the graph is done thanks to the raRBGCoefficient of Reliability of Bond) of the
weight of the relation on the weight of the keywdcfl Table 1 - Matrix asymmetrical Figure 2).
This ratio will be computed for a word A in relatiovith the word B noted &, for W, the weight
of the word A, and for W.s the weight of the R relation. The Coefficient of Reliability of Bond
(CRB) of the word A towards the word B not€E&B...; is calculated by:

w
CRBs= —2
W,

RA B




Figure 2 - Graph directed of the CRBthe matrix presented of Table 1 - Matrix asymmioat (CRB is
presented in % to facilitate its interpretation)
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Table 1 - symmetrical and asymmetrical weights imagrof non directed and directed graphs

Symmetrical undirected graph matrix Asymmetrical drected graph matrix - CRB
Word Weight |[A |[B |C |D |E Word Rcrs A |B |C D |E

A 8 - |6 |7 |02 A -> - .75 1.875 | 0| .25
B 10 6 |- [10/ 0] O B -> .60 | - 1 0|0

C 20 71101 - | 2|1 C -> .35|.5 | - 1) .05
D 500 0oj0o|2]-]1 D -> 0 0 .004 | -| .002
E 2 210 |1 |1]- E -> 1 0 .5 5| -

The extension operator: using this algorithm without an operator of exienshad as a
consequence the creation of massive aggregatevefad thousands of keywords. As a conclusion
we define thresholds of validity. In order to pruthe graph we are deleting relations having a
CRB value lower than a specific threshold. We drdgp relations having a CRB higher than a
prevailed value called Minimal Value of CRB or MVBRIn order to keep low-weight words in
the structure, we will maintain, whatever the CRBopposite direction, all relations having a
CRB higher than the Value of Activation or VACRH.(Eigure 3).

Figure 3 - Unfolding of the algorithm Fusion/Extemsusing the operator of extension

The final extension operator must respect:
- the graph must remain “biconnex”
- a relation having a CRB lower than MVCRB should fieenoved except if the CRB of
opposite relation is higher to VACLF
In figure 3, according to the Hoffmann method, witVCRB=5 and VACRB = 20, the
relation between C and D should not be maintairechbse the CRB. is lower than the fixed
MVCRB and the CRB. is lower than the fixed VACRB. The element “D” carthus join the
aggregate because the resulting graph would ntitdre“biconnex” any more.

In respect of these elements we defined the foligwalgorithm (algorithm 1) whiclpresents
different steps of the HLS method.

Algorithm 1 - Application of method HLS

For eachkeyword X[Phase of fusion]
To extract keywords Y[] which form a valid tiavith X
For eachcouple of valid keywords X-Y[[Phase of extension]
If there is not any aggregate containing couple X-Y[] and thatcouple was not tested?
Create a new aggregate “X there” and addf X there
As long asadd keywords in the aggregate
For the words of theaggregate
Scan for new words indria
Add keywords forming aattiwith the words of the aggregate
Notation of the couplearid like “tested”
End of For
End of As long as
End of If
End of For [End of Phase of extension]
End of For [End of Phase of Fusion]




3.2 Postulate and proposal for a semantic validatiotechnique

3.2.1 Postulate: two laws

1 - Internet mainly consists of Web sites and semaltyi coherent documents.
2 - Internet search engines users are aware andshiéficient experience to use keywords having
linked together and with the required subject.

3.2.2 Proposal for a semantic validation technique

To evaluate the semantic coherence of obtained eonti®s, we propose to compare the number
of sites retrieved by users’ queries with quergsdomly built. For instance, table 2 shows the
number of retrieved document resulting from threseris queries (1, 2, 3) composed of three
keywords and a fourth one (4) randomly composekiegfvords coming from initial queries. To
obtain these results we use the aol.com searchengi

Table 2 - Method of semantic validation: Acqusitiof the value for the triads

ID Queries Nb Sites ID Queries Nb Sites
1 Einstein relativity equation 230 000 3 jazz saxophone selmer 115 000
2 cream spinach butters 413 000 4  Einstein spinach selmer 141

It is easy to understand that the last query (4)rftasense and thus few documents are relevant
to this query. So the other queries can be qudldie “semantically coherent” since they retrieve
more documents than a query randomly built.

3.3.3 Method of compared semantic validation

We do not claim to describe here a method of albsa@emantic validation, but rather an indicator
which will make it possible to carry out comparisdoetween methods of regrouping and their
evolutions.We propose the comparison of the number of sitamd by the search engine of the
aol.com site, between three set of triads. The $es$ is constituted by triad (three terms coming
from real queries) used by a real user, secondc@etains combinations of three keywords
extracted from the aggregates and the third setagmnrandomly combined three keywords
queries (baseline). All the combinations of thremds or triad of each aggregate will be presented
to the search engin@.hat represent92756(seven hundred and eighty-twelve thousand seven
hundred and fifty-six) combinations for the aggitegaof the method on the sample of study (see
next section)The random sample was mades0D000(five hundred thousands) triads of different
words taken randomly on the sample.

4. EXPERIMENTATION

4.1 Creation of a sample

4.1.1 The material

We supported our work on an extract aol.com seangfine log filesThis extract integrates thirty
three million queries carried out from Marcf, 2006 to April 38, 2006. These queries are
mainly in English.The structure of the file integrates an identifigile date and the hour of the
query....This file is available on thettp://gregsadetsky.com/aol-daite for study purposes.

4.1.2 Preparation of the sample

In order to work on a representative and neversisedasy to handle sample we made the choice to

limit our experiments to queries from only one dagril 17", 2006. We applied several rules to

treat these queries:

- the keywords are defined like a set of letters aithspace.any space character is thus
interpreted as a keyword separator

- the quotation marks (*") as all the elements ofguation were replaced by white spaces

- words having a length equal to one character weleted.Many words considered to be not
significant (like stop words) were also deletedrirthe study

- only queries having two words and more were usexiirstudy

We then drew aside from the study a list of woits) considered as vacuums (the, this, I, we ...).



In order to avoid handling words with no made serseause of a great use we decided not to
consider the words having been used in more th& {thousand) queries. To draw aside these
words which are by definition the least discrimingtto us, makes allow us to hope avoiding the
construction of mega-aggregates centered on theggokds. The full number of queries studied
in the sample of april 17 2006 being of more than 200000. These words dreut of 51994
studied keywords thus 0.027% of the sample.

The final sample:once these various “filters” applied: the objecthd# study is a set 061980
keywords used in 200646 queries.

4.3 Result of the clustering by the HLS-CRB method

MVCRB and VACRB or minimal Value activation of CRB: After several tests on samples, we
defined threshold valuesdinimal Value of CRB oiMVCRB with 5% of the weight of the word
and the Value of Activation &fvACRB at 20% of the weight of the word. These values could be
modified or adjusted during next experimentatiofisey are only given as an example and their
value is out of the scope of this study.

Results The final results are frorB4537different words a set 09556 aggregates. The median
number of keywords per aggregate i84 The most important aggregate inclul8 keywords.

4.4 Result and analyze of the compared semantic vddtion method

4.4..1 Chart of the semantic validation test

We will represent the results in a semi-logarithstgale. A semi-logarithmic reference trend graph

is reference trend graph which one of the akiege that of the ordinates, is graduated according

to a linear scale and that of the X-coordinates {Xpraduated according to a logarithmic scale.

The advantage of a semi-logarithmic representaioits aptitude to represent measurements

which are spread out over extremely broad val8esni-logarithmic representations in power of 2

were already used by Zipf (1935).

- Ordinate: We will place in ordinate the percentage of comtiames found by class.

- X-coordinates We gathered the number of sites turned over irselaand these classes in a
logarithmic scaleln order to remain on the finest possible classexhose classes by power
of 2.

4.4.2 Search of a comparative data

With a view to highlight a particular zone and diffnces we compare here the two curves
response of the two most distant spaces semasticall

Figure 4 - Comparison of the two curves most dissemantically according to the postulate from
paragraph 3.3.1 and determination of the remarkadres
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We will thus compare the curve resulting from therds combined by chance with the curve
of reference resulting from the test of triads Vidrich there is at least a research including these
three words and drawn from aggregates created twéhmethod of HLS-CRB. Except for the
random triads, the others triads tested are egtlaitom aggregates obtained by the HLS-CRB
method. The comparison is first carried out here igraphic manner. We notice four clearly
identifiable zones (cf. Figure 4): the zone A of th the zone B of 270 with 211, the zone C of
2712 with 2721 and the zone D higher than 2721.



The zones “B” and “D” do not represent much interése curves not presenting a notable
difference. The zone “C” is the most different eoifhe differences noted on the zone “C” are
compensated in the zone “A”. The zone “A” is redlit@ only one value “0” and is too narrow to
be exploited. In order to better perceive the ingure of “C”, let us read again the graph by
omitting the zones A, B and D (Figure 5).

Figure 5 - Zoom on the Zone “C” selected like zohstody
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4.4.3 Calculation of the SCCV (Semantic Coefficient of Compared Validation):

We will compare the surface taken by the two histots. The SCCV or semantic coefficient of
compared validation, having then the value “1” fioe equivalence of the histogram of the triads
of three words having been at least once usedanséime research and 0 for the value of the
histogram of the random triads. The mathematicahéda will thus be for a particular curve to
validate Xa: Let us notér the surface of the histogram of the triads of Wwhadl the words are
included at least once all together in a reseakehthe value of the surface of the random triads

histogram and\x value of the surface of the triads histogram ted®pared
21

21 21
Ar = ZYi =754 Aa:ZY'i =228 Ax=ZY"i
i=11 i=11 i=11

(Ax -Aa)
Let us note for a curve X, SCCVx=——"-
Ar - Aa

4.4.4 Comparison of coefficients SCVC (Semantic Coefficient of Validation
Compared) for aggregates of different size.

In order to determine a target for future workdems important to limit on the top the size of the
aggregatesWe will compare here the SCVC for aggregates deddht size.We notice either

graphically (cf. Figure 6) or by the calculationtbé SCVC that the more the number of keywords
is important the more SCVC tends to drop.

Figure 6 - Comparison of the SCVC according to the sf the aggregates in Zone “C”
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The rupture between the aggregates of size lowar 80 keywords (cf. Figure 6) and that
higher or equalizes is clearly marked. If one ptaae acceptable level of SCVC at a value .5 that
allows us to affirm that statistically the aggrezsadf more than 30 keywords do not present a good
SCVC.



5. CONCLUSION

To give new services to users we need to profitetarregroup users. Clusters of keywords could
be use as connection points between users therasatdebetween users and services.

The search for a semantic measurement of keywegieuping system by using Internet as a
validator passes without any doubt through compegahethod.

The HLS-CRB method of regrouping can evolve/move give results different according to
the parameters from CRB. Method of semantic conthaadidation allows arbitrating the quality
of these evolutions. Other methods of regroupingalao be compared.

In this first approach we regarded the keywordsiastral and independent objects. In the
future we can improve the method by using the Patgorithm, WorldNet integration, other
ontological dictionaries, synonyms dictionary orrde@ommunities build from dictionary as this is
purpose by Bruno Gaume (2008). The reduction afelamggregates higher than 30 keywords
could also be done by a modification of index CRBéfficient of Reliability of Bond) and a
setting in quarantine better controlled on-usecempty keywords. At least, we can compare
aggregates characteristics (clustering coefficieverage distance and diameter) with results
returned by the semantic comparison method.
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