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ABSTRACT 1. INTRODUCTION

In the recent years, the Web has been rapidly “deepened” with the In the recent years, the Web has been rapidly “deepened” with
prevalence of databases online. On this deep Web, many source$he prevalence of databases online. As Figure 1 conceptually il-
arestructuredby providing structured query interfaces and results. lustrates, on this so-called “deep Weli'e(, Web sources backed
Organizing such structured sources into a domain hierarchy is oneby databases), numerous online databases provide dycaerg

of the critical steps toward the integration of heterogeneous Web based data access through thaiery interfacesinstead of static
sources. We observe that, for structured Web sources, query schembRL links. A July 2000 survey [3] estimated that 96,000 “search
(i.e., attributes in query interfaces) are discriminative representa- cites” and 550 billion content pages in the deep Web. Our recent
tives of the sources and thus can be exploited for source charac-Study [7] in April 2004 estimated 450,000 online databases.
terization. In particular, by viewing query schemas as a type of ~ This paper focuses ostructureddatabases on the deep Web,
categorical data, we abstract the problem of source organizationWhich provide structured query interfaces and return structured ob-
into the clustering of categorical data. Our approach hypothesizesjects €.9, a Book source likeamazon.conqueries and returns
that “homogeneous sources” are characterized by the same hidde®00ks withauthor, title; a Car source likecars.comqueries and
generative models for their schemas. To find clusters governed byreturns cars withmake, model). The deep Web provides much
such statistical distributions, we propose a new objective function, structured information, by presenting data from back-end relational
model-differentiationwhich employs principled hypothesis testing DBMSs. Our survey [7] distinguished such structured sources from
to maximize statistical heterogeneity among clusters. Our evalu- Unstructuredext sources (of documents)— Not surprisingly, struc-
ation over hundreds of real sources indicates that (1) the schemadured sources dominated by a 3:1 ratio.

based clustering accurately organizes sources by object domains The structured deep Web thus presents challengéarf-scale
(e_g, Books, Movies)’ and (2) on c|ustering Web query schemas, information integration: While there are myriad useful databases,
the model-differentiation function outperforms existing ones, such how can a usefindthe right sources amguierythem in a right way?

as likelihood, entropy, and context linkages, with the hierarchical Consider user Amy, who is moving to a new town. First, different

agglomerative clustering algorithm. queries need different sources to answer: Where can she look for
real estate listings?e(g, realtor.con) Studying for a new car?
Categories and Subject Descriptors (cars.con) Looking for a job? (nonster.con) Further, different

sources support different query capabilities: After source hunting,
H.2.5 [Database Managemerjt Heterogeneous Databases; H.2.8 Amy must then learn the grueling details of querying.

[Database Managemerijt Database Applications-Bata Mining While tantalized by the need for effectively accessing the deep
Web, the integration over large-scale structured sources has largely
General Terms remained unexplored. As Section 2 will discuss, on one hand,

research on large scale distributed search has mostly focused on
the integration ovetextsources. On the other hand, the efforts of
Keywords data_base integration have so far assumed _relatively small $ca|e, pre-
configured sources— in contrast to dynamic source selection. With
data integration, deep Web, hierarchical agglomerative clustering structured sources proliferating (and dominating) on the Web, their
integration is increasingly more critical.
*This material is based upon work partially supported by NSF  As afirst step toward such integration, this paper studies organiz-
Grants [1S-0133199 and 11S-0313260. Any opinions, findings, and ing sources by “structures’— We propose to characterize sources by
conclusions or recommendations expressed in this publication areineir query schemas.e, attributes in their query interfaces,g,
;hos_e of the author(s) and do not necessarily reflect the views of thein Figure 1: Q.. = {author, ..., publisher} for amazon.com
unding agencies. . g
{city, ..., rent} for apartments.comSpecifically, for structured
Web sources, we believe query schemas are right “representatives”
Permission to make digital or hard copies of all or part of this work for O Structured sources: First, they are readigilable on the “sur-
personal or classroom use is granted without fee provided that copies areface” of online databases, and thus can be easily “crawled” (unlike
not made or distributed for profit or commercial advantage and that copies sophisticated querying required for accessing data inside). Second,
bear this notice and the full citation on the first page. To copy otherwise, to they arediscriminative The query schema of a source characterizes
republish, to post on servers or to redistribute to lists, requires prior specific jig object domair{e.g, Books, Movies) anduery capabilitiege.g,

permission and/or a fee. . . ? . 2,
CIKM'04, November 813, 2004, Washington, DC, USA. by author, director), both of which are essential for distinguishing

Copyright 2004 ACM 1-58113-874-1/04/00135.00. structured sources. In particular, given Web pages containing query
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tial clusters that are too small to continue, we handle them (af-
ter HAC clustering) bypost-classifyingach “loner-schema” to the
constructed clusters. We develop AlgorittiD .. with such pre-
clustering and post-classification techniques, making hypothesis test-
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i e P ——— < We experimented with about 500 real sources in 8 domaims (
o ‘ Airfares, Automobiles, Books). Our goals are two-fold: (1) to
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| ] evaluate the effectiveness of schema-based clustering for organiz-
CastName (eied)  Fisthame _ A01carfinder.com ing structured sources into a domain hierarchy, and (2) to evalu-
oy State eaireq) | 41 1localip.com P Mo W | ate the performance of thdD objective function by comparing to
[ [Setectasiae ]| 1 | Y — Type of Vehicle [Bomesic 31 P . . . .
ﬁ pree_ R the existing approaches using context linkages, log-likelihood, and

entropy. The results show the effectiveness in both aspects (Sec-
Figure 1: Query-based data sources on the Web. tion 6).
In summary, the contributions of this paper are:
interfaces in HTML format, we have solved the extraction of query e We propose to organize structured Web sources by their query
schemas from interfaces with a parsing approach [32]. schemas and further abstract the problem as the clustering of
Schema-based characterization will thus organize sources by their ~ categorical data.
object domains and query capabilities, which is preliminary for
supporting bottsource selectiorfby finding sources of the same
object domains) anduery mediatior{by finding sources with sim-
ilar query attributes). Given a set of query schemas representing
structured sources, our task is thus to construdomain hier-
archy, where each object domain contains a set of “structurally-

homogeneous” sources. L .
motivating observations of structured sources on the Web. Sec-

In abstraction, this problem is essentially a clustering problem— '’ . stical ¢l i
Our goal is to cluster structured Web source into their domain hier- tion 4 discusses our statistical cluster modeling andNH2 ob-

archy. In particular, by viewing a schemad, Q..) as atransac- jective function. Section 5 develops AlgorithiDy, ... .Section 6
tion (e.g, with itemsauthor, ... ,publisher) and thus a special type reports our experiments and Section 7 concludes this paper.

of categorical datawe abstract our problem of source organization
as the clustering of a set of categorical data. As such data are typ-2- RELATED WORK
ically sparse in a high-dimensional space, conventional clustering We relate our work to the literature in three aspects: in terms
based on measuring the similarities between pairwise data pointsof the integration scenario, the Web clustering problem and our
(e.g, the Jaccard coefficient [19]) does not work well. Several clustering technique.
recent efforts have thus developed nehjective functionse.g, First, in terms of thentegration scenaripthis paper studies clus-
context-linkages [13] and entropy [8]. tering structured sources on the Web. Our goal of clustering sources
Our framework pursues probabilistic model-based clustering with to facilitate large-scale integration (Section 1) has largely been un-
a new objective function. To begin with, motivated by our real- explored. On one hand, for structured (relational) souricégr-
world observations (Section 3), we hypothesize that homogeneousmation integratiorhas mainly assumed relatively small-scaled, pre-
sources share the same hidden generative model, which probabilisconfigured systems [28, 9% (g, Information Manifold [21], TSIM-
tically generates schemas from a finite vocabulary of attributes. MIS [26]). On the other hand, research efforts on large scale dis-
This hypothesis naturally matches model-based clustering— to form tributed search has mostly focused wmxt sources,e.g, source
clusters from different models. Further, to realize such cluster- characterization [6], source classification [25, 18], and query rout-

e We propose model-differentiation as a new objective function
for clustering, which allows principled statistical measure for
determining cluster homogeneity. Our evaluation shows that,
on clustering the Web query schemas, the model-differentiation
function outperforms existing ones.

We review related work in Section 2 and Section 3 presents our

ing, we propose a new objective functiomodel-differentiation ing [23]. Our focus mixes both of the above: We aim to enable
or MD, which seeks to maximizstatistical heterogeneitgmong large-scaleintegration overstructureddatabases— which has not
clusters. Rather than relying on ad-hoc cluster-similarity measures, been extensively studied before. We thus propose to organize these
MD takes principled hypothesis testing in statistics, caltest of sources by their query schemas, which characterize both their ob-
homogeneity5], to evaluate if multiple clusters of data are gener- ject domains and query capabilities. Such schema-based charac-
ated from homogeneous distributions. terization will likely help to give a meaningful organization to the

Specifically, we develop AlgorithriviD,.. for clustering query myriad Web sources.
schemas to build a domain hierarchy. First, we assume the statisti- In particular, the result of this work can support other integration
cal model of a cluster is multinomial distributionover attributes tasks such as query mediation and source selection. For instance,
observed in the cluster. This modeling greatly simplifies the homo- our schema matching work [14, 15] studied discovering semanti-
geneity testing, thus enablbtD-driven clustering. Second, guided cally corresponding attributes across Web interfaces in the same
by the MD objective, we adopk? testing for evaluating the ho-  domain €.g, Book sources). To find such “homogeneous” sources
mogeneity among clusters. Third, for hierarchy construction, we (that are meaningful to integrate), this paper thus provides the pre-
use the general HAC (hierarchical agglomerative clustering) ap- liminary step of source organization.
proach [2, 10, 22]. Secondin terms of theWeb clustering problemexisting Web

However, while hypothesis testing is appealing as a principled clustering works mainly focus on clustering Web documents by
cluster-similarity measure, it is challenging to apply in clustering: exploiting Web content and linkage information [30, 31, 29, 17].
To start, initial clusters must be formed with a minimal size to war- In contrast, this paper focuses on the clustering of structured Web
rant “sufficient observations” (as required by a statistical method). sources. With the observation that query schemas are discrimina-
Given individual schemas as input, we “bootstrap’iog-clustering tive representatives of sources, we are able to translate the orig-
them into some initial clusters, from which hypothesis testing can inal problem of source organization into the clustering of query
take over to construct final clusters by HAC. Further, for those ini- schemas, a type of categorical data.



| domain | number of sourceg| domain | number of source$

Airfares 53 Hotels 38
Automobiles 102 Jobs 55
Books 69 Movies 78
CarRentals 24 MusicRecords 75

Figure 2: Our dataset of sample deep web sources: 494 sources in 8 domains.
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Figure 3: Attribute frequencies of different domains.

Third, in terms of theclustering techniquethis paper proposesa  File.com) and search enginesd, Google.com). As Figure 2 sum-
model-differentiation objective function for clustering query-schema marizes, the collected dataset consists of 494 sources in 8 domains
data. Clustering of general categorical data has recently been morgle.g, Airfares, Automobiles, etc.). Our experiments (Section 6) use
actively studiede.g, STIRR [12], CACTUS [11], ROCK [13], and the same dataset. This section reports two observations pertinent to
COOLCAT [8]. STIRR treats clustering as a partitioning problem our focus of source organization— In fact, these observations moti-
of hypergraph and solves it based on non-linear dynamical systems.vated our approach.

CACTUS considers a cluster as a set of pairwise strong connected First, we observe that query schemas discriminativerepre-
attributes by measuring attribute occurrences. ROCK, COOLCAT sentatives of structured sources. Specifically, we count attribute
and this paper pursue the same direction of defining a new similar- frequencies for each domaind, the aggregate occurrences of an
ity measure involving thglobal contex{such as properties of aen-  attribute across all sources in the same domain). Figure 3 lists the
tire cluster) instead of local pairwise measure. ROCK uses context attribute frequencies (y-axis) of 3 domains (Airfares, Hotels and
linkages between data points, and COOLCAT uses entropy of clus- Movies) over all the attributes (x-axis) in the 8 domains. We ob-
ters. As an alternative, we develop the model-differentiation mea- serve that each domain contains a dominant range of attributes, dis-
sure, which maximizes the statistical heterogeneity among clusters.tinctive from other domains. For example, Airfares only covers the
Section 6 compares these related approaches. first 53 attributes and does not overlap with Movies. Hotels has its

Our statistical approach belongs to the general idea of model- dominant range of attributes from index 200 to 250 (while overlap-
based clusteringe(g, partitional EM algorithm [24] and hierar-  ping with Airfares in some of the first 53 attributes).
chical algorithms [2, 10]). Such clustering assumes that data is  Further, some attributes are only observed in one domain— These
generated from a mixture of distributions, each of which defines a anchor attributesmake their domains more distinguishable. For
cluster. This general approach is traditionally not specific to cat- instancemake andmodel are anchor attributes for Automobiles,
egorical data— More recently, reference [22] proposes a multivari- andISBN for Books. We observed that most schemas indeed con-
ate multinomial distribution (in which each feature is an indepen- tain anchor attributes. In particular, our dataset indicates that 457
dent multinomial distribution) for categorical data. In comparison, out of the total 494 interfaces, accounting for 92.5%, contain some
the model we propose for schema data (or transactional data) is aanchor attributes. The prevalence of anchor attributes motivates
“joint” multinomial, where all features are generated from a multi- our bootstrapping techniques (Section 5.1). We believe that the ex-
nomial distribution (Section 4.1). istence of anchor attributes might not be a unique phenomenon for

All the existing model-based works essentially use likelihood as schema data— For other types of transactional data, it is likely that
the objective function to maximize— In contrast, we propose model- a cluster will contain somanchor itemghat are characteristics of
differentiation (Section 4.2) by maximizing the statistical hetero- the cluster.
geneity among clusters. In our extended report [16], we show that Second, we observe that the aggregate schema vocabulary of
these two objective functions are in faetjuivalentin assessing sources in the same domain tends to converge at a relatively small
the global clustering results. However, toward their “global” ob- size with respect to the growth of sources. Figure 4 shows, for each
jectives, they indeed implgtifferentgreedy “local” similarity mea- domain, the growth of vocabularies as sources increase in numbers.
sures (which Section 4.3 will develop). In our experiments, we also The curves clearly indicate the convergence of vocabularies. Since
compare the model-differentiation measure with the likelihood one the vocabulary growth rates.€., the slopes of these curves) de-
on HAC algorithm. crease rapidly, as sources proliferate, their vocabularies will tend to

stabilize. This observation indicates that homogeneous sources (in
the same domain) share sogmncertedvocabulary of attributes.
3. MOTIVATION These two observations together motivate our approach: The first

With virtually unlimited amount of information, the deep Web  “discriminative” observation suggests using query schemas as “rep-
is clearly an important frontier for data integration. To charac- resentatives” of sources in the source organization, which is essen-
terize this “wild” frontier, we extensively studied sources on the tially a clustering problem. Our goal is thus to cluster structured
deep Web in our recent survey [7], which this section is based Web source into their domain hierarchy. By viewing a schema as
upon. (Some observations here were also reported in our earliera transaction and thus a special type of categorical data, we ab-
work [14].) We collected a dataset of deep Web sources using stract our problem of source organization as the clustering of cate-
Web directories€.g, InvisibleWeb.com, BrightPlanet.com, Web-
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g0 ‘ ‘ ‘ ,‘ ‘ Our first attempt is to consider a schema as a selistinct at-

80 | S ] tributes. Therefore, we view the generation of a schemsaas
— pling without replacemerib] from a set of attributes, which means
the result of a trial (to select an attribute) is not the same as any
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@E ol previous trials. (The trials are therefore “stateful”.) That is, we
s can consider a schema withattributes as an experiment with
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Z a0 CarRenais -~ | in the subsequent trials. However, while this model is accurate, its
20 | Mome “stateful” trials result in complicated homogeneity testing.
10 Music Récords | Our second attempt is to approximate the generation process by
ob ‘ ‘ ‘ ‘ ‘ sampling with replacemeifis], where the attributes can be repeat-
0 20 40 & g 100 edly selected in a schema. With this alternative strategy, to gen-
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erate a schem@ in some clusteC, the modelM behindC' is
amultinomial modelvith parameter®,...,pn. More specifically,
gorical data. Further, the second “concerted” observation leads usa multinomial modelM for C' consists of an exhaustive set bt

to hypothesize the existence of a hidden schema model (for eachmutually exclusive events (In our problem, the events are in fact
domain), which generates the observed query schemas. We thughe attributes.)A;,...,Ax (which covers all the attributes observed
pursue model-based clustering (Section 4). Finally, the “discrimi- in C) with associated probabilities; ,...p~, Zjvzl p; = 1. We
native” observation further hints a novel objective function, model- denoteM asM ={A;:p1,...,An pn }. Each trial of M generates
differentiation, which seeks to maximize statistical heterogeneity one of theN events. The probability of generating an attribte

Figure 4: Schema vocabularies.

among models in clustering. from M in a single trial is
4. MD-BASED CLUSTERING S pi, FiA=A;
Pr(AIM) =9 ¢ therwi (1)
As just abstracted and motivated, we are pursuifgxbased J otherwise

approach to cluster query schemas. In the literature, model-based Next, we discuss the generation of a schema in cluStérom
clustering has been widely discussed. The general idea can bey ynder this multinomial model, a schengais characterized
stated as: The population of interest consistg/otlusters, gen-  py its observed attributes (and their frequencies). We thus view
erated byG different models. Given a set o_f data points (a set of Q (of lengthn) asQ = {A1:y1,..AN e}, ZN_I y; = n, where
schemasK = {xi, ..., xa}, Where each; is independently gen- , is the frequency (number of occurrences) of attridiein Q.
erated from one of thé models, M;,....Mg, the probability of For a schema with distinct attributeg, is either 0 or 1. For in-
generatings; in thekth model isPr (xi| M ). A clustering ofX is stance, for the query schergh . of amazon.conthe frequency of

a partition ofX into G groups: denoted b{X; P) = (C1,...,Ca),  aythor, Yauthor, IS 1. (We discuss later that this model can gen-
where P partitionsX. The objective of model-based clustering is  grate schemas with duplicate attributes.) That is, by definition of
to identify the partitionP that allx; generated from the same model  giandard multinoimal distribution 15 (of lengthn) is generated

Pr(e| M) are partitioned into a single group. from M as the result of independent (therefore “stateless”) trials
To realize this general model-based clustering of query schemas,ith the following probability:

we design a model as a multinomial distribution (Section 4.1) and

develop model-differentiation as the neljective functiorf clus-

tering based on statistical hypothesis testing. Specifically, guided | Pr(A;|M)¥i

by this objective function, we adopt the commonly usgdtest- Pr(QM,n) =n! H ;! : @

ing. (Section 4.2). Unlike the clustering work in statistic software, =1

which also use? testing, we apply it for categorical data based on Example 1: Consider a cluste€’ with 4 schemasQ::{AB,C},

the generative model. Since we are pursuing a hierarchical cIuster-QQ;{A,B}’ Q3:{C,D}, andQ4:{C,D,E}. The modelM contains

ing approach, we apply the widely used HAC (hierarchial agglom- 5 attributes (events)A, B, C, D andE, with probabilitiesp:, p2,

erative clustering) algorithm, which needs a measure to quantify the ;. 1, andps respectively. Under our multinomial modeling, we

"Similal’ity" between two clusters. In particular, we derive a new view a schema as a set of attribute frequendi'es @jl) For ex-

similarity measure from th&D objective function (Section 4.3). ample,Q: = {A:1, B:1, C:1, D:0, E:0}. In particular,y;; = 1
since A occurs once inQ;. The probability of generating; is

N

4.1 Hypothesis Modeling Pr(Q1|M, 3) = 6p1paps. .
To develop theMID-based clustering, we need to define the gen-
erative model. To begin with, we first introduce our model defini- Then, we discuss how we statistically view a cluster of schemas.

tion as multinomial distribution. Specifically, we assume attributes Consider a cluster of schemas= {Q1, Q2, ..., @ }, where each
are independent each other, which is a commonly used assumpschema?); (with lengthn;) is generated by the same model
tion for text data [27]. Then we describe how a model generates a= {A::p1,...,An:pn}. Since eact); is a multinomial experiment
schema in a statistical way and further how to generate a cluster ofof n; trials, we can viewC' as an experiment witIE;”:1 n; tri-
schemas. als by concatenating the trials in all schemas. That is, we con-
First, to define the model for the task of schema clustering, we sider thatC' is a series of sampling from the same multinomial
need to describe what is a schema. We view a query schema adglistribution M (i.e,, the samep,,...pn), with all these indepen-
a set of attributes for a query interface, as Section 1 introduced. dent trials. The theoretical explanation is as follows: Let@l
(Figure 1 illustrates some real query interfaces.) For instance, for = {41:yj1,....An:y;n~ }, Whereyj;'s are random variables denot-
amazon.comthe query schem@), is {author, ..., publisher} ing the frequencies aofl;, share the same multinomial distribution
(as shown in Section 1). For simplicity, in later examples, we de- M = {A1:p1,....An:pn}. For the entireC, we define new ran-
note attributes in letter4, B,.... dom variables,...zn as aggregate attribute frequencies. That
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Figure 5: Comparison of two possible clustering results.
is, z = 3.7, ysi. In our extended report [16], we show that Ar | As | As An_ | sum
j= . S
z1,...,zN are also sampled from the same multinomial distribu- Ci | O | O12 | O3 O | Xa
tion M with 3" | n; trials. Therefore, under this multinomial Co | O21 | Oz | O23 Oz | Xo
view, we can expresS' as aggregate attribute frequencies, C =
{Al:Zl,...AN:ZN}. Cm, Oml Om,Q O7n3 Om,n Xm,
sum | Yi Ys Y3 Y, S

Example 2: Continue on the clustef’ in Example 1, by consid-
ering C' is generated by a multinomial distribution and computing

Zi @S3_jL, Yji, We can express clustér as{A:2,B:2,C:3,D:2,  jnq dissimilar data apart. For model-based clustering, similar data

E:1}. For exampleA has frequencies 2 because it occurs once in - might be generated from the same underlying model, while dissim-

both@:1 andQ-. " ilar data from different models. Thus, we achieve better clustering
result when the underlying models are more distinguishable.

Figure 6: Contingency table for testing.

The simple multinomial modeling simplifies hypothesis homo-
geneity testing (by directly fitting the contingency table as shown Example 3: As a running example, assume we are given four clus-
in Section 4.2). However, the modeling is inaccurate: It may gen- ters of schemas, referred to as datgsef;:{A:1, B:1}, C2:{C:1,
erate some schemas that are not observable in the real world. ForD;l}, C3:{E:6,F:6,G:1,H:1,1:1,J:1} andC4:{E:6,F:6,K:1,L:1,
instance, it may generate a schefeathor, author, title}, where M:1, N:1}. Now assume we want to generate 3 clust€¥s=(3).
author is repeated twice. While the modeling seems crude (like To reduce the number of clusters to three, we need to combine two
other typical “independent” assumptions in, say, Naive Bayes Clas- clusters into one. We denote the combination of clustarandC;
sifier for text), our empirical study shows that the simple model asC._; ;.
performs well. We compare two possible clustering results, as illustrated in Fig-
As a remark, this modeling is much simpler than what we define ure 5. The first result (Figure 5(a)) combin€s and Cs, while
in our previous work MGS [14]. The MGS work addresses match- the second result (Figure 5(b)) combin@s andC,. Figure 5(a)
ing schemas across sources in the same domain. (Therefore, thigs not as good as Figure 5(b) because the distributiong;dfFig-
paper is a preliminary step to provide input for MGS.) The MGS yre 5(a2)) and’s (Figure 5(a3)) are similar (and hence the schemas
modeling assumes a two-level model structure to capture conceptsgenerated from these two models will also be similar). Figure 5(b)
and synonyms for the goal of synonym discovery. This paper as- is better because the attributes with non-zero frequencies in the

sumes a much simpler model because it is sufficient to capture thethree clusters do not overlap. [
attribute frequencies across different domains for the purpose of
clustering. Therefore, we define the objective function of clustering as some

In this section, we develop the generative model. Next, we in- function that characterizes the heterogeneity of models under a
troduce the new objective function, model-differentiation, for clus- partition P, denoted by (X; P). The goal of clustering is to find
tering schema data and present fffetesting to realize théVD the partitionP that maximizes functiofit, i.e., arg max » H(X; P).

function. In statistics, the homogeneity of distributions can be measured by
. C e . . test of homogeneitysing statistical hypothesis testing. More specif-
4.2 %%%%t?}'fferent'at'on' A New ObJeCtlve ically, if we have a partition functiod® partitioningX into clusters

Cr(1 < k < G), we can test the hypothesi€’; (1 < k < G)
Clustering must be guided by sorabjective functiorthat spec- are sampled from the same distribution” with standard testing ap-

ifies the property of the ideal clusters. Regardless of the objective proaches. The result of testing is a probabilistic variabte indi-

function, the basic idea of clustering is to put similar data together cate the confidence that we accept the hypothesis that those distri-
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Figure 7: Example of model-differentiation testing.
butions are the same. Thus the heterogeneity of modédls-is\. Require: SchemaSetX, ObjectiveFunctionF, NumberOf-
Formally, theMD-based clustering is to find ClustersG
1: /* Form a list of initial V' clusters */
2: Ck:Xk,(ISkSV)
argmax H(X; P) = argmaxH(C4,...,Cq) 3: /* Derive similarity measure */
P P 4: s = a similarity measure derived froth
— _ 5: /* HAC main framework */
= agmax{l = A(Ch, .., Cc)} 6: for K=V,V —1,..G do
_ . 7. I* Compute pairwise similarities */
- arg;nln/\(C’l, - Ca), ) 8: k%, " =argming ; s(Ck,C1), (1 <k <l < K)
. . . . 9:  /* Merge the most similar two clusters*/
whereA(C1, ..., Cc) is the result of hypothesis testing on a parti- | 10: Oy« j+~ = MERGE(Cj+, Cy+)
tion P with G clusters. 11: end for

More specifically, given a partitio® on the observed dai&, we
apply x> hypothesis testing to computdCy, ..., Cg). In statis-
tics, x? testing can be used to test the homogeneity among multiple
clusters with multinomial distributions by constructingcantin-

Figure 8: General HAC algorithm GEjq..

sure,H, by applying a normalized? value. In particular, to make

! ) the D? values of different degrees of freedom (resulted from differ-
gency table Since we show that a cluster of schemas is also gen- ot clusters) comparable, we use B2 values with a commonly

erated by a multinomial distribution, we can directly apply the test ,qopted significance level5% as the normalization factors, de-
of homogeneity by fitting the attribute frequencies in the cluster qiaq byD2(df), with different degrees of freedom. We consider

!nto t_he cp_ntmgency Fable, Wh'Ch. reflects the fa_ct that our model- H the ratio between the computddf value and theD? with the
ing simplifies the testing. For arbitrary models, it deserves further

research efforts to figure out how to fit them into the contingency samexf:
table.
Formally, assume there are clustersCi, ..., C,,, and each of 7:l(01 Co) = LQ (6)

D3(df)

Example 4: Consider the first clustering result in Example 3, we
- ! - want to test the hypothesis that these three clusters are generated
this set of data. In particulaf;; stands for the attribute frequency  fom the same distribution. The corresponding contingency table
of A; in clusterC’;. X; is the sum of all th&;; in ith rOV\ilande of this scenario is listed in Figure 7. Applying Equation 4, we get
is the sum of all theD;; m jth column. That |§Xi = Zj:l O;j D2(C<1,2>,03,C4) = 34.33 anddf (Cc1.05, C3, Cy) = (14 —
andY; = 331", Oi;. S'is the sum of all0;; in the table. Thus 1) x (2 — 1) = 13. the D? value for 0.5% withif = 13 is 29.82.
S=3 Xi=3",Y; _ By applying Equation 61 (C<1,2>,Cs, Ca) = 3533 = 1.15.

We want to test the hypothesisij,1 < j < n, pj1 = pj2 = Consider the second clustering result in Example 3 similarly,
e = Pjm = % wherep;; is the probability of observing attribute ~ we getD?*(C1, Cz, C<3.4>) = 65.67 anddf (C1, Ca, C<3.45) =
Aj in clusterC;. This hypothesis is tested by considering the ran- (14 — 1) x (2 — 1) = 13. We then haveH(C1, Cs, Cc3,45) =

them is generated from its own multinomial distribution (as defined
in Section 4.1). There ane different events (attributes) altogether,
denoted byA4, ..., A,. Figure 6 is the contingency table to show

dom variable 9807 = 2.2 > H(C<1,2>,Cs, C4), which means the second clus-
tering result is better than the first one. [
"IN (05 — Xi x 2> 4.3 General HAC Algorithm And MD-Based
D*(Cy,...,Cr) = — ] 4 nilari
(O, - Om) ;;[ Xix 2 ) @ Similarity Measure
9 ) N ) For constructing the domain hierarchy as motivated in Section 1,
It can be shown thab“ has asymptotically & distribution with we adopt the general HAC clustering approach, which is widely
(n—1)(m—1) degree2of freedom, denoted ty [1]. used for data clustering [20]. Figure 8 illustrates the general HAC
We have to use both” anddf to decide how similar the: clus- framework [22]. In HAC, we need to measure the similarity of

ters are.D* value itself is not a valid indicator for the similarity of | sters. That is, given a set of clustefs, ... Cy, we compute all
clusters without being qualified the degree of freedom. Therefore the pajrwise values(k, 1), wheres is a similarity function from
we need (o translate these two values into a single similarity mea- the opjective function of clustering. The criterion of defining simi-
sure. In statlstlcsé we can compute .tﬁa/alue glvepp anddfr larity functions(k, ) is to maximize the objective function in each
denoted byPV'(D”, df ). The P-value is the probability valudin gten The two clusters with the smallegk, {) are merged in each
Equation 3, indicating the confidence that we accept the hypothesisieration. The algorithm stops when there ételusters left.

that them clusters are generated from the same distribution. The  gpecifically, for ouMD-based clustering, we derisgk, 1) from

objective functior? is then H(X; P) (defined in Section 4.2) as follows: In each iteration of
HAC, we merge the clusters with the small@gtvalue {.e. the
H(Ch, ...,Ca) = 1 — PV(D? df). (5) most similar two models) and therefore we defiffg, [) to be

The computation of’-value is expensive and requires numerical
integration. Therefore, in practice, we develop an alternative mea- s(k,1) = H(Ck, C1). )



Require: SchemaSeK, NumberOfClusterss sentially an attribute with non-zero probability only for one cluster.
1: /* Form the initial clusters */ More formally,
2: C = DATAGROUPINGX)

3: /* Move loner interfaces into N/ */ Definition 1: Given a clustering partitiod’, ..., C¢ and assume
4. Ci,f\f: GROUPSELECTION(C) . the model under’y, is My, an attributeA is ananchor attribute
g' [* Standard HAC clustering with new measure */ if there is only oneC, that containgA, i.e, Pr(A|My) > 0 and
7
8
9

: C = CLUSTERINGHAC(G, C e .
© [* Classify loners into(accoanplished clusters */ Pr(AlM;) = 0forl # k. A schema is alistinguishable schema

: C = LONERHANDLING (N, C) if it contains at least one anchor attribute. =
. [* Build the domain hierarchy with HAC approach */
10: BUILDHIERARCHY(C) Definition 1 implies the following corollaries:
Figure 9: Algorithm MDy,qc. Corollary 1: If A is an anchor attribute wittPr(A|Mj) > 0
and A is observed in a schem@ with lengthn, then@ € Ck,
Example 5: Consider the datasét in Example 3 as the input of  Pr(Q|My,n) > 0 andPr(Q|M;,n) = 0 for anyl # k. [

GErqc. Assume we want to generate 3 clusters. We compute all
the pairwise similarities with Equation 7 and g&tl, 2) = 0.43, A;, y: > 0 sinceA is observed inQ. By applying Equation 2,
s(1,3) = 0.96, s(1,4) = 0.96, s(2,3) = 0.96, s(2,3) = 0.96, have Pr(OLM o PrAUMDY  For) £ b,
ands(3,4) — 0.04. Itis clearly to see thaf’; andC, are most W& havePr(QMi,n) = nl IT:-, wr - Forl #
similar. Thus the clustering resultds;, C> andC<s 4. - Pr(A|M;) = 0 according to definition of anchor attribute, thus we
' have Pr(Q|M;,n) = 0. SinceQQ must belong to some cluste&p,
has to be clustered iny, thusQ € Cj and Pr(Q| My, n) > 0.

PROOF Assume® = {A;:y1,....As:ys} of lengthn andA =

5. CLUSTERING QUERY SCHEMAS: AL-

GORITHM MDgac Corollary 2: If Q is a distinguishable schema a@d C Q2, Q-
In this section, we present the concrete algoriti;,.. (denot- is also a distinguishable schema and belongs to the same cluster as

ing MD-based HAC algorithm) by solving the difficulty of apply- Q1. .

ing theMD-based clustering. To test the heterogeneity of models  ProoFr AssumeQ; € Cy. Q> must belong to some clusté;.

with hypothesis testing (Section 4.2), we have to face one chal- If | # k, Q; becomes a schema containing overlapping attributes
lenge: When the observations of events are not sufficiently large, of C;. and C;. Thus Pr(Q:1|M;,n) > 0, which contradicts the
the value of D> may not be closely converged §g* distribution assumption tha®); is a distinguishable schema. Therefore we have
and thus affects the value @f. In particular, thex? test requires I = k, which means)- is in the same cluster &3 .

each event (attribute in our case) has at least 5 observations to en-

sure the approximation of? distribution [1]. However, the input Corollary 2 indicates that if all the schemas are distinguishable
data are initially collected without being grouped and thus cannot schemas, the containment relation is correct in grouping data. Guided
satisfy this requirement. by Corollary 2, we group the query schemas by putting all the

To address this problem of insufficient observations, we design schemas satisfying Corollary 2 into one cluster. More specifically,
pre-clustering and post-classification techniques. Pre-clustering iswe first randomly select a scherga and put all the query schemas
to pre-cluster the data into groups with sufficient observations to Q: satisfying@Q C Q; or Q; C Q into the same bucket ap.
satisfy the requirement of hypothesis testing. Post-classification is We then evaluate all th@; just added recursively until no satis-
to classify the insufficientoner schemas excluded by bootstrap- fied schema can be found. It can be shown that the output of data
ping into the accomplished clusters. grouping is not affected by the random selection of schemas.

In our development, pre-clustering consists of two steps: data However, Corollary 2 requires that the schemas are distinguish-
grouping and group selection. Data grouping is to merge the dataable schemas. Since itis difficult to affirm whether a schema is dis-
into groups by using deterministic rules. After grouping, some tinguishable before clustering, we design a heuristic by observing
groups contain sufficient observations, while others not. Group the difference of theontaining sebf distinguishable and indistin-
selection only selects those groups with sufficient observations to guishable schemas. We define the containing set of a sctizma
participate in the HAC clustering. We consider the insufficiently denoted byS(Q), as all theQ;s satisfyingQ C Q; in the dataset.
observed schemas as loner schemas. Post-classification is essefrtuitively, for a distinguishable scheng@, the schemas i5(Q)
tially the classification of loners into the completed clusters, which are in one domain (based on Corollay 2) and hence they should

we call loner handling in our implementation. be more overlapping in attributes; While for an indistinguishable
Figure 9 shows AlgorithnMDp,,.: First, DATAGROUPING pre- schemay, the schemas i8(Q) come from multiple domains and
clusters data into groups based on the corollaries developed fromthey should be more different in attributes. Hence, we design a
the existence of anchor attributes (Section 5.1). SeceRAUFSE- step ofschema type checkifmpfore grouping: For each schei®a
LECTION excludes the loner schemas with loner threshél(Sec- we compute its containing sé¥(Q). Then for anyQ; and@; in

tion 5.2). Third,CLUSTERINGHAC clusters the remaining groups  S(Q), we compute their distane#i, j) as }g’fgg-’:} . If there exists
with the standard HAC algorithm and Equation 7 as the similarity d(, e Co

E 4 lassifi he | h j) < 6, whered is a threshold value, we consid@ran indis-
measure. FOUrtl,ONERHANDLING classifies the loner schemas  injishable schema and exclude it to participate in data grouping.
into the accomplishedr clusters (Section 5.3). Finall\guILD-

. . ) ) X In fact, the excluded schemas effectively become loner schemas in
HIERARCHY again applies the HAC algorithm to build the hierar- ( y

. ; L .. group selection). In our experiment, we set 0.2. We assume
chical tree of domains (by considering each cluster as one domaln).the remaining schemas are all distinguishable schemas and apply

5.1 Data Grouping Corollary 2 to group them.

Our pre-clustering technique leverages the existenanohor Example 6: Consider a set of 8 schemag::{C}, Q2:{A,B},
attributesto group schemas deterministically. Our exploration for Qs:{A,B,C,E}, Q+:{A,D}, Q5:{AB,D,E}, Qs:{C,F}, Q7:{C,F,G},
the schemas of the 8 domains indicates that most schemas contaimnd Qs:{C,H}. First, we do the schema type checking on every
anchor attributes (Section 3). Specifically, an anchor attribute is es- schema. In particula€)’s containing sef (Q1)={Q3,Q6,Q7,Qs}-




Computing the pairwise distance of schemas{id)1), we know
the minimal distance ig(3,7) = 1/6 < 0.2. Therefore,Q: is
indistinguishable schema and excluded for grouping. Similarly, we
check other schemas and they all pass this checking.

Next, we start to group the remaining schemas by randomly
choosing a schema, s@}. Thenwe findQ2 C Q3 andQ2 C Q5.
By recursively evaluating)s andQs, we findQ4 C Q5 and no
more schemas can be incorporated. TherefpreQs, Q4 and@s

= O(n?) time since we need to compare one schema with all the
remaining schemas to check the containment relationship in Corol-
lary 2. GROUFSELECTION can be executed i@ (mn) time in that

for each group, we need to check the attribute frequenciess-
TERINGHAC takesO(n?*m) time because every time we combine
two clustersCx, andC;, we only need to recompute the similarities
between the remaining clusters and the new cluStet ;~. The
similarities between other clusters are not changed. So each itera-

are in one group. We repeat this process on the remaining schemasion takesO(nm) time and there are at mostiterations. Hence,

and findQs and Q7 are in another group an@s itself is in the
third group. The exclude@ is considered as an individual group.
Hence, data grouping outputs four groups.

Without schema type checking, the data grouping will output
only one group with all schemas together sirdge only contains
an overlapping attribut€, which is observed in all the groupss

5.2 Group Selection

While data grouping merge the data into groups, some groups
may still have insufficient observations, which may affect the re-

we have thed (n?m) upper bound for this stepONERHANDLING
takesO(nm@) time because for each loner schema, we need to
check@ clusters with the computation of probability over at most
m attributes. The final stepuILDHIERARCHY is similar tocLUS-
TERINGHAC and take<D(G?m) time. Therefore, the time com-
plexity altogether is bounded iy (n?m).

6. EXPERIMENTS

To evaluate theMDy,. algorithm, we test it with 8 domains

sult of hypothesis testing. Therefore, we consider those groups asof structured sources on the deep Web. We compare our model-
loner groups, not participating in theLUSTERINGHAC step in differentiation based approach with likelihood [22], entropy (COOL-
Algorithm MDy,... The criterion to judge loner groups is to set a CAT) [8] and context linkage (ROCK) [13] based approaches using
loner thresholdV': If the frequencies of all attributes in a group are  HAC algorithm and analyze the results. Also, we show the domain

lower thanN, we consider it as a loner group and all the schemas
in this group as loners. In statisticd] is conventionally set to 5,
which is the recommended value fgf hypothesis testing [1]. In
our experiment, we find settiny to 3 is enough to contain suffi-
cient observations.

Example 7: Consider the four groups in Example 6, the multi-
noimal expressions of these four grou@s (Qs, Q4, Qs), (Qs, Q7),
(Q1) and Qs) are: @:4,B:4,C:1,D:2,E:1), (C:2,F:2,G:1), (C:1)
and C:1, H:1) respectively. If we set the threshal to 2, then
groups (1) and (s) are considered as loner groups.

5.3 Loner Handling

After the step ofcLUSTERINGHAC, we classify the loners into
the accomplished clusters. As a classification problem, we classify
a loner schemd) into the cluster with the largest probability to
observe it. Formally, given a scher@eof lengthn, we will classify
Q into the clustelC; with the highestPr(Q| M, n).

Some loners may have zero probabilities for all clusters. Equa-
tion 1 shows that when an attributg does not exist in a clustér;,
Pr(A;|M;) = 0. For a schem&) with attributes not in any clus-
ter, all the probabilitiesr (Q| M, n) will be 0 and thus we cannot
decide which cluster to classify it into. To avoid this problem, in
this step, we sePr(A;|M;) to a very small value instead oD if
Aj is not observed il;. In our implementation, we set= 1073,

Example 8: Continue with Example 7, assume after HAC cluster-
ing, the two clusters cannot be merged. We name gras Qs,
Q4, Qs5) asCy and Qs, Q7) asC>. From Section 4.1, we know
multinomial distribution ofC; is (A:0.33,B:0.33,C:0.08,D:0.17,
E:0.08) and ofC; is (C:0.4,F:0.4,G:0.2).

Now we need to classify lone@; andQs into these two clus-
ters. ForQ:, by applying Equation 2, we hav@r(Q1| M1, 1)
0.08 andPr(Q1|Ma2,1) = 0.4. Therefore(: is put into cluster
Cs. Similarly, Qs is also put into cluste€>. The final result of

this clustering isQ2, Qs, Q4, Qs) and Q1, Qs, Q7, Qs). L]
5.4 Time Complexity

We evaluate the time complexity &fiDy,,., for each individ-
ual step. Assume we have schemas in clusters with totally

hierarchy built byMD},.. and evaluate the influence of the loner
thresholdN on the clustering performance.

6.1 Experiment Setup

We collected 494 sources over 8 domains, totally covering 422
attributes (Section 3). For each source, we manually extract at-
tributes from its query interface by extracting noun phrases, and
then judge its corresponding domain. This is our ground truth of
“correct” clustering. The reason we do not apply our work in [32]
for interface extraction is that we want to isolate the clustering pro-
cess to study and thus fairly evaluate the performance.

To measure the result of clustering, we adopt taditional
entropyintroduced in [4]. For a given number of clusters the
value of the conditional entropy is within the range from 09 G,
where 0 denotes the 100% correct clustering,G denotes purely
random clustering resulte., the sources from every single domain
are evenly distributed into all clusters. Thus, the closer the condi-
tional entropy value is to 0, the better the result is.

6.2 Experimental Results

We design three suites of experimerfgst, we compare our ap-
proachMDy,,.. with the three existing approaches: likelihood based
approach (Ky..), entropy based approackR:..) and context
linkage based approachkil(;..) for clustering the sources of 8 do-
mains. For fair comparison, we only replace the similarity measure
of test of model difference (Equation 6) in tke USTERINGHAC
step with the likelihood based measure, entropy based measure and
context linkage based measure. All the rest settings (pre-clustering
and post-classification etc.) stay the same and the loner threshold
N issetto 3.

To make the other measures clear, we briefly list each of them
below. Reference [22] introduces the likelihood based similarity
measure for HAC algorithm as Equation 8. The basic idea is that in
each merging step in HAC, the two clusters generating the maximal
likelihood after merging will be merged.

s(k,l) = L(Cr) + L(Ch) — L(Ccioyi>). (8)

COOLCAT [8] introduces entropy as the objective function, from

m attributes. Also, we assume the longest length of one schemawhere we derive the following similarity measure for HAC algo-

is a constanC. DATAGROUPING can be executed iD(C?n?)

rithm, with the same idea as the derivation of Equation 8 in [22].



MDhac LKhac

AFTAm [BK[Cr{Ht[Jb | Mv | Mr AFTAm [BK[Cr[Ht[Jb | Mv | Mr
Ci| OJI0I| O[O0 2] 4 0 0 Ci| OJ1I00f OO0 278 0 0
C> ] 0 0 [62] 0] 01 9 2 C>2 | 0 0 [62] 0] 01 7 2
Cs |0 0 024100 0 0 Cs| 0 [0] 0| 0356 0] 1
Cys | O 0 0O 0[35]0 0 1 Cy, [0 0 O 0OJO0O[O0O[5 |5
Cs | 0 0 O[O0 0[50 1 0 Cs | 0 2 7100010 2
Ce [ 53] O O[O0 IT]O 0 0 Cs | O 0 O] 0|0 O 7 167
Cr; |0 0 O[O0 O07]O 8 | 67 Cr; 53] 0 O[O0 TITT]O 0 0
Cs | O 1 7100062 7 Cs| O 0 0 [24] 0 [40] O 0

(a) Conditional entropy oMD,,.: 0.32. (b) Conditional entropy ot Kp,,.: 0.42.

EPhac CLhac

AfTTAm [BK[Cr[Ht [ Jb| Mv | Mr AfTTAm [BK[Cr[Ht [ Jb | Mv | Mr
Ci|O0O[I00f OO0 274 0 0 Ci 1341 0 OO0 TT]O 0 0
Cy | O 0O [62] 0O 0] O 5 2 C> 1917 0 O[O0 O07]O 0 0
Cs; [ O 0 0241 0] 0 0] 0 Cs| O]9 710217 1 1
Cy |0 0 0O 0[35] 6 0 1 Cy | O I 1622401 ! 1
Cs | 0 0 O 0OJO0O[O0O[|57]5 Cs | 0 0 0O [ 0[3[21] 0 1
Cs | O 0 O[O0 O] O 8 | 67 Cs | O 0 O 0]JO0O[26] 1 0
Cr [ 53] 0 O[O0 IT]O 0 0 C: |10 9] OO0 OO0 70] 42
Cs | O 2 710104510 2 Cs [ O 2 O 0|00 4132

(c) Conditional entropy oEP..: 0.38. (d) Conditional entropy ofCL;,,.: 0.61.

Figure 10: Comparison of four similarity measures in HAC.

s(k,l) = |Cr|E(Ck) + |CI|E(Ct) — |Ccrys|E(Ccrys). (9)

ROCK [13] introduces context linkage as the similarity measure:

-
7 o+ ) 2@ — IO T
The result in Figure 10 shows the comparison of the four mea- Figure 11: The domain hierarchy built by MDy ..

sures in HAC algorithm. In particular, we present the results as the
numbers of Web sources in each cluster from each domain. For ex-

[,

ample, in Figure 10 (a),01 stands for that there are, in clustér, 09 | Model-Differentiation ——

101 Web sources from automobile domain. We use the abbrevia- Liketiood

tions Af, Am, Bk, Cr, Ht, Jb, Mv and Mr to denote the 8 domains = 0% Context Linkage

Airfares, Automobiles, CarRentals, Hotels, Jobs, Movies and Mu- £ o7

sicRecords respectively. Figure 10 illustrates two results: 1) It is = 06 . §

feasible to address the clustering of structured sources as the clus- s

tering of query schemas. The matrixMD ., LKnqc andEP},4. g2 05

do show correct clustering for most data. The result@f,.) ° oa

is not good perhaps because its similarity measure may not fit the 03

schema data well; 2Y1D,,,. achieves, on clustering Web schemas, '

the best performance (smallest conditional entropy) among all the 02, s B 5
measures. In particular, compared with the second best measure, Loner Threshold N

EPhac, MDrac has better clustering results for Jobs and Movies. Figure 12: The influence of loner thresholdN.

Secondwe show the effectiveness bfD}, .. to build the domain
hierarchy (as Section 1 motivated). After clustering 8 domains, measures (We exclud¥ = 1 becauseV = 1 means no group se-
we continue with th@uiLD HIERARCHY step to build the domain  |ection). The result in Figure 12 shows that the clustering result is
hierarchy in the same way as the HAC clustering. The result in ot affected too much by, whenX is ranged from 2 to 4. When

Figure 11 illustrates that Automobiles and Jobs are merged in the v — 5 the result is worse because of the limited sampling size of
same subtree, MusicRecords, Books and Movies in another sub-g,;r qataset. Settingy to 5 will trim most groups in group selec-

tree, and Airfares, CarRentals and Hotels in a third subtree. This tjon where some insufficiently observed domaieg)( CarRental)
hierarchy is consistent with our observation in the real wairk, ( are entirely trimmed out. Hence, we expect the resulNot= 5
object domains are characterized by their query schemas): Books,yi|| pe good when we have more observations. Putting in other

MusicRecords and Movies are all media and often sold together words, when we have sufficient observations, the settiny ofill
online, and so are Airfares, CarRentals and Hotel reservations. Au- ot affect the result significantly.

tomobiles and Jobs are together because they share many location
information, such asity, state andzip code.

Finally, we design experiments to evaluate the influence of the 7. CONCLUSION
loner thresholdV. In statistics, 5 is the recommended for the ac- This paper studies the problem of organizing structured sources
curacy ofx? hypothesis testing and therefale does not need to on the Web, a task we believe is critical for large-scale integration
be larger than 5. We le¥V range from 2 to 5 and test all the four  of such sources. Motivated by our observations of the deep Web,



we propose to organize sources by their query schemas, and fur-
ther abstract the problem as the clustering of categorical data. We

develop a new model-differentiation objective function for clus-
tering. Guided by theViD objective, we derive a new similarity
measure for the general HAC algorithm. To apply statistical hy-

pothesis testing for clustering, we design pre-clustering and post-

clustering using hyperlink structures. Technical Report
CSE-01-006, Dept. of Computer Science and Engineering,
Pennsylvania State University, 2001.

[18] P. Ipeirotis and L. Gravano. Distributed search over the
hidden-web: Hierarchical database sampling and selection.
In VLDB Conferenceg2002.

classification techniques. Our experiments show the effectiveness|19] A. K. Jain and R. C. Dubeglgorithms for clustering data

of our abstraction— By clustering the query schemas, we can accu-

Prentice-Hall Inc., Englewood Cliffs, NJ, 1988.

rately organize sources into object domains. Also, we show that the [20] A. K. Jain, M. N. Murty, and P. J. Flynn. Data clustering: A

model-differentiation function outperforms existing ones with the
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