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Abstract. The Web has been rapidly “deepened” with the prevalence of databases on-
line. On this “deep Web,” numerous sourcesstractured providing schema-rich data—

Their schemas define tlbject domairand itsquery capabilitiesThis paper proposes
clustering sources by thequery schemaswhich is critical for enabling botlsource
selectionand query mediationby organizing sources of with similar query capabili-

ties. In abstraction, this problem is essentially clustering categorical data (by viewing
each query schema as a transaction). Our approach hypothesizes that “homogeneous
sources” are characterized by the same hidden generative models for their schemas. To
find clusters governed by such statistical distributions, we propose a novel objective
function, model-differentiationwhich employs principled hypothesis testing to maxi-
mize statistical heterogeneity among clusters. Our evaluation shows that, on clustering
the Web query schemas, the model-differentiation function outperforms existing ones
with the hierarchical agglomerative clustering algorithm.

1 Introduction

Recently, the Web has been rapidly “deepened” with the prevalence of databases online and
thus presents challenges farge-scalenformation integration. On this “deep Web”(database-
backed web sources), numerous online databases provide dygaemebased data access
through theirquery interfacesinstead of static URL links. Our recent survey [1] in December

2002 estimated between 127,000 to 330,000 deep Web sources. The deep Web thus presents
challenges fotarge-scaleinformation integration: While there are myriad useful databases,
how can a usdiind the correct sources amglierythem in a correct way?

While tantalized by the need for effectively accessing the deep Webnsetziguenover
large-scale structured sources has largely remained unexplored. As a first step toward meta-
querying, this paper studies clustering sources by thetry schemas.e., attributes in their
query interfaces. For instance, for the advanced query interfaamagon.conthe query
schema igauthor, ..., publisher}. Specifically, given a set of query schemas representing
structured sources, our task is thus to construdesaarchyof clusters, each representing an
object domain of “structurally-homogeneous” sources.

In abstraction, this problem is essentially clusteroajegorical data We can view a
schema as @ransactionand thus a special type of categorical data. As such data is typically
sparse in a high-dimensional space, conventional clustering based on similarity measures
does not work well. Several recent efforts have thus developedbetive functionse.g.,
context-linkages [2] and entropy [3].

In this paper, we pursue model-based clustering with a new objective function, motivated
by our observations on the query schemas. In particular, we collected a dataset of deep Web



[domain [number of sourcggdomain [number of sources
Airfares 53 Hotels 38
Automobiles 102 Jobs 55
Books 69 Movies 78
CarRentals 24 MusicRecords 75

Fig. 1. Our dataset of sample deep web sources: 494 sources in 8 domains.
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sources using Web directories (e.g., InvisibleWeb.com, BrightPlanet.com) and search engines
(e.g., Google.com). As Figure 1 summarizes, the dataset consists of 494 sources in 8 domains.

First, we observe that query schemasdiseriminativerepresentative of structured sources.
Specifically, we count attribute frequencies for each domain (i.e., the aggregate occurrences
of an attribute across all sources in the same domain). Figure 2 lists the attribute frequen-
cies (y-axis) of 3 domains (Airfares, Movies and Hotels) over all the attributes (x-axis) in
the 8 domains. We observe that each domain contains a dominant range of attributes, distinc-
tive from other domains. For example, Airfares only covers the first 53 attributes and does
not overlap with Movies. Hotels has its dominant range of attributes from index 200 to 250
(while overlapping with Airfares in some of the first 53 attributes).

Second, we observe that the aggregate schema vocabulary of sources in the same domain
tends to converge at a relatively small size with respect to the growth of sources. As detailed
in [1], for each domain, the vocabulary growth rates (i.e., the slopes of these curves) decrease
rapidly with respect to the increase of sources. This observation indicates that homogeneous
sources (in the same domain) share seomcertedvocabulary of attributes.

These two observations together motivate our approach: The “discriminative” observa-
tion suggests using query schemas as “representatives” of sources in their clustering. Fur-
ther, the “concerted” observation leads us to hypothesize the existence of a hidden schema
model (for each domain), which probabilistically generates schemas from a finite vocabulary
of attributes. This hypothesis naturally implisedel-basedlustering: to form clusters ac-
cording to their underlining models. Further, the “discriminative” observation hints a novel
objective functionmodel-differentiatioror MD, which seeks to maximiz&tatistical hetero-
geneityamong clusters. Rather than relying on ad-hoc cluster-similarity measdibegkes
principled statistical hypothesis testing, caltedt of homogeneify], to evaluate if multiple
clusters are generated from homogeneous distributions.

Specifically, we develop AlgorithiviD;,,. for clustering query schemas to build a do-
main hierarchy. First, we develop the statistical model of a clusterraaltnomial distri-
bution of attributes observed in the cluster. Second, we agdépesting for evaluating the
homogeneity among clusters. Third, for hierarchy construction, we use the general hierarchi-
cal agglomerative clustering approach [5—7].

We experimented with about 500 real sources in 8 domains (e.g., Airfares, Automobiles,
Books). Our goals are two-fold: (1) to evaluate the effectiveness of schema-based clustering
for organizing structured sources into domain hierarchies, and (2) to evaluate the performance



of the MD objective by comparing to the existing approaches using context linkages, log-
likelihood, and entropy. The results show effectiveness in both aspects.

2 Related Work

We relate our work to the literature in two aspedsst, in terms of theproblem this pa-

per studies clustering structured sources on the Web. Our goal of clustering sources to fa-
cilitate large-scale integration or “metaquery” has largely been unexplored. On one hand,
for structured sourcedformation integratiorhas mainly assumed relatively small-scaled,
pre-configured systems (e.g., Information Manifold [8], TSIMMIS [9]). On the other hand,
research efforts on large-scale search has mostly focustzkimources [10-12]. Our focus
mixes both of the above: We aim to enalaege-scalemetaquery ovestructureddatabases.

Secondin terms of theechniquesthis paper proposes model-differentiation for cluster-
ing schema data. Clustering of categorical data has recently been more actively studied, e.g.,
STIRR [13], CACTUS [14], ROCK [2], and COOLCAT [3]. STIRR treats clustering as a par-
titioning problem of hypergraph and solves it based on non-linear dynamical systems. CAC-
TUS considers a cluster as a set of pairwise strong connected attributes by measuring attribute
occurrences. ROCK, COOLCAT and this paper are pursuing the same direction of defining
a new similarity measure involving thglobal context(such as properties of a entire clus-
ter) instead of local pairwise measure. ROCK uses context linkages between data points, and
COOLCAT uses entropy of clusters. As an alternative, we develop the model-differentiation
measure, which maximizes the statistical heterogeneity among clusters. Section 4 compares
these related approaches.

Our statistical approach belongs to the general idea of model-based clustering [5, 6]. In
general, such clustering assumes that data is generated from a mixture of distributions, each
of which defines a cluster. This general approach is traditionally not specific to categorical
data— More recently, reference [7] proposes a multivariate multinomial distribution (in which
each feature is an independent multinomial distribution) for categorical data. In comparison,
the model we propose for schema data (or transactional data) is “joint” multinomial, where
all features are from one multinomial distribution (Section 3.1).

All the existing model-based works essentially use likelihood as the objective function
to maximize— In contrast, we propose model differentiation (Section 3.2) by maximizing the
statistical heterogeneity among clusters. In our extended report [15], we show that these two
objective functions arequivalentin assessing the global clustering results. However, they
indeed implydifferentgreedy “local” similarity measures (which Section 3.3 will develop).

Our experiments are also compatible with the likelihood-based HAC clustering.

3 MD-Based Clustering
As motivated in Section 1, we are pursuind/i-based approach to cluster schema data.
In the literature, model-based clustering has been widely discussed. The general idea can be
stated as: The population of interest consist& afifferent clusters, generated ydifferent
models. Given a set of data points (a set of scheas) {x3, ..., Xn }, Where eack; is inde-
pendently generated from one of themodels,M,,...,M¢, the probability of generating;
in the kth model isPr(x;| M}). A clustering ofX is a partition ofX into G groups: denoted
by (X; P) = (C4,...,Cq), whereP partitionsX. The objective of model-based clustering
is to identify the partitionP that all thex; generated from the same modet(e|M;,) are
partitioned into a single group.

To realize this model-based clustering for query schemas, we design a model as a multi-
nomial distribution (Section 3.1) and develop model-differentiation as theobgetive func-
tion of clustering based on statistical hypothesis testing. Specifically, guided by this objective



function, we adopt the commonly used testing (Section 3.2). Unlike the clustering work

in statistics software, which also usé testing, we apply it for categorical data based on

the generative model. Since we are pursuing a hierarchical clustering approach, we apply the
widely used HAC (hierarchial agglomerative clustering) algorithm, which needs a measure
to quantify the “similarity” between two clusters. In particular, we derive a new similarity
measure from th&D objective function for HAC algorithm. (Section 3.3).

3.1 Hypothesis Modeling

To develop theMD-based clustering, we need to define the generative model under one clus-
ter. We first define our model as multinomial distribution. Then we describe how a model
generates a schema in statistical way and further how to generate a cluster of schemas. As
Section 1 introduced, we view a query schema as a set of attributes for a query interface. For
simplicity, in later examples, we denote attributes in letferB,....

As detailed in [15], we adopt theultinoimal modelith the sampling with replace-
ment[4] strategy for modeling the schema data. Specifically, we assume attributes are inde-
pendent each other, which is a commonly used assumption for text data [16]. Thus, a multi-
nomial modelM for some cluster” consists of an exhaustive set 8fmutually exclusive
events (or attributes)y,...,Ay (which covers all the attributes observeddf) with associ-
ated probabilitie,...p, Zj.vzlpj = 1. We denoteM asM = {A;:py,...,Ay:px }. Each
trial of M generates one of th¥ events. The probability of generating an attribAtéom
M in asingle trial is

@)

Under this multinomial model, a schendais characterized by its observed attributes
frequencies. We thus vie® (of lengthn) as@ = {A1:y1,...AN:yr}, Zfil y; = n, Where
y; is the frequency (number of occurrences) of attribdtein Q. That is,@ (of lengthn)
is generated frora\ as the result ofi independent trials with the following probability, by
definition of standard multinoimal distribution [4]:

N . Yi
Pr(Q|M,n) :n!Hw. )
el Yi:

Consider a cluster of schemas = {Q1,Qo,...,Qn}, Where each schem@; (with
lengthn;) is generated by the same model = {A;:p1,...An:pn}. Since each); is a
multinomial experiment ofy; trials, we can viewC as an experiment with " | n; trials by
concatenating the trials in all schemas. That is, we considsia series of sampling from the
same mutinomial distributiotM (i.e., the same;,...py), with all these independent trials.
The theoretical explanation is as follows: Let@l = {A::yj1,....An:yjn}, Whereyy's are
random variables denoting the frequenciesigfshare the same multinomial distributigs
={A1:p1,...,An:pn}. For the entireC, we define new random variables,...zx as aggre-
gate attribute frequencies. Thatis,= Z;”Zl y;i- In [15], we show thak, ..., zn also form
the same multinomial distributia with >~ | n; trials. Therefore, under this multinomial
view, we can expresS as aggregate attribute frequencies, ez {A;:21,....Ax 2N}

More discussion about this multinomial modeling and its comparison with the model in
MGS [17] can be found in our extended report [15].

) Diy di: A= Az
Pr(AM) = {O, otherwise

3.2 Model-Differentiation: A New Objective Function
A clustering must be guided by sorabjective functiorthat specifies the property of the ideal
clusters. Regardless of the objective function, the basic idea of clustering is to put similar data



Al | As | A3 |...| A, |sum
C1 |011 012 013|...| O1n | Xa
C2 | O21| 022|023 |...| O2n | X2

Cm Oml Om2 Om3 Omn Xm
sum| Y1 | Yo | Y3 |...] Yu | S

Fig. 3. Contingency table for testing.

together and dissimilar data apart. For model-based clustering, similar data might be gener-

ated from the same underlying models, while dissimilar data are from different models. Thus,

we achieve better clustering result when the underlying models are more distinguishable.
Therefore, we define the objective function of clustering as some funtfitmat char-

acterizes the heterogeneity of models under a partifiplenoted byH(X; P). The goal

of clustering is to find the partitio® maximizing function, i.e., arg max, H(X; P). In

statistics, the homogeneity of distributions can be measuréekbpf homogeneitysing sta-

tistical hypothesis testing. More specifically, if we have a partition funcBgrartitioningX

into clustersCy(1 < k < (), we can test the hypothesi€;(1 < k < @) are generated

by same distribution” with standard testing approaches. The result of testing is a probabilistic

variable) to indicate the confidence that we accept the hypothesis. Thus the heterogeneity of

models isl — A. Formally, theMD-based clustering is to find

arg max H(X; P) = arg max H(C4, ..., Cq)
P P
= argmax{l — A(C1,...,Cq)}
P
= argmin A\(Cy, ...,Cg), 3)
P

where)(C1, ..., Cq) is the hypothesis testing on a partiti®hwith G clusters.

Specifically, given a partitio®® on the observed daf¥, we applyx? hypothesis testing
to compute\(C1, ..., Cg). In statisticsx? testing can be used to test the homogeneity among
multiple clusters with multinomial distributions by constructingomtingency tableSince we
show that a cluster of schemas is also from a multinomial distribution, we can directly apply
the test of homogeneity by fitting the attribute frequencies in the cluster into the contingency
table, which reflects the fact that our modeling simplifies the testing.

Formally, assume there are clustersCy, ..., C,,, and each of them is generated from
its own multinomial distribution (Section 3.1). There ardlifferent attributes altogether,
denoted byA,, ..., A,,. Figure 3 is the contingency table to show this set of data. In particular,
0;; stands for the attribute frequency 4f in clusterC;. X; is the sum of all theD;; in ith
row andY; is the sum of all theD;; in jth column. That is,X; = >°7_, O;; andY; =
> iz1 045 S'is the sum of alD;; in the table. ThusS = 7" | X; = 37, ¥;. We want to

test the hypothesisij,1 < j < n,pj1 =pjo = ... = Pjm = % wherep;; is the probability
of observing attributed; in C;. This hypothesis is tested by considering the random variable
2 e (03 — X x )P
D*(Ch,..,C) = > > | 2. (4)
i=1 j=1 Xy <

It can be shown thab? has asymptotically & distribution with(n—1)(m—1) degree of
freedom, denoted byf [18]. Note that we have to use both the value®3fanddf to decide
how similar them clusters areD? value itself is not a valid indicator for the similarity of
clusters without being qualified the degree of freedom. Therefore we need to translate these



Require: SchemaSeK, ObjectiveFunctior?, NumberOfClusterss
. I* Form a list of initial V' clusters */
L Ck =Xk 1<k < V)
: I* Derive similarity measure */
. s = a similarity measure derived frotA
: I* HAC main framework */
for K=V,V —1,..Gdo
[* Compute pairwise similarities */
k™, 1" =argmin, ; H(Ck, C1), (1 < k <1 < K)
[* Merge the most similar two clusters*/
Ccpr x> = MERGE(C+, Ci+)
: end for

FEboo~Noasrwne

Fig. 4. HAC algorithmMDp ..

two values into a single similarity measure. In statistics, we can compute-traue given
D? anddf, denoted byPV (D?, df ). The P-value is the probability valug in Equation 3,
indicating the confidence that we accept the hypothesis that ttlasters are generated from
the same distribution. The objective functibhis then

H(CY,...,Cq) = 1 — PV(D? df). 5)

The computation of’-value is expensive and requires numerical integration. Therefore,
in practice, we develop an alternative meastte by applying a normalized? value. In
particular, to make thé? values of different degrees of freedom (resulted from different
clusters) comparable, we use th¥ values with a commonly adopted significance level
0.5% as the normalization factors, denotedBy(df) with different degrees of freedom. We
considerH as the ratio between the computBd value and theD? with the sameif:

. 2
H(C, ...,Cq) = D2D(df)' (6)

3.3 HAC Algorithm And MD-Based Similarity Measure

For constructing domain hierarchy, we adopt the general HAC clustering approach, which
is widely used for data clustering [19]. Figure 4 illustrates the general HAC framework [7]. In
HAC, we need to measure the similarity of clusters. That is, given a set of cluStersC'y,
we compute all the pairwise valuesk, ), wheres is a similarity function derived from
the objective function of clustering. The criterion of defining similarity functih, [) is to
maximize the objective function in each step. The two clusters with the sma(les) are
merged in each iteration. The algorithm stops when ther&arieisters left.

Specifically, for theMD-based clustering, we derivék, ) from H(X; P) (defined in
Section 3.2) as follows: In each iteration of HAC, we merge the clusters with the sntdllest
value (i.e., the most similar two models) and therefore we defihg) to be

For the space limitation, we illustratdDy,,,. in more details in the extended report [15].
4 Experiments

To evaluate thevD,;,,. algorithm, we test it with 8 domains of sources we collected on the
deep Web. We totally collected 494 sources, covering 422 attributes. For each source, we
manually extract attributes from its query interface and then judge its corresponding domain.
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Af|Am|BK|Cr|Ht|Jb|Mv |Mr Af |Am|BK|Cr|Ht| Jb|Mv|Mr
C1/0(1040(0|2|4|{0 |0 Ci1/0|100 0(0(2|4|{ 0|0
C2|0| 0|62/0/0|1|9]|2 C3|0| 0(62/0(0|0|5]|2
C3/0|/ 0|0(240|0{0]|0 C3/0| 0|0(24/0|{0| 0|0
Cy/0|0]|0(0|350(|0|1 Cy/0/0|0[|0(356|0]1
Cs/|0| 0|0[|0|0|50[ 1|0 Cs{0/ 0]|0[|0(|0|0|57|5
Cs|53/ 0|0(0|1|0|0|O Cs|0| 0|0|0|0|O]| 8|67
C-/|0/0|0|0|0|0O]| 8|67 C-/53/ 0|0|0(1|0|0O|O
Cg|0|1|7]0/0/0|62|7 Cg|0| 2|7(0(0|45 10| 2

(a) Conditional entropy oMDy,,.: 0.32. (b) Conditional entropy oEP,.: 0.38.

Fig. 5. Comparison of different measures in HAC.

Fig. 6. Domain hierarchy built byMDy, ..

This is our ground truth of “correct” clustering. In the experiment, we compare the automatic
algorithms with our ground truth, to evaluate the accuracy of clustering.

We compare our MD-based approach with likelihood [7], entropy (COOLCAT) [3] and
context linkage (ROCK) [2] based approaches using HAC algorithm. Also, we show the
domain hierarchy built byY1Dy,,,..

To measure the result of clustering, we adoptdabrditional entropyintroduced in [20].

For a given number of cluste€s, the value of the conditional entropy is within the range from
0 tolog G, where 0 denotes the 100% correct clustering,G denotes the totally messing
up result. Thus, the closer the conditional entropy value is to O, the better the result is.

First, we comparevD,,,,. with the three existing approaches: likelihood based approach
(LKpae), entropy based approacBR},..) and context linkage based approa€h f,.) for
clustering the sources of 8 domains. Figure 5 shows the comparison result. Due to the space
limitation, we only show the best two measurbt);,,. andEP;,.. (Complete comparison
can be found at [15]). We use the abbreviations Af, Am, Bk, Cr, Ht, Jb, Mv and Mr to denote
the 8 domains Airfares, Automobiles, CarRentals, Hotels, Jobs, Movies and MusicRecords
respectively. The results show that: 1) It is feasible to address the clustering of structured
sources as the clustering of query schemas. The mathdXf,., LK}, andEP},,. do show
correct clustering for most data. The resul(tf;, .. is not good perhaps because its measure
may not fit the schema data well; R)D;,. achieves the best performance among the four
measures on clustering web schemas. In particular, compared with the second best measure,
EP} e, MDy. have better results for Jobs and Movies.

Secondwe show the effectiveness MD,,. to build the domain hierarchy. After clus-
tering 8 domains, we continue to build the domain hierarchy in the same way as the HAC
approach. The result in Figure 6 illustrates that Automobiles and Jobs are merged in the same
subtree, MusicRecords, Books and Movies in another subtree, and Airfares, CarRentals and
Hotels in a third subtree. This hierarchy is consistent with our observation in the real world.
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Conclusion

This paper studies the clustering of deep Web sources. Motivated by our observations, we
propose to cluster sources by their query schemas and develop a new model-differentiation
objective function for clustering. Guided by tih&D objective, we develop a new similarity
measure for the HAC algorithm. Our experiments show the effectiveness of our approach by
comparison with some related existing techniques.
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