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ABSTRACT

To enable information integration, schema matching is a
critical step for discovering semantic correspondences of at-
tributes across heterogeneous sources. As a new attempt,
this paper studies such matching as a data mining prob-
lem. Specifically, while complex matchings are common,
because of their far more complex search space, most exist-
ing techniques focus on simple 1:1 matchings. To tackle this
challenge, this paper takes a conceptually novel approach by
viewing schema matching as correlation mining, for our task
of matching Web query interfaces to integrate the myriad
databases on the Internet. On this “deep Web,” query in-
terfaces generally form complex matchings between attribute
groups (e.g., {author} corresponds to {first name, last name}
in the Books domain). We observe that the co-occurrences
patterns across query interfaces often reveal such complex
semantic relationships: grouping attributes (e.g., {first name,
last name}) tend to be co-present in query interfaces and
thus positively correlated. In contrast, synonym attributes
are negatively correlated because they rarely co-occur. This
insight enables us to discover complex matchings by a cor-
relation mining approach, which consists of dual mining of
positive and negative correlations. We evaluate our ap-
proach on deep Web sources in several object domains (e.g.,
Books and Airfares) and the results show that the correla-
tion mining approach does discover semantically meaningful
matchings among attributes.

1. INTRODUCTION

In the recent years, we have witnessed the rapid growth
of databases on the Web, or the so-called “deep Web.” A
July 2000 survey [3] estimated that 96,000 “search cites”
and 550 billion content pages in this deep Web. Our recent
study [6] in December 2002 estimated between 127,000 to
330,000 deep Web sources. With the virtually unlimited
amount of information sources, the deep Web is clearly an
important frontier for data integration.

Schema matching is fundamental for supporting query medi-
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ation across deep Web sources. On this deep Web, numerous
online databases provide dynamic query-based data access
through their query interfaces, instead of static URL links.
Each query interface accepts queries over its query schemas
(e.g., author, title, subject, ... for amazon.com, as Figure 1(a)
shows). Schema matching (i.e., discovering semantic corre-
spondences of attributes) across Web interfaces is essential
for mediating queries across deep Web sources.

In particular, matching Web interfaces in the same domain
(e.g., Books, Airfares), the focus of this paper, is an im-
portant problem with broad applications. We often need
to search over alternative sources in the same domain such
as purchasing a book (or flight ticket) across many online
book (or airline) sources. Given a set of Web interfaces in
the same domain, this paper solves the problem of discov-
ering matchings among those interfaces. We note that our
input, a set of Web pages with interfaces in the same do-
main, can be either manually [7] or automatically [13, 12]
collected and classified. Also, our recent work addresses the
preceding step of extracting query schemas from Web query
interfaces [22].

On the “deep Web,” query schemas generally form complex
matchings between attribute groups. In contrast to sim-
ple 1:1 matching, complex matching matches a set of m
attributes to another set of n attributes, which is thus also
called m:m matching. We observe that, in query interfaces,
complex matchings do exist and are actually quite frequent.
For instance, in the Books domain, author is a synonym of
the grouping of last name and first name, i.e., {author} =
{first name, last name}; in Airfares domain, {passengers} =
{adults, seniors, children, infants}.

Although 1:1 matching has got great attention [18, 9, 15,
11], m:n matching has not been extensively studied, mainly
due to the much more complex search space of exploring
all possible combinations of attributes (as Section 2 will
discuss). To tackle this challenge, we investigate the co-
occurrence patterns of attributes across sources, to match
schemas holistically. Unlike most schema matching work
which matches two schemas at a time, we match all the
schemas at the same time. This holistic matching provides
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ten co-occur in schemas, while they together rarely co-occur
with author, as Figure 1 illustrates. More generally, we ob-
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(c) bn.com (d) 1bookstreet.com

Figure 1: Examples of “Fragment” Web Query Interfaces.

serve that grouping attributes (i.e., attributes in one group
of a matching e.g., {last name, first name}) tend to be co-
present and thus positively correlated across sources. In con-
trast, synonym attributes (i.e., attribute groups in a match-
ing) are negatively correlated because they rarely co-occur
in schemas.

These dual observations motivate us to develop a correlation
mining view of the schema matching problem. Specifically,
given Web pages containing query interfaces, this paper de-
velops the abstraction of schemas as “transactions” and dis-
covers potential complex matchings by mining positive and
negative correlations. Hence, the algorithm consists of auto-
matic data preparation and correlation mining: First, since
the query schemas in Web interfaces are not readily minable
in HTML format, as preprocessing, the data preparation
step prepares “schema transactions” for mining (Section 5).
Second, the correlation mining step, the main focus of this
paper, discovers potential complex matchings with dual min-
ing of positive and negative correlations (Section 4).

Note that in this paper, we focus on matching, not com-
position. Matching finds the semantic relationship among
source schemas, while composition finds the data translation
between sources [21] and is essentially a query reformulation
problem. For instance, matching discovers {author} = {last
name, first name}, while composition answers how to com-
bine last name and first name to form author and vice versa.
Matching itself is important and challenging for schema in-
tegration. In this paper, we focus on matching and consider
composition as a subsequent task after matching.

To evaluate the matching performance, we test our approach
on manually collected deep Web sources in 4 popular do-
mains: Books, Airfares, Movies and MusicRecords. In par-
ticular, we collected 50 to 80 sources for each domain. The
result shows that our algorithm can find semantically mean-
ingful matchings in every domain (Section 6). Hence, while
this work is preliminary, it seems encouraging and promis-
ing on developing a mining view for the schema matching
problem.

There are several applications of our work: First, while pur-
suing holistic matching, our result can naturally address the
pairwise matching problem. For instance, given the match-
ing {author} = {last name, first name} found by our ap-
proach, we can match {author} in some schema S4 to {last
name, first name} in another schema Sp. Second, our work
is a critical step to construct a global Web interface for each
domain. Specifically, among the synonyms in a matching,
we can pick the most popular one as the representative in
the global interface and use that matching to build the map-
pings from the global interface to local ones.

In summary, this paper builds a conceptually novel connec-
tion between the schema matching problem and the corre-
lation mining approach. On one hand, we consider schema
matching as a new application of correlation mining; on the
other hand, we propose correlation mining as a new approach
for schema matching. In our development, we also observed
several interesting issues that deserve future investigation:
How to analyze and “refine” the mining results to provide
more useful and correct answers to users? How to systemat-
ically choose a better correlation measure? We discuss these
issues in Section 7.

The rest of the paper is organized as follows: Section 2 re-
views the related work. Section 3 presents our motivating
observations of integrating the deep Web. Section 4 devel-
ops the mining algorithms and some other related issues.
Section 5 presents the data preparation step. Section 6 re-
ports our case studies. Section 7 discusses the future work
and Section 8 concludes this paper.

2. RELATED WORK

Schema matching is important for schema integration [2, 19]
and thus has got great attention. However, existing schema
matching works mostly focus on simple 1:1 matching [18, 9,
15] between two schemas. Complex matching has not been
extensively studied, mainly due to the much more complex
search space of exploring all possible combinations of at-
tributes. Consider two schemas with u and v attributes
respectively, while there are only u X v potential 1:1 match-
ings, the number of possible m:n matchings is exponential.
Also, it is still unclear that how to compare the similar-
ity between two groups of attributes. In contrast, this pa-
per proposes to discover complex matchings by holistically
matching all the schemas together. Specifically, we explore
the co-occurrences information across schemas and develop
a correlation mining approach.

Unlike previous correlation mining algorithms, which mainly
focus on finding strong positive correlations [1, 20, 16, 14,
4], our schema matching scenario, as a new application for
correlation mining, cares both positive and negative corre-
lations. In particular, we develop the C,,:, measure based
on our observations of matchings.

Some recent schema matching works, such as the REVERE
proposal [10] and our previous MGS framework [11], also ex-
ploit holistic information. REVERE suggests to separately
construct a schema corpus as a “knowledge base” to as-
sist matching two unseen sources. Our work is different in
that we leverage input schemas themselves as the “corpus”
to match all the sources. Our previous schema matching
work, the MGS framework, also matches Web interfaces by
exploiting holistic information. Although built upon the



same insight, our work is different from MGS in: 1) abstrac-
tion: we abstract schema matching as correlation mining,
while MGS as hidden model discovery by applying statisti-
cal hypothesis testing. The difference in abstraction leads to
fundamentally different approaches. 2) expressiveness: our
work finds m:n matchings, while MGS currently finds 1:1
matchings and it is unclear that how it can be extended to
support m:n matchings.

3. MOTIVATION: FROM MATCHING TO
MINING

As Section 1 briefly introduced, our key insight is on con-
necting matching to mining, which this section further moti-
vates with a concrete example. Consider a typical scenario:
suppose user Amy, who wants to book two flight tickets from
city A to city B, one for her and the other for her 5-year old
child. To get the best deal, she needs to query on various
airfare sources by filling the Web query interfaces. For in-
stance, in united.com, she fills the query interface with from
as city A, to as city B and passengers as 2. For the same
query in flyairnorth.com, she fills with depart as city A, des-
tination as city B, adults as 1, seniors as 0, children as 1 and
infants as 0.

This scenario reveals some critical characteristics of the Web
interfaces in the same domain. First, some attributes may
group together to form a “larger” concept. For instance,
the grouping of adults, seniors, children and infants denotes
the number of passengers. We consider such attributes that
can be grouped as grouping attributes or having grouping
relationship, denoted by putting them within braces (e.g.,
{adults, seniors, children, infants}).

Second, different sources may use different attributes for the
same concept. For instance, from and depart denote the
city to leave from, and to and destination the city to go
to. We consider such semantically equivalent attributes (or
attribute groups) as synonym attributes or having synonym
relationship, denoted by “=” (e.g., {from} = {depart}, {to}
= {destination}).

Grouping attributes and synonym attributes together form
complex matchings. In complex matching, a set of m at-
tributes is matched to another set of n attributes, which is
thus also called m:n matching, (in contrast to the simple 1:1
matching). For instance, {adults, seniors, children, infants}
= {passengers} is a 4:1 matching in the above scenario.

To tackle the complex matching problem, we exploit the co-
occurrence patterns to match schemas holistically and thus
pursue a mining approach. Unlike most schema matching
work which matches two schemas at a time, we match all the
schemas at the same time. This holistic view provides the co-
occurrence information of attributes across many schemas,
which reveals the semantics of complex matchings. (Such
co-occurrence information cannot be observed when schemas
are matched only in pairs.) For instance, we may observe
that adults, seniors, children and infants often co-occur with
each other in schemas, while they together do not co-occur
with passengers. This insight enables us to discover complex
matchings with a correlation mining approach. In partic-
ular, in our application, we need to handle not only posi-
tive correlations, a traditional focus, but also negative ones,

which have rarely been extensively explored or applied.

By matching many schemas together, this holistic matching
naturally discovers a more general type of complex match-
ing — a matching may span across more than two attribute
groups. Still consider the Amy scenario, if she tries a third
airline source, priceline.com, she needs to fill the interface
with departure city as city A, arrival city as city B, number of
tickets as 2. We thus have the matching {adults, seniors, chil-
dren, infants} = {passengers} = {number of tickets}, which
is a 4:1:1 matching. Similarly, we have two 1:1:1 matchings
{from} = {departure city} = {depart} and {to} = {arrival
city} = {destination}. We name this type of matching n-ary
complex matching, which can be viewed as an aggregation
of several binary m:n matchings.

We develop a new approach, correlation mining, to dis-
cover n-ary complex matchings, which consists of two steps:
1) As preprocessing, data preparation (Section 5) prepares
“schema transactions” for mining by extracting and clean-
ing the attribute entities in Web interfaces. 2) As the main
focus of this paper, the correlation mining step (Section 4)
discovers n-ary complex matchings by first finding potential
attribute groups using positive correlations and then poten-
tial complex matchings using negative correlations.

4. COMPLEX MATCHING AS CORRELA-
TION MINING

To transform schema matching into a data mining problem,
we view a schema as a transaction, a conventional abstrac-
tion in association and correlation mining. In data mining,
a transaction is a set of items; correspondingly, in schema
matching, we consider a schema as a set of attribute en-
tities. An attribute entity contains attribute name, type
and domain (i.e., instance values). Before mining, the data
preparation step (Section 5) finds syntactically similar en-
tities among schemas. After that, each attribute entity is
assigned a unique attribute identifier. While the mining is
over the attribute entities, for simplicity of illustration, we
use the attribute name of each entity, after cleaning, as the
attribute identifier. For instance, the schema in Figure 1(c)
is thus, as a transaction of two attribute entities, written as
{title, author}.

Formally, we consider the schema matching problem as: Given
the input as a set of schemas St = {S1, ..., Su} in the same
domain, where each schema S; is a transaction of attribute
identifiers, find all the matchings M = {M, ..., M,}. Fach
M; is an n-ary complex matching G;, = Gj, = ... = Gj,,
where each Gy, is an attribute group and Gj, C Ui, Si.
Semantically, each M; should represent the synonym rela-
tionship of attribute groups Gj, ,..., Gj,, and each G, should
represent the grouping relationship of attributes in G, .

As Section 1 motivated, we develop a correlation mining
algorithm, with respect to the above abstraction. First,
group discovery: We mine positively correlated attributes
to form potential attribute groups. A potential group may
not be eventually useful for matching; only the ones having
synonym relationship (i.e., negative correlation) with other
groups can survive. For instance, if all sources use last name,
first name, and not author, then the potential group {last
name, first name} is not useful because there is no matching



Algorithm: N-ARYSCHEMAMATCHING:
Input: InputSchemas Sz = {51, ..., Su},
Measures myp,my,, Thresholds T}, T,

Output: Potential n-ary complex matchings
begin:
1 /* group discovery */

G «— APRIORICORRMINING(Sz, myp, T)p)
3 /* adding groups into Sz */
4 for each S; € Sz
5 for each G, € G
6 if SiﬂGkiﬂthen Si%SiU{Gk}
7 /* matching discovery */
8 M — APRIORICORRMINING(Sz, M, Th)
9 return M
end

Algorithm: APRIORICORRMINING:
Input: InputSchemas Sz = {S1, ..., Su},
Measures m, Threshold T

Output: Correlated items
begin:
1 X0
V o U:‘:l Si’ Sl €
for all A,, A, € V,p#q
if m(Ap,Aq) > T then X — X U{{4,, Aq}}
[ —2
/* Xi: correlated items with length =1 */
X — X
while X; #
construct X;41 from X; using apriori feature
10 X — XUXj+1
11 Xl — Xl+1
12 return X
end

St
p

O 00O Ut Wi

(a) Algorithm N-ARYSCHEMAMATCHING.

(b) Algorithm APRIORICORRMINING.

Figure 2: Algorithms for Mining Complex Matchings.

(to author) needed. Second, matching discovery: Given the
potential groups (including singleton ones), we mine neg-
atively correlated attribute groups to form potential n-ary
complex matchings.

After group discovery, we need to add the discovered groups
into the input schemas Sz to mine negative correlations
among groups. (A single attribute is viewed as a group
with only one attribute.) Specifically, an attribute group is
added into a schema if that schema contains any attribute
in the group. For instance, if we discover that last name
and first name have grouping relationship, we consider {last
name, first name} as an attribute group, denoted by G,y for
simplicity, and add it to any schema containing either last
name or first name, or both. The intuition is that although
a schema may not contain the entire group, it still partially
covers the concept that the group denotes and thus should
be counted in matching discovery for that concept. Note
that we do not remove singleton groups {last name} and
{first name} when adding Gs, because G;s is only, at this
point, a potential group and may not survive in matching
discovery.

While group discovery works on individual attributes and
matching discovery on attribute groups, they share the same
mining process. We use the term — items — to represent
both attributes and groups in the following discussion of
the mining algorithm.

Correlation mining, at the heart, requires a measure to gauge
correlation of a set of n items; our observation indicates
“clique”-like correlations among these n items. Specifically,
for n groups forming synonyms, any two groups should be
negatively correlated, since they both are synonyms by them-
selves (e.g., in the matching {destination} = {to} = {arrival
city}, negative correlations exist between any two groups).
We have similar observation on the attributes with grouping
relationships. Motivated by these observations, we design
the measure as:

Cmin({A1, ,An},m) = minm(Ai,Aj),Vi 7& j, (1)

where m is some correlation measure for two items (e.g.,
the measures surveyed in [20]). That is, we define Crin as

the minimal value of the pairwise evaluation, thus requiring
all pairs to meet this minimal “strength,” which effectively
enforces the “clique”-like correlation.

Cmin has several advantages: First, it satisfies the “apriori”
feature and thus enables the design of an efficient algorithm.
In correlation mining, the measure should have a desirable
“apriori” property (i.e., downward closure), to develop an ef-
ficient algorithm. C),;, satisfies the “apriori” feature since
given any item set A and its subset A", we have Cpin(A,
m) < Chmin(A*, m) because the minimum of a larger set
cannot be higher than its subset. Second, Cpnin can in-
corporate any pairwise correlation measure m as the basis.
Hence, Crin can accommodate different tasks (e.g., mining
both positive and negative correlations) and be customized
to achieve good mining quality.

Leveraging the “apriori” feature of Ciin, we develop Al-
gorithm APRIORICORRMINING (Figure 2(b)) for discovering
complex matchings, in the spirit of the classic Apriori algo-
rithm for association mining [1]. That is, we generate the
candidates with length [ 4+ 1 based on the correlated items
with length I, and then prune uncorrected candidates by
checking pairwise correlations.

As mentioned earlier, our goal is to develop group discov-
ery for positive correlated attributes and matching discovery
for negatively correlated attribute groups. With Chin, we
can formally define both positively correlated attributes and
negatively correlated attribute groups: A set of attributes
{Ai, ..., An} is positively correlated if Cmin ({41, ..., An},
mp) > Tp, where m, is a measure for positive correlation
and T}, is a given threshold. Similarly, a set of attribute
groups {G1, ..., Gm} is negatively correlated, if Crin({G1,
ey G}, my) > T,, where m, is a measure for negative
correlation and T, is another given threshold.

Algorithm N-ARYSCHEMAMATCHING shows the pseudo code
of the complex matching discovery (Figure 2(a)). Line 2
(group discovery) calls APRIORICORRMINING to mine pos-
itively correlated attributes. Lines 3-6 add the discovered
groups into Sz. Line 8 (matching discovery) calls APRIORI-
CORRMINING to mine negatively correlated attribute groups.
Similar to [1], the time complexity of N-ARYSCHEMAMATCHING



is exponential with respect to the number of attributes. But
in practice, the execution is quite fast since correlations only
exist among semantically related attributes, which are far
less than arbitrary combination of all attributes.

5. DATA PREPARATION

To enable a data mining approach for schema matching, we
develop the abstraction of schemas as transactions. Since
the query schemas in Web interfaces are not readily minable
in HTML format, as preprocessing, data preparation is es-
sential to prepare “schema transactions” for mining. The
data preparation step consists of: 1) Form extraction — ex-
tracting attribute names and domain values (i.e., the values
in the selection list) from query interfaces in Web pages. 2)
Type recognition — recognizing attribute types (e.g., string
type, integer type) from the domain values. These two
steps together complete the preparation of attribute entities,
which Section 4 required as input to the mining process. 3)
Syntactic merging — merging syntactically similar attribute
entities.

The form extraction step reads a Web page with query forms
and extracts attribute names and domain values. For in-
stance, the attribute about title in Figure 1(c) is extracted
as (name = “title of book”, domain = any), where “domain
= any” means any value is possible. This task is itself a chal-
lenging and independent problem. To address this problem,
we developed an effective parsing approach with the assump-
tion of the existence of “hidden syntax” [22]. Note that there
is no data cleaning in this step and thus the attribute names
and domains are raw data.

After form extraction, we perform some standard normaliza-
tion on the extracted names and domains. We first stem at-
tribute names and domain values using the standard Porter
stemming algorithm [17]. Next, we normalize irregular nouns
and verbs (e.g., “children” to “child”) according to the gram-
mar lists in [5]. Last, we remove common stop words by a
manually built stop word list, which contains words com-
mon in English, in Web search (e.g., “search”, “page”), and
in the respective domain of interest (e.g., “book”, “movie”).

We then perform type recognition to identify attribute types.
As Section 5.1 will discuss, type information helps to iden-
tify homonyms (i.e., two attributes may have the same name
but different types) and constrain syntactic merging and
correlation-based matching (i.e., only attributes with com-
patible types can be merged or matched). Since the type
information is not declared in Web interfaces, we develop a
type recognizer to recognize types from domain values.

Finally, we merge attribute entities by measuring the syn-
tactic similarity of attribute names and domain values (e.g.,
we merge “title of book” to “title” by name similarity). It
is a common data cleaning technique to merge syntactically
similar entities by exploring the traditional linguistic ap-
proaches based on textual similarity [18]. Section 5.2 dis-
cusses our merging strategy.

Note that syntactic merging, as one step of the preprocess-
ing, can only find very simple correspondences (i.e., syntac-
tically similar ones). However, many “semantically-related”
(but syntactically-dissimilar) correspondences exist in ev-

date string integer

[month | [ day | [ time | [ any |

Figure 3: The compatibility of types.

ery domain. For instance, consider the matching {actor} =
{star} in Movies. In Web interfaces, both attributes actor
and star are followed by only an input box (i.e., there are no
domain values). Therefore, the syntactic similarities of both
names and domain values cannot discover such matchings.
Similar examples can be found in every domain (e.g., {title}
= {album} in MusicRecords, {author} = {last name, first
name} in Books, {passengers} = {adults, seniors, children, in-
fants} in Airfares). Discovering these “semantically-related”
(but syntactically-dissimilar) matchings, the main focus of
this paper (Section 4), is more important and difficult.

5.1 Type Recognition

While attribute names can distinguish different attribute en-
tities, the names alone sometimes lead to the problem of
homonyms (i.e., the same name with different meanings) —
we address this problem by distinguishing entities by both
names and types. For instance, the attribute name departing
in the Airfares domain may have two meanings: a datetime
type as departing date, or a string type as departing city.
With type recognition, we can recognize that there are two
different types: departing (datetime) and departing (string).
Although they have the same attribute name, they are dis-
tinct attribute entities due to the difference in type.

In general, type information, as a “constraint,” can help
the subsequent steps of syntactic merging and correlation-
based matching. In particular, if the types of two attributes
are not compatible, we do not merge them in the syntactic
merging.

Since type information is not explicitly declared in Web in-
terfaces, we develop a type recognizer to recognize types from
domain values of attribute entities. For example, a list of
integer values denotes an integer type. In the current im-
plementation, type recognition supports the following types:
any, string, integer, float, month, day, date, time and date-
time. (An attribute with only an input box is given an
any type since the input box can accept data with various
types such as string or integer.) Two types are compatible
if one can subsume another (i.e., the is-a relationship). For
instance, date and datetime are compatible since date sub-
sumes datetime. Figure 3 lists the compatibility of all the
types in our implementation.

5.2 Syntactic Merging

We clean the schemas by merging syntactically similar at-
tribute entities, which is a common data cleaning technique
to identify unique entities (e.g., [8]). Specifically, we develop
name-based merging and domain-based merging by measur-
ing the syntactic similarity of attribute names and domains
respectively. We note that such syntactic merging increases
the number of observations (i.e., the frequencies) of attribute
entities, which can improve the effect of correlation evalua-
tion of Section 4.



Name-based Merging: We merge two attribute entities if
they are similar in names. We observe that many attribute
name variations are syntactically similar by sharing the same
“core” terms (e.g., “title” and “title of book” share the term
“title”). Therefore, we consider attribute A, is name-similar
to attribute A4 if A,’s name O Ag’s name (i.e., A, is a
variation of Ay) and A, is more frequently used than A, (i.e.,
Aq is the majority). This frequency-based strategy helps
avoid false positives. For instance, in the Books domain,
last name is not merged to name because last name is more
popular (i.e., frequent) than name and thus we consider them
as different entities.

Domain-based Merging: We then merge two attribute
entities if they are sufficiently similar in domain values. In
particular, we only consider attributes with string type, since
it is unclear how useful it is to measure the domain similarity
of other types. For instance, in the Airfares domain, the in-
teger values of passengers and connections are quite similar,
although they denote different meanings.

We view the domain values of an attribute as a bag of words
and thus the words are repeatable in occurrences. We name
such a bag aggregate values, denoted as V4 for attribute A.
Given a word w, we denote Va(w) as the frequency of w
in V4. The domain similarity of attributes A, and A, is
thus the similarity of Va, and Va4 . In principle, any rea-

sonable similarity function is applicable here. In particular,
VwEVA,NVa, Va, (w)+Va, (w)
VWwEVA,UVa,,Va, (w)+Va, (w)”

we choose sim(A4,, Aq) =

The above three steps, form extraction, type recognition and
syntactic merging, clean the schema data as transactions to
be mined.

6. CASE STUDIES

To evaluate the matching performance, we test our approach
on manually collected and extracted deep Web sources in 4
popular domains: Books, Airfares, Movies and MusicRecords.
We collected those sources using Web directories (e.g., Bright-
Planet.com, Yahoo.com) and search engines (e.g. Google.com).
In particular, for each domain, we collected about 50 to 80
sources.

We assume a perfect form extractor to extract all the at-
tribute names and domain values by manually performing
the form extraction step. We note that the form extraction
techniques develop in [22] can be applied rather effectively
for this purpose; however, we assume perfect extraction to
isolate the mining process to study and thus fairly evaluate
the matching performance. After extracting the raw data,
we do the data cleaning according to the process explained
in Section 5. Then, we run the mining algorithm on the pre-
pared data in each domain. Also, when reporting the results
in this section, we use attribute name and type together as
the attribute identifier for an attribute entity since we in-
corporate type recognition in data preparation to identify
homonyms (Section 5).

We choose Jaccard (i.e., { = %) as the mea-
sures, my and m,, used in Equation 1. In particular, we let
mp = ¢ and m,, = 1 — (. (We choose the popular correla-
tion measure Jaccard, which has some good properties [14]).

As Section 7 will discuss, we plan to take a more system-
atic study on choosing good measures in the future work).
Also, we set the thresholds 7}, to 0.5 for positive correla-
tion mining and T}, to 0.95 for negative correlation mining.
We empirically get these numbers by testing the algorithm
with various thresholds and choose the best one. (As Sec-
tion 7 will discuss, in the future work, we plan to investigate
a more systematic study on choosing appropriate threshold
values.)

Figure 4 illustrates the detailed results of m-ary complex
matchings discovered in the Books domain. The step of
group discovery found 5 likely groups (G1 to G5 in Fig-
ure 4). In particular, the correct semantic grouping of last
name (any) and first name (any) is discovered. The match-
ing discovery found 6 likely complex matchings (M; to Ms
in Figure 4). We can see that M; and Mg are fully cor-
rect matchings, while others are partially correct (i.e., M2
and Ms3) or incorrect (i.e., My and Ms5). As Section 7 will
discuss, we can develop strategies such as removing seman-
tically subsumed or incompatible matchings to select the
correct matchings among all the potential ones.

Figure 5 shows the results on Airfares, Movies and Musi-
cRecords. The third column denotes the correctness of the
matching. In particular, ¥ means a fully correct match-
ing, P a partially correct one and N an incorrect one. Our
mining algorithm does find interesting matchings in every
domain. For instance, in the Airfares domain, we find 6
fully correct matchings, e.g., {from (string), to (string)} =
{departure city (string), arrival city (string)}. Also, {passenger
(integer) } = {adult (integer), child (integer)} is partially cor-
rect because it misses senior (integer) and infant (integer).
Overall, the experiments show that our mining approach,
as the initial step of complex matching, is quite effective in
discovering potential matchings.

7. FUTURE WORK

In this preliminary work of the mining-based approach for
schema matching, while the initial result is promising, we
also observed several further opportunities and open issues
that warrant more investigation.

First, as a statistical approach, correlation mining can dis-
cover nontrivial semantic matchings (beyond the straightfor-
ward syntactic similarities) and, as expected, also false ones
due to the existence of coincidental correlations. Therefore,
to make the mining result “cleaner,” we must further develop
a selection strategy to filter out false matchings and partially
correct ones. To begin with, while there are many match-
ings discovered, not all of them are compatible; therefore, we
can remove the incompatible ones by their “confidences” of
correlation. For instance, consider the discovered matchings
in the Books domain (Figure 4), if M3 is correct, My and
M5 should not be considered as correct due to the violation
of the transitivity of synonym relationship. Specifically, if
M3 and M5 are both correct, because synonym relationship
is transitive, we should also discover matching author (any)
= ISBN (any), which is not listed in our result. Therefore,
Ms is incompatible with Ms. Since Ms has higher confi-
dence to be the correct one, we can remove all the match-
ings incompatible with M3 (i.e., M4 and Ms5). Further, M,
semantically subsumes My and M3, since M2 and Ms both



Step Value of | Resull Cinin
group G G1 = {title (any), ISBN (any), author (any)} 0.79
discovery G> = {ISBN (any), author (any)} 0.79
G'3 = {title (any), author (any)} 0.79

G4 = {title (any), ISBN (any)} 0.74

G5 = {last name (any) first name (any)} 0.55

matching M M;: {author (any)} = {last name (any), first name (any)} [ 0.98
discovery Mj: {author (any)} = {last name (any)} 0.98
Ms: {author (any)} = flrst name (any)} 0.98

My: {first name (any)} = {ISBN (any), author (any)} 0.96

Ms: {first name (any)} = {ISBN (any)} 0.96

Ms: {subject (string)} = {category (string)} 0.96

Figure 4: Running Algorithm N-arySchemaMatching on the Books domain.

Domain

Final Output After Matching Selection

Correct?

Airfares passenger (integer)} =

adult (integer), child (integer)}

passenger (integer)

adult (integer)}

from (string), to (stnng 1 = {departure city (string), arrival city (string)}

from (string)} = {departure city (string), arrival city (string)}

from (string), to (string)} = {departure city (string)}

from (string)} = {departure city (string)}

destination (string)} = {to (string)}

from (string), to (string)} = {arrival city (string)}

from (string)} = {arrival city (string)}

to (string)} = {departure city (string), arrival city (string)}

passenger (integer)} = {child (integer)}

to (string)} = {departure city (string)}

arrival city (string)} = {to (string)}

departure date (datetime)} = {depart (datetime)}

departure date (datetime), return date (datetime)} = {departure (datetime)}

return date (datetime)} = {departure (datetime)}

departure date (datetime)} = {departure (datetime)}

passenger (integer)} = {infant (integer)}

Movies actor (any)} = {star (any)}

genre (string)} = {category (string)}

keyword (any)} = {star (any)}

genre (any)} = {studio (any)}

MusicRecords | {title (any)} = {album (any)}

keyword (any)

song (any), album (any)}

album (any)}

keyword (any) ;
keyword (any)} =

song (any)

jaelav lav B9 o7 law B iaw IS Rav B oo B Rav s s lav RS ES Rae lav o fav Raw

Figure 5: Experimental results for Airfares, Movies and MusicRecords.

are only part of M;. Such semantic subsumption can be
considered as another selection strategy and thus we can re-
move the paretically correct Mz and Ms. Combining these
two strategies, we will only output the correct matchings
M; and Mg. In summary, we need to formalize these ideas
and develop an algorithm that integrates all the selection
strategies.

Second, we plan to pursue more systematic study for choos-
ing appropriate correlation measures and threshold values.
In this paper, we empirically choose the Jaccard measure.
However, Jaccard may not be the best measure. For in-
stance, consider the discovered groups in Books domain (Fig-
ure 4), G1 to G4 do not really have grouping relationships.
They pass the threshold only because their attributes (e.g.,
ISBN, title, author) are highly frequent and thus may co-
occur in most schemas. In general, we believe it is possible
to develop more robust measures to meet to characteristics
of schema attributes (e.g., to avoid the problem of highly
frequent attributes as false groupings). Also, in the experi-
ments, we set the threshold values T, and 73, by empirical
testing. We plan to take a more systematic study to decide
those values (e.g., by evaluating of the influence of different
thresholds on the mining results).

Third, as inherent in statistical methods, our approach han-
dles only frequent attributes with sufficient observations;
to fix this problem, we can integrate other matching tech-
niques into the mining framework. As our survey of the
deep Web [6] observed, the frequent attributes, while small
in number, dominate 80% occurrences (because of the Zipf-
like distribution). Thus, in the sense of the classic 80-20
rule, our technique is appealing in coping with at least the
“vital few,” although it leaves out the “trivial many” (that
are likely unimportant). Further, with more sources, more
attributes will be sufficiently observed and thus handled by
our approach. Finally, we stress that, for large-scale inte-
gration of sources for numerous domains on the Web, auto-
matic techniques like ours (even only for frequent attributes
in each domain) will be imperative, as manual matching
will not scale. In the future work, we will integrate various
techniques [18] for schema matching into our mining frame-
work, to build a comprehensive system for matching Web
interfaces.

Fourth, to validate and refine the matching results, we may
send some trial probings through the Web query interfaces.
For instance, given two online movie sources, one using actor
and the other using star, we can send some sample queries



on these two sources with same values on actor and star. If
they often return overlapping query results, we consider the
matching {actor} = {star} is correct. However, this probing
brings new challenges to solve. In particular, for complex
matchings (e.g.,{author} = {last name, first name}), schema
composition has to be done before probing (e.g., compose
last name and first name into author), which is itself a diffi-
cult problem. Also, it is unclear that how to automatically
collect sample queries for each domain. Last, with current
techniques, it is difficult to accurately compare the query
results in Web pages.

Fifth, we may collect some content data to help the syntac-
tic merging. In this paper, we only focus on the interface
information, because in many settings, such matching must
happen before being able to retrieve the content. However,
besides Web interfaces, there may be some other means to
retrieve the content. For instance, some deep Web sites
provide browsing directory to reach their content (e.g., the
subject directory of books in amazon.com). Therefore, it is
possible to collect some content data through these brows-
ing directories to help the syntactic merging. However, as
discussed above, it is still unclear, with current techniques,
how to efficiently and effectively browse the deep Web and
then extract the content.

8. CONCLUSION

In summary, this paper explores co-occurrence patterns among

attribute to tackle complex matching as a data mining prob-
lem. This exploration is well suited for the integration of
large-scale heterogenous data sources, such as the deep Web.
Specifically, we abstract complex matching as correlation
mining and develop a dual mining algorithm. Our initial
studies show the promise of the correlation mining view of
the schema matching problem.
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