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Abstract

Integration of multiple heterogeneous data sources continues to be a critical problem for
many application domains and a challenge for researchers world-wide. With the increasing
popularity of the XML model and the proliferation of XML documents on-line, automated
matching of XML documents and databases has become a critical issue. In this paper,
we present a hybrid schema match algorithm,QMatch, that provides a unique path-based
framework for harnessing traditional structural and semantic information, while exploiting
the constraints inherent in XML documents such as the order of XML elements, to provide
improved levels of matching between two given XML schemata.QMatch is based on the
measurement of a unique quality of match metric, QoM, and a set of classifiers which
together provide not only an effective basis for the development of a new schema match
algorithm, but also a useful tool for tuning existing schemamatch algorithms to output at
desired levels of matching. In this paper, we show via a set ofexperiments the benefits of
the path-basedQMatchover existing structural, linguistic, and hybrid algorithms such as
Cupid, and provide an empirical measure of the accuracy ofQMatch in terms of the true
matches discovered by the algorithm.

Key words: Schema Matching, Schema Integration, Hybrid Schema Matching, XML
Schema Matching

1 Introduction

Integration of heterogeneous data sources continues to be acritical problem for
many domains. This is especially true in the life and physical sciences domain,
where protein scientists in this post genomics age expect tocompliment their bench-
top research with computer-based discoveries. Today thereare several hundred
large protein databases, albeit each with distinct aims, shapes and usages, that
are available for online searching. For example, some primary resources contain
only data gathered on one specific organism (GDB [GDB] on the Human Genome
Project), others collect data on all biologically interesting concepts (SWISS-PROT
[BA99] on proteins for all organisms), while still others focus on storing literature
(PubMed [Pub] on scientific documents).
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However, while there is this broad spectrum of information that is accessible over
the Web, each data source comes with its own concepts, semantics, data formats,
and access methods. Currently the burden falls on the scientist to manually (via pro-
grams) convert between the data formats, resolve conflicts,integrate data, and inter-
pret results in order to make use of this information. Given the increasing number of
protein data sources currently on-line (somewhere between500 and 1000 [BK02]),
such a manual approach is inevitably tedious, error-prone and consequently obso-
lete, leaving data under-exploited and under-utilized. Surveys have shown that due
to the burden of manual integration, more often than not scientists use and limit
their search for information to a select few (three to five outof a possible 500 or
more) data sources [BK02].
While schema integration is a not a new problem, the dauntingneed for integra-
tion in domains such as the life sciences has sparked renewedinterest in the field
[DLD+04,HC03,KN03,MBR01,DR02]. Many schema match algorithms
[DLD+04,HC03,KN03,BM01,BHP94,BCVB01,HMN+99a,MBR01,DR02,NJ02]-
have been proposed in literature to address the problem of schema integration.
These algorithms typically rely on two primary factors to detect similarities be-
tween the schema entities: thelabel and thestructureof the involved entities. Inte-
gration systems [BCVB01,HMN+99a,MBR01,DR02,DLD+04,HC03,KN03] gen-
erally provide either individual algorithms based on thesetwo criteria, i.e., linguis-
tic or structural matching, or some combination of the two [MBR01,HMN+99b].
For example, Neirman et. al [NJ02] have proposed a structure-based similarity al-
gorithm that determines a match between XML documents basedon the edit dis-
tance for the rooted XML trees. Madhavan et al., on the other hand, have proposed
Cupid [MBR01] that combines linguistic and structural matching to establish corre-
spondences between the schema entities. Some recent approaches [ADH01,LC94]
have moved to knowledge-based matching, neural networks and machine learning
in an effort to improve the overall matching.
Inspite of the activity in this area, schema integration remains a challenging prob-
lem. In this paper, we now proposeQMatch– a hybrid schema match algorithm that
relies on the semantic and structural information encapsulated in an XML Schema.
The uniqueness ofQMatchlies in its treatment of the XML schema trees and their
subsequent examination to determine correspondences. Many of the schema match
algorithms proposed to date treat XML schemata as a graph structure – a node with
children and a structure with leaf and non-leaf nodes. Consequently, the match-
ing of XML schemata often relies on a top-down or bottom-up examination of the
XML structure, limiting in many cases the discovery of matches at different lev-
els of the tree, such as a match between a non-leaf node in one tree with the root
node of the second tree. InQMatch, an XML schema tree is synonymous with a
collection of paths – a node is defined by the paths that emanate from it and a tree
is a collection of paths that stem from the root node. This hastwo advantages: (1) a
match between two paths can be defined as long as there are somematching nodes
along the paths. For example, a pathauthor – name – firstName matches the
pathname – firstName as the two paths have two matching nodes; and (2) a
match between two nodes can be defined irrespective of where they occur in the
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tree as long as there is at least a partial match between theirpaths. For example,
an intermediate node in one tree can match the root node of another tree if their
paths match at least partially. In general, based on this path matchingQMatchcan
discover matches between leaf nodes, leaf and non-leaf nodes and non-leaf nodes
irrespective of the levels at which they exist.
A key contribution of this paper, beyond the actualQMatchalgorithm, is a well-
defined classification of matches between two XML trees, together with a cost
model that provides a quantitative metric for these classifications. In particular,
we define a set ofclassifiersfor categorizing the match between labels, property
sets, path lengths and path coverage. TheQMatch algorithm, defined on top of
theseclassifiers, combines semantic and structural information inherent inthe la-
bels, property sets, path lengths and path coverage, to determine the match between
two XML schema trees. Specifically, as part of theQMatchalgorithm we have de-
velopedLabel Match, a linguistic algorithm for semantic matching of labels,Prop-
erty Match, an algorithm for matching the different properties definedfor an XML
Schema including order constraints, occurrence constraints, types, and uniqueness
constraints, as well as algorithms for determining path length differentials and path
coverage. We present experimental results that (1) aid the tuning of theQMatch
algorithm to enable optimal performance, in terms of algorithm precision; and (2)
evaluate the performance, in terms of precision, of theQMatchalgorithm. In par-
ticular, we compare theQMatchalgorithm to structural and linguistic algorithms,
as well as the Cupid algorithm proposed by Madhavan et al. [MBR01].
RoadMap: The rest of the paper is organized as follows. In Section 2 we present
the set of classifiers that are the basis of theQMatchalgorithm. Section 3 shows
how the classifiers can be used to determine a match between leaf nodes, leaf and
non-leaf nodes, and non-leaf nodes. Section 4 defines the quantitative model that
corresponds to the classifiers. In Section 5 we introduceQMatch- our hybrid match
algorithm together withLabel Match, the linguistic algorithm, andProperty Match,
the algorithm for matching the different properties definedfor XML schemata. We
present our experimental setup and methodology, as well as our results in Section 6.
We conclude in Section 7.

2 Quality of Match - The Match Classification

The information content of an XML Schema is defined by thelabel and theprop-
erty set of its individual elements, and by the structural information encapsulated
in the pathsthat stem from each individual node. This information provides the
foundation for an effective comparison between two XML Schemas, and hence for
categorizing the information content overlap of the two schemata. In this section,
we define a Quality of Match metric, a qualitative measure of the “goodness” of
a match, to categorize the degree of match between two schemaelements based
on the pure semantic content as defined by their labels and property sets, and the
semantic and structural information contained in their paths.
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Fig. 1. ThePerson Schemas - Repre-
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Fig. 2. TheAddress Schemas – Repre-
sented as a Tree.

2.1 The Qualitative Base Classifiers

We prescribe four base classifiers –exact, relaxed, total andpartial – to categorize
the quality of match based on the information contained in the labels, property sets
and the paths.Exact and relaxed represent the qualitative base classifiers, while
total andpartial are coverage classifiers.

Qualitative Base Classifiers: Exact and Relaxed Match. The qualitative clas-
sifiers,ExactandRelaxed, categorize the similarity between labels, property sets
and the paths of two given elements. Two labels areexactif there is an exact string
match, a synonym match or an ontology based match. The match is considered
relaxedif there is a hypernym match, acronym, or a partial multi-word match ob-
tained via a linguistic match algorithm [MBR01,DR02,BM01,BHP94,HMN+99a]
between the two labels.
Example 1 The labelperson in Figure 1(a) is an exact match of the labelperson
in Figure 1(b) as determined by a string comparison. On the other hand, the label
lastName in Figure 1(a) and the labellName in Figure 1(b) have a relaxed
match aslName is an abbreviated form oflastName.
Two property sets areexactif for all properties in one property set (from one ele-
ment) the value of the property is identical to the value of the same property in the
second property set (from second element). The match between two property sets
is relaxedif (1) the value of one or more properties in one element is different from
the corresponding property value in the second element. A full list of properties
and conditions for classifying a property match asrelaxedare given in [Heg04]; or
(2) a property defined in one property set does not occur in theother property set.
Example 2 The property set of the elementlastName in Figure 1(a) defines two
properties:order = 2, andminOccurs = 1. The values of all properties of this
property set are identical to the values of the properties inthe property set for the
elementlName shown in Figure 1(b). The match between these two property sets
is said to beexact. On the other hand, as shown in Figure 1, the property set of the
elementfName in Figure 1(a) differs from the property set of the elementfName in
Figure 1(b) –minOccurs= 1 in Figure 1(a) andminOccurs= 0 in Figure 1(b)
– resulting in arelaxedproperty set match.
Lastly, two path lengths are classified asexactif the path length of both paths is
identical, andrelaxedotherwise.
Example 3 The pathperson–fName in Figure 1(a) and the pathperson–
fName in Figure 1(b) have anexactpath length as the length of the two paths is
identical (path length= 1). On the other hand, the lengths of the pathsaddress–
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home–city andaddress–city given in Figure 2 (a) and (b) respectively have
a relaxedmatch as they differ in their lengths.

Coverage Base Classifiers: Total and Partial Match. The coverage classifiers,
Total andPartial, categorize the coverage of the paths emanating from two given
elements. The coverage of two elements is said to betotal if all paths of the source
element have a match1 with some path stemming from the target element. On the
other hand, the match ispartial if some but not all paths of the source element have
a match with some paths of the target element.
Example 4 Theperson element in Figure 1(a) has atotal path coverage when
compared to theperson element given in Figure 1(b). Here both elements have
two outgoing paths. The path coverage between the nodesaddress in Figure 2(a)
andaddress in Figure 2(b) is also considered to betotal – the two paths:add-
ress–home–street, address–home–city in Figure 2(a) correspond to the
two pathsaddress–street andaddress–city in Figure 2(b). The path cov-
erage between the nodesaddress in Figure 2(a) andaddress in Figure 2(c) is,
however,partial– address in Figure 2(a) has two paths compared to the single
path emanating from the nodeaddress in Figure 2(c).

2.2 The Complex Classifiers

The base classifiers provide the foundation for ranking the quality of match at the
level of individual elements in an XML schema. These base classifiers can be com-
bined together to provide an overall ranking of the correspondence between a graph
(tree) of elements that collectively represent an XML schema. For this we now de-
fine two complex classifiers,Path MatchandTree Match.

Path Match Classifier. Paths are fundamental to XML documents, and hence
XML schemata, and correspond to a set of linked nodes traversed from the root
node to a specified node, typically a leaf node. We now define a complex classifier,
path match, for ranking the match between two given paths. Thepath matchis
rankedexactif (1) the path length of both paths is identical; and (2) the labels and
the property sets of all nodes along the first path are identical to the labels and
property sets of the nodes along the second path. The match between the two paths
is relaxedif one or both of the above conditions do not hold.
Example 5 The pathperson–fName in Figure 1(a) is inexactmatch with the
pathperson–fName in Figure 1(b) as (1) the length of the two paths is the same
(path length= 1); and (2) the labels and the property sets of the nodesperson
andfName in Figure 1(a) match exactly those in Figure 1(b). Consider the paths
address–home–city andaddress–city given in Figure 2 (a) and (b) re-
spectively. These paths have arelaxedmatch as they differ in their path lengths.
The pathsperson–lastName, andperson–lName, given in Figure 1(a) and

1 The formal definition of a path match is given in Section 2.2.
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(b) respectively, also have arelaxedmatch – these paths have the same path length
but have a relaxed label match for one of their nodes (lastName andlName).

Tree Match Classifier. The tree match classifiercategorizes the match between
two XML trees 2 . The match between two trees, or rather between the two root
nodes is categorized using a combination of all previously defined classifiers, base
and path classifiers, and is based on (1) the coverage – the number of path matches;
and (2) the quality of match between the different source andtarget paths.
As described in Section 2.1, path coverage is classified as either total or partial
– path coverage istotal if all paths of the source node have a match with some
path of target node, andpartial otherwise. The match between the different paths
themselves is defined by thepath matchand is categorized asexactor relaxedas
described in Section 2.2. Combining these two criteria, we define four classifica-
tions for atree match: total exact, total relaxed, partial exactandpartial relaxed. A
match istotal exactif all paths of the source element have anexactmatch to some
path emanating from the target element. A match istotal relaxedif all paths of the
source element match some paths of the target element, but one or more of these
matches isrelaxed. Thepartial exactandpartial relaxedcan be defined similarly
for cases when some paths of the source element have a match inthe target element.
Example 6 Consider the two schema trees shown in Figure 2(a) and (b), rooted at
the nodesaddress andaddress respectively. A tree match between these two
trees is classified based on (1) the number of path matches; and (2) the quality of
the path matches. There are two paths that stem from each of the roots – leading
to a total coverage between the trees. The pathsaddress–home–street and
address–home–city in Figure 2(a), however, have only arelaxedmatch with
the pathsaddress–street andaddress–city in Figure 2(b), as their path
lengths differ. Based on these factors, thetree matchbetween the two schemata is
classified astotal relaxed.

3 Case Study: Categorizing the Matches

Information in an XML Schema can be structured in many different ways. Fig-
ure 3 depicts a sample set of schemata that semantically capture the same infor-
mation, albeit in a different structure.Schema 1 stores theaddress as a string,
Schema 2 stores the sameaddress by breaking it down intostreet, and
city, Schema 3 decomposes theaddress into home which is further broken
down intostreet andcity, and lastlySchema 4 stores the address as a single
string in the element labeledhomeAddress. Establishment of accurate and com-
plete correspondences between these structurally different but semantically similar
XML schemata requires a match algorithm that is able to discover matches at the
simplest level between twoleaf nodes, to matches between aleaf 3 and anon-leaf

2 We do not make any distinction between a tree and a sub-tree.
3 A leaf node implies an XML element with no subelements or attributes, while anon-leaf
node implies an element with subelements and/or attributes.
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Fig. 3. TheAddress Schemas: Representing Semantically Equivalent Information using
Structurally Different Schemas.

PO


orderNo
 purchaseInfo


billingAddr
shipTo


purchaseDate


lines


item
 quantity
 unitOfMeasure


PurchaseOrder


orderNo


billTo
shipTo


date


items


item
 qty
 uom


street
 city

street
 city


Fig. 4. ThePO andPurchaseOrderSchemas.

node, to the complex scenario of matching anon-leafnode to anon-leafnode.
In this section we show how the match classifiers defined in Section 2 are sufficient
to adequately rank a significant number of correspondence types between two given
XML schemata. In particular, we consider four key types of correspondences –leaf
to leaf, leaf to non-leaf, non-leaf to non-leaf, andnon-leaf to leaf – and show how
the QoM classifiers can be used to rank their match.

Leaf:Leaf Match. In an XML Schema, a basic element declaration provides the
label of the element and the set of properties associated with it. This basic declara-
tion holds for both simple elements and attributes, as well as constrained elements
such asrestriction elements. While, in of themselves leaf elements provide
basic semantic information: the label and the set of properties, they can be regarded
aspathswith a length of zero.Path matchcan thus be applied to classify the corre-
spondence between two leaf nodes – two paths with path length= 0.
The quality of match (QoM) of two leaf elements,E1 andE2 is rankedexact(E1

= E2), if the label and set of properties of both leaf elements match exactly as
specified in Section 2. The QoM is classified asrelaxed, if either the label or the
property set of elementE1 have a relaxed match with the label and the property
set ofE2 respectively. In both cases, the path length match for leaf nodes is ranked
exact as their path length= 0.
Example 7 The match between the two leaf elementsorderNo of PO schema
and the elementorderNo of PurchaseOrder shown in Figure 4, isexactas
their labels and property sets match exactly. On the other hand, the match be-
tween the leaf elementsunitOfMeasure in PO schema, and the elementuom
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in PurchaseOrder (Figure 4), isrelaxedas the labeluom is an acronym for
unitOfMeasure. While in this example, the relaxed match is caused by the re-
laxed label match, an overall relaxed match can also occur asa result of a relaxed
property set match. The path length in all cases is anexactmatch.

Leaf:Non-Leaf Match. Correspondences can also be established based on se-
mantic information between a leaf element in one schema and anon-leaf element
in another schema. In such a case, thepath matchcan be used to compare the ele-
ments (leaf and non-leaf), and rank their QoM based on their labels, property sets,
and paths. However, there is always a path differential in comparing a leaf to a
non-leaf node – the path length of the leaf is 0, while the pathlength of the non-leaf
element is by definition a non-zero value. As a result, the path match between a leaf
and a non-leaf element is maximally ranked atrelaxed, irrespective of the match
rankings contributed by the label and property sets.
Example 8 Based on the label of the nodes, there is a match between the leaf node
shipTo in thePO schema and the non-leaf elementshipTo ofPurchaseOrder
schema (see Figure 4). While there is an exact label and property set match between
these two nodes, the correspondence between them is ranked as relaxeddue to the
structural difference (lack of paths in the source element)between the two nodes.

Non-Leaf:Non-Leaf Match. Next, we examine and rank the match between two
intermediate or root nodes, that is between two non-leaf nodes. The match between
two non-leaf nodes can be categorized by directly applying thetree matchdescribed
in Section 2. That is the match can be ranked based on (1) the coverage – the number
of path matches; and (2) quality of match between different source and target paths.
Example 9 Consider the sub-trees rooted at the nodeslines in thePO schema
and the nodeitems in thePurchase Order schema shown in Figure 4. The
path coverage here istotal as both nodes have 3 outgoing paths. The path match
between the pathslines–item anditems–item is relaxedas there is a relaxed
(label) match between the nodeslines anditems. By the same token, there is a
relaxedmatch between the other paths, resulting in atotal relaxed tree match.
The tree matchdoes not restrict the comparison of non-leaf nodes to any par-
ticular level of the tree or to the same level in both trees. Itis entirely possi-
ble that an intermediate, non-leaf node in one schema tree has a potential cor-
respondence to the root node of the second schema tree. Consider once again
the schemas shown in Figure 4. The best correspondence for the tree rooted at
purchaseInfo in schemaPO is obtained by applying the tree match between
the nodepurchaseInfo and thePurchaseOrder node in Figure 4. The path
coverage for the nodepurchaseInfo is total as all paths ofpurchaseInfo
have a match with some paths ofPurchaseOrder. All paths, however, have a
relaxedmatch, resulting in an overall tree match oftotal relaxed.

Non-Leaf:Leaf Match. Correspondences can also be established between a non-
leaf element in one schema and a leaf element in another schema. This represents
a special case oftree match. The tree match, in this case, is maximally ranked at
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partial relaxedas (1) none of the outgoing paths of the source node are covered
by definition in the target node, resulting in apartial ranking; and (2) thepath
matchfor each source path is ranked asrelaxeddue to the inherent path differential
between the source paths and the singular leaf node at the target.
Example 10 Consider the comparison of the non-leaf nodeshipTo in thePur-
chaseOrder schema to the nodeshipTo in thePO schema shown in Figure 4.
Here the coverage ispartial– the source node has 2 paths compared to the 0 paths
in the target. The pathsshipTo–street, shipTo–city are compared to the
singular nodeshipTo in thePO schema – clearly arelaxedmatch at best. The
total match between the twoshipTo nodes is hencepartial relaxed.

4 Computing the Classifiers – The Classifier Match Model

The base and complex classifiers described in Section 2 are the foundation of
QMatch, a hybrid schema match algorithm designed to identify and rank the four
types of matches (leaf:leaf, leaf:non-leaf, non-leaf:non-leaf, and non-leaf:leaf) de-
scribed in Section 3. In this section, we describe the computation of the qualitative
base classifiers for label, property set and path length, thecoverage base classifier
for path coverage, as well as the complex classifiers for pathand tree, with the tree
match classifier representing the overallQMatchalgorithm.

4.1 Qualitative Base Classifier: Label Match

A label, typically representative of natural language, canbe classified as either (i)
an atomic label - composed of a single word; or (ii) a composite label - composed of
multiple words, where the start of each word is distinguished generally by punctua-
tions (for example,purchase-order), case distinction (for example,purchaseOrder),
or numeric digits (for example,street1). Typically, no restrictions are applied on the
words themselves – they can be a fully-defined dictionary word, an abbreviation,
an acronym, or a substring. For example,qty is an abbreviation ofquantity; uoman
acronym ofunitOfMeasure; andaddra substring ofaddress.
The qualitative base classifier for two given labels,Ls andLt, is determined as
follows. The two given labels are first parsed into tokens. The similarity between
the source and target tokens is then measured using existinglinguistic similarity
measures such as lin [Lin98], path and wup [WP94]. Finally, the QoM for the base
qualifier, QoML, for the two labelsLs andLt is computed as the average of the best
similarity measure for each source token with a target token. Formally,QoML is
given as:

QoML(Ls, Lt) =

∑
ts∈Ls

[maxtt∈Lt
lingMatch(ts, tt)] +

∑
tt∈Lt

[maxts∈Ls
lingMatch(tt, ts)]

|Ls| + |Lt|
(1)

wherets is a source token of the source labelLs, lingMatch is the linguistic sim-
ilarity measure (lin [Lin98], path, or wup [WP94]) for a pairof tokens,|Ls| is the
number of source tokens for the source label. The variablestt, Lt and|Lt| are sim-
ilarly defined for the target tokens.
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4.2 Qualitative Base Classifier: Property Match

Simple and complex type definitions in XML Schemas allow for the declaration
of associated properties such as type, occurrence constraints, and annotations as
part of the element definition. We formally represent the quality of match (QoM)
between two property sets,QoMP , as:

QoMP (Ps, Pt) = 2∗subpropMatch(ps,pt)
|Ps|+|Pt|

(2)

whereps is the source property that is included in the source property setPs, pt

the target property defined in the target property setPt, subpropMatch(ps, pt) the
similarity measure computed for two values of corresponding source and target
properties, and|Ps| as well as|Pt| the number of properties defined for the source
and target property sets respectively.

4.3 Qualitative Base Classifier: Path Length Match

The qualitative base classifier forpath lengthis computed very simply by comput-
ing the absolute difference between the lengths of two givenpaths, the source and
the target path. Formally, the QoM for the path length,QoMH is given as follows.

QoMH(paths, patht) = |pathLengths − pathLengtht| (3)

wherepaths andpatht are the source and target paths, and|pathLengths − path-
Lengtht| represents the difference in the source and target path lengths computed
from the root to the source nodes (not necessarily the leaf).

4.4 Structural Base Classifier: Coverage Match

The coverage base classifier, thestructural match, is the ratio of the number of
source path matches to the total number of paths stemming from the source node
ns. If all source paths have a matching target path, then the coverage is total and is
denoted by a numeric value of1.0. In general, thecoveragematch,Rs, is:

Rs(ns, nt) =
|pc

s|

|ps|
(4)

where —pc
s— is the number of source path matches and|ps| is the total number of

paths for the source nodens.

4.5 Complex Classifiers: Path Match

A path matchis determined by comparing (1) the path lengths of the sourceand the
target paths; and (2) the label and property sets of all nodesalong the source and
target paths. Formally, the quality of match for two paths,QoMpath, is given as:

QoMpath = WL ∗ QoML + WP ∗ QoMP + WC ∗ QoMC (5)

10



whereQoML is the label match for the root nodesns andnt of the source and
target paths,QoMP the property match for the root nodes of the path,QoMC the
match for all children nodes along the source and target paths, while the weights
WL, WP , andWC are tunable parameters used to control the significance of each
factor, label, property set, and children nodes, in computing the overall quality of
match between two paths. The sum of the weightsWL, WP , andWC is 1.0. The
quality of match of the children nodes,QoMC , is computed as:

QoMC = QoM(cs, ct) − WH ∗ QoMH (6)

whereQoM(cs, ct) is the quality of match of the direct children of the source node
with any target node (direct or indirect children, or even the root node) of the tar-
get, and is computed as given in Equation 5,QoMH is the path differential (path
length match) of the two paths – from the source root to the source nodecs, and
target root to the target nodect – computed as given in Equation 3, andWH is a
tunable parameter that controls the significance attributed to the path differential in
computing the final match value.

4.6 Complex Classifiers: Tree Match

The quality of match of atree matchis determined by comparing (1) the coverage
– the number of path matches; and (2) the quality of match between the different
source and target paths. Formally, the quality of match for two trees rooted at nodes
ns andnt is given as:

QoMpath = WL ∗ QoML + WP ∗ QoMP + WC ∗ QoMC (7)

whereQoML is the label match for the root nodesns andnt of the source and
target trees,QoMP the property match for the root nodes of the trees,QoMC the
match for all direct children paths of the source tree with any path of the target
tree, while the weightsWL, WP , andWC are tunable parameters used to control
the significance of each factor, label, property set, and children paths, in computing
the overall quality of match between two trees, andWL + WP + WC = 0. The
quality of match of the children paths,QoMC , is computed as:

QoMC =
QoMpaths + Rs(ns, nt)

2
(8)

whereRs(ns, nt) is the coverage match for the root nodesns andnt and is com-
puted as per Equation 4.QoMpaths is the overall quality with which the source
paths match the target paths, and is given as:

QoMpaths =

∑
QoMpath

|ps|
(9)

whereQoMpath is the quality of match of a source path with a target path and is
computed as given in Equation 5, and|ps| is the total number of source paths that
stem from the root nodens of the source tree.

11



5 QMatch - The Hybrid Match Algorithm

QMatchis a direct implementation of the classifier model presentedin Section 4. It
has, as described in Section 4, three major components: thelabel matchalgorithm
that computes the linguistic match between the labels of twonodes, theproperty
matchalgorithm that computes the match between the property setsof two nodes,
andQMatch algorithm that represents thetree matchand thepath match.

5.1 Label Match Algorithm

The qualitative base classifier forlabels is computed via alabel matchalgorithm
that compares the two labels using a dictionary and other auxiliary information.
Based on Equation 1, we define theLabel Match Algorithmto compute the sim-
ilarity of any two given labels. Figure 5 gives the pseudo-code for the algorithm.
For each token pair, we first check if there is an identity, acronym, abbreviation,
or substring match between the two tokens using a domain-specific, local dictio-
nary that defines the common set of abbreviations, acronyms,and commonly used
substring/short hand notations for a given domain. If such amatch can’t be de-
termined, we invoke the linguistic similarity algorithm todetermine the similarity
distance between the two tokens. We use thepath linguistic similarity measure –
a similarity measure based on the path lengths between concepts, and equal to the
inverse of the shortest path length between two concepts. Todetermine thepath
similarity of two words, we use Wordnet::Similarity [PPM04], a freely available
tool that measures the semantic similarity and the relatedness between a pair of
concepts using the WordNet [Mil02] lexical database.

5.2 The Property Match Algorithm

In general, a match between two given properties, with the exception of type, are
simply measured as either1.0 - if they are identical; or0.0 otherwise.
For typeswe consider three possible match categorizations: (1) types are identical.
In this case a measurement of1.0 is assigned for the type match corresponding
to theexactmatch; (2) types are convertible. For symmetrically convertible type
matches, for example,positiveInteger can be converted todouble and vice
versa, we assign a numeric measurement of0.7. For non-symmetric convertible
types, for exampledate is convertible tostringbut the conversion ofstring to
date is unlikely. We assign a numeric value of0.5 for such matches. A convert-
ible type match corresponds to arelaxedmatch; and (3) types are not a match. In
this case, we assign a measurement of0.0 to indicate the non-match.
Based on Equation 2 and the preceding discussion, Figure 6 gives the pseudo-code
for theProperty Match Algorithm.

5.3 The QMatch Algorithm

Figure 7 gives the pseudo-code for thehybrid QMatchalgorithm.QMatch is a
recursive depth first match algorithm that uniquely combines thelabelandproperty
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doubleLabelMatch (String:Ls, String:Lt)
{

tokens = tokenizer(Ls)
tokent = tokenizer(Lt)
for eachts ∈ tokens

for eachtt ∈ tokent
if isIdentical(ts, tt)

match[ts][tt] = 1.0
else if isSubstring(ts, tt)

match[ts][tt] = 0.9
else if isAbbreviation(ts, tt)

match[ts][tt] = 0.9
else if isSimilarInDomain(ts, tt)

match[ts][tt] = 0.7
else

match[ts][tt] = linguisticMatch(ts, tt)
totalWeight =computeMaxMatch(match)
QoML = totalWeight + (|tokens| + |tokent|)

returnQoML

Fig. 5. The Label Match Algorithm. The methodcomputeMaxMatch (match)computes
the linguistic similarity and corresponds to the numeratorof Equation 1.

match algorithms together with structural information in arepresentation of thetree
matchclassifier.QMatchbegins with the QoM calculation of the leaf nodes based
on thepath matchclassifier given in Equation 5. Here the label and the property
match for the two leaf nodes is computed. To ensure meaningful match results we
introduce a threshold,thresholdL, for the label match algorithm. Any label match
value above the threshold is regarded as a match, and all other matches (below the
threshold) are discarded. For the match of two leaf nodes, that is a leaf:leaf match,
theQoMC in Equation 5 is numerically denoted as1.0, as neither nodes have any
children. Hence, the path match for a leaf:leaf match is given as:

QoM(Ns, Nt) = WL ∗ QoML + WP ∗ QoMP + WC (10)

For a match between a source leaf and a target non-leaf node, that is a leaf:non-leaf
match, theQoMC in Equation 5 is set to the numeric value of0.0 to indicate the
structural mismatch between the source and target children(the source being a leaf
has no children). The path match for leaf:non-leaf is thus given as:

QoM(ps, pt) = QoM(Ns, Nt) = WL ∗ QoML + WP ∗ QoMP + 0.0 (11)

The match between all source non-leaf nodes and the target non-leaf nodes is com-
puted using thetree matchclassifier (Equation 7). Figure 8 describes the match
computation between all source and target paths – crux oftree matchclassifier.
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void PropertyMatch (Element:Ns, Element:Nt)
{

total = 0.0
for each sub-propertyps of Ns

pt =extractSubproperty(Nt, ps)
// extract target subproperty that have the same type asps

if isType(ps)
if ps = pt

weight = 1.0
else if isConvertible(ps , pt) && isConvertible(pt , ps)

weight = 0.7
else if !isConvertible(ps , pt) && !isConvertible(pt , ps)

weight = 0.0
else

weight = 0.5
else

if ps = pt

weight = 1.0
else

weight = 0.0
total = total + weight

QoMP = (2 * total) + (numProperty(Ns) + numProperty(Nt))
returnQoMP

}

Fig. 6. The Property Match Algorithm.

In addition, following the intuition presented in theCupid [MBR01] algorithm –
the similarity of the children nodes is enhanced if there is astrong correspondence
between the parent source and target nodes – we introduce anincreaseLeafand
decreaseLeaffunction to increase and decrease respectively the similarity values
of leaf nodes based on ancestor similarities prior to algorithm termination. Thein-
creaseLeafanddecreaseLeafalgorithms increase and decrease the similarity val-
ues incIncreaseandcDecreaseincrements respectively, if the overall match value
of the parent node is above a certain threshold (overallThresholdin Figure 7). Fig-
ures 9 and 10 give the pseudo-code for theincreaseLeafanddecreaseLeaffunc-
tions respectively.
The final correspondences identified by theQMatch algorithm along with their
QoM values are presented to the user on completion of the algorithm.
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doubleQMatch (Tree:S, Tree:T )
{

S′ = post-order(S), T ′ = post-order (T )
for each s∈ S′

for each t∈ T ′

QoML (s,t) =LabelMatch(s,t)
if QoML (s,t)< thresholdL

QoML (s,t) = 0
QoMP = PropertyMatch(s,t)
if ( isLeaf(s) andisLeaf(t))

QoM(s,t) =WL*QoML (s,t) +WP *QoMP (s,t) +WC*1.0
else if ((isLeaf(s) and !isLeaf(t)) or (!isLeaf(s) andisLeaf(t)))

QoM(s,t) =WL*QoML (s,t) +WP *QoMP (s,t) +WC*0.0
else

QoMC(s,t) =childMatch(s,t)
QoM (s,t) =WL*QoML (s,t) +WP *QoMP (s,t) +WC*QoMC (s,t)

for each s∈ S′

for each t∈ T ′

if (! isLeaf(s) and !isLeaf(t))
if QoML (s,t)≥ overallThreshold

increaseLeaf(s,t)
else

decreaseLeaf(s,t)
}

Fig. 7.QMatch - The Hybrid Match Algorithm.

6 Experimental Evaluation

We have conducted a set of experiments to (1) determine the optimal parameters
for theQMatchalgorithm, that is, the values for the tunable parameters defined in
Section 5 that produce the highest precision and recall for theQMatchalgorithm;
and (2) evaluate the accuracy of theQMatchalgorithm with respect to other existing
schema match algorithms. In particular, we compare the accuracy of theQMatch
algorithm with aStructuralmatch algorithm based solely on the schema structure,
a Linguisticalgorithm that compares the semantic distance between two schemas,
and Cupid [MBR01], a hybrid algorithm that combines linguistic and structural
matching to determine the correspondences between schema entities.
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doublechildMatch (Tree:S′, Tree:T ′)
{

totalWeight = 0.0
nMatches = 0
for each directchilds of S′

// find the good match forchilds with anynodet

max = 0.0
selectedTNode = null
for eachnodet of T ′

overallWeight =QoM (childs, nodet)
labelWeight =QoML (childs, nodet)
if (overallWeight≥ max and labelWeight≥ thresholdL)

max = overallWeight
selectedTNode =nodet

if (max > 0.0)
pathLengths = pathLength (S′, childs)
pathLengtht = pathLength (T ′, childt)
matchWeight =QoM (childs, nodet) - (|pathLengths - pathLengtht |*WH)
totalWeight totalWeight + matchWeight
nMatches++

RW = totalWeight /|child (S′)|
RS = nMatches /|child (S′)|
QoMC (s,t) = (RW + RS) / 2.0
returnQoMC (s,t)

}

Fig. 8. ThechildMatch Match Algorithm. Here the methodpathLength(S′ , childs)
computes the length of the path from the rootS′ to the child nodechilds.

void increaseLeaf (Tree:S′, Tree:T ′)
{

for eachleafs of S′

for eachleaft of T ′

if QoML (leafs, leaft) ≥ thresholdL

QoM (leafs, leaft) = QoM (leafs, leaft) + CIncrease
if (QoM (leafs, leaft) > 1)

QoM (leafs, leaft) = 1 }

Fig. 9. The IncreaseLeaf Algorithm.
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void decreaseLeaf(Tree:S′, Tree:T ′)
{

for eachleafs of S′

for eachleaft of T ′

QoM (leafs, leaft) = QoM (leafs, leaft) - CDecrease
if (QoM (leafs, leaft) < 0)

QoM (leafs, leaft) = 0
}

Fig. 10. The Decrease Leaf Algorithm.

6.1 Experimental Setup and Methodology

Architecture. Figure 11 depicts the architecture of the system implemented to
evaluate the different algorithms –structural, linguistic, Cupid andQMatch. The
system takes two schemas (XML schemas) as input, parses the XML schemas to
produce non-recursive, in memory trees using theParserunit, and then applies a
match algorithm (Matcher) to evaluate the correspondences between the two given
schemas. The Matcher component switches between the structural, linguistic, Cu-
pid andQMatchalgorithms.

Fig. 11. Architecture of the System Implemented to Evaluatethe Accuracy of QMatch
Algorithm.

Algorithms. All of the match algorithms, structural, linguistic, Cupid, andQMatch
were implemented in Java (SDK 2.0) and evaluated on a standalone Pentium 4, 2.8
GHz machine with 512 MB RAM running Microsoft Windows XP.
We implemented a structural algorithm to measure the edit distance between two
XML schemas starting at the root of the XML schemas. The algorithm is based
on the structural algorithm presented in Cupid [MBR01]. Forthe linguistic algo-
rithm, we employed theLabel Matchalgorithm with thepath similarity measure
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(presented in Section 5) to determine the semantic similarity of two given XML
Schemas by computing the similarity between different pairs of labels. While we
were unable to procure the original implementation of the Cupid algorithm, we im-
plemented the Cupid algorithm as described in [MBR01]. Finally, the QMatchal-
gorithm is implemented as described in Section 5. Both the Cupid and theQMatch
algorithms internally employ the Label Match algorithm to determine the match
between two given element names.

Algorithm Comparison Metric. To evaluate the quality of our approach, we
compared the manually determined real matches (R) for a given match task with the
matchesP returned by the match algorithm. We determined the true positives, that
is the correctly identified matchesI; the false positives, that is the false matches,
F = P \ I; and the false negatives, that is the missed matches,M = R \ I. Based
on the cardinalities of these sets, thePrecisionandRecallof the match algorithms
were computed.
• Precision = |I|

|P |
= |I|

|I|+|F |
estimates the reliability of the match predictions;

• Recall = |I|
|R|

specifies the share of real matches that are discovered by thealgo-
rithm; and

• OverallAccuracy = 1− |F |+|M |
|R|

= |I|−|F |
|R|

= Recall ∗ (2− 1
Precision

) represents
a combined measure of match quality, taking into account thepost-match effort
needed for both removing false matches and adding the missedmatches.
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Experiment Data Set and Benchmark. All experiments were conducted using
the QMatch benchmark developed to serve as a litmus test for the accuracy of
matches, in terms of true positives, false positives and false negatives, determined
by the different match algorithms. TheQMatchbenchmark, set up for the schemas
in the Purchase Orderdomain, provides manually determined matches between
(1) pairs of concepts from three differentPO source schemas and three different
purchaseOrder schemas. HerePO Pair1, shown in Figure 12, contrasts one
variation of the sourcePO schema with one variation of the targetpurchaseOrder
schema, whilePO Pair 2 (shown in Figure 13) andPO Pair3 (shown in Fig-
ure 14) contrasts a different sourcePO schema with anotherpurchaseOrder
schema; (2) pairs of concepts from a sourcecourse schema to other course do-
main schemas,reed, uwm, andwsu as shown in Figure 15. Tables 1 and 2 sum-
marize the characteristics of the purchase and course domain schemas respectively
based on the number of elements, the maximum depth, and the number of leaf
nodes.
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Fig. 15. The Course Domain Schemas.

PO Pair1 PO Pair2 PO Pair3

#elements 10x9 13x15 40x43

max. of depth 4x3 4x4 4x4

#leaves 7x7 8x8 33x33

Table 1
Characteristics of the Purchase Order
XML Schemas.

Source Reed UWM WSU

#elements 14 16 20 20

max. of depth 4 4 5 4

#leaves 10 12 15 16

Table 2
Characteristics of the Course XML
Schemas.

Furthermore, theQMatchbenchmark contains a database of the manually deter-
mined matches between the different Purchase Order and Course schemas. As an
example, Table 3 summarizes the manually determined matches between the pairs
POPair1, POPair2 andPOPair3.
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PO Pair1 PO Pair2 PO Pair3

orderNo - orderNo city - city poNumber - orderNum
shippingAddr - shipTo street - street poDate - orderDate
billingAddr - billTo poShipTo - deliverTo poHeader - header
item - item city - city entityIdentifier - null
quantity - qty street - street attn - null
unitOfMeasure - uom poBillTo - invoideTo street1 - street1
lines - items line - lineNumber street2 - street2
purchaseInfo - purchaseOrder qty - quantity street3 - street3
purchaseDate - date uom - unitOfMeasure street4 - street4
po - purchaseOrder item - item city - city

count - itemCount stateProvince - stateProvince
poLines - items postalCode - postalCode
po - purchaseOrder country - country

poShipTo - deliverTo
entityIdentifier - null
attn - null
street1 - street1
street2 - street2
street3 - street3
street4 - street4
city - city
stateProvince - stateProvince
postalCode - postalCode
country - country
poBillTo - invoiceTo
count - itemCount
startAt - null
line - itemNumber
partNo - partNumber
unitPrice - unitPrice
uom - unitOfMeasure
qty - quantity
item - item
poLines - items
contactName - contactName
contactFunctionCode - null
contactEmail - email
contactPhone - telephone
contact - contact
po - purchaseOrder

Table 3
Manually Determined Similarity Between Pairs of Concepts from the Purchase Order
Schemas

6.2 Determining Optimal Values for Tunable QMatch Parameters

The accuracy of theQMatchalgorithm is dependent on a set of tunable parameters
that include: (1)similarityMeasure– the linguistic similarity measure used in the
Label Matchalgorithm; (2)thresholdL – the threshold used in theLabel Match
algorithm to determine whether two labels should be considered a match; (3)WL

– the significance value attributed to the match value of the label when computing
the path match; (4)WP – the significance value attributed to the match value of
the property set when computing the path match; (5)WC – the significance value
attributed to the QoM of the children when computing the pathmatch; (5)WH –
the weight attributed to the path differential when computing the path match for
non-leaf nodes; (6)overallThreshold– the overall threshold value used to make a
decision on whether or not to increment or decrementleaf similarity values based
on ancestor values; and (7)cIncreaseandcDecrease– the increment and decrement
constants by which the similarity values are increased or decreased.
To determine the optimal values for these parameters, we conducted a set of exper-
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iments that compared a set of source elements (taken from source schemas) against
a set of target elements (from target schemas) for a varying set of parameter val-
ues. A value for these parameters was classified as optimal ifit resulted in both
high precision, wherein fewer false matches were returned by QMatch, and high
recall, wherein fewer true matches were missed byQMatch. A recall value of1.0
indicates that all real matches, as determined manually, are discovered by the al-
gorithm. In these experiments, we thus focused on parametervalues that provided
high precision for a recall value fixed at1.0. All match results produced by the
QMatchalgorithm were compared against the manually determined matches in the
QMatchbenchmark (for reference see Table 3).

Similarity Measure. We ran a set of experiments to compare the average preci-
sion provided by theLabel Matchalgorithm for three different normalized similar-
ity measures –lin, pathandwup. For this experiment, we compared a set of source
labels with a set of target labels extracted from each of the purchase order schema
pairs shown in Figures 12– 14 using the different similaritymeasures. The recall for
the experiments was set at1.0. Figure 16 depicts the average precision obtained
by the different similarity measures. We found that thepathsimilarity measure was
the most precise – in that it provided the most number of the accurate matches.
This precision was further enhanced when a local domain dictionary was utilized
to determine the abbreviation, acronym and substring matches. TheLabel Match
algorithm thus utilizes thepathsimilarity measure.
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Fig. 16. The Average Precision of Differ-
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Fig. 17. The Average Precision, Recall
and Accuracy of the Label Match Al-
gorithm Obtained by Varying the Label
Threshold Values.

thresholdL – Label Threshold. Next, we ran a set of experiments to determine
the optimal threshold for theLabel Matchalgorithm, thethresholdL. We set the
similarity measure to thepathmeasure, and compared a set of source labels with
a set of target labels, both taken from the purchase order schemas given in Fig-
ures 12– 14. We measured the precision, recall and overall accuracy of theLabel
Match algorithm for a varying number of label thresholds, and the results of the
measurements are shown in Figure 17. As can be seen a label threshold in the
range0.40 - 0.45 provides the optimal precision, recall and accuracy values
for thepathsimilarity measure.
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WL, WP , WC and WH - The Significance Values. We ran a set of experiments to
determine the optimal significance that should be attributed to the tunable parame-
ters,WL, WP , WC andWH , to achieve a high precision for thepath match. Recall
that thepath matchclassifier is given as:

QoMpath = WL ∗ QoML + WP ∗ QoMP + WC ∗ QoMC (12)

whereWL, WP , andWC are the significance associated with the match of the label
(QoML), the properties (QoMP ), and the children (QoMC) respectively andWL +
WP + WC = 1; QoML andQoMP are as defined in Equations 1 and 2 respectively;
andQoMC as given below (and in Equation 6):

QoMC = QoM(cs, ct) − WH ∗ QoMH (13)

To reduce the number of variables that contribute to thepath match, in this set of
experiments we compared a set of source paths of length 0 to a set of target paths
of variable lengths. That is, we performed a leaf:leaf and a leaf:non-leaf compar-
ison eliminating the quality of match of the children (QoMC) as a factor in the
experiments. TheQoMC is set to be0.0 in this case. The purchase order schemas
together with theQMatchbenchmark were the data sets used in the experiments.
Figure 18 depicts the average precision of thepath matchobtained for different
significance attributed to the label. We determined that a label significanceWL

in the range0.4 - 0.6 provides the best precision for leaf:leaf, and leaf:non-
leaf matches. The property significanceWP is set to1.0 − WL for leaf:leaf and
leaf:non-leaf matches.
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Fig. 18. The Average Precision ofPath
Match for Leaf:Leaf and Leaf:Non-Leaf
Comparisons – Determining the Signifi-
cance of Labels and Properties.
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Fig. 19. The Average Precision for
the Tree Matchfor Non-Leaf:Non-Leaf
Comparisons - Determining the Signifi-
cance of Children.

Next, we ran a set of experiments to determine the significance of the children
matches in achieving a high precision for theTree Matchalgorithm. We compared a
set of source non-leaf nodes with a set of target non-leaf nodes of the three purchase
order schema pairs given in Figures 12– 14. In this experiment, we ignored the
property significance (WP ), that is set it to0.0, and varied the significance of
the label (WL) to measure the significance of the children (WC). Figure 19 depicts
the average precision for theTree Matchfor varying label significanceWL. We
determined that in this scenario, a label significanceWL in the range0.4 - 0.6
provides the best precision for non-leaf:non-leaf matches. The child significance
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WC is set to1.0 − WL for the non-leaf:non-leaf matches. Combining the results
presented in Figure 18 and 19, we have (i)WL = 0.43; (ii) WP = 0.285; and
(iii) WC = 0.285.
Last, we ran a set of experiments to determine the optimal value for WH – the
significance attributed by the path differential, a la thepath length match. For this
set of experiments, we fixed (i)WL = 0.43; (ii) WP = 0.285; and (iii) WC

= 0.285. We ran theTree Matchalgorithm to compare a set of source non-leaf
nodes to a set of target non-leaf nodes. All data was taken from the purchase or-
der schemas shown in Figures 12– 14. Figure 20 depicts the average precision for
different values ofWH . Based on these results, we fixed theWH at0.3.
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Fig. 20. The Average Precision of the
Tree MatchObtained by VaryingWH

Values For FixedWL, WP andWC Val-
ues.
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Fig. 21. The Average of Precision Vary-
ing the Overall Threshold Values.

overallThreshold, cIncrease, andcDecrease – Adjusting Similarity Values. The
next set of experiments focus on determining the tunable parameters for the post
evaluation adjustments of the similarity values obtained by the Tree Matchalgo-
rithm.
First, we ran a series of experiments to determine the value of overallThreshold–
the threshold value that is used to decide whether or not to increment or decrement
leaf similarity values based on ancestor values. For this experiment, theTree Match
algorithm was run with the following parameter values: (i)WL = 0.43; (ii) WP

= 0.285; (iii) WC = 0.285; and (iv) WH = 0.3. TheQMatchalgorithm was
run to determine a match between the purchase order schemas given in Figures 12–
14, in two stages - first the similarity values were determined after theTree Match,
and second the similarity values were adjusted prior to reporting the final results to
the users (final result ofQMatch). Figure 21 reports the average precision for the
QMatchalgorithm obtained by adjusting the threshold after which the second stage
of the algorithm was invoked. We found that optimal precision for theQMatchal-
gorithm was obtained when theoverallThresholdfor the similarity values returned
by the first stage of the algorithm (Tree Match) was set to0.7.
Next to determine the optimal adjustment parameters,cIncreaseandcDecrease, we
fixed Tree Matchparameters as before. In addition, we set theoverallThresholdto
be0.7. We then compared a set of source and target nodes of the threepurchase
order schema pairs shown in Figure 12– 14. Figure 22 depicts the average precision
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of theQMatchalgorithm for differentcDecreasevalues. We found that acDecrease
value of0.075 and acIncreasevalue of0.1 resulted in optimal precision of the
QMatchalgorithm under these conditions.
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Fig. 22. The Average Precision Obtained by Varying cDecrease Values wherein cIncrease
is fixed at 0.1 .

6.3 QMatch Quality

We ran a set of experiments to evaluate the overall precisionand accuracy of the
QMatchalgorithm and compared theQMatchprecision with astructural[MBR01],
Label Match, andCupid [MBR01] algorithms. Table 4 presents the settings of the
tunable parameters (see Section 6.2) that were used for theQMatchalgorithm.

thresholdL WL WP WC overallThreshold WH cIncrease cDecrease

0.45 0.43 0.285 0.285 0.7 0.3 0.1 0.075

Table 4
The Parameters used in QMatch Algorithm.

The Cupid algorithm also has a set of tunable parameters. To ensure a fair compari-
son we ran a set of experiments similar to those described in Section 6.2 forQMatch
to determine the optimal settings for these tunable parameters. Table 5 presents the
settings that were used for the Cupid algorithm. Additionally, as stated earlier, both
Cupid andQMatchutilized theLabel Matchalgorithm that was implemented as
part of this work. Furthermore, to evaluateQMatchand Cupid on the same level
we implemented a version ofQMatch, QMatch’, that limits theproperty matchto
just atype matchalgorithm.

thresholdL WL WC thresholdwsim cIncrease cDecrease

0.45 0.8 0.2 0.6 0.1 0.075

Table 5
The Settings for the Tunable Parameters for the Cupid Algorithm.

Figure 23 depicts the number of matches returned by the five schema match algo-
rithms, structural, Label match, Cupid,QMatch’, andQMatch, together with the
number of expected manual matches as defined in theQMatchbenchmark, for the
purchase order schema pairs shown in Figures 12– 14. As can beseen from the
graph, the Cupid,QMatch’ and QMatch algorithms all return close to the same
number of matches for the schemas that are structurally closer (have the same
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number of paths). However, for the schema pair in Figure 14 – astructurally di-
vergent schema where the number of paths are different – boththe QMatch’ and
QMatchperform significantly better than the Cupid algorithm providing the num-
ber of matches closest to the manually expected matches. TheQMatchalgorithm
performs slightly better than theQMatch’ algorithm, suggesting some benefits to
exploring more in-depth property matching. We repeated this experiment for the
Course domain schemas. As can be seen, the results in Figure 24 validate the re-
sults shown in Figure 23.
Figure 25 depicts the precision achieved by the five algorithms. Here the recall
was set to1.0 and the precision of the structural, linguistic, Cupid,QMatch’, and
QMatch algorithms was measured. As can be seen from the graph (Figure 25),
QMatchperforms the best – providing the highest precision among all algorithms,
including theQMatch’ algorithm suggesting that there is enough improvement to
validate the use of a full-fledged property match algorithm as part of an overall
match algorithm. An interesting result was the precision performance ofQMatch’
with respect to Cupid. While they both perform the same type and label match, the
results in Figure 25 suggest that the path-based matching ofQMatchandQMatch’
can provide better match precision than the traditional graph-based structural match-
ing performed by Cupid and other algorithms. We repeated this experiment for the
course domain schemas shown in Figure 15. As can be seen, the results shown in
Figure 26 validate the results shown in Figure 25.
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Fig. 23. The Number of Matches Re-
turned by the Five Schema Match Algo-
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turned by the Five Schema Match Algo-
rithms Together with the Manually Ex-
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7 Conclusions

In spite of the many matching techniques that have been explored in the litera-
ture, schema matching still remains a challenging area of work. To address this
challenge, in this paper we have presented a hybrid schema matching algorithm
QMatchthat performs a path-based matching of two XML schema trees.It is based
on the measurement of a unique quality of match metric, QoM, and a set of clas-
sifiers which together provide not only an effective basis for the development of
a new schema match algorithm, but also a useful tool for tuning existing schema
match algorithms to output at desired levels of matching. Wehave conducted a
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set of experiments to both tune theQMatchalgorithm for optimal performance, as
well as to compare the precision ofQMatchalgorithm with structural, linguistic,
and Cupid algorithms.
To key hypothesis of our work were: (1) a path-based match algorithm, that is an
algorithm based on matching the paths that stem from the rootnode of an XML
schema tree, provides better match quality and precision; and (2) enhanced match-
ing of the different properties defined for an XML schema element can improve
the match precision. We ran a set of experiments to compare Cupid, a well-known
schema algorithm also based on linguistic and structural information, withQMatch.
To ensure a fair comparison, we reduced ourProperty Matchalgorithm to per-
form only thetype matchingdone by Cupid. We found that for schemas with sig-
nificant structural differences and matches at different levels, QMatchwith only
type matching (QMatch’) performed better than Cupid, thereby validating our first
hypothesis. To validate our second hypothesis, we comparedthe match precision
of QMatch with full-fledged Property Matchwith QMatch’, QMatch with only
type matching. Our experimental results show that improvements in theProperty
match– matching of additional properties – can indeed enhance thematch precision
achieved by the match algorithm.
Schema integration and matching are important areas of research. Future directions
for this work include studying the effect of different dictionaries, including domain
specific dictionaries, to improve the precision of match algorithms; statistical sam-
pling of data and subsequent establishment of co-relationsbetween data sets from
two XML schemas to establish correspondences in the case of weak schemas; and
exploring different directions for better match algorithms.
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