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Abstract

Integration of multiple heterogeneous data sources aoedirio be a critical problem for
many application domains and a challenge for researcheatd-wide. With the increasing
popularity of the XML model and the proliferation of XML doments on-line, automated
matching of XML documents and databases has become a kigigzge. In this paper,
we present a hybrid schema match algoriti@hatch that provides a unique path-based
framework for harnessing traditional structural and sefnanformation, while exploiting
the constraints inherent in XML documents such as the orid€Mdb elements, to provide
improved levels of matching between two given XML schem@#latchis based on the
measurement of a unique quality of match metric, QoM, andtafselassifiers which
together provide not only an effective basis for the devalept of a new schema match
algorithm, but also a useful tool for tuning existing schemtch algorithms to output at
desired levels of matching. In this paper, we show via a sekpériments the benefits of
the path-base@Matchover existing structural, linguistic, and hybrid algorith such as
Cupid, and provide an empirical measure of the accuradpMétchin terms of the true
matches discovered by the algorithm.

Key words: Schema Matching, Schema Integration, Hybrid Schema Mag¢cMML
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1 Introduction

Integration of heterogeneous data sources continues tocoiécal problem for
many domains. This is especially true in the life and physscéences domain,
where protein scientists in this post genomics age expecitpliment their bench-
top research with computer-based discoveries. Today tereseveral hundred
large protein databases, albeit each with distinct aimapet and usages, that
are available for online searching. For example, some pyimesources contain
only data gathered on one specific organism (GDB [GDB] on thmah Genome
Project), others collect data on all biologically intenegtconcepts (SWISS-PROT
[BA99] on proteins for all organisms), while still othersciss on storing literature
(PubMed [Pub] on scientific documents).
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However, while there is this broad spectrum of informatioattis accessible over
the Web, each data source comes with its own concepts, ses)atdta formats,
and access methods. Currently the burden falls on the stieminanually (via pro-
grams) convert between the data formats, resolve conilitegrate data, and inter-
pret results in order to make use of this information. Givenibhcreasing number of
protein data sources currently on-line (somewhere bet®88rand 1000 [BK02]),
such a manual approach is inevitably tedious, error-prowkecansequently obso-
lete, leaving data under-exploited and under-utilizedv&ys have shown that due
to the burden of manual integration, more often than notnsisies use and limit
their search for information to a select few (three to five @ua possible 500 or

more) data sources [BK02].
While schema integration is a not a new problem, the daumte®y for integra-

tion in domains such as the life sciences has sparked renexezdst in the field
[DLD *04,HC03,KN03,MBR01,DR02]. Many schema match algorithms

[DLD *04,HC03,KN03,BM01,BHP94,BCVB01,HMN29a,MBR01,DR02,NJ02]-
have been proposed in literature to address the problemheinsz integration.
These algorithms typically rely on two primary factors tdets similarities be-
tween the schema entities: tlabel and thestructureof the involved entities. Inte-
gration systems [BCVB01,HMN99a,MBR01,DR02,DLD04,HC03,KNO03] gen-
erally provide either individual algorithms based on thiege criteria, i.e., linguis-
tic or structural matching, or some combination of the twdBRD1,HMN+99b].
For example, Neirman et. al [NJO2] have proposed a struttased similarity al-
gorithm that determines a match between XML documents basedte edit dis-
tance for the rooted XML trees. Madhavan et al., on the othadhhave proposed
Cupid [MBRO1] that combines linguistic and structural niag) to establish corre-
spondences between the schema entities. Some recent @pms¢ADHO1,LC94]
have moved to knowledge-based matching, neural networksnachine learning

in an effort to improve the overall matching.
Inspite of the activity in this area, schema integrationasms a challenging prob-

lem. In this paper, we now propo§@Match- a hybrid schema match algorithm that
relies on the semantic and structural information encapedlin an XML Schema.
The uniqueness dMatchlies in its treatment of the XML schema trees and their
subsequent examination to determine correspondencey. dli#me schema match
algorithms proposed to date treat XML schemata as a grapttgie — a node with
children and a structure with leaf and non-leaf nodes. Gunsatly, the match-
ing of XML schemata often relies on a top-down or bottom-ugreiation of the
XML structure, limiting in many cases the discovery of mastat different lev-
els of the tree, such as a match between a non-leaf node imemevith the root
node of the second tree. @Match an XML schema tree is synonymous with a
collection of paths — a node is defined by the paths that eradroah it and a tree

is a collection of paths that stem from the root node. ThistWasadvantages: (1) a
match between two paths can be defined as long as there arersatoieng nodes
along the paths. For example, a patht hor — name — firstName matches the
pathnanme —f i r st Nane as the two paths have two matching nodes; and (2) a
match between two nodes can be defined irrespective of wheyedccur in the



tree as long as there is at least a partial match betweenghtis. For example,
an intermediate node in one tree can match the root node dfiemtee if their
paths match at least partially. In general, based on thispatchingQMatchcan
discover matches between leaf nodes, leaf and non-leakrattenon-leaf nodes

irrespective of the levels at which they exist.
A key contribution of this paper, beyond the act@Vatchalgorithm, is a well-

defined classification of matches between two XML trees, ttogyewith a cost
model that provides a quantitative metric for these clasgibns. In particular,
we define a set oflassifiersfor categorizing the match between labels, property
sets, path lengths and path coverage. @hatch algorithm, defined on top of
theseclassifiers combines semantic and structural information inherernhénla-
bels, property sets, path lengths and path coverage, tonlatethe match between
two XML schema trees. Specifically, as part of tDMatchalgorithm we have de-
velopedLabel Match a linguistic algorithm for semantic matching of labd?tsop-
erty Match an algorithm for matching the different properties defif@adan XML
Schema including order constraints, occurrence conssraypes, and uniqueness
constraints, as well as algorithms for determining patlytlewlifferentials and path
coverage. We present experimental results that (1) aiduthied of theQMatch
algorithm to enable optimal performance, in terms of akiponi precision; and (2)
evaluate the performance, in terms of precision, of@hatchalgorithm. In par-
ticular, we compare th®Matchalgorithm to structural and linguistic algorithms,

as well as the Cupid algorithm proposed by Madhavan et al.RRIH.
RoadMap: The rest of the paper is organized as follows. In Section 2 neegnt

the set of classifiers that are the basis of @Matchalgorithm. Section 3 shows
how the classifiers can be used to determine a match betwafemddes, leaf and
non-leaf nodes, and non-leaf nodes. Section 4 defines theitpi&e model that
corresponds to the classifiers. In Section 5 we introddigiatch our hybrid match
algorithm together witthabel Match the linguistic algorithm, anBroperty Match
the algorithm for matching the different properties defif@dXML schemata. We
present our experimental setup and methodology, as wellragsults 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 ltd®el and theprop-
erty set of its individual elements, and by the structural infation encapsulated
in the pathsthat stem from each individual node. This information pdag the
foundation for an effective comparison between two XML Suhse, and hence for
categorizing the information content overlap of the twoesuhta. In this section,
we define a Quality of Match metric, a qualitative measurehef‘goodness” of
a match, to categorize the degree of match between two schkmeents based
on the pure semantic content as defined by their labels amegyosets, and the
semantic and structural information contained in theihpat
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2.1 The Qualitative Base Classifiers

We prescribe four base classifierexact relaxed total andpartial — to categorize
the quality of match based on the information contained énalvels, property sets
and the pathsExactandrelaxedrepresent the qualitative base classifiers, while
total andpartial are coverage classifiers.

Qualitative Base Classifiers: Exact and Relaxed Match. The qualitative clas-
sifiers,Exactand Relaxed categorize the similarity between labels, property sets
and the paths of two given elements. Two labelsex@ctif there is an exact string
match, a synonym match or an ontology based match. The matcbnsidered
relaxedif there is a hypernym match, acronym, or a partial multi-gvoratch ob-
tained via a linguistic match algorithm [MBR01,DR02,BMBHP94,HMN"99a]
between the two labels.

Example 1 The labeper son in Figure 1(a) is an exact match of the lalpetr son

in Figure 1(b) as determined by a string comparison. On thephand, the label

| ast Nane in Figure 1(a) and the label Nane in Figure 1(b) have a relaxed

match ad Nane is an abbreviated form dfast Nane.
Two property sets arexactif for all properties in one property set (from one ele-

ment) the value of the property is identical to the value efshme property in the
second property set (from second element). The match betimeeproperty sets
is relaxedif (1) the value of one or more properties in one element i@cbht from
the corresponding property value in the second element.llAigt of properties
and conditions for classifying a property match@sxedare given in [Heg04]; or
(2) a property defined in one property set does not occur iottier property set.
Example 2 The property set of the elemdrdst Nane in Figure 1(a) defines two
properties:or der = 2, andm nCccur s = 1. The values of all properties of this
property set are identical to the values of the propertiethim property set for the
element Nane shown in Figure 1(b). The match between these two propetsy se
is said to beexact On the other hand, as shown in Figure 1, the property setef th
element Nane in Figure 1(a) differs from the property set of the elenfeane in
Figure 1(b) —m nCccur s = 1 in Figure 1(a) andm nCccur s = 0in Figure 1(b)

— resulting in arelaxedproperty set match.

Lastly, two path lengths are classified @sactif the path length of both paths is
identical, andelaxedotherwise.

Example 3 The pathper son—f Nane in Figure 1(a) and the patlper son—

f Name in Figure 1(b) have arexactpath length as the length of the two paths is
identical (path length= 1). On the other hand, the lengths of the padlsir ess—



home—ci t y andaddr ess—i t y 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 twengiv
elements. The coverage of two elements is said totaif all paths of the source
element have a mat¢hwith some path stemming from the target element. On the
other hand, the match partial if some but not all paths of the source element have
a match with some paths of the target element.

Example 4 Theper son element in Figure 1(a) has total path coverage when
compared to theper son element given in Figure 1(b). Here both elements have
two outgoing paths. The path coverage between the rendigsess in Figure 2(a)
andaddr ess in Figure 2(b) is also considered to letal — the two pathsadd-
ress—hone-st r eet ,addr ess—hone—ci ty in Figure 2(a) correspond to the
two pathsaddr ess—st r eet andaddr ess—ci t y in Figure 2(b). The path cov-
erage between the nodaddr ess in Figure 2(a) andaddr ess in Figure 2(c) is,
howeverpartial— addr ess in Figure 2(a) has two paths compared to the single
path emanating from the nodeldr ess in Figure 2(c).

2.2 The Complex Classifiers

The base classifiers provide the foundation for ranking theity of match at the
level of individual elements in an XML schema. These basssdi@rs can be com-
bined together to provide an overall ranking of the corresiemce between a graph
(tree) of elements that collectively represent an XML scaeRor this we now de-
fine two complex classifier®ath MatchandTree Match

Path Match Classifier. Paths are fundamental to XML documents, and hence
XML schemata, and correspond to a set of linked nodes tregrem the root
node to a specified node, typically a leaf node. We now defirmgptex classifier,
path match for ranking the match between two given paths. a¢h matchis
rankedexactif (1) the path length of both paths is identical; and (2) thledls and
the property sets of all nodes along the first path are idanticthe labels and
property sets of the nodes along the second path. The matekdiethe two paths

is relaxedif one or both of the above conditions do not hold.

Example 5 The pathper son—f Nane in Figure 1(a) is inexactmatch with the
pathper son—f Nane 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 nquesson
andf Name in Figure 1(a) match exactly those in Figure 1(b). Conside paths
addr ess—-honme—i ty andaddr ess—i t y given in Figure 2 (a) and (b) re-
spectively. These paths haveadaxedmatch as they differ in their path lengths.
The pathger son—| ast Nane, andper son-| Nane, given in Figure 1(a) and

I The formal definition of a path match is given in Section 2.2.



(b) respectively, also haveralaxedmatch — these paths have the same path length
but have a relaxed label match for one of their nodesqt Nanme andl Nane).

Tree Match Classifier. Thetree match classifiecategorizes 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 previousfineéd classifiers, base
and path classifiers, and is based on (1) the coverage — theemainpath matches;

and (2) the quality of match between the different sourcetarget paths.
As described in Section 2.1, path coverage is classifiedtasréotal or partial

— path coverage iotal if all paths of the source node have a match with some
path of target node, anghrtial otherwise. The match between the different paths
themselves is defined by thpath matchand is categorized asxactor relaxedas
described in Section 2.2. Combining these two criteria, @kne four classifica-
tions for atree matchtotal exacttotal relaxed partial exactandpartial relaxed A
match istotal exactif all paths of the source element haveetactmatch to some
path emanating from the target element. A matdoial relaxedif all paths of the
source element match some paths of the target element, budranore of these
matches igelaxed The partial exactandpartial relaxedcan be defined similarly
for cases when some paths of the source element have a métettanget element.
Example 6 Consider the two schema trees shown in Figure 2(a) and (bjecbat

the nodesaddr ess andaddr ess respectively. A tree match between these two
trees is classified based on (1) the number of path matcheks(rthe quality of
the path matches. There are two paths that stem from eacleabtis — leading

to a total coverage between the trees. The paitidr ess—hone-st r eet and
addr ess—hone—i t y in Figure 2(a), however, have onlyralaxedmatch with
the pathsaddr ess—st r eet andaddr ess—ci ty in Figure 2(b), as their path
lengths differ. Based on these factors, tre® matctbetween the two schemata is
classified agotal relaxed

3 Case Study: Categorizing the Matches

Information in an XML Schema can be structured in many odiferways. Fig-
ure 3 depicts a sample set of schemata that semanticallyreajpte same infor-
mation, albeit in a different structur8chema 1 stores theddr ess as a string,
Schema 2 stores the samaddr ess by breaking it down intcst r eet , and
city,Schema 3 decomposes theddr ess into hone which is further broken
down intost r eet andci ty, and lastlySchema 4 stores the address as a single
string in the element labeldtbne Addr ess. Establishment of accurate and com-
plete correspondences between these structurally differe semantically similar
XML schemata requires a match algorithm that is able to discmatches at the
simplest level between twleaf nodes, to matches betweeteaf ® 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 attributehile anon-leaf
node implies an element with subelements and/or attributes
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node, to the complex scenario of matchingaa-leafnode to anon-leafnode.
In this section we show how the match classifiers defined iti@e2 are sufficient

to adequately rank a significant number of correspondempastygetween two given
XML schemata. In particular, we consider four key types afespondencesleaf
to leaf, leaf to non-leaf non-leafto non-leaf andnon-leafto 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 associatédtwithis basic declara-
tion holds for both simple elements and attributes, as veetianstrained elements
such ag estri cti on elements. While, in of themselves leaf elements provide
basic semantic information: the label and the set of pragerthey can be regarded
aspathswith a length of zeroPath matchcan thus be applied to classify the corre-

spondence between two leaf nodes — two paths with path lea@th
The quality of match (QoM) of two leaf elements, andE; is rankedexact(E;

= E,), if the label and set of properties of both leaf elementscimatxactly as
specified in Section 2. The QoM is classifiedrakxed if either the label or the
property set of elemeri; have a relaxed match with the label and the property
set ofE; respectively. In both cases, the path length match for ledés is ranked
exact as their path length 0.

Example 7 The match between the two leaf elemeamtsier No of PO schema
and the elemendr der No of Pur chaseOr der shown in Figure 4, iexactas
their labels and property sets match exactly. On the otherdhdahe match be-
tween the leaf elementsi t OF Measur e in PO schema, and the elemembm



in Pur chaseOr der (Figure 4), isrelaxedas the labeluomis an acronym for

uni t O Measur e. While in this example, the relaxed match is caused by the re-
laxed label match, an overall relaxed match can also occua eessult of a relaxed
property set match. The path length in all cases igaactmatch.

Leaf:Non-Leaf Match. Correspondences can also be established based on se-
mantic information between a leaf element in one schema armahdeaf element
in another schema. In such a case,ghth matchcan be used to compare the ele-
ments (leaf and non-leaf), and rank their QoM based on thbgl§, property sets,
and paths. However, there is always a path differential mmgaring a leaf to a
non-leaf node — the path length of the leaf is 0, while the petbth of the non-leaf
element is by definition a non-zero value. As a result, thb pattch between a leaf
and a non-leaf element is maximally rankedelaxed 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 betweenahedde
shi pTo inthePOschema and the non-leaf elemsehi pTo of Pur chaseOr der
schema (see Figure 4). While there is an exact label and prppet match between
these two nodes, the correspondence between them is raskeldeeddue to the
structural difference (lack of paths in the source elembatjveen 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-leaésaotihe match between
two non-leaf nodes can be categorized by directly applyietrée matchdescribed

in Section 2. That is the match can be ranked based on (1) leeagge — the number

of path matches; and (2) quality of match between differentce and target paths.
Example 9 Consider the sub-trees rooted at the notleses in the PO schema
and the node t ens in the Pur chase Or der schema shown in Figure 4. The
path coverage here i®tal as both nodes have 3 outgoing paths. The path match
between the patHs nes— t emandi t ens— t emisrelaxedas there is a relaxed
(label) match between the nodeisnes andi t ens. By the same token, there is a

relaxedmatch between the other paths, resulting itotal 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 treesislentirely possi-
ble that an intermediate, non-leaf node in one schema treeahpotential cor-
respondence to the root node of the second schema tree.deormice again
the schemas shown in Figure 4. The best correspondence dargf rooted at
pur chasel nf o in schemaPO is obtained by applying the tree match between
the nodepur chasel nf o and thePur chaseOr der node in Figure 4. The path
coverage for the nodpur chasel nf o is total as all paths ofpur chasel nf o
have a match with some pathsRidr chaseOr der . All paths, however, have a
relaxedmatch, resulting in an overall tree match tiftal relaxed

Non-Leaf:Leaf Match. Correspondences can also be established between a non-
leaf element in one schema and a leaf element in another schidns represents
a special case dfee match Thetree matchin this case, is maximally ranked at



partial relaxedas (1) none of the outgoing paths of the source node are abvere
by definition in the target node, resulting inpartial ranking; and (2) theyath
matchfor each source path is rankedrataxeddue to the inherent path differential
between the source paths and the singular leaf node at tet.tar

Example 10 Consider the comparison of the non-leaf nada pTo in thePur -
chaseOr der schema to the nodehi pTo in thePOschema shown in Figure 4.
Here the coverage igartial— the source node has 2 paths compared to the 0 paths
in the target. The pathshi pTo-street, shi pTo—ci ty are compared to the
singular nodeshi pTo in the PO schema — clearly aelaxedmatch at best. The
total match between the tvedhi pTo nodes is hencpartial relaxed

4 Computing the Classifiers — The Classifier Match Model

The base and complex classifiers described in Section 2 aréotindation of
QMatch a hybrid schema match algorithm designed to identify anét the four
types of matches (leaf:leaf, leaf:non-leaf, non-leaf:emf, and non-leaf:leaf) de-
scribed in Section 3. In this section, we describe the coatjmut of the qualitative
base classifiers for label, property set and path lengthcdkierage base classifier
for path coverage, as well as the complex classifiers for padhiree, with the tree
match classifier representing the ove@NMatchalgorithm.

4.1 Qualitative Base Classifier: Label Match

A label, typically representative of natural language, barclassified as either (i)
an atomic label - composed of a single word; or (ii) a comgdaibel - composed of
multiple words, where the start of each word is distinguisgenerally by punctua-
tions (for examplepurchase-ordey; case distinction (for examplpurchaseOrdey,

or numeric digits (for exampletreet). Typically, no restrictions are applied on the
words themselves — they can be a fully-defined dictionarydyan abbreviation,
an acronym, or a substring. For exampjtyis an abbreviation ouantity, uoman

acronym ofunitOfMeasureandaddr a substring ohddress
The qualitative base classifier for two given labédls,and L;, is determined as

follows. The two given labels are first parsed into tokense $imilarity between
the source and target tokens is then measured using existgqugstic similarity
measures such as lin [Lin98], path and wup [WP94]. Finatg,@oM for the base
qualifier, QoM,, for the two labeld., and L, is computed as the average of the best
similarity measure for each source token with a target tokemmally, QoM is
given as:

th cL. [mazy, e, lingMatch(ts, t¢)] + Ztt eL, [mazy ep lingMatch(te, ts)]

QoM (Ls, Lt) =
[Ls| + |Lt|

()

wheret, is a source token of the source laldgl lingMatch is the linguistic sim-
ilarity measure (lin [Lin98], path, or wup [WP94]) for a paf tokens,|L,| is the
number of source tokens for the source label. The variablés and|L;| are sim-
ilarly defined for the target tokens.




4.2 Qualitative Base Classifier: Property Match

Simple and complex type definitions in XML Schemas allow fog tleclaration
of associated properties such as type, occurrence canstrand annotations as
part of the element definition. We formally represent theligguaf match (QoM)
between two property setQoMp, as:

__ 2xsubpropMatch(ps,pt)
QoMp(Ps, P,) = p|]—‘i|+\Pt\ bt @)

wherep, is the source property that is included in the source prgpat P, p;

the target property defined in the target property/3etubpropMatch(ps, p;) the
similarity measure computed for two values of correspogdiaurce and target
properties, andlP;| as well ag P;| 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 fpath lengthis computed very simply by comput-
ing the absolute difference between the lengths of two gpaths, the source and
the target path. Formally, the QoM for the path leng@h )/} is given as follows.

QoMy (paths, pathy) = |pathLengths — pathLengthy| (3)

wherepath, andpath, are the source and target paths, gndh Length, — path-
Length,| represents the difference in the source and target patthiecgmputed
from the root to the source nogde(not necessarily the leaf).

4.4 Structural Base Classifier: Coverage Match

The coverage base classifier, thteuctural match, is the ratio of the number of
source path matches to the total number of paths stemmingtfie source node
n,. If all source paths have a matching target path, then theraege is total and is
denoted by a numeric value df 0. In general, theoveragematch,R,, is:

_ I
|ps|

Rs(ns, ) (4)

where —p¢— is the number of source path matches gndlis the total number of
paths for the source node.

4.5 Complex Classifiers: Path Match

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

QoMpan, = Wi, x QoM + Wp x QoMp + We x QoM (5)

10



where QoM is the label match for the root nodes andn; of the source and
target pathsQ)oMp the property match for the root nodes of the p@ph)/- the
match for all children nodes along the source and targetspathile the weights
W, Wp, andW¢ are tunable parameters used to control the significancechf ea
factor, label, property set, and children nodes, in conmgutine overall quality of
match between two paths. The sum of the weidhis Wp, andWW is 1. 0. The
guality of match of the children nodeQp M, is computed as:

QoMc = QoM (cs, ;) — Wy x QoMy (6)

whereQoM (cs, ¢;) is the quality of match of the direct children of the sourcd@o
with any target node (direct or indirect children, or evea tbot node) of the tar-
get, and is computed as given in Equatiort@)My is the path differential (path
length match) of the two paths — from the source root to thecsonodec,, and
target root to the target node — computed as given in Equation 3, aid; is a
tunable parameter that controls the significance attribtdehe path differential in
computing the final match value.

4.6 Complex Classifiers: Tree Match

The quality of match of &ree matchs determined by comparing (1) the coverage
— the number of path matches; and (2) the quality of match ée@tvihe different
source and target paths. Formally, the quality of matchviorttees rooted at nodes
n, andn; is given as:

QoMpan, = Wi x QoM + Wp x QoMp + We * QoMc (7)

where QoM. is the label match for the root nodes andn, of the source and
target treesQ)oMp the property match for the root nodes of the tregs)- the
match for all direct children paths of the source tree witly path of the target
tree, while the weight$l/;, Wp, andWW, are tunable parameters used to control
the significance of each factor, label, property set, anldidm paths, in computing
the overall quality of match between two trees, afig + Wp + W = 0. The
quality of match of the children pathQo M, is computed as:

QOMpaths + Rs (TLS, nt)

QoMc = 5

(8)

where R,(ns, n;) is the coverage match for the root nodesandn, and is com-
puted as per Equation 4)oM,..;s is the overall quality with which the source
paths match the target paths, and is given as:

Z QOMpath
|ps|
whereQoM,q;, is the quality of match of a source path with a target path and i

computed as given in Equation 5, apd| is the total number of source paths that
stem from the root node, of the source tree.

QOMpaths = (9)

11



5 QMatch - The Hybrid Match Algorithm

QMatchis a direct implementation of the classifier model preseme&gction 4. It
has, as described in Section 4, three major componentialibematchalgorithm
that computes the linguistic match between the labels ofrtaaes, theproperty
matchalgorithm that computes the match between the propertyo$éieg nodes,
andQMatch algorithm that represents thee matchand thepath match

5.1 Label Match Algorithm

The qualitative base classifier fabelsis computed via dabel matchalgorithm

that compares the two labels using a dictionary and othahamyxinformation.
Based on Equation 1, we define thabel Match Algorithmto compute the sim-

ilarity of any two given labels. Figure 5 gives the pseuddedor the algorithm.
For each token pair, we first check if there is an identitypagm, abbreviation,
or substring match between the two tokens using a domaicifgpédocal dictio-
nary that defines the common set of abbreviations, acrorgmiscommonly used
substring/short hand notations for a given domain. If suchasich can’'t be de-
termined, we invoke the linguistic similarity algorithm determine the similarity
distance between the two tokens. We usepath linguistic similarity measure —
a similarity measure based on the path lengths between ptsy@nd equal to the
inverse of the shortest path length between two conceptslel@mine thepath
similarity of two words, we use Wordnet::Similarity [PPMQ4 freely available
tool that measures the semantic similarity and the rel&esliibetween 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 tloegtxon of type, are

simply measured as eithér O - if they are identical; o0. 0 otherwise.
Fortypeswe consider three possible match categorizations: (1stgpe identical.

In this case a measurementhfO is assigned for the type match corresponding
to theexactmatch; (2) types are convertible. For symmetrically cotiblr type
matches, for exampleosi t i vel nt eger can be converted oubl e and vice
versa, we assign a numeric measuremer@i.of. For non-symmetric convertible
types, for exampleat e is convertible tostring but the conversion aft r i ng to
dat e is unlikely. We assign a numeric value @f 5 for such matches. A convert-
ible type match corresponds taelaxedmatch; and (3) types are not a match. In

this case, we assign a measuremeri.dd to indicate the non-match.
Based on Equation 2 and the preceding discussion, Figunee6 tlie pseudo-code

for the Property Match Algorithm

5.3 The QMatch Algorithm

Figure 7 gives the pseudo-code for thgbrid QMatchalgorithm.QMatchis a
recursive depth first match algorithm that uniquely comsithelabelandproperty

12



doubleLabelMatch (String: L, String: L)
{
token, = tokenizer(L;)
token = tokenizen(L;)
for eacht, € token,
for eacht; € token
if isldentical(ts, t;)
matchf;][#:] = 1.0
else ifisSubstring(ts, t;)
matchf;][¢:] = 0.9
else ifisAbbreviation(t,, t;)
matchf;][¢:] = 0.9
else ifisSimilarinDomain(t,, t;)
matchf;][¢:] = 0.7
else
matchf;][ ;] = linguisticMatch(ts, ;)
totalWeight =computeMaxMatclimatch)
QoM = totalWeight + (token,| + |token |)

returnQQoM;y,

Fig. 5. The Label Match Algorithm. The methoadmputeMaxMatch (matclepmputes
the linguistic similarity and corresponds to the numerafdequation 1.

match algorithms together with structural information representation of thizee
matchclassifier.QMatchbegins with the QoM calculation of the leaf nodes based
on thepath matchclassifier given in Equation 5. Here the label and the prgpert
match for the two leaf nodes is computed. To ensure meandingftch results we
introduce a thresholdhresholdy,, for the label match algorithm. Any label match
value above the threshold is regarded as a match, and atlrattehes (below the
threshold) are discarded. For the match of two leaf nodesjdta leaf:leaf match,
the QoM in Equation 5 is numerically denoted &s0, as neither nodes have any
children. Hence, the path match for a leaf:leaf match isrgas

QoM (Ng, N;) = Wy« QoM + Wp x QoMp + W¢ (20)

For a match between a source leaf and a target non-leaf fides & leaf:non-leaf
match, theQoM in Equation 5 is set to the numeric value(fO to indicate the
structural mismatch between the source and target chi(tlersource being a leaf
has no children). The path match for leaf:non-leaf is thusmyas:

QoM (ps, pr) = QoM (Ng, Ny) = Wi, * QoMy, + Wp x QoMp + 0.0 (12)

The match between all source non-leaf nodes and the targdeabnodes is com-
puted using théree matchclassifier (Equation 7). Figure 8 describes the match
computation between all source and target paths — crireefmatctclassifier.
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void PropertyMatch (Element:N,, Element:N;)
{
total = 0.0
for each sub-property, of N,
py =extractSubproperty/N, ps)
Il extract target subproperty that have the same typg as
if isType(ps)
if ps =p¢
weight =1.0
else ifisConvertiblép,, p;) && isConvertiblép;, ps)
weight =0.7
else if lisConvertiblép,, p;) && lisConvertiblép;, p;)
weight = 0.0
else
weight = 0.5
else
if ps =p¢
weight =1.0
else
weight = 0.0
total = total + weight
QoMp = (2 * total) + (numPropertyN,) + numPropertyN,))
returnQoMp
}
Fig. 6. The Property Match Algorithm.

In addition, following the intuition presented in ti@upid [MBRO1] algorithm —
the similarity of the children nodes is enhanced if theressrang correspondence
between the parent source and target nodes — we introduremaselLeafand
decreaselLeafunction to increase and decrease respectively the sityilalues

of leaf nodes based on ancestor similarities prior to allgoritermination. Then-
creaselLeafanddecreaselLeatlgorithms increase and decrease the similarity val-
ues inclncreaseandcDecreasencrements respectively, if the overall match value
of the parent node is above a certain thresholeallThresholdn Figure 7). Fig-
ures 9 and 10 give the pseudo-code foritlh@easelLeafanddecreaselLeafunc-

tions respectively.
The final correspondences identified by @#&atch algorithm along with their

QoM values are presented to the user on completion of theitlgo
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doubleQMatch (Tree: S, Tree:T')
{
S’ = post-order§), T’ = post-order )
for each s= 5’
for each te T’
QoM (s,t) =LabelMatch(s,t)
if QoM (s,1) < threshold,
QoMy, (s,t)=0
QoM p = PropertyMatch(s,t)
if (isLeaf(s) andisLeaf(t))
QoM(s,t) =Wr*QoMy, (s,t) +Wp*QoMp (s,t) +W*1.0
else if ((sLeaf(s) and IsLeaf(t)) or (lisLea{s) andisLeaft)))
QoM(s,t) =Wr*QoMy, (S,t) +Wp*QoMp (s,t) + W*0.0
else
QoM(s,t) =childMatch(s,t)
QoM (s,t) =Wr*QoMy, (s,t) +Wp*QoMp (S,t) +We*QoMe (S,1)

for each s= 5’
for each te 77
if (isLeaf(s) and IsLeaft))
if QoM (s,t)> overallThreshold
increaselLeafs,t)
else
decreaseledfs,t)

Fig. 7.QMatch - The Hybrid Match Algorithm.

6 Experimental Evaluation

We have conducted a set of experiments to (1) determine th@aparameters
for the QMatchalgorithm, that is, the values for the tunable parametefiaelkin
Section 5 that produce the highest precision and recalhi®QiMatchalgorithm;

and (2) evaluate the accuracy of @& atchalgorithm with respect to other existing
schema match algorithms. In particular, we compare theracglof theQMatch
algorithm with aStructuralmatch algorithm based solely on the schema structure,
a Linguisticalgorithm that compares the semantic distance betweendiaensas,
and Cupid [MBRO01], a hybrid algorithm that combines linguistic andustural
matching to determine the correspondences between schnditiase
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doublechildMatch (Tree:S’, Tree:T")
{
totalWeight = 0.0
nMatches =0
for each directhild, of S’
I find the good match fothild; with anynode;
max = 0.0
selectedTNode = null
for eachnode; of T"
overallWeight =QoM (childs, node;)
labelWeight =QoM7, (childs, node;)
if (overallWeight> max and labelWeight threshold )
max = overallWeight
selectedTNode mode;
if (max > 0.0)
pathLength = pathLength §’, child,)
pathLength = pathLength T”, child;)
matchWeight =QoM (childs, node;) - (|pathLength - pathLength |* W)
totalWeight totalWeight + matchWeight
nMatches++

Ry = totalWeight /|child (S7)|
Rs = nMatches /child (S7)|
QoM¢ (s,t) =(Rw + Rg) /2.0
returnQoM¢ (s,t)

Fig. 8. ThechildMatch Match Algorithm. Here the methogdathLength§’, child,)
computes the length of the path from the ré6to the child node-hilds.

void increaseLeaf (Tree:S’, Tree:T")
{
for eachlea fs of S’
for eachiea f; of T’
if QoM (leafs, leaf;) > thresholdy,
QoM (leafs, leaf) = QoM (leafs, leaf;) + Cl ncr ease
if (QoM (leafs, leaf;) > 1)
QoM (leafs,leaf;) =1}

Fig. 9. The IncreaseLeaf Algorithm.
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void decreaselLeaf(Tree:S’, Tree:T")

{
for eachlea f of S’
for eachiea f; of T’
QoM (leafs, leaf;) = QoM (leafs, leaf;) - CDecr ease
if (QoM (leafs, leaf;) < 0)
QoM (leafs, leaf;) =0
}

Fig. 10. The Decrease Leaf Algorithm.

6.1 Experimental Setup and Methodology

Architecture. Figure 11 depicts the architecture of the system implendetate
evaluate the different algorithmsstructural linguistic, Cupid andQMatch The
system takes two schemas (XML schemas) as input, parsesMhesghemas to
produce non-recursive, in memory trees usingRheserunit, and then applies a
match algorithmMatchel) to evaluate the correspondences between the two given
schemas. The Matcher component switches between thewstlidinguistic, Cu-

pid andQMatchalgorithms.

Output

~,
\
Parser Matcher [x2]__ —v2]

Match
Results

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

Algorithms.  All of the match algorithms, structural, linguistic, CupahdQMatch
were implemented in Java (SDK 2.0) and evaluated on a stamel&entium 4, 2.8

GHz machine with 512 MB RAM running Microsoft Windows XP.
We implemented a structural algorithm to measure the ediadce between two

XML schemas starting at the root of the XML schemas. The #lgoris based
on the structural algorithm presented in Cupid [MBRO1]. B linguistic algo-
rithm, we employed théabel Matchalgorithm with thepath similarity measure
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(presented in Section 5) to determine the semantic siryilafitwo given XML
Schemas by computing the similarity between differentpafrlabels. While we
were unable to procure the original implementation of thpi@algorithm, we im-
plemented the Cupid algorithm as described in [MBRO1]. nthe QMatchal-
gorithm is implemented as described in Section 5. Both thedCand theQMatch
algorithms internally employ the Label Match algorithm tetefmine the match
between two given element names.

Algorithm Comparison Metric. To evaluate the quality of our approach, we
compared the manually determined real matchigddr a given match task with the
matchesP returned by the match algorithm. We determined the trueipesi that

is the correctly identified matchds the false positives, that is the false matches,
F = P\ I; and the false negatives, that is the missed matclfes; R \ /. Based

on the cardinalities of these sets, frecisionandRecallof the match algorithms
were computed.

: g 1] 1]
e Precision = - _
|P] [+ F|

. Recall = (J% specifies the share of real matches that are discovered laygte
rithm; an
e Overall Accuracy = 1 — EEM — TEL — Recgll « (2 — 5—L—) represents
; |R| | R . . Precision
a combined measure of match quality, taking into accounptst-match effort
needed for both removing false matches and adding the nisatthes.

estimates the reliability of the match predictions;

po purchaseOrder
/’\ po purchaseOrder
orderNo purchaselnfo  purchaseDate orderNo date /ﬁtmes items
) g ’ nt TomCount  deliverTo invoiceTo
billTo  shipTo items poShipTo poBillTo cou ‘
item item ‘

shippingAddr  billingAddr lines address address

qaty uom quantity

unitOfMeasure

qty
uom

. street city  street City

i
i
!
| ‘\
i
Y i
street  city line ! lineNumber
street city |
]
|

item  quantity unitOfMeasure

Fig. 13.PO Pai r 2: ThePOschema and

Fig. 12.PO Pai r 1: ThePOschema and )
second variant of thpur chaseOr der

first variant of thepur chaseOr der

Schema Schema.
po purchaseOrder
contact header foote\r
H
poHeader contactName orderNumber contact totalValue
t poNumber contactFungtionCode orderDate contactName \ deliverTo invoiceTo
poDate 00”:5‘015'}1"3" ourAccountCode companyName
contactrhone yourAccountCode email address
. ) ' telephone street1
poShipTo poBillTo poLines lines street2
i entityldentifier - entityldentifier count itemCount street3
F attn [ attn startAt item street4
- street1 - streett item yourPartNumber city
F street2 - street2 line partNumber stateProvince
F street3 I street3 partNo itemNumber postalCode
L street4 [ street4 unitPrice partDescription country
i city - city uom unitOfMeasure
i~ stateProvince i~ stateProvince qty unitPrice
+ postalCode  postalCode quantity
L country L country

Fig. 14.PO Pai r 3: ThePOschema and third variant of thpur chaseOr der Schema.
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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 agcuafac
matches, in terms of true positives, false positives argkfakgatives, determined
by the different match algorithms. Ti@Viatchbenchmark, set up for the schemas
in the Purchase Orderdomain, provides manually determined matches between
(1) pairs of concepts from three differeRO source schemas and three different
pur chaseOr der schemas. HerBO Pai r 1, shown in Figure 12, contrasts one
variation of the sourcBOschema with one variation of the targetr chaseOr der
schema, whildO Pai r 2 (shown in Figure 13) anBO Pai r 3 (shown in Fig-
ure 14) contrasts a different sourP® schema with anothgour chaseOr der
schema; (2) pairs of concepts from a sourcair se schema to other course do-
main schemas,eed, uwm andwsu as shown in Figure 15. Tables 1 and 2 sum-
marize the characteristics of the purchase and course d@sutlaémas respectively
based on the number of elements, the maximum depth, and theanwf leaf

nodes.
source.xsd reed.xsd uwm.xsd wsu.xsd
root root root root
I- course I- course I- courselisting I—course
- courseNumber - regNum note I footnote
I section + subj course - sin
- title |- crse title I prefix
I instructor - sect credits - crs
I credits - title level - lab
I place I units restriction - sect
- I instructor sectionListing - title
building L day . |- credits
room : - sectionNote
. - time : I day
L time - section A
startTime - day - time
day dTime h
start | endti - hour start
end - pace |: start end
building end - place
foom I bldgAndRm bldg
room
bldg .
m - |lnsltructor
L instructor - limit
L enrolled
L comments
Fig. 15. The Course Domain Schemas.
‘ PO Pairl ‘ PO Pair2 ‘ PO Pair3 ‘ ‘ ‘ Source ‘ Reed ‘ UwMm ‘ WSuU ‘
#elements 10x9 13x15 40x43 #elements 14 16 20 20
max. of depth 4x3 ax4 ax4 max. of depth 4 4 5 4
#leaves 7 8x8 33x33 #leaves 10 12 15 16
Table 1 Table 2
Characteristics of the Purchase Order ~ Characteristics of the Course XML
XML Schemas. Schemas.

Furthermore, th&@Matchbenchmark contains a database of the manually deter-
mined matches between the different Purchase Order ands€sahemas. As an
example, Table 3 summarizes the manually determined matwteveen the pairs
POPai r 1, POPai r 2 andPOPai r 3.

19



PO Pairl 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 entityldentifier - null
quantity - gty street - street attn - null
unitOfMeasure - uom poBillTo - invoideTo | streetl - streetl
lines - items line - lineNumber street2 - street2
purchaselnfo - purchaseOrder gty - 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
entityldentifier - null
attn - null

streetl - streetl
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
gty - 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 Conceptant the Purchase Order
Schemas

6.2 Determining Optimal Values for Tunable QMatch Paramsete

The accuracy of th®@Matchalgorithm is dependent on a set of tunable parameters
that include: (1)similarityMeasure- the linguistic similarity measure used in the
Label Matchalgorithm; (2)threshold;, — the threshold used in tHeabel Match
algorithm to determine whether two labels should be comsitla match; (3},

— the significance value attributed to the match value ofabellwhen computing
the path match; (4)V» — the significance value attributed to the match value of
the property set when computing the path match;J{%)— the significance value
attributed to the QoM of the children when computing the pattch; (5)\Wy —

the weight attributed to the path differential when compagtihe path match for
non-leaf nodes; (6pverallThreshold- the overall threshold value used to make a
decision on whether or not to increment or decrenteat similarity values based
on ancestor values; and (@ncreaseandcDecrease- the increment and decrement

constants by which the similarity values are increased oradesed.
To determine the optimal values for these parameters, weuobed a set of exper-

20



iments that compared a set of source elements (taken froroesschemas) against
a set of target elements (from target schemas) for a varghgfgparameter val-
ues. A value for these parameters was classified as optintaie$ulted in both
high precision, wherein fewer false matches were returne@®iatch and high
recall, wherein fewer true matches were misse@idjatch A recall value ofl. 0
indicates that all real matches, as determined manua#ygd@icovered by the al-
gorithm. In these experiments, we thus focused on parameahees that provided
high precision for a recall value fixed &t 0. All match results produced by the
QMatchalgorithm were compared against the manually determingdhea in the
QMatchbenchmark (for reference see Table 3).

Similarity Measure. We ran a set of experiments to compare the average preci-
sion provided by théabel Matchalgorithm for three different normalized similar-
ity measures 4in, pathandwup. For this experiment, we compared a set of source
labels with a set of target labels extracted from each of threlase order schema
pairs shown in Figures 12— 14 using the different similangasures. The recall for
the experiments was set At 0. Figure 16 depicts the average precision obtained
by the different similarity measures. We found thatpla¢h similarity measure was
the most precise — in that it provided the most number of tloeirate matches.
This precision was further enhanced when a local domainotiaty was utilized

to determine the abbreviation, acronym and substring neatchhelLabel Match
algorithm thus utilizes thpathsimilarity measure.

1.000
0.800
0.600

0.400 S etk \H
0.200 el e Precision

0.000
-0.200 4 - - - - 55— z -850~ Accuracy y
-0.400
-0.600
-0.800
-1.000

Value

Label Thresholds

Fig. 17. The Average Precision, Recall
Fig. 16. The Average Precision of Differ- and Accuracy of the Label Match Al-
ent Linguistic Similarity Measures. gorithm Obtained by Varying the Label
Threshold Values.

threshold; — Label Threshold. Next, we ran a set of experiments to determine
the optimal threshold for theabel Matchalgorithm, thethreshold;. We set the
similarity measure to thpath measure, and compared a set of source labels with
a set of target labels, both taken from the purchase ordemsas given in Fig-
ures 12— 14. We measured the precision, recall and oveitacy of theLabel
Match algorithm for a varying number of label thresholds, and #sults of the
measurements are shown in Figure 17. As can be seen a labshaold in the
range0. 40 - 0. 45 provides the optimal precision, recall and accuracy values
for the pathsimilarity measure.
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Wi, Wp, We and Wy - The Significance Values. We ran a set of experiments to
determine the optimal significance that should be attribtiehe tunable parame-
ters,W, Wp, W andWy, to achieve a high precision for tipath match Recall
that thepath matclclassifier is given as:

QoMpan, = Wi QoMp, + Wp x QoMp + We * QoMc (12)

whereW;,, Wp, andWW are the significance associated with the match of the label
(QoM7y), the properties@QoMp), and the children@oM ) respectively andiV;, +

Wp + We=1; QoM andQoMp are as defined in Equations 1 and 2 respectively;
andQoM as given below (and in Equation 6):

QoM¢c = QoM (cs, ;) — Wy x QoMy (13)

To reduce the number of variables that contribute tophiln matchin this set of
experiments we compared a set of source paths of length Ogbdd wrget paths

of variable lengths. That is, we performed a leaf:leaf andad:hon-leaf compar-
ison eliminating the quality of match of the childreQ{)M.) as a factor in the
experiments. Th&oM is set to bed. 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 pfagh matchobtained for different
significance attributed to the label. We determined thatbellgignificancell/,,

in the rangeD. 4 - 0. 6 provides the best precision for leaf:leaf, and leaf:non-
leaf matches. The property significanidé is set tol. 0 — W, for leaf:leaf and
leaf:non-leaf matches.

0.700 0.600
0.600

0.500

0500
0.400
0.300
8 0200 @ 0200
x 2

0.100 _|—‘ & 0.100 _|_|

0.000 0.000 |
02 04 06 08 02 04 06 08

0.400

ision Value

0.300

cision Values

Label Weights Label Weights

Fig. 18. The Average Precision &fath Fig. 19. The Average Precision for
Match for Leaf:Leaf and Leaf:Non-Leaf the Tree Matchfor Non-Leaf:Non-Leaf
Comparisons — Determining the Signifi- Comparisons - Determining the Signifi-
cance of Labels and Properties. cance of Children.

Next, we ran a set of experiments to determine the signifearidhe children
matches in achieving a high precision for ffree Matchalgorithm. We compared a
set of source non-leaf nodes with a set of target non-leagsotithe three purchase
order schema pairs given in Figures 12— 14. In this experinvea ignored the
property significancel{’), that is set it to0. 0, and varied the significance of
the label {//;) to measure the significance of the childréri). Figure 19 depicts
the average precision for theree Matchfor varying label significancél;. We
determined that in this scenario, a label significariGein the ranged. 4 - 0.6
provides the best precision for non-leaf:non-leaf matcfiée child significance
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We is settol. 0 — Wy, for the non-leaf:non-leaf matches. Combining the results
presented in Figure 18 and 19, we havelfi) = 0. 43; (i) Wp = 0. 285; and

(i) We =0. 285.

Last, we ran a set of experiments to determine the optimaievidr W — the
significance attributed by the path differential, a la pia¢h length matchFor this

set of experiments, we fixed (I, = 0. 43; (i) Wp = 0. 285; and (iii)) W¢

= 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 the purchase or-
der schemas shown in Figures 12— 14. Figure 20 depicts tmage/erecision for
different values ofV;. Based on these results, we fixed thig at0. 3.
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Fig. 20. The Average Precision of the

Tree MatchObtained by VaryingiVy Fig. 21. The Average of Precision Vary-
Values For FixedV;, Wp andW¢ Val- ing the Overall Threshold Values.
ues.

overallThreshold, cl ncrease, and cDecrease— Adjusting Similarity Values. The
next set of experiments focus on determining the tunablarpaters for the post
evaluation adjustments of the similarity values obtaingdhe Tree Matchalgo-

rithm.
First, we ran a series of experiments to determine the vdloeerallThreshold-

the threshold value that is used to decide whether or nottement or decrement
leaf similarity values based on ancestor values. For this exyaari, theTree Match
algorithm was run with the following parameter values:I{i), = 0. 43; (ii)) Wp
= 0. 285; (iii) W = 0. 285; and (iv) Wy = 0. 3. The QMatchalgorithm was
run to determine a match between the purchase order schémasrgFigures 12—
14, in two stages - first the similarity values were determiafter theTree Match
and second the similarity values were adjusted prior tontempthe final results to
the users (final result dPMatch. Figure 21 reports the average precision for the
QMatchalgorithm obtained by adjusting the threshold after whiehgecond stage
of the algorithm was invoked. We found that optimal precidsior the QMatchal-
gorithm was obtained when tloerallThresholdor the similarity values returned

by the first stage of the algorithritiee Match was set td. 7.
Next to determine the optimal adjustment parametdrgreaseandcDecreasewe

fixed Tree Matchparameters as before. In addition, we setdterallThresholdo
be0. 7. We then compared a set of source and target nodes of thephrelease
order schema pairs shown in Figure 12— 14. Figure 22 depietaterage precision
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of theQMatchalgorithm for differentDecreasealues. We found thateDecrease
value of0. 075 and acincreasevalue of0. 1 resulted in optimal precision of the
QMatchalgorithm under these conditions.
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T T T
0.050 0.075 0.100 0.125
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Fig. 22. The Average Precision Obtained by Varying cDe@a#dues wherein clncrease
is fixed at 0.1 .

6.3 QMatch Quality

We ran a set of experiments to evaluate the overall precemhaccuracy of the
QMatchalgorithm and compared tligMatchprecision with astructural[ MBRO1],
Label Match andCupid [MBRO01] algorithms. Table 4 presents the settings of the
tunable parameters (see Section 6.2) that were used f@Ntechalgorithm.

thresholg, | Wy, Wp We | overallThreshold| Wy | 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 parametersidure a fair compari-
son we ran a set of experiments similar to those describeeldtid 6.2 folQMatch

to determine the optimal settings for these tunable parensielable 5 presents the
settings that were used for the Cupid algorithm. Additibnals stated earlier, both
Cupid andQMatchutilized theLabel Matchalgorithm that was implemented as
part of this work. Furthermore, to evalua@Matchand Cupid on the same level
we implemented a version @Match QMatch’, that limits theproperty matcho
just atype matchalgorithm.

threshold, | Wy, | W¢ | thresholdysim | Clncrease| cDecrease
0.45 0.8 0.2 0.6 0.1 0.075

Table 5
The Settings for the Tunable Parameters for the Cupid Adgari

Figure 23 depicts the number of matches returned by the flvensa match algo-
rithms, structural, Label match, Cupi@Match’, and QMatch together with the
number of expected manual matches as defined iQtatchbenchmark, for the
purchase order schema pairs shown in Figures 12— 14. As caadrefrom the
graph, the CupidQMatch’ and QMatch algorithms all return close to the same
number of matches for the schemas that are structurallyeclgsave the same

24



number of paths). However, for the schema pair in Figure l4structurally di-
vergent schema where the number of paths are different —thet@Match’ and
QMatchperform significantly better than the Cupid algorithm prbrg the num-
ber of matches closest to the manually expected matchesQMachalgorithm
performs slightly better than th@Match’ algorithm, suggesting some benefits to
exploring more in-depth property matching. We repeatesl ¢éxperiment for the
Course domain schemas. As can be seen, the results in Figwadi@ate the re-

sults shown in Figure 23.
Figure 25 depicts the precision achieved by the five algmsthHere the recall

was set tdl. 0 and the precision of the structural, linguistic, Cupg@dMatch’, and
QMatch algorithms was measured. As can be seen from the graph é~ih);
QMatchperforms the best — providing the highest precision amohggdrithms,
including theQMatch’ algorithm suggesting that there is enough improvement to
validate the use of a full-fledged property match algoritrsrpart of an overall
match algorithm. An interesting result was the precisioriggenance ofQMatch’
with respect to Cupid. While they both perform the same typklabel match, the
results in Figure 25 suggest that the path-based matchiQiaitchandQMatch’
can provide better match precision than the traditionaglgiidased structural match-
ing performed by Cupid and other algorithms. We repeatedexperiment for the
course domain schemas shown in Figure 15. As can be seersthlesrshown in
Figure 26 validate the results shown in Figure 25.
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Fig. 23. The Number of Matches Re- Fig. 24. The Number of Matches Re-

turned by the Five Schema Match Algo- turned by the Five Schema Match Algo-
rithms Together with the Manually Ex- rithms Together with the Manually Ex-

pected Matches for the Purchase Order ~ Pected Maiches for the Course Domain
Schemas Shown in Figures 12— 14. Schemas Shown in Figure 15.

7 Conclusions

In spite of the many matching techniques that have been e@lo the litera-
ture, schema matching still remains a challenging area okwio address this
challenge, in this paper we have presented a hybrid schertehimg algorithm
QMatchthat performs a path-based matching of two XML schema tiemsshased
on the measurement of a unique quality of match metric, Qaid,aset of clas-
sifiers which together provide not only an effective basisthe development of
a new schema match algorithm, but also a useful tool for tuekisting schema
match algorithms to output at desired levels of matching.N&fee conducted a
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Schema Match Algorithms Evaluated us- Schema Match Algorithms Evaluated us-
ing the Purchase Order Schemas shown  ing the Course Domain schemas shown
in Figures 12— 14. in Figure 15.

set of experiments to both tune t@datchalgorithm for optimal performance, as
well as to compare the precision @Matchalgorithm with structural, linguistic,

and Cupid algorithms.
To key hypothesis of our work were: (1) a path-based matcbrigtgn, that is an

algorithm based on matching the paths that stem from thenode¢ of an XML
schema tree, provides better match quality and precisiwh(2) enhanced match-
ing of the different properties defined for an XML schema edatrcan improve
the match precision. We ran a set of experiments to compapedCaiwell-known
schema algorithm also based on linguistic and structuf@ainmation, withQMatch

To ensure a fair comparison, we reduced Buoperty Matchalgorithm to per-
form only thetype matchinglone by Cupid. We found that for schemas with sig-
nificant structural differences and matches at differeme¢lie QMatch with only
type matching@QMatch’) performed better than Cupid, thereby validating our first
hypothesis. To validate our second hypothesis, we compheethatch precision
of QMatch with full-fledged Property Matchwith QMatch’, QMatch with only
type matching. Our experimental results show that impramsiin theProperty
match— matching of additional properties — can indeed enhanaateh precision

achieved by the match algorithm.
Schema integration and matching are important areas ainase~uture directions

for this work include studying the effect of different dimtiaries, including domain
specific dictionaries, to improve the precision of matctoathms; statistical sam-
pling of data and subsequent establishment of co-relabehgeen data sets from
two XML schemas to establish correspondences in the caseai schemas; and
exploring different directions for better match algorithm
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