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Abstract

Clustering elements defined in
schemas has been recognized for re-
ducing the number of element-to-
element comparisons and hence im-
proving the schema matching per-
formance. In this paper, we pro-
pose a label-based metadata that
facilites the schema clustering such
that a cluster contains elements rep-
resenting semantically similar infor-
mation. Our experiments showed
that a relation-based metadata (RM)
is a potential metadata that not only
facilitated the schema clustering but
also supported the reduction of the
number of comparisons in the schema
matching process.

1 Introduction

Schema matching (Madhavan et al., 2001;
Rahm and Bernstein, 2001) has been recog-
nized in several database application domains
such as schema integration, data warehouse, e-
commerce and semantic query processing. Its
fundamental operation is match which takes
two schemas as input and produces a map-
ping between elements of the two schemas that
correspond semantically to each other. In ad-
dition, the match operation (Li and Clifton,
1994) is typically done in a pairwise fashion in
which all possible pairs of elements are com-
pared. This results in unreasonably large tasks
especially since most pairs do not represent the
same information.

Today, some approaches ranging from
element-based to content-based heuristics have
been proposed in the literature (Li and Clifton,
1994; Madhavan et al., 2001) to reduce
the number of element-to-element comparisons

and hence improve the schema matching per-
formance. In the absence of data instances
(or content), Cupid (Madhavan et al., 2001)
clusters elements and defines cluster metadata
based on either data types of elements or con-
cepts of tokens encapsulated in element names.
Here, all possible pairs of elements, e5 and e,
in compatible categories of two schemas, S,
and Sy, are compared to find the matching
pairs. This approach potentially reduces the
number of element comparisons. However, a
big overhead occurs in finding compatible cat-
egories which are determined by comparing all
tokens in two given categories. In addition,
schema clustering is heavily dependent on con-
cepts predefined by experts, prohibiting it to
be done in an automatic manner. SemlInt (Li
and Clifton, 1994) trains neural networks to
classify elements according to element specifi-
cations (i.e. type, length and value constraint)
and data values (i.e. patterns and statistics).
Each category is represented by the numeric
metadata, an average vector over numeric vec-
tors of elements! in the category. The match
between the source element (es) and the nu-
meric metadata (the representative of target
elements ey,,..., ;) implies that es potentially
matches with all e;,..., e;;. This approach
infers element relationships unrecognized by
programmer and hence provides an automatic
schema clustering. However, it potentially pro-
duces too many clusters wherein each cluster
contains only elements representing the same
information. In particular, the number of clus-
ters is likely equivalent to the number of ele-
ments, making it hard to reduce the number
of comparisons.

While these approaches take steps into the

!The numeric vector of an element is created based
on numeric convertible element specification and data
values.



right direction, each approach individually is
limited to an efficient comparison. To ad-
dress the previous drawbacks, we believe that
the application of filtering methodoloy enables
the reduction of comparisons. Specifically,
target elements of the target schema S; are
first clustered wherein each cluster should con-
tain elements representing semantically simi-
lar (not the same) information. For example,
element names telephone, fax and email rep-
resent telecommunicating information, while
element names county, city and state are ad-
dress information. A source element e of the
source schema Sy is then compared to target
elements ey,,..., et; in the clusters whose meta-
data matches the source element ey itself to
further find its mapping.

To achieve such cluster, in this paper, we
thus propose a simple but novel and practical
metadata created based on element names (or
labels). This is mainly because element label
is the only information that enables the cre-
ation of clusters containing semantically simi-
lar information. Particularly, we have defined
three metadata, namely distinct-based (DM),
synonym-based (SM) and relation-based (RM)
metadata. Our experiments through realistic
databases showed that: (i) these three meta-
data facilitated the schema clustering in an au-
tomatic manner wherein they provided an ap-
proximate 60% clustering accuracy; and (ii) as
expected, RM metadata yielded less number
of tokens than DM and SM metadata, signifi-
cantly reducing the number of token compar-
isons in the schema matching process.

Roadmap: The rest of this paper is or-
ganized as follows: Section 2 describes three
metadata types. Section 3 gives the linguistic
similarity measure. Experimental evaluation is
given in Section 4. We conclude in Section 5.

2 Label-based Cluster Metadata

In this work, we consider metadata as a rep-
resentative of a group of element labels (not
data contents) defined in a schema. For ex-
ample, the metadata address refers to street,
city, state and zipcode elements. Particularly,
we have defined three metadata types, namely
distinct-based metadata (DM), synonym-based
metadata (SM) and relation-based metadata
(RM). Each metadata M’ of choice is created
based on a current metadata M and an ele-

ment label L to be added into a cluster. Details
of each metadata are provided in the following
sections and (Lousangfa et al., 2007). For sim-
plicity, let Ths a set of normalized tokens %, in
M, Ty, a set of normalized tokens ¢; in L, and
T, a set of normalized tokens t,, in M.

2.1 Distinct-based (DM) Metadata

Definition 1 T}, = Ty U Tp,

Description: A distinct-based metadata
(DM) is simply a collection of lexically differ-
ent tokens defined in T); and T7,.

Consider Table 1 that shows two metadata
created based on: (1) the current metadata
{street,state} and label country; and (2) the
current metadata {street,state} and label city.
With the DM type, in the first example, the
new metadata {street,state,country} is created
by combining all tokens defined in the current
metadata and label. Similarly, in the second
example, the new metadata {street,state,city}
is created.

2.2 Synonym-based (SM) Metadata

Definition 2 Ty, = (Tay U Ty) - S

where S = {t; | t; € Tr, and ¢; is synonym to
tm € TM)}

Description: A synonym-based metadata
(SM) is a collection of tokens defined in T
and 77, where such tokens must be lexically
different and are not synonym to each other.
In particular, it is an extension to a distinct-
based metadata with the exception that one
of two lexically different but synonym tokens,
tm and £, is removed to reduce the number of
tokens in metadata.

Again, consider Table 1 with the SM
type. In the first example, the new metadata
{street,state} remains the same as country is
synonym to state. In the second example, the
new metadata {street,state,city} is created as
there is no identical or synonym token pairs.

2.3 Relation-based (RM) Metadata

Definition 3 T, = ((T)y UTL) - S - R)
UA
where S = {t; | t; € Ty, and ¢; is synonym to
tm € TM}, R = {tm, t | ty €Ty, ty, € Ty and
t; is related t,,} and A = {t | t is the nearest
ancestor of ¢, and ¢; where t,, is related to t;}
Description: A relation-based metadata is
a collection of tokens defined in Tj; and T7,



Table 1: Example of Metadata Types

[ [ street | state ][ DM [ SM [[ RM |
xample 1: country . . street_state_country street_state street_state
E le 1 0.60 1.00
xample 2: city . . street_state_city street_state_city street_region
E le 2: ci 0.74 0.89 i i i

where such tokens must be lexically different
and are not related. Two tokens, t,, and {;,
are related if their match is above threshold.
In particular, it is an extension to a synonym-
based metadata with the exception that two
lexically different but related tokens, ¢,, and
t;, are replaced with their nearest ancestor.

Again, consider Table 1 with the the RM
type. In the first example, the new metadata
{street,state} is created in a similar manner to
the SM type. In the second example, the new
metadata {street,region} is created wherein re-
gion is the nearest ancestor of two related to-
kens, state and city.

3 Linguistic Similarity Measure

An element name (or label), typically repre-
sented by natural language, can be classified
as either (i) an atomic label - composed of a
single word; or (ii) a composite label - com-
posed of multiple words, where the start of
each word is distinguished generally by punc-
tuations (for example, purchase-order), case
distinction (for example, purchaseOrder), or
numeric digits (for example, streetl). Typi-
cally, no restrictions are applied on the words
themselves — they can be a fully-defined dictio-
nary word, an abbreviation, an acronym, or a
substring. For example, gty is an abbreviation
of quantity; uom an acronym of unitOfMeasure;
and addr a substring of address.

To determine the similarity distance be-
tween two given atomic labels, we use the
linguistic similarity measure defined in Word-
Net::Similarity (Pedersen et al., 2004). The
similarity distance between two given compos-
ite labels, on the other hand, is computed
on the basis of the similarity distance of two
given atomic labels. Specifically, three essen-
tial steps are needed: (1) the two given la-
bels are first parsed and normalized into to-
kens (words); (2) the similarity of all possible
token pairs is measured; and (3) the similarity
of two labels is finally computed based on the
similarity results on return from step 2. In par-
ticular, the similarity of a metadata and an el-
ement label (in step 3), denoted as sLSim(M,

L) or sLSim(Tys, T1), is computed as the av-
erage of the best similarity of each element to-
ken t; with a metadata token t,, and and the
best similarity of each metadata token t,, with
an element token t;, a symmetric computation.
sLSim(Tn, T1) is formally given as:

1Stmag (TM, TL) +1Simy, (T]\/[7 Ty,
|Tne| + |7

SLSim(TM, TL) =

where

lSimM(TM,TL): Z [mawt,eTLlingSim(tm,tl)]
tm €Ty
(2)

1Sty (T, To) = Z [mazt,, ery, ling Sim(tr, tm)]

t €T,
3)
where lingSim is the linguistic similarity
measure between two given tokens, and |T|
as well as |T7| are the number of tokens in the
metadata and element label, respectively.

4 Preliminary Experimental
Evaluation

The goal of label-based metadata is to (i) fa-
cilitate schema clustering; (ii) improve schema
matching process; and (iii) represent element
members. In this evaluation, we showed the
benefit of label-based metadata on schema
clustering and schema matching, while the rep-
resentative of element members can be found
in (Lousangfa et al., 2007).

4.1 Experimental Setup and
Methodology

Figure 1 illustrates the overall architec-
ture of label-based clustering system, namely
[Cluster. The [Cluster system takes a set
of schema elements as input and produces
a set of clusters as output. Specifically,
[Cluster is developed on top of two modules:
LabelMatching — providing the match value
of two labels as defined in Section 3. In this
evaluation, we use the wup measurement (Wu



and Palmer, 1994); and LM C (Lousangfa et
al., 2007) — providing the label-based cluster
metadata as defined in Section 2.
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Figure 1: The Overall Architecture of [Cluster
system.

For each schema element e, the process of
[Cluster would discover for its appropriate
clusters determined by the difference distance?
between the label of element e itself and the
cluster metadata. If the difference distance is
less than threshold, that element e is decided
to be in the cluster. Once there is a new ele-
ment put into a cluster, the cluster metadata
is updated to reflect it element members. Oth-
erwise, the new cluster is created with the ele-
ment label as the cluster metadata. Consider
Figure 2 as an example with relation-based
metadata (RM). Here, as there is no cluster
in the system, a new cluster is thus created for
the first element personEmail with the cluster
metadata person, email. For the second ele-
ment personTelephone, it is compared to the
metadata of existing cluster — person, e-mail,
and is determined to be in this cluster as their
difference distance is less than threshold. The
cluster metadata is then updated from person,
email to person, telecommunicate to reflect its
element members. Lastly, with the third ele-
ment address, its difference distance with the
cluster metadata person, telecommunicate is
over threshold. The new cluster is thus cre-
ated for it with the metadata address.

2In this evaluation, we applied the Euclidean dis-
tance to determine the difference distance between an
element label and a metadata wherein it is based solely

on label: \/(1 — sLSim(Twn, Tr)?

Measure of Efficiency. To evaluate the
benefit of label-based metadata, we measured
(i) the clustering accuracy between clusters
produced by the [Cluster against manually
determined clusters. Particularly, we com-
puted the clustering accuracy using final F-
Measure (Zhao and Karypis, 2002) modified by
Dan Walker (Walker, ) which is calculated as
per system clusters, not manually determined
clusters. In addition, we modified the weight
ratio such that the overall F-measure is nor-
malized. The weight ratio is the number of
matched elements between a manual and sys-
tem clusters divided by the total number of el-
ements in schema; and (ii) the number of com-
parisons in schema matching process based on
clusters produced.

Databases. In this evaluation, we used 4
database schemas related to research informa-
tion®:

e National Science and Technology Delop-
ment Agency (NSTDA) research schema
consists of 15 elements.

e National Electronics and Computer
Technology Center (NECTEC) research
schema consists of 38 elements.

e National Metal and Materials Technology
Center (MTEC) research schema consists
of 80 elements.

e National Center for Genetic Engineering
and Biotechnology (BIOTEC) research
schema consits of 76 elements.

4.2 Experimental Result

A series of experiment were conducted to eval-
uate the petential benefits of label-based meta-
data on schema clustering and schema match-
ing.

4.2.1

The first set of experiments measured the
accuracy of label-based metadata — DM, SM
and RM. The accuracy was defined as the
ability of metadata to facilitate schema cluster-
ing against manual clusters defined by experts.
Particularly, the experiments were conducted
for each previous research schema via [Cluster

Clustering Accuracy

3Research information is information about re-
searcher, publication and research project.
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Figure 2: The Clustering Example.

varying by different metadata types as well as
various difference distances.

Figure 3 shows the best average clustering
accuracy via the application of different meta-
data types on 4 research schemas. The x-
axis has the metadata types and the y-axis
is the clustering accuracy measured using F-
Measure. Here, DM, SM and RM equiva-
lently performed with the approximate cluster-
ing accuracy of 60%. In particular, all DM,
SM and RM worked well for the difference
distance threshold of 0.15.
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Figure 3: The Clustering Accuracy.

4.2.2 Schema Matching Improvement

The second set of experiments measured the
effectiveness of label-based metadata — DM,
SM and RM. The effectiveness was defined
as the ability of schema clusters created to
the improvement of schema matching perfor-
mance. The improvement was determined by

the number of token comparisons — the less
number of token comparisons implied the bet-
ter schema matching performance. Particu-
larly, the experiments were conducted on the
source research schema that contained 16 ele-
ments with the overall 17 tokens against the
target BIOTEC research schema that con-
tained 76 elements with the total of 150 to-
kens. Initially, BIOTEC research schema was
clustered based on each metadata type. Each
source element was then compared with each
individual metadata of BIOTEC clusters and
further compared with a set of target elements
in the matched clusters. The best difference
distance was selected for each metadata type.

Figure 4 shows the number of token compar-
isons in discovering the mapping of source ele-
ments with target elements. The x-axis has the
metadata types and the y-axis is the number
of token comparisons. Here, RM performed
the best with 1890 token comparisons, 25%
reduced comparisons comparing to matching
without clusters. SM was slightly better than
matching with no clusters. DM performed the
worst requiring 2957 token comparisons. This
is mainly because DM had more number of
tokens in metadata than SM while its of SM
was more than RM as shown in Figure 5. Con-
sequently, there was many more clusters cre-
ated based on DM and SM that matched each
given target element than RM did.

5 Conclusion

We believe that the application of filtering
methodoloy enables the reduction of element-
to-element comparisons.  Specifically, ele-
ments of the target schema S; are first clus-



3000

2800

2600

2400 -
2200 -
2000 -
1800 -
1600 -

No Group

The Number of Token Comparisons

DM SM RM

Metadata Types

Figure 4: The Number of Token Comparisons.

08 [ — i
c =
K]
2
T 06 q
k7]
a |
2 i
g o4t s B
£ u
o2f &7 1
$ DM ——
$ SM oo
e ‘ ‘ _ Ru
0 2 4 6 8 10 12

The Number of Tokens

Figure 5: The Cumulative Distribution of The
Number of Tokens.

tered wherein each cluster should contain el-
ements representing semantically similar (not
the same) information. A source element e
of the source schema S, is then compared to
target elements e, ..., €;; in the clusters whose
metadata matches the source element ey itself
to further find its mapping. In this paper, we
thus propose a label-based metadata that fa-
cilites the creation of such clusters. Our ex-
periments showed that a relation-based meta-
data (RM) is a potential metadata that not
only facilitated the schema clustering but also
supported the reduction of the number of com-
parisons in the schema matching process.
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