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size. Different size of ontology will lead to small
similarity result [3,9]. Semantic similarity computation
to measure between two ontologies were explained by
Sarno et al. in [1,6,12,13]. In this paper, we use ontology
mapping technique to measure whether tenant’s
ontology comply with provider’s ontology. We apply
this method to the case of web service-based ERP
business process variations.

Abstract
Ontology represent shared knowledge about certain
domain. One important feature of ontology is its ability
to grow or extend to express some new business
changes. In a multi-tenancy architecture, like servicebased ERP (Enterprise Resource Planning), both tenant
and provider have their own ontology. Tenant’s small
ontology must be matched or comply with provider’s big
ontology before transaction take place. Similarity
computation for ontology will fail to address this
problem, because both ontologies are different in size.
Therefore, we use ontology mapping technique to
measure whether tenant’s ontology is comply with
provider’s ontology. We employ lexical and semantic
similarity algorithm to do the mapping. The results
indicated that this method can be used to check the
compliance of tenant’s ontology with provider’s
ontology.

Ontology mapping is a process of combining two
ontologies, where there are a lot of overlap as well as
synonyms between them [16]. The term “Ontology
Mapping” itself often mixes with the term “Ontology
Merging” [4].
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Related works about combining two ontologies have
been conducted by scientists in the last decades. At least
there are three terminologies of ontology combining
process, those are Ontology Alignment, Ontology
Mapping and Ontology Merging. Cross et al. use
ontology alignment to describe the process of combining
two different ontologies [2].
Stumme et al. in [15] use ontology merging to build
new ontology from two different documents. Taylor et
al. also use ontology merging process to build new
ontology from many unrelated sources [16]. Therefore in
ontology merging, there are very little overlap betwen
the two ontologies.

1. Introduction
The use of ontology in the area of web service
application has been widely accepted lately, both for
academics and industry. One of the important aspects of
ontology is its ability to extend and communicate with
other ontology. Moreover, ontology has been use as a
standard language to represent knowledge in the
semantic area.

2. Backgrounds
2.1. Domain Ontology

In a multi-tenancy architecture like service-based
ERP (Enterprise Resource Planning), both tenant and
provider have their own ontology. Each tenant might
have different ontology representing their business
process [8]. On the other hand, service-based ERP
provider has one big ontology contains many available
business processes. Tenant’s small ontology must be
matched or comply with provider’s big ontology before
transaction can be performed. Therefore, a mechanism to
measure whether tenant’s ontology matched or comply
with provider’s ontology is vital.

In heterogeneous environment, it is very important to
use domain ontology as a reference for ontology
processing. Domain ontology will help to solve
heterogeneity problem in the case of concept
misperception [5,11]. For example, tenant might use
terms “Order” to express purchase order process. On the
other hand, in provider’s side, terms “Order” might have
at least two meanings, either “Purchase Order” or
“Production Order”. Fig. 1 describes small part of ERP
domain ontology related with this example. Without
domain ontology, the system will fail to recognize the
correct meaning [11].

Ontology similarity computation will fail to address
this problem, because both ontologies are different in
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In this research, we define domain ontology in the
case of service-based ERP (Enterprise Resource
Planning). We build our domain ontology by combining
terminologies and concepts used by major ERP vendors
like SAP, Oracle, JDEdwards and more.

3. Methodology
In our system, tenants must provide ontology of their
business process before they can use web service from
provider. On the other hand, service-based ERP provider
has one big ontology contains many available business
processes that can be performed by the provider to serve
tenants.

Logistics

Materials
Management

Inventory

To address this problem, we proposed ontology
mapping technique to measure whether tenant’s
ontology comply with provider’s ontology. This method
involve some steps described by Fig. 2 below.

Production
Planning

Production
Order

Lexical Similarity (S1)
(Wordnet Sim + Cosine
Sim)

Purchase
Order

Semantic Similarity (S2)
(Concept Similarity)

Fig. 1. Example of ERP Domain Ontology

2.2. Concept Similarity
Aggregate Similarity
(S1 + S2)

Concept similarity is used to measure the degree of
similarity between two OWL concepts. Two concepts
considered more similar if they are more related.
According to [7] Concept Similarity (C,C) →[0,1] is
defined as a function from a pair of concepts to a real
number between zero and one, expressing the degree of
similarity between two concept such that:
1.

x  C, (x,x) = 1

2.

x,y C,(x,y) = (y,x)

Mapping Rules
(Children Matching)
Fig. 2. Proposed Method

In our method, we combine lexical similarity
checking and semantic similarity checking. For lexical
similarity, we use Wordnet Similarity and Cosine
Similarity. For semantic similarity, we use concept
similarity algorithm by [7]. Then, aggregate similarity is
computed. The last step we employ mapping rules to
check whether every concept children of tenant’s
ontology are mapped in the provider’s ontology.

From the definition above, we can see that the degree
of similarity between two concepts is transitive and
symmetric.
One technique to measure the similarity between two
concepts is by measuring the distance between the two
concepts [7]. Basically, this algorithm pay attention on
the structure of the ontology [10,17]. Two concepts
considered more similar, if their distance in ontology is
smaller or closer. The formula is expressed below:

Fig. 2 below shows a small part of provider ontology
describing two variations of Procure to pay business
process of ERP. Small ontology of the tenant (Fig. 3)
must be measured to check whether it can comply with
ontology from provider.

(x,y) = 1 - (x,y)
Where, δ(x,y) is distance between concept x and
concept y. While the formula to compute distance of two
concepts is expressed below:
δ(x,y) = [w(ccp(x,y) ) - w(x)] + [w(ccp(x,y) ) - w(y)]
Where, ccp(x,y) is a common parent between concept
x and y, and w(ccp(x,y)) is the weight of common parent
of concept x and y. w(x) is the weight of concept x, and
w(y) is the weight of concept y.
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Fig. 3. A Part of Provider’s Ontology

Fig. 3 below shows an example of a tenant’s
ontology that describes business process of their
business. Tenant’s ontology may vary depends on their
policy and business process.

provider’s ontology using domain ontology as a
reference. Table 2 shows the complete concept similarity
score for each concept.
No

Term

1.
2.
3.
4.
5.
6.
7.
8.

Variations
PurchaseWithoutReturn
PurchaseWithReturn
PurchaseRequest
PurchaseOrder
Receiving
PurchaseInvoice
PurchaseReturn

Purchasing

Request

Order

Receive

Invoice

Fig. 4. Example of Tenant’s Ontology

Table 1. Cosine Similarity Score

3.1. Lexical Similarity
Lexical similarity identifies similar concepts based
on their names [14]. For this purpose, we use Wordnet
Similarity and Cosine Similarity. Wordnet used to
compute the relatedness between two words. While
cosine similarity used to measure similarity between two
vectors consist of collection of words.
In our example, the term Purchasing from tenant’s
ontology is compared with every term in provider’s
ontology. Each term needs to be preprocessed using
camel-case method in order to get the basic term. For
example, processing PurchaseRequest gives result the
term Purchase and Request. Table 1 shows complete
similarity score for each term.
3.2. Concept Similarity
We use formula from section 2.2 to compute the
distance between two concept using our domain
ontology.
In our example, concept Purchasing from tenant’s
ontology then compared with every concept in

Cosine
Sim
0.25
0.58
0.58
0.71
0.71
0.33
0.71
0.71

No

Term

1.
2.
3.
4.
5.
6.
7.
8.

Variations
PurchaseWithoutReturn
PurchaseWithReturn
PurchaseRequest
PurchaseOrder
Receiving
PurchaseInvoice
PurchaseReturn

Concept
Sim
0.94
0.875
0.875
0,125
0,125
0.125
0.125
0.125

Table 2. Concept Similarity Score

3.3 Aggregate Similarity
To gives better and valid similarity score, we
combine our result in table 1 and table 2 using the
following formula.
Sim = (0.5*CosineSim) + (0.5*ConceptSim)
In the above formula, the weight of lexical
(CosineSim) and semantic similarity (ConceptSim) is
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Table 4. Aggregate Similarity for All Children

equal, that is 0.5. In some condition, we can assign
different weight to express our preference of similarity
instead of the other. For example, we can assign weight
of 0.4 for CosineSim and 0.6 for ConceptSim if we think
that ConceptSim is more important and will give better
result.
For equal weight of 0.5, resulting the following total
similarity score.

No
1.
2.
3.
4.
5.
6.
7.
8.
9.
10
11
12
13
14
15
16

Table 3. Aggregate Score

N
o
1.
2.
3.
4.
5.
6.
7.
8.

Term

S1

S2

Variations
PurchaseWithout
Return
PurchaseWithRet
urn
PurchaseRequest
PurchaseOrder
Receiving
PurchaseInvoice
PurchaseReturn

0.25
0.58

0.94
0.875

Aggrega
te
0.595
0.7275

0.58

0.875

0.7275

0.71
0.71
0.33
0.71
0.71

0.125
0.125
0.125
0.125
0.125

0.4175
0.4175
0.2275
0.4175
0.4175

Term
(Ont2)
Request

Order

Receive

Invoice

Term
(Ont1)
PurchaseRequest
PurchaseOrder
Receiving
PurchaseInvoice
PurchaseRequest
PurchaseOrder
Receiving
PurchaseInvoice
PurchaseRequest
PurchaseOrder
Receiving
PurchaseInvoice
PurchaseRequest
PurchaseOrder
Receiving
PurchaseInvoice

Sim

Match

0,7925
0,461
0,53245
0,0235
0,461
0,7925
0,586
0,0235
0,469
0,469
0,9375
0,03125
0,02345
0,02345
0,02345
0,7925

Match

Match

Match

Match

4. Result and Analysis
Using threshold value of 0.7, we got two concept
candidates that are similar with concept Purchasing from
tenant’s
ontology.
Those
concepts
are
PurchaseWithoutReturn
and
PurchaseWithReturn.
Those two concepts are candidates for concept
integration.

The result of our system indicates that this method
can be used to measure the degree of compliance
between two ontologies. In our experiment there are at
least three possibilities of ontology mapping result.
1.

3.3. Mapping Rules

Mapped Perfectly (no new concept is added in the
provider’s ontology)

After getting concept candidates for mapping, the
next step would be applying rules to select the best
concept among the concept candidates.
According to [16], two concepts can be merged if all
their children match. Therefore, we measure the
similarity (combination of cosine similarity and concept
similarity) for each children of concept Purchasing
(tenant’s ontology) with every children of those two
concept candidates in provider’s ontology.

Fig. 4. Tenant’s Ontology Mapped Perfectly

Because each children will have more than one
similarity score, we employ the following formula to
select the maximum similarity.

Straight lines indicate concepts of provider’s
ontology, and dotted lines indicate concepts from
tenant’s ontology that is mapped to provider’s
ontology. We can see in Fig. 3, that concept A and
all of its children (A1, A2, A3) are mapped
perfectly because there are already similar concepts
exist in provider’s ontology for all concepts in
tenant’s ontology.

Sim(x,y), x  ont1, y  ont2 = Max(Simaggregate(x,y))
Table 4 shows the complete result of children
similarity computation. As we can see in table 4, using
threshold value of 0.7 each child of concept Purchasing
(Ontology2) have a match concept in the opposite
ontology. This indicates that the tenant ontology is
perfectly mapped, and therefore, no concept addition
needs to be done in provider’s ontology.

2.
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Mapped Partially (there are new concepts added in
the provider’s ontology, because there are no
similar concept that represent concept from
tenant’s ontology)
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mapped. Either way, this method can be used to measure
the degree of similarity of compliance between tenant’s
ontology and provider’s ontology.

5. Conclusions and Suggestions
In service-based application, there is a need, where
tenants are able to construct their own business process
according to their needs dynamically and semantically.
This will make a new way for business to gain win-win
solution between service provider and tenants.

Fig. 5a. Mapped Partially Type 1

In Fig 5a, all concepts are mapped in provider’s
ontology except for concept B4. There is no similar
concept in provider’s ontology for concept B4,
therefore concept B4 must be added to the
ontology. Another type of partially mapped
scenario is like the one showed in Fig. 4b, where
tenant’s ontology is smaller than the concept in
provider’s ontology.

In this paper, we propose a method to check whether
ontology of a tenant comply with ontology of provider
using ontology mapping technique. We believe that this
method can become an answer for compliance problem
using ontology in a buyer and seller schema.
Our suggestions, methods to combine ontology is
very important to develop. Because we believe in the
future, as more people use ontology for their semantic
technology, people will start to think how their ontology
can communicate or interact with other ontology for
interoperability.
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