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Abstract

A businessprocessmay be modeled in di! erert ways
by dile rent modelers even when utilizing the same
modeling language An appropriate method for sol-
ving ambiguity issuesin process modelscausel by the
use of synonyms, homonyms or dilerent abstraction
levelsfor proces element namesis the useof ontology-
based descriptions of process models. So-alled se
mantic business process models promise to support
busines process interoperability and interconnectiv-
ity. But, for (semi-) automatic proces interoperabhil-
ity and interconnedivity two problems need to be
solved. How can similar terms for process element
names be automatically discovered and how can se
mantic business process compostion be facilitat ed.
In this paper we will present solutions for these prob-
lems based upon an OWL DL-based description of
Petri nets.

Keywords: Petri nets, Ontologies Semantic Busines
Process Models, Similarity Measures

1 Introduction

In E-Business enterprises collaborate across organi-
zational boundaries to perform common tasks. But,
even when sharing similar demands, enterprises are
using ther specibc vocabulary and structural rep-
resentations for modeling business proceses. By
using formal languagessuch as Petri nets (Reisig
& Rozerberg 1998) for modeling business processes,
purely syntactic compostion problems of interor-
ganizational busines environments may be solved
(van der Aalst & Weske 2001), (Lenz & Oberweis
2003). Howewer, a missing semartic represenation
of Petri net elements can hamper further intercon-
nectivity of business proceses. When enterprises de-
cide to interconnect business proces®s synonyms,
homonyms or similar labeled process elements have
to be identiPed to avoid misundergandings. Fur-
thermore, in order to understand business processes,
signibcart experience in the Peld of business process
engineering and elort to chedk di! erences between
the respective business processes are required. By
descibing businessproces models in an unambigu-
ous format which enables computer reaning, the au-
tomation of process composition can be facilitat ed.
These so-called semartic business process models
promise appropriate businessprocessdiscovery, inter-
operability and interconnectivity. The automation of
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process discovery can help to accderate bnding ap-
propriate composablebusinessproces models faster
than manually discovering business proces models.
Providing a (semi-)automatic approach for proces
interoperability and interconnectivity helps to save
cods and time when edablishing interorganizational
business collaborations.

In this paper we will propose an approach
for (semi-)automatic detedion of synoyms and
homonyms of proces element names in order to sup-
port semartic process model interconnectivity andin-
teroperability by measuring the similarity between
business process models semartically modeled with
the Web Ontology Language (OWL)(McGu inness &
van Harmelen 2003). We descaibe traditional Petri
nets with an Ontology Language-basd format OWL
(McGuinness & van Harmelen 2003). The tr anslation
of Petri nets into OWL makesit possible to automa-
tically compute similariti es between business proces
models. Figure 1 depicts two (simplibed) busines
proceses Both procesesperform requestsand same
terms are utili zed (e.g. in both a request for some-
thing is issued). But the request is treated in dif-
ferernt ways. In Business Process I the requestis
checked for completeness and will be acaepted or re-
jected afterwards and in Business Process II the
requestis to berejected or accepted without cheding
a sdection criteria. Comparing these process mod-
els manually results in a high simil arity degree(sev-
eral element namesoccur in both proces®g. But, to
determine dile rences between larger proces models
(>100 elements) requires time, elort and a couple of
various modeling experiences.
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Figure 1. Example business proceses with same
terms for proces element names

The degreeof similarity between business proces
models correlates positively with the number of used
synoryms and negatively with the number of usel
homonyms. In this paper we will demonstrate that
by using the three similarity measures, syntactic-,



linguistic- and structural measure, we can compute
similarity degrees between a pair of process element
names (sim.) and between a pair of business process
models (sim¢). In order to compute the syntactic si-
milarity degree we compare the number of common
characters in the element names (e.g. conbPrmation
vs. veribation). The linguistic similarity degreere-
lieson a dictionary to determine synoryms. Howewer,
syntactic- and linguistic similarity measuresby them-
sdvesdo not exploit the context of names We do so
with structural similarity measires which helps to
detea primarily homonyms. By extending existing
ontology similarity approadces ((Ehrig, Haase Sto-
janovic & Hefke 2005) and (Maedche & Staab 2002))
for semantic business process models we show pos
sibilities to achieve improvements of busines proces
interoperabhilit y and interconnediv ity and easeof pro-
cess composition when faciliating process similarity
computati on. Implementati on and evaluation experi-
ences with our approad are presented as well.

The structure of this paper is as follows. Firstly,
we will recall the main notions of Petri nets, ontolo-
gies and a semantic description of Petri nets with
OWL DL. In Section 3 we will desaibe an approach
for measuring syntactic-, linguistic- and structural si-
milarity between process element names. We aggre-
gate these simil arity measuresto a combined simila-
rity measure to determine simil ariti es between two
busines proces models. Application areas of our
approach will be illustrated in Section 4. Practical
experiences will be presented in Section 5. Section
6 surveys related work and Secion 7 concludes the
paper with an outlo ok on future researd.

2 Foundations

Petri nets, ontologies and semanti c business proces
models are introduced in the following subsections.

2.1 Petri nets

Petri nets (Reisig& Rozerberg 1998)are a widely ac-
cepted graphical languagefor the specibcation, sim-
ulation and veribcation of behaviour of information
sygems. Formally, a Petri net is a directed bipartite
graph with two ses of nodes(places and transiti ons)
and a set of arcs (Bow relation). Numerous Petri net
variants have been proposed, which can be subsumed
in elementary or high-level Petri nets. In elementary
Petri nets (place/tran siti on nets), the RBow of tokens
represaentin g anonymous objects debnesthe proces
Bow. To desaibe objects with individual behavior,
several variants of high-level Petri nets have been pro-
posed ((Jensen 1994) (Genrich & Lautenbach 1981)).
In (Genrich & Lautenbach 1981) predicate/tr ansition
nets (Pr/T nets) are introduced where placesrepre-
sent relation schemes (predicates). In Pr/T nets a
function assgnsto ead place a marking, which is a
relation of the regective type. The set of all place
markings at a given time de<ribes a certain global
sysem state. A transition represerts an operation on
the relationsin its input/outp ut places. If a transi-
tion occurs, tuples are removed from the relations in
its input places and are inserted into the relations of
its output places. A logical expresson, which may be
assgned to a transition, makes it possble to specify
certain condition s for the seledion of tuplesto bein-
sated or removed. Figure 2 shows two (simplibed)
Pr/T net descipti ons of business processes.
Business Process I performs travel booking
(where the booking request is desaibed by its at-
tri butes Name, Destination, Date, and Quantity). Af-
ter recaving a requestthis requestwill be checked for

consigency (transition check request). In caseof in-
consigdent data it needsto be corrected. If the re-
guest data is complete then travel availability will
be checked. The travel booking is accepted (Con-
dition AQ — @ > 0 of transition book travel) or re-
jected otherwise Upon completion of the booking
processa conPrmation is sent to the customer (tr an-
sition send conbrmation). In Business Process II
Bight requests are processed where Bight is debred by
its attri butes Date, City, AvailableSats and request
by Name, City, Date and Amount. With thesedata
at hand the Right request will be rejected or accepted.
In both casesthe customer isinformed by a respective
message (in Business Process I by a conbrmation
and in Business Process II by a veribcation).

2.2 Ontologies

An ontology (Staab & Studer 2004) debnesthe rel-
evant concepts of its domain (its terminology), its
properties and instances (the world desription). The
following brief debnition desaibesthe term ontology
as being used in our scenario. An ontology O is de-
Pned by a tuple asfollows.

O = (C,Hg, Pc,1,A)

Concepts C' of the schema are arrangedin a sub-
sumption hierarchy Ho. Concepts are debred by
properties Po (where properties can alsobe arranged
in a hierarchy). By instati ating conceptseach concept
has a sd of instances I. Additi onally, an ontology
might contain a se& of axioms (denoted as A), which
can be used to infer implicit knowledge from explicit
one.

By standardizing the Web Ontology Language
(OWL), the World Wide Web Consortium (W3C)
laid the foundation for a wide-spread use of ontolo-
gies in business OWL is syntactically layered on
RDF. Therefore, the syntax of OWL is the syntax of
RDF/XM L (RDF/XML Syntax Spedbcation). Fig-
ure 3 shows a simple example for OWL syntax. The
concept Place is a subconceptof the concept PetriNet
and where Place has a objectproperty transRef with
the domain Place and the range Transition.

<owl:Class rdf:ID="PI ace">
<rdfs:subClassOf rdf:ir esource="#PetriNet"/>
<owl:ObjectProperty  rdf: ID="transRef">
<rdfs:domain rdf:reso urce="#Place"/>
<rdfs:range  rdfirreso urce="#Transition"/>
</owl:ObjectProperty>

</owl:Class>

Figure 3: Example for OWL syntax

OWL is given by thr ee variants with an increasing
degreeof expressivenes: OWL Lite, OWL DL and
OWL Full. For our work we will refer to OWL DL
(Description Logic) in order to be able to use available
o!- the-shelf reasoning technologies

2.3 Semantic Business Process Models

To solve ambiguity issuescausal by the use of dif-
ferent terms for describing the same things and in
order to support (semi-)automatic system collabora-
tion, a machine readable and interpretable format,
which might be used for ontological reasoning is re-
quired for Petri nets. Therefore, we have transated
Petri net elemerts (i.e. Pr/T net elements) into OWL
DL (Koschmider & Oberweis 2005). So-called seman-
tic businessprocess models (SBPM) consig of the
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Figure 2: Business Processes modeled with Pr/T nets

concepts Transition (T), Place (P), FromPlace
(F,) (arcs running from a place to a transition) and
ToPlace (F,) (arcs running from a transition to
a place). Besides these concepts have specibc at-
tri butes with rangespointing to further concepts of
the ontology. For example, the concept Place hasthe
attribute transRef with the range Transition?®.

SubPetriNet | 0.

PetriNet

IhasNode[1.. " Transiion, Place
lhasfsc(0 "] : FromPlace, ToPlace

mPlace
1] Deweie

Transition Pla

T

Pma\ rscnplion

isiiny_|
iplaceRef[0. "] : Place [t
hasLogical Concepi{1] : LogicalConcept|
hasRefinementn. *] - Refinement

AR ]
lhasharking1

alDataltem

asAftAbute[ 1] - Aribute |

Attribute
asValue[0 1] : Value
Value
FasRel - Value

Delete

rasCondfion[1] - Condiion

[FasATET T At
hasOperaton1] O
ehk)

[FasArbuteT - TnaviduaiDatartem

IDataliem

Condition
[feralll0 T - xscsiring
lexists[0. ] - xsd-string
land[0. ] xsdstring

|

Refinement
lplaceRef [T T Flaca
lantePlaceRef [1. %]+ Place.
|hasSubPetrinet [1..] : PetriNet

Operation

[fonction0 ] - xsdsiring

Figure 4: Pr/T net Ontology

OWL DL can be consideredas a syntactic variant
of the SHOZN (D) Deription Logic which is known
to be decidable (Horrocks 2005). The representa-
tion of Petri nets in Desription Logic (Brockmans,
Ehrig, Koschmider, Oberweis & Studer 2006) allows
to reasonabout Petri net elements. A semanti c busi-
nessprocessmodel corresponds to the instantiation
of the Pr/T net ontology, which can be represented
in SHOZIN (D) Description Logic or in OWL syntax.
By representing semartic business processmodels in
OWL syntax the correponding Ples can be manip-
ulated and enable to deduce new data being not di-
rectly modeled in businessprocesges An example is
givenin Figure 5.

For a detailed description of an OWL-based de-
saiption of Petri nets we refer to (Koschmider &
Oberweis 2005).

1Concepts such as LogicalConcept , Individua IDataltem, Delete,
Insert, Condition, Operation, Attribute and Value are specibc ele-
ments of Pr/ T nets.

<petri:Petrilet rdf:ID="Perform-requests'>

<petri:hasNode rdf:rescurce="#request"/>

<petri:Place rdf:ID="request">

<petri:hasMarking>
<petri:IndividualDataltem rdf:ID="R_request">
<petri:hasAttribute rdf:resource="#Name"/>
<petri:hasAttribute rdf:resource="#Destination"/>
<petri:hasAttribute rdf:resource="#Date"/>
<petri:hasAttribute rdf:resource="#Quantity"/>
</petri:IndividualDataltem>

</petri:hasMarking>

</petri:Place>

</petri:Petrillet>

Figure 5: Represeting Semantic Busines Proces
Modelsin OWL syntax (excerpt)

3 Measuring Similarity between Semantic
Business Process Models

In the following we consider two di! erert application
saenarios for measuring similarity between semartic
business proces models (SBPMs). Oneimportant is-
sueis the semanti c interconnedivity of business pro-
ceses which ensures Rexible process interface com-
posng. Supporting reusability of busines proces
models is the other important issue. Given proces
templates (referencebusines process models) the sys-
tem examines the processes and tri esto bPnd similari-
ties between a modeling proces and the process tem-
plates.

For th esetwo scenarios we provide a solution based
on measuting syntactic-, linguistic- and structural si-
milarity as a way to evaluate the similiarity degree
between two semantic process element names By
aggregating these similarity measuresto a combined
similarity measire we can compute the similarity be-
tweentwo SBPMs. In Section 5 we will explain our
implemented system for similiarity calculation. To
compute the syntactic simil arity degreewe compare
the number of characters of concept instanceshames
(e.g. conbrmation with veribation). The linguistic
similarity measure relies on a dictionary to determine
synoryms. Howewer, syntactic- and linguistic simila-
rity measuresalone do not make use of the context
of concept instances With structural similarity mea-
sureswe consider the context of conceptinstancesand
makes it possble to detect homorymes.



In the following, we assume that proces element
namesto be compared have the same level of detail.
It isnot reasonable to compute similarity between for
instance contract application and contract where con-
tract application can be regarded as a specialization
of contract. Abstraction levels of element namescan
be calculated with the simil arity metrics proposel by
(Wu & Palmer 1994). Thesemetrics takeinto accourt
the depth of terms in lexical referencesysems such as
WordNet (Fellbaum 1998). The abstraction of terms
correlates negatively with the depth of terms.

3.1 Properties of Similarity Measures

Similarity measires as explained in this paper must
fulbll the properties synmetry and rel3exivity asin-
troducted in (Richter 1992) A real-valued function
sim: SxS — [0,1] on a s& S measuring the degree
of similarity between two elements is called similarity
measure if, V x, y, € S:

1. sim (X, y) = sim (y, X) (Symmery)
2. sim (x, x) = 1 (ReRexivity)

In the literatu re a long debate on quegi ons about
whether simil arity measiresare symmetric or not can
befound (Tversky 1977). Sincein the context of busi-
nessprocessmodelswe use similarit y measuresto sup-
port (semi-)automatic comparing of busines process
models it is obvious that the returned similarity de-
greesmust fulbl the symmerical property.

3.2 Syntactic Similarity Measure

In order to measure similarity between two charac-
ter strings, (Levenshtein 1966) proposel the edit dis-
tance method. The edit distancebetween two strings
is dened by the number of changes(addition, dele-
tion and replacement of characters) necessary to turn
one string into another. For example, the edit dis-
tance between the strings OconbmationO and Oeri-
pcationO equals 6, becausesix substituti ons are suf-
bciert to transform Oconlpmation Oto OweribcationO.
The greater the edit distance, the more dile rent the
strings are. Based on the edit distance method (ed)
(Maedche & Staab 2002) have proposed a syntactic
similarity measuresim,g,,, asshown below, which re-
turns similarity degreesbetween 0 and 1, where 1
stands for perfect match and zero for bad match.

lealslea)! ed(61702))2
min([ci],]cz])

simgyn(c1, c2) = maxz(0, min(

In contrast to the edit distance method the syn-
tactic similarity measure of (Maedche & Staab 2002)
takes into acaount the number of characters and is
inverse to the edit distance. This measure consid-
ers the number of changes being made to changeone
string into the other and weights the number of these
changesagainst the length of the shortest string of
thesetwo strings (min(|c1|, |cz[)). Table 1 shows syn-
tactic similarity degrees(sim.,,) for several concept
instance names of Figure 2; e.g. sim,,, for sendcon-
bPrmation and sendveribation is 0.64.

Table 1: Results of syntactic similarity measure

G Cj SiM sy n
request request 1.0

send reject reject 0.1667
booking accept 0.0
send coﬁErmation send ve.r.i-bcation 0..-6.4

2|string| denot es for a given string the number of charact ers.

The computati on of sim,, for the pair send con-
Prmation and send notibcation (not labeled in our
processscenario in Figure 2) returns a syntactic simi-
larity degreeof 0.70. Considering only syntactic simi-
larity measures would imply that the last pair would
be added to the reault list due to its higher simila-
rity degree(0.70 > 0.64). Purely syntactical methods
that treat elements isolated from their semantics are
insu" cient since misunderstandings may happen by
expressng the samemeaning in dile rent terms. By
considering the semantics of instance names with lin-
guistic measures we will explain in the next subsec
tion that the pair (send conbrmation vs. send ver-
ibcation) is to a greater degree similar than (send
conbrmation vs. send notibcation).

3.3 Linguistic Similarity Measure

To exploit linguistic features we have utilized
WordNet (Fellbaum 1998) (by using the JWNL
APl (Didion 2003)) and a spedbc UML Proble
(Brockmans et al. 2006) as so-alled badckground on-
tologies. JWNL is an API implemented in Java
for aceessing the WordNet dictionary. WordNet is
an English online lexical reference sysem, which
provides synonym, hyperonyms (generalization) and
hyponyms (specialization) sets consiging of nouns,
verbs, adjectives, and adverbs. To accessthe UML
Problevocabulary by usinga spedPcAPI3, a convert-
ing tool provides an automatic translation from the
visual UML modeling to OWL DL syntax. WordNet
is in contrast to the UML Proble bx and predebned.
To compute linguistic similarity degrees between
process element names we are considering synonym
sds proposel by WordNet. For instance, WordNet
submits for the term veribation two sense in a syn-
onym relationship ordered by estimated frequency:

1. conbrmation, veribation, check, substantiation
b (additional proof that somehing that was
believed (some fact or hypothess or theory) is
corred; OfosHs provided further conPrmation of
th e evoluti onary theoryO)

— proof, cogert evidence b (any factual evidence
that helps to edablish the truth of somehing

2. veripation b ((law) an a"da vit attached to a

statement conbrming the truth of that state-
ment)
— a"da vit D (written dedaration made under
oath; a written statement sworn to be true be-
fore someonelegally authorized to administer an
oath)

One synonym for veribation is conbPrmation
(sense 1). Thus, our implemented system indicates
some linguistic relationships between these two in-
stance names. Modeling business processes depends
on the modeler and varies from oneto another. One
modeler might denote elements only with verbswhile
someoneelse might denominate elements with labels
composeal of nouns, verbs and adverbs (e.g. sendcon-
Prmation or print bnal deadline). In case of com-
posed process element names we calculate only the
linguistic similarity for names that do not satisfy a
simsy, Of 1.0. For instance computing linguistic si-
milarity for the pair (sendconbrmation vs. sendver-
ibcation) is restricted to the pair conbrmation vs.
veribation due to identity of send Otherwise, the
linguisti ¢ similarity for send employee and send soft-
ware would be > 0 due to the term send. T his makes
no sense from the linguistic point of view.

3this APl is currently not available, but will be publi shed in
near futur e.



In order to compute linguistic similarity the func-
tion n(c) retrievesall WordNet senses (all termsin a
synorym relationship) for the phrasing of the given
ontological concept instance c. Let S = n(c1) Nn(c2)
be the set of common senses of the phrasings of two
concept instances ¢; and ¢, to be compared. Then
the cardinality f(S) is debned as:

_J 1 N 0
SAERE S

Let maz(|n(c1)l,|n(c2)]) be the maximum of the
cardinalities of the two ses n(c;) and n(c2), then the
linguistic similarity sim;,, between two concept in-
stance namesis debnedas:

f(S)
max(|n(ca)l, [n(c2)|)

Simling(cl ’ CZ) =

This measure considers a synonym relationship of
two instances, the number of synonyms that are pro-
posed for one term by WordNet and weights the num-
ber of synonyms against the maximum sense cardi-
nality of these two terms. This measurereturns a
similarity degreeof 1.0 for ¢; vs. ¢, if ¢; is the only
synonym for ¢, and vice versa.

A higher number of senss returns a lower lin-
guistic similarity degree. But, as we will explain in
the next section use's can assign individ ual weights,
which return higher linguistic similarity degrees Ta-
ble 2 shows several linguistic similarity degrees.

Table 2: Results of linguistic similarity degrees

Ci G sim ng
request request .
conbrmation veribcation 0.5
send rejection | send acceptance 0.0

This linguistic measure returns another similarity
degreefor the same pair of processelements as the
syntactical measire desaibed above. Considering
only linguisti c features would return for the pair (al-
locate three weights vs. alocate tree wights) a simying
of 0.0due to spelling mistakes (allocate only with one
OlOthree without OlDand weight without OeO).The
computati on of syntactic similarity for this pair re-
turns a degreeof 0.842. Thus, the computation of
both measuresis necesary in our application scenar-
ios.

In thefollowing we will show that the computation
of a so-alled context of concept instance names un-
covers homonyms, e.g. the word organization means
onceasacial organization and oncea governance. The
linguistic and syntactic similarity would return a de-
greeof 1.0 for (organization vs. organization).

3.4 Structural Similarity Measure

To make useof the hierarchical ontology str ucture for
determining semartic simil ariti es the context of con-
cept instances should be considered. The structural
similarity measure hasasinput two concet instances
(c1 and ¢y) and their context. The context of a term
is debred as the set of all elements which infBuence
the similarity of the term. To elucidate the context
of concept instances we have extracted concept in-
stance names from SBPM; and SBPM, (SBPMs
transformed of busines processes in Figure 2) and
have represented the instancesasnodesand the prop-
erties as undirected arcs in a tree as shown in Figure
6.

SBPM,

request()

SBPM,

request

transRef hasMarking

complement complete O O
data data PAR  FRA

et Date Amount
I'E]ED"Dn hasValue

hasRef
frankfurt paris

Figure 6: Treerepresertation s of two Semanti ¢ Busi-
nessProcessModels

The upper level of the tree SBPM; represents the
Prst element name of SBPM; (requesf and the bot-
tom of the tree (complement data and complete data)
are the third and fourth transitions. The subsequent
element of request is check request (second node on
theleft hand side) and the marking name is R_request
which is debned by the att rib utes Name, Destination,
Date, and Quantity. Destination hasthe valuesPAR
and FRA. The structure of tree S BP M, is given anal-
ogously In the tree represntation the similarity de-
gree of attribute names (i.e. Name, Degination) is
inBuenced by the similarity of values. The similarity
of place names is inBuenceal by attrib utes and sub-
sequent transition names and the similarity of sub-
sequent transition names is inuencal by subsequent
place names.

Based upon this relationship we debne the context
for place names by a tuple con, =< a,v,sV,tR >
with

e a = all attri butes of a specibc place,
e v = all values for each attr ibute,
e sV = sibling values,

e tR = all subsequen transition nameslinked via
the transRef property.

The context of the concept instance name request
in Figure 6 is debned by its attrib utes Name, Desti-
nation, Date and Quantity, the corresponding values
(in Figure 6 we have only depicted PAR and FRA)
and the subsequent instance name check request

To debne the context of attri bute names we re-
strict con, by atuple < sA,v, sV > with

e sA = sibling attr ibutes,
e v = all values of the specibc attri bute,
e sV = sibling values.

The context for transition names is a tuple
con; =< pR > with

e pR = all subsequent place names linked via the
placeRd property.

The context of the concept instance name check
requestin Figure 6 is the subseuernt instance name
requestchecked.

But, each of the context elements inf3uences the
instance name with dilere nt weights. Attrib utes are
signibcant and infRuence instance names more than
values,which are morerelevant to idertify attrib utes.
These dile rent degreesof inBuencecan be considered
by instance weights which di! er from processto pro-
cess



Table 3: Context and weights for concept instances

Comparing Context Measure Weight
Places Names synt/lin g sim. 0.2
Attribu te synt/lin g sim. 0.4
Value synt sim. 0.1
successa (tra nsRef) | synt/lin g sim. 0.3
Attribu te Names synt/lin g sim. 0.2
sibling Attri bute synt/lin g sim. 0.4
Values synt sim. 0.4
Value Names synt/lin g sim. 0.2
Attribu te ling sim. 0.4
Values Reference ling sim. 0.4
Transition Name synt/lin g sim. 0.2
successa (placeRef) synt sim. 0.8

In business process models with a lot of places
attr ibutes and tr ansitions weights play a lessimpor-
tant role than in small process models with less ele-
ments. The more instances are modeled in a SBPM
the more negligible the weights are. Our two pro-
ceses modeled in Figure 2 have several places with
their attrib utesand tr ansitions. But, in order to make
the business processes comprehensible we did not as
sign values for attr ibutes or any rePrements (subpro-
cesxey. For these two processes we have chosen the
weights as depicted in Table 3*. With these weights
the exact similarity degreehas been computed as we
will explain in Section 5.

To compute the structural similarity degree be-
tween two concept instances let ¢; be a particular
concept instance of SBPM; and cz; be a se of con-
cept instances of SBPM,. Then (simy,(c1,,c2;)))
denotes the specibc similarity measire used for the
context elements of ¢; and ¢, which we multiply with
individual weights as depicted in Table 3. In order
to consider only reasorable pairs we blter only the
maximum between ¢; and cz; and ¢q, and cz.

n
; man" 1__m(wki * simk,i(cli, ng))
Simstr(clacZ) == n
> W,

=1

This measure returns a similarity degreeof 1.0
if the syntactical and/or linguistic similarity for the
context elements equals 1.0. Someresults of the struc-
tural calculation are shawn in Table 4.

Table 4: Results of structural similarity degrees

[?] G Sim st
request request 1.0
send reject reject 0.9
request checked acceptance 0.0
conbrmation customer contacted 0.0
send conbrmation send veribcation 1.0
conbrmation veribcation sent 0.8

The syntactic and linguistic similarity for theterm
organization is 1.0. Evaluating the context of the
term organization would perhaps return a dile rent
similarity degree for simg,.. For instance, if the at-
tri butes of the concept instance name organization
from SBPM; are Room and Contact and another in-
stance name organization from SBPM, has Name
and City, then a structural similarity of 0.0 is re-
turned. The attrib utes (Room vs. Name) or (Room
vs. City) have no synonym relationship and thus or-
ganization is unlike organization.

“for values we calculate only syntactical similarity as values are
of datatype integer or string such as 11 or Smit h

In thefollowing sedion we will aggregatethe thr ee
similarity measures syntactic, linguistic and struc-
tural similarity to a combined simil arity measure.

3.5 Combined Similarity Measure

In order to compute the combined similarity simcom,
between concept instance namesc; and ¢, let ¢; be
a particular concept instance name of SBPM; and
¢, be a concet instance name of SBPM,. Then the
combined similarity is an aggregation of the degrees
returned from the syntactical, linguistic and struc-
tural similarity measures as explained above.

Simcom (Cl 1) ) =

w, ksim, (.6 )+ w, *simyg (6,6))+w, *simg, (¢,6,)

o

W - +Wcmg +WCW

[

These similarity measures have particul ar weights
Wsyns Wiing and wg, that can be individually
assgned by users or learned e.g. using machine-
learning-based approades on a training set. The
eleds of dilerent weights on the similarity results
have been invedigated by (Berkovsky, Eytani &
Gal 2005). The combined similarity measure takes
into account syntactical, linguistical and structural
features of instance names.

The similarity between two semantic businesspro-
cess models SBPM; vs. SBPM, is debned by se-
mantic relationships, which we consider by the two
sds of concept instancesC; and C, of SBPM; and
SBPM>.

e equivalence: sm (SBPMy, SBPM;) = 11!
C, = C,,

e disjointness: sim (SBPM;,SBPM;) = 0!
CinNnCy=10

e intersection: sim (SBPMi,SBPM,) €]0...1]
i C1nNCsy = {:c\(z S Cl) /\(ZC € 02)}/\01 7/ Cs.

Based on these semantic relationships we spec
ify an overall similarity between two sanantic busi-
ness process models. Let ¢; be a particular con-
cept instance of SBPM; and cp,, j € l.m, be
a sd of concept instances of SBPM,. Then
1ax (simeom(c1, c2;)) denotes the maximum com-
..m

J
bined similarity between c; and concept instances cz,

of SBPMs.



n

. 1 ‘
SZWLSBPM(C'lv CZ) = ﬁ E (j'r'nlax (szmcom(clq‘, ) C2; )))
Py .m

For the calculation of SBPM,; and SBPM, the
simgppy €quak 0.32. Experiments have shawn that
a value > 0.4 indicates a low businessprocesssimi-
larity. A similarity degree (SBPM,, SBPM;) = 0.4
indicates an intersedion relationship. This implies
that only 40% of instances names (process element
nameg of SBPM, are similar to instance namesin
SBPM;.

To make reasorable statemerts about the simila-
rity degreereturned for two SBPMs, neural nets can
be used for example to learn a threshold 6 for the
combined similarity instead of using a bx thr eshold.

4 Application

Besides business processinterconnedivity use sup-
port for busines proces®s modeling is another
promising application area for our approach (Betz,
Kli nk, Koschmider & Oberweis 2006). Manual mode-
ling of busines procesesis a time consuming task.
Typosand structural modeling errors make it partic-
ularly error prone to model busines processesman-
ually. Users can be asssted in modeling busines
processesby providing an autocompleti on mecanism
during the modeling proces. Before proposng ap-
propriate processelemerts, a recommendation mech-
anism hasto comparemodeling elementswith process
templates and hasto bnd similar elements, which will
be proposed asbtti ng subsequeh elements. Thus, the
mechanism has to compare process templates with
process elements, which are currently modeled, by
computing their similarity degrees. Similari ty compu-
tati on of elements is being carried out during the mo-
deling processand is not directly visible to the mod-
eler. SBPMs asde<ribedin Section 2.3 promiseto fa-
cilitat e (semi-)automatic interconnectivity of busines
proceses To ched if a process model meets certain
properties we utilize in our recommendation sysem
formal methods to validate that the insertion of the
proposed processfragments doesnot cause deadlocks
and synchronization errors.

Additio nally, by utilizin g our system for business
process compostion is helpful for proces modelersif
the system could indicate the postion (at the begin-
ning, in the middle, at the end of the process) of ap-
propriate sequencs of activities overlaping eat other
as shown in Table 5. In addition to the combined si-
milarity degreeswe spedfy the relative podtion num-
ber of the node and the element name (=P osition)
where P; is the brst placein the businessprocess 71
the prst transition and soon. Requestsppyy, is the
brst placein Business Process I and the brst place
in SBPM,. Both element nameshave a combined
similarity of 1.0.

Table 5: Results of similarity measurement with po-
sition of concept instances

Ci Position Cy Position | sim¢om
request P1 request P1 1.0
send reject Ts reject Ty 0.9
conbPrmation T7 veribcation Ta 0.8

5 Implementation and Evaluation

We have implemented a Petri net editor called Sem-
PeT® that olers semartic businessprocess models ex-
port, which employs the Jena Semantic Web Frame
work APl (HP 2003).

Furthermore, in order to support similarity mea-
surement between semantic business process models
we have integrated FOAMS®, an alignment and map-
ping framework for ontologies, into SemPeT. On top
of FOAM we have implemented the features of mea-
suring combined similarity between proces element
namesand between two business processmodels. By
choosing two semantic business process models (see
Figure 7) to be compared our prototype computes
Simeom and simgppas. N the bPrstiterati on of simila-
rity measiremert instance names of the sameconcept
are compared (e.g. the name request of the concept
place from the left SBPM is compared with all in-
stances of the concept place from the right SBPM).
In this iteration reguestis compared with request re-
jection and veribation. After several iterations (by
defaut the sygem iterates three times) the sysem
displays only theinstances with the highest similarity
degree. In this example the pair (requeg, request)
has the higheg combined similarity. Transitions are
handled analogously.

An except of results from SenmPeT is showvn in Ta-
ble 6. The seond value is the result from the syntac-
tic calculation, the third one from the lingustic mea-
sure and the fourth result returns from the structural
measurement (simg,-, correponds to the structural
similarity of places sims,., to the structural simila-
rity of attrib utes, and soon). The aggregation to a
combined similarity is the prst value.

In case of dile rent grammatical usagesof words
we are redricting the su"xe s for nouns, verbs and
adjectivesas shown below.

e name=OnanOvalue= Os, ses's, xes=X, zes=z,
ches=ch, shessh, men=man, ies=yO

e name=0OwerbO value=Os=, ies=y, es=e, es,
ed=e, ed=, ing=e, ing=0

e name=0adectiveO value=Oer=,
ed=eO

est=, er=e,

Our implemented prototyp computes only the si-
milarity between concept instance names (simco,)
and between semantic business process models
(simsppy) and does not consider the system be-
havior sudh as the cortrol Bow semartics (Hid ders,
Dumas, van der Aalst, ter Hofstede & Verelst 2005).
By using our approach for modeling support (as ex-
plainedin Section 4) our recommendation system val-
idates only behavioral properties such asdeadlocks or
lacks of synchronisation.

We found out, that our results are downgraded if
subsequeh elements (for places transitions and for
transitions placeg are labeled completely dile rent
and have no relationship to its predecessor (e.g. a
transition is denominated by send conbrmation and
a subsequent place by printed instead conbrmation
sent or conbrmation received).

Our approach has been validated on small (<
100 tr ansitions) business process models. Our imple-
mented system found nearly always corregpondencies
of instance names This has been veribed manually.

Shttp:/ /a ifbserv er.aifb. uni-k arl sruhe.de/semp et/ index. htm
Shttp:/ Aw ww .aifb.uni -karl sruhe.de/WB S/ meh/ foam/



<petri:Place rdf:ID="request">
<petri:transRef rdf.resource="#check_request"/>

</petri:Place>
<petri:Transition rdf:ID="send_rejection">
<petri:placeRef>
<petri:Place rdf:ID="rejection">
<petri:hasMarking>
<petri:IndividualDataltem rdf:ID="R_rejection">
<petri:hasAttribute rdf:resource="#Destination"/>
<petri:hasAttribute rdf:resource="#Quantity"/>
<petri:hasAttribute rdf:resource="#Name"/>
</petri:IndividualDataltem=
</petri:hasMarking>
</petri:Place>
</petri:placeRef>
</petri:Transition>
<petri:Transition rdf:1ID="send_confirmation">
<petri:placeRef>
<petri:Place rdf:ID="confirmation">

</petri:Place>
</petri:placeRef>
</petri: Transition>

<petri:Place rdf:ID="request">
<petri:hasMarking rdf:-resource="#R_request"/>
<petri:transRef rdf:resource="#reject"/>
<petri:transRef rdf:resource="#accept"/>
</petri:Place>
<petri:Transition rdf:ID="reject">
<petri:placeRef>
<petri:Place rdf:ID="rejection">
<petri:hasMarking>
<petri:IndividualDataltem rdf:ID="R_rejection">
<pefri:hasAttribute rdfiresource="#Name"/>
<pefri:hasAttribute rdfiresource="#City"/>
<petri:hasAttribute rdf:resource="#Date"/>
</petri:IndividualDataltem=>
</petri:hasMarking>
<petri:transRef rdf:resource="#contact_customer"/>
</petri:Place>
</petri:placeRef>
</petri: Transition>
<petri:Transition rdf:about="send_verification™
<petri:placeRef>
<petri:Place rdf:about="verification">

</petri:Transition>

Figure 7. Two Semantic BusinessProcessModels

Table 6: Results of similarity measiremert

in stance hame SiMcom | SiMsyn | SiMjing | SiMsir p | SiMstr ; | SiMstr , | SiMstry, | SiMstrp
(conbrmation vs. verib cation ) 0.8 0.64 0.95 0.0 0.0 0.0 0.0
(veribcation vs. conbrmation) 0.8 0.64 0.5 0.95 0.0 0.0 0.0 0.0
(Quantity vs. Amount) 0.55 0.0 0.35 0.0 0.0 0.90 0.0 0.0
(send request vs. send accept) 0.2 0.55 0.0 0.0 0.0 0.0 0.0 0.0

6 Related Work

To the bed of our knowledge there is no other ap-
proac that desaibes high-level Petri nets in OWL.
(Gasevic & Devedzic 2004) propose a Petri net on-
tology (for elemertary Petri nets) that shoud en-
able sharing Petri nets on the Semantic Web and
shoud make it possible to transform a spedbc XML-
based Petri net format into OWL. The aim of our
work is to reuse and analyze busines process mod-
els not primary in the Semantic Web but in busi-
ness ervironmerts. A domain ontology represernts
only a static structure of a domain; therefore our
Pr/T net Ontology contains (in contrast to (Gasevic
& Devedzic 2004)) only static elements.

In order to support processinterconnectivity, sev-
eral approches such as (Greco, Guzzo, Pontieri &
Sacca 2004) have been proposed. In (Greco et al.
2004) a framework is proposed to enable ontology-
driven proces modeling. By utili zing the framework
userscan spedfy their business process models with
semantically enriched proces®s For process schema
demniti on the authors proposea formal processmodel
of their own and do not refer to existing business
process modeling languages. Furthermore, the ben-
ebt of the framework is to provide manual support
for business process designers,which meansthat the
approach is not focussing on (semi-)automated inter-
connectivity of business processmodels. The benebt
of our approad is that the user does not need to pa-
rameterizethe similarity computation ead time when
computi ng simil ariti tes.

A lot of resaarch in service discovery is donein the
Peld of Web sevices. The de<ription and discovery
of Web servicescan be sea asa prerequisite for Web
sea'vice compostion. (Cardoso & Sheth 2003)propose
an algorithm to discover Web servicesand resolve het-
erogeneiy among their interfacesin a workBow en-
vironment with the use of ontologies Web seavices
in contrast to business process models have only to

interoperate at the input and output interface level
with out considering the context of process elemerts.
To desaibe, match and composeWeb savices, (Pahl
& Casey 2003) propos logical reasoning techniques
basedon a formal ontology framework. The prereg-
uisit e of this approach is the discovery of appropriate
Web serviceswhich is a time-consumingtask. The ap-
proac of (Chun, Atluri & Adam 2002) present a way
to automatically compose workBows. Basedupon an
ontol ogy of servicesan algorithm is provided that fa-
cilitates the workRRow designand requires fewer eval-
uations at run time. The prerequisite for the use of
this approach is large domain knowledgefor modeling
the ontologies In contrast to thes approaches we
compute (semi-)automatically the similarity between
process elements and process models and a so-alled
recommendation system proposeshttin g subsequent
elemernts.

As mentioned in Sedion 5 we have not yet con-
sidered the cortrol Bow semantics. The computa-
tion of equivalence of control Rows is de<ribed in
(Ki epuszewski, ter Hofstede, & van der Aalst 2003).
In (Hidders et al. 2005) an approach is proposedto
compute the relative expressivenessand variability of
workRows. The similarity computation for elements
meaning have not been regarded by these approacdes.

A lot of resaarch work has beendone in the peld
of similarity measurement. In (Resnik 1999) an ap-
proad is presented for measuring syntactic- and lin-
guistic similarity in a taxonomy. In a taxonomy
relationships between concepts and properties are
not considered. (Lin 1998) presents an information-
theoretic debrition of similarity that is applicable as
long asthere is a probabilistic model for terms.

Altogether, it does not exist an approac that
measures syntactic and semartic similarity between
business process models, particularly Petri net-based
business process models



7 Conclusion

In this paper we have presented an approac for mea-
suring similarity between process element names and
between semantic busines process models. Conse
quently, semartic business process models are an in-
stantiati on of the Pr/T net ontology; thus our simil-
iarity approach is feasble for measuring similarity be-
tween business proces models. We have shown that
calculating only syntacti c- and linguistic similarity is
insu" cient since the instance context is not consid-
eredand homornyms can not be discovered. By taking
into acoount structural aspects of instances, su"cie nt
similarity degrees between element names and pro-
cesescan be computed. Our similarity measurement
approach provides a basisfor futur e resead.

Furthermore, we use the feasibility of semartic
busines process models for ontological reasoning to
consider businessrules in our similarity calculation.
Usually, businessprocess models are modeled acoord-
ing to specibPcbusiness rules such as all high loss es
timations must include an expert@ inspection or if
more than 2 persons travel together, the third pays
only half price. Business rules represert enterprise
policies knowledge and expertise. The realization
of an autocompleti on mechanism requires to consider
rules stated for busines proces models. The impact
of such a medanism is to decrease the amount of
modeling time and to improve proces model quality.

The simplicity of our approach makesit possble
to apply our similarity calculation for other proces
modeling languages such as for the Busines Pro-
cessExeaution Language for Web Services(Andrews,
Curbera, Dholakia, Goland, Klein, Leymann, Liu,
Roller, Smith, Thatte, Trickovic & Weeaawarana
2003) or Evert-driven ProcessChains (Scheer 1998).

Besides semantic similarity computations as pre-
sented in this paper we are planning to integrate ap-
proacdes for comparing proces®sbased on their con-
trol Bow semanti cs.
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