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Abstract

A businessprocessmay be modeled in di! erent ways
by di!e rent modelers even when uti lizing the same
modeling language. An appropriate method for sol-
ving ambiguity issuesin process modelscaused by the
use of synonyms, homonyms or di!eren t abstraction
levels for processelement namesis the useof ontology-
based descriptions of processmodels. So-called se-
mantic business process models promise to support
business process interoperabilit y and interconnectiv-
it y. But, for (semi-) automatic process interoperabil-
it y and interconnectiv it y two problems need to be
solved. How can similar terms for process element
names be automatically discovered and how can se-
mantic business process composition 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 Business
ProcessModels, Similar it y Measures

1 Introduction

In E-Business, enterpr ises collaborate across organi-
zational boundaries to perform common tasks. But ,
even when sharing similar demands, enterprises are
using their speciÞc vocabulary and structural rep-
resentat ions for modeling business processes. By
using formal languages such as Petr i nets (Reisig
& Rozenberg 1998) for modeling business processes,
purely syntact ic composition problems of interor-
ganizational business environments may be solved
(van der Aalst & Weske 2001), (Lenz & Oberweis
2003). However, a missing semantic representation
of Petri net elements can hamper further intercon-
nectivit y of business processes. When enterpr ises de-
cide to interconnect business processes, synonyms,
homonyms or similar labeled process elements have
to be ident iÞed to avoid misunderstandings. Fur-
thermore, in order to understand business processes,
signiÞcant experience in the Þeld of business process
engineering and e!ort to check di! erences between
the respective business processes are required. By
describing businessprocess models in an unambigu-
ous format which enables computer reasoning, the au-
tomation of process composition can be facilitat ed.
These so-called semantic business process models
promise appropriate businessprocessdiscovery, inter-
operabilit y and interconnectiv it y. The automation of
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process discovery can help to accelerate Þnding ap-
propriate composablebusinessprocess models faster
than manually discovering business process models.
Providi ng a (semi-)automatic approach for process
interoperabilit y and interconnectivit y helps to save
costs and time when establishing interorganizational
business collaborations.

In this paper we will propose an approach
for (semi-)automatic detecti on of synoyms and
homonyms of process element names in order to sup-
port semantic process model interconnectiv it y and in-
teroperabilit y by measuring the similarit y between
business process models semantically modeled with
the Web Ontology Language (OWL)(McGu inness &
van Harmelen 2003). We describe tr aditi onal Petri
nets with an Ontology Language-based format OWL
(McGuinness & van Harmelen 2003). The tr anslation
of Petri nets into OWL makes it possible to automa-
tically compute similariti es between businessprocess
models. Figure 1 depicts two (simpliÞed) business
processes. Both processesperform requestsand same
terms are utili zed (e.g. in both a request for some-
th ing is issued). But the request is treated in dif-
ferent ways. In Business Process I the request is
checked for completeness and will be accepted or re-
jected afterwards and in Business Process II the
request is to be rejected or accepted without checking
a selection criteria. Comparing these process mod-
els manually results in a high simil arit y degree(sev-
eral element namesoccur in both processes). But, to
determine di!e rences between larger process models
(>100 elements) requires time, e!ort and a couple of
various modeling experiences.

Figure 1: Example business processes wit h same
terms for process element names

The degreeof similari ty between businessprocess
models correlates positively with the number of used
synonyms and negatively wit h the number of used
homonyms. In this paper we will demonstrate that
by using the thr ee similarit y measures, syntactic-,



li nguistic- and structural measure, we can compute
similari ty degrees between a pair of process element
names(sime) and between a pair of businessprocess
models (simt). In order to compute the syntact ic si-
milar it y degree we compare the number of common
characters in the element names (e.g. conÞrmation
vs. veriÞcation). The linguistic similarit y degreere-
lies on a dictionary to determine synonyms. However,
syntactic- and linguistic similarit y measuresby them-
selvesdo not exploit the context of names. We do so
with str uctural similarit y measures, which helps to
detect primaril y homonyms. By extending existing
ontology similarit y approaches ((Ehrig, Haase, Sto-
janovic & Hefke 2005) and (Maedche & Staab 2002))
for semanti c business process models we show pos-
sibilities to achieve improvements of business process
interoperabilit y and interconnectiv it y and easeof pro-
cess composition when faciliati ng process similari ty
computati on. Implementati on and evaluation experi-
ences wit h our approach are presented as well.

The str ucture of thi s paper is as follows. Firstly,
we wil l recall the main notions of Petri nets, ontolo-
gies and a semanti c description of Petr i nets with
OWL DL. In Section 3 we will describe an approach
for measuring syntactic-, linguistic- and structural si-
milar it y between process element names. We aggre-
gate these simil arit y measuresto a combined simila-
ri ty measure to determine simil ariti es between two
business process models. Application areas of our
approach will be illu str ated in Section 4. Practical
experiences will be presented in Section 5. Section
6 surveys related work and Sect ion 7 concludes the
paper with an outlook on future research.

2 Foundations

Petri nets, ontologies and semanti c business process
models are intro duced in the following subsections.

2.1 Petri nets

Petri nets (Reisig& Rozenberg 1998)are a widely ac-
cepted graphical languagefor the speciÞcation, sim-
ulation and veriÞcation of behaviour of information
systems. Formally, a Petri net is a directed bipartite
graph with two sets of nodes(places and transiti ons)
and a set of arcs (ßow 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 ßow of tokens
representin g anonymous objects deÞnesthe process
ßow. To describe objects with individual behavior,
several variants of high-level Petr i nets havebeen pro-
posed ((Jensen 1994), (Genrich & Lautenbach 1981)).
In (Genrich & Lautenbach 1981)predicate/tr ansition
nets (Pr/T nets) are intro duced where places repre-
sent relat ion schemes (predicates). In Pr/T nets a
function assigns to each place a marking, which is a
relation of the respective type. The set of all place
markings at a given ti me describes a certain global
system state. A tr ansition represents an operation on
the relations in it s input/outp ut places. If a tr ansi-
tion occurs, tup les are removed from the relations in
its input places and are inserted into the relations of
its output places. A logical expression, which may be
assigned to a tr ansition, makes it possible to specify
certain condition s for the selecti on of tuples to be in-
serted or removed. Figure 2 shows two (simpliÞed)
Pr/T net descripti ons of businessprocesses.

Business Process I performs travel booking
(where the booking request is described by its at-
tri butesName, Destination, Date, and Quanti ty). Af-
ter receiving a request th is request will be checked for

consistency (t ransition check request). In caseof in-
consistent data it needsto be corrected. If the re-
quest data is complete then travel availabili ty wil l
be checked. The travel booking is accepted (Con-
dition AQ − Q > 0 of t ransition book travel) or re-
jected otherwise. Upon completion of the booking
processa conÞrmation is sent to the customer (tr an-
sition send conÞrmation). In Business Process II
ßight requests are processed whereßight is deÞned by
its attri butes Date, City, AvailableSeats and request
by Name, City , Date and Amount. With these data
at hand the ßight request wil l be rejected or accepted.
In both casesthe customer is informed by a respective
message (in Business Process I by a conÞrmation
and in Business Process II by a veriÞcation).

2.2 Ontologies

An ontology (Staab & Studer 2004) deÞnes the rel-
evant concepts of its domain (its terminology), its
propert ies and instances (the world description). The
following brief deÞnition describes the term ontology
as being used in our scenario. An ontology O is de-
Þned by a tuple as follows.

O := (C,HC , PC , I, A)

Concepts C of the schema are arranged in a sub-
sumption hierarchy HC . Concepts are deÞned by
propert ies PC (where properties can alsobe arranged
in a hierarchy). By instati ating conceptseach concept
has a set of instances I. Additi onally, an ontology
might contain a set of axioms (denoted as A), which
can be used to infer implicit knowledgefrom explicit
one.

By standardizing the Web Ontology Language
(OWL) , the World Wid e 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 SpeciÞcation). 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 rangeTransition.

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

</owl:ObjectProperty>
...

</owl:Class>

Figure 3: Example for OWL syntax

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

2.3 Semantic Business Process Models

To solve ambiguit y issuescaused by the use of dif-
ferent terms for describing the same th ings 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 translated
Petri net elements (i .e. Pr/T net elements) into OWL
DL (Koschmider & Oberweis 2005). So-called seman-
tic businessprocess models (SBPM) consist of the



Figure 2: BusinessProcesses modeled with Pr/T nets

concepts Transition (T), Place (P), FromPlace
(Fr) (arcs running from a place to a t ransition) and
ToPlace (Fw) (arcs running from a tr ansition to
a place). Besides, these concepts have speciÞc at-
tri butes with rangespointing to further concepts of
the ontology. For example, the concept Place hasthe
attr ibute transRef with the range Transition1.

Figure 4: Pr/T net Ontology

OWL DL can be consideredas a syntactic variant
of the SHOIN (D) Description Logic which is known
to be decidable (Horrocks 2005). The representa-
tion of Petr i nets in Description 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 SHOIN (D) Description Logic or in OWL syntax.
By representi ng semantic business processmodels in
OWL syntax the corresponding Þles can be manip-
ulated and enable to deduce new data being not di-
rectly modeled in businessprocesses. An example is
given in Figure 5.

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

1 Concepts such as Lo gicalConcept , In di vidua lDa ta I t em, Del ete,
Ins ert, Condi tio n, Op erati on, A tt ri bu t e and Value are speciÞc ele-
ments of Pr/ T nets.

Figure 5: Representing Semantic Business Process
Models in OWL syntax (excerpt)

3 Measuring Similarity between Semantic
Business Process Models

In the following we consider two di! erent application
scenarios for measuring similarit y between semantic
business process models (SBPMs). One important is-
sue is the semanti c interconnecti vit y of businesspro-
cesses, which ensures ßexible process interface com-
posing. Supportin g reusabilit y of business process
models is the other important issue. Given process
templates (referencebusinessprocessmodels) thesys-
tem examines the processes and tri es to Þnd similari-
ties between a modeling process and the process tem-
plates.

For thesetwo scenariosweprovidea solution based
on measuring syntactic-, linguistic- and structural si-
milari ty as a way to evaluate the similiari ty degree
between two semantic process element names. By
aggregating these similari ty measuresto a combined
similari ty measure we can compute the similarit y be-
tween two SBPMs. In Section 5 we wil l explain our
implemented system for similiarit y calculation. To
compute the syntact ic simil arit y degreewe compare
the number of characters of concept instancesÕnames
(e.g. conÞrmation with veriÞcation). The linguistic
similari ty measure relies on a dictionary to determine
synonyms. However, syntactic- and linguistic simila-
ri ty measuresalone do not make use of the context
of concept instances. With structural similarit y mea-
suresweconsider thecontext of conceptinstancesand
makes it possible to detect homonyms.



In the following, we assume that process element
names to be compared have the same level of detail.
It is not reasonable to compute similarit y between for
instance contract application and contract wherecon-
tract application can be regarded as a specialization
of contract. Abstr acti on levels of element namescan
be calculated with the simil arit y metr ics proposed by
(Wu & Palmer 1994). Thesemetrics take into account
the depth of terms in lexical referencesystems such as
WordNet (Fellbaum 1998). The abstraction of terms
correlatesnegatively with the depth of terms.

3.1 Properties of Similarity Measures

Similarit y measures as explained in thi s paper must
fulÞll the properties symmetry and reßexivity as in-
tro ducted in (Richter 1992). A real-valued function
sim: S×S → [0,1] on a set S measuring the degree
of similarit y between two elements is called similari ty
measure if, ∀ x, y, ∈ S:

1. sim (x, y) = sim (y, x) (Symmetr y)

2. sim (x, x) = 1 (Reßexivit y)

In the literatu re a long debate on questi ons about
whether simil arit y measuresare symmetric or not can
be found (Tv ersky 1977). Sincein the context of busi-
nessprocessmodelsweusesimilarit y measures to sup-
port (semi-)automatic comparing of business process
models it is obvious that the returned simil arit y de-
greesmust fulÞl the symmetr ical property.

3.2 Syntactic Similarity Measure

In order to measure simil arit y between two charac-
ter st rings, (Levenshtein 1966) proposed the edit dis-
tance method. The edit distancebetween two str ings
is deÞned by the number of changes(addition , dele-
tion and replacement of characters) necessary to turn
one str ing into another. For example, the edit dis-
tance between the strings ÒconÞrmationÓ and Òveri-
ÞcationÓequals 6, becausesix subst ituti ons are suf-
Þcient to tr ansform ÒconÞrmationÓto ÒveriÞcationÓ.
The greater the edit distance, the more di!e rent the
strings are. Based on the edit distance method (ed)
(Maedche & Staab 2002) have proposed a syntactic
similari ty measuresimsyn as shown below, which re-
turns simil arit y degrees between 0 and 1, where 1
stands for perfect match and zero for bad match.

simsyn(c1, c2) := max(0, min( |c1 |,|c2 |) ! ed(c1 ,c2 )
min( |c1 |,|c2 |) )2

In contrast to the edit distance method the syn-
tactic similarit y measure of (Maedche & Staab 2002)
takes into account 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|, |c2|)). Table 1 shows syn-
tactic similari ty degrees(simsyn) for several concept
instance names of Figure 2; e.g. simsyn for sendcon-
Þrmation and sendveriÞcation is 0.64.

Table 1: Results of syntactic similar it y measure
ci cj sim sy n

request request 1.0
send reject reject 0.1667

booking accept 0.0
... ... ...

send conÞrmatio n send veriÞcation 0.64

2 |string| denot es for a giv en str ing the num ber of charact ers.

The computati on of simsyn for the pair sendcon-
Þrmation and send notiÞcation (not labeled in our
processscenario in Figure 2) returns a syntactic simi-
larit y degreeof 0.70. Considering only syntact ic simi-
larit y measures would imply that the last pair would
be added to the result list due to its higher simila-
ri ty degree(0.70 > 0.64). Purely syntactical methods
that treat elements isolated from their semantics are
insu" cient since misunderstandings may happen by
expressing the samemeaning in di!e rent terms. By
considering the semantics of instance names with lin-
guisti c measures we will explain in the next subsec-
tion that the pair (send conÞrmation vs. send ver-
iÞcation ) is to a greater degree similar than (send
conÞrmation vs. sendnotiÞcation ).

3.3 Linguistic Similarity Measure

To exploit linguistic features we have uti lized
WordNet (Fellbaum 1998) (by using the JWNL
API (Did ion 2003)) and a speciÞc UML ProÞle
(Brockmans et al. 2006) as so-called background on-
tologies. JWNL is an API implemented in Java
for accessing the WordNet dictionary. WordNet is
an English online lexical reference system, which
provides synonym, hyperonyms (generalization) and
hyponyms (specialization) sets consisti ng of nouns,
verbs, adjecti ves, and adverbs. To access the UML
ProÞlevocabulary by usinga speciÞcAPI3, a convert-
ing tool provides an automatic tr anslation from the
visual UML modeling to OWL DL syntax. WordNet
is in contrast to the UML ProÞle Þx and predeÞned.

To compute linguistic similarit y degrees between
process element names we are considering synonym
sets proposed by WordNet. For instance, WordNet
submits for the term veriÞcation two senses in a syn-
onym relationship ordered by estimated frequency:

1. conÞrmation, veriÞcation, check, substantiation
Ð (addition al proof that someth ing that was
believed (some fact or hypothesis or theory) is
correct ; Ófossils provided further conÞrmation of
the evoluti onary theoryÓ)
→ proof, cogent evidence Ð(any factual evidence
that helps to establish the tru th of someth ing

2. veriÞcation Ð ((law) an a"da vit att ached to a
statement conÞrming the tr uth of that state-
ment)
→ a"da vit Ð (written declaration made under
oath; a wri tten stat ement sworn to be true be-
fore someonelegally authorized to administer an
oath)

One synonym for veriÞcation is conÞrmation
(sense 1). Thus, our implemented system indicates
some linguisti c relationships between these two in-
stance names. Modeling business processes depends
on the modeler and varies from one to another. One
modeler might denote elements only with verbs while
someoneelse might denominate elements with labels
composed of nouns, verbs and adverbs (e.g. sendcon-
Þrmation or print Þnal deadline). In case of com-
posed process element names we calculate only the
linguisti c simil arit y for names that do not satisfy a
simsyn of 1.0. For instance, computing linguistic si-
milari ty for the pair (sendconÞrmation vs. sendver-
iÞcation ) is restricted to the pair conÞrmation vs.
veriÞcation due to identit y of send. Otherwise, the
linguisti c similarit y for sendemployee and sendsoft-
ware would be > 0 due to the term send. This makes
no sense from the linguistic point of view.

3 thi s A PI is curr entl y not availa ble, but wil l be publi shed in
near futur e.



In order to compute linguistic similarit y the func-
tion η(c) retr ievesall WordNet senses (all terms in a
synonym relationship) for the phrasing of the given
ontological concept instance c. Let S = η(c1) ∩ η(c2)
be the set of common senses of the phrasings of two
concept instances c1 and c2 to be compared. Then
the cardinalit y f (S) is deÞned as:

f (S) =
{

1 i! η(c1) ∩ η(c2) '= ∅
0 i! η(c1) ∩ η(c2) = ∅

Let max(|η(c1)|, |η(c2)|) be the maximum of the
cardinalities of the two sets η(c1) and η(c2), then the
linguisti c similari ty simling between two concept in-
stancenamesis deÞnedas:

simling(c1, c2) =
f (S)

max(|η(c1)|, |η(c2)|)

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 sensecardi-
nalit y of these two terms. This measure returns a
similari ty degreeof 1.0 for c1 vs. c2 if c1 is the only
synonym for c2 and vice versa.

A higher number of senses returns a lower lin-
guisti c similar it y degree. But, as we will explain in
the next section users can assign individual weights,
which return higher linguistic simil arit y degrees. Ta-
ble 2 shows several linguistic similarit y degrees.

Table 2: Results of linguist ic similari ty degrees
ci cj sim li ng

request request 1.0
conÞrmatio n veriÞcation 0.5

... ... ...
send rejection send acceptance 0.0

This linguistic measure returns another similari ty
degreefor the same pair of processelements as the
syntactical measure described above. Considering
only linguisti c features would return for the pair (al-
locate three weights, vs. alocate tree wights) a simling

of 0.0 due to spelling mistakes (allocate only with one
ÒlÓ,three without ÒhÓand weight without ÒeÓ).The
computati on of syntactic similarit y for this pair re-
turns a degreeof 0.842. Thus, the computation of
both measuresis necessary in our application scenar-
ios.

In the following wewill show that the computation
of a so-called context of concept instance names un-
covers homonyms, e.g. the word organizati on means
oncea social organization and oncea governance. The
linguisti c and syntactic simil arit y would return a de-
greeof 1.0 for (organization vs. organizati on).

3.4 Structural Similarity Measure

To make useof the hierarchical ontology str ucture for
determining semantic simil ariti es the context of con-
cept instances should be considered. The str uctural
similari ty measure hasasinput two concept instances
(c1 and c2) and their context. The context of a term
is deÞned as the set of all elements which inßuence
the similarit y of the term. To elucidate the context
of concept instances we have extracted concept in-
stance names from SBPM1 and SBPM2 (SBPMs
tr ansformed of business processes in Figure 2) and
have represented the instancesasnodesand the prop-
erties as undirected arcs in a tree as shown in Figure
6.

Figure 6: Tree representation s of two Semanti c Busi-
nessProcessModels

The upper level of the tree SBPM1 represents the
Þrst element name of SBPM1 (request) and the bot-
tom of the t ree (complement data and complete data)
are the thi rd and fourth tr ansitions. The subsequent
element of request is check request (second node on
the left hand side) and the marking name is R request
which is deÞned by the att ributes Name, Destination,
Date, and Quanti ty. Destination has the valuesPAR
and FRA. The structure of t reeSBPM2 is given anal-
ogously. In the tree representat ion the similari ty de-
gree of att ribute names (i.e. Name, Dest inati on) is
inßuenced by the similarit y of values. The similari ty
of place names is inßuenced by attrib utes and sub-
sequent transit ion names and the similarit y of sub-
sequent tr ansition names is inßuenced by subsequent
place names.

Based upon th is relat ionship we deÞne the context
for place names by a tuple conp = < a, v, sV, tR >
with

• a = all attri butes of a speciÞc place,

• v = all values for each attr ibute,

• sV = sibling values,

• tR = all subsequent tr ansition nameslinked via
the transRef propert y.

The context of the concept instance name request
in Figure 6 is deÞned by it s attrib utes Name, Desti-
nation, Date and Quanti ty, the corresponding values
(in Figure 6 we have only depicted PAR and FRA)
and the subsequent instancename check request.

To deÞne the context of attri bute names we re-
strict cona by a tuple < sA, v, sV > with

• sA = sibling attr ibutes,

• v = all values of the speciÞc attri bute,

• sV = sibling values.

The context for tr ansition names is a tuple
cont = < pR > with

• pR = all subsequent place names linked via the
placeRef property.

The context of the concept instance name check
request in Figure 6 is the subsequent instance name
requestchecked.

But, each of the context elements inßuences the
instance name with di!ere nt weights. At trib utes are
signiÞcant and inßuence instance names more than
values,which are more relevant to identif y attrib utes.
These di!e rent degreesof inßuencecan 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
At tribu te synt/lin g sim. 0.4

Value synt sim. 0.1
successor (tra nsRef) synt/lin g sim. 0.3

At tribu 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

At tribu te lin g sim. 0.4
Values Reference lin g sim. 0.4

Transition Name synt/lin g sim. 0.2
successor (pla ceRef) synt sim. 0.8

In business process models wit h a lot of places,
attr ibutes and tr ansitions weights play a less impor-
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-
cesses modeled in Figure 2 have several places with
their attrib utesand tr ansitions. But, in order to make
the businessprocessescomprehensible we did not as-
sign values for attr ibutes or any reÞnements (subpro-
cesses). For these two processes we have chosen the
weights as depicted in Table 34. With these weights
the exact simil arit y degreehas been computed as we
will explain in Section 5.

To compute the structural similarit y degree be-
tween two concept instances let c1 be a parti cular
concept instance of SBPM1 and c2j be a set of con-
cept instances of SBPM2. Then (simki(c1i , c2j )))
denotes the speciÞc simil arit y measure used for the
context elements of c1 and c2 which we mult iply with
individual weights as depicted in Table 3. In order
to consider only reasonable pairs we Þlter only the
maximum between c1 and c2j and c1i and c2.

simstr(c1, c2) :=

n∑
i=1

maxj" 1..m(wki ∗ simki(c1i , c2j ))

n∑
i=1

wki

This measure returns a simil arit y degree of 1.0
if the syntact ical and/or linguistic similarit y for the
context elements equals1.0. Someresults of the struc-
tural calculation are shown in Table 4.

Table 4: Results of structural similari ty degrees
ci cj sim str

request request 1.0
send reject reject 0.9

request checked acceptance 0.0
conÞrmatio n customer contacted 0.0

... ... ...
send conÞrmatio n send veriÞcation 1.0

conÞrmatio n veriÞcation sent 0.8

The syntacti c and linguistic similarit y for the term
organization is 1.0. Evaluating the context of the
term organization would perhaps return a di!e rent
similari ty degree for simstr. For instance, if the at-
tri butes of the concept instance name organizati on
from SBPM1 are Room and Contact and another in-
stance name organization from SBPM2 has Name
and City , then a structural similarit y of 0.0 is re-
turned. The attrib utes (Room vs. Name) or (Room
vs. Cit y) have no synonym relationship and thus or-
ganization is unlike organization.

4 for values we calcul at e only synta cti cal sim ila ri t y as values are
of data t ype integer or st ring such as 11 or Smit h

In the following sect ion we wil l aggregatethe thr ee
similari ty measures syntacti c, linguistic and struc-
tural similarit y to a combined simil arit y measure.

3.5 Combined Similarity Measure

In order to compute the combined similarit y simcom
between concept instance namesc1 and c2 let c1 be
a parti cular concept instance name of SBPM1 and
c2 be a concept instance name of SBPM2. Then the
combined similarit y is an aggregation of the degrees
returned from the syntactical, linguist ic and struc-
tural similarit y measures as explained above.

These similarit y measures have particul ar weights
wsyn, wling and wstr that can be individually
assigned by users or learned e.g. using machine-
learning-based approaches on a training set. The
e! ects of di!eren t weights on the simil arit y results
have been invest igated by (Berkovsky, Eytani &
Gal 2005). The combined similari ty measure takes
into account syntactical, linguistical and structural
features of instance names.

The similari ty between two semantic businesspro-
cess models SBPM1 vs. SBPM2 is deÞned by se-
mantic relationships, which we consider by the two
sets of concept instancesC1 and C2 of SBPM1 and
SBPM2.

• equivalence: sim (SBPM1, SBPM2) = 1 i!
C1 = C2 ,

• disjointness: sim (SBPM1, SBPM2) = 0 i!
C1 ∩ C2 = ∅

• intersection: sim (SBPM1, SBPM2) ∈]0...1[
i! C1 ∩C2 = {x|(x ∈ C1) ∧ (x ∈ C2)}∧C1 '= C2.

Based on these semanti c relationships we spec-
ify an overall similari ty between two semanti c busi-
ness process models. Let c1 be a parti cular con-
cept instance of SBPM1 and c2j , j ∈ 1..m, be
a set of concept instances of SBPM2. Then
max

j" 1..m
(simcom(c1, c2j )) denotes the maximum com-

bined similar it y between c1 and concept instances c2j

of SBPM2.



simSBPM (C1, C2) :=
1
n

n∑

i=1

( max
j" 1..m

(simcom(c1i , c2j )))

For the calculation of SBPM1 and SBPM2 the
simSBPM equals 0.32. Experiments have shown that
a value > 0.4 indicates a low businessprocesssimi-
larit y. A similarit y degree (SBPM1, SBPM2) = 0.4
indicates an intersecti on relationship. This impli es
that only 40% of instances names (processelement
names) of SBPM2 are similar to instance names in
SBPM1.

To make reasonable statements about the simila-
ri ty degreereturned for two SBPMs, neural nets can
be used for example to learn a thr eshold θ for the
combined similarit y instead of using a Þx thr eshold.

4 Application

Besides business process interconnect ivit y user sup-
port for business processes modeling is another
promising application area for our approach (Betz,
Kli nk, Koschmider & Oberweis 2006). Manual mode-
ling of business processes is a time consuming task.
Typos and structural modeling errors make it parti c-
ularly error prone to model business processesman-
ually. Users can be assisted in modeling business
processesby providing an autocompleti on mechanism
during the modeling process. Before proposing ap-
propriate processelements, a recommendation mech-
anism hasto comparemodeling elementswith process
templates and hasto Þnd similar elements, which wil l
beproposedasÞtti ng subsequent elements. Thus, the
mechanism has to compare process templates with
process elements, which are currentl y modeled, by
computi ng their similari ty 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 asdescribed in Section 2.3 promiseto fa-
cilitat e (semi-)automatic interconnectivit y of business
processes. To check if a processmodel meets certain
propert ies we ut ilize in our recommendation system
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
processcomposition is helpful for process modelers if
the system could indicate the position (at the begin-
ning, in the middle, at the end of the process) of ap-
propriate sequences of activi ties overlaping each other
as shown in Table 5. In addition to the combined si-
milar it y degreeswe specify the relat ive posit ion num-
ber of the node and the element name (=P osition)
where P1 is the Þrst place in the businessprocess, T1
the Þrst transit ion and so on. RequestSBPM1 is the
Þrst place in Business Process I and the Þrst place
in SBPM2. Both element names have a combined
similari ty of 1.0.

Table 5: Results of simil arit y measurement with po-
sition of concept instances

C1 Position C2 Position sim com
request P1 request P1 1.0

send reject T6 reject T1 0.9
conÞrmation T7 veriÞcation T4 0.8

... ... ... ... ...

5 Implementation and Evaluation

We have implemented a Petri net editor called Sem-
PeT5 that o!e rs semantic businessprocess models ex-
port, which employs the Jena Semantic Web Frame-
work API (HP 2003).

Furt hermore, in order to support similarit y mea-
surement between semantic business process models
we have integrated FOAM6, an alignment and map-
ping framework for ontologies, into SemPeT. On top
of FOAM we have implemented the features of mea-
suring combined similarit y between process element
namesand between two businessprocessmodels. By
choosing two semantic business process models (see
Figure 7) to be compared our prototype computes
simcom and simSBPM . In the Þrst iterati on of simila-
ri ty measurement instance names of the sameconcept
are compared (e.g. the name request of the concept
place from the left SBPM is compared wit h all in-
stances of the concept place from the right SBPM).
In th is iteration request is compared with request, re-
jection and veriÞcation. Aft er several iterations (by
default the system iterates three times) the system
displays only the instances with the highest similari ty
degree. In thi s example the pair (request, request)
has the highest combined similarit y. Transitions are
handled analogously.

An excerpt of results from SemPeT is shown in Ta-
ble 6. The second value is the result from the syntac-
tic calculation, the th ird one from the lingustic mea-
sureand the fourth result returns from the str uctural
measurement (simstrP corresponds to the str uctural
similari ty of places, simstrA to the structural simila-
ri ty of attrib utes, and so on). The aggregation to a
combined similarit y is the Þrst value.

In case of di!e rent grammatical usagesof words
we are restr icti ng the su"xe s for nouns, verbs and
adjectivesas shown below.

• name=ÒnounÓvalue= Òs=, ses=s, xes= x, zes=z,
ches=ch, shes=sh, men=man, ies=yÓ

• name=ÒverbÓ value=Òs= , ies=y, es=e, es= ,
ed=e, ed=, ing=e, ing=Ó

• name=Òadjectiv eÓ value=Òer=, est=, er=e,
est= eÓ

Our implemented prototyp computes only the si-
milari ty between concept instance names (simcom)
and between semantic business process models
(simSBPM ) and does not consider the system be-
havior such as the contr ol ßow semantics (Hid ders,
Dumas, van der Aalst, ter Hofstede & Verelst 2005).
By using our approach for modeling support (as ex-
plained in 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
subsequent elements (for places transitions and for
transitions places) are labeled completely di!e rent
and have no relationship to its predecessor (e.g. a
transition is denominated by send conÞrmation and
a subsequent place by printed instead conÞrmation
sent or conÞrmation received).

Our approach has been validated on small (<
100 tr ansitions) business processmodels. Our imple-
mented system found nearly always correspondencies
of instance names. This has been veriÞedmanually.

5 ht tp:/ /a ifbserv er .aifb. uni-k arl sruhe.de/semp et/ index. htm
6 ht tp:/ /w ww .ai fb.uni -karl sruhe.de/WB S/ meh/ foam/



Figure 7: Two Semant ic BusinessProcessModels

Table 6: Results of similarit y measurement
in stance name sim com sim sy n sim li ng sim str P sim str I sim str A sim st r V sim st r T

(conÞrmat ion vs. veriÞ cation ) 0.8 0.64 0.5 0.95 0.0 0.0 0.0 0.0
(veriÞcation vs. conÞrmat ion ) 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 best of our knowledge, there is no other ap-
proach that describes high-level Petri nets in OWL.
(Gasevic & Devedzic 2004) propose a Petri net on-
tology (for elementary Petri nets) that should en-
able sharing Petr i nets on the Semanti c Web and
should make it possible to transform a speciÞc XML-
based Petri net format into OWL. The aim of our
work is to reuse and analyze business process mod-
els not primary in the Semantic Web but in busi-
ness environments. A domain ontology represents
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 processinterconnectivi ty, sev-
eral approches such as (Greco, Guzzo, Pontieri &
Saccà 2004) have been proposed. In (Greco et al.
2004) a framework is proposed to enable ontology-
driven process modeling. By utili zing the framework
userscan specify their business process models with
semanticall y enriched processes. For process schema
deÞniti on the authors proposea formal processmodel
of their own and do not refer to existing business
process modeling languages. Furthermore, the ben-
eÞt of the framework is to provide manual support
for business process designers,which meansthat the
approach is not focussing on (semi-)automated inter-
connectivi ty of business processmodels. The beneÞt
of our approach is that the user does not need to pa-
rameterize thesimilarit y computat ion each time when
computi ng similariti tes.

A lot of research in service discovery is done in the
Þeld of Web services. The description and discovery
of Web servicescan be seen as a prerequisite for Web
service composition. (Cardoso & Sheth 2003)propose
an algorithm to discover Webservicesand resolvehet-
erogeneity among their interfaces in a workßow en-
vironment with the use of ontologies. Web services
in contrast to business process models have only to

interoperate at the input and output interface level
with out considering the context of process elements.
To describe, match and composeWeb services, (Pahl
& Casey 2003) propose logical reasoning techniques
basedon a formal ontology framework. The prereq-
uisit e of thi s approach is the discovery of appropriate
Web serviceswhich is a time-consumingtask. The ap-
proach of (Chun, Atlu ri & Adam 2002)present a way
to automatically compose workßows. Basedupon an
ontology of servicesan algorithm is provided that fa-
cilitates the workßow designand requires fewer eval-
uations at run time. The prerequisit e for the use of
th is approach is large domain knowledgefor modeling
the ontologies. In contrast to these approaches we
compute (semi-)automatically the similarit y between
process elements and process models and a so-called
recommendation system proposesÞttin g subsequent
elements.

As mentioned in Section 5 we have not yet con-
sidered the control ßow semanti cs. The computa-
tion of equivalence of contr ol ßows is described in
(Ki epuszewski, ter Hofstede, & van der Aalst 2003).
In (Hidders et al. 2005) an approach is proposed to
compute the relative expressivenessand variabilit y of
workßows. The similari ty computation for elements
meaning have not been regarded by these approaches.

A lot of research work has been done in the Þeld
of similarit y measurement. In (Resnik 1999) an ap-
proach is presented for measuring syntacti c- and lin-
guisti c similarit y in a taxonomy. In a taxonomy
relationships between concepts and properties are
not considered. (Li n 1998) presents an information-
theoretic deÞnition of similarit y that is applicable as
long as there is a probabilistic model for terms.

Altogether, it does not exist an approach that
measures syntactic and semantic similarit y between
business process models, part icularly Petri net-based
business process models.



7 Conclusion

In th is paper we have presented an approach for mea-
suring similarit y between process element names and
between semantic business process models. Conse-
quently , semantic business process models are an in-
stantiati on of the Pr/T net ontology; thus our simil-
iarit y approach is feasible for measuring similarit y be-
tween business process models. We have shown that
calculatin g only syntacti c- and linguistic similari ty is
insu" cient since the instance context is not consid-
eredand homonyms can not be discovered. By taking
into account structural aspectsof instances, su"cie nt
similari ty degrees between element names and pro-
cessescan be computed. Our similar it y measurement
approach provides a basis for futur e reseach.

Furth ermore, we use the feasibilit y of semantic
business process models for ontological reasoning to
consider business rules in our simil arit y calculation.
Usually, businessprocess modelsare modeledaccord-
ing to speciÞcbusiness rules such as all high loss es-
timations must include an expertÕs inspection or if
more than 2 persons travel together, the third pays
only half price. Business rules represent enterprise
policies, knowledge and expertise. The realization
of an autocompleti on mechanism requires to consider
rules stated for business process models. The impact
of such a mechanism is to decrease the amount of
modeling t ime and to improve process model qualit y.

The simplicit y of our approach makes it possible
to apply our similarit y calculation for other process
modeling languages such as for the Business Pro-
cessExecution Language for Web Services(Andrews,
Curbera, Dholakia, Goland, Kl ein, Leymann, Liu ,
Roller, Smith, Thatte, Trickovic & Weerawarana
2003) or Event-dr iven ProcessChains (Scheer 1998).

Besides semantic similarit y computation s as pre-
sented in th is paper we are planning to integrate ap-
proaches for comparing processesbased on their con-
tro l ßow semanti cs.
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