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Abstract: In business process, similarity is important for comparing between business process models. The existing 

similarity methods, such as Graph-based Matching Method (GMA), Weighted Graph Edit Distance (WGED), 

Weighted Node Adjacent Relation Similarity (WNARS), Tree Declarative Pattern Edit Distance (TPED) and Cosine-

Tree Declarative Pattern (Cosine-TDP) can distinguish between AND, OR, and XOR relationships. However, they 

have drawbacks in detecting same relationships with different event logs. This paper proposes a new similarity method 

based on weighted graph models called weighted graph-based parallel process model matching (WGPPM) for 

computing the behaviour of parallel activity relationships. The proposed method utilizes the frequency of activity 

relationships as the weight in the graph model to measure the similarity between processes containing parallel 

relationships. WGPPM is compared with GMA, WGED, WNARS, TPED, and Cosine-TDP. The result shows that 

WGPPM is able to compute similarity between same parallel relationship with different event logs. 
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1. Introduction 

Nowadays, the application of business process 

modeling is very widely done and needed for many 

aspects to provide some business services [1]. The 

purpose of business process analysis is to improve the 

process in fulfilling some aspects, i.e. optimal, 

reusable, flexible, and incorporate with information 

technology [2], include the use of event log of a 

workflow process to be mined [3]. A business process 

model or process model is a conceptual model which 

depends on the business procedure in a company [4] 

that can be applied for many different applications, 

such as information related to processing in an 

organization and the requirements of the system [5]. 

Fauzan [6] states that business process models can 

also be developed for several other purposes, such as 

increasing profit by applying a model based on 

standard operational procedures. However, there are 

some issues in building business process models, for 

example difficulties related to parallel relationships. 

The methods proposed by [7–9], which were used in 

this study, can successfully form parallel activity 

relationships, i.e. XOR, OR, and AND. 

A business process model can be compared with 

another process model to obtain their similarity, 

which has important applications in business process 

management [10]. Zhu [11] proposed Structural 

Approach Matching for Business Process Models 

Search. This method builds a business process model 

that captures the information arrangement of the 

business process, after which the similarity value can 

be derived by process matching, based on edit 

distance of process models on both of functional and 

structural similarity, while structure weights are 

specified to contribute to the conclusion of similarity 

value. The matching method of [12] identifies the 

correspondence between the activities in two 

business process models to calculate the similarity. 

They proposed the optimization method utilizing 

Markov logic for choosing the best linkages among 

results of some similarity matching methods. [13] 

presented a business process model using web 

services that covers their functional properties, while 

a semantic matching algorithm determines executed 
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web services for choice processes. The Grammar-

based Index for Matching Business Process Models 

was developed by [14] for indexing. They introduced 

a novel process evaluation process for matching 

business process models. In [15] used a clustering 

method to calculate the structural and the behavioral 

similarity between enterprise resource planning 

(ERP) models.  

However, most of researchers are not paying 

attention with the parallel activity relationships in the 

similarity measure. Then, [7] proposes the Graph-

based Matching Approach (GMA) for calculating 

similarity and matching Parallel Business Process 

Models. A graph-based parallel business process 

model contains nodes and edges that can be matched 

to calculate the similarity between graph-based 

parallel business process models. However, Graph-

based Matching Approach shows that AND-XOR 

relations are similar than AND-OR relations. 

Consequently, GMA cannot distinguish same 

relationship but from different event log. After that, 

[16] proposed Weighted Graph Edit Distance 

(WGED) and Weighted Node Adjacent Relation 

Similarity (WNARS) as behavioral similarity of 

process model in an event log. However, WGED 

cannot distinguish between AND, OR, and XOR 

since WGED cannot detect graph with same nodes 

but different relationships. Also, WNARS depends 

on minimum and maximum value of the weight in the 

graph which is cannot represent the behavior of the 

relationship. Furthermore, [17] proposes Tree 

Declarative Pattern Edit Distance (TPED), Cosine-

Tree Declarative Pattern (Cosine-TDP) for 

identifying AND and OR with AND and XOR. This 

method uses Linear Temporal Logic (LTL) which has 

many symbols to use. Even though the method can 

detect AND, OR and XOR, the range difference is too 

small such that AND-XOR is similar with AND-OR.     

This research is motivated by similarity in 

behaviour between the parallel activity relationships, 

i.e. XOR, OR, and AND. A weighted graph model is 

a graph with a weight in the form of a numerical value 

as a property of its edges, which influences the 

matching of parallel business process models having 

XOR, OR, and AND. The matching algorithm 

modifies algorithms forming by [18]. Summarizing, 

the major contributions of this research are: 

1) Weighted Graph Model as a novel parallel 

business process model, which reflects the 

behaviour of parallel relationships, i.e. XOR, 

OR and AND, by using the frequency of activity 

relations as a weight in the form of a numeric 

value. The weight added as a property of the 

edges of the graph-based process model 

influences the measurement of the similarity 

between two process models. 

2) Weighted Graph-based Parallel Process Model 

Matching (WGPPM) as a new matching 

algorithm which modifies from [18] to calculate 

the similarity of the parallel relationships 

between weighted graph models. The algorithm 

was applied to prove the truth of the parallel 

relationship behaviour. The result was compared 

with that of an existing matching algorithm, i.e. 

Graph-based Matching [7], Weighted Graph 

Edit Distance (WGED) [16], Weighted Node 

Adjacent Relation Similarity (WNARS) [16], 

Tree Declarative Pattern Edit Distance (TPED) 

[17], Cosine-Tree Declarative Pattern (Cosine-

TDP) [17] to prove this statement. 

2. Preliminaries 

2.1 Parallel business process model 

Business process models according to event logs 

help business process analysts to describe and 

evaluate business processes [19], and also to conduct 

performance analyses [20]. In a business process 

model, each activity is related to other activities. The 

relationship between activities consist of parallel and 

sequential, then the business process models which 

contains the parallel activity relationships called 

parallel business process models [8].  

There are kinds of gateways representing parallel 

activity relationships, i.e. XOR, OR and AND. From 

[19], if only one out of multiple activities in a process 

model is selected for execution, then the parallel 

relationship is XOR, an OR relationship occurs when 

more than one tasks are determined in a process, and 

an AND relationship occurs if the business process 

model executes all activities with different order in 

each process. Because OR relationships have high 

tractability in the execution of activities, many 

process discovery algorithms have difficulty in 

defining this relationship. OR relationships are 

associated with an XOR relationship or an AND 

relationship even though both XOR relationships and 

AND relationships do not resemble the function of 

OR relationships [19].  

Table 1 gives an example of the behavior of 

parallel gateway relationships XOR, OR, and AND 

from graph model and control flow-pattern. There are 

five activities, i.e. A, B, C, D, and E. Utilizing these 

activities, The OR relationship has some AND 

relationships that an XOR relationship does not have, 

e.g. BC. Of course, the OR relationship has all the 

relationships of the XOR relationship. Thus, it can be 

said that the OR relationship is more similar to the  
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 Table 1. Types of parallel relationships 

 

 
Figure. 1 The flow of the proposed method 

 

 

AND relationship. Interestingly, [7] proved that the 

XOR relationship is more similar to the AND 

relationship according to their behaviour. This 

research attempted to prove this similarity based on 

the behaviour of relationships. 

2.2 Methods of matching business process models 

There are several techniques to calculate the 

matching for similarity between business process 

models based on graph-based matching have been 

introduced in the literature. Graph-based matching 

assumes that a business process model is a labeled 

graph, where the nodes correspond to tasks, events or 

gateways that are related to the edges, which capture 

the control-flow between them. It exploits the 

syntactic and or semantic meaning of the labels of the 

nodes to determine a mapping between the nodes and 

compares the structure of the graph  [21]. The 

comparison of two business process models for 

recognizing linked activities that have alike parts is 

referred to [22] as business process model matching. 

There is software available that can automate this 

process, which is called matching. 

Many different equations are used in business 

process model matching, as mentioned in  [18,23,24]. 

This research developed a new equation for matching 

two process models. The matching process obtains a 

tier that consists of linked activities. Linkages are 

bidirectional as a result of the matching process, 

which is individualistic of the model sequences [23]. 

When calculating the similarity or dissimilarity 

between two business process models it is reasonable 

that the distance 𝑑𝑖𝑠(𝑎, 𝑏) should be positive or zero, 

which is shown in Property 1. The distance between 

nodes 𝑎  and 𝑏  must be the same as the distance 

between nodes 𝑏 and 𝑎. which is shown in Property 

2. Property 3 is required because the distance 

between two business process models should only be 

zero if and only if the models are really identical. 

 

Property 1 𝑑𝑖𝑠(𝑎, 𝑏) ≥ 0 

Property 2 𝑑𝑖𝑠(𝑎, 𝑏) = 𝑑𝑖𝑠(𝑏, 𝑎) 

Property 3 𝑑𝑖𝑠(𝑎, 𝑏) =  0 ⇔ 𝑎 ≡ 𝑏 

 

Relation Graph Model Control-Flow Pattern 

AND 

  

OR 

  

XOR 
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2.3 Weighted tree declarative pattern matching 

approach 

The Weighted Tree Declarative Pattern Matching 

Approach (WTDPMA) is proposed with two 

methods of similarity, such as TPED and Cosine-

TDP [17]. All of the similarity method is using 

Weighted-Linear Temporal Logic (W-LTL) as the 

business process model. The TPED is identifying 

structural similarity, while the Cosine-TDP is 

identifying behavioral similarity. WTDPMA proves 

that AND and OR is more similar than AND and 

XOR. 

Basic methodology for achieving similarity in 

WTDPMA is following these steps: 

1. Building the W-LTL Declarative Pattern which 

is each relation is identified by a weight. The 

weight represents the occurences of activities. 

2. Creating a Weighted-Tree Declarative Pattern 

(W-TDP) Model. The W-TDP model is 

generated by all discovered patterns in W-LTL. 

3. Computing the similarity between AND and OR, 

AND and XOR, and XOR and OR using TPED 

and Cosine-TDP based on the model that has 

been created. 

For more spesifics steps of the method, readers 

should read the journal reference [17]. 

2.4 Graph-based matching approach 

Definition 1. A graph-based process model (𝐺𝑃𝑀) is 

a 3-tuple. 𝐺𝑃𝑀 =  (𝑁𝑑, 𝐸𝑔, 𝜃) where 𝑁𝑑 is a set of 

node 𝑆 , 𝐸𝑔 is a set of edges and 𝜃 ∶  𝑁𝑑 is a function 

of relation between 𝑁𝑑 and 𝐸𝑔. 

Transformation of a business process model into 

a graph is defined as a graph-based process model, 

which consists of nodes and edges, where the nodes 

define the activity and the edges define their 

relationships, as stated in Definition 1. In graph-

based approaches, processes are treated as directed 

graphs and conventional graph or pattern matching 

algorithms are applied. 

A graph-based process model consists of labeled 

nodes of different types (e.g. activities, gateways, 

events) and directed edges connecting them [12]. 

When two graph models have been constructed, pat-

tern matching is done by the Graph-based Matching 

Approach proposed by [6] using a brute force 

algorithm and Phonetic Text Procedures in Neo4j. 

This Graph-based Matching Approach (GMA) is 

using Linear Temporal Logic (LTL), which is a 

pattern with the combination of atomic propositions, 

temporal capital operators, and logical operators. 

GMA calculates the similarity be-tween two parallel 

process models having XOR, OR, and AND relations. 

The general methodology of the GMA are following 

these steps: 

1. Read the data in.csv format from LTL pattern 

2. Convert the data to strings for inputting, using 

commas to divide them into three sub-strings. 

The obtained sub-strings are ‘node from’ strings, 

‘relation’ strings, and ‘node to’ strings. 

3. Repeat for 𝑛 x 𝑚 times, where n is the amount 

number of relations in the event log and m is the 

amount number of relations in the LTL pattern). 

Each iteration compares the ‘node from’, 

‘relation’, and ‘node to’ strings between both 

process models. 

4. Choose the highest matching percentage for a 

better matching result. 

3. Proposed method 

The flow of the proposed method can be seen in 

Fig. 1, where the weighted graph-based process 

model represents the graph-based process model that 

was used in this research. In the first step, a graph-

based parallel model is constructed from a given 

event log. Then, the weight as a property of the edges 

is calculated. After that, the similarity of the model is 

calculated using the above equation. The proposed 

weighted graph and method for calculating the 

similarity between two parallel business process 

models will be described in this section. 

3.1 Weighted graph model 

Definition 2. A weighted graph model 𝑊𝐺𝑃𝑀 is a 4-

tuple. 𝑊𝐺𝑃𝑀 =  (𝑁𝑑, 𝐸𝑔, 𝑤, 𝜃) where 𝑁𝑑  is a set 

of nodes 𝑆,𝐸𝑔 is a set of edges, 𝑤 ∈  ℝ is weight, and 

𝜃: 𝑁𝑑 is a function of the relation be-tween 𝑁𝑑 and 

𝐸𝑔. 

 

 

Algorithm 1: Algorithm of Weighted Graph 

Model 

Input: Activities in Event log 

𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 3 (AND, OR, XOR) 

For 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 =  1 ∶ 3 

1. Construct the Graph Model as shown in 

Table 1 

2. Compute the weight for every relation based 

on Eq. (2)  

3. Create Control-Flow Pattern as shown in 

Table 1 by deleting relations (only for AND 

and XOR) 

End For 

Output: Weighted Graph Model AND, OR, XOR 
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Definition 3. The relation between nodes 𝐴  to 𝐵 , 

denoted 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴→𝐵, is a set of connected edges 𝐸𝑔 

where 𝐸𝑔, 𝐴, 𝐵 ≠ ∅ 

Definition 4. The number of relations of node 𝐴 to 

node 𝐵 , denoted 𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴→𝐵),  is the total 

case of relations of 𝐴 to 𝐵 where 𝐴, 𝐵 ≠ ∅ 

Definition 5. Let 𝑤𝐴→𝐵  ∈  ℝ  be the weight of 

𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴→𝐵,. The real weight value is computed by 

Eq. (1): 

 

𝑤𝐴→𝐵 =
𝑐𝑜𝑢𝑛𝑡( 𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴→𝐵)

𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴)
                      (1) 

 

A weighted graph model is a graph in which the 

edges have a weight for its in the form of a numerical 

value. Specifically, the weighted graph model 

represents the behaviour of a parallel relation-ship by 

calculating the frequency of relationships in the event 

log as stated in Definition 2. Definition 3 defines the 

relation between nodes in a parallel process model, 

while Definition 4 gives 𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴→𝐵)   as 

the total frequency of relationships between nodes 𝐴 

to 𝐵 and 𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴)as the total frequency of 

the relationships between node 𝐴 and 𝐵 in the event 

log. Then, the weight in the weighted graph model is 

calculated that will help to calculate the similarity 

between parallel business process models as stated in 

Definition 5, which is provided by 

𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐴)  which computes all outgoing 

relations of 𝐴 in the graph-based model before the 

process model is built. 

The parallel process model used in this paper was 

built as a weighted graph by adding a weight to the 

edges of the graph. The process model contains XOR, 

OR, and AND relationships. Examples of XOR, OR, 

and AND relations from an event log were used to 

build the weighted graph in the parallel process 

model. Weighted graph model is built is shown in 

Algorithm 1. 

3.2 Weighted graph-based parallel process model 

matching 

A new method is proposed here for calculating 

the similarity between two weighted graph models, 

which differs from other similarity algorithms. The 

similarity equation for matching between parallel 

process model 𝑎  and 𝑏  is using the similarity 

measure 𝑠𝑖𝑚(𝑎, 𝑏) which is shown in Eq. (2). The 

distance 𝑑𝑖𝑠(𝑎, 𝑏)  is formulated as absolute 

difference between weight of both parallel 

relationship in Eq. (3). 

 

𝑑𝑖𝑠(𝑎, 𝑏) = | (𝑤𝐴→𝐵)𝑎 − (𝑤𝐴→𝐵)𝑏 |       (2) 

 

𝑠𝑖𝑚(𝑎, 𝑏) =
1

1+𝑑𝑖𝑠(𝑎,𝑏)
                            (3) 

 

The distance between two process models is in 

range between zero and one. When the distance is 

calculated as zero, both parallel process models are 

exactly the same (𝑠𝑖𝑚(𝑎, 𝑏)  =  1). Otherwise, both 

of business process model is totally different when 

the distance is calculated as one (𝑠𝑖𝑚(𝑎, 𝑏)  =  0.5). 

Therefore, we have 𝑠𝑖𝑚(𝑎, 𝑏) ∈  [0.5 , 1] . Without 

loss of meaning, 𝑠𝑖𝑚(𝑎, 𝑏) ∈  [0.5 , 1]  can be 

transformed into 𝑠𝑖𝑚(𝑎, 𝑏) ∈  [0 , 1]  for well-

reading of the degree of similarity, with 𝑠𝑖𝑚(𝑎, 𝑏)  =

 1 and 𝑠𝑖𝑚(𝑎, 𝑏)  =  0 means similar and not similar, 

respectively. The change of range similarity is using 

range transformation which is computed with Eq. (4). 

 

𝑠𝑖𝑚(𝑎, 𝑏)𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑑 = 2(𝑠𝑖𝑚(𝑎, 𝑏) − 0.5) (4) 

 

The detailed steps of the similarity measure for 

WGPPM are shown in Algorithm 2. 

4. Results and analysis 

In the experiment an event log was taken to build 

a graph-based parallel business process model, after 

which the weighted graph was computed. This 

section describes the event log used and the result of 

the matching problem. 

Table 2 shows the event log used which is taken 

from General Ledger Department. In real-life event 

log retail model, General Ledger Department is 

analyzing material for producting game. Then, we 

have general ledger parts which are containing 6 

traces and 200 cases AND relationship, 3 traces and 

100 cases OR relationship, and 3 traces and 100 cases 

XOR relationship.  Table 3 shows the traces and cases 

in the event log. 

Algorithm 2: WGPPM (Similarity)  

Input: Weighted Graph Model 𝒂 and 𝒃 

Iteration: 

For 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 1 ∶ number of relations 

1. Compute the distance with Eq. (2) 

2. Compute the similarity with Eq. (3) 

End For 

After iteration: 

1. Average the similarity from number of 

relations 

2. Compute the range transformation with Eq. (4) 

Output: Similarity between 𝒂 and 𝒃 
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(a)                                                             (b)                                                           (c) 
Figure. 2 Weighted graph model: (a) AND, (b) OR, and (c) XOR 

 
Table 2. Event log 

 
Table 3. Trace and case 

 

Table 4. Trace and case from different event log 

 

An example of calculating the weights for a 

weighted graph can be given based on the AND 

relationship in Table 3. When we want to calculate 

the weight of the between node K and L, we must 

compute 𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐾→𝐿)  as defined in 

Definition 4. In Table 3, we have K to L relations in 

K-L-M-N-O with 𝑐𝑎𝑠𝑒 = 20 and K-L-N-M-O with 

𝑐𝑎𝑠𝑒 = 20, such that: 

𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐾→𝐿) = 20 + 20 = 40 

Then, we count the relations of K, which is the 

total frequency of the AND relationship:  

𝑐𝑜𝑢𝑛𝑡(𝑅𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝐾) =  200 

After that, we have: 

𝑤𝐾→𝐿 =
40

200
= 0.2 

as the weight of the edge that represents the 

relationship between node K and L. The completed 

model AND relationship, OR relationship, and XOR 

relationship are shown in Fig. 2. 

Once the Weighted Graph Model is built, the 

model can be used to calculate the matching between 

two parallel business process models that follow 

Algorithm 2 using the proposed similarity method. 

The general steps of calculating similarity between 

two WGPPM are given as example as follows: 

1. Determining the parallel business processes 

that are to be matched, e.g. AND -XOR. 

2. Calculating the distance between relations 

by subtraction of their weight, e.g. for the 

AND and XOR relations between nodes K 

and L, the distance is computed as: 

𝑑𝑖𝑠 = | 0.2 − 0.2 | = 0 

3. From the distance, the similarity between 

nodes and edges is calculated. From the 

distance, the similarity is obtained as: 

𝑠𝑖𝑚((𝐴𝑁𝐷)𝐾−𝐿 , (𝑋𝑂𝑅)𝐾−𝐿) =
1

1 + 0
= 1 

4. Step (2)-(3) will be iterated with all other 

relations, such as node A to node C, node A 

to node D, node B to node E, and so on. 

After the similarities between all relations 

have been calculated, the average of the 

similarity between the relations is calculated 

(a) AND relationship 

No Trace Case 

1 K-L-M-N-O 20 

2 K-M-L-N-O 30 

3 K-O-L-M-N 50 

4 K-L-N-M-O 20 

5 K-M-N-L-O 30 

6 K-O-M-L-N 50 

(b) OR relationship 

1 K-L-M-O 20 

2 K-M-N-O 30 

3 K-N-L-O 50 

(c) XOR relationship 

1 K-L-O 20 

2 K-M-O 30 

3 K-N-O 50 

Activities Aliases 

Delivering items automatically K 

Calculating EOQ L 

Calculating supplier selection M 

Calculating ROP N 

Calculating optimal price O 

(a) AND relationship 

No Trace Case 

1 K-L-M-N-O 10 

2 K-M-L-N-O 40 

3 K-O-L-M-N 60 

4 K-L-N-M-O 10 

5 K-M-N-L-O 30 

6 K-O-M-L-N 50 

(b) OR relationship 

1 K-L-M-O 10 

2 K-M-N-O 40 

3 K-N-L-O 50 

(c) XOR relationship 

1 K-L-O 20 

2 K-M-O 40 

3 K-N-O 40 
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to achieve the final similarity between the 

parallel business processes. In the example 

of AND and XOR relations, the average 

similarity is achieved as: 

𝑠𝑖𝑚(𝐴𝑁𝐷, 𝑋𝑂𝑅) = 0.8004 

5. Then, the final similarity is achieved 

through range transformation: 

𝑠𝑖𝑚(𝐴𝑁𝐷, 𝑋𝑂𝑅)𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑑 = 0.6008 

                                               ≈ 0.6  
We also compute AND-AND, OR-OR, XOR-

XOR between this event log and another different 

event log in General Ledger Department with 

different spread of cases as shown in Table 4, such 

that results in different Weighted Graph Model. As 

comparing, we include result from other existing 

similarity methods for parallel relationship AND, OR, 

and XOR. Result of similarity from the existing 

methods and proposed method can be fully seen in 

Table 5. We compare the WGPPM as our proposed 

method with other existing methods, such as Graph-

based Matching Method (GMA) [7], Weighted Graph 

Edit Distance (WGED) [16], Weighted Node 

Adjecent Relation Similarity (WNARS) [16], Tree 

Declarative Pattern Edit Distance (TPED) [17], and 

Cosine-Tree Declarative Pattern (Cosine-TDP) [17]. 

GMA does not have basic computation in 

detecting behavior since it is just calculate the string 

of the relations that makes AND-OR and OR-XOR is 

detected as same relationships. Likewise, WGED can 

not calculate same node with different relationships 

since it computes inserted/deleted nodes from 

different activity. Consequently, relationship 

between AND, OR, and XOR detected as same 

relationship. Then, WNARS can distinguish between 

AND-OR, AND-XOR, and OR-XOR through 

division between the maximum of weight and 

minimum of weight as stated in [16]. However, 

computing similarity based on maximum and 

minimum is too simple such that does not consider 

the behaviour of the model. TPED, Cosine-TDP, and 

proposed can detect that AND-OR is more similar to 

OR-XOR rather than AND-XOR, while GMA 

detects same relationship between AND-OR and OR-

XOR. However, the range difference of similarity 

AND-OR in 0.821 and AND-XOR in 0.78 TPED is 

too small. If we rounds up the result similarity 

between AND-OR and AND-XOR, they will have 

same value in 0.8 such that seems similar. Also, 

Cosine TDP detects similarity of AND-XOR in 0.693 

≈ 0.7 such that AND and XOR is 70% similar while 

the behaviour is showing higher different. Also, 

TPED and Cosine-TDP does not consider same 

relationships with different event log such that they 

are detected as same relationship with same event log. 

WGPPM calculates the number of relation 

𝑐𝑜𝑢𝑛𝑡(… )  for measuring behaviour in parallel 

relationships which makes it more accurate than 

TPED and Cosine-TDP. Through behaviour which is 

recognized by Weighted Graph Model, we compute 

the similarity between AND, OR, and XOR properly. 

Therefore, higher range difference between AND-

OR and AND-XOR is achieved. 

Furthermore, WGPPM can compare same 

relationship but different event log precisely. 

Through WGPPM model which computes weight 

from number of relations, same relationship can be 

detected since they have same behaviour even though 

they have different in number of frequency from 

different event log. This can be useful for detecting 

relationships in different event logs to analyze any 

wrong activities in business process model. In 

addition, we can distinguish between same 

relationship with different event log without loss the 

identity of the same relationship, e.g. AND-AND get 

similarity value in 0.97 which means they are similar 

in 97% as their identity of same relationship between 

AND even they basically from different event logs. 

GMA, WGED, TPED, and Cosine TDP have 

similarity value in 1 which means they detect both 

event logs only have same relationship. They can not 

distingush that both are different event logs.  Even 

though WNARS can distinguish same relationship 

with different event log or Weighted Graph Model, 

the XOR-XOR relationship loss the identity of the 

same relationship in 0.79 similarity value because it 

smaller than AND-OR which is different relationship. 

WGPPM detects 0.91 in XOR-XOR from different 

event logs. Same relationship should be detected 

higher than different relationship since both 

behaviour are equal even both are from different 

event logs. In brief, our WGPPM can compute 

similarity between relationships very well with 

considering behaviour of relationship. 

5. Conclusion 

This paper proposes new similarity method for 

matching parallel business process models contains 

AND, OR, XOR called Weighted Graph-based 

Paralel Business Process Model Matching (WGPPM) 

through Weighted Graph Model. The first step is 

building the Weighted Graph Model as model from 

the event log. We use the activities from General 

Ledger Department as event log for experiment. Next, 

the similarity for matching between two process 

models is computed from the WGPPM which 

calculates AND-AND, OR-OR, XOR-XOR, AND-

OR, AND-XOR, and OR-XOR. 
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Table 5. Comparisons of existing methods and proposed method 

 

The proposed similarity method (WGPPM) is 

compared with other existing methods, i.e. TPED, 

Cosine-TDP and Graph-based Matching 

Approach(GMA). TPED, Cosine-TDP and WGPPM 

is able to distinguish between AND-OR and AND-

XOR while GMA and WGDE detects them as same 

relationship. However, WGPPM gives similarity 

more accurate in AND-XOR than TPED and Cosine-

TDP because we compute the behavior of AND-XOR 

as seen in the graph model. TPED achieves 0.821 and 

0.78 in AND-OR and AND-XOR, respectively, while 

Cosine-TDP achieves 0.834 and 0.693 in AND-OR 

and AND-XOR, respectively. We achieve 0.87 and 

0.6 in similarity AND-OR and AND-XOR, 

respectively, with higher range difference. 

Furthermore, we compute similarity between 

different event logs such as AND-AND, OR-OR, and 

XOR-XOR. These are more accurate than WNARS 

detects 0.79 in XOR-XOR which is smaller than 

AND-OR. We give XOR-XOR precisely in 0.91 

since the same relationship should be detected higher 

even from different event logs. This can be applied in 

analyzing business process models. For future work, 

a similarity method for matching parallel business 

process models with considering activity names can 

be developed. 
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Similarity 

Existing Methods 
Proposed 

(WGPPM) 
GMA 

[7] 

WGED 

[16] 

WNARS 

[16] 

TPED 

[17] 

Cosine-TDP 

[17] 

AND (Table 3 (a)) 

and  AND (Table 3 

(a)) - same Weighted 

Graph Model 

1 1 1 1 1 1 

OR (Table 3 (b)) and 

OR (Table 3 (b)) - 

same Weighted Graph 

Model 

1 1 1 1 1 1 

XOR (Table 3 (c)) 

and XOR (Table 3 

(c)) - same Weighted 

Graph Model 

1 1 1 1 1 1 

AND (Table 3 (a)) 

and AND (Table 4 

(a)) -different 

Weighted Graph 

Model 

1 1 0.91 1 1 0.97 

OR(Table 3 (b)) and 

OR (Table 4 (b)) - 

different Weighted 

Graph Model 

1 1 0.95 1 1 0.97 

XOR (Table 3 (c)) 

and XOR (Table 4 

(c)) - different 

Weighted Graph 

Model 

1 1 0.79 1 1 0.91 

AND (Table 3 (a)) 

and OR (Table 3 (b)) 
0.33 1 0.8 0.821 0.834 0.87 

OR (Table 3 (b)) and 

XOR (Table 3 (c)) 
0.33 1 0.62 0.811 0.826 0.68 

AND (Table 3 (a)) 

and XOR (Table 3 

(c)) 

0.5 1 0.5 0.78 0.693 0.6 
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