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Abstract— Many process discovery algorithms are emerging 

to form process models based on event logs automatically. There 

are several representations of the process model, one of which is 

the graph-based process model. The advantage of using a graph-

based process model is that event logs, and process models can 

be represented in a graph model, so there is no conversion cost 

to converting event logs to process models. However, the 

weakness of the graph-based process model is that there are no 

features to simulate the model. To the contrary, Discrete Event 

Simulation (DES) is a type of process model that can be used for 

simulation; However, DES is created manually based on the 

knowledge of experts. This study proposes mapping a graph-

based process model to the DES model. This research also makes 

an algorithm to determine the time span of the implementation 

of activities, which is used in the DES model. This study 

generates event logs based on DES obtained using the proposed 

mapping and builds a graph-based process model based on 

event logs. The evaluation verifies that the graph-based process 

model is the same as the existing one, which means that the 

proposed mapping is successful. 

Keywords— discrete event simulation, graph-based process 

model, process model mapping 

I. INTRODUCTION 

System auditors can leverage many process model types; 

some of them are Petri Nets, YAWL, BPMN, Discrete Event 

Simulation (DES), and Graph-based Process Model. Petri 

Nets (also known as Place or Transition Net) [1] is one process 

model which consists of interconnected states and transitions 

[2]. Furthermore, YAWL has a mature verification tool to 

detect structural errors [3], and its semantics are based on Petri 

Nets. The term business process refers to a group of 

distinguishable steps executed sequentially to achieve a 

certain aim. A business process defines the expected flow 

through several control-flow. The third perspective, the data 

required to complete each activity, is added by business 

process management systems (BPMSs). There have been 

several open sources and commercial BPMSs, each with a 

unique graphical notation. Another BPMS, known as YAWL, 

was produced by implementing this language. [4]. The current 

version of BPMN standard combines figurative and machine-

understandable viewpoints to depict a process [5]. BPMN 

consists of a flow of events, activities, and sequences. The 

Object Management Group (OMG) maintains BPMN, an 

ISO/IEC 19510 international standard. Also, BPMN gives a 

way to represent processes graphically [6] formally. BPMN is 

another comprehensive strategy for enhancing an 

organization's workflow that focuses on process 

reengineering. Its objective is continuously to improve 

processes to maximize effectiveness and efficiency [7]. 

BPMN notations combine those viewpoints to produce a 

model. If process mining algorithms are concentrated on 

fusion model placement, then there are learned lessons, for 

instance, ordering by a particular group handled by a specific 

organization [8]. A process model obtained via a graph-based 

algorithm and a graph database is known as a "graph-based 

process model." The benefit of using a graph-based process 

depicting rules is that relationships are stored as well as 

actions in a graph database, allowing the algorithm to be built 

to create a low time complexity. [9, 10]. The advantage of 

using a Graph-based process model is that the event log and 

process model are on the same platform. Thus there is no 

conversion cost. Therefore, the Graph-based Process Model 

was chosen for this research paper. Despite its advantage, the 

Graph-based process model still cannot be simulated. 

Discrete Event Simulation, a type of computer-based 

modeling methodology, offers a modest and adaptable way to 

accomplish things and is distinguished by its capacity to 

replicate the dynamic actions of complicated organizations 

and the cooperation of society, community, and circumstances 

[11]. Arguably, it is the most widely used OR simulation 

approach and OR technique in actual practice [12]. The ability 

to experiment with any component of a business system is a 

key benefit of simulation over other operational research (OR) 

methodologies [13]. However, there is no function of forming 

a Discrete Event Simulation model based on event logs, so it 

requires another application to convert the event log into a 

process model and requires expert knowledge to convert the 

results of the process model in the application into a DES 

model. 

For those advantages and drawbacks of the Graph-based 

Process Model and Discrete Event Simulation have, this paper 

research proposed to create process model mapping from 

Graph-based Process Model to Discrete Event Simulation so 

that the explained drawbacks of both models can be 

eliminated. This paper creates defined rules to determine the 

execution time of activity that will be used in Discrete Event 

Simulation and the mapping notation from Graph-based 

Process Model to Discrete Event Simulation. 

As the proposed model mapping, this research uses event 

log data from Shopee as the case study. The evaluation is done 

by creating Graph-based Process Model from event log data 
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that is created based on proposed mapping. The proposed 

mapping can be concluded to true if the generated Graph-

based Process Model has the same result as the Graph-based 

Process Model that is generated from Shopee event log data. 

II. PREMILINARIES 

A. Graph-based Process Model 

Graph-based process model is represented like graph data 

structure (consists of nodes and relations) using graph 

database to store event log data and represent the activities and 

their relation. 

Example of relations in graph-based process model for 

Sequence on Fig, 1, XOR on Fig, 2, AND on Fig, 3, and Non-

Free Choice relation on Fig, 4. 

B. Discrete Event Simulation 

Discrete Event Simulation (DES), a type of computer-

based modelling methodology, offers a modest and adaptable 

way to accomplish things. It is distinguished by its capacity to 

replicate the dynamic actions of complex organizations and 

the cooperation of society, community, and circumstances 

[11]. DES facilitates users to know the growth of the system 

and the description of the interaction of people and various 

histories of system entities in the operational realm [14]. The 

primary benefit of DES is the capacity to run experiments that 

cannot be performed on existing production systems. Creating 

a simulation model aids in learning new information that may 

improve the actual application. It can be challenging to 

determine whether an observation is the consequence of 

system interactions or chance because simulations involve 

unpredictability (random inputs) [15]. A software 

called AnyLogic can represent that process model. There are 

specific notations or blocks available to represent nodes and 

relations. As a side note, AnyLogic requires us to use source 

and sink blocks to denote the start and end point of a process 

model. 

C. Event Log 

An event log is a compilation of activities containing the 

id of the activity set, activity name, and the time when an 

activity is started. It also serves as a digital record of event 

executions in an information system. [16]. The case is a 

sequence of activities recorded in event log data. Those 

sequences can occur more than one. On the other hand, Trace 

is like a case without an overlapping sequence of activities. In 

other words, it is a variance of cases. Given that the event log 

serves as the dominant dossier for process mining approaches, 

the quality of this data significantly influences the final model. 

Low-quality event logs might produce complex results and 

unstructured, hard-to-understand models [17]. 

III. METHOD 

Generally, the steps or flowchart of this research is shown 

in the Fig. 5. First, it needs to generate the Graph-based 

Process Model from the Shoope event log data. Next, generate 

the time span in the Graph-based Process Model which will be 

needed for mapping process. Then, map the process model 

from the Graph-based Process Model to Discrete Event 

Simulation. 

 
Fig. 1. Sequence relation 

 
Fig. 2. XOR relation 

 
Fig. 3. AND relation 

 
Fig. 4. Non-Free Choice relation 

 

 
Fig. 5. Research general flowchart 
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A. Generate Graph-based Process Model 

In order to create the graph-based process model from 

event log, the data needs to be loaded first in the graph 

database and then create unique node based on the activity 

name attribute in the event log. Later, it will be referred as case 

activity. Then, the sequence relation between case activity 

needs to be constructed along with the average, minimum, and 

maximum time of the case activity node. To do that, the 

process will be to track two case activity node, iterate over 

activity record, and calculate the duration of current activity 

by subtracting the timestamp of next activity with current 

activity where the case id of both activity is the same and the 

activity name of current and next activity match with both 

tracked case activity and finally the sequence relation can be 

made between both tracked case activity.  

Now to construct the XOR relation, first, it needs to create 

XOR SPLIT relation by finding two case activity that have 

relation where the destination node has minimum one 

outgoing relation, minimum one incoming relation, and the 

source node has minimum two outgoing relations. Then the 

XOR SPLIT relation can be created. For the XOR JOIN, it 

needs to find two case activity that have relation where the 

destination node has minimum two incoming relations, and 

the source node has minimum one outgoing relation. Then, the 

XOR JOIN relation can be created. 

Next, to create AND relation, first, it needs to create AND 

SPLIT relation by finding case activity source node where has 

two outgoing relations to two different destination nodes 

where each destination cannot have sequence relation 

directing to the source node and each of them has the same 

number of outgoing relations with the source node outgoing 

relation. Then, the AND SPLIT relation can be created. For 

the AND JOIN relation, it needs to find case activity node 

where source nodes have outgoing relation to the same 

destination node, the number of incoming relations to 

destination node should be the same as each source node 

outgoing relations, and incoming relations to destination node 

cannot be AND SPLIT relation. Then, the AND JOIN relation 

can be created. 

Additionally, Invisible Task relation needs to be created. 

To do that, find source node that has relation y to destination 

node a and relation x to node b. If relation y is XOR SPLIT 

and r is XOR JOIN, then create invisible task node and create 

XOR SPLIT relation from source node to invisible task node 

and XOR JOIN from invisible task node to node a. 

To create Non-Free Choice, find node a that has outgoing 

XOR JOIN relation to node m, node m has outgoing XOR 

SPLIT relation to node n. If the source node name is not equal 

as destination node name, and then track two additional nodes 

called x and y. If node a name is not equal as node n, node x 

name is equal as node a, node y name is equal as node n, node 

x and y have equal case id, the number of incoming relations 

to node m is more than one, the number of outgoing and 

incoming relation to node m is equal, and id of node n is 

greater than node a. Then, create Non-Free Choice 

relation.The complete cypher query for this Graph-based 

process model generation is shown in the Fig. 6, Fig. 7, Fig. 

8, Fig. 9, and Fig. 10. 

B. Generate Time Span in the Graph-based Process Model 

The process to generate time span needs the duration data 

of activity node. To do that, first, track two case activity nodes, 

iterate over activity record, and calculate the duration of 

current activity by subtracting the timestamp of next activity 

with current activity where the case id of both activity is the 

same and the activity name of current and next activity match 

with both tracked case activity. The process is done together 

when creating Sequence relation as shown in the Fig. 6. After 

every activity records duration have been calculated, then to 

calculate the average time of a case activity, it can be done by 

aggregating the average duration of the case activity as shown 

in the Fig. 7. Using the same method, the minimum and 

maximum time of case activity can be calculated. 

C. Mapping Graph-based Process Model to DES 

In order to map from graph-based process model to DES, 

the writer used the TABLE I to map between Graph-based 

process model and DES entity. As a side note, in DES, there 

are two additional mandatory entities that need to be presented 

(not mandatory in Graph-based Process Model) which are 

source and sink that act as a starting point and endpoint. 

 
Fig. 6. Cypher query to load data from csv file, create activity node, case 

activity node, and Sequence relation 

 
Fig. 7. Cypher query to generate time span 
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Fig. 8. Cypher query to create XOR, AND, and Invisible Task relation  

 

 
Fig. 9. Cypher query to create Invisible Non-Prime Task relation 

 

 
Fig. 10. Cypher query to create Non-Free Choice relation 

TABLE I.  TABLE ENTITY MAPPING 

Entity Name 
Graph-based Process 

Model 

Discrete Event 

Simulation 

START - 

 

ACTIVITY 

  

SEQUENCE 

 

 
 

 

 
 

XOR_SPLIT 

 
 

XOR_JOIN 

 

 

AND_SPLIT 
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AND_JOIN 

 

 
 

 

 
 

INVISIBLE_ 

TASK 

 

 
 

 

NON_FREE_ 

CHOICE 

 

 
 

 

END - 

 

IV. EXPERIMENT 

A. Material 

The process model used in this research is about the 

transaction process from Shopee company, where a person 

selects a product, processes the payment, and later, the person 

will get points from that transaction. In this process model, 

five different relations occur which are Sequence, XOR, 

AND, Non-Free Choice, and Invisible Task.  

The event log data contains 25 cases and 23 traces. 

Moreover, there are 17 different case activity which are 

chooseProducts, putIntoCart, checkout, selectVoucher, 

choosePayment, receivePackage, writeReview, giveRating, 

getShopeePoints, fileComplaint, requestRefund, 

confirmRequest, refund, finishComplaint, uploadReceipt, 

requestChange, and change. 

B. Result 

The result of the Graph-based Process Model created from 

the Shopee event log is shown in Fig. 11. Moreover, as a case 

activity can have many actual activities along with its 

execution time, the Graph-based Process Model creation 

process also calculates the maximum, minimum, and average 

time result of every case activity as shown in TABLE II. For 

example, in this experiment, the chooseProduct case activity 

has 25 actual activities, therefore the aggregation of 

maximum, minimum, and average execution times of all those 

actual activities is 86,00 seconds, 2,00 seconds, and 7,25 

seconds respectively. The mapping result from the Graph-

based Process Model to Discrete Event Simulation is shown 

in Fig. 12. It shows how all the case activities and relations are 

adapted in the Discrete Event Simulation based on the TABLE 

I mapping. After simulating the Discrete Event Simulation, it 

generated another event log. The generated event log is then 

used to test the mapping whether is correct or not by 

generating again the graph-based process model. The result of 

a new graph-based process model is shown in Fig. 13. 

As the result shows, Fig. 11 and Fig. 13 have the same 

result in the Graph-based Process Model, where both have the 

same case activities and the relationship between each of the 

case activities. Therefore, the mapping process from the 

Fraph-based process model to discrete event simulation is 

correct. 

 
Fig. 11. Graph-based Process Model created using Shopee event log data 

 
TABLE II.  TABLE TIME SPAN RESULT 

Activity Name 
Max Time 

(seconds) 

Min Time 

(seconds) 

Average Time 

(seconds) 

chooseProduct 86,00 2,00 7,25 

putIntoCart 17,00 2,00 3,63 

checkout 127,00 3,00 11,80 

selectVoucher 52,00 2,00 8,55 

choosePayment 14,00 3,00 5,79 

recievePackage 69,00 3,00 9,96 

writeReview 6,00 2,00 2,50 

giveRating 9,00 1,00 2,79 

getShopeePoint 7,50 1,50 2,65 

fileComplaint 66,00 4,00 12,75 

requestRefund 9,00 4,00 4,63 

confirmRequest 5,00 4,00 3,5 

refund 63,00 2,00 9,75 

finishComplaint 6,00 2,00 3,19 

uploadReceipt 50,00 2,00 6,42 

requestChange 6,00 3,00 4,25 

change 7,00 2,00 3,13 
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Fig. 12. Discrete Event Simulation mapping result 

 
Fig. 13. Graph-based Process Model generated from Discrete Event 

Simulation event log data 

V. CONCLUSION 

The mapping steps to map Graph-based Process Model to 

DES can be summarized by get the event log data. Next, 

generate the Graph-based Process Model by using the cypher 

query. Then, map all the entities from Graph-based Process 

Model to DES. 

The event log data used in this research, is from Shopee 

event log data where the attributes consist of case id, activity, 

timestamp, and originator. As the research result, both Graph-

based Process Model created from Shopee event log and the 

DES simulation event log show the same result. Therefore, the 

mapping process in this research is correct. 

For future work, the mapping process from graph-based 

process model to discrete event simulation can be done 

automatically instead of doing it manually to retrieve the result 

faster using the AnyLogic API. 
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