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ABSTRACT

Different approaches are proposed for simulating
processes in process mining. There are open challenges
while designing the simulation models of processes: (1)
the quality of the designed models is mostly evaluated
using simulation results, and the models themselves do
not get validated, (2) the choice of process aspects to be
considered in the simulation models of processes as
simulation parameters is rather arbitrary, e.g.,
considering multitasking, and (3) the distinction
between the acquiring simulation parameters step and
the parameters' regeneration step is not defined. This
paper aims to introduce a reference meta-model for
simulation in process mining. We derive the meta-model
using the provided insights from process mining and the
required parameters from the simulation techniques for
simulating processes, i.e., Discrete Event Simulation
(DES). This model enables the creation of process
simulations and the comparison of approaches in
relation to the process aspects under consideration. We
illustrate the use of the model in practice by developing
an automatic simulation model generation approach
based on the reference model.

INTRODUCTION

Data-driven simulation models of processes are able to
act as digital twins (Friederich et al. 2022), i.e., by
providing a digital platform that reflects the real process
while the changes in the real process are reflected in the
digital twin. A holistic overview of simulation in
process mining is presented by van der Aalst 2018,
where process mining techniques are exploited to
discover describing models, and then performance
analysis techniques add to the models and transform the
models into prescribing models.

The focus of this paper is on data-driven simulation
approaches in process mining to provide prescribing
models. Prescription models are process models in
which the flow of activities as well as the flow of process
instances through the process are clear and trackable
while simulating. Currently, the accuracy of the
simulation results is used to select a simulation model
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over others. There is no reference while developing the
process simulation model using event data. A model
should not only present accurate outcomes but also
determine how much of the available historical
information, e.g., captured and presented in event logs,
is used and how close the simulation model is to the real
process (van der Aalst 2010). As a result, a reference
model is required for constructing process simulation
models. We define the process simulation reference
meta-model as a model that illustrates the required
simulation parameters extractable from event logs, their
relations, and how a simulation model of processes can
be generated while considering the provided
information (insights) in the event logs.

In the area of business process simulation, some meta-
models are introduced as reference models for the
design phase, such as the reference models proposed by
Tumay 1996 and Garcia et al. 2014. The provided XML
standard, BPSIM!, includes the common simulation
parameters such as arrival rate and duration of tasks. In
addition, a high-level meta-model for a business process
simulation based on event logs is proposed by Martin et
al. 2014. However, some components, such as resource
pooling or queuing methods, e.g., batching, are not
explicitly considered. Furthermore, the execution steps
are also not considered in the current meta-models.

In this paper, (1) we investigate current approaches for
simulating processes in process mining and define
aspects of a process from event logs. Afterward, (2) we
identify the required information for accurate simulation
of processes, and then, (3) we design a reference meta-
model for generating simulation models of processes.
Finally, (4) we present a practical implementation of the
introduced model for generating data-driven simulations
of processes. This model is a reference model, i.e., it is
built upon the data-driven insights of processes using
their event logs and also the parameters of the
requirements for simulating a process. The model is also
a meta-model and can be used to develop, benchmark,
and categorize existing and future simulation
approaches in process mining.

In the following sections of this paper, we will first
present relevant concepts in the preliminary section. In
the related work section, existing work for designing
simulation models of processes is introduced and



compared. We explain the approach for designing the
reference model in the reference meta-model section
and demonstrate its usage in practice, and we conclude
this paper by discussing the results and presenting future
work in the conclusion and discussion section.

PRELIMINARIES

Event Log. An event log represents the execution of
different process instances. The process instances are
referred to as traces where they contain a sequence of
events, i.e., ¢ = (e,,...,e,). Each event of ¢ such as
e; contains various attributes. We denote #m(ei) which
indicates the values of attribute m. The general
attributes for an event in an event log are case ID,
activity, resource, and timestamp. A set of process
instances forms an event log (L). For instance, for an
event e;, #qcrivicy (€;) 18 register request, #resource (€;)
is Peter, and #.,5.;p 1S 3. Given event logs, insights are
provided using process mining techniques.

Process Mining Techniques and Insights for
Simulation. According to van der Aalst 2016, four main
perspectives based on the general attributes of event logs
are considered the baseline of the process mining
techniques, i.e., control flow, organizational, case, and
time perspectives. In terms of their inputs, we consider
two general categories of techniques in backward-
looking process mining: Discovery (Dis) and
Conformance Checking (CC). Dis(L) and CC (L, M)
provide insights into four perspectives for a given event
log (L) and process model (M). All the techniques under
discovery use event logs, e.g., process discovery or
organizational mining. Techniques under conformance
checking, use both event logs and models as inputs, e.g.,
deviation detection. The common backward-looking
process mining techniques providing insights that can be
used for executing processes, i.e., simulation and what-
if analysis, are:

e Process Model Discovery: process model
discovery algorithms are one of the general
discovery algorithms (Dis). Process model
discovery algorithms such as the Inductive
Miner return the flow of activities in different
notations, e.g., BPMNs, Petri Nets, Directly
Follows Graphs (DFG), or Process Trees. The
existing information in an activity flow is the
sequence of possible paths which can be taken
by a process instance when entering a process
(van der Aalst 2016).

e Performance Analysis: considering the time
perspective in event logs, the performance of
different aspects or processes such as activities,
cases, or resources can be assessed (Hornix
2007). Considering the purpose of performance
analysis, they can be both Dis or CC. For
instance, bottleneck analysis is a CC technique
since it requires the process model as well as
an event log.

e Conformance Checking: the compliance of an
event log with a process model is considered
w.r.t. precision and fitness (Carmona et al.
2018). How the recorded event logs are in line
with the discovered models is a CC technique.
Conformance checking techniques such as
deviation detection are able to return the
unexpected paths in a process taken by the
cases.

e  Social Network Analysis: all techniques w.r.t.
resources, shared or hand-over of tasks in
processes are considered as social network
analysis (Song and van der Aalst 2008). These
techniques can be categorized into both
categories (Dis and CC). For instance,
discovering the resources performing the
same roles Dis, a set of activities that should
be performed by a specific set of resources,
i.e., organization, or hand-over of task which
requires process models to CC.

e Decision Mining: attributes of cases are taken
into account to find the possible and probable
path inside the control flow that cases can
take. The choices in the flow of activities can
be determined wusing decision mining
techniques (de Leoni and van der Aalst 2013)
as one of Dis the techniques. When
alignments in decision mining are used, they
are considered as CC.

e Queue Mining: we refer to the discovery of
the queues inside the process w.r.t. activities,
resources, or organizations and the
corresponding metrics as queue mining
techniques. Performance spectra project
timestamps of activities visually w.r.t. the
process segments they pass, i.e., taken paths
by every case in the process model (Denisove
et al. 2018). It reveals the existing patterns for
handling the cases, e.g., handling the cases in
batches.

Sendrovich et al. 2016 propose an approach to estimate
the length of existing queues inside processes using
event logs. Most of these techniques require both
process models and event logs, therefore, we categorize
them as CC.

While the majority of the techniques are supported by
visualization methods, some visualization techniques,
such as Dotted Charts (Song and van der Aalst 2007),
provide direct insights into the processes. The
introduced techniques provide the four main
perspectives inside event logs for designing executable
models of processes.

Discrete Event Simulation. The flowchart of DES
simulations of processes is depicted in Figure 1. It is
important to note that the process model discovery and
initialization steps in process mining are data-driven and
supported by event logs and process mining insights. In
discrete event simulation, events are considered to be



the arrival of a new case and the execution of an activity
(Fishman 2001). Therefore, when talking about a new
event, it means the system clock gets updated based on
one of the two types, i.e., the simulation clock is updated
based on every occurrence of events in a discrete
manner. Also, it is different from the defined event
notation in event logs, i.e., specific activity in a process
has been performed at a specific timestamp. For
instance, in the CPN tools (Ratzer et al. 2003), each of
the generated tokens which flow through the models is
the case (process instance) in the context of business
processes.
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Figure 1: Process simulation flowchart using DES. It
starts with discovering/designing process models and
initializing the simulation parameters such as arrival
rate, or execution time. The simulation models start with
generating a new case (an event in DES) and after each
update of the simulation clock, checking for the stop
condition of the simulation.

Consider the following scenario as an example: let s €
N be steps of simulation and ¢ € R be the system clock.
For a given set of available events to occur such as
{A,, E,}, where A, is the arrival of a new case at time 2
and E, is the end of the activity for a case at time 4, after
one step of simulation (i.e., s = s + 1) the earlier event
(A_2) is executed and the system clock is updated (i.e.,
c=c+2).

RELATED WORK

Different simulation techniques can be used in process
mining. The most commonly used simulation
techniques for simulating processes at different levels
are: Discrete Event Simulation (DES) (Rozinat et al.
2009), System Dynamics (SD) (Pourbafrani and van der
Aalst 2022), and Agent-Based Modeling (ABS)
simulation techniques (Macal and North 2009). These
simulation techniques model and simulate systems at
various levels and for different objectives, see Table 1.

2 ALL({process mining} {simulation} {event logs})AND(LIMIT-
TO(EXACTKEYWORD,”Process Mining”)) AND (LIMIT-
TO(LANGUAGE,”English”

Table 1: Comparisons of three main simulation
techniques in process mining.

Discrete Event System Agent-Based
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Existing Data-driven Simulation Approaches
Several approaches are proposed to generate process
simulation models based on process mining insights.
Most business process simulations completely rely on
the user and BPM techniques. They do not use event
logs of processes and process mining techniques, thus it
is not considered in this study. As for primary sources,
we looked into Scopus and Google Scholar. Scopus
queries with the main keywords process mining,
simulation, event logs, and business process simulation
were used.

Type of Publications Used Simulation Techniques

10 =
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Figure 2: The number of publications w.r.t. the type of
publication (black) and the used simulation techniques
in the approach (gray).

Results were limited to English publications, with an
emphasis on process mining keywords.? The search
resulted in a total of 96 publications. We reviewed the
results based on the focus of the publications. We
identified 76 publications that directly use event logs for
simulation and 62 that employ DES as the simulation
technique, see Figure 2. We also categorized the
publications w.r.t. their purpose, whether to design a
practical framework to generate simulation models,
discuss the potential of the simulation and provide
methodological approaches, or use case studies such as
healthcare.
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Table 3: The comparison parameters for simulation
tools in process mining.

Inputs Event logs, process models, and
users.

Results Event logs, aggregated KPIs, and
executable models.

Figure 3: Comparing simulation tools in process mining,
w.r.t. execution aspects. The input can be event logs (el),
users, or both. The results can be in the form of event
logs (el), executable models such as CPN Tools, KPIs,
or a combination of them. Models notations are Petri
nets (PN), BPMN, or CPN. Simulation model
generation is also considered to be directly generating a
model (direct transformation), or the results (direct
simulation).
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Figure 4: The comparison of current process simulation approaches in process mining w.r.t. the presented criteria in

Table 2. pm indicates the insights are based on event logs or process mining techniques, and WFM represents

workflow nets. “-* indicates the aspect is not supported, or it is not mentioned in the paper.
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DESIGNING the REFERENCE META-MODEL
Considered Process Aspects

Techniques to discover the describing models and later,
values of the simulation parameters are different from
the execution and regenerating values. In most of the
existing approaches, the focus is only on the discovery
of the simulation models and parameters while the
execution of the simulation models is mostly ignored.
For instance, it is considered that using event logs of
processes, the average arrival rate of the cases in the
process is extracted, however, it has not been
systematically addressed how the extracted insights are
used for reproducing the same behavior, e.g., fix values
or random generator functions such as the Poisson
distribution.

To create a process simulation model, two main steps
should be taken: (1) the design phase for determining
and extracting the required information and parameters,
and (2) the execution phase for regenerating that
parameter. After discovering the information such as the
execution time of activities, their distribution or the
aggregated value, and the way they are reproduced,
using random generator functions, e.g., based on a
normal distribution with the discovered average or fixed
value.
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Figure 5: The designed flowchart for creating each
aspect of a simulation model of a process, is based on
two required phases: design and execution

The possibility of the aspects w.r.t. the two phases of
designing simulation models and executing the designed
model is presented in Figure 5. Throughout the design
phase, the flow chart begins with one specific feature of a
process and provides choices for discovering simulation
parameter values automatically based on event logs and
process mining techniques or setting these manually. It
should be noted that the user can also use the provided
information from the process mining techniques to design
the simulation models and parameters manually. In such
cases, we consider the design to be hybrid. For instance,
performance spectrum techniques in process mining show
the queue pattern of an activity visually, and the user can
inject that knowledge into the simulation model. The
execution phase follows, which entails reproducing the
values of the aspects in the simulation. Fix values, random
generator functions based on distribution, programming
rules, and predictive models such as machine learning
methods, e.g., Camargo et al. 2022, deep neural networks
are used for generating the execution time, are all the

Simulation

possible methods for the simulation

parameters.

regenerating

Reference Meta-model

We extend the provided insights in van der Aalst 2015
to the required stimulation parameters with different
possible execution models to design the reference
model. In Figure 6, the high-level meta-model of a
process simulation model in process mining is shown.
The simulation meta-model is defined based on event
logs and users' inputs.

Process
Event X i’
Log <is define by> Simulation
Model
User <is defined by>

Figure 6: The high-level meta-model of processes
simulation.

The designed reference meta-model is shown in Figure
7. To have an executable simulation model of processes,
two main blocks are considered, the process model
based on the event log, and the execution configuration.
The execution configuration is the required parameter
for running a simulation model, which is similar to most
general simulation techniques. The start of the
simulation, its duration, end time, or condition for
ending the simulation. Moreover, for processes, the
number of generated cases can be the determining factor
for ending a simulation model.
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In the designed reference model, the objects and their
relations are defined as follows:

Execution Configuration: (1) the Execution Time
indicates the time that the simulation should start
and end, (2) the simulation stop point is based on
a specific timestamp, or when specific conditions
are met, e.g., the number of generated cases or the
duration of the simulation being 30 days.

The Case Generator is a function (rule)
generating new cases to be simulated. It can
consider generating cases with attributes, the
number of cases to be generated, the interval
between cases, and interruption. For instance,
using SML (Standard ML) with two types of
customers (normal or VIP), and 1000 as the
number of cases, the case generator can be
defined as if Discrete (1-10)>1, then case type
=normal, else casetype= VIP. Then a random
generator function based on Poisson distribution
with A=10 (10 customers per hour) can generate
90% normal and 10% VIP customers.

Process Model is the base of simulating processes
that consist of activities. (1) Activity is the main
element of a process model, and they have many-
to-many relations to the Resource object. For
instance, registration can be done by John and
Sarah. Registration as an activity also has
multiple properties, which makes its execution in
the simulation possible. (2) Resource also has
many-to-many relations to the Activity object.
For instance, John can perform both Registration
and Review tasks in the process.

Properties define the information for Activity and
Resource in the process and have the following
attributes:

o Name: the name of the properties such as
activity name or organization name, e.g.,
the radiology department.

o Data type: such as registration as an
activity, and it has a processing time as a
property where the data type of processing
type is float.

o Value: the processing time of activity
registration as a property is its value, e.g.,
30 minutes.

o  Function: for the processing time of
activity registration as a property, with the
value of 30 minutes, the function is a
random generator based on a normal
distribution with an average of 30.

e  Properties are:

o Organizations: every activity or resource
can have a property of an organization
indicating the organization they belong to,
e.g., resource R belongs to the Audit
department.

o  Role: in addition to organizations, every
resource can be assigned to one or more
roles as well, e.g., the role of Doctor or

Nurse. Note that the roles might belong to
different organizations.

o Type: an activity can have a type
mandatory or optional as property or
resource, which can be a type of nurse.

o Activity-flow: the flow of activities that
can happen in the model, e.g., registration
always happens before submitting a
request.

o Processing Time: is a property of a
resource or an activity that shows how
long it takes for an activity to be
performed, or how long it takes for a
resource to perform an activity.

o Decision Logic: how to execute each part
of the process, including the choices for
specific cases.

o  Schedule: the working or active time that
an activity can be executed, or a resource
can execute activities, is a property of
resources and activities.

o  Cost: the cost of each resource or the
execution of each activity, can be
presented as a property of them.

o  Count: the number of times an activity can
be executed or the number of resources
that exist, e.g., the number of welding
machines as a resource.

o Interruption: whether any specific state or
condition, such as the end of business
hours, can disrupt the resource task or
activity execution.

o  Queue (serving strategy): including FIFO,
LIFO, SIRO, Priority Queue, KPI-related,
and Batching. Note that the mentioned
condition in Martin et al. 2016 for queues,
such as queue abandonment, is also
covered in the introduced meta-model. For
instance, a queue strategy like FIFO is a
property of activity, and it can have an
abandonment condition with more than 20
cases in the queue.

While designing the meta-model, the following design
choices are made to make the model easier to interpret
and to make it extensive enough to cover the required
aspects. Under the Execution Configuration, for the
Execution Time, as discussed, End Time, and Duration
can be considered as the End Conditions. It is shown that
they have association relations together as well. For the
Case Generator, the same condition applies to the
Function for generating the cases, which might include
the Type of Cases or the Number of Cases. Moreover,
the concept of business hours is considered in both the
Case Generator by the Interruption and for Activity and
Resource and their properties using Schedule.



PROCESS SIMULATION REFERENCE META-
MODEL IN PRACTICE

We categorize the application areas of the designed
meta-model into three main categories: (1) design and
(2) verification of process simulation models, and (3)
comparing different simulation models w.r.t. used
insights from event logs. The introduced model serves
as the foundation for creating simulation models of
processes based on the insights gathered from event logs
and process mining techniques. The use of the model in
practice is demonstrated by (1) formally initializing the
model, and (2) implementing an approach using based
on the model.

Execution
configuration, case
generator: e.g.,
Interval time for the
function to generate
new cases.

Execution
configuration, e.g.,
execution time is the
number of generated
cases.

¥fun N(mean, stddev) = normal(mean, stddev);
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lexecTime
o@+(!execTime_5) CASE_ID

Figure 8: A Part of the generated simulation model of
BPI Challenge 2012

We introduce one of the potential formal representations
of the reference model based on the defined process
mining concepts. Let M be the discovered process model
from event log L and A be the set of activities for the
process. Pr is the set of properties such that
Pr ={Organizations, Role, Type, Activity-flow, Process
Time, Decision Logic, Schedule, Interrup, cost, count}.
Pin={Data Type, Name, Representative Value,
Generator Function, Rule} is the set of indicators of a
property that illustrates what a property is in practice.
Property function PF:Pr — set(Pin) returns the
indicators of a property. An activity a € A has a set of
properties, each of them having a set of indicators and a
set of resources. A € 27 x 28 x PF. For instance, a €
A= ({Processing Time}, {r;}, PF), where
PF(Processing Time)={float, duration, 10 minutes,
Random Normal (u=10 minutes, std=1 minutes)}, and
7, as the resource has a similar structure.

To demonstrate how the model can be used in practice,
we use the model-based application to automatically
generate the process simulation model in the form of

Shttps://github.com/mbafrani/AutomaticCPNModelGen
erator

Colored Petri Nets (CPN). We extract the possible
automatic aspects from the event logs, including the
main objects of the reference meta-model, and translate
them to the CPN Tools model in the XML format, i.e.,
readable for the CPN Tools engine. Figure 8 is a part of
the designed model for the BPI Challenge 2012 event
log (van Dongen 2012) utilizing the developed tool. The
code and data sets are also publicly available.® For
instance, activity A SUBMITTED has the properties of
resource role group 4 or attribute Generator Function
for that activity is based on a normal distribution.

The first main block is the process model (M) which the
realization here is a Petri net (M= (P, T, F)), where P is
the set of places, T'is the set of transitions and F € T X
T. The realization of the activity block is a tuple (R,
Decision Logic, Activity-flow, Processing Time,
Queuing Strategy), such that the resources, decision
logic, flow of activities, processing time, and queuing
strategy are considered. Note that except queuing
strategy the rest of the properties are discovered
automatically from event logs and yet the queuing
strategy is considered as FIFO, and can be changed but
not automatically discovered.
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Figure 9: A sample of the process simulation model
presented in Pourbafrani et al. 2021 considering the
reference metamodel.

The other initialization of the meta-model for designing
a simulation model of processes is presented in
Pourbafrani et al. 2021. The activities have the
properties of processing time and probability (decision
logic). The resources also have the decision logic, as the
handover matrix is also considered. A different
realization of the meta-model for designing a simulation
model of processes is shown in Figure 9. The code and
instructions to execute the code including the
implementation detail based on the reference model are
publicly available*. In this realization of the reference
meta-model for generating simulation models from
event logs, the process model M is a process tree. The
activity block in the design of simulation models from
event logs is the tuple (R, Decision Logic, Activity-flow,
Processing Time, Count, Interruption, Queuing
Strategy). For instance, property interruption has a type
of Boolean in this implementation and has a rule that if
it is set, the activity is interrupted when the working time

“https://github.com/mbafrani/SIMPT-
SimulatingProcessTrees



is over, and if the activity continues outside the working
time, i.e., Pin(Interruption)= {Boolean, if 0 continue
until the end, else stop until the working time starts).
The shown implementations, i.e., both data-driven
simulation model generation processes based on event
logs, illustrate the first use case of the reference meta-
model. The extracted, used, and implemented blocks of
the model are ready to be benchmarked and compared
for the approaches required to be focused. However, the
comparison of the simulation models and considered
aspects is provided with the help of the referenced meta-
model. This shows the requirement and support for
tackling the limitation of the current techniques, i.e., the
inconsistency of considered aspects for simulation, and
makes the execution of simulation clear.

CONCLUSION and DISCUSSION

Process mining support can be extended to provide
organizations with their digital twins, which enables
faster and more confident decision-making. One of the
practical realizations of digital twins, specifically in
production processes, is executable simulation models.
In this paper, we introduced a reference meta-model for
generating simulation models based on an extensive
literature review. We also exploited the potential of
event logs, process mining techniques, and process
simulation requirements. The comprehensive model
includes all the possible extractable insights from
processes as simulation parameters and all the possible
directions to regenerate those insights. The reference
meta-model supports designing, comparing, and
evaluating simulation models of processes. This model
provides the possibility of designing simulation models
of production systems and checking their compliance
with their historical data. However, the role of technical
issues in designing and addressing all components of the
process should not be overlooked. For example, there is
an ongoing study into automatically detecting the type
of queues inside event logs. These technical challenges,
as well as the impact of human factors in generating
realistic simulation models of processes, should be
highlighted. Following the introduction of the
comprehensive model as a reference model for process
simulation, the model should be made directly
executable. It should be designed in a generic
framework in which, by using the generated XML
format, the execution of or populating the simulation
model for different tools will be possible, as illustrated
by the developed tool for automatic CPN model
generation.
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