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Background and Purpose: Agent-based modelling and simulation (ABS) is growing in many areas like, e.g., man-
agement, social and computer sciences. However, the similar trend does not seem to occur within the field of busi-
ness process management (BPM), even though simulation approaches like discrete event simulation or system dy-
namics are well established and widely used. Thus, in our paper we investigate the advantages and disadvantages 
of agent-based modelling and simulation in the field of BPM in simulation experiments.
Design/Methodology/Approach: In our research, we investigate if there is a necessity for ABS in the field of BPM 
with our own simulation experiments to compare traditional and ABS models. For this purpose, we use simulation 
framework MAREA, which is a simulation environment with integrated ERP system. Our model is a complex system 
of a trading company selling computer cables. For the verification of our model, we use automated process discovery 
techniques.
Results: In our simulations, we investigated the impact of changes in resources’ behavior on the outcome of com-
pany’s order to cash process (O2C). Simulations experiments demonstrated that even small changes might have 
statistically significant effect on outcomes of the processes and decisions based on such outcomes. Simulation 
experiments also demonstrated that the impact of randomly distributed fluctuations of well-being have a diminishing 
tendency with the increasing number of sales representatives involved in the process.
Conclusions: Our research revealed several advantages and disadvantages of using ABS in business process 
modelling. However, as we show, many of them were at least partially addressed in the recent years. Thus, we 
believe that ABS will get more attention in the field of BPM similarly to other fields like, e.g., social sciences. We 
suggested areas in BPM simulations, e.g., modelling of resources, be it human or technological resources, where 
there is a need for ABS.
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1 Introduction

In the past, business process management was considered 
to be more of the art than the actual science. Only a limited 
number of experts worldwide were able to implement the 
ideas behind the BPM concept successfully. In addition, 
many of the companies, that were trying to implement the 
process-oriented thinking without the supervision of such 

experts failed miserably. Many times, due to inability to 
foresee the impact of changes and newly implemented pro-
cesses. However, over the last decade BPM matured and is 
considered well-established research area with significant 
overlap into business practices, where the process oriented 
thinking is nowadays very common in the most of organ-
izations – even though there still exist a certain gap be-
tween BPM research and practice. This has been achieved 
through the well-defined set of principles, methods and 
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tools that combine knowledge from information technol-
ogy, management sciences and industrial engineering with 
the purpose of improving business processes (Aalst, La 
Rosa & Santoro, 2016; 1, Aalst, 2013, 1).

There are many ways, in which BPM is trying to im-
prove business processes with respect to established KPIs 
(Key Performance Indicators) on operational, tactical and 
strategic management level. The examples are statistical 
and other mathematical techniques, queuing theory, opti-
mization, etc. Simulation is one of those techniques that 
aims at improving organization’s KPIs through improve-
ment of business processes. In our paper, we focus on ABS 
approach and its position in the area of BPM. We inves-
tigate the question of neediness of ABS approach within 
BPM modelling and simulation, as the ABS approach is 
far from being standard in this area. While doing so, we 
search for the advantages of the ABS approach and its dis-
advantages that might be causing low level of attention in 
ABS approach in the field of BPM. Based on the aim of the 
paper, we establish following research questions:

• RQ1: Is there a need for ABS approach in the area of 
BPM modelling and simulation?

• RQ2: What are the advantages and disadvantages of 
application of ABS approach in the field of BPM?

To demonstrate some of the advantages of ABS in BPM 
modelling and simulation, we investigate the impact of 
negative within-person well-being on the BPM simulation 
results concerning two different simulation methodolo-
gies. Thus, we establish third research question:

• RQ3: What is the impact of negative fluctuations of 
well-being of resources on outcome of organization’s 
O2C process?

The reasoning behind the paper is that ABS approach 
seems to be gaining on popularity in many areas like so-
cial, managerial and computer sciences, etc., which are all 
in the core of BPM. However, it is not similar in the field 
of BPM, where the use of ABS is minimal. On the contra-
ry, simulation in general is well-accepted techniques sup-
ported by many BPM tools.

In the next section, we introduce simulation modelling 
in the field of BPM with particular subsection dedicated 
to general use of simulation and modelling; traditional ap-
proaches towards simulation modelling; ABS state-of-the-
art, its advantages and disadvantages. In the third section, 
we describe the methodology used in this paper and sim-
ulation experiment in the form of proof of concept. The 
fourth section presents results of simulation experiments. 
To conclude, we summarize and discuss our results.

2 Simulation and modelling in the 
field of BPM

Modelling and simulation helps us to understand the re-
al-world through the imitation of real world systems on 
different levels of abstraction. Simulation has become very 
common research methodology similarly to other steady 
methodologies like, e.g., deduction or induction. Axelrod 
(1997, 16) states that one of the reasons, why is simulation 
such highly valued is the diversity of the purposes that it 
can be used to, like, e.g., prediction, performance, discov-
ery, etc. Purposes that are highly valuable for business-
es and the improvement of business processes from the 
means of understanding the behavior of the business pro-
cesses, evaluating different strategies for decision-making, 
re-engineering of existing processes or designing new pro-
cesses.

If the processes were poorly designed or contain errors, 
then such processes would lead to unsatisfied customers 
and poor performances like, e.g., long response times, low 
service levels, etc. That is why it is important to analyze, 
understand and design the processes not only before their 
implementation but also after. This is reinforced by the fact 
that in general, organization’s business processes are not 
the same throughout the time, but are constantly changing 
to fulfill the needs of the continuously developing markets 
worldwide. To fulfill these new needs, organization´s man-
agement often has to make the decisions and choices about 
the processes without any idea of what will the outcomes 
look like. For that and many other reasons, simulation if 
it’s done properly, can be very useful and versatile tool 
for not only BPM practitioners, but also managers, respon-
sible for the organization processes. Particularly for the 
organizations that believe in the concept of continuous im-
provements. Thus, the advantages of use of simulation in 
BPM can be summarized as follows (Doomun and Vunka 
Jungum, 2008, 840; Hlupić and Vukšić, 2004, 2): simu-
lation allows modelling of process dynamics, possibility 
of investigation of influence of random variables, quanti-
tative and qualitative view on re-engineering and design 
effect, process visualization and animation. Similarly to 
other areas, one can identify three main requirements re-
lated to business process simulations (Jansen and Vullers, 
2006, 79; Martin, Depaire and Caric, 2016, 4; Aalst et al., 
2010, 319):

• Process control flow – there are two types of process 
model analysis verification and performance analysis 
(Aalst, 2013, 21). Verification focuses on the logical 
correctness of the model while performance analy-
sis focuses on process improvement. However, to be 
able to acquire credible results through performance 
analysis, it is necessary to come out from adequate 
process workflow (like, e.g., process behavior, se-
quence flow, gateways) that faithfully describes mod-
elled business process.
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• Data flow – describes the decisions made within the 
process, the relation to decisions and the objects ap-
pearing in the process.

• Organization – business processes are not isolated en-
tities, but are highly dependent on the environment, 
in which they occur and with which they interact. 
Thus, it is necessary for business process simulation 
tools to be able to incorporate these interactions (like, 
e.g., arrival times of new cases, processing times, 
etc.) and resources performing activities contained in 
the given process.

If workflow management or similar information system is 
involved, Rozinat et al. (2009, 838) mention historic infor-
mation and state information as additional requirements. 
The historic information means ability to construct the his-
tory of the processes, involved with the use of so-called 
event logs. In addition, in the latter case, state information 
means the ability to use the current state of the process as 
an initial state of the process.

2.1 Discrete event simulation and 
system dynamics

Discrete event simulation (DES) and system dynamics 
(SD) are considered to be classical approaches towards 
business process simulation. DES is a modelling approach, 
based on the concept of entities, resources and block charts 
describing entity flow and resource sharing (Borshchev 
and Filippov, 2004, 6). Entities (e.g., people, documents, 
tasks, etc.) are passive objects traveling through flowchart 
blocks. These entities can stay in queues, be processed, be 
delayed, etc. As one can see, DES is based on the queuing 
theory. The main differences with respect to ABS is the fo-
cus on system details and macro behavior of the modelled 
system, top-down modelling approach and centralization 
(Siebers et al., 2010, 207). While DES does not focus on 
entities, those are rather simple, reactive and limited in ca-
pabilities (Chan, Son and Macal, 2010, 136).

According to Borshchev and Filippov (2004, 4), SD 
represents processes in terms of so called stocks (e.g., ma-
terial, people, money, etc.). Flows between these stocks 
and information that determines the values of the flows. 
It has its roots in dynamic systems and control theory 
(Macal, 2010, 371). Thus, SD abstracts from single events 
and entities and takes an aggregate view concentrating on 
policies. Similarly, to DES, SD also considers a top-down 
approach. It is shown that well defined SD has an equiv-
alent in ABS, despite its deterministic nature. Therefore, 
it is possible to model any SD model using ABS, but not 
vice versa.

2.2 Agent-based modelling and 
simulation

ABS approach arrived in the early 1990s. Compared to 
other simulation approaches ABS is still relatively young 
discipline. Unlike discrete event simulation (DES) and 
system dynamics (SD), which have relatively abstract na-
ture, with ABS, one is able to focus in much more detail on 
particular elements of modelled system (Kelly et al., 2013, 
159). Active elements of the modelled system are repre-
sented by software agents. These agents are specific in a 
way that they are programmed to follow some behavioral 
rules and autonomously interact with each other and make 
their own decisions, which replicates the complexity of the 
system (Macal and North, 2008, 101). Agents may repre-
sent plethora of entities like, e.g., products, organizations, 
departments, people, etc. Thus, through the use of ABS we 
are able to simulate complex systems and repeatedly study 
its behavior on either macro or micro level (Macal and 
North, 2010, 151). This is usually hard to achieve by other 
techniques and many times even impossible, especially if 
we find ourselves in areas like, e.g., social sciences.

As is showed by Abar et al. (2017, 13), ABS approach 
is applied diversely across countless application domains 
such as climate change, ecology, biology, economics, soci-
ology, social sciences, agriculture and many others, while 
still supported by many ABS simulation tools. While Abar 
et al. (2017, 13) mention particular domains of use of ABS, 
there are also applications that are of interest to BPM re-
searches and practitioners like, e.g., manufacturing, auto-
mation, logistics, operational and management science, 
market simulation, etc. ABS approach is experiencing 
synergic effect in relation with all the new technologies 
that are being integrated into business domain. One of such 
technologies is cloud computing, where MAS find their 
use for allocation of limited amount of resources (Gasior 
and Seredyński, 2015, 403; Khalil et al., 2017, 11). Sim-
ilarly, Internet of Things (IoT) is another concept within 
which ABS experience success in recent years as suitable 
and effective modelling, programming and simulation par-
adigm for complex heterogeneous systems (Savaglio et al., 
2017, 307).

One of the key features of IoT are Smart Objects, 
which are expected to be intelligent, context-aware and au-
tonomous. These ideas are pushed even further by the con-
cept of Industry 4.0 adopted across the world, e.g., in EU, 
USA, China, Japanese, SEA, etc. Industry 4.0 is expected 
to bring significant socio-economic changes, which will be 
projected into business sphere. Fortunately, the ABS ap-
proach has promising results across many business areas 
that are being transformed like, e.g. smart manufacturing 
(Bannat et al., 2011, 148), smart products (Savaglio et al., 
2017, 307), vertical integration across value chain (Hsieh, 
2015, 252). Leitão et al. (2016, 1086) did deep analysis 
of integration of ABS and Cyber-Physical Systems (CPS). 
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One of the general problems of simulations and discour-
agement of their use is inability to find optimal solution, 
however according to Kamdar, Paliwal and Kumar (2018, 
1), ABS were successfully used with several optimization 
techniques.

ABS have several other features useful in BPM mod-
elling and simulation. One of such features is self-organi-
zation. Self-organization enables agents of MAS to change 
their behavior without external control based on changes 
in its operating conditions and its environment (Boes and 
Migeon, 2017, 12; Axtell, 2016, 806). Thus, ABS systems 
are able to meet the set threshold, achieve set value or 
minimize or maximize a value. All three possibilities are 
heavily emphasized in business domain. The digitization 
and automation of businesses require more sophisticated 
robot-human and robot-robot interactions (Pomarlan and 
Bateman, 2018). ABS are naturally suited for modelling 
and simulation of such interactions. To achieve autonomy 
and self-organization, the agents of ABS has to be able 
to coordinate their actions (Claes, Oliehoek, Baier, and 
Tuyls, 2017, 492; Amador Nelke and Zivan, 2017, 1082), 
to be able to learn, etc.

Our argumentation for incorporation of ABS into BPM 
modelling and simulation and mainly our simulation ex-
periment might give an impression, that our research is 
based on the principles of subject-oriented BPM (S-BPM). 
However, this is not the case. We do not make subjects a 
center pieces of BPM as the S- BPM does (Fleischmann, 
Schmidt and Stary, 2013, 295). Moreover, we do not ar-
gue for modelling business processes from stakeholder 
perspective (Aitenbichler, Borgert and Mühlhäuser, 2011, 
19). We argue that some modelled and simulated systems 
benefit from implementation in terms of ABS approach. 
However, it is not based on focus and general nature of 
the subject as it is in the case of S-BPM. On the contrary, 
it is based on very specific properties of the subjects itself. 
Many research papers that cover ABS in area of S-BPM 
seem to be pushing the narrative of perfect complementa-
rity between ASB and S-BPM due to the nature of S-BPM, 
as it separates the internal behavior of the subjects from 
communication and thus, focus mainly on the integra-
tion of ABS and S-BPM (Fleischmann, Kannengiesser, 
Schmidt and Stary, 2013, 138). We do not push this narra-
tive, as we acknowledge there are many situations, where 
the classical approaches towards BPM modelling and sim-
ulation are better. In addition, the decision to implement 
the modelled system based on ABS does not have to be 
done based on property of subject of the process, but also 
object of the process or the predicate of the process, where 
ABS implementation enhances the simulation of the sys-
tem.

2.2.1 Disadvantages of ABS

One of the major problematic areas of ABS that attracts 
attention of many researchers is the validation and veri-
fication of the model (Vanhaverbeke & Macharis, 2011, 
186). This is caused mainly by the fact that it becomes 
harder to manage it with more complex models. However, 
as mentioned in Siebers et al. (2010, 209), system dynam-
ics approach, unlike discrete event simulation, faced simi-
lar problem that has not proved to be a substantial barrier. 
Besides that, thanks to the recent development, process 
mining is able to partially solve this problem, which will 
be demonstrated in the last section of this paper. 

Second drawback is the need of the modeler to be fa-
miliar with principles of object-oriented programming and 
programming language (e.g., Java). Even though this is 
also partially addressed by use of graphical approach in 
the form of drag and drop technique and others. Neverthe-
less, atypical software agents and their behavior will still 
have to be done mostly using specialized tools, toolkits or 
development environments (Macal and North, 2010, 151).

The objective of business process modelling is to pro-
vide a notation that is readily understandable by all busi-
ness users and other users interested in modelling and later 
implementation of business processes (Gamoura, Buzon 
and Derrouiche, 2015, 481). However, there is no model-
ling notation determined for ABS. Even though as showed 
by Onggo and Karpat (2011, 671), it is possible to use 
existing notations like BPMN. Problematic is also a time 
dimension, since the modelling using ABS and thus also 
deliverable time of the simulation is much more time con-
suming than it is in the case of both discrete event simula-
tion or systems dynamics. This is also related to the lack of 
a general framework that would guide both academics and 
practitioners during the modelling and simulation process. 
On the other hand, once the model is set, ABS becomes 
very flexible and reusable (Gomez-Cruz, Saa and Hurtado, 
2017, 323).

The last major obstacle is on the side of managers 
themselves, as they are lot of the times not willing to use 
new techniques, unless it is absolutely necessary. On top 
of that, as we said earlier, ABS requires some special skills 
that managers usually do not possess. However, because 
of the data, the modern data-oriented approaches influence 
organizations all over the world. And managers are pushed 
to continually improve their informatics literacy. As one 
can see, ABS has several disadvantages and obstacles, but 
basically, all of them are being gradually solved or at least 
their negative impact is being reduced.

2.2.2 Advantages of ABS

The enthusiasm around the ABS was not for nothing, as 
it has many advantages. As we already mentioned, one of 
ABS’ advantages is its ability to model very complex sys-
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tems (Terano, 2008, 175) at a much lower level of abstrac-
tion. That is something that traditional BPM simulation 
approaches struggle with. Not to mention the increasing 
complexity of today organizations’ processes due to pres-
ent trends like, e.g., globalization, horizontal integration, 
etc. It is safe to say that vast majority of organizations 
entail uncertainty and complexity going beyond intuition 
and traditional analytical methods (Gomez-Cruz, Saa and 
Hurtado, 2017, 314).

In relation to complexity of simulated systems, ABS 
allows to analyze the behavior of complex systems from 
two different viewpoints – macro and micro level (Siebers 
et al., 2008, 959). While the macro level viewpoint is well 
applicable for the strategic and tactical decision making, 
the micro level viewpoint is more suitable for the opera-
tional decision making. It makes very appealing to be able 
to cover all three stages of managerial decision making 
under the cover of one methodology. Another advantage 
is its ability to make the simulated models more realistic 
(Twomey and Cadman, 2002, 56). The significant factor 
here is the ability of ABS to model people’s behavior and 
interactions like communication, cooperation or coordi-
nation and thus better capture the behavior of human re-
source within the process.

Not only we are able to model the behavior, but ABS 
also introduces high level of heterogeneity into the mod-
elled system. We can think about heterogeneity in sever-
al ways. For instance, as the ability of ABS to work with 
many different classes of agents, but also in all the new 
possibilities of defining the behavior of the agents with use 
of, e.g., machine learning and artificial intelligence, etc. As 
business processes always interacts with the environment, 
in which the organization is located, another advantage is 
that besides modelling the interaction between agents it is 
also possible to model interaction with the environment. 
On top of that, the software agents naturally represent en-
tities involved in organizational processes.

3 Methodology

In the following subsections, we introduce the remaining 
concepts and tools needed for simulation experiment and 
describe the experiment itself. In our proof of concept ex-
periment we deal with a complex model of trading compa-
ny. The model is composed from autonomous interacting 
agents.

3.1 MAREA

We use modelling and simulation framework called MAR-
EA (Vymětal, Spišák and Šperka, 2012, 342) for our exper-
iments. It consists of the simulation of multi-agent system 
and ERP system based on the principles of REA ontolo-
gy (Resource-Event-Agent). Simulation designer is used 

for simulation design. The ERP system stores data, keeps 
track of KPIs (Key Performance Indicator) and provide a 
possibility to read and insert data. The main KPIs are cash 
level, turnover, profit, but it is possible to define additional 
KPIs relevant to the simulation like, e.g., costs, etc. The 
cash level is calculated as a total of all transactions that 
change it including initial cash – payments for purchas-
es, income from sales, payment of bonuses, etc. Turnover 
and gross profit is calculated as a total of gross profits and 
turnovers of specific product types (Šperka and Halaška, 
2017, 8). The framework model is based on two funda-
mental business processes, namely purchase to pay (P2P) 
and order to cash (O2C). In the core of the P2P process 
is the supplier-to-purchase representative negotiation. The 
P2P process covers the activities related to requesting, 
purchasing, paying for and accounting for the purchased 
goods and services. The O2C process covers the activities 
related to ordering, getting paid for and accounting for the 
sold goods and services. The negotiation between custom-
ers and sales representatives is based on the mathematical 
decision function below (Vymětal and Ježek, 2014, 3). The 
function is derived from the fundamental economic con-
cepts that are Marshallian demand function, Cobb-Dougles 
preferences and utility function, where they assume the 
sold goods to be normal goods, as we do in our simulation. 
Decision function for i-th customer determines the quan-
tity that i-th customer accepts. If xi < quantity demanded 
by customer, the customer realizes that according to his 
preferences and budget, offered quantity is not enough, he 
rejects sales quote.
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quantity offered by m-th sales representative to 
i-th customer,

preference of i-th customer (randomized),

budget of i-th customer (randomized),

price of the product x.

Modelled company consists of the following types of 
agents: sales representative agents, purchase represent-
ative agents, customer agents, supplier agents, account-
ant agent (takes care of bookkeeping of the company), 
manager agent (manages the sales representative agents, 
calculates KPIs) and disturbance agent (responsible for 
historical trend analysis of sold amount of goods). As one 
can see, in our setup software agents represent people and 
company departments. All agents are developed accord-
ing to multi-agent approach and the interaction between 
agents is based on the FIPA contract-net protocol (Sandita 
and Popirlan, 2015, 480). For the general structure of the 



260

Organizacija, Volume 51 Issue 4, November 2018Research Papers

company, agents involved in the company and relations 
between agents see Figure 1.

The negotiation between customer agent and sales 
representative agent is as follows: customer agent sends 
product requests randomly during the simulation run. Af-
ter the sales representative agent receives the request, it 
sends quote with the price for goods to the customer agent. 
Based on Equation (1), customer agent either accepts the 
price for quoted amount of goods or not. If the custom-
er agent accepts the quote, the negotiation is over. If the 
customer does not accept the quote, the message is sent to 
the sales representative, the negotiation continues, and if 
possible, sales representative resends quote with different 
price for the good. If the negotiation takes longer than 10 

days, the negotiation ends. Every agent class has a set of 
its own properties (the properties relevant for our experi-
ments will be discussed below). Besides properties specif-
ic for agent classes, simulation has so called global proper-
ties (e.g., duration of simulation run; number of customers, 
suppliers, vendors, sales representatives; average income 
of customer agents, limit sales price, etc.). Each group of 
customer agents is served by concrete sales representatives 
(which is responsible to manager agent), and none of them 
can change the counterpart.

MAREA was built as a trading company simulation 
tool, not a business process simulation tool. Thus, its main 
focus is on trading, but because its unique implementation 
as message MAS, trading is modelled and simulated with 

Figure 1: Generic model of a business company. Source: Vymětal, Šperka and Spišák (2012, 342)
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use of business processes. Nevertheless, it misses some 
features of typical BPM simulation tool from the process 
perspective as they were not necessary for modelling trad-
ing company. However, it is well suited for the purpose of 
this paper. If we go back to simulation requirements from 
section 2. It enables to model process control flow due to 
its unique implementation as a message multi-agent system 
(in which all actions are messages among agents). It ena-
bles to model data flow due to its ABS character. Historical 
data and state information are enabled due to implemen-
tation of ERP system. Only organization is not fully sup-
ported. This is related mainly to inability to directly work 
with time dimension, e.g., waiting times, arrival times. We 
are able to record, analyze and monitor time dimension. 
However, we are not able to directly setup waiting times 
nor arrival times in the current version. Nevertheless, we 
are able to influence them indirectly through other global 
and local parameters. The limited possibilities in organiza-
tion dimension are irrelevant, as we do not directly focus 
on time dimension.

In our simulation experiments, we work with a model 
of complex system of trading company composed of above 
mentioned agents (see Figure 1). For simplicity, company 
sells only one product in form of computer cables. As one 
can see, our simulation model resembles the real compa-
ny. Similarly, in our simulation setup we use significantly 
higher number of customer agents than agents represent-
ing the employees of the company. Four dimensions, so 
called Devil’s Quadrangle, can characterize the focus of 
BPM in the real companies: time, cost, quality, and flexi-
bility. In our experiments, we focus on the cost and quality 
dimension due to the nature of the simulation experiment 
and MAREA tool. However, it is not to say that in case 
of flexibility and time use of ABS cannot add useful fea-
tures. In most BPM simulation tools the time dimension 
is treated with use of different probability distributions of 
arrival times, working times, etc. However, if the planning 
or scheduling activities are important for the model and 
simulation itself, classical modelling and simulation BPM 
tools do not provide easy solution. With respect to flexibil-
ity, due to development of the state-of-the-art in ABS pro-
vides high degree of flexibility towards BPM simulations.

In our research, we are interested in how specific be-
havior of company’s resources that is the qualitative di-
mension of the business process, influence the outcomes 
of the process. The outcomes of the processes represent 
the cost dimension of the business process. The influence 
of the outcome of the process is measured through the 
company’s profit at the end of the reference period. As 
we show in section 4, even small changes in resources’ 
behavior may have statistically significant impact on the 
outcome of the business process, especially if the resourc-
es are human actors or other autonomous agents (like, e.g., 
robotics, advanced machinery, etc.). The resources are 
usually modelled in a very simplistic way that is far from 
the reality. In DES and SD, the class of resources is treated 

as one. On the other hand, ABS allows us to work with 
resources individually at the particular agent instances lev-
el. This applies to entities involved in the process in gen-
eral. In our simulations, we experiment with short-term, 
within-person fluctuations in well-being (Xanthopoulou, 
Bakker and Ilies, 2012, 1051). The work-related well-be-
ing concerns the evaluations employees make about their 
working life experiences.

In the past, well-being was mainly investigated as a 
static phenomenon on between-person level. However, 
research from recent years show that it is important to 
consider more dynamic within-person approach too (Dalal 
et al., 2009, 1051; Ceja and Navarro, 2011, 627; Dimot-
akis, Scott and Koopman, 2011, 572). The well-being on 
this level can fluctuate on a daily basis towards positive 
or negative effect. The studies show that there is a corre-
lation between psychological well-being and job perfor-
mance (Wright, Cropanzano and Bonett, 2007, 93; Wright 
and Cropanzano, 2000, 84). Thus, transient fluctuations of 
well-being with negative effect can negatively affect em-
ployee’s performance (Beal et al., 2005, 1054). In our sim-
ulation, we link employee’s performance to the quality of 
service provided to the customer. As research show, qual-
ity of service is related to customer loyalty and retention 
(Salanova, Agut and Peiró, 2005, 1217). Where one of the 
aspects that customer loyalty usually contributes to is the 
willingness to pay established prices. Thus, in our simu-
lation experiments if the customer agent negotiates with 
sales representative, when sales representative agent is 
experiencing the effect of negative within-person well-be-
ing, the customer is less willing to pay higher prices for 
the goods. This is eventually related to the organization’s 
profit.

3.2 Simulation experiments

In our simulations, we work with two different scenarios 
based on the number of resources, concretely sales rep-
resentatives involved in the process. In the case of basic 
scenario, sales representatives are modelled as it is typical 
for DES or SD approach. Thus, we compare implemen-
tation of simulation of modelled system with respect to 
DES approach in case of basic scenario and with respect to 
ABS approach in case of experimental scenario. The dif-
ference is that in the case of experimental scenario, each 
sales representative can get into the state of negative with-
in-person well-being caused by within-person fluctuations 
in well-being. These fluctuations affect negatively their 
job performance that is lowering quality of sales service 
provided to the customers. Customers are then much less 
likely to buy the product, unless the product is cheaper. 
For simplification, the coefficient quality of service is the 
same for every sales representative agent, no matter the 
reason or strength of the effect of the negative well-being. 
However, different customers are affected differently, be-
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cause they have different randomly distributed preferences 
towards goods. If the sales representative agent does not 
experience negative within-person well-being fluctuation, 
the coefficient quality of service is equal to 1. In the oppo-
site case, the coefficient is equal to 0,85. Each sales repre-
sentative can get into the state of negative within-person 
well-being on random days during the simulation run. If 
the sales representative gets into this negative state, he 
stays in it until the end of the working day. The frequency 
of these negative states during the simulation run is de-
termined based on the “Probability of negative well-being 
fluctuation” parameter. Probability of negative well-be-
ing fluctuation means that each working day, each sales 
representative has a 10 % chance to experience negative 
within-person well-being fluctuation. We use normal prob-
ability distribution. Negative within-person well-being 
fluctuations are caused, e.g., by interaction of sales rep-
resentative with angry and unpleasant customer, conflicts 
in the company, stress, etc. Each simulation has 365 days 

long simulation run and we made 15 simulation runs for 
each scenario.

The parameters relevant for our simulation experiments 
are in Table 2, even though our model contains much more 
parameters. The numbers at the end of each scenario’s 
label indicates the number of resources involved in each 
simulation run, e.g., “Experimental scenario_6” means 
that 6 sales representatives were involved in the process 
simulations. For simplicity, we consider the effect of lower 
quality service on each customer to be the same. However, 
these parameters are under the ceteris paribus assumption. 
The probability of customer creating sales request is equal 
to 20 % across all scenarios. Similarly, the probability of 
negative well-being fluctuation are also the same across 
all scenarios.

Table 2: Simulation parameters. Source: authors

Basic 
scenario_1

Experimental 
scenario_1

Basic 
scenario_3

Experimental 
scenario_3

Basic 
scenario_6

Experimental 
scenario_6

Number of customers 500 500 500 500 500 500

Number of sales 
representatives 1 1 3 3 6 6

Probability of negative 
well-being fluctuation 0,1 0,1 0,1 0,1 0,1 0,1

Table 1: Part of the simplified event log of the process. Source: authors

Case ID Activity Complete Timestamp Resource

12209 Sales request revoked 2016/10/17 10:08:24.000 Customer 123

12197 Sales request 2016/10/06 10:41:34.000 Customer 155

12209 Sales quote 2016/10/07 02:10:14.000 Peter Hanson

12204 Sales quote rejection 2016/10/07 10:41:34.000 Customer 165

12204 Sales request 2016/10/08 02:10:14.000 Peter Hanson

12190 Sales quote acceptance 2016/10/08 10:41:34.000 Customer 175

12193 Material request 2016/10/09 02:10:14.000 Peter Hanson

12194 Production request 2016/10/09 02:10:14.000 Peter Hanson

12190 Sales order 2016/10/09 02:10:14.000 Peter Hanson

12190 Bonus payment 2016/10/09 02:10:14.000 Peter Hanson

12190 Production ready 2016/10/09 02:26:49.000 Production line manager 1

12190 Stock level 2016/10/09 02:26:49.000 Production line manager 1
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Figure 2: Process model of O2C subprocess consisting of 10 simulation runs. Source: authors
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3.3 Process mining

Process mining is relatively young discipline filling the 
gap between process-centric approach of BPM and da-
ta-centric approach of data sciences. Process mining is a 
set of techniques used for discovery, monitoring and im-
provement of processes based on knowledge extracted 
from today’s information systems (Aalst et al., 2011, 171). 
Process mining consists of three main areas: (1) automat-
ed process discovery, (2) conformance checking, (3) en-
hancement, and several recent areas like, e.g., operational 
support and deviance analysis.

The main goal of process discovery is to find patterns 
in the data and based on this information to construct the 

process model. Nowadays, there exist many automated 
discovery techniques presented by, e.g., Aalst, Weijters 
and Maruster (2004, 1128), Leemans, Fahland and Aalst 
(2013, 311), Medeiros, Weijters and Aalst (2005, 203). 
The data, so called event logs, are recorded by company’s 
information systems and extracted from different sources, 
e.g., databases, data warehouses, etc. In Table 2, one can 
see simplified excerpt from event log used for construction 
of process model in Figure 2. The log shows only required 
and the most common characteristics of event logs, even 
though it may contain much more attributes. The log pro-
duced by MAREA and used for process mining analysis 
is in the XES standard officially published by IEEE. XES 
is a standard for event logs among process mining tools 
(Verbeek et al., 2010, 60).

Table 3: Profit statistics (Profit is measured in EUR). Source: authors

Basic 
scenario_1

Experimental 
scenario_1

Basic 
scenario_3

Experimental 
scenario_3

Basic 
scenario_6

Experimental 
scenario_6

Mean profit 29155,97 21838,05 30980,65 27326,73 29925,87 28270,06
Std. Dev. 3310,32 2146,55 2209,22 2502,37 3221,73 2561,53

Figure 3: Development of profits for each scenario. Source: authors
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4 Simulation experiments and 
results – proof of concept

Because of the unique implementation of MAREA as a 
message multi-agent system and development of new 
techniques in the field of BPM, namely, process mining 
we are able to visualize the ongoing process (Figure 2). 
Based on the visualization of the company’s processes we 
can validate that the simulation model corresponds to the 
proposal and does not contain errors, etc. Figure 2 shows 
the O2C subprocess. The overall model consists of two 
more subprocesses: P2P and management subprocess. Due 
to the size of particular subprocesses, we are not able to 
present the overall process.

In our simulations, we analyze how micro level fluc-
tuations of performance affects macro level outcomes of 
O2C process in form of profits. The implementation of 
sales representatives as software agents is necessary. With 
use of classical approaches like DES and SD we would not 
be able to exploit performance fluctuations caused by neg-
ative within-person fluctuations of well-being as we would 
not be able to implement behavioral patterns to the agents. 
Nor would we be able to exploit the impact of performance 
fluctuations in the collective of sales representative agents. 
In our simulation experiment, we consider the differences 
in achieved profits to be the costs related to the process 
(see Table 3). Figure 3 shows the development of profits 
for each scenario. Each time series is calculated as an av-
erage of each simulation run respective to each scenario. 

The values of KPIs are aggregated on a daily basis that 
means in case of economic quantities we are not able to 
access lower level of abstraction (e.g., track changes in 
profits hourly).

As one can see from Figure 3 and Table 3, there are 
differences in simulation outcomes. Rather small changes 
in resources’ behavior have statistically significant impact 
on the outcomes of business process simulations. The prof-
its acquired by the company are statistically significantly 
higher in simulation experiments with 1 or 3 sales repre-
sentative agents modelled according to the classical simu-
lation methodologies. Moreover, according to simulation 
experiments based on DES methodology, the company 
achieves on average highest profits in case it employs 3 
sales representative (see Figure 4). On the contrary, ac-
cording to simulation experiments based on ABS method-
ology it would be best for the company to employ 6 sales 
representatives. Thus, in our case, decisions about organ-
ization’s processes based on DES or SD approach would 
be significantly different from decisions based on ABS ap-
proach. Thus, if the management of the company would 
base its decision about number of sales representatives on 
basic scenario, the best option is to employ 3 sales repre-
sentatives. On the other hand, in case of experimental sce-
nario, the best option is to employ 6 sales representatives. 
To this decision are related implicit costs of value 2 710,59 
EUR as the difference between profits in Basic scenario_3 
and Experimental scenario_6.

Table 4 presents the results of ANOVA and size of 

Figure 4: Development of the profit of the company with respect to particular scenarios based on number of sales representa-
tives. Source: authors
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omega-squared effect for each factor that is the number 
of sales representatives involved in the O2C process. Ac-
cording to ANOVA, factor number of sales representatives 
is statistically significantly different considering the factor 
number of sales representatives for scenarios with 1 or 3 
sales representatives involved, and with omega-squared ef-
fect being equal to 0,6278 and 0,3613 respectively. But, in 
case of 6 sales representatives, factor number of sales rep-
resentatives is not statistically significant anymore. More-
over, the gap in profits between basic and experimental 
scenario has a tendency diminish with increasing number 
of sales representatives involved in the process (see Figure 
4). This means that the performance fluctuations induced 
by randomly occurring negative states of within-person 
well-being have a tendency to diminish with increasing 
number of resources. This fact is not trivially deductible 
and expectable. One would expect the differences between 
basic and experimental scenario to stay the same or go in 
other of direction that is the gap between profits basic and 
experimental scenario to raise.

For organizations, where there is an interaction be-
tween resources and customers part of the organization’s 
core process, the ability to model the behavior of its re-
sources in a more sophisticated way is crucial to obtain 
relevant results. As we show, even small changes in re-
sources’ behavior might have significant impact on the 
outcomes of process simulations and on decisions based 
on such simulations. Modelling resources in the field of 
BPM simulations with use of DES or SD is insufficient 
in many cases. Moreover, this need can be generalized to 
other entities involved in business process. Even though, 
ABS approach is not the best for every problem, which 
BPM faces, one cannot argue that it is valuable addition 
and complementary tool to already well-established ap-
proaches.

5 Discussion and conclusions

The paper presents main advantages and disadvantages of 
ABS approach in the field of BPM. We compare it to more 
classical and well-established approaches like discrete 
event simulations and system dynamics in the field. We 
established that the main disadvantages and possible ob-
stacles in engagement of ABS are connected to complexity 
and robustness of the approach and required skills for its 
successful application. Perhaps the most difficult disad-
vantage to overcome is the lack of guidelines that would 
help to manage its own complexity. However, as we show, 
most of the disadvantages were, at least partially, success-
fully addressed in the recent years. In addition, many of 
the disadvantages we mention are overflowing to other ap-
plication domains as well, but there it does not seem to be 
such a problem. Thus, we believe that the problem so far 
is the specificity of the companies and situational nature of 
ABS that in combination with time-consuming process of 

ABS model development prevents higher degree of utili-
zation of ABS specifically in BPM domain. 

Moreover, we decided to demonstrate the need for 
ABS approach with our own simulation experiments. In 
our simulations, we investigate the impact of changes in 
resources’ behavior on the outcome of company’s order 
to cash process. We worked with two scenarios. In the 
first scenario, we modelled resources as they are typically 
modelled in the case of more classical DES and SD ap-
proach. We chose to experiment with resources, because 
of the naive and simplistic way, they are treated by DES 
and SD approach. In the second scenario, we implemented 
a specific behavior to the resource agents. Concretely, we 
use resources to experience randomly distributed effects 
of negative within-person well-being fluctuations and ob-
served the influence of these fluctuations on the outputs of 
company’s order to cash process. As we show, even small 
changes in resources’ behavior might have statistically 
significant effect not only on outcomes of the processes 
but also on the decisions based on such outcomes. Our 
research shows that the impact of randomly distributed 
fluctuations of well-being has a diminishing tendency with 
the increasing number of sales representatives involved in 
the process. Nevertheless, due to digitalization, upcoming 
industrial revolution and utilization of new technologies in 
business domain, the application of ABS is raising. And in 
our opinion, the support of business processes by ABS will 
eventually raise beyond the threshold of broader applica-
tion of ABS in BPM modelling and simulation as arguably, 
there is no better way to model and simulate ABS than 
with use of ABS.

In conclusion, based on our investigation, we believe 
that there is a need for ABS in BPM modelling and simu-
lation. In addition, we believe that we will see the raise of 
utilization of ABS in BPM domain with the technological 
advances to come and the technological transformation of 
businesses. The classical approaches like DES or SD still 
have their strengths. However, in case of resources where 
the behavioral patterns play many times crucial roles as we 
show in simulation experiments, ABS seems to be much 
more appropriate and powerful tool for both researchers 
and businesses as we show in the study, as it resolves the 
criticized simplicity in modelling of resources. This role of 
resources will get more empowered with further automa-

Table 4. ANOVA results and omega-squared effect. 
Source: authors

Number of sales representatives P-Value ω2

1 sales representative 0,0000 0,6278
3 sales representatives 0,0002 0,3613
6 sales representatives 0,1305 0,0454
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tion of business process. Even though the study illustrates 
our case very well, there are some limitations to it. First-
ly, we consider only negative within-person well-being 
fluctuations in our study. However, employees may also 
experience positive within-person well-being fluctuations 
that on the hand have positive effect of employee’s per-
formance. Secondly, the performance of employee is not 
being influenced only by ones within-person well-being. 
Thirdly, the effects of such fluctuations might not always 
be easily detectable. In the future research, we would like 
to explore technological resources with use of more so-
phisticated agents and provide them with more intelligent 
behavior in sense of ABS approach and its interaction with 
human resources that might be very useful, e.g., in concept 
of Industry 4.0.
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