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Business Process Management and Operations Research are two research fields that

both aim to enhance value creation in organizations. While Business Process Manage-

ment has historically emphasized on providing precise models, Operations Research

has focused on constructing tractable models and their solutions. This systematic lit-

erature review identifies and analyzes work that uses combined concepts from both

disciplines. In particular, it analyzes how business process models have been conceptu-

alized as mathematical models and which optimization techniques have been applied

to these models. Results indicate a strong focus on resource allocation and scheduling

problems. Current approaches often lack support of the stochastic nature of many

problems, and do only sparsely use information from process models or from event

logs, such as resource-related information or information from the data perspective.

Keywords - Business Process Management; Operations Research; Process Improvement;

Systematic Literature Review

1 Introduction

The desire to increase the efficiency of business processes is a core reason for organizations to decide to

implement techniques from the Business Process Management (BPM) research field (Tucek, 2015).

BPM is, by definition, concerned with taking “advantage of improvement opportunities” (Dumas

et al., 2018) and its research community has covered a broad spectrum of such opportunities. The term

process redesign is often considered as the primary approach for process improvement, which has led to

an interchangeable use of the two terms (c.f. Dumas et al. (2018)). The research community has also

addressed “engineering or managerial challenges” (WMP vd Aalst, 2013).

Yet “BPM is by no means the only discipline that is concerned with improving the operational per-

formance of organizations” (Dumas et al., 2018). Another prominent research discipline targeting the
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operational performances of organizations is Operations Research (OR). OR “is concerned with quanti-

tative (mathematical) models and their solution” (Eiselt, Sandblom, 2010) and has presented methods to

solve optimization problems from at least the 1940s on. In contrast, the BPM research field is relatively

new, having its roots in Workflow Management system development in the mid-1990s (WMP vd Aalst,

2013). Dumas et al. point out that OR “is generally concerned with controlling an existing process with-

out necessarily changing it, while BPM is often concerned with making changes to an existing process

in order to improve it” (Dumas et al., 2018).

Nevertheless, “many process improvement problems can in fact be traced back to typical problems

investigated by OR” (WMP vd Aalst, La Rosa, Santoro, 2016), and hence, some authors from the BPM

research community (e.g., WMP vd Aalst, 2013; WMP vd Aalst, La Rosa, Santoro, 2016; R Dijkman,

Senderovich, Jaarsveld, 2023)) have in recent years promoted the idea of applying OR techniques on

business processes.

Despite the shared goal of improving an organizations operational performances, both disciplines

have typically distinct approaches to optimization as described in the following.

Hillier, Lieberman (2020) present a 6-step framework for solving optimization problems in OR: In

the first step, the problem is defined, and relevant data is gathered. Secondly, a mathematical model is

built, from which a solution will later be derived. Thirdly, a solution method that calculates solutions to

the mathematical model is developed. The remaining steps are concerned with validating the solutions

and integrating the solution method into the organization’s operating environment. An OR practitioner

is typically concerned with the trade-off between precision, creating a model that sufficiently abstracts

the problem, and tractability, assuring that a solution can be found in a feasible amount of time (Hillier,

Lieberman, 2020). When a problem appears intractable for some solution method, an OR practitioner

can either change the solution method (e.g., to a heuristic) or simplify the model (Taha, 2017).

In contrast, in the BPM research area several standardized modeling languages have been developed

to depict an organization as a whole, usually divided into different perspectives, such as the control flow,

resource, data, organization, or time perspective. These modeling notations can be classified into formal

and informal ones. Formal process modeling notations have a mathematical background (e.g., can be

depicted as Petri net) and can be analyzed using formal techniques. Informal notations such as BPMN

do not possess the analytical capabilities but are often easier interpreted by humans. Dumas et al. (2018)

distinguish between two groups of techniques that can be applied for business process optimization,

namely qualitative and quantitative process analysis techniques: While qualitative analysis encompasses

approaches that can be applied to gain insights into processes, these insights “are sometimes not detailed

enough to provide a solid basis for decision making” (Dumas et al., 2018). Conversely, Dumas et al.

(2018) enumerate flow analysis, queuing theory, and process simulation methods as quantitative analysis

techniques. Clearly, as OR “is concerned with quantitative (mathematical) models and their solution”

(Eiselt, Sandblom, 2010), the quantitative analysis techniques in BPM are similar to OR techniques.

An OR project as described by Hillier, Lieberman (2020) is a finite sequence of steps designed

to serve a specific optimization goal. In contrast, a key concept in BPM is the BPM lifecycle (WMP

vd Aalst, Hofstede, Weske, 2003), which categorizes means to operationalize business processes into

four recurring phases, i.e., the Process (re-)design, system configuration, process enactment, and process
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diagnosis phase. The output of one phase is taken as input for the next phase and the cycle is continuously

executed to reach ongoing improvement.

Existing surveys concerned with Business Process Optimization focus on the improvement of the

enactment phase of the BPM life cycle. Schulte et al. (2015) have analyzed methods of resource allo-

cation and scheduling of business process in particular for the cloud computing domain. Pufahl, Ihde,

et al. (2021) analyze the BPM data sources that are used as input for resource allocation approaches of

business processes. Here a specific focus is on the used process models and data for different allocation

algorithms during enactment.

Figure 1: Quantitative optimization of business processes using OR methods

We design the integrated model shown in Figure 1, which combines the OR-driven optimization

project methodology based on Hillier, Lieberman (2020) with the BPM life cycle. By following this

model, our survey enhances existing works by considering business process optimization as a holistic,

continuous effort, which can affect the (re-)design and the enactment phase. This integrated model is

based on the idea in Dumas et al. (2018), that quantitative analysis methods can be applied in the (re-)

design and the enactment phase 1⃝ based on data obtained during process diagnosis. We further enhance

this definition by also looking at data gathered during enactment and (re-)design 2⃝.

This survey enhances existing works by analyzing the impact on design and enactment phase 1⃝,

by analyzing all inputs derived from a process (model) used to construct the mathematical optimization

model 2⃝ and analyzing the solution method to solve the mathematical model to optimality 3⃝.

The conducted systematic literature review is designed in coherence with Figure 1 and analyzes the

application of OR techniques in the context of business processes improvement. Our first objective is to

provide an overview of which optimization purposes, i.e. resource allocation, have been addressed with

OR techniques. Therefore, we will survey not only optimization purposes that concern the enactment

phase but also the (re-)design phase (see 1⃝). We do not perceive the remaining two phases, configuration

and diagnosis, as applicable to OR techniques, as the diagnosis phase is concerned with aggregating data
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post-ex, and the configuration phase with implementing a process model, both bearing no potential for

direct process improvements. Our second objective is to survey how mathematical models are obtained

from process data and in which form this data is structured. We review which process related data is

used for building a mathematical model. We categorize the data into data obtained from the enactment

and diagnosis phase, i.e., runtime data or event logs, and data from the (re-)design phase, i.e., process

models. In particular, we are interested in which process mining and modeling techniques are suitable

for the creation of an OR model (see 2⃝). Our third objective is to survey the solution methods used to

solve an optimization problem. For this objective, we are interested in which solution methods appear

helpful for solving mathematical models obtained from process-related data (see 3⃝).

This work may contribute to the BPM community, as the results indicate what kind of process models

and process data are necessary for business process optimization and discuss missing modeling standards.

This work may also contribute to the OR community, as the results indicate meaningful mathematical

models and solution techniques for business process optimization.

The remainder of this work is structured as follows: In Section 2 we outline our research method

for the literature review. The findings of the review are presented in Section 3. In Section 4 we present

identified challenges that should be considered by future research. Related work is presented in Section 5.

Section 6 discusses and concludes the systematic literature review.

2 Research Method

A Systematic Literature Review (SLR) as a research method identifies, analyzes and interprets relevant

research related to specific research questions in an unbiased way. For conducting the SLR, we adopted

the “Guidelines for performing Systematic Literature Reviews in Software Engineering, Version 2.3” by

Kitchenham, Charters (2007). Hence, we begin by defining research questions. Based on the defined

research questions, we derive a search strategy, describe our strategy for identifying relevant works by

defining in- and exclusion criteria, and present a data extraction template for extracting relevant data

from the identified works.

2.1 Research question specification

We break down the overall motivation for this study, of how OR methods can be applied in BPM, into

three research questions that arise from the integrated model (Figure 1). The first research question

addresses the optimization purposes, i.e., which optimization problems are addressed in the (re-)design

and the enactment phase.

RQ1: Which optimization purposes are addressed when techniques from OR are applied to busi-

ness processes?

RQ1 seeks to provide insights into the types of optimization problems researchers have predominantly

addressed and reveal those that present promising opportunities for future research. As shown in Figure 1

a focus of this question is the life cycle phase that is affected by the optimization algorithm.

The second research question addresses the interaction between process models and their representa-

tion as formal mathematical models, which will later be used for the application of OR solution methods.
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RQ2: How are business processes modeled or mined for the application of OR techniques?

RQ2 aims to identify the most suitable business process modeling and mining techniques for creating

mathematical optimization models. Answering this research question tries to reveal opportunities and

future needs for improving business process modeling and mining techniques within the BPM research

field. The analytical goal is to give insight into the currently used modeling approaches and possible

standards for the different process perspectives, control-flow, resources, and data.

The third research question shifts the focus to the OR field. It addresses the optimization techniques,

i.e. algorithms, used to obtain solutions from the mathematical models:

RQ3: Which solution techniques are used to optimize business processes? (3)

Answering RQ3 is intended to reveal mathematical solution approaches that align with business pro-

cesses. The focus in answering this question should be less on naming specific algorithms but on

describing the type of solutions that are delivered by the approaches, i.e., approximations or optimal

solutions.

2.2 Search Strategy

To provide a comprehensive review, we used two literature databases, i.e., Scopus and Web of Science,

that have been acknowledged as world-leading comprehensive databases (Zhu, W Liu, 2020).

Search queries are designed to find all relevant works for answering the posed research questions

while maintaining a feasible number of results. The detailed description of the search strings is given in

Table 1. The search queries consist of two groups of keywords: One group targets the BPM field, and the

other group the OR field. The keyword groups were joined with a logical ’AND’ to target publications

at the intersection of the BPM and OR fields.

Search queries

Web of Science
TITLE−ABS−KEY (

( " BUSINESS PROCESS MANAGEMENT" OR "WORKFLOW MANAGEMENT" OR "PROCESS MINING"
OR "PROCESS ANALYTICS " ) AND

( " OPERATIONS RESEARCH" OR "OPERATIONAL RESEARCH" OR "SCHEDULING" OR "ALLOCATION" OR
"ROUTING" OR "OPTIMIZATION" OR "OPTIMISATION " )

)

Scopus
TS=(

( " BUSINESS PROCESS MANAGEMENT" OR "WORKFLOW MANAGEMENT" OR "PROCESS MINING"
OR "PROCESS ANALYTICS " ) AND

( " OPERATIONS RESEARCH" OR "OPERATIONAL RESEARCH" OR "SCHEDULING" OR "ALLOCATION"
OR "ROUTING" OR "OPTIMIZATION" OR "OPTIMISATION " )

)

Table 1: Search strings

The BPM keywords consist of the term Business Process Management itself and its synonym Work-

flow Management. Workflow Management was chosen because BPM has its roots in workflow manage-

ment. Both terms have been used interchangeably (e.g. in WMP vd Aalst (2013)). A sub-field of BPM

is process mining. It differs from traditional BPM as it does not focus on process models but on event
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logs from which a process model can be derived (WMP vd Aalst, 2012). The term Process Mining is se-

lected to incorporate works that make use of process mining techniques for OR optimization techniques.

Since process mining uses data gathered during enactment it puts attention on RQ2. Similarly, Business

Process Analytics is a sub-field of BPM and describes “the family of methods and tools that can be ap-

plied to [...] event streams in order to support decision-making in organizations” (Zur Muehlen, Shapiro,

2010). In a test run, the term Business Process yielded an infeasible amount of results, often unrelated to

the BPM discipline, and was therefore disregarded from the search strings.

As one of the OR keywords we use term Operations Research. To avoid language bias, we add term

Operational Research, which is more prominent in British English. Terms Optimization and Optimisa-

tion are selected to include all publications that emphasize an optimization purpose without necessarily

referring to OR. The keywords Scheduling and Routing describe common problem categories that have

been addressed in OR publications since the 1990s (c.f. Laengle et al. (2017)). Although the keyword

Allocation has received less attention in OR in recent years (c.f. Laengle et al. (2017)), it is chosen

because it has also been addressed in BPM (c.f. Pufahl, Bazhenova, Weske (2015)).

The keywords are used to search within the title, abstract, and keywords of publications. The search

was conducted in November 2023, resulting in 3252 initial studies.

2.3 Relevant research identification

To identify relevant works from the initial results, we apply the selection criteria shown in Table 2.

Inclusion criteria Exclusion criteria

• peer-reviewed conference papers or journal arti-
cles in English

• books or book chapters

• publications that aim for the optimization of
business processes

• publications that are concerned with grid com-
puting, cloud computing, or scientific workflows

• publications that consider formal business pro-
cess models and/or event logs

• position papers

• publications that are concerned with automatic
and prescriptive optimization techniques

• manual optimization or re-engineering

Table 2: Inclusion/exclusion criteria

Overall, we expect studies to include elements of BPM and OR in order to be deemed relevant.

Hence, we include only publications that address the improvement of business processes. Since OR

techniques necessitate a formal mathematical model, we include only publications that either explicitly

consider process models with a formal background (e.g., Petri nets) or studies that create mathematical

models based on data from event logs. Because OR is concerned with quantitative solution techniques,

we include only works that present solution approaches that lead to an automatic improvement with

prescriptive outcomes. Conversely, studies that present non-quantitative solution approaches, i.e., guide-

lines for manual process optimization, and non-automatic improvement approaches, i.e. applied manual

process design from interviews, are excluded.

After a test run, we noted that the keyword workflow management is heavily used in the field of

scientific and cloud computing. In these fields, workflows are often referred to as scientific workflow or
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grid workflow. Studies in these fields are concerned with different problem statements than publications

in the BPM domain. Workflows from the scientific and cloud computing domain deal with problems

centered around “the transportation and analysis of large quantities of data” (Barker, Hemert, 2008),

while “business workflow tools look more like traditional programming language” (Barker, Hemert,

2008). While imperative business process models typically make use of complex workflow patterns

(c.f. WMP vd Aalst, Hofstede, Weske (2003)), the scientific and cloud computing domain has spent

less attention on complex workflow patterns, i.e., scientific processes are often only depicted as directed

graphs and therefore not relevant to this study. Due to the diverging challenges of both disciplines, we

decided to exclude works that address the cloud, scientific, or grid computing domains.

The inclusion and exclusion criteria are applied to titles, keywords, and abstracts of the publications

that our search yielded and subsequently rated by the authors on a Likert-5 scale (Likert, 1932). All

publications that are ranked better than 3 are chosen for reading the full text.

The initial search yields 3252 publications. After removing duplicates, 2304 publications remain for

the title, keywords, and abstract screening. After the categorization along the inclusion and exclusion

criteria, 176 publications remain with a 4 or 5 rating on the Likert scale and are consequently selected

for full-text analysis. Full-text copies are obtained for 170 publications as six publications could not

be found online. After reading the full texts, another 88 studies are excluded due to not meeting the

inclusion criteria. A final number of 82 publications are considered as relevant for further assessment.

2.4 Data extraction

Following the full-text review of the 82 publications identified as relevant in Section 2.3, we extract data

using the data extraction form shown in Table 3.

Data extraction Evaluation Criteria Categorisation

RQ 1: Optimization purpose Effected BPM life-cycle phase [Enactment, Design]
Problem category [8 Categories, see Section 2.4 ]

RQ 2: Optimization input Process model [Yes, No]
Workflow pattern [Sequential, AND, XOR,

Deferred Choice]
Event log [Yes, No]
Multiple process instances [Yes, No]
Resource modeling [Yes, No]
Resource Representation [pooled, individual, both]
Resource Performance Indicators (RPI) [None, 1 RPI, complex]
Resource defines task duration [Yes, No]
Time profiles [Yes, No]
Data perspective [Yes, No]

RQ 3: Solution method Solution approaches
Optimality [Yes, No]

Table 3: Data extraction

The data extraction form is supposed to ensure a systematic approach to answering the research

questions. To answer RQ1, publications are categorized on whether their proposed process optimization
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approaches affect the design phase, e.g., planning an optimal amount of resources prior to a process’s

enactment, or the enactment phase, e.g., allocating resources to process activities during its enactment.

To provide a detailed analysis, we define eight optimization purpose categories. The initial categories

are discussed during the review protocol design and refined after all relevant publications were read. The

categories from the OR side are derived from typical problems that are addressed in OR projects (Hillier,

Lieberman, 2020), i.e., scheduling, batching, and resource planning. Problems typically addressed by

BPM are concerned with changing the process model (Dumas et al., 2018). Thus, we decide on the

following categories, i.e., selection of the best process model, control-flow re-engineering, process navi-

gation, and action recommendation. The problem of resource allocation is addressed by both, i.e., BPM

and OR research. We add the SLA planning category as one publication could not be sorted into other

existing categories. Consistently, categories that have been defined upfront, such as routing, are dropped

due to no fitting publications.

To answer RQ2, concerned with how mathematical optimization models are obtained, we create

ten extraction fields. First we review whether a process model and/or an event log is used to obtain an

optimization model. If a process model is used as input for the optimization model, we review which

workflow patterns are supported in the optimization model. When a publication models the resource

perspective, we extract how the resources are represented, i.e., as individual resources and/or as pooled

resource groups, i.e., organization groups. If resource modeling is done, the representation of resource

performance indicators (RPI) is checked. Such performance indicators comprise execution times and

workload. If performance indicators are modeled, it is distinguished if only one measure is covered (1-

RPI) or if multiple performance indicators are considered. It is also analyzed if a resource is enabled to

actively influence the execution time of tasks. This describes the connection between control-flow and

resource perspective. To better categorize scheduling and resource allocation approaches, the presence

of time profiles (e.g. availability calendar) is marked. Additionally, it is recorded whether the data

perspective is employed in the optimization model construction. Finally, we identify if the optimization

model considers multiple, possibly concurrently running, process instances.

To answer RQ3, concerned with the optimization techniques used for solving the mathematical mod-

els, we focus on the used procedures. Since publications often combine several algorithms to obtain a

solution, we do not use a structured field to extract the proposed solution approaches. We extract whether

the applied method finds an optimal solution to the mathematical model or an approximation and how

this solution is found, e.g., by heuristics.

3 Results

This section provides an overview of the selected publications and presents the analysis results with

respect to research questions RQ1–RQ4. The full research protocol is provided as supplementary mate-

rial1.
1https://anonymous.4open.science/r/SLR_OR_BPM-B261/
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3.1 RQ1: Addressed optimization problems

To answer RQ1, we first categorize the optimization purposes of the selected publications into design

or enactment phase. Publications categorized into the design phase are concerned with decision-making

problems that occur prior to enacting a business process and affect the planning of its properties, for

example, planning the control flow perspective or planning the required amount of resources before

starting process enactment. Conversely, publications categorized into the enactment phase are concerned

with decision-making problems that occur during the execution of a business process such as allocating

resources to a business process task for its execution.

The majority of the publications (60, 72%) addresses optimization problems in the enactment phase,

while 23 (28%) publications address the design phase. Figure 2 shows the distribution of the selected

studies on a timeline. The majority of publications addressing quantitative optimization methods in

BPM have been published since 2011. The number of publications that address optimization in the

enactment phase has peaked in 2016 and the number of publications that address optimizations in the

design phase has grown since 2021. An interpretation might be that existing enactment optimization

problems are well-understood while design optimization problems are currently gaining momentum with

more powerful algorithms to include model aspects into the optimization.

0

2

4

6

8

10

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Design Enactment

Figure 2: Publishing year and life cycle phase

The addressed optimization problems can be subsumed by nine problem categories. As described

in Section 2.4, initial problem categories were discussed among the authors during the creation of the

review protocol. The final set of nine problem categories was established after having finished reading

all selected publications. Four categories are addressed in the design phase, i.e., process model selec-

tion, control flow re-engineering, service-level agreement (SLA) planning, and resource planning, and

four categories are addressed in the enactment phase, i.e., Action recommendation, process navigation,

scheduling, and resource allocation. Category batching is addressed in both phases. Figure 3 shows the

number of publications for each of the problem categories. The majority of publications is concerned

with scheduling and resource allocation in the enactment phase, and with control flow re-engineering and

resource planning for design time. In the following a description of the individual problem categories

and their publications is presented.
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Figure 3: Problem categories and life cycle phases

Process model selection comprises the two works of Satyal et al., 2018; Satyal et al., 2017, which

are concerned with finding the best-performing process model from a set of feasible process models.

Control flow re-engineering publications present quantitative optimization approaches for re-engineering

the control flow of a process. M Wang et al. (2013) and Niedermann, Radeschutz, Mitschang (2010)

propose techniques to parallelize activities in an automated way to speed up the process execution. Con-

versely, Xu, C Liu, X Zhao, Ding (2013) propose an automatic approach to sequentialize activities, such

that an allocation algorithm is prevented from assigning an unsuitable or expensive resource to an activity

when a well-suited resource is unavailable because it is executing a parallel activity. Two publications are

concerned with (re-)engineering decision points: Bolsinger et al. (2015) aims to find optimal conditional

values for exclusive choices, while Subramaniam et al. (2007) aims to move the decision points to the

earliest possible points to enhance planning certainties. WMP vd Aalst (2001) investigates strategies to

find an optimal task order in knock-out processes where the outcome is, e.g., to approve or disapprove

a loan. D Lee et al. (2013) suggest splitting a process model into a subset of process models so that the

process models have a minimal inter-process coupling. These smaller processes can be used individually

for further scheduling or allocation techniques. Lastly, W Song et al. (2022) presents an approach that

finds the minimal number of change operations needed to transform a control flow model into another

one.

SLA planning comprises the work of Cho, M Song, Müller, et al. (2017) concerned with an auto-

matic approach for proposing SLAs based on business processes.

Resource planning publications aim to plan either the number of resources needed for process exe-

cution or the properties of resources such as their locations. Finding the optimal number of resources is

the goal of Peters, RM Dijkman, Grefen (2021), Prokofyeva, Zaytsev (2020), Antunes et al. (2019), H Li

et al. (2021), and Y Liu, Zhang, et al. (2012), while finding optimal properties is the objective for Kinast,

Doerner, Rinderle-Ma (2022), Halawa, Chalil Madathil, Khasawneh (2021), and Rismanchian, YH Lee

(2017). Choueiri, Portela Santos (2021) and López-Pintado, Dumas (2022) propose approaches that can

be used to evaluate the effect of replacing a resource with another one. Kumbhar, AHC Ng, Bandaru
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(2023) is concerned with identifying bottleneck resources.

Batching addresses the problem of finding optimal batch sizes for activities. It is the only category

considered in the enactment and design phases. Pufahl, Bazhenova, Weske (2015) focus on a static batch

size, determined during design time. In contrast, Pflug, Rinderle-Ma (2016) introduce a dynamic method

that adjusts the batch size during the enactment phase.

Action recommendation refers to the execution of a next task in a process instance or for a resource

or to initiating a new process instance. Barba, Weber, et al. (2013) recommend the most suitable next

activity to a resource, i.e., a user. The pool of possible activities can stem from different process in-

stances with different priorities or service-level agreements that must be obeyed. Weinzierl et al. (2020)

recommend to skip process activities, e.g., when a deadline can only be met if checking the credibility of

a customer is skipped. Banaszak (2003) recommend whether a new process instance should be spawned

or not, i.e., an offer be accepted or not. Kurscheidt Netto, F. R. Loures, EAP d Santos (2021), Ruschel,

EAP Santos, EdFR Loures (2020), and Ruschel, E Santos, E Loures (2017) focus on recommending time

points for maintenance tasks.

Process navigation proposes a viable process path, e.g., a set of activities required to complete a

process instance. Medeiros, Julia (2017), Julia, Oliveira, Valette (2008), and Julia, De Oliveira (2004)

are primarily concerned with (resource) deadlocks that might occur during the process executions and

suggest identifying feasible execution strategies that are not exposed to deadlocks by using Monte Carlo

simulation. Comuzzi (2019) and Zheng et al. (2018) present approaches to select the optimal branch at

deferred choices Similarly, Bando et al. (2022) conceptualize robot movements as a process model and

address the optimal navigation through the process model.

Scheduling comprises approaches that schedule the execution of business processes in advance and

in doing so, typically also plan the allocation of resources to tasks. Yaghoubi, Zahedi (2018) and Xu,

C Liu, X Zhao, Yongchareon, et al. (2016) focus on instance-level scheduling, i.e. planning the starting

times of process instances. While Yaghoubi, Zahedi (2018) aims to balance the resource workload, Xu, C

Liu, X Zhao, Yongchareon, et al. (2016) aims to maximize the number of instances that can be finished in

a given timeframe. The other publications focus on scheduling at task level, i.e., they consider a process

model for scheduling the execution of activities and propose either to solve constraint programming

(CP) formulations (Senderovich, Booth, Beck, 2019; Jiménez-Ramírez et al., 2013; Barba, Del Valle,

et al., 2013; Avanes, Freytag, 2008), Answer Set Programming (ASP) formulations (Havur, Cabanillas,

Polleres, 2022; Havur, Cabanillas, 2019; Havur, Cabanillas, Mendling, et al., 2016), or (mixed) integer

linear programming ((M)ILP) formulations (Guastalla et al., 2023; Di Cunzolo et al., 2023; Low et al.,

2016; Bae, S Lee, Moon, 2014; Hirsch et al., 2012). Reveliotis (2016) formulate the scheduling problem

as markov reward process and propose to find an approximate solution via stochastic approximation

methods. C Ng (2018) and Low et al. (2016) propose to use meta-heuristics, Hsieh (2017) and Hsieh

(2016) multi-agent systems, and Senderovich, Weidlich, et al. (2016) and Cho, M Song, Yoo, et al. (2019)

propose to incrementally build schedules via heuristics.

Resource allocation: In Djedović et al. (2016), Djedovic et al. (2018), and Bai et al. (2013), re-

sources are allocated to one specific type of activity. The other publications are concerned with allocating

resources to tasks, i.e., instantiated activities: In R Liu, Kumar, J Lee (2022), Yeon et al. (2022), J Lee
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et al. (2019), Arias et al. (2018), Ismaili-Alaoui et al. (2018), Wibisono et al. (2015), X Liu et al. (2015),

H Yang et al. (2012), Y Liu, J Wang, et al. (2008), W Zhao, H Liu, et al. (2016), W Zhao, L Yang, et al.

(2015), and Reijers et al. (2007), allocation decisions are based on the best matching of properties of

tasks to resources or resources to previous resources. Similarly, Xu, Huang, et al. (2012), Combi, Pozzi

(2006), Zeng, JL Zhao (2005), and Lin, Fan, Loiacono (2004) propose allocation heuristics. Delias,

Grigori (2023) and Delias, A Doulamis, Matsatsinis (2008) propose approaches to minimize resource

conflicts and maximize the active resources. Pla, Lopez, Murillo (2012) propose an allocation approach

based on multi-agent auction. Using reinforcement learning for training allocation policies is proposed

in Neubauer et al., 2022; Huang et al., 2011. Finding the best matching among the available resources

and unassigned and future tasks by formulating the problem as minimum-cost maximum-flow problem

is presented in Park, M Song, 2019. Arias et al. (2018) propose two resource criteria driven allocation

approaches, i.e., immediately allocating a task to the resource with the best resource criteria matching,

and allocating a set of tasks (batch) to resources such that the best matching for all tasks is achieved.

3.2 RQ 2: Business process modeling and mining

Finding an appropriate mathematical model that precisely depicts reality while maintaining computa-

tional tractability is key to solving an OR problem. Hence, in the following, we will investigate how

business processes are modeled or mined in order to obtain mathematical optimization models that are

later solved through various solution techniques. This section starts with an overview of the data sources.

Afterwards, we investigate how the individual process perspectives, i.e., the control flow, resource, and

data perspective, are modeled and how their data is used to obtain optimization models.

3.2.1 Data sources

Information from the control flow perspective, represented by process models, is used in 49 (59%) pub-

lications. A process model is either assumed to be known or is first mined via process discovery tech-

niques. Process mining for data gathering is explicitly used in 43 (41%) publications. Information about

resources is used in 70 (84%) publications. Nine (11%) works consider data from the data perspec-

tive. Some publications do neither mathematically model the control-flow perspective, nor the resource

perspective, and, e.g., only use runtime data to obtain solutions (e.g., Y Liu, J Wang, et al., 2008).

3.2.2 Control flow modeling

Overall, 49 publications mathematically formalize the control flow perspective; 46 consider imperative

process models, and three consider declarative process models. In order to assess the expressive power of

the proposed models and associated mathematical formulations, we base our analysis on selected control

flow workflow patterns (WM vd Aalst et al., 2003), i.e., sequence, parallel split and synchronization, as

well as exclusive choice and merge.

Workflow patterns are conceptualized in two distinct ways: Either they are formalized as constraints

into mathematical models from which solutions are obtained directly by using analytical optimization

techniques. The sequential pattern, for example, can be formalized as a constraint in a constraint pro-

gramming formulation such that no activity may be scheduled before its predecessor has been finished.
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The second approach is to conceptualize workflow patterns as constraints in simulation models, e.g., the

simulation model only allows an activity to be scheduled after its preceding activity has been finished.

A solution, typically a policy, might then generate solutions that do violate the constraints, leaving the

simulator to decide how to handle these situations. Good policies can then be trained using simulation

optimization techniques (Amaran et al., 2016). Of the 49 publications that formalize the control-flow per-

spective for optimization, 19 (39%) use simulation optimization techniques and 30 (61%) publications

use analytical optimization techniques.

All of the 46 publications that are concerned with imperative process models incorporate the se-

quential pattern in their analytical or simulation models. 38 publications additionally conceptualize and

consider information from parallel splits and their synchronizations. However, only 17 publications con-

sider exclusive choices and their merges. Interestingly, 12 publications consider the deferred choice

pattern, a workflow pattern at which the environment, e.g., a business process management system, can

choose a path to be taken (WM vd Aalst et al., 2003). For publications that address optimizations in the

enactment phase, the deferred choice pattern is conceptualized even more often than the exclusive choice

pattern, as shown in Table 4.

Affects Design Phase Affects Enactment Phase
Sequential 13 33
AND 10 28
XOR 8 9
Deferred Choice 1 11

Table 4: Workflow patterns considered

3.2.3 Exclusive choices

Exclusive choices are points “in the workflow process where, based on a decision or workflow control

data, one of several branches is chosen” (WM vd Aalst et al., 2003). Exclusive choices are interesting

because, unlike AND-splits, where all subsequent branches must be executed, the branch chosen at an

exclusive choice can typically not be foreseen during design time or at model instantiation.

Exclusive choices are themselves subjected to optimization in two publications. In Subramaniam

et al. (2007), data-flow analysis is conducted to move decision points to the earliest possible points to

reduce the number of possible paths of a process as early as possible. In Bolsinger et al. (2015), it is

assumed that the conditions of exclusive choice are not ideal and, therefore, subjected to optimization to

maximize the value contribution of a process.

In the context of scheduling and planning, 10 publications conceptualize exclusive choices for the

application of analytical optimization techniques, while 5 for simulation optimization techniques. An-

alytical approaches most commonly use probabilistic techniques, including Havur, Cabanillas, Polleres

(2022), Peters, RM Dijkman, Grefen (2021), Havur, Cabanillas (2019), Bolsinger et al. (2015), Delias,

A Doulamis, N Doulamis, et al. (2011), and Bai et al. (2013) which use transition probabilities for the

individual branches from an exclusive choice gateway. Barba, Del Valle, et al. (2013) schedule the exe-

cution of a business process until an exclusive choice is reached. Havur, Cabanillas, 2019 combine the

13



idea of rescheduling and using transition probabilities. They propose considering the most likely branch

of an exclusive choice when it exceeds a predefined threshold.

In resource planning for emergency processes, the work of H Li et al. (2021) considers the worst-

case branch for estimating the maximal number of simultaneously required resources. Another non-

probabilistic approach is presented in Choueiri, Portela Santos (2021). Under the assumption that re-

sources affect the data perspective of processes, their approach finds associations between resources and

the control flow path.

Exclusive choices in simulation models are considered in the works of Yaghoubi, Zahedi (2018), Lin,

Fan, Loiacono (2004), López-Pintado, Dumas (2022), Choueiri, Portela Santos (2021), Djedovic et al.

(2018), Y Liu, Zhang, et al. (2012), and Guastalla et al. (2023): Only Djedovic et al. (2018) describe

how they set up their simulation model, e.g., how they chose probability distributions for modeling

task durations. The other publications lack detailed descriptions about how they set up their simulation

models.

3.2.4 Resource modeling

A key approach to business process improvement is to optimize the planning and allocation of resources

that execute the tasks in a process. Following the argumentation by Peters, RM Dijkman, Grefen (2021),

the performance of a process can be improved by lowering the waiting times until a resource is available

(tactical allocation), which can be achieved by having more resources available. The performance of a

process can also be improved by allocating its tasks to more effective resources and thus improving task

execution times (operational allocation). Looking at the BPM life cycle, tactical resource allocation is an

optimization affecting the design phase (e.g., making more resources available), and operational resource

allocation affects the enactment of a process (e.g., allocating resources based on performance). Our study

identified 70 papers that actively model resources and use them as input to solve their mathematical

model.

Different information on resources and their performance is needed to make better decisions when

allocating tasks to certain resources. We defined the categories shown in Table 3 to analyze how re-

sources are modeled throughout different approaches. Besides the overall modeling of resources, we

also consider how resource performance indicators (RPI) are modeled as described in Table 3. We check

if none, one, or multiple RPIs are modeled for a resource. A simple RPI measures, for example, the ex-

ecution time of a certain resource. More complex RPIs could additionally model a resource’s workload,

uptime, costs, and other performance indicators. We further investigate if resources are considered as

individual instances or groups (i.e., organizational units), if their availability schedules (time profiles) are

modeled (i.e., whether they follow a shift plan), and if their properties have an impact on task execution

performance (i.e., resource A executes a certain task quicker than resource B). The following provides

an overview of the different modeling choices along the (re-)design and enactment phase categoriza-

tion. Due to the number of publications (70), we use selected publications as examples. The full list of

publications that fit into which category can be found in the appendix.

Design phase 16 of the 70 publications that model resources affect the design phase with the optimiza-

tion. A resource is modeled as an individual instance in 6 of these publications. In López-Pintado,
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Dumas (2022), the difference between modeling resources as individuals and modeling resources as

groups is assessed for simulation models and finds that the individual modeling of each resource leads

to simulation models closer to actual event logs. In terms of modeling performance indicators, 5 pub-

lications model multiple RPIs, and 3 publications model a single performance measure. 8 publications

fully disregard the performance of resources. We can see that for optimization at design time, the focus

is not on resource performance, and a link to the later enactment is not always given. Yet, 7 publications

consider the impact of a resource on the execution performance of a task. A majority of the publications

where optimization affects the design phase model resources in a pooled manner (10). This means that

multiple instances of resources are grouped, e.g., by their role, and their properties are aggregated over

their group. Individual modeling is used in 5 studies. In terms of time profiles, only Antunes et al. (2019)

model a notion of a schedule in the design phase. Here the waiting times in an emergency department

are optimized by improving the overall schedule design for the emergency department.

Enactment phase 55 publications consider resources as input for an optimization model to improve the

enactment of business processes. Here, most approaches model multiple resource performance indicators

(21) or at least one RPI (20). The performance is fully disregarded in 14 publications. To model these

performance indicators, different modeling approaches are chosen. An advanced one is described in

Arias et al. (2018). The authors employ the structure of resource process cubes, which are inspired by

typical online analytical processing (OLAP) technology, where each dimension represents one RPI of a

resource. Using this approach, aggregations of resource-related data are easily achieved. In modeling

resources itself, most approaches (41) use individually modeled resources. In 9 publications, resources

are pooled, and 5 publications offer a hybrid approach that combines individual and pooled modeling.

Havur, Cabanillas, Mendling, et al. (2016) and Lin, Fan, Loiacono (2004) offer both modelings and

enable an aggregation of performance measures for a group, if needed. For enactment, a total of 11

publications model time profiles as part of their resource modeling. Many of those publications are

concerned with scheduling especially in the healthcare domain (Di Cunzolo et al., 2023; Guastalla et al.,

2023; Cho, M Song, Yoo, et al., 2019)

Besides modeling resource performance, an interesting question is whether the impact of a resource

on task execution performance is considered. Here, 35 publications disregard an influence completely,

and 35 publications consider the influence of a resource on task execution performance. Interestingly,

some works that model resources with complex properties or one performance property still disregard the

impact of such properties at task level. Another view on the impact of a resource on process execution

is given in Huang et al. (2011) and Choueiri, Portela Santos (2021). Here, the effect of a resource on the

taken process path is studied.

3.2.5 Data modeling

Data flow is seldomly used as input for the mathematical optimization model. An exception is Subrama-

niam et al. (2007) where data dependency graphs are modeled. In Bolsinger et al. (2015), information

from the data perspective is used to improve the decision at XOR-Gateways. Havur, Cabanillas (2019)

use the data perspective to decide if a fragmentation for better allocation should be done at a decision

point or not. Yet, the data flow information is usually highly aggregated up to a binary level (data avail-
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able or not). For task prediction with XOR-Gateways, the data perspective might become more important

in the future.

3.3 RQ3: Solution techniques

While some publications emphasize setting up a simple formal model on which the application of opti-

mal solution techniques is tractable, other publications have presented complex mathematical models to

which only approximate solution methods can be applied.

3.3.1 Optimal solutions

Optimal solutions are preferred when the search space is small, mostly due to a small number of input

variables from the model or due to a small number of objective variables with a small value range. The

first is the case when information is strongly aggregated. Bai et al. (2013), for example, use risk and cost

information of each task as input for allocating control resources that reduce overall costs, to tasks. The

latter is the case when, e.g., only starting times of instances are to be scheduled, instead of scheduling all

tasks from all instances (Yaghoubi, Zahedi, 2018).

Some publications propose optimal solutions, even when the algorithmic complexity is NP-hard.

Havur, Cabanillas, Polleres (2022) and Havur, Cabanillas, Mendling, et al. (2016) propose to use logic

programming and Senderovich, Booth, Beck (2019) constraint programming to find optimal schedules

for imperative process models. Similarly, Barba, Del Valle, et al. (2013) and Jiménez-Ramírez et al.

(2013) suggest using constraint programming for scheduling on descriptive process models.

3.3.2 Approximate solutions

Approximate solutions are the preferred solution method when the search space is intractably large or

when the problem is subject to uncertainties under which an optimal solution seems to be infeasible. Ap-

proximate solutions are especially present in publications that relate to resource allocation and schedul-

ing, resource planning, or process navigation. Linear programming relaxation is used for resource allo-

cation in Delias, A Doulamis, Matsatsinis (2008) and Delias, A Doulamis, N Doulamis, et al. (2011).

Wibisono et al. (2015) argue against scheduling allocations in business processes due to the problem

complexity and that “various unpredicted factors” can occur during the execution. Therefore they pro-

pose to conduct on-the-fly resource allocation by matching resource properties to task properties. Other

approaches propose the use of meta heuristics. Comuzzi (2019) and C Ng (2018) propose ant-colony

optimization for process navigation and scheduling, respectively. Djedović et al. (2016) propose a ge-

netic algorithm for planning the number of resources for each activity. Bolsinger et al. (2015) propose

an evolutionary algorithm to find good conditional values for decision points. Overall, meta heuristic

approaches find their solution by using simulation-optimization techniques that require a simulation of

the process. However, most approaches do not describe in detail how complex the simulation models

become.
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4 Open challenges and research directions

During the SLR, we identified several research gaps, which have still not been extensively studied when

combining BPM and OR. These research gaps focus on different parts of an optimization project and

range from the optimization purposes itself, over the modeling of business process-related data to the

solution techniques for the mathematical model. In the following, we discuss each research gap together

with publications that represent a starting point to advance the research in that direction.

4.1 Optimization purposes

Challenge: Existing optimization approaches affect either the design or the enactment phase of the

BPM life cycle. Some resource planning approaches test if adding a resource enhances the process

performance by employing a simulation model that uses an allocation algorithm (Antunes et al., 2019).

However, during enactment, neither the quality of the found plan is determined nor the simulation model

is updated. Future holistic approaches should combine optimization purposes from the design, as well as

the enactment phase, enabling optimal resource allocation through better resource planning and enabling

better resource planning through interaction with the previous resource allocation outcome.

Research Direction: An approach to create an optimization cycle that affects both, the enactment and

design phase has not been provided yet and a holistic approach that applies multiple optimization pur-

poses successfully along the BPM life cycle is missing. The approach by (Antunes et al., 2019) can serve

as inspiration on how to evaluate the quality of a plan. To achieve optimization along the whole lifecycle,

a feedback strategy between the design and enactment phases should be researched.

4.2 Process models

Challenge: Information provided by the process model currently finds only limited use for decision

making. Especially in the context of resource allocation and scheduling, 33 of 59 publications consider

information from process models, and only 10 consider basic workflow patterns, exclusive choices, and

merges. From the 10 publications that consider exclusive choices, only Havur, Cabanillas, Polleres

(2022) and Havur, Cabanillas (2019) propose to build schedules beyond the points of exclusive choices.

However, these schedules are only built when a branch is expected to be selected with a likelihood

that surpasses a predefined threshold. No work conceptualizes exclusive choices such that stochastic

optimization techniques can be applied for an analytical solution approach, e.g., for stochastic linear

programming.

Research Direction: Optimization approaches often disregard exclusive choices in process models and

the stochasticity of the problem is disregarded. (Havur, Cabanillas, Mendling, et al., 2016; Havur, Ca-

banillas, Polleres, 2022) present possibilities to solve this issue, that are not generally applicable yet.

Simplifying the transfer from process models to optimization models will embed optimization during

process execution

Challenge: Conceptualizing the control-flow perspective as a simulation model is another approach pur-

sued in some publications that can be used, e.g., for what-if analysis or to find solutions to combinatorial

optimization problems via simulation optimization techniques. Most surveyed publications that use sim-

17



ulation models do not describe in detail how a simulation model is built from a process model or an event

log. Creating simulation models is generally considered complex and time-consuming (cf. (Juan et al.,

2015)). If a simulation model does not depict reality, a solution based on the simulation model will never

be applicable in reality. Some approaches circumvent the issue by, e.g., suggesting to replay event logs

instead of building complex simulation models (WMP vd Aalst, Low, et al., 2015).

Research Direction: The automatic creation of simulation models and how to ensure a good quality of

such a simulation model is an open question. Recent approaches combining log-replay methods (e.g.,

(Camargo, Dumas, González-Rojas, 2019)) with simulation methods to build hybrid simulation models

appear promising to ease the simulation model-building process.

4.3 Resource modeling

Challenge: When modeling resources, a key question is the representation of process-related resource

performance data, i.e., task performance when being executed by a given resource. The representation of

such performance measures is described in Section 3.2.4. In optimizing approaches for both, the design

and the enactment phase of business processes, the resource perspective is still often disregarded. This

could be rooted in the fact that no consensus is found on how to model resource-related data for a process.

The publications studied in this work mostly rely on data tailored to the specific optimization use case,

and thus, a variety of performance data representations is used. One of the few structures employed by

multiple works is the resource profile. One implementation of resource profiles is described by Arias

et al. (2018) in which resource profiles are represented as part of a resource process cube, which allows

for OLAP operations to analyze the data. This enables multiple performance measures for each resource,

unit-level characterizations, and a mapping for process-specific measures. This data structure gathers the

performance of each resource for a specific task in a specific process and, therefore, enables the variable

usage of any data object to improve the solution of the optimization algorithm.

In addition, parts of the resource data are disregarded for the optimization model by many ap-

proaches, for example, the relationship between the executing resource and the performance of a task,

i.e., resource A executes a certain task quicker than resource B. Overall, current process optimization

approaches lack a sophisticated analysis of the interaction between resource and task performance and,

even further, resource and process performance. If BPM wants to become more proactive, as advocated

in Poll et al. (2018), such information is needed for reliable forecasting and better optimization models,

and enables allocation algorithms to outperform static approaches as shown in Wibisono et al. (2015).

Shifting the focus from optimization to simulation models, WMP vd Aalst (2015) further supports

this research need by presenting the missing link from resources and resource data for simulation models.

A generally agreed-on resource representation will help to create algorithms that incorporate multiple

kinds of information into optimization and simulation approaches and enable general solutions, which

can be easily adapted and reused by multiple researchers.

Research Direction: A standardized modeling approach for resources, which connects resource data and

process execution data, does not exist. This hampers the creation of general optimization and simulation

models. Arias et al. (2018) provides process cubes as a possible useful representation of resource profiles.

Analyzing resource performance based on their performance during processes opens the possibility of
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process optimization by optimizing the usage of resources instead of only optimizing the control flow.

Challenge: The necessity for a standardized resource data structure accounts mainly for cases in which

the required data is available or is actively recorded for all resources. Other research, such as Lin, Fan,

Loiacono (2004) and Havur, Cabanillas, Mendling, et al. (2016), focuses on how to deal with missing re-

source data and uses the differentiation into pooled (grouped) resources and individual resources. While

López-Pintado, Dumas (2022) show, that an individual representation can lead to improved resource al-

location, a pooling of resources can be used to account for missing data. The six approaches that propose

and evaluate a hybrid format between pooled resource representation and individual resource represen-

tation pioneer a promising path for future work. In Lin, Fan, Loiacono (2004) and Havur, Cabanillas,

Mendling, et al. (2016), resources can be modeled both individually or as part of a resource pool. In

terms of performance measures, if no individual record is available for a resource, the aggregated record

of resources with the same role in a pool can be used to describe the expected performance of an individ-

ual resource. Further, Lin, Fan, Loiacono (2004) argue that the introduced scheduling model can better

adapt to parallel machine scheduling problems by creating this hybrid modeling approach.

Research Direction: Dealing with missing data for individual resources is a problem when using re-

source data for optimization, not only in BPM applications. Lin, Fan, Loiacono (2004) propose hybrid

approaches combining individual and pooled resource data to create this missing data. In turn, more data

for advanced optimization techniques is available.

4.4 Solution techniques

Challenge: Current approaches often do not model stochastic properties sufficiently, due to two reasons.

Firstly, the set of tasks required for finishing a process instance is often assumed to be known upfront.

Model-induced uncertainty, e.g., due to exclusive choices, is often not considered. Secondly, task dura-

tions are often assumed to be deterministic, and solution methods work only with their expected values.

As real-life problems often have stochastic properties and uncertainties, it appears worth exploring the

potential for applying stochastic optimization methods. Currently, only approaches that use simulation-

optimization (meta-heuristic) techniques have considered stochastic task durations. Whether finding

optimal solutions, e.g., via stochastic linear programming, can practically be applied is questionable, as

incorporating stochastic properties into the problem formulation will likely increase the problem com-

plexity. As, e.g., the benchmarking results from Havur, Cabanillas, Polleres, 2022 revealed that solving a

deterministic scheduling problem for a process instance with 64 activities and 32 resources could already

not finish within 2 hours of time, one can expect that for a stochastic formulation only small problem

types will be solvable in a feasible amount of time. Recent advancements in deep reinforcement learn-

ing have shown remarkable results for different kinds of optimization problems (Y Li, 2018). Future

work could explore how deep reinforcement learning approaches can be applied to solve optimization

problems in the context of business process management.

Research Direction: Stochastic approaches better represent real-world scenarios but can often not be

solved sufficiently. Deep reinforcement learning could be employed to change this (Y Li, 2018). Pro-

cess models model uncertainty explicitly by using XOR-Gateways. How this modeling can be used

to further improve stochastic approaches should be researched. A process focus can help improve the
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reinforcement learning approaches, especially for scheduling problems.

5 Related work

Multiple surveys have focused on the topic of business process optimization (Kubrak et al., 2022; Pufahl,

Ihde, et al., 2021) taking a specific method from BPM and analyzing how it has been used to improve

business processes. This SLR offers a broader scope in terms of optimization techniques since it is not

limited to approaches prevalent in the BPM world. By incorporating OR into the research questions,

the optimization-driven research area of OR as a whole is analyzed for possible optimization approaches

that could advance automated business process optimization in the future. In the following, we discuss

further research directions that are related but beyond the scope of this SLR.

5.1 Prescriptive Process Monitoring

Optimizing business processes based on previously obtained process traces has also been addressed

through prescriptive process monitoring. Prescriptive process monitoring is defined as “a family of

techniques to optimize the performance of a business process by triggering interventions at runtime.”

(Shoush, Dumas, 2022). Kubrak et al. (2022) identified that predictive process mining methods can

be categorized into two optimization objectives, i.e., optimizing the probability of a positive process

outcome (categorical outcome), and optimizing the process efficiency (temporal outcome), e.g., cycling

time. They further found that prescriptions could either relate to the control flow perspective, e.g., which

task to execute next, or to the resource perspective, e.g., which resource to choose from the pool of possi-

ble resources to execute a task. In contrast to our work, the review only focuses on optimization affecting

process enactment but does not consider any optimization affecting the design phase at all. Further, it

focuses on the BPM field and does not consider the combination with OR optimization approaches.

5.2 Resource allocation

Resource allocation strategies for business processes during the enactment phase have been surveyed in

Pufahl, Ihde, et al. (2021). They distinguish between approaches that use a process model or process data

as input for allocation decisions. The majority of the results show that the most common resource allo-

cation strategies are based on either simple, non-learnable decision rules or machine learning approaches

such as genetic algorithms. Non-learnable decision rule approaches concentrate mainly on selecting the

best-fitting task-resource matching. Only a few works solve allocation problems with the use of linear

programming. The strict focus on resource allocation in the survey emphasizes the importance of re-

sources for business process optimization. Yet, important factors for resource allocation, such as the

used modeling of resources, have been excluded. As we have shown in this SLR, automated business

process improvement can be achieved through multiple different optimization approaches, and thus, a

narrow focus purely on resource allocation algorithms is not sufficient to cover the topic.
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5.3 Scientific, grid and cloud computing

Workflow technologies have also found applications to conduct large-scale scientific calculations. In this

field workflows are also known as “scientific workflows”. Computing scientific workflows by means of

distributed computers has been a subject of the grid- and cloud-computing disciplines. Grid computing

is a term from the 90s from which cloud computing has emerged when new technologies have raised

different questions (Foster et al., 2008). Workflows in grid and cloud computing often also use more

advanced workflow patterns than only directed acyclic graphs, such as choices or loops (Yu, Buyya,

2005). The disciplines are also concerned with optimizing the execution of the workflows, such as allo-

cating workflow instances or tasks to optimal resources (Yu, Buyya, 2005). Barker, Hemert, 2008 point

out that while business and scientific workflows “began from the same ground”, “they each have their

own domain-specific requirements, and therefore need separate consideration”. While cloud computing

typically only considers computing resources such as VMs (J Liu, Lu, Che, 2020), BPM has a wider

perception of resources including, i.a., process participants, software systems, and equipment (Dumas

et al., 2018) that might unveil behavior to be considered during optimization.

6 Discussion and Conclusion

We have analyzed publications that show how a combination of BPM and OR can enable the automatic

optimization of business processes. By deriving our research questions and review protocol from the

integrated model that was designed in advance (see Figure 1), we are able to draw a holistic picture of

the current state of research at the intersection of these two optimization focused research fields.

6.1 Discussion and Limitations

The survey aims to illuminate how research has combined techniques from BPM and OR and identifies

research gaps and potentials for future research. Despite a careful study design, the results are exposed

to several limitations:

1. BPM and OR are both wide fields with rather specific terms that were not explicitly part of the

search strings. Laengle et al. (2017), for example, list the top 40 keywords used in the European

Journal of Operations Research. However, as using all keywords was not feasible for this research,

this study is limited to a subset that the authors deemed most relevant.

2. The identified research gaps are derived from the analyzed publications, i.e., must have been stated

in one of the publications.

3. The field of cloud computing has intensively applied workflow management technologies. Some

optimization approaches in this field might be applicable to business process management. How-

ever, due to the size of the research field and the potentially bias to be introduced by that, the

authors decided to exclude the field. Future research might investigate whether optimization tech-

niques from cloud computing can be applied to business processes.
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6.2 Conclusion

This work analyzes existing research at the intersection of OR and BPM. By resolving RQ1–RQ3,

we examined the range of optimization purposes addressed in existing literature, how business process

models and event logs have been conceptualized as mathematical models, and which solution techniques

have been applied for finding optimal or near-optimal solutions. We derived the findings by addressing

each research question individually. Further, we identified open research gaps for future work.

RQ1: Which optimization purposes are addressed when techniques from OR are applied to business

processes? Existing works address optimization problems in either the design or enactment phase, with

the majority addressing the enactment phase and, in particular, resource allocation and scheduling prob-

lems. No approach has yet investigated a holistic approach concerned with both phases, mutual goals of

both phases, even or contradictory objectives. Furthermore, most works focus on a single optimization

objective. Future work should consider multi-objective optimization from all life-cycle phases.

RQ2: How are business processes modeled or mined for the application of OR techniques? Important

information from process models or event logs is often disregarded when constructing an optimization

model. Results show that in the control flow perspective, most works do not consider complex workflow

patterns, such as the exclusive choice pattern. From the resource perspective, information on the effect

of resources on the execution performance of tasks or processes is often missing. While the event log

is mostly used to structure control-flow data, no such consensus is found for the resource and data per-

spective. To combine several perspectives into one model a standardized data structure could be helpful.

This can also enable the automatic generation of simulation models, which can help to optimize business

processes from several perspectives.

RQ3: Which optimization techniques are used to optimize business processes? Optimization techniques

strongly depend on their mathematical model. As many approaches set up simplified mathematical

models, optimal solution techniques have been widely used. However, as simple models often neglect

implications from the control flow, resource, and data perspective, solving larger, more holistic models

with optimal algorithms is infeasible. Future approaches should use solution techniques that can be

applied to more complicated models that entail information from all process perspectives and work with

the stochastic nature of problems. An automatic transformation from a process model and possible

additional process perspectives into an e.g. optimization model for scheduling could help bridge this gap

between process and optimization model. Applying deep neural networks for prediction and decision-

making might be a promising research field that has mostly been neglected in the surveyed publications.

This SLR identified important research gaps for the combination of OR and BPM. While the scope

of OR is on optimizing specific mathematical problems, business process optimization thrives to enable

the application of optimization approaches to general process models. This SLR shows that a better

specification of the interface between OR and BPM is required. BPM-driven data models try to reflect

the real world in as much detail as possible. Solution techniques from OR need abstracted data to find

(optimal) solutions in a reasonable time. We see the design of dynamic systems that can leverage a

continuous interplay of optimization algorithms and active BPM to achieve performance improvement

as the core challenge when it comes to achieving automatic business process optimization. This study

22



provides an overview of the current state of the art. The identified research gaps point to areas that must

be addressed to achieve this goal.
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