
Pattern-based Action Engine: Generating Process

Management Actions Using Temporal Patterns of

Process-centric Problems

Gyunam Parka,∗, Daniel Schusterb, Wil M. P. van der Aalsta

aProcess and Data Science Group (PADS), RWTH Aachen University, Ahornstr.
55, Aachen, 52074, Nordrhein-Westfalen, Germany

bFraunhofer FIT, Schloss Birlinghoven, Konrad-Adenauer-Str., Sankt
Augustin, 53757, Nordrhein-Westfalen, Germany

Abstract

As business environments become more competitive, organizations strive to
improve their business processes to reduce costs and increase quality and pro-
ductivity. As process improvement traditionally embraces manual creative
tasks that are time-consuming and labor-intensive, the need for automating
it arises. Action-Oriented Process Mining (AOPM) aims to support auto-
mated process improvement by leveraging various process mining techniques.
To that end, AOPM first monitors the presence of operational constraints,
i.e., operational problems, in business processes, e.g., a high waiting time for
patients to register. Next, it produces interim management actions designed
to address these transient problems by analyzing the monitoring results. For
instance, if an excessive waiting time persists for more than a week, the
system might recommend dispatching additional resources for the upcoming
week. Contrary to the mature process mining support for monitoring op-
erational constraints, the action part is typically missing in today’s process
mining tools. In this work, we propose an action engine to support the au-
tomatic generation of actions. It analyzes temporal patterns of monitoring
results and produces action plans that describe the execution of management
actions. We have demonstrated a use case using the data of a Dutch finan-
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cial institute to evaluate the feasibility of the proposed action engine and
conducted experiments to evaluate its effectiveness.

Keywords: Process Mining, Action-Oriented Process Mining, Process
Improvement, Temporal Pattern Mining, Action Planning

1. Introduction1

Organizations have endeavored to improve their business processes using2

various approaches. Business process reengineering aims to systematically3

manage process improvements by making changes in people, processes, and4

technology. Hammer [1] provided a collection of principles for improving5

business processes derived from case studies of successful business processes.6

Business process redesign focuses on more neutral changes in terms of size7

and pace of changes. Reijers et al. [2] propose a framework for business pro-8

cess redesign and 29 best practices based on the framework. Six Sigma/Lean9

Management aims to focus on identifying process problems and then elimi-10

nating them. Whereas Six Sigma identifies process problems by monitoring11

deviations in a number of process performance measures [3], Lean Manage-12

ment identifies process problems by analyzing various “wastes” [4].13

Such efforts to improve business processes commonly require manual ac-14

tivities that are time-consuming, expensive, and labor-intensive [5]. Beer-15

repoot et al. [6] enlist automating business process improvements as one of16

“the biggest business process management problems to solve before we die”.17

The goal is to incorporate process improvement as a part of daily business18

and incrementally improve processes with increasing degrees of autonomy.19

Action-Oriented Process Mining (AOPM) aims to achieve automated and20

continuous process improvement by leveraging process mining techniques [7].21

Process mining provides a wide range of techniques both for backward-22

looking (e.g., finding a bottleneck in a process) and forward-looking insights23

(e.g., predicting a bottleneck). Backward-looking process mining techniques24

include process discovery, conformance checking, and performance analysis,25

whereas forward-looking process mining techniques include deviation detec-26

tion, prediction, and recommendation [8].27

The framework for AOPM embodies two major functional components28

to automatically generate process management actions [9]. First, constraint29

monitoring analyzes event data to evaluate the presence of various opera-30

tional constraints in business processes. An operational constraint in business31

2



Figure 1: (a) Examples of operational constraints (i.e., operational problems) and
actions in an O2C process, (b) Existing action engines analyzing operational con-
straints as temporally independent and point-based data and producing conflicting
action plans, (c) Our proposed action engine analyzing operational constraints as
temporally dependent and interval-based data and producing conflict-free action
plans

processes represents an operational problem. For instance, an Order-To-Cash32

(O2C) process may have the operational constraints shown in Figure 1(a):33

C1, C2, and C3. The insights from backward-looking process mining tech-34

niques can be used to elicit such operational constraints to monitor, and35

various backward-looking and forward-looking monitoring techniques can be36
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used to track the (potential) presence of such operational constraints. Sec-37

ond, an action engine analyzes the monitoring results and generates neces-38

sary management actions. For instance, consider actions A1, A2, and A339

depicted in Figure 1(a) to mitigate the risk caused by the presence of oper-40

ational constraints.41

In contrast to extensive support for constraint monitoring, an action en-42

gine is missing in most of today’s process mining tools. Celonis Action Engine43

is one of the few examples implementing action-oriented process mining [10].44

Based on a trigger-action programming model [11], the action engine gener-45

ates triggering signals by analyzing the event data and executes the actions46

corresponding to these signals to the source system. For instance, as shown47

in Figure 1(b), it analyzes the presence of operational constraint C2 and, if48

so, triggers action A1 and A2 for 3 days. In [9], the cube-based action engine49

is proposed to use multi-dimensional queries to analyze the aggregated value,50

e.g., if C1 occurs more than once a week, then trigger actions.51

The existing approaches have two limitations. First, they consider opera-52

tional constraints as temporally independent and point-based data, analyzing53

relatively simple patterns, e.g., the mere presence of operational constraints.54

However, in reality, operational constraints are 1) temporally dependent, e.g.,55

C1 is followed by C2, and 2) interval-based, e.g., C1 is present from 1.Feb.56

to 2.Feb. By analyzing operational constraints as temporally dependent and57

interval-based data, we enhance an action engine to analyze the temporal58

pattern of operational constraints, as shown in Figure 1(c). Second, the ex-59

isting approaches consider actions as being conflict-free. However, in reality,60

actions may have conflicts, i.e., some actions cannot be executed simultane-61

ously. For instance, A2 and A3 may have conflicts, i.e., adding more staff to62

support price changes cannot be simultaneously executed with disabling the63

activity.64

In this work, we propose a pattern-based action engine consisting of three65

phases. First, we design action graphs that are graphical notations to specify66

how to analyze temporal patterns of operational constraints and how to gen-67

erate the corresponding actions, using, e.g., domain knowledge. Next, based68

on the action graphs, we generate actions by analyzing constraint instances,69

i.e., the record of constraint monitoring. Finally, we plan the generated ac-70

tions by considering possible conflicts between the actions. We evaluate the71

feasibility of the proposed action engine using a real-life loan application72

process of a Dutch financial institute. Moreover, we conduct experiments to73

evaluate the scalability and performance of the action engine.74
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The remainder is organized as follows. We present related work in Sec-75

tion 2. Next, we explain preliminaries in Section 3. Afterward, we present76

the proposed action engine in Section 4. Section 5 presents the evaluation77

of the proposed approach. Finally, Section 6 discusses the implication and78

limitations of the proposed approach, and Section 7 concludes this paper.79

2. Related Work80

This section presents the related work in business process reengineering81

& redesign, and action-oriented process mining. Furthermore, we introduce82

several approaches to analyzing temporal patterns of interval-based data.83

Finally, we present literature on process improvement actions to introduce84

various available management actions that can incrementally improve busi-85

ness processes.86

2.1. Business Process Reengineering and Redesign87

The drive to improve business processes is an ongoing pursuit [12]. Busi-88

ness process engineering, an early systematic approach to this endeavor, aims89

for transformational changes across people, processes, and technology [1]. It90

aspires to radically restructure an organization’s existing processes, aiming91

for significant improvements in performance, efficiency, and effectiveness.92

In contrast, business process redesign places emphasis on more moderate93

adjustments, with a focus on refining existing processes rather than complete94

transformation [13]. Reijers et al. [2] offer a comprehensive framework for95

business process redesign, highlighting six key elements to consider during96

redesign efforts. Based on these elements, the authors share 29 best practices97

for process redesign, derived from case studies and expert opinions. Fehrer98

et al. [14] suggest a tool, Assisted Business Process Redesign (ABPR), to99

streamline the redesign process. As a data-driven, iterative approach, ABPR100

targets specific performance objectives. It delivers four tiers of recommen-101

dations, with each tier increasing in domain and use case specificity. The102

proposed reference architecture serves as a template for new instantiations,103

addressing the current void in available tools.104

2.2. Action-Oriented Process Mining105

Recent developments suggest various methods for producing prescriptive106

actions based on predicted performance and risk of process instances. Kubrak107
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et al. [15] suggest a comprehensive framework to categorize prescriptive pro-108

cess monitoring techniques. One of the core dimensions of this framework109

is the objective, which classifies techniques into two main categories: those110

focused on reducing negative outcomes, such as defect rates, and those aim-111

ing to optimize a specific performance metric, like cycle time. For example,112

the work of Conforti et al.[16] fits into the first category with its goal of113

minimizing risks in ongoing process instances. Conversely, the method by114

Bozorgi et al. [17] aligns with the second category, aiming to optimize the115

cycle time of processes. Another key dimension in the framework is type of116

actions prescribed to meet the objectives. This dimension identifies three117

primary types of actions: resource allocation, control flow adjustments, and118

alarm generation. For example, Conforti et al.[16] deploy techniques that119

generate actions concerning resource allocation. Their approach predicts the120

risk levels of running process instances and then optimizes resource allo-121

cations based on these predictions. Similarly, Weinzierl et al.[18] focus on122

control flow adjustments by recommending the next best activities based on123

key performance indicators. Lastly, Fahrenkrog-Petersen et al. [19] belong to124

the alarm generation category, as their approach aims to produce alarms for125

predicted problematic instances. Their method further employs a cost model126

to optimize these alarms, thereby capturing the trade-offs between different127

types of alarms.128

Celonis Action Engine [10], a part of Celonis Execution Management129

System (EMS), is a representative effort to achieve the goal of action-oriented130

process mining, i.e., turning diagnostics into actions. It analyzes event data131

to produce signals and execute necessary actions to source systems based132

on the signals. In [9], a systematic framework for action-oriented process133

mining is suggested to transform event data into process-centric diagnostics134

and the diagnostics into needed management actions instead of generating135

actions in an ad-hoc manner. Moreover, the authors propose a cube-based136

action engine to enable multi-dimensional queries to analyze the aggregated137

value and trigger the corresponding action.138

Existing approaches in action-oriented process mining, however, consider139

operational constraints as temporally independent and point-based data, gen-140

erating actions based on relatively simple occurrence rules (cf. Figure 1).141

Moreover, they do not consider possible conflicts between actions that are142

prevalent in reality when triggering the generated actions. This paper tackles143

this research gap by proposing a pattern-based action engine to analyze com-144

plex temporal patterns of operational constraints and produce conflict-free145
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actions by considering possible conflicts between the actions. Additionally, in146

contrast to existing prescriptive process monitoring techniques that focus on147

individual process instances, our proposed action engine operates at the pro-148

cess level, tackling operational constraints across multiple process instances.149

2.3. Temporal Pattern Mining150

Operational constraints within business processes often manifest as tem-151

poral patterns that indicate problematic situations requiring actions. Do-152

main experts, knowledgeable in their specific processes, are typically respon-153

sible for defining these patterns. However, this task may be challenging154

given the complexity of operational constraints in business processes. One155

potential solution is the automation of temporal pattern discovery from the156

historical record of constraint monitoring, thereby facilitating the identifi-157

cation and characterization of these problematic situations. This is where158

temporal pattern mining, a relatively young research field, plays a role.159

Temporal pattern mining aims to analyze temporal patterns in symbolic160

time intervals, also known as interval-based data. Villafane et al. [20] pro-161

pose an initial approach to analyze containments of time intervals in multi-162

symbolic time interval series. Kam and Fu [21] use Allen’s temporal rela-163

tions [22] to compose frequent temporal patterns, called A1 patterns. An A1164

pattern represents the temporal relation between an existing temporal pat-165

tern and the next symbolic time interval. However, the temporal relations166

among the time intervals in A1 patterns are ambiguous since the temporal167

relations are defined only among the pairs of successive intervals [21]. Höpp-168

ner [23] presents a nonambiguous representation of temporal patterns by a169

k2 matrix representing all of the pair-wise relations within a k-sized Time170

Intervals Related Pattern (TIRP). Later, the representation was simplified to171

the sequence of symbolic time intervals and the conjunction of the pair-wise172

temporal relations among time intervals by removing redundant temporal173

relations, i.e., the inverse of Allen’s temporal relations [22].174

Papapetrou et al. [24] propose two approaches for generating TIRP trees:175

Breath First Search (BFS)-based and Depth First Search (DFS)-based ap-176

proaches. The former enumerates the node at each level before proceeding177

to the next level, whereas the latter enumerates each path up to the leaves178

as a greedy approach. Moreover, they present a hybrid approach that com-179

bines both approaches based on the Sequential Pattern Mining Algorithm180

(SPAM) [25] mining method. Moskovitch et al. [26] propose the KarmaLego181
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algorithm that efficiently generates candidate TIRPs by exploiting the tran-182

sitivity property of temporal relations. Harel and Moskovitch [27] suggest183

TIRPClo to efficiently discover the complete set of frequent closed TIRPs,184

i.e., a compact subset of all the frequent TIRPs, from which their complete185

information can be revealed.186

Wu and Chen [28] propose TPrefixSpan for mining nonambiguous tem-187

poral patterns from interval-based events by adopting a sequential mining188

algorithm PrefixSpan [29]. The proposed approach represents each time in-189

terval as a start-time event and an end-time event and discovers frequent190

sequences of the start-time and end-time events.191

In [30], the authors introduce concurrency-aware process execution vari-192

ants that account for time interval data of activities. As these variants repre-193

sent a tree structure, frequent patterns can be mined using frequent subtree194

mining approaches, such as [31, 32]. The process mining tool Cortado [33]195

features frequent pattern mining from concurrency-aware process execution196

variants.197

In this work, we use Cortado [33] in the evaluation of our proposed action198

engine. By exploiting the tailored approach to analyze business processes, we199

discover frequent temporal patterns of operational constraints and identify200

relevant problems to tackle with actions generated by our proposed action201

engine. In particular, the tool supports the discovery of temporal patterns in202

a binary tree structure that facilitates the interpretation by domain experts.203

Moreover, the tool is publicly available, ensuring the reproducibility of our204

evaluation results.205

2.4. Process Management Actions206

In this work, we conceptualize an action as a change in Process-Aware207

Information Systems (PAISs) that include ERP (Enterprise Resource Plan-208

ning), CRM (Customer Relationship Management), WFM (Workflow Man-209

agement Systems), and BPMS (Business Process Management Systems) [34].210

In contrast to data- or function-centered information systems, PAISs are211

characterized by a strict separation of process logic and application code.212

The process logic dictates the order and conditions for the execution of var-213

ious activities within a process, e.g., order confirmations only after order214

payments. The application code includes business logic, user interface, data215

manipulation, computations, interactions with other systems, etc. Exam-216

ples include calculating the total cost of items in an order, processing user217
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authentication, communicating with the payment gateway to process the218

transaction, and updating the database.219

An action corresponds to a change in the process logic or the applica-220

tion code. In the following, we explain actions in process logic and ones in221

application code.222

2.4.1. Actions in Process Logic223

Several approaches have been proposed to change the process logic of224

PAISs: process redesign, process configuration, and process adaptation. The225

process logic of PAISs is often described by explicit process models, e.g.,226

Workflow Nets [35] and Business Process Model and Notation (BPMN) [36].227

Such a process model prespecifies activities to be executed, their control228

flow dependencies, the organizational entities performing the activities, the229

data objects manipulated by them, and the software applications (e.g., order230

management systems) needed. Based on a process model, process instances231

can be created at run-time, each representing a concrete business case (e.g.,232

an order by customer Adams). Process redesign aims to improve business233

processes by modifying process models at design time and, thus, influencing234

the process instances created at run-time by the model. Control flow patterns235

are used to modify process models, e.g., by enumerating different alternatives236

in the process model or by allowing activities to be executed in parallel [37].237

However, it would be too costly for organizations to design and imple-238

ment standardized business processes from scratch. For these reasons, there239

is a great interest in capturing common process knowledge only once and240

using it in terms of reference process models (reference processes for short).241

Process configuration aims to design a reference process model capturing242

the behavior of all process variants; i.e., a reference process model merges a243

multitude of process variants into one configurable model capturing both the244

commonalities and the differences of the process variants [38]. In such a refer-245

ence process model, variation points are represented in terms of configurable246

nodes and edges [38]. By configuring these, the behavior of the reference247

process model can be customized to the given context. Modeling languages248

supporting this approach include Configurable Event-driven Process Chains249

(C-EPC) [39] and C-YAWL [40].250

A business process cannot always be executed in accordance with process251

models at design time due to emerging exceptions or special situations [41].252

Hence, authorized users should be allowed to situationally adapt single pro-253

cess instances during run-time to cope with unanticipated exceptions, e.g., by254
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inserting, deleting, or moving activities. Process adaptations aim to support255

such ad hoc deviations from a designed process model while ensuring PAIS ro-256

bustness to end-users. Reichert and Dadam [42] present an approach for the257

support of dynamic structural changes of running process instances. Based258

upon a formal model called ADEPT, they define a complete and minimal set259

of change operations called ADEPTflex, which support users in modifying260

the structure of a running process model while maintaining its structural261

correctness and consistency. Weber et al. [43] suggest 18 change patterns262

independent of concrete implementations and constitute solutions to typical263

changes. They enable structural changes of process models at a high level264

of abstraction, e.g., by adding, deleting, or moving activities and process265

fragments, respectively. Furthermore, adaptation patterns can be applied at266

both the process type and the process instance level.267

2.4.2. Actions in Application Code268

Some approaches focus on revising the application code, specifically the269

business rules governing the functionality of individual activities, in order to270

enhance business processes. In the realm of software engineering, such mod-271

ification initiatives fall under the category of maintenance [44]. A widely272

accepted classification of software maintenance identifies 12 types, including273

training, consultive, evaluative, reformative, updative, groomative, preven-274

tive, performance, adaptive, reductive, corrective, and enhancive [45].275

Among these, enhancive maintenance activities stand out for their focus276

on changing business rules to extend or restrict the software’s functionality277

and accessibility. These amendments can involve the addition, elimination,278

or modification of business rules that dictate the functioning of specific ac-279

tivities within the application. For instance, Wermelinger et al. [46] propose280

a framework that permits users to define multiple business rules based on281

predetermined parameters, thereby enabling the adaptation of these rules in282

response to changing business needs.283

Similarly, Charifi and Mezini [47] suggest an approach that divides a284

process into a core part and a business rule part. This division modularizes285

the business rule segment, enabling it to exist and evolve independently.286

They achieved this by implementing the business rules as aspects using the287

BPEL extension AO4BPEL, which can be dynamically (un)deployed during288

the process interpretation stage.289

In summary, various approaches have been proposed in the literature to290

define actions as changes in PAISs. In this work, we aim to develop a pattern-291
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based action engine that plans such actions by analyzing temporal patterns292

of operational constraints and resolving conflicts among such actions. The293

definition of actions is outside the scope of this paper.294

3. Background295

As depicted in Figure 1, this work considers operational constraints as296

temporally dependent and interval-based data, called constraint instances.297

By analyzing temporal relations of such constraint instances, we produce298

action plans that describe which actions should be executed and how they299

should be scheduled to avoid conflicts. In the following, we formally introduce300

the constraint instances, temporal relations, and action plans.301

3.1. Constraint Instances302

An operational constraint in business processes represents an operational303

problem, e.g., the high frequency of “change price” in an O2C process (cf.304

C1 depicted in Figure 1(a)). Such constraints may occur in a time window.305

A time window describes the period between a start and an end timestamp.306

Definition 1 (Time Window). Let Utime be the totally ordered set of all307

possible timestamps. Utw = {(ts, te) ∈ Utime × Utime | ts < te} is the set308

of all possible time windows. For any tw = (ts, te) ∈ Utw , πst(tw) = ts309

and πet(tw) = te. For any two time windows tw1, tw2 ∈ Utw , tw1 ∪ tw2 =310

(min({πst(tw1), πst(tw2)}),max({πet(tw1), πet(tw2)})).311

For instance, tw1 = (2023-01-01 00:00:00, 2023-01-08 00:00:00) is a time window312

where πst(tw1) = 2023-01-01 00:00:00 and πet(tw1) = 2023-01-08 00:00:00. For tw1313

and tw2 = (2023-01-08 00:00:00, 2023-01-15 00:00:00), tw1 ∪ tw2 = (2023-01-01 00:00:00,314

2023-01-15 00:00:00).315

A constraint instance refers to the presence of an operational constraint316

during a specific time window, e.g., the presence of operational constraint C1317

in Figure 1(a) from 2023-01-01 to 2023-01-08.318

Definition 2 (Constraint Instance). Let Ucn be the universe of opera-319

tional constraint names. Uci = Ucn × Utw is the universe of constraint in-320

stances. For ci = (cn, tw) ∈ Uci , πcn(ci) = cn and πtw(ci) = tw.321
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For instance, (C1, tw1) ∈ Uci denotes a constraint instance representing the322

presence of operational constraint C1 during time window tw1.323

Figure 2 shows a set of constraint instances, CI1 = {ci1, . . . , ci4} ⊆ Uci .324

For instance, ci1 = (C1, (t1, t3)) denotes a constraint instance representing325

the presence of operational constraint C1 from t1 to t3.326

Figure 2: Examples of constraint instances, CI1 = {ci1, . . . , ci4} ⊆ Uci .

3.2. Temporal Relations327

A temporal relation indicates a relation between two time windows, e.g.,328

a time window overlaps with the other time window.329

Definition 3 (Temporal Relations). Rel ⊆ Utw × Utw is a temporal re-330

lation. We denote R to be the set of all possible temporal relations. Any331

two time windows belong to exactly one relation, i.e., ∀(tw1,tw2)∈Utw×Utw∃Rel∈R332

∀Rel′∈R\{Rel} (tw1, tw2) ∈ Rel ∧ (tw1, tw2) /∈ Rel′.333

Allen [22] suggests 13 temporal relations as shown in Figure 3. For in-334

stance, before ∈ R is a temporal relation describing that a time window335

is before the other time window, i.e., before = {(tw1, tw2) ∈ Utw × Utw |336

πet(tw1) < πst(tw2)}. Moreover, overlaps ∈ R is a temporal relation describ-337

ing that a time window overlaps with the other time window, i.e., overlaps =338

{(tw1, tw2) ∈ Utw × Utw | πst(tw1) < πst(tw2) < πet(tw1) < πet(tw2)}.339

Any two constraint instances have exactly one temporal relation. For ex-340

ample, ci1 = (C1, (t1, t3)) is before ci3 = (C1, (t4, t6)) as ((t1, t3), (t4, t6)) ∈341

before. Moreover, ci1 = (C1, (t1, t3)) overlaps with ci2 = (C2, (t2, t5)) as342

((t1, t3), (t2, t5)) ∈ overlaps . We analyze such temporal relations to produce343

action plans.344
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Figure 3: Allen’s temporal relations between two time windows

3.3. Action Plans345

An action plan describes the execution of actions (e.g., A1 is executed346

from 6. Feb.2023 to 8. Feb.2023 and A3 is executed from 8. Feb.2023 to 11. Feb.2023).347

We deliberately abstract from specific definitions of actions, denoting Uaction348

as the collection of actions introduced in Subsection 2.4.349

Definition 4 (Action Plan). Let Uaction be the universe of actions. AP ⊆350

Uaction × Utw is an action plan. We denote UAP to be the set of all possible351

action plans.352

For example, Figure 4 shows an action plan, AP1 = {(A1, (t11, t12)), (A2,353

t11, t12)), (A3, (t8, t10))}, specifying that A3 should be executed from t8 to354

t10, while A1 and A2 should be performed from t10 to t12.355

In the following, we explain how a pattern-based action engine produces356

such action plans by analyzing temporal relations inherent in constraint in-357

stances.358

4. Pattern-based Action Engine359

This section introduces a pattern-based action engine. Figure 5 provides360

an overview of the proposed approach, which is composed of three phases.361
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Figure 4: An example of action plans, AP1.

First, domain experts design action graphs. These are graphical notations362

that specify how to analyze temporal patterns of operational constraints and363

subsequently generate appropriate actions. Each action graph is constituted364

by temporal pattern trees and actions. A temporal pattern tree represents the365

specific temporal pattern of operatioanl constraints being addressed, while366

an action represents the corrective measure undertaken in response to that367

pattern. Subsequently, the pattern-based action engine generates action re-368

quirements by analyzing constraint instances using the action graphs. An369

action requirement describes requisite actions, along with their duration.370

Lastly, the pattern-based action engine formulates action plans by schedul-371

ing the requisite actions while taking into account the duration and action372

conflicts.373

Figure 5: Overview of the proposed pattern-based action engine

4.1. Designing Action Graphs374

In this work, we use temporal pattern trees to represent temporal relations375

among a variable number of operational constraints. Leaves represent oper-376

ational constraints, and inner nodes represent temporal relations between377

their subtrees.378

Definition 5 (Temporal Pattern Tree Syntax). A temporal pattern tree379

pt = (V,E, λ, r) consists of a totally ordered set of nodes V , a set of edges380

E ⊆ V × V , a labeling function λ ∈ V → Ucn ∪R, and a root node r ∈ V .381
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• ({v}, ∅, λ, v) with λ(v) ∈ Ucn is a temporal pattern tree.382

• Given two different temporal trees pt1 = (V1, E1, λ3, r1) and pt2 =383

(V2, E2, λ2, r2) with r /∈ V1 ∪ V2, pt = (V,E, λ, r) is a temporal pat-384

tern tree such that385

– V = V1 ∪ V2 ∪ {r}386

– E = E1 ∪ E2 ∪ {(r, r1), (r, r2)}387

– λ(v) = λi(v) for any i ∈ {1, 2} and v ∈ Vi388

– λ(r) ∈ R389

Upt denotes the set of all possible temporal pattern trees.390

Figure 6 shows a temporal pattern tree pt0. The tree describes that C1 “a391

high frequency of change price” happens during C3 “a high avg. throughput392

time of orders”. This pattern of C1 and C3 overlaps with C2 “a high avg.393

sojourn time of change price”.394

Figure 6: An example temporal pattern tree pt0 =
({n0, n1.1, n1.2, n2.1, n2.2}, {(n0, n1.1), . . . , (n1.1, n2.2)}, λ0, n0) with λ0(n0) =
overlaps, . . . , λ0(n2.2) = C3, where C1 denotes a high frequency of “change price”,
C2 denotes a high avg. sojourn time of “price change”, and C3 denotes a high
avg. throughput time of orders (cf. Figure 1(a)).

Note that every temporal relation (inner node) has exactly two chil-395

dren. Next to the graphical representation, any temporal pattern tree can396

be textually represented because of its totally ordered node set, e.g., pt0 =∧397

overlaps(during(C1,C3),C2).398
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For a tree pt = (V,E, λ, r), L(pt) = {v ∈ V | ∄v′∈V (v, v′) ∈ E} denotes
its leaf nodes. Assuming that for each node, the left child appears first in the
order, we define the left child of a node v ∈ V as:

lc(pt, v) =

{
w if (v, w) ∈ E ∧ ∄u∈V,u<w (v, u) ∈ E

∅ otherwise.

Then, assuming that E+ denotes the transitive closure E, the leaf nodes399

of the left child of a vertex v ∈ V are defined as follows:400

LL(pt, v) =

{
{w ∈ V |(lc(pt, v), w) ∈ E+ ∧ ∄u∈V (w, u) ∈ E} if lc(v) ̸= ∅
∅ otherwise.

For instance, lc(pt0, n0) = n1.1 and LL(pt0, n0) = {n2.1, n2.2}. We define401

RL(pt, v) to be the leaf nodes of the right child of v ∈ V in the same manner.402

We define the semantics of temporal pattern trees in relation to a set of403

constraint instances with the notion of occurrences.404

Definition 6 (Temporal Pattern Tree Semantics). Let pt = (V,E, λ, r)405

∈ Upt be a temporal pattern tree. Let CI ⊆ Uci be a set of constraint in-406

stances. The function occurs(pt, CI) = true if there is an injective mapping407

µ ∈ L(pt)→ CI such that408

• ∀v∈L(pt) λ(v) = πcn(µ(v)) and409

• ∀v∈V \L(pt)

( ⋃
v′∈LL(pt,v)

πtw(µ(v
′)),

⋃
v′∈RL(pt,v)

πtw(µ(v
′))
)
∈ λ(v).410

Otherwise, occurs(pt, CI) = false.411

Figure 7 shows an example of an injective mapping µ1 that demonstrates412

that occurs(pt0, CI1) = true. Formally, µ1 = {(n2,1, ci3), (n2.2, ci4), (n1.2, ci2)}413

such that414

• λ(n2.1) = πcn(ci3) = C1, λ(n2.2) = πcn(ci4) = C3, λ(n1.2) = πcn(ci2) =415

C2,416

• (πtw(ci3), πtw(ci4)) ∈ during , and417

• (πtw(ci3) ∪ πtw(ci4), πtw(ci2)) ∈ overlaps .418
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Figure 7: (a) Temporal pattern tree pt0 (cf. Figure 6), (b) Set of constraint
instances CI1 (cf. Figure 2), and (c) An injective mapping demonstrating that the
temporal pattern tree occurs in the set of constraint instances.

An action graph is a graphical notation to formally represent 1) how419

to analyze constraint instances using temporal pattern trees and 2) how to420

trigger actions. It consists of two types of nodes, i.e., temporal pattern421

trees and actions, and edges connecting the nodes (cf. Figure 8). Each422

edge represents that the associated pattern is addressed by the corresponding423

action and is labeled with the required time duration for the remedial action.424

Definition 7 (Action Graph). An action graph is a graph ag = (PT,A, PA, l)425

where426

• PT ⊆ Upt is a set of temporal pattern trees,427

• A ⊆ Uaction is a set of actions,428

• PA ⊆ PT × A is a set of pattern-to-action edges, and429

• l ∈ PA→ R maps pattern-to-action edges to time duration.430

Uag denotes the set of all possible action graphs.431

Figure 8 shows an action graph ag1. It consists of six problems patterns,432

i.e., pt0, . . . , pt5 ∈ Upt , and three actions, i.e., a1, a2, a3 ∈ Uaction . Each action433

reflects a different conceptual action type that we introduce in Subsection 2.4.434

Action a1, i.e., batch processing price changes, for one day, addresses435

pt1, pt2, pt3. This action aligns with the concept of process redesign, as it436
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Figure 8: Action graph ag1 consisting of six temporal patterns of operational
constraints, i.e., pt0, . . . , pt5 ∈ Upt , and three actions, i.e., a1, a2, a3 ∈ Uaction

involves modifying the process to accumulate price changes and apply them437

in batches rather than making individual changes. Next, patterns pt4 and pt5438

are tackled by a2, i.e., adding more sales staff to support the price changes439

for two time units, as well as a1 for two time units. The action a2 aligns440

with the concept of enhancive maintenance, which involves changing the441

application code to extend functionality, such as managing and assigning442

tasks to an increased number of sales staff. Finally, pt0 is addressed with a3,443

i.e., disabling “change” price, for three time units. This action aligns with444

the concept of process configuration, as it involves disabling or restricting the445

accessibility of an activity.446

Formally, ag1 = (PT1, A1, PA1, l1) where PT1 = {pt0, . . . , pt5}, A1 =447

{a1, a2, a3}, PA1 = {(pt1, a1), . . . , (pt0, a3)}, l1(pt1, a1) = 1, l1(pt0, a3) = 3,448

etc.449

4.2. Generating Actions450

Based on action graphs, we analyze constraint instances to generate ac-451

tion requirements. An action requirement describes actions with required452
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durations. For example, a1 is required for two time units, a2 is required for453

two time units, and a3 is required for three time units. An action require-454

ment refers to unique actions, i.e., it does not describe the same action with455

different duration (e.g., a1 required for two time units and a1 required for456

three time units).457

Definition 8 (Action Requirement). An action requirement AR ⊆ Uaction458

× R is a set of action and duration pairs such that, for any (a, r), (a′, r′) ∈459

AR, a = a′ =⇒ (a, r) = (a′, r′). UAR denotes the set of all possible action460

requirements.461

For instance, AR1 = {(a1, 2), (a2, 2), (a3, 3)} ∈ UAR refers to an action462

requirement that describes the execution of action a1 for two time units, the463

execution of action a2 for two time units, and the execution of action a3 for464

two time units. Note that, for the sake of brevity, we define durations as real465

numbers.466

Given a set of constraint instances and an action graph, an action genera-467

tor returns an action requirement. More in detail, it generates actions if any468

of their connected temporal patterns occur in the set of constraint instances,469

e.g., a1 is generated if any of pt1, . . . , pt5 occur in a set of constraint instances.470

In this work, we associate the duration of a generated action with the maxi-471

mum duration among the ones specified by occurring temporal patterns, e.g.,472

a1’s duration is 2 if both pt1 and pt5 occur.473

Definition 9 (Action Generator). An action generator gen ∈ P(Uci) ×474

Uag → UAR maps a set of constraint instances and an action graph to an475

action requirement. For any CI ⊆ Uci and ag = (PT,A, PA, l) ∈ Uag ,476

gen(CI, ag) = {(a, dur) ∈ Uaction × R | (∃(pt,a)∈PA occurs(pt, CI) = true ∧477

dur = l(pt, a)) ∧ (∄(pt′,a)∈PA occurs(pt′, CI) = true ∧ dur < l(pt′, a))}.478

Given CI1 ⊆ Uci described in Figure 7 and ag1 depicted in Figure 8,479

gen(CI1, ag1) = AR1 = {(a1, 2), (a2, 2), (a3, 3)}. First, (a1, 2) is generated480

since pt1, pt2, pt3, pt4, and pt5 occur in CI1, and the maximum duration481

specified in the action graph is 2. Second, (a2, 2) is generated since pt4,482

and pt5 occur in CI1, and the maximum duration specified in the action483

graph is 2. Finally, (a3, 3) is generated since occurs(pt0, CI1) = true, and484

the maximum duration specified in the action graph is 3.485
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4.3. Planning Actions486

Based on action requirements, we plan the execution of actions in the487

action requirement, e.g., a1 is executed from 6. Feb.2023 to 8. Feb.2023, and a3 is488

executed from 8. Feb.2023 to 11. Feb.2023, ensuring the resolution of any conflicts489

between actions. A conflict between actions can be interpreted in multiple490

ways, and for this work, we categorize them as follows:491

• Temporal Conflicts: These conflicts stem from the timing and schedul-492

ing of actions. They can be further classified into:493

– Concurrent Execution Conflicts: These occur when two or more494

actions are planned to happen simultaneously. If action a1 in-495

volves shutting down a machine for maintenance and action a2496

involves running a diagnostic test on the same machine, schedul-497

ing both actions at the same time would create a conflict.498

– Sequential Execution Conflicts: These occur when the order of ac-499

tion execution is essential, such as when one action must conclude500

before another begins. If action a3 requires the results of action501

a1 for its execution, then a1 must complete before a3 starts.502

• Effect-based Conflicts: These conflicts emerge based on the aftermaths503

of the actions. They can be further segmented into:504

– Incompatibility Conflicts: These conflicts arise when the execution505

of one action nullifies the effect of another. If action a4 is meant506

to increase system security but action a5 inadvertently creates a507

security vulnerability, the two actions are in conflict.508

– Counterproductivity Conflicts: These conflicts appear when the509

outcome of an action interferes with or obstructs the overall objec-510

tive. If the objective is to reduce energy consumption and action511

a6 reduces energy use but action a7 increases it, this creates a512

counterproductivity conflict.513

• Dependency-based Conflicts: These conflicts emerge due to the depen-514

dency relationships between actions. They can be further broken down515

into:516

– Interdependency Conflicts: These conflicts arise when certain ac-517

tions must be carried out together for a successful operation. If518
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action a8 sets a system configuration that action a9 relies on,519

failing to execute both actions together would result in a conflict.520

In this work, our primary focus lies in resolving temporal conflicts among521

actions. To this end, an action conflict model is designed to express the522

temporal conflict between actions and precedence constraints. For instance,523

an action conflict may describe that a3 has a conflict with a1, i.e., disabling524

change price cannot be executed simultaneously with alerting sales staff re-525

sponsible for change price, and the conflict between a3 and a1 is resolved by526

executing a3 before a1.527

Definition 10 (Action Conflict). An action conflict AP = (A,C) is a528

directed acyclic graph where A ⊆ Uaction and C ⊆ A×A such that (a, a) /∈ C+
529

for all a ∈ A, where C+ denotes the transitive closure of C. Uac denotes the530

set of all possible action conflicts.531

Figure 9(b) shows an example action conflict, ac1 = (A1, C1) with A1 =532

{a1, a2, a3} and C1 = {(a3, a1), (a3, a1)}. Action a3 has a conflict with action533

a1, and the conflict is resolved by executing a3 before a1. Moreover, action534

a3 has a conflict with action a2, and the conflict is resolved by executing a3535

before a2.536

Given an action requirement and an action conflict, an action planner537

produces an action plan. For each action specified in the action requirement,538

the action planner produces an action instance that describes the execution539

of the corresponding action with a start timestamp and an end timestamp.540

While doing so, the action planner ensures that no conflicts exist between541

the action instances using the action conflict, i.e., no conflicting actions are542

simultaneously executed.543

Definition 11 (Action Planner). An action planner plan ∈ UAR×Uac →544

UAP maps an action requirement and an action conflict to an action plan.545

For any AR ∈ UAR and (A,C) ∈ Uac,546

• {(a, πet(tw)− πst(tw)) | (a, tw) ∈ plan(AR, ac)} = AR and547

• ∀(a,a′)∈C∀(a,tw),(a′,tw′)∈plan(AR,ac) πet(tw) ≤ πst(tw
′).548

Figure 9 shows three action planners that produce different action plans,549

given action requirement AR1 and action conflict ac1. For three actions550
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Figure 9: Examples of action planners: (a) An action requirement (AR1), (b)
An action conflict (ac1), and (c) Different action plans computed from the action
requirements and action conflict.

specified in AR1, action planner plan1 produces an action plan with three551

action instances, i.e., plan1(AR1, ac1) = {(a1, (4, 5)), (a2, (6, 7)), (a3, (1, 3))}.552

Action instance (a1, (3, 5)) is produced for (a1, 2) ∈ AR1, while (a2, (5, 7))553

and (a3, (0, 3)) are produced for (a2, 2) and (a3, 3), respectively. Actions a1554

and a2 are planned after a3 to resolve the conflict specified in ac1.555

In this work, we implement an action planner that minimizes the makespan,556

i.e., the total time taken to finish all action instances (e.g., the leftmost action557

plan in Figure 9(c) has the makespan of 7). By minimizing the makespan, we558

ensure that actions are executed in the shortest possible time, which in turn559

enables a faster response to operational issues. However, makespan mini-560

mization is not the only possible objective for an action planner. Depending561

on the specific requirements and constraints of the process and problem sce-562
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nario, other potential objectives could include minimizing the total cost of563

actions, maximizing the quality or effectiveness of actions, etc. For instance,564

in scenarios where action costs are a concern, an action planner might seek565

to minimize the total cost of actions. On the other hand, in cases where566

the quality of the actions is paramount, the planner might aim to maximize567

the overall effectiveness of the actions, potentially at the expense of longer568

makespan or higher costs.569

We formulate the problem as a parallel machine scheduling problem, i.e.,570

scheduling n jobs (i.e., n actions in the given action requirement) on m par-571

allel machines (i.e., m entities which execute actions) under precedent con-572

straints (i.e., the action conflict), while minimizing the makespan (denoted573

as Pm|prec|Cmax) [48].574

Pm|prec|Cmax, is an NP-hard problem [49]. However, a polynomial time575

algorithm to solve the problem exists if there are an unlimited number of576

machines (i.e., m ≥ n) [48]. We implement an action planner under the577

assumption that there are an unlimited number of entities that can execute578

the actions. Algorithm 1 describes the action planner algorithm. Given an579

action requirement and an action conflict, we schedule the actions in the580

action requirement that have no conflicts one at a time, starting at time 0.581

Whenever an action has been completed, we schedule the actions of which582

all predecessors have been completed.583

The proposed algorithm produces the third action plan described in Fig-584

ure 9. The action plan has the minimum makespan of 5 time units, given585

the action requirement and action conflict.586

5. Evaluation587

This section evaluates the action engine proposed in Section 4. First,588

we evaluate the feasibility of the proposed action engine by demonstrating a589

use case using the data of a real-life loan application process. Next, we con-590

duct experiments to evaluate the scalability and performance of the proposed591

action engine.592

5.1. Use Case: Loan Application Process593

We demonstrate a use case using the data of a real-life loan application594

process from a Dutch financial institute [50]. The execution of the loan595

application process involves an application and a variable number of offers.596

Figure 10 shows a process model as an object-centric Petri net [51]. First,597
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Algorithm 1 Action planner algorithm

Input: An action requirement AR ∈ UAR and an action conflict (A,C) ∈
Uac

Output: An action plan AP ∈ UAP

1: AP ← ∅
2: S ← ∅ ▷ A set of pairs of a scheduled action and its completion time
3: t← 0
4: while AR ̸= ∅ do
5: for (a, r) ∈ AR do
6: if {a′ | (a′, a) ∈ C} ⊆ complete(S, t) then ▷ complete is a

function to return the set of completed actions at t
7: S ← S ∪ (a, t+ r)
8: AP ← AP ∪ (a, (t, t+ r))
9: AR ← AR \ {(a, r)}

10: end if
11: end for
12: t← t+ 1
13: end while
14: return AP
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a customer creates an application by visiting the bank or using an online598

system. In the former case, submit activity is skipped. After the completion599

and acceptance of the application, the bank offers loans to the customer600

by sending the offer to the customer and making a call. An offer is either601

accepted or canceled.602

In this use case, we focus on the offers canceled due to various reasons. In603

order to introduce operational constraints in the context of canceled applica-604

tions, we explain a process execution with a canceled application as depicted605

in Figure 11. The process execution starts with Application1. The applica-606

tion has its own lifecycle that consists of multiple activities such as create607

application, submit, call incomplete files, etc. The process execution involves608

two offers: Offer1 and Offer2. The lifecycle of each offer includes activities609

such as create offer, send offer, call applicants, etc. The process execution610

finishes by canceling Application1 with Offer1 and Offer2.611

During the process, we monitor the presence of the following operational612

constraints focusing on cancel application (CA) activity in the process:613

1. High ratio of CA’s executions (CE) which represents the high ratio of614

applications that are canceled.615

2. High ratio of CA’s executions with multiple offers (MO) which repre-616

sents the high ratio of CA events that involve multiple offers.617

3. High avg. flow time of CA (FT) which represents the high avg. flow618

time of CA events; In Figure 11, flow time of CA is the time difference619

between the completion of CA and the completion of Application1 ’s620

lifecycle before CA.621

4. High avg. sojourn time of CA (SoT) represents the high avg. sojourn622

time of CA events; In Figure 11, sojourn time of CA is the time dif-623

ference between the completion of CA and the completion of Offer2 ’s624

lifecycle before CA.625

5. High avg. synchronization time of CA (SyT) represents the high avg.626

synchronization time of CA events; In Figure 11, synchronization time627

of CA is the time difference between the completion of Offer2 ’s lifecycle628

before CA and the completion of Application1 ’s lifecycle before CA.629

6. High avg. pooling time of CA w.r.t. offers (PT) represents the high630

avg. pooling time of cancel application events w.r.t. offers; In Fig-631
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Figure 10: A process model of the loan application process using object-centric
Petri net as a formalism
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Figure 11: A process execution of the loan application process

ure 11, pooling time of CA w.r.t. offers is the time difference between632

the completion of Offer2 ’s lifecycle before CA and the completion of633

Offer1 ’s lifecycle before CA.634

7. High avg. readiness time of CA w.r.t. applications (RT) represents635

the high avg. readiness time of cancel application events w.r.t. appli-636

cations; In Figure 11, readiness time of CA w.r.t. appliications is the637

time difference between the completion of Offer2 ’s lifecycle before CA638

and the completion of Application1 ’s lifecycle before CA.639

5.1.1. Designing Action Graphs640

First, we define relevant temporal patterns of the operational constraints641

in the loan application process. Typically, these temporal patterns are de-642

rived from the expertise of domain experts. The application of frequent643

temporal pattern mining approaches aids these experts in specifying such644

patterns, as well as facilitates the validation of their occurrences in the his-645

torical process executions.646

To discover these temporal patterns, we utilize the weekly monitoring647

results, spanning from January 2016 to September 2016. For this, we em-648

ploy the frequent pattern mining approach implemented in a process mining649

tool [33]. Each weekly monitoring result comprises a week’s constraint in-650
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stances, for example, the week starting from 01.01.2016 00:00:00 and ending651

at 01.07.2016 23:59:59.652

From the 91 discovered frequent temporal patterns, we select those we653

aim to address. Our selection criteria are based on: (a) relevance to the654

business process, and (b) simplicity and interpretability of the patterns. In655

terms of (a), we exclude patterns such as before(FT,CE), which refers to656

a high average flow time of CA before a high ratio of CA’s executions, as657

they do not significantly contribute to understanding the problem areas of658

the loan application process.659

In terms of (b), we disregard overly complex patterns such as before(660

overlaps(CE, overlaps(MO,FT )), before(overlaps(SoT, SyT ), overlaps(SoT,661

SyT ))), despite their potential interest. These intricate conditions are too662

complex to elicit meaningful actions for tackling the problem.663

However, it’s important to note that these temporal patterns should ide-664

ally be confirmed by domain experts for maximum utility. Given our reliance665

on publicly available data and the unavailability of access to such experts in666

this evaluation, we have selected the most plausible temporal patterns based667

on the aforementioned criteria.668

Figure 12 shows the selected six frequent temporal patterns: ptloan1 , . . . ,669

ptloan6 .670

• ptloan1 portrays a situation where numerous applications are canceled671

(CE ) amid a high average flow time for cancellation (FT ). This pat-672

tern indicates the demands for cancellation are increasing, while the673

cancellation process is delayed, which can lead to customer dissatisfac-674

tion.675

• ptloan2 illustrates a scenario where multiple offers are presented (MO) in676

many canceled applications (CE ), concurrent with a high average flow677

time for the cancellation (FT ). This could mean unnecessary work is678

being done for applications destined for cancellation.679

• ptloan3 signifies a situation where a high synchronization time of CA680

(SyT ) overlaps with a high sojourn time (SoT ). This could indicate a681

bottleneck in the offering system, which eventually causes a bottleneck682

in the application management system.683

• ptloan4 represents a repeating occurrence of a high synchronization time684

(SoT ) overlapping with a high sojourn time (SyT ). The repetition685
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could point to a systemic issue in the process synchronization mecha-686

nism, leading to unnecessary delays.687

• ptloan5 presents a situation where the synchronization of application can-688

cellations is delayed (SyT ) due to a high pooling time concerning offers689

(PT ). This pattern may imply that cancellations are being processed690

too slowly due to resources being tied up in offer pooling.691

• ptloan6 denotes a scenario where the synchronization of application can-692

cellations (SyT ) is hampered by a high readiness time regarding appli-693

cations (RT ). This pattern suggests that the readiness of applications694

is causing a slowdown in the cancellation synchronization process.695

Figure 12: Temporal pattern trees defined over operational constraints including
CE, MO, FT, SoT, SyT, PT, and RT
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Next, we derive several actions to address the temporal patterns of oper-696

ational constraints, i.e., aloan1 , . . . , aloan7 ∈ Uaction . In order to determine the697

most appropriate actions, we consider the following factors: the selected tem-698

poral patterns and their business implications and the potential effectiveness699

and feasibility of the action within the loan application process. The elicited700

actions are as follows:701

• aloan1 is to send a warning message to the staff member responsible for702

the cancel application task,703

• aloan2 is to alter the business rule associated with the create offer activ-704

ity, so that the new rule encourages the acceptance of additional offers705

by applicants, e.g., by reducing the interest on loans for additional706

offers,707

• aloan3 is to modify the business rule associated with the call applicants708

activity to discourage repeated calls to applicants,709

• aloan4 is to revise the business rule associated with the cancel application710

activity to allow for additional resources to carry out the cancellation711

of applications,712

• aloan5 is to adjust the business rule associated with the cancel application713

activity to prevent the cancellation of applications with a single offer,714

• aloan6 is to send reminders to applicants about their pending offers,715

thereby reducing the likelihood of cancellations, and716

• aloan7 is to alert loan application managers.717

Finally, we design an action graph using the temporal pattern trees and718

the actions. Figure 13 shows the action graph.719

5.1.2. Generating and Planning Actions720

Using the action graphs, we apply the action engine to the loan applica-721

tion process for 12 weeks from October 2016 to December 2016. In the first722

week, we analyze the constraint instances from 30.Sep.2016 to 06.Oct.2016723

and produce action instances starting from 07.Oct.2016, and, in the second724

week, we analyze the constraint instances from 07.Oct.2016 to 13.Oct.2016725

and produce action instances starting from 14.Oct.2016, etc. We use the726

action conflict depicted in Figure 14 to resolve conflicts between actions.727
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Figure 13: An action graph that describes the handling of temporal patterns
ptloan1 , . . . , ptloan6 ∈ Upt with actions aloan1 , . . . , aloan7 ∈ Uaction

Figure 14: A conflict graph used to resolve conflicts between actions in the loan
application process

Figure 15 shows the action plans computed by the action engine. For728

instance, action plan 2 in Figure 15 shows the action plan starting from729

14.Oct.2016 and ending at 18.Oct.2016. From 07.Oct.2016 to 13.Oct.2016,730

ptloan1 , ptloan3 , ptloan4 , and ptloan6 occur, and thus, the action generator gener-731

ates an action requirement with (aloan1 , 4), (aloan3 , 2), (aloan4 , 2), (aloan6 , 3), and732

(aloan7 , 2). Action aloan1 , aloan2 , aloan5 , and aloan6 are planned on 14.Oct.2016733

and completed on 18.Oct.2016, 16.Oct.2016, 17.Oct.2016, and 15.Oct.2016,734

respectively. Action aloan4 is planned after aloan3 is completed since aloan3 is735

conflicting with aloan4 , and aloan3 needs to be executed before aloan4 .736

Each action plan involves a different number of actions since the presence737

of temporal patterns varies in different periods. For instance, action plan 9,738

the action plan starting from 02.Dec.2016, comprises all the actions since all739

the selected temporal patterns occur in the week starting from 25.Nov.2016740
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Figure 15: Action plans computed by the action engine for 12 weeks from October
2016 to December 2016. M, TW, and TF indicate makespan, Total Waiting time,
and Total Flow time, respectively.

to 01.Dec.2016, which demonstrates the severity of problems in the week. In741

contrast, action plan 10, the action plan starting from 09.Dec.2016, includes742

two actions, i.e., aloan6 and aloan7 , since only one temporal pattern, i.e., pt6, is743

present in the week starting from 02.Dec.2016 to 08.Dec.2016.744

We measure several performance metrics for the generated action plans,745
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including makespan, Total Waiting time (TW), and Total Flow time (TF).746

The waiting time of actions indicates the time taken to start the action, e.g.,747

the waiting time of aloan4 in action plan 2 is 2 days, whereas the flow time of748

actions denotes the time taken to complete the action, e.g., the flow time of749

aloan4 in action plan 2 is 4 days. For instance, the makespan of action plan 2750

is 4, while the TW and TF are 2 and 14, respectively.751

Different action plans show varying total waiting times. For instance,752

action plan 9 has a total waiting time of 11, whereas action plan 10 shows753

no waiting time. Depending on the type of actions, the waiting time could be754

essential, e.g., the earlier the action is executed, the higher its effect is. The755

waiting time for an action depends on the existence of its conflicting actions756

that need to precede the action. For instance, aloan6 often has waiting times,757

i.e., 8 out of 9 weeks, since it is mostly planned together with aloan5 that is758

conflicting, precedent action of aloan6 . Moreover, aloan4 always shows waiting759

times since its preceding action, aloan3 , is always planned together, i.e., 3 out760

of 3 weeks.761

5.2. Experiments762

The presented use case demonstrates that different action plans generated763

by the pattern-based action engine show varying scheduling performance.764

The scheduling performance may depend on 1) the number of actions in a765

given action requirement, 2) the number of conflicts between the actions in a766

given action conflict, and 3) the type of conflicts. To evaluate the scheduling767

performance of the proposed action engine in a comprehensive manner, we768

design the following research questions:769

• RQ1: How do the number of actions in the action requirement and the770

number of conflicts in the action conflict, affect the computation time771

and scheduling performance?772

• RQ2: How do different action conflicts of the same size affect the773

computation time and scheduling performance of the action planner?774

In the following, we explain experiments to answer the aforementioned re-775

search questions. The source code and manual for the experiments is publicly776

available at https://github.com/aopm/pattern-based-action-engine.777

git.778
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5.2.1. Experiments Regarding RQ1779

To address the first research question, we establish a pool of 1,000 ac-780

tions and generate nine distinct action conflict scenarios, each representing781

a different level of conflict among action pairs. For example, the scenario782

denoted as “action conflict (10%)” reflects conflicts occurring in 10% of all783

possible action pairs. With these conflict scenarios, we then generate action784

plans involving various numbers of actions from different action requirements,785

ranging from 100 to 1,000.786

In this experimental setup, we assume each action has a uniform duration787

of 1. We maintain this constant duration to control for potential variability788

it may introduce, enabling us to better isolate and understand the effects789

of our primary variables of interest: the number of actions within an action790

requirement and the degree of conflict between actions in an action conflict.791

In assessing scheduling performance, we utilize makespan as our evalu-792

ative measure, primarily due to its direct alignment with the objectives of793

our proposed action planner. Moreover, makespan offers a valuable means to794

determine whether necessary actions are being planned and executed quickly795

for the enhancement of business processes.796

Figure 16(a)-(b) shows the runtime of the action planner when planning a797

variable number of actions from 100 to 1, 000 with the nine action conflicts.798

Each line in Figure 16(a) represents the runtime of planning the variable799

number of actions with an action conflict. For instance, the pink-colored800

line in Figure 16(a) describes the runtime of planning the variable number801

of actions with action conflict 90%. The experimental results show that the802

runtime increases quadratically to the number of actions in an action re-803

quirement for each action conflict. As the number of actions in an action804

requirement increases, the runtime difference between different action con-805

flicts increases. For instance, the runtime difference between action conflict806

(90%) and action conflict (80%) is around 5 seconds with 500 actions in an807

action requirement and around 35 seconds with 1,000 actions in an action808

requirement.809

Each line in Figure 16(b) describes the runtime of planning the actions of810

action requirements with different action conflicts. For instance, the yellow-811

colored line in Figure 16(b) describes the runtime of planning 1,000 actions812

of an action requirement with different action conflicts. It shows that the813

runtime increases proportionally to the number of conflicts between actions.814

When the number of actions in the action requirement is less than or equal815
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Figure 16: Experimental results to show the scalability and performance of the
proposed action engine

to 200, almost no differences exist in the runtime.816

Next, Figure 16(c)-(d) shows the makespan of the action planner when817

planning a variable number of actions of different action requirements from818

100 to 1, 000 with the nine different action conflicts. Each line in Figure 16(c)819
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represents the makespan of action plans generated with the variable number820

of actions and an action conflict of a fixed number of conflicts. For instance,821

the pink-colored line describes the makespan of action plans generated for822

the variable number of actions with action conflict (90%). The experimental823

result shows that the makespan increases linearly to the number of candidates824

for each action conflict.825

As shown in Figure 16(d), the higher the number of conflicts is, the higher826

the makespan is. However, the makespan shows more significant increases for827

specific changes in the number of conflicts. For instance, when action conflict828

changes from action conflict (40%) to action conflict (50%), the makespan829

increases more than other changes for each number of actions in the action830

requirement.831

5.2.2. Experiments Regarding RQ2832

The previous experiment considers ten action requirements and nine ac-833

tion conflicts to evaluate the impact of the number of actions and the number834

of conflicts on the scheduling performance and computation time. In this ex-835

periment, we shift our focus to understanding the effects of varying conflict836

relationships. More specifically, we aim to investigate how different conflict837

relationships impact the planning process, even when the total number of838

conflicts remains constant.839

To conduct this experiment, we utilize an action requirement involving840

500 actions. We subsequently define 99 categories of action conflicts. Each841

category represents a specific percentage of conflicts among the actions. For842

example, “action conflict (1%)” symbolizes conflicts in 1% of all possible843

action pairs, while “action conflict (99%)” represents conflicts in 99% of all844

action pairs. Within each category, we alter the conflict relationships while845

keeping the overall number of conflicts constant.846

Figure 17 shows the makespan of the action planner when planning the847

500 actions under different categories of action conflicts. Each box plot show-848

cases the makespan when planning the 500 actions with ten unique conflict849

relationships in the respective category. For instance, the first box plot of850

action conflict (1%) describes the makespans of planning 500 actions with851

ten different action conflicts with the same total number of conflicts (i.e., 1%852

of the action pairs have conflicts), but varying conflict relationships. The853

experimental results show that the variance of makespans continuously in-854

creases until a certain point around action conflict (50%) and incrementally855

decreases afterward on a small scale. The variance is significantly small when856
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the number of conflicts is minimal, e.g., 1 and 2 percent of all the action pairs,857

and the number of conflicts is substantial, e.g., 99 percent of all the action858

pairs.859

Figure 17: Experimental results showing the effect of different action conflicts of
the same size on the scheduling performance of the proposed action engine

Next, Figure 18 shows the runtime of the same experiment. Each box plot860

signifies the runtime while planning 500 actions with ten different conflict861

relationships in the corresponding category. For instance, the first box plot862

37



of action conflict (1%) describes the runtime of planning 500 actions with863

ten different action conflicts with the same total number of conflicts (i.e.,864

1% of the action pairs have conflicts), but varying conflict relationships.865

Unlike the makespan, the runtime variance incrementally increases as the866

total number of conflicts increases. However, the runtime does not show867

significant differences when almost all the action pairs have conflicts, i.e.,868

with action conflict (99%). In some cases, the runtime is hugely higher than869

the others. For instance, one of the action conflicts in action conflict (75%)870

shows an exceptionally high runtime, even higher than the larger size of871

action conflicts does, e.g., action conflict (76%) and action conflict (78%).872

6. Discussion873

This section presents a discussion of the evaluation results, limitations,874

and implications of this work.875

6.1. Evaluation Results876

The use case on the loan application process (cf. Subsection 5.1) demon-877

strates that real-life business processes entail temporal patterns of opera-878

tional constraints, and the proposed pattern-based action engine effectively879

analyzes such temporal patterns and generates necessary process manage-880

ment actions to deal with the resulting problems. First, a process analyst881

can flexibly design action graphs using graphical notation. In the use case,882

we designed an action graph that tackles six temporal patterns of operational883

constraints with seven actions. Second, constraint instances can be contin-884

uously monitored, and actions can be automatically generated based on the885

designed action graph. In the use case, we monitored the loan application886

process weekly and automatically generated actions for the coming days. Fi-887

nally, the proposed action engine’s action planner optimizes the generated888

actions’ schedule. In the use case, a conflict-free action plan of the optimal889

makespan was successfully produced for each week.890

As we analyzed the use case, we made noteworthy observations. First,891

due to uncertain demands for loans and flexible terms for communications,892

the process showed dynamic behavior each week, resulting in the occurrence893

of various temporal patterns. Therefore, in some weeks, most of the seven894

actions were planned, whereas only a few were planned for the other weeks.895

This, in turn, resulted in varying makespans of the action plans in other896

weeks. Second, although the action planner is not implemented to optimize897
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Figure 18: Experimental results showing the effect of different action conflicts of
the same size on the runtime of the proposed action engine

the total waiting time and total flow time, all the action plans for the 12898

weeks showed the minimum total waiting time and flow time. Third, the899

waiting time of an action plan results from a specific action in the action900

requirement. This is because the action is often planned together with its901

conflicting actions. For instance, aloan6 is often planned together with aloan5 ,902

while aloan4 is always planned together with aloan3 , leading to the delay of aloan6903
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and aloan4 until aloan5 and aloan3 are completed, respectively.904

The experimental results (cf. Subsection 5.2) demonstrated that the run-905

time of the proposed action planner is quadratic to the number of actions906

in a given action requirement and proportional to the number of conflicts907

in a given action conflict. For instance, when the number of actions in the908

given action requirement is 1, 000, and 90% of the actions have conflicts, the909

runtime is 250 seconds. Since the number of process management actions910

in real-life business processes does not scale to thousands and the automatic911

generation of such actions does not occur every minute, the proposed ap-912

proach is scalable to be deployed in real-life business processes.913

6.2. Limitations914

Although the use case shows the feasibility of the proposed action engine915

in a real-life business process, it was not conducted in the organization and,916

thus, lacks the actual application of the action plans to the process. Indeed,917

it is essential to conduct the case study in the organization to evaluate the918

effects of actions due to various factors [52]. For instance, diverse influencing919

factors may arise while applying the actions, e.g., business processes are920

affected by social factors such as organizational frictions [53]. Adding a921

new resource to a task, in principle, increases the productivity of the task.922

However, considering the possible organizational frictions of the action, it923

can also negatively impact productivity.924

Second, we abstract from defining actions generated by the action engine,925

leaving it up to domain-specific experts. A recent development in workflow926

automation systems is a promising solution to translating abstracted ac-927

tions into formats the source systems can execute. For instance, Make1 is928

a web-based automation platform that provides a vast amount of workflow929

automation scenarios in various information systems, e.g., SAP S/4HANA2,930

ServiceNow3, HubSpot4, with visualizations for the scenarios. For instance,931

one can connect SAP S/4HANA to create automated visual workflows, e.g.,932

canceling a supplier invoice, deleting a credit memo request, etc.933

Third, the action planner of the proposed action engine resolves the con-934

flicts between the actions of an action requirement. In other words, it does935

1https://www.make.com/
2https://www.sap.com
3https://www.servicenow.com
4https://www.hubspot.com
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not consider the action instances already being executed in the system. For936

instance, when applied weekly, it analyzes constraint instances in a week,937

generates actions to tackle the issues in the week, and produces action in-938

stances for the coming days. However, if the action instances range longer939

than a week, the newly generated action instances may conflict with the pre-940

vious week’s action instances. The action planner needs to be extended to941

consider such ongoing action instances when planning the actions of action942

requirements.943

Lastly, our proposed model produces an action plan for a fixed action re-944

quirement. As demonstrated in the evaluation, this approach may result in945

the start of action execution in the week following the detection of problems.946

While this might appear delayed, it serves a specific purpose in scenarios that947

do not mandate immediate intervention and are better addressed through948

advanced planning and subsequent execution. For instance, situations that949

necessitate the reassignment of resources or complex logistical coordination950

stand to benefit from this approach. However, there are situations that de-951

mand prompt response, and any delay could result in the issue dissipating952

before action is taken. To deal with such situations, it is necessary to ex-953

tend the proposed approach to incorporate planning for “streaming” action954

requirements, enabling to plan and execute actions as soon as problems arise.955

6.3. Implications956

Our work has important implications from both academic and practical957

viewpoints. From an academic research viewpoint, this work provides the958

foundation for developing novel techniques for analyzing temporal patterns959

of operational constraints, i.e., operational problems. For instance, one can960

extend action graphs to restrict the time of evaluating the presence of tem-961

poral pattern trees, e.g., if the temporal pattern tree occurs in the last three962

days of the given constraint instances. Moreover, the generation of action963

requirements can be enhanced by extending action graphs. For instance, one964

can add the due date constraint to action graphs, e.g., the corresponding965

action should be executed in three days.966

Furthermore, this work provides the formal architecture upon which novel967

techniques for generating action requirements and planning action instances968

can be developed. In this work, we use a brute-force approach to implement969

the generation of action requirements. Instead, other approaches with dif-970

ferent analytical advantages or computational efficiencies can be deployed to971

implement the action generation. Moreover, our implementation of action972
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planners optimizes the makespan of action plans. Depending on various pur-973

poses, one can define different objectives, e.g., optimizing the total waiting974

time of action plans, and develop different algorithms to achieve the objec-975

tives. In addition, the action planner can be extended to resolve different976

types of conflicts, e.g., effect-based conflicts and dependency-based conflicts.977

Besides, in real-life business processes, it is common to observe variations978

and changes in process behavior, i.e., concept drifts [54]. In order to imple-979

ment effective techniques for action engines, we need to consider such concept980

drifts. In particular, the design of action graphs should be adapted accord-981

ingly to the concept drift so that they remain relevant in varying situations.982

To this end, opportunities exist for fellow scholars to connect the detection,983

characterization, and explanation of concept drifts in business processes to984

the dynamic and adaptive design of action graphs.985

Furthermore, the proposed action engine can be extended by distinguish-986

ing between observed and predicted constraint instances. The input for the987

action engine is a collection of constraint instances that may be observed us-988

ing backward-looking techniques and predicted using forward-looking tech-989

niques. For example, an approach suggested in [55] predicts the performance990

of business processes in a given time window and can be used to produce991

such predicted constraint instances. The significance of these forecasted op-992

erational constraints may vary, potentially influenced by factors like the like-993

lihood or precision of the prediction. To optimize its effectiveness, an action994

engine can be designed to assign varying weights to constraint instances,995

thereby prioritizing those constraint patterns bearing higher weights.996

From a practical viewpoint, this work allows organizations to continuously997

analyze temporal patterns of operational constraints detected by various pro-998

cess monitoring techniques and automatically connect the resulting insights999

into concrete forms of actions. The automated actions tackle the temporal1000

patterns of operational constraints existing in organizations’ business pro-1001

cesses and contribute to improving the process. This allows organizations1002

to maintain competitive advantages in fast-evolving and dynamic business1003

environments. Moreover, the proposed action engine involves practitioners1004

in designing action graphs. This allows them to leverage domain knowledge1005

to define temporal patterns of operational constraints and elicit actions to1006

deal with the temporal patterns, facilitating the adoption of the technique.1007

42



7. Conclusion1008

Existing approaches in action-oriented process mining consider opera-1009

tional constraints as temporally independent and point-based data, generat-1010

ing actions based on relatively simple occurrence rules (cf. Figure 1). More-1011

over, they do not consider possible conflicts between actions that are preva-1012

lent in reality when triggering the generated actions. This paper tackles this1013

research gap by proposing a pattern-based action engine to analyze complex1014

temporal patterns of operational constraints and produce conflict-free actions1015

by considering possible conflicts between the actions.1016

Existing approaches in action-oriented process mining view operational1017

constraints as temporally independent and point-based data and do not con-1018

sider the potential conflicts between actions. This paper aims to address1019

this research gap by introducing a pattern-based action engine. This action1020

engine is designed to analyze the intricate temporal patterns of operational1021

constraints and produce conflict-free actions, while considering the potential1022

conflicts that might arise between actions.1023

The proposed action engine consists of three phases. First, domain ex-1024

perts design action graphs that are graphical notations consisting of two types1025

of nodes, i.e., temporal pattern trees and actions, and edges connecting the1026

nodes. Using the graphical notations, one can visually define action graphs.1027

Second, the action generator evaluates if the temporal patterns specified in1028

the action graphs occur in the constraint instances of the time window and1029

generates action requirements that describe which actions need to be exe-1030

cuted for how long. Finally, the action planner produces an action plan such1031

that no conflicts occur during the execution of the actions.1032

We demonstrated a use case using the data of a real-life loan applica-1033

tion process of a Dutch financial institute to evaluate the feasibility of the1034

proposed action engine in real-life business processes. In the use case, we1035

designed an action graph to tackle the redundant operational costs caused1036

by the cancellation of applications. Afterward, we applied the action engine1037

to the loan application process with the action graphs for 12 weeks. The use1038

case demonstrates that the proposed pattern-based action engine effectively1039

analyzes temporal patterns of operational constraints existing in the real-1040

life business process and automatically generates actions to tackle the risks1041

caused by the patterns. Furthermore, we conducted experiments to evaluate1042

the scalability and performance of the proposed action engine.1043

In future work, we plan to apply the proposed action engine in real-life1044
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business processes. This application will enable us to collaborate with do-1045

main experts to derive actual issues present in the process and to exercise1046

full control in addressing these problems with the suggested actions. Sub-1047

sequently, this application will also allow us to assess the real-world efficacy1048

of the actions generated by our proposed action engine in resolving opera-1049

tional issues. For example, we could measure the impact of these actions by1050

comparing Key Performance Indicators (KPIs) before and after the imple-1051

mentation of the proposed actions. Moreover, we plan to extend the proposed1052

action engine’s implementation to generate executable actions by incorporat-1053

ing workflow automation systems. Another interesting direction for future1054

work is to extend the action planner such that the plans are optimized to1055

maximize the impact of actions. To that end, we may predict the impact of1056

generated actions and extend the objective of action planners to maximize1057

the overall impact of the actions.1058
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