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ABSTRACT

In the context of a business process, a waiting time is an idle period of time typ-
ically occurring during a transition between two consecutive activities. Waiting
time is considered to be a form of waste in a business process, which should be
minimized or eliminated, where possible. Accordingly, there are several meth-
ods to identify and quantify waiting times for the purpose of business process
improvement. However, these existing methods fall short of attributing the identi-
fied waiting times to specific causes, thus limiting the ability of the users of these
methods to translate the findings into possible business process redesigns. This
thesis addresses this gap by exploring how to identify the causes of waiting times
from event logs of business process executions, and how to use this information
to recommend redesigns that effectively reduce these waiting times.

The research reported in this thesis is structured around two key questions: (1)
How to identify causes of waiting times from event logs? and (2) How to identify
redesign options to reduce the identified waiting times? The thesis reports on three
research contributions aimed at addressing these questions.

First, the thesis proposes a process mining-based approach to discover and an-
alyze waiting times associated with batch processing. This approach conceptual-
izes three distinct types of waiting times resulting from different batching strate-
gies and provides a method to identify these types of waiting times from event
logs and highlight potential redesign options.

Second, the thesis extends the previous method to diagnose multiple causes
of waiting times across all activity transitions within a process. Specifically, the
thesis proposes an approach to decompose the waiting time observed in each ac-
tivity transition of a process into five direct causes: batching, resource contention,
prioritization, resource unavailability, and extraneous factors. Compared to pre-
vious approaches, this decomposition enables a more detailed analysis of waiting
time inefficiencies and provides a structured approach to identify and prioritize
opportunities to address these inefficiencies.

Third, to assist business analysts during process redesign, the thesis proposes
a prompting method for fine-tuning a Large Language Model (LLM), enabling it
to analyze the causes of waiting times in a business process and to recommend
redesign options. This method leverages the previously proposed decomposition
of waiting time into five direct causes. It also integrates a structured collection of
redesign patterns, to enable the LLM to provide tailored and actionable recom-
mendations to reduce waiting times.

The contributions of the thesis have been implemented in a research prototype,
namely Kronos. This prototype has been used to evaluate the proposed methods
via computational experiments and user studies. The findings show that the pro-
posed methods help business analysts in diagnosing waiting times and identifying
corresponding redesign options.
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1. INTRODUCTION

Organizations that aim to maintain efficiency and continuously improve their op-
erations need to actively manage their business processes. Business processes
comprise sequences of events, activities, and decision points involving actors and
objects, collectively leading to the achievement of a business goal [1]. These
processes define how work is performed within the organization and thus largely
determine its performance. Consequently, the way business processes are estab-
lished and managed impacts the organization’s efficiency, adaptability to change,
and potential for further development and improvement.

An essential part of business process management is regularly conducting pro-
cess analysis to identify and address process weaknesses or inefficiencies [2]. One
of the key performance measurements is temporal performance, which assesses
the processes from the perspective of time, e.g., how quickly cases are processed
or whether delays occur. Temporal performance is typically measured by cycle
time, which spans from the start to the end of a process execution for a case. Cy-
cle time includes processing time (the time when activities are executed to process
a case) and waiting time (the time in between the activity executions) [1].

Waiting time generally does not add value to a business process and, in such
cases, is considered waste [3]. Typically, waiting times arise when a case transi-
tions between activities, i.e., when the execution of a case moves from one activity
to another. Although it is impractical to eliminate waiting times in business pro-
cesses, there are various approaches to reduce them [4]. Most approaches indicate
that to address waiting time effectively, it is crucial to understand its causes and
then address the causes of waiting times [5]. There are different reasons why
waiting times occur during activity transitions. For instance, when two consecu-
tive activities in a case are executed by different resources (a.k.a. a handover [6]),
the processing of a case is put on hold until the next resource becomes avail-
able. In this scenario, the cause of the waiting time is resource contention, i.e.,
a resource is not available to execute an activity instance because they are busy
executing other activity instances [1]. Waiting times may also be caused by data
exchanges [7], coordination issues, or synchronization points [8]. When analyzing
waiting times, analysts typically identify their causes manually using root-cause
analysis techniques such as the cause-effect diagrams (e.g., 6M’s diagram) [1].

Nowadays, business process management is supported by process mining tech-
niques. Process mining techniques enable the analysis of data generated by busi-
ness process executions (a.k.a. event logs) to analyze and improve business pro-
cesses [9]. These techniques support a wide range of use cases, including the
discovery of waiting times and the analysis of temporal performance [10]. Fur-
thermore, the application of process mining techniques can be enhanced with
evolving Artificial Intelligence (Al) techniques, such as Large Language Mod-
els (LLMs) [11], to make process analysis and improvement more accessible to
a broader audience of process analysts, including those not familiar with process
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mining. All these establish a ground for the hypothesis that the analysis of waiting
time causes can be further researched and addressed with these techniques.

1.1. Problem statement

Process mining techniques allow for uncovering (unexpected) patterns occurring
in business processes, €.g., social networks among the resources involved in the
process [12] or resource availability calendars describing their working sched-
ules [13]. These techniques also enable discovering performance issues [14] and
associated improvement opportunities [9]. In particular, they support the discov-
ery of wastes, such as waiting times [9]. However, while existing process mining
techniques enable analysts to identify, quantify, and visualize waiting time ineffi-
ciencies [15] (e.g., activity transitions with high waiting times, i.e., bottlenecks),
they provide limited support for identifying and quantifying the causes of waiting
times. Therefore, this thesis sets the following research question (RQ):

RQ1 How to identify causes of waiting times from event logs?

When waiting time inefficiencies and their causes are identified, analysts pro-
ceed to process redesign, determining how the process can be changed to eliminate
or reduce these inefficiencies. This activity is predominantly manual, relying on
the analysts’ knowledge and experience in process improvement. Several research
studies now provide collections of proven redesign patterns and semi-automated
approaches to identifying relevant redesign options. However, these solutions
cover multiple performance perspectives (e.g., time, cost, customer-centricity)
and do not specifically focus on providing redesign options based on the causes
of waiting times. Therefore, this thesis sets the following research question (RQ):

RQ2 How to identify redesign options to address improvement opportunities
to reduce waiting times?

In summary, this thesis focuses on two key research questions. The first ques-
tion investigates how to identify the causes of waiting times from event logs, aim-
ing to develop data-driven, process mining-based approaches that provide detailed
causal analysis and support analysts in identifying improvement opportunities re-
lated to waiting times. The second question explores how to identify redesign op-
tions that can effectively reduce waiting times by targeting their specific causes.
By addressing these questions, the thesis offers a comprehensive solution (in the
form of a set of data-driven approaches) to solving the waiting time problem: first,
by identifying and analyzing the causes of waiting times, and second, by providing
actionable redesign suggestions for process improvement. This proposed solution
could enable organizations to diagnose the causes of waiting times and receive tar-
geted redesign recommendations, thereby facilitating the optimization of waiting

times in business processes’.

'We use the term “optimization” in the sense of heuristically searching for process designs with
lower waiting times, and not in the sense of finding an optimum design.
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1.2. Prior work and research gaps

Several studies have examined and partially addressed the problem raised in RQ1.
Process mining techniques have been extensively utilized to identify and quantify
waiting times from the event logs. Ali et al. [16] conducted a Systematic Lit-
erature Review (SLR) study where they reviewed the process mining techniques
available for quantifying waiting times from event logs and derived five differ-
ent notions of how waiting time can be quantified. Following the waiting time
quantification, various case studies demonstrate the application of process mining
techniques to analyze waiting times across different domains such as manufactur-
ing production [17], healthcare [18, 19], and e-commerce [20]. These techniques
are effectively employed to detect bottlenecks (e.g., in the form of high waiting
times [18] or delays (e.g., waiting time exceeding expected values) [20]). While
these studies successfully quantify waiting times and identify waiting time-related
inefficiencies, they do not attribute waiting times to their specific causes, which is
a primary focus of this thesis.

To address the problem of identifying the causes of waiting times from event
logs, previous studies have used correlation-based approaches to identify char-
acteristics associated with higher waiting times. These include the involvement
of specific activities and resources [21], executing handovers [22], or process de-
viations [23]. While these studies focus on understanding which characteristics
correlate with higher waiting times, this thesis aims to attribute waiting times to
their direct causes.

Based on the SLR, Ali et al. [16] identified several sources of waiting times
that can be extracted from event logs: batching (i.e., when resources accumulate
activity instances to process them together as a group), resource contention (i.e.,
when an activity instance cannot start because the required resources are occupied
with another activity instance), prioritization (i.e., when an activity instance does
not start because the assigned resource starts a higher priority activity instance),
and resource unavailability (i.e., when an activity instance cannot start because the
required resources are off duty). Subsequently, process mining techniques have
been proposed to identify and analyze these sources from event log data.

More specifically, process mining techniques have been developed to discover
batch processing behavior from event logs. For instance, Martin et al. provide
techniques to identify batch processing activities and their characteristics (e.g.,
batch size, duration of batch processing activities, and waiting time of a case in
a batch) [24], as well as batch activation rules [25]. Additionally, process mining
techniques allow analyzing the impact of batching on overall process performance
by simulating and comparing how performance (in terms of time and cost) can be
improved with different batching strategies [26]. While these studies use event
logs to analyze batch processing performance, they do not specifically focus on
the waiting times associated with batch processing.

Waiting times associated with resource contention often lead to case build-
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ups and are frequently analyzed in the context of queues, especially in domains
where queues are common, such as healthcare. Therefore, several studies combine
process mining techniques with queuing theory to analyze waiting times caused
by queuing effects [27, 28]. However, in these studies, all waiting times were
attributed to queuing (resource contention), while other potential causes (such as
prioritization or resource unavailability) could also contribute to waiting times.

Multiple studies indicate that prioritizing certain cases reduces their waiting
times at the cost of increasing the waiting times of non-prioritized cases [29, 30,
31]. Process mining techniques have been effectively used to identify when pri-
oritization occurs and which prioritization strategies are applied. For instance,
Suriadi et al. [32] propose a process mining technique to discover how resources
prioritize work, identifying First-In-First-Out (FIFO), Last-In-First-Out (LIFO),
and rule-based prioritization patterns. Existing research focuses on discovering
prioritization and its strategies but leaves the discovery of associated waiting times
out of scope.

Process mining techniques are also applied to identify waiting times stem-
ming from resource unavailability, especially relevant for processes with complex
schedules and varying resource availability patterns, such as healthcare [33]. For
instance, Toosinezhad et al. [34] introduce a process mining approach to detect
process patterns preceding bottlenecks, particularly resource unavailability. Al-
though these studies recognize resource unavailability as a potential source of
waiting time, they do not specifically focus on attributing and quantifying these
waiting times. Additionally, studies have focused on mining resource availability
patterns from event log data. For example, Lopez-Pintado and Dumas [13] and
Martin et al. [35] suggest techniques for discovering resource availability calen-
dars to describe working schedules. This thesis extends this research by identify-
ing and quantifying waiting times caused by resource unavailability.

The techniques proposed in the reviewed studies enable data-driven discovery
and analysis of specific issues related to waiting times. However, these techniques
focus on identifying the presence of particular phenomena (e.g., batching) and
their descriptions (e.g., batching strategies) or identifying a singular source of
waiting time (e.g., resource contention). They have not yet been combined to
discover multiple causes of observed waiting times in activity transitions or to
directly attribute waiting times to specific causes. Therefore, existing research
leaves a gap in discovering and quantifying the potential causes for waiting times
in each activity transition and their contribution to temporal process performance.
Thus, we formulated the following research gap (RG):

RG1 Existing studies have not introduced an approach to attribute waiting
times observed in business process event logs to their causes.

To reduce waiting times and improve the temporal performance of business

processes, several methodologies have been developed, such as Six Sigma [36],

Lean [37] and Business Process Reengineering (BPR) [38, 1]. These methodolo-
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gies outline how the waiting times can be reduced, e.g., by reducing the batch
sizes [37]. However, while these methodologies provide frameworks for identi-
fying inefficiencies, they do not specifically describe how to redesign processes
to reduce waiting times based on their causes. Several research studies, particu-
larly case studies, offer recommendations on how waiting times can be reduced
in specific domains, such as healthcare [39, 27], e.g., through resource capacity
planning and appointment scheduling to optimize patient flow and minimize wait-
ing times [40]. However, they focus on specific domains and offer a limited set of
redesigns applicable in particular settings.

Business Process Simulation (BPS) is a widely used technique for the quanti-
tative analysis of business processes [1]. BPS attempts to replicate real-world or
hypothetical process behaviors within a computational environment, enabling the
analysis of process model variations and predicting process performance under
varying conditions [41]. More specifically, BPS allows modifying the business
process models (e.g., their control flow, data/rules, resource organization perspec-
tives) for simulation experiments answering “what-if”” questions [41]. In particu-
lar, BPS is reported to be a valuable tool for testing different redesigns and evalu-
ating their effectiveness in reducing waiting times. Simulation allows for experi-
menting with various process parameters, such as altering control flows, changing
the number of resources and their schedules, or adjusting work procedures [42,
43, 44]. Although BPS is a valuable tool for testing different redesign scenarios
in a controlled environment and validating expected gains, analysts first need to
identify which specific redesign options to test, which is addressed in this thesis.

Several studies have proposed collections of process redesign options. Reijers
and Mansar [45] introduced a framework with 29 redesign heuristics, detailing
their application and impacts on process performance. Fehrer [46] built on this
work, extending the collection to 50 redesign patterns for process improvements
observed in the field. In our previous research [47], we proposed 64 redesign
options derived from case studies on process improvement, connecting them to
specific improvement opportunities (e.g., bottlenecks) that these redesign options
can address. These studies offer comprehensive overviews and broad collections
of redesign patterns for process improvement but do not focus on patterns appli-
cable for reducing waiting times by targeting their causes.

Process redesign is predominantly a manual activity executed by process an-
alysts [48], though recent advancements in process mining have led to semi-
automated redesign approaches. Tools like the PrICE toolkit [49] use process
mining to generate as-is process models and assist analysts in exploring redesign
options. The assisted business process redesign (aBPR) tool [50] employs al-
gorithms to recommend redesign patterns based on the analysis of as-is models.
Mustansir et al. [48] proposed an approach for the automatic extraction of redesign
suggestions by classifying end-user feedback available in natural language. The
proposed approaches and tools partially automate activities conducted by process
analysts. However, they still largely rely on inputs from process analysts (e.g.,
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process models and decision interventions), use a limited number of predefined
redesign patterns, and do not specifically target the causes of waiting times when
offering redesign options. Additionally, a set of research studies offered algo-
rithms aimed at optimizing specific process patterns (such as batching, resource
allocation, and scheduling) within the context of ongoing cases to reduce waiting
times [51, 52, 53]. While these research studies enable the optimization of case
execution to improve their performance on a day-to-day basis, they do not address
how processes can be redesigned to achieve long-term temporal performance im-
provements. This leaves the following research gap:

RG2 Ecxisting studies have not provided automated methods to recommend
redesign options that reduce waiting times by targeting their causes.

In this thesis, we propose a set of approaches to address these research gaps
by enabling data-driven identification and analysis of the causes of waiting times.
Additionally, we propose a method enabling automated redesign recommenda-
tions to reduce waiting times by specifically targeting their identified causes.

1.3. Research methodology

To answer the set research questions, we follow the Design Science Research
(DSR) methodology [54]. DSR is suitable since it implies the continuous devel-
opment and evaluation of artifacts to improve their performance in the field of
information systems research. Using this methodology, we identified the research
problems in waiting time cause analysis and redesign, defined two research ques-
tions (RQ1 and RQ2), and identified the gaps in the state-of-the-art related to these
questions. This allowed us to define objectives and requirements for developing
and evaluating the artifacts.

Further, we designed and developed three artifacts to address our research
questions. The first artifact, related to RQI1, is an approach for identifying and
analyzing waiting times associated with batch processing. The second artifact,
also related to RQ1, is an approach for decomposing waiting times in each ac-
tivity transition into multiple direct causes. The third artifact addresses RQ2 by
proposing a prompting method to tune an LLM to analyze waiting time causes
and recommend redesign options to reduce waiting times. After developing these
artifacts, we evaluated them using synthetic data and real-life event logs. Based
on the evaluation results, we identified opportunities for improving the artifacts
and, when possible, enhanced them accordingly. The detailed description of how
each artifact was developed using the DSR methodology is provided in the respec-
tive chapters presenting the artifacts (first artifact in Chapter 4, second artifact in
Chapter 5 and third artifact in Chapter 6).
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1.4. Contributions

This thesis provides three contributions to the field of business process analysis
and improvement using process mining:

Contribution 1: We propose a process mining approach for the discovery and
analysis of waiting time inefficiencies caused by batch processing (Chapter 4).
To address the RG1, we explore batching as a potential cause of waiting times in
business processes. For that, we conceptualize three types of waiting times that
can be observed when different batch processing strategies are applied. Then,
we propose a process mining approach that allows for discovering these types of
waiting times associated with batch processing from the event logs and identifying
improvement opportunities based on the impact of each waiting time type on the
Cycle Time Efficiency (CTE). The proposed approach has been implemented as
a process mining technique and evaluated via experiments on synthetic event log
data. The applicability of the proposed approach has been demonstrated on a
real-life event log.

Contribution 2: We propose a process mining approach to decompose ob-
served waiting times in each activity transition into multiple direct causes (Chap-
ter 5). Given an event log, the approach allows for discovering 5 direct causes of
waiting times in an activity transition: batching, resource contention, prioritiza-
tion, resource unavailability, and extraneous factors. The discovered waiting time
causes are quantified and analyzed to identify improvement opportunities by as-
sessing the impact of each waiting time cause on the process CTE. The accuracy
of the proposed approach in quantifying the waiting time causes has been evalu-
ated via experiments on synthetic event log data. The applicability of the approach
has been demonstrated on a real-life event log. In addition, the proposed approach
has been implemented as a software tool called Kronos. The usefulness and us-
ability of Kronos in identifying waiting time-related improvement opportunities
have been evaluated via the user study with process analysts.

Contribution 3: We propose a prompting method for an LLM that tunes it to
analyze the causes of waiting times and recommend redesign options to reduce
these waiting times by targeting their causes (Chapter 6). The proposed method
uses the Contribution 2 for input data sources and includes a prompt tailored to
analyze these sources and recommended relevant redesign options to address the
waiting time causes. The proposed prompting method has been implemented as a
conversational interface and integrated with Kronos. The accuracy of the prompt-
enhanced LLM in identifying waiting time durations and their causes is verified
via computational experiments on synthetic and real-life event logs. The effective-
ness of the proposed prompting method in assisting analysts with analyzing wait-
ing time causes and identifying redesign options is validated via the user study.
More specifically, the user study compares two approaches: (1) a baseline (“zero-
shot”) approach involving a minimalistic prompt; and (2) an enhanced approach
(where the prompt includes descriptions of redesign patterns that may lead to re-
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designed processes with reduced waiting times). The analysts have compared the
recommended redesigns in terms of desirable properties of recommendation sys-
tems, such as relevance, usefulness, and diversity of the recommended redesigns.

1.5. Outline

The rest of this thesis is structured as follows. In Chapter 2, we introduce back-
ground notions and concepts of waiting time analysis and redesign. In Chapter 3,
we review the state-of-the-art studies related to the data-driven analysis of waiting
times, waiting time causes, and process redesign. Chapter 4 explores batching as
a source of waiting time — it introduces different types of waiting times due to
batching and proposes an approach for identifying these waiting times from the
event log. Chapter 5 introduces the conceptualization of waiting time causes in
activity transitions and presents an approach for their discovery, quantification,
and analysis based on the event log data. Chapter 6 proposes a prompting method
to tune the LLM to assist analysts in analyzing the waiting time causes and rec-
ommending redesign options to reduce waiting times. Chapter 7 concludes this
thesis and discusses future research directions. Table 1 summarizes the addressed
research questions, research gaps associated with each research question, contri-
butions addressing those research gaps, chapters where these contributions are
presented, and publications related to each contribution.

Table 1. Research questions, research gaps, thesis contributions, and publications (for
detailed publication information, see the List of Original Publications on page 13).

Contribution
#1 - Discovery and analysis of wait-
ing times due to batching (Chap-

Research question (RQ)
RQ1 - How to identify
causes of waiting times

Research gap (RG)
RG1 - Existing studies have not
introduced an approach to attribute

from event logs? waiting times observed in business ter 4)
process event logs to their causes. Publication:
- (2022) RCIS Conference paper
[55]

#2 - Discovery and analysis of other
waiting time causes (Chapter 5)

Publications:

- (2023) CAIiSE Conference paper
[56]

- (2023) ICPM Demo paper [57]

- (2024) IS Journal paper [58]

RQ?2 - How to identify re-
design options to address
the improvement opportu-
nities to reduce waiting
times?

RG2 - Existing studies have not
provided automated methods to rec-
ommend redesign options that re-
duce waiting times by targeting
their causes.

#3 - LLM-assisted analysis and re-
design of waiting times (Chapter 6)

Publications:

- (2024) BPM Conference paper
[59]

- (2024) BPM Demo paper [60]
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2. BACKGROUND

This chapter provides an overview of the key concepts used in the thesis. First,
in this chapter, the field of Business Process Management (BPM) is introduced,
and the BPM lifecycle is outlined, with a focus on process analysis — particularly
performance measurement — and process redesign. Second, process mining and
its techniques are presented.

2.1. Business process management

2.1.1. Business process management lifecycle

Business processes form the foundation of organizations’ operation as they de-
fine how work is performed [61]. A business process is a sequence of activities
that transform inputs into outputs, adding value to an organization and its cus-
tomers [1]. These activities are discrete units of work that represent the steps
executed in the process. Each execution of a business process creates a process
instance, which corresponds to a specific case. For example, in an “order-to-cash”
process, each order execution is a separate process instance, and the order itself is
called a case. Each execution of an activity within the process is called an activity
instance and is linked to the particular case. Activity instances are performed by
resources, which can be human participants, machines, or software services [16].

Business processes are critical assets for organizations, largely defining their
overall performance. Therefore, it is essential to manage these processes effec-
tively. The specialized body of knowledge that focuses on managing and opti-
mizing business processes is known as Business Process Management (BPM) [1].
BPM is commonly viewed as a lifecycle [62] consisting of process identifica-
tion, discovery, analysis, redesign, implementation, monitoring, and controlling
business processes (Figure 1) [1]. First, the BPM team (e.g., process analysts)
identifies the process for analysis and discovers the process and its (performance)
characteristics. A typical outcome of the process discovery phase is “as-is” pro-
cess models [1]. Then, a modeled process can be analyzed to identify issues,
“weak parts of the process” (i.e., the parts of the process that negatively affect
its performance), and improvement opportunities [1]. In this thesis, we use the
term improvement opportunities to collectively refer to process issues, inefficien-
cies, and weaknesses that have the potential to be addressed for enhanced process
performance.

Once improvement opportunities have been identified, analysts further exam-
ine and classify them to determine which ones should be prioritized and addressed.
At the phase of process redesign, analysts can propose a redesigned version of the
process (a.k.a. “to-be” process model), which would address the improvement op-
portunities identified and prioritized in the “as-is” process. Further, the redesigned
version of the process is implemented, followed by monitoring and controlling
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to assess the process’s performance against the set objectives and identify nec-
essary adjustments [1]. This thesis concentrates on the process analysis phase,
particularly on analyzing waiting times in business processes and identifying as-
sociated inefficiencies. Additionally, our focus covers the process redesign phase,
where we explore how to address these inefficiencies to reduce waiting times by
redesigning the process.

2.1.2. Process analysis and performance measurement

The process analysis phase of BPM lifecycle focuses on identifying, analyz-
ing, and assessing the issues and improvement opportunities in the business pro-
cesses [1]. Whenever possible, the identified improvement opportunities are quan-
tified using performance measures [1]. Therefore, as a starting point for process
analysis, analysts measure the performance of the current (“as-is”’) processes [63].

Business process performance can be measured from various perspectives. For
instance, Figure 2 provides an overview of 11 performance perspectives, identi-
fied based on a SLR of studies discussing business process performance measure-
ment [64]. Financial performance for shareholders and top management focuses
on strategic financial metrics and includes indicators such as revenue growth [65]
and return on investment [66]. The supplier performance perspective measures
the effectiveness of external collaborations and dependencies, capturing metrics
such as external delays [67] and external mistakes [68]. The customer perfor-
mance perspective assesses outcomes related to external quality and meeting end-
user needs, such as customer satisfaction [69] and return rates [68]. The soci-
ety/environmental performance perspective evaluates the impact on other stake-
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holders and the environment during process execution, including metrics for so-
cial responsibility and sustainability [70].
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Figure 2. Business process performance perspectives [64].

A group of performance perspectives focuses on assessing the internal busi-
ness process performance. This includes perspectives related to time, cost, flex-
ibility, and internal quality'. Additionally, the perspective of general process
performance enables the assessment of process aspects not specifically related to
time, costs, quality, or flexibility, such as process complexity [71], perceived sales,
and management performance [66]. Another set of perspectives focuses on per-
formance related to learning and growth. The (digital) innovation performance
perspective evaluates process innovation and innovation projects, including indi-
cators such as the degree of digitalization [71] and the novelty of output [66]. The
employee performance perspective assesses staff contributions to process work
and personal development, using indicators such as employee workload [72], re-
tention, and motivation [65].

The identified 11 performance perspectives are categorized into those pro-
viding lag indicators (measuring the performance outcomes) and lead indicators
(measuring the performance drivers) [64] (see Figure 2). These categories are in-
terconnected: improvements in lead indicators impact lag indicators, i.e., strength-
ening the drivers of performance will ultimately enhance the outcomes. For ex-
ample, an increase in employee competencies (i.e., the “employee performance”
perspective) is expected to positively influence the quality of products and services
(i.e., “process performance related to internal quality”) [64]. Similarly, investing

I These four perspectives are discussed in more detail below.
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in innovation, such as integrating digital solutions (i.e., “(digital) innovation per-
formance”), can help reduce customer waiting times (i.e., “time-related process
performance) [73]. These improvements in internal business process performance
will, in turn, enhance customer perceptions (i.e., “‘customer performance”). The
outcomes from these earlier perspectives will then drive financial performance,
ultimately supporting the achievement of the organization’s strategy, mission, and
vision [64]. According to the framework presented in Figure 2, his thesis focuses
on improving internal business process performance, specifically time-related pro-
cess performance, which can significantly enhance overall company outcomes.

One widely recognized framework for evaluating internal business process per-
formance is the Devil’s Quadrangle, which considers four performance dimen-
sions: time, cost, quality, and flexibility [1] (Figure 3). The time dimension refers
to the temporal performance of the process. The cost dimension considers the
operational expenses associated with the process. The quality dimension refers to
how the process and its outcomes are perceived by its users (i.e., both internal and
external customers). The flexibility dimension indicates the extent to which the
process provides alternatives (in terms of resources and solutions) in delivering
the product [74]. The four dimensions are interdependent and often involve trade-
offs, as improving one dimension may negatively impact another. For example,
reducing process time might lead to increased operational costs, while improving
process quality could result in a loss of flexibility [74]. Therefore, a balanced
approach is necessary to optimize overall process performance.

Quality

Flexibility

Figure 3. The Devil’s Quadrangle [74].

To assess each dimension of the Devil’s Quadrangle and monitor the im-
pact of process redesigns, organizations often use Process Performance Indicators
(PPIs) [75, 76] — quantifiable metrics that evaluate the efficiency and effective-
ness of business processes [77]. Time-related metrics focus on the efficiency or
speed of the whole process or its parts (e.g., selected activities or fragments [76]).
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Cost-related metrics measure how many resources are required to produce the
output [78], including direct (e.g., purchasing costs of raw materials) and indi-
rect costs (e.g., indirect labor or machine depreciation) [1]. Metrics related to the
quality perspective measure how well the output meets customer objectives, e.g.,
defect and rework rates [78]. Flexibility-related metrics assess the degree of pro-
cess variation and adaptability, such as the number of distinct options to execute a
task, the ability to handle variations in demand [45, 1], and the number of variants
in the process [76]. This thesis focuses on the temporal performance of business
processes. Therefore, below we discuss time-related metrics in more detail.

A common measure of temporal process performance is cycle time (a.k.a.
throughput time), i.e., the duration between the start and end of a case in a pro-
cess [1]. For example, in a loan application process, the cycle time spans from
when a customer submits the loan application to when it is either approved or
rejected [16]. Cycle time encompasses processing time and waiting time [1]. Pro-
cessing time is the time a resource spends executing activity instances [1]. The
remaining time of the cycle time is referred to as waiting time, i.e., the time in-
between the execution of activity instancies [16].

Waiting time is considered a source of waste in business processes when it does
not add value [3]. For example, waiting time is considered a waste when cashiers
need manager approval for an exception to the standard cash receiving process,
but the manager is occupied with other responsibilities, resulting in waiting time
for both cashiers and customers [79]. Similarly, in a university admissions pro-
cess, when the admissions office finds an application incomplete, an email is sent
to the candidate requesting missing information or documents, placing the appli-
cation on hold until the candidate responds — this hold time constitutes waiting
waste [1].

However, not all waiting times are considered a waste and amenable to elimi-
nation [3]. There are several cases where waiting times are an inherent necessity.
For example, in healthcare processes, after treatment is conducted, a waiting time
might be required for the treatment to take effect before the next activity can be
performed and, thus, this waiting time is not considered a waste [80, 81]. In pro-
duction processes, intermediate products must wait to, e.g., dry after being painted
before any further processing can occur [82]. Similarly, financial controls can be a
necessary part of the process and add value to the company. Although these con-
trols may introduce waiting times, such waiting times are not considered waste
and are not subject to elimination [3]. Some processes require waiting to comply
with internal or external regulations. For example, in a travel reimbursement pro-
cess, organizational rules require that permission from the employee’s supervisor
is obtained for international trips, which may introduce waiting times before any
arrangements can be made [83]. In some processes, extended waiting times help
to reduce waiting times for more urgent cases. For example, in emergency room
processes, patients with severe conditions experience shorter waiting times, result-
ing in longer waiting times for patients with less severe conditions. The increased
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waiting times for non-critical patients are necessary in this context to ensure that
the most critical patients are served as quickly as possible and, therefore, are not
amenable to complete elimination [29]. Regardless of these considerations, this
thesis addresses the identification of waiting times without distinguishing between
those that are amenable to elimination and those that are not.

In contrast to waiting time, processing time represents the period during which
actual work is performed and is the time when value is added to the process [84,
75]. Therefore, another key temporal metric examined by process analysts is the
theoretical cycle time, i.e., the amount of time a process instance would take if
there were no waiting times. This metric reflects the total time spent on actual
work (processing activity instances) and indicates the value-adding portion of the
process duration [1]. By comparing the theoretical cycle time to the actual cy-
cle time, analysts can determine the extent to which the process can be stream-
lined [85, 86].

Theoretical cycle time allows for the calculation of another temporal perfor-
mance metric known as cycle time efficiency (CTE). CTE measures the proportion
of value-added time within the total cycle time of a process [1, 75]. CTE is cal-
culated by dividing the theoretical cycle time (TCT) by the cycle time (CT) and is
expressed as a percentage:

TCT
CTE = —/—
CT

For example, given that the total cycle time (CT) of the process is 100 hours
and the theoretical cycle time (TCT) is 10 hours, the cycle time efficiency (CTE) is
calculated as 10/100 = 0.1 or 10%. CTE close to 100% indicates that the process
has comparatively low waiting to the processing time and, thus, little room for
improvement. However, low CTE (as in the above example) indicates a compara-
tively high waiting time to processing time and, thus, highlights an improvement
opportunity [1].

Utilizing CTE has proven valuable for analyzing temporal process perfor-
mance and identifying time-related inefficiencies [87, 88, 89, 90, 91, 92]. For
instance, in [90] and [91], CTE was used to assess the temporal efficiency of
healthcare processes. In their analyses, low CTE indicated the presence of waiting
time inefficiencies. Similarly, in [92], CTE was applied to measure the temporal
performance of the scheduling process for university counseling, where the CTE
of 6.9% indicated high waiting times. In [87], CTE was applied for measuring
time-related performance in factories to detect inefficiencies. Specifically, they
assessed the performance of production cells by comparing actual CTE values
against benchmarks. This comparison highlighted non-value-added parts of the
process and quantified the extra costs they induced, which could then be targeted.
Ignizio [88] used CTE to identify workstation instability in production processes.
They found that monitoring the decline in workstation CTE was the most effective
indicator for detecting their instability, as it provided a clear signal of emerging
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issues in the production flow.

In addition to evaluating the temporal performance of business processes, CTE
has been utilized to assess the (expected) effectiveness of process redesigns?
[89, 90, 93]. For instance, in [90], the CTE of a redesigned healthcare process
was compared to that of the existing process to demonstrate temporal improve-
ment [90]. This comparison highlighted the reduction in waiting times, justify-
ing the effectiveness of the redesign in enhancing temporal process performance.
Similarly, in [93], CTE values of the existing and redesigned procurement plan-
ning processes were compared as a key metric to evaluate the effectiveness of
the process redesign. In this thesis, we also employ the CTE metric to analyze
the temporal performance of business processes, identify inefficiencies related to
waiting times, and assess potential temporal improvements.

2.1.3. Process redesign

Process redesign is a phase of BPM aimed at enhancing the efficiency, effective-
ness, and adaptability of business processes [1]. To support process redesign,
various methodologies have been proposed, with some of the most popular being
BPR, Lean, and Six Sigma. BPR focuses on fundamental rethinking and radi-
cal redesign of business processes to achieve dramatic improvements in critical
measures of performance, such as cost, quality, and speed (i.e., time) [38]. Lean
prescribes eliminating waste and non-value-added activities [94]. Six Sigma aims
to reduce variability and defects through data-driven decision-making and statis-
tical analysis [95]. Subsequently, Lean Six Sigma (LSS) is a methodology that
combines Lean and Six Sigma approaches and aims to eliminate nine sources of
waste (defects, overproduction, overprocessing, transportation, motion, inventory,
underutilized employees, waiting, and behavior waste) and provide goods and ser-
vices at a rate of 3.14 defects per million opportunities [95].

Process redesign methods can be categorized into two types: transformational
and transactional. Transformational (a.k.a. radical) process redesign, such as
BPR, involves substantial changes to existing processes with the goal of achiev-
ing significant performance improvements. Transformational process redesign
is characterized by high risk, significant resource investment, and potential dis-
ruption to the organization [61]. In contrast, transactional (a.k.a. incremen-
tal [61]) process redesign focuses on gradual partial improvements to existing
processes [96]. For instance, process redesign heuristics provide guidelines on
how to modify specific process elements, such as resource allocation or control
flow, to enhance process performance [45]. Such methods are typically less risky
and more manageable, fostering a culture of continuous improvement within orga-
nizations [96]. This thesis focuses on identifying transactional process redesigns

21t should be noted that for calculating expected CTE (e.g., after the process redesign), some
studies (e.g., [89] and [90]) conduct value-added analysis to deduct the duration of non-value-added
activities from the expected theoretical cycle time. In this thesis, we assume that all activities are
value-added and focus on waiting time-related inefficiencies.
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that can be applied to reduce waiting times and, therefore, improve the temporal
performance of business processes.

Redesign methods can either take an inward-looking or outward-looking per-
spective. Inward-looking methods focus on improving business processes from
the organization’s own viewpoint, using internal data and requirements as the
sources of information for process redesign [96]. For instance, the positive de-
viance method (a.k.a. constructive deviance [97]) involves identifying benefi-
cial variations in process executions that contribute to organizational advantages
(e.g., lower resource consumption or faster procedures). These positive deviations
are used as a source for identifying actions for improvement [98]. Conversely,
outward-looking methods consider the needs and requirements of customers or
third parties when redesigning a business process [96]. This thesis focuses on
inward-looking methods, primarily driven by the organization’s need to reduce
waiting times in business processes. In addition, we rely on process execution
data to identify improvement opportunities for process redesign.

Creative
A

- Design-led
innovation

3 Crowdsourci 7FE NESTT 3
- Crowdsourcing - )

< - BPTrends Inward- Process Model S
(~] . Canvas &
£ looking )
g - Benchmarking - Heuristic Process |- Business Process Outward- §
< } e . Redesign Reengineering . -~
S ERP-driven Redesign \ __p qitive Deviance Iookmg S
~ ~Lean - Six Sigma S

- Theory of - Product-Based &

Constraints| Design

\/

Analytical

Figure 4. The Redesign Orbit: A spectrum of business process redesign methods [1].

Additionally, redesign methods can be categorized as either analytical or cre-
ative. Analytical methods employ quantitative and qualitative techniques to an-
alyze the current state of business processes, e.g., benchmarking, Lean, Theory
of Constraints, Six Sigma, and BPR. In contrast, creative methods rely on hu-
man creativity to generate new ideas. These methods often involve activities like
brainstorming, where participants collaboratively come up with innovative ways
to redesign business processes [96]. In this thesis, we focus on analytical methods
since our approaches are data-driven.

Figure 4 illustrates process redesign methods across three dimensions: trans-
actional vs. transformational, analytical vs. creative, and inward-looking vs.
outward-looking. Most existing process redesign methods are classified as analyt-
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ical, transactional, and inward-looking [96], e.g., redesign heuristics [45]. These
methods aim to achieve incremental process improvements by addressing specific
inefficiencies identified through the analysis of process data. Thus, this thesis also
falls into this category of process redesign methods, specifically on identifying
transactional process redesigns to address waiting time inefficiencies discovered
through data-driven analytical methods.

2.2. Process mining

Traditionally, most activities in the BPM lifecycle are performed manually by pro-
cess analysts, managers, and other business stakeholders [99]. For instance, dis-
covering business processes often requires time-consuming data collection meth-
ods such as interviews, focus groups, and field observations. This is followed by
the manual analysis and validation of the collected data to create accurate business
process models [99]. Nowadays, a range of techniques are offered to automate the
BPM lifecycle activities [99]. For instance, business processes can be automat-
ically discovered and modeled based on the process execution data recorded by
systems, such as Enterprise Resource Planning (ERP) or Customer Relationship
Management (CRM) systems [99]. These techniques belong to the field of process
mining [9]. In this section, process mining and its techniques are presented.

2.2.1. Event logs and activity instance logs

Modern IT systems record and store process execution data in event logs, i.e., sets
of timestamped events capturing the execution of the activities in a process [1].
An activity (a.k.a. activity model) represents a task that can be executed multiple
times within a business process for different cases. For example, activity “Register
invoice” can be performed for multiple invoices in an invoice handling process.
An activity instance refers to a single execution of a specific activity, e.g., activity
instance of “Register invoice” executed on 12/10/2024 from 08:30:12 to 11:30:00
for case 510 [100].

An activity instance can transition between various states during its execution.
These states and their corresponding transitions are represented in a state transi-
tion diagram, as shown in Figure 5. When an activity instance is created, it enters
the init state, indicating that it is recorded in the system. Then, when an activity
instance is enabled, it enters the ready state, indicating that it is ready to be exe-
cuted. During the init and ready states, the execution of an activity instance is not
started. From the ready state, the activity instance can be started, i.e., enter the
running state. Once the execution of an activity instance has been completed, an
activity instance enters the ferminated state. If a particular activity instance is not
required for a specific case, it can be skipped. This is represented by a transition
from the not started to the skipped state. An activity instance is considered closed
when it is in either the terminated or skipped state [100].
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Figure 5. State transition diagram for activity instances [100].

An event log contains information about state changes of each activity instance
(e.g., enablement, start, end, or completion of activity instances). In this thesis,
we use the concept of activity instance log to represent the execution of a set of
cases in a process. An activity instance log is an event log in which each entry
contains information about the start time and end time of an activity instance [24].
Below, we introduce several notations used in the paper, leading to a definition of
an activity instance log.

Table 2. Fragment of an activity instance log composed of 10 activity instances.

Case ID Activity Enabled Time Start Time End Time Resource
510 Register invoice 08:30:12 08:30:12 11:30:00 Jack
511 Notify acceptance 09:10:11 09:10:11 10:01:01 Carolyn
511 Post invoice 09:10:11 09:10:11 10:14:15 Sarah
512 Post invoice 10:25:45 10:25:45 10:30:00 Sarah
513 Post invoice 10:34:15 10:34:15 12:00:00 Sarah
514 Post invoice 09:10:11 11:30:00 13:00:00 Jack
515 Register invoice 12:08:10 12:08:10 13:00:00 Sarah
512 Pay invoice 10:30:00 15:55:50 17:00:11 Jack
513 Pay invoice 12:00:00 17:00:11 17:55:40 Jack
511 Pay invoice 10:14:15 17:55:40 18:30:15 Jack

We consider a business process that involves a set of activities A. We denote
each of these activities with . An activity instance € = (¢,Q, ., Ty, T, p) de-
notes one execution of activity ¢, where ¢ identifies the process case to which
this execution belongs to, 7, Ts, and 7. denote, respectively, the instants in time in
which this activity instance was enabled, started, and completed, and p identifies
the resource that processed the activity. Accordingly, we use @(&;), a (&), 7.(&),
7,(&), T.(&) and p (&) to denote, respectively, the process case, the activity, the
enablement time, the start time, the completion time, and the resource associated
with the activity instance &. We use (7;, 7;) to denote the time interval between
7; and 7;. We write 0(g;) = (7.(&), 7;(&)) to denote the waiting time of &;, rep-
resenting the interval since & became available for processing (7,(g;)), until its
recorded start (75(€;)). The processing time of g is pt(g;) = (75(€), 7.(€;)). We
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use (7;,T;) € (T, ;) to denote that the interval (7;,7;) is contained in (7, 7;), i.e.
7, > T and 7; < 7. With (7;,7j) L (%, 7;) we denote that both intervals (partially
or fully) overlap, i.e. 3(T, Tx) € (7, Tj) | (Tm, Tn) € (T, 7).

Given the above, an activity instance log L is a collection of activity instances
recording the data of the execution of a set of cases of a business process. Table 2
shows an example of 10 activity instances from an activity instance log, whereas
Figure 6 depicts the corresponding process model.

Post
invoice
Notify
acceptance

Figure 6. Process model example corresponding to the event log of Table 2.

Register Pay
invoice invoice

The approaches proposed in this thesis do not include transforming event logs
into activity instance event logs. Therefore, for those interested in transforming
event logs into activity instance logs, we recommend utilizing third-party services
such as bup.alR3 [101].

2.2.2. Process mining techniques

Process Mining (PM) is a family of techniques that uses the process execution
data (event logs) to analyze and improve business processes [102]. PM tech-
niques enable the data-driven BPM by supporting one or more phases of the BPM
lifecycle [99].

To support process analysts in their data-driven process improvement initia-
tives, the Process Mining Project Methodology (PM?) has been proposed [103].
PM? provides a structured approach to systematically analyze and optimize busi-
ness processes using process mining techniques. The methodology consists of
six stages (Figure 7). It starts with the (1) planning stage, where initial research
questions for the PM project are defined. Then, during the (2) extraction stage,
the event data are extracted. After these stages, one or more analysis iterations
are conducted, potentially in parallel. Each iteration involves (3) data process-
ing, (4) mining & analysis, and (5) evaluation. An iteration focuses on answering
specific research questions through process mining activities and evaluating the
discovered process models and findings. Thus, during the (3) data processing
stage, the event logs are modified to optimize them for the subsequent mining &
analysis stage, e.g., enriching event logs with additional attributes [23] such as
timestamps indicating when activity instances are enabled. During the (4) mining
& analysis stage, PM techniques are applied to the event logs to answer research

3https://bupaverse.github.io/docs/create_logs.html#Logs: _eventlog_vs_
activitylog
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questions and gain insights into process performance, e.g., by applying process
analytics [63]. The (5) evaluation stage serves to diagnose the findings obtained
through mining & analysis, verify and validate the findings, and identify improve-
ment ideas (e.g., how the process can be redesigned) that can help achieve the
project’s goals. If findings are satisfactory, they lead to (6) process improvement
& support, where the improvement ideas are implemented, followed by support-
ing operations. In this thesis, we focus on the analysis stages (3-5) of the PM?
methodology and investigate how waiting times and their causes can be identi-
fied, analyzed, and addressed.

Analysis iterations

Initialization Analysis iterations &
h Analysis iterations
Enhancement Business  Process
1. Planning Conformance Y experts  analysts
Discovery Analytics

ﬁ 9 4. Mining

u@ H & Analysis
) 6. Process
= & Support

M Em S B ?2 2 VYV v » @ ¥

=
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Figure 7. An overview of the PM? methodology [103].

Process mining supports a wide range of use cases that can be categorized
into five areas: transparency, efficiency, quality, compliance, and agility [10].
Transparency-related use cases aim at discovering and enhancing process mod-
els, including social network analysis, model repair and extension, rule mining,
and goal mining. Quality-related use cases deal with identifying and comparing
process variations (variant analysis) and analyzing reasons for process deviations
(deviance mining). Compliance assesses alignment between process models and
observed behaviors or predefined rules, and includes conformance and compli-
ance monitoring. Agility predicts future process behaviors (predictive monitor-
ing), tracks changes over time (concept drift), and suggests actions to achieve de-
sired outcomes in ongoing cases (prescriptive monitoring). Efficiency-related use
cases involve analyzing process performance to optimize operations [10]. This
thesis focuses on applying PM techniques for efficiency-related purposes, specifi-
cally for analyzing waiting times and their causes, and identifying redesigns aimed
at reducing these waiting times.

Additionally, PM techniques can be categorized as backward-looking (e.g.,
identifying the causes of bottlenecks) or forward-looking (e.g., predicting the re-
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maining processing time of a running case or providing recommendations to lower
the failure rate) [102]. Both backward-looking and forward-looking analyses can
trigger actions. This concept is known as action-oriented process mining that aims
to turn diagnostics into actions [102]. For instance, based on diagnostic results for
identifying causes of process inefficiencies (e.g., bottlenecks) in historical data,
process redesigns can be implemented. Similarly, diagnosing the current state
of a process execution can trigger improvement actions for ongoing cases [102].
This thesis aims to use backward-looking PM techniques to identify and analyze
the causes of waiting times. To translate the analysis results into actions, we then
focus on identifying process redesigns that can effectively reduce waiting times.

Another categorization of PM techniques examines these methods based on
their capabilities and application timeframe. This classification is illustrated in
the form of a pyramid in Figure 8. In this pyramid, the capability perspective is
illustrated via layers: each layer builds upon the ones below and serves as the
foundation for the ones above. Each layer comprises techniques for two types
of use cases — tactical and operational, i.e., timeframe perspective. Tactical use
cases aim to support managers in process change decisions with timeframes of a
few weeks to a few months between decision and implementation. Operational
use cases aim to provide information, issue recommendations, or trigger actions
for the running cases of business processes to improve their performance on a
day-to-day basis [99].

Augm}ented
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Figure 8. The augmented BPM pyramid: a classification of data-driven BPM ap-
proaches [99].

The first layer, descriptive process analytics, comprises techniques focused on
describing the current state of the process, e.g., the control flow of the process.
A subset of techniques in this layer focuses on performance mining, which in-
volves analyzing processes based on their performance metrics (e.g., cycle time)
and visualizing the results using performance dashboards. The second layer, pre-
dictive process analytics, builds upon descriptive analytics and goes further by
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predicting future outcomes, e.g., the remaining time of a running case. The third
layer, prescriptive process optimization, focuses on techniques to prescribe ac-
tions that, based on the current state and future predictions, can help optimize the
process performance. Prescriptive process monitoring represents the operational
perspective and includes methods to recommend actions to optimize process per-
formance in real-time or near-real-time, e.g., preventing a loan offer from being
rejected by a customer. Automated process optimization covers the tactical per-
spective and includes methods to recommend how the process can be redesigned
for better performance [99]. Recently, Al methods have been increasingly used
to address BPM-related tasks. As a result, a range of Al-driven approaches for
business process optimization has been introduced, e.g., using machine learning
models for predictive monitoring [104]. PM techniques and Al-driven approaches
can be used collaboratively, resulting in the development of (Al)-augmented pro-
cess execution (the top layer of the pyramid in Figure 8). This layer extends
beyond informing or recommending decisions, aiming instead to autonomously
manage and optimize processes to achieve desired business outcomes within the
constraints set by managers [99].

This thesis focuses on leveraging PM techniques related to descriptive process
analytics, specifically performance mining, to identify and quantify waiting times
in activity transitions. Additionally, we aim to identify the causes of these waiting
times, which also falls into the descriptive process analytics. Identifying the root
causes of specific outcomes can be seen as a more advanced form of descriptive
analytics, often referred to as diagnostic analytics [105]. While diagnostic ana-
lytics also analyzes historical data, it goes further by uncovering the underlying
reasons behind events or patterns in the data [105]. Furthermore, we intend to uti-
lize PM techniques for prescriptive process optimization, particularly automated
process optimization, to provide recommendations for process redesign to reduce
waiting times. We present the PM techniques related to descriptive (incl. diag-
nostic) and prescriptive process analytics for waiting time analysis and process
redesign in Chapter 3.
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3. STATE OF THE ART

In this chapter, a review of the state-of-the-art in data-driven waiting time analysis
and redesign is presented. The state-of-the-art review is structured to align with
the research questions defined in this thesis. The first research question (RQ1),
“How to identify causes of waiting times from event logs?” focuses on analyzing
waiting times in business processes and identifying their causes. Therefore, the
state-of-the-art review aims to answer the following question:

Q1 What process mining approaches and techniques have enabled the analysis

of waiting times and their causes?
To answer Q1, Section 3.1 reviews how waiting times have been defined and
quantified using event log data (Sec. 3.1.1), presents existing process mining tech-
niques for analyzing waiting times (Sec. 3.1.2), and examines the process mining
methods for discovering and analyzing the causes of waiting times (Sec. 3.1.3).
The second research question (RQ2), “How to identify redesign options to ad-

dress improvement opportunities to reduce waiting times?” focuses on redesign-
ing business processes to address waiting times. Consequently, the state-of-the-art
review aims to answer the following question:

Q2 What approaches, frameworks, and techniques have been used to identify

redesigns to reduce waiting times?

To answer Q2, Section 3.2 reviews the existing methodologies and approaches
analysts have used to redesign processes to reduce waiting times (Sec. 3.2.1),
presents the collections of redesign options (Sec. 3.2.2), and examines existing
solutions enabling semi-automated process redesign (Sec. 3.2.3).

3.1. Data-driven analysis of waiting times and their causes

The first research question (RQ1) of this thesis focuses on analyzing waiting times
in business processes and identifying their causes. Therefore, this section presents
state-of-the-art process mining techniques for quantifying and analyzing waiting
times, and then examines how these techniques are used to identify and analyze
the causes of waiting times.

3.1.1. On the notions of waiting time

The first question (Q1) of the state-of-the-art review focuses on the analysis of
waiting times and their causes using process mining. However, before conducting
the analysis, it is essential to first calculate the durations of these waiting times
from event log data, i.e., to quantify waiting times. Existing research provides
multiple definitions and methods for quantifying waiting times. Therefore, this
subsection explores the different notions of waiting time that have been used in
existing research to define and quantify waiting time durations. This discussion is
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relevant to this thesis, as quantifying waiting time durations serves as the founda-
tion for further analysis and identification of their causes.

Existing research offers different definitions of waiting time when quantifying
its duration. From a granularity perspective, waiting time can be measured at the
level of an entire case or at the level of an individual activity instance [16]. At the
case granularity level, waiting time is defined as periods when no work is being
performed on the case as a whole. In contrast, at the activity instance granularity
level, waiting time refers to periods when a specific activity instance is waiting
to be processed, even if other activity instances within the same case are being
actively worked on. Thus, the activity instance granularity level offers a more
detailed view of where the waiting times occur compared to the case granularity
level. In this thesis, we use the activity instance granularity perspective for quan-
tifying waiting times. This approach allows us to measure the specific periods
when individual activity instances are waiting. Following this quantification, we
then conduct further analysis to identify the causes of these waiting times.

Ali et al. [16] describe five distinct approaches to measuring waiting time: sim-
ple waiting time, control-flow waiting time, idle time, shelf time, and customer-
perceived idle time. These five notions of waiting times are depicted in Figure 9.
The figure illustrates the execution of three cases in a process with three activities
(A, B, and C), where activities B and C are parallel, i.e., they can be executed in
any order, or their execution may overlap. The most commonly used approach
is to measure simple waiting time, i.e., an interval between the start time of an
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Figure 9. Different notions of waiting times [16].
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activity instance and the end time of the most recently completed activity instance
of the same case [106, 28, 107, 108, 29, 44, 43, 109, 110]. Control-flow waiting
time is the interval between the start time of an activity instance and the time it
was enabled from a control-flow perspective [111, 112, 113, 114]. For example,
in Case 1 depicted in Figure 9, both Activity B and Activity C are enabled (i.e.,
ready to be executed) when Activity A is completed. Therefore, there are two
intervals of control-flow waiting time: (1) between the completion of Activity A
and the start of Activity B, and (2) between the completion of Activity A and
the start of Activity C. Idle time refers to intervals when no work on the case is
being done at all [115, 116, 117, 118] and often coincides with simple waiting
times. However, in contrast to simple waiting time, idle time considers paral-
lelism, external delays, and other non-activity-related waiting times (as in Case
2 in Figure 9) [16]. The idle time differs from control-flow waiting time in that
idle time focuses on the case granularity perspective, identifying periods when no
work is being done on the case as a whole. In contrast, control-flow waiting time
focuses on the activity instance granularity perspective, identifying periods when
individual activity instances are waiting to be executed. The control-flow waiting
time of a case is calculated by summing the control-flow waiting times of its ac-
tivity instances [16]. Shelf time corresponds to the waiting time due to external
factors, i.e., intervals when the activity instance is enabled, the assigned resource
is available, but the activity instance is not started due to external factors [119]
(e.g., waiting for a response from a customer [21]). Finally, customer-perceived
idle time refers to waiting periods observed by the customer [42, 27, 120, 44, 43,
19]. It is quantified as the interval between the end time of one activity instance
involving customer interaction and the beginning of another such activity instance
within the same case.

To quantify waiting times, this thesis examines waiting time intervals using the
definition of control-flow waiting time. Control-flow waiting time is particularly
useful as it identifies periods when each individual activity instance waits to be
executed once enabled, representing the lowest granularity level among the five
notions of waiting times. Therefore, control-flow waiting time can highlight more
potential improvement opportunities for optimizing the temporal performance of
business processes.

As a result, to enable the waiting time analysis, the waiting time durations
need to be first quantified. Waiting times can be measured at different levels of
granularity, either at the case level or the activity instance level, with the latter
providing a more detailed view. Five distinct approaches to measuring waiting
times are available: simple waiting time, control-flow waiting time, idle time,
shelf time, and customer-perceived idle time. The thesis specifically focuses on
control-flow waiting time due to its ability to quantify periods when individual
activity instances are waiting (the lowest granularity level). While we base our
research on how the control flow waiting time is quantified, we extend this by
identifying the causes of these waiting times.
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3.1.2. Data-driven analysis of waiting times

Once the waiting times are quantified, they can be analyzed. Therefore, this sec-
tion reviews the current state-of-the-art research on process mining approaches
for analyzing waiting times. This discussion is particularly relevant to this thesis,
as it also focuses on analyzing waiting times using process mining.

The research on process mining for analyzing waiting times can be broadly
categorized into descriptive approaches, predictive & what-if approaches, and
data refinement approaches [16]. Descriptive approaches focus on extracting
statistics and visualizing business processes to analyze waiting times in “as-is”
processes [16]. Predictive approaches estimate the remaining time of ongoing
cases, including predicting delays [109]. What-if approaches examine the im-
pact of changes in business processes on their temporal performance [16], such as
how altering staff schedules can affect resource utilization and waiting times [44].
Data refinement approaches analyze waiting times to improve the quality of event
logs [16], e.g., by enhancing the accuracy and precision of timestamps in event
logs [121]. In the context of this categorization, this thesis considers descriptive
approaches (as we analyze the “as-is” state of waiting times in business processes
and their causes) and what-if approaches (as we analyze how the process redesigns
could impact the temporal performance).

Following the quantification of waiting times, descriptive process mining ap-
proaches facilitate the analysis of waiting times. Thus, multiple case studies
demonstrate the application of process mining techniques for analyzing waiting
times in different domains. For instance, Uysal et al. [17] present a case study
where PM techniques were used to analyze an event log of a production process.
In particular, they quantified and visualized waiting times between workstations
and identified bottlenecks in the form of the highest waiting times between these
stations (see Figure 10). This analysis enabled them to pinpoint critical areas for
process improvement.
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Figure 10. Visualization of median waiting time (blue color scale) and service time (red
color scale) on the general assembly (GA) line and subassembly stations (SA). The major
bottleneck in the process is formed by the general assembly station GA16 [17].
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Erdogan et al. [18] applied PM techniques to analyze waiting times in a hospi-
tal emergency process. They identified the highest waiting times between activi-
ties and those exceeding expected durations (e.g., waiting times for urgent cases
exceeding an average of 30 minutes) as improvement opportunities. Similarly,
Singh et al. [19] analyzed waiting times between activities in a healthcare surgical
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process and identified the highest mean waiting time as a bottleneck, marking it
as a key improvement opportunity. Stefanini et al. [122] exploited PM techniques
to analyze temporal performance in emergency departments. Among others, they
compared waiting times between winter and summer periods and focused on the
highest differences to identify areas of improvement, such as when in summer pa-
tients waited on average 93 min before the first visit compared to 80 min in winter
(see Figure 11).
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Figure 11. Care pathways of patients in the emergency department in summer and winter
periods (key differences highlighted with circles) (excerpt) [122].

Tridalestari et al. [20] combined PM techniques with data mining to analyze
waiting times in the e-commerce process. They used process mining to identify
before which stages high waiting times are observed, indicating delays. Subse-
quently, they applied clustering techniques from data mining to determine which
specific locations (provinces from where the goods were shipped) were most af-
fected by these delays. Pan and Zhang [22] employed process mining techniques
in a case study to analyze a building construction project. In particular, they dis-
covered and examined participant-specific process models to identify inefficien-
cies, such as delays in transitions between process participants. To identify these
inefficiencies, they focused on longer average waiting times in transitions between
two participants, which are highlighted with bolder red arrows in Figure 12.

As a result, this review addressed the first part of Q1 (“What process mining
approaches and techniques have enabled the analysis of waiting times and their
causes?”’) by focusing on the PM techniques for waiting time analysis. The re-
viewed studies describe the application of PM techniques to quantify and analyze
waiting times. Most of them focus on the highest waiting times as the main inef-
ficiencies and primary targets for improvement. While these studies describe how
the waiting times have been analyzed, they do not consider the question of how to
attribute waiting times to their causes. Therefore, this thesis extends the existing
research by examining how the waiting time causes can be identified from event
logs.

3.1.3. Causes of waiting times

When analyzing waiting times, it is crucial for analysts to understand the root
causes of waiting in order to identify relevant and effective redesigns [1]. This
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Figure 12. Participant-specific process model of a building construction process from the
mean duration perspective [22].

section reviews the causes of waiting times considered in existing studies, such
as batching, resource contention, prioritization, and resource unavailability. Ad-
ditionally, it presents how correlation-based analysis has been applied to identify
the patterns occurring in the process that are associated with waiting times. This
discussion is particularly relevant to this thesis, as its primary aim is to provide
an PM-based approach for discovering and analyzing the causes of waiting times
using event logs.

Waiting times can be associated with external and internal sources w.r.t. the
executed process [16]. Internal sources of waiting time relate to events within
the scope of the executed process, e.g., waiting while resources are engaged in
activities of the same process. External sources, on the contrary, relate to events
outside of the process scope, such as waiting when resources are occupied with
activities of a different process within the organization, waiting for a delivery
from a supplier, or a response from a customer [21]. Similarly, waiting times
can be associated with external and internal sources w.r.t. the organization where
the process is executed [16]. Thus, internal sources of waiting time relate to the
actors inside the organization’s scope, e.g., waiting while resources are engaged
in activities of the same or different processes in the organization. Consequently,
external sources relate to the actors that operate outside the organization where
the process is executed, e.g., waiting for input from an external business partner,
supplier, or customer [1].

This thesis classifies the sources of waiting times as internal and external w.r.t.
the data captured in event logs [16]. From this perspective, internal sources of
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waiting time are those identifiable from the data recorded in event logs and in-
clude factors such as batching, resource contention, prioritization, and resource
unavailability [16]. In contrast, external sources of waiting time cannot be identi-
fied exclusively from event log data due to the absence of necessary information
captured in event logs. Identifying such external sources of waiting time requires
analysts to access additional data, such as contextual information. Thus, external
sources of waiting time include scenarios such as waiting for an external party’s
input, e.g., customer’s response [21], delays caused by exceptions or incidents
not recorded in the event log [123], waiting required by procedures (e.g., patients
waiting for the treatment to take effect [80, 81]), and waiting when resources are
engaged in activities of the same or different processes not documented in the
event log [16]. This thesis focuses on the data-driven identification of waiting
time causes from event logs and, thus, aims to distinguish and quantify the in-
ternal sources of waiting times w.r.t. the event log data. Further, we discuss the
internal sources of waiting times in more detail and review the techniques for their
identification and analysis.

Batching occurs when a resource accumulates cases to process them together
as a group [26]. Batch processing is often used to solve scheduling problems [124]
and reduce processing times and costs [45, 124] by executing multiple cases
together. However, introducing batch processing requires accumulating cases,
which increases waiting times [45, 125, 126, 116]. In this way, waiting time due
to batching occurs when an activity instance is ready to be executed but waits
because the resource collects other instances to form a batch. As such, batch
processing implies a trade-off between reduced processing times and increased
waiting times [127, 116].

Process mining techniques enable the discovery of batch processing behav-
ior from event logs. For instance, Nakatumba [128] mines the resource behavior
from event logs (incl. when resources employ batches) and addresses the prob-
lem of accurately reproducing batch processing behavior in simulation models.
Wen et al. [129] propose a process mining technique to discover batch processing
from events logs to discover batch processing workflow models. Pufahl et al. [26]
utilize event logs to enhance process models (both visualization and simulation
models) by incorporating batch processing into them. Pika et al. [130] propose an
approach for discovering batch processing from event logs and discusses, in par-
ticular, how to identify batch processing from multiple perspectives of a business
process, such as activity, resource, and data perspectives.

Martin et al. [127] proposed a process mining-based approach to discover three
types of batch processing based on how activity instances are processed within a
batch: in parallel, simultaneously, or concurrently with a partial overlap in pro-
cessing times. Additionally, they use various metrics, such as frequency of batch
processing, batch size, duration of activity instances in a batch, and waiting time
of activity instances in a batch, to describe batching behavior. In their subsequent
research, Martin et al. [24] extended their approach to discover batch processing
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behavior at the subprocess level (i.e., when a resource performs a series of activ-
ities for a particular case). Furthermore, Martin et al. [25] proposed a technique
for identifying rules that trigger batch processing activities. This thesis aims to,
among others, identify and analyze waiting times associated with batch process-
ing. Thereby, we build on existing research to identify batch processing activities
and their behavior.

Process mining techniques have also been applied to assess batch processing
performance and explore their impact on process performance. Thus, in addition
to batch discovery, in [131], batch processing behavior is visualized and quanti-
tatively analyzed to identify specific patterns (e.g., how long it typically takes to
form a batch in a given batch processing activity) and detect outliers. Similarly,
Klijn and Fahland [116] propose several measures for quantifying batch process-
ing performance using PM techniques. These measures include intra-batch case
interarrival time (i.e., the time between arrivals of two successive cases within a
batch), case interarrival time (i.e., the time between arrivals of two cases consider-
ing both batched and non-batched cases), batch interval (i.e, the time between two
successive batches are started to be processed), batch size, and batch frequency.
Pufal et al. [26] examine how overall process performance can be improved in
terms of time (average cycle time) and cost (average cost of process execution)
by simulating and comparing different batch processing strategies. While these
studies use event logs to analyze the performance of batch processing, they do not
specifically focus on the waiting times associated with batch processing. There-
fore, we extend existing work by identifying different types of waiting times re-
lated to batch processing and their impact on process performance to identify
potential improvement opportunities.

Resource contention occurs when an activity instance is ready to be exe-
cuted but cannot start because the resource(s) required to perform it are occupied
with another activity instance [44, 132, 33]. Resource contention often leads to
queues, where multiple activity instances accumulate while waiting for occupied
resources [1]. Therefore, waiting times related to resource contention are com-
monly examined in the context of queues. Notably, many case studies examining
queues focus on the healthcare domain since queues and long waiting times are
common for hospitals [44]. Thus, Antunes et al. [44] apply process mining to
analyze queues of patients in an emergency department process. They focused on
analyzing waiting times at one particular point of the process, specifically between
the patient’s arrival and the start of the first activity. They examined the waiting
time distribution throughout the day to identify peak times with the longest queues
and highest waiting times. Similarly, Petitdemange et al. [132] use PM techniques
to analyze waiting times in the phone call queues in the emergency call center
process. They analyzed, among others, how long patients typically wait in queues
before the phone call is picked up.

Some process mining techniques (often combined with queuing theory tech-
niques) support the identification of queues and waiting times caused by queuing

44



effects, i.e., when activity instances wait in a queue until being processed [133,
27, 44]. For instance, Yampaka & Chongstitvatana [27] describe the use of PM
techniques combined with a queuing system to analyze temporal performance in a
healthcare process. They employed PM techniques for process discovery and ap-
plied queueing theory to assess temporal performance. They noted that customer
waiting time in queues was one of the key metrics for their analysis. Nguyen et
al. [28] propose a PM-based approach to analyze dynamic flow performance from
event logs, specifically examining how queues build up and the amount of wait-
ing time they induce at each stage of the process. In the reviewed studies, since
queues were observed, all waiting times were attributed to queuing. Although
queuing can indicate resource contention, it is a symptom rather than an underly-
ing cause of waiting times (i.e., we need to understand what causes the queue to
build up). Additionally, other potential causes, such as prioritization or resource
unavailability, which could also contribute to queues and associated waiting times,
were not considered in these studies. Therefore, this thesis aims to explore how
waiting times can be attributed to multiple causes.

Queuing models are also commonly used for simulation and prediction, in par-
ticular, of waiting times [28]. For instance, Whitt [134] proposes a technique to
predict each customer’s waiting time in the queue before the service is started.
Senderovich et al. [135] propose techniques for predicting delays for a running
instance of a service process due to the queuing effects. Kyritsis and Deriaz [136]
propose using machine learning techniques as an alternative to the queueing mod-
els to predict waiting times in queueing scenarios. However, this thesis focuses on
the performance analysis and diagnostics of waiting times in business processes
to identify their causes, rather than on predicting waiting times.

Prioritization causes waiting times when an activity instance is ready to be
executed, but the assigned resource starts a higher priority activity instance that
was enabled later (i.e., after the lower priority one) [137, 31, 29]. In this situation,
it is assumed that the resources shall follow the FIFO order of processing of the
activity instances (i.e., instances enabled earlier are processed first) while some
activity instances are prioritized and violate the FIFO order!. For example, Prem-
chaiswadi and Porouhan [137] highlight that in the process of manuscript peer
review, reviewers may be busy with other commitments and are not able to partic-
ipate in manuscript revision tasks. This signifies prioritization and subsequently
induces waiting times into the review process [31].

Multiple studies indicate that prioritization impacts waiting times in business
processes [139, 140, 29, 141]. For instance, in healthcare, the most prevalent pri-
oritization method involves classifying patients into urgency groups, which results
in shorter or longer waiting times based on the severity of their condition [140].
Thus, in their performance analysis of emergency room processes, Rojas et al. [29]

"We note that other orders of processing (a.k.a. queue disciplines) exist, such as LIFO (i.e.,
instances enabled later are processed first), processor sharing, and priority queue [138]. However,
in this thesis, we consider prioritization as any order of processing except for FIFO as in [16].
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distinguish cases with different priorities (five types ranging from low to high
severity), which impact the waiting times and overall process duration. Similarly,
Thullner and Rozsnyai [30] describe how waiting times differ between “premium”
and “regular” customers, with orders from “premium” customers prioritized over
those from “regular” ones, resulting in shorter waiting times for “premium” cus-
tomers. Jdger and Roser [31] examine the impact of prioritization on waiting
times and experimentally validate (through simulation) that prioritizing certain
orders decreases their waiting times at the cost of increasing the waiting times for
non-prioritized orders. Although these studies highlight the dependency between
prioritization and waiting times, they do not focus on quantifying waiting times
specifically due to prioritization or consider other potential causes of waiting.

Several PM techniques allow identifying prioritization and discovering how
the prioritization is executed. For instance, Suriadi et al. [32] propose a process
mining technique for discovering the prioritization strategies the resource employs
from event logs, i.e., the manner in which resources prioritize their work. More
specifically, for each activity and resource, they identify which queueing disciple
is employed — FIFO, LIFO, or priority-based, i.e., priority is determined by some
pre-determined rules. Additionally, rule-based process mining techniques allow
for the discovery of specific patterns in process execution based on frequently ob-
served behaviors, such as specific sequences of activities (e.g., activity x occurs at
the beginning of every trace) [142] or batch activation rules [25]. Similarly, rule-
mining techniques can be applied to discover patterns according to which activity
instances are prioritized. In this thesis, we build on these studies to identify activ-
ities where prioritization is employed and to discover specific prioritization rules
(i.e., rules according to which cases were prioritized). Additionally, we extend the
existing research by identifying waiting times associated with prioritization.

Resource unavailability is a source of waiting times when an activity instance
is ready to be executed but cannot start because the resource(s) required to per-
form it are off duty, i.e., not available according to their working schedules [111,
143, 34, 33]. Aissaoui et al. [33] propose an approach to identify bottlenecks
and their causes in complex processes with a high number of activities, resources,
and flows, such as healthcare processes. Among their findings, they identify bot-
tlenecks where patients are waiting for doctors to arrive at work (e.i., become
available). However, in their approach, the identification of bottleneck causes is
performed manually. Toosinezhad et al. [34] introduce a process mining-based
approach to detect event patterns that frequently precede dynamic bottlenecks, in
particular, the unavailability of a worker or machine. Although these studies rec-
ognize resource unavailability as a potential source of waiting time, they do not
specifically focus on attributing and quantifying waiting times due to resource un-
availability. This thesis addresses this gap by identifying and measuring waiting
times specifically caused by resource unavailability.

Several studies focused on mining the resource availability patterns from event
log data. For instance, Nakatumba [128] mines the resource behavior from event
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logs (such as the time a resource is available for a specific process, and the pe-
riods of time over which a resource works) and addresses the problem of accu-
rately reproducing resource behavior in simulation models. Lopez-Pintado and
Dumas [13] and Martin et al. [35] suggest techniques for discovering resource
availability calendars from event logs describing their working schedules. We
build on this research to identify resource (un)availability and further extend it by
identifying the associated waiting times.

Several existing studies have also utilized correlation-based analysis to dis-
cover the process patterns associated with waiting times. For instance, Ferreira
& Vasilyev [21] present a technique to identify why some cases in a process take
longer time to complete. They identify case characteristics correlating with higher
delays, e.g., when a specific activity occurs in a case, or when a specific resource
is involved, the case is likely to have higher waiting times. Likewise, De Leoni &
van der Aalst [144] combine some of the existing correlation analysis techniques
to identify how different process characteristics correlate with the process perfor-
mance, e.g., if process deviations cause delays. Similarly, Hompes et al. [107]
propose an approach based on time series analysis to detect cause-effect relations
between process characteristics and performance indicators, e.g., if the waiting
time for the receipt of payment depends on the time of day. Pan and Zhang [22]
apply correlation analysis to identify associations between extended waiting times
(i.e., delays) and such factors as involved resources, resource roles, handovers of
work, and the involvement of external participants. Toosinezhad et al. [34] in-
troduce an approach to detect event patterns that frequently precede (and, thus,
might lead to) dynamic bottlenecks. While these studies take a correlation-based
approach to analyzing waiting times, this thesis aims to identify and quantify the
causes of waiting times and consider their impact on process performance.

As aresult, this review addressed the second part of Q1 (“What process mining
approaches and techniques have enabled the analysis of waiting times and their
causes?”) by focusing on the PM techniques for the discovery of waiting time
causes. The state-of-the-art has revealed a range of PM techniques that enable
the data-driven discovery and analysis of specific factors related to waiting times,
such as batching, resource contention, prioritization, and resource (un)availability.
Batching has been extensively studied using PM techniques to discover batch pro-
cessing behaviors and evaluate their impact on process performance. Similarly, re-
source contention has been explored through process mining and queuing theory
techniques to analyze queues and the associated waiting times. PM techniques
have also been employed to discover prioritization and its strategies. Addition-
ally, PM techniques have been developed to discover resource availability calen-
dars. However, while resource unavailability has been recognized as a source of
waiting, less emphasis has been placed on quantifying its effects. Furthermore,
correlation-based techniques have been employed to link specific process charac-
teristics or patterns to waiting times, providing insights into potential causes of
higher waiting times (i.e., delays).
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Predominantly, the proposed PM techniques focus on identifying the presence
of a particular phenomenon (e.g., batching) and its description (e.g., batching
strategies) or identifying a singular source of waiting time (e.g., due to queue-
ing effects). This thesis builds on existing research by examining the same po-
tential causes of waiting times: batching, resource contention, prioritization, and
resource unavailability. It extends this research by considering all these causes
collectively and exploring how waiting times can be attributed to multiple causes.
Additionally, the analysis of these waiting time causes is further extended by as-
sessing their impact on temporal process performance using the CTE metric.

3.2. Redesign for waiting time optimization

The second research question (RQ2) of this thesis focuses on identifying redesign
options to reduce waiting times in business processes. Therefore, this section
reviews the state-of-the-art in response to Q2: “What approaches, frameworks,
and techniques have been used to identify redesigns to reduce waiting times?”’
First, it presents the approaches utilized by analysts to redesign business processes
with the goal of reducing waiting times. Second, it reviews the collections of
redesign options drawn from literature and practical applications. Finally, this
section discusses semi-automated process redesign approaches.

3.2.1. Approaches for process redesign to reduce waiting times

This section reviews the approaches employed by analysts to redesign business
processes aimed at reducing waiting times. Specifically, it presents methodolo-
gies for process redesign and examines how waiting times have been addressed in
domain-specific initiatives. This discussion is relevant to this thesis, as it helps to
understand how analysts have identified redesign options to reduce waiting times
in real-life scenarios.

To reduce waiting times and improve the temporal performance of business
processes, several methodologies can be followed. For instance, Six Sigma
methodology suggests applying statistical analysis to identify and eliminate in-
efficiencies such as defects and variability (e.g., in waiting times) [36]. The Lean
methodology offers a set of principles to address waiting times, such as employ-
ing Total Productive Maintenance (TPM) [37]. TPM is a comprehensive main-
tenance strategy aimed at maximizing equipment effectiveness by improving its
overall performance, reducing waste, and ensuring zero defects and downtime.
Specifically, it includes preventive maintenance, which involves performing reg-
ular maintenance tasks to prevent equipment failure before it occurs [145]. TPM
can contribute to more stable business processes, particularly by reducing waiting
times caused by equipment downtime [145]. Another principle proposed within
the Six Sigma methodology is batch size reduction, which aims to streamline op-
erations and reduce lead times [37].
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The Theory of Constraints (TOC) implies that every system has at least one
constraint (a.k.a. bottleneck), which acts as the limiting factor impeding over-
all system performance [146], such as prolonged waiting times [147]. The TOC
prescribes identifying these constraints and first implementing targeted improve-
ments with existing resources (i.e., “exploit constraint,” and then using scheduling
techniques to synchronize the entire process with the constraint’s capacity (“sub-
ordinate all resources to global decision”). Once the constraint’s performance
is maximized, the next step is to elevate the constraint by involving additional
resources such as upgrading equipment and hiring more employees [146] (see
Figure 13). Business Process Reengineering (BPR) involves fundamentally re-
thinking and redesigning business processes to achieve significant improvements
in critical aspects such as quality, output, and speed [38]. Most distinctively, BPR
often includes a complete overhaul of existing processes [1]. However, while
these methodologies provide a framework for identifying inefficiencies, they do
not specifically describe how to redesign processes to reduce waiting times based
on their causes.

Overcome

Elevate constraint
\ Identify constraint

Subordinate all Exploit constraint
resources to
global decision‘;/
Figure 13. Process of on-going improvement according to TOC [146].

Several research studies, predominantly case studies, feature recommendations
on how waiting times can be reduced in specific domains such as healthcare. For
instance, in outpatient processes, temporal process performance can be improved
through resource capacity planning (to ensure adequate staffing) and appointment
scheduling (to optimize patient flow and minimize waiting times) [40]. In the
pathology department process, the reduction of patient waiting times by over
50% was achieved by eliminating non-value-added activities, standardizing proce-
dures, balancing workload, and optimizing resource allocation [148]. To improve
waiting times in an outpatient process, Lot et al. [39] suggest altering the schedul-
ing pattern, introducing the task tracking system to increase workload visibility,
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and changing the medical appointment scheduling software. Singh et al. [19]
analyzed waiting times in a healthcare surgical process and manually (through
interviews with process participants) identified idle periods of the process partici-
pants (i.e., when they did not actively participate in task executions). The authors
recommended making these resources shared among multiple cases instead of
dedicated to a single case. This approach allows resources to begin processing
other cases during their idle times (e.g., preparing another patient for surgery),
thereby reducing patient waiting times. Yampaka & Chongstitvatana [27] suggest
adding more resources to reduce the waiting times of customers in queues. To
reduce waiting times in a hospital emergency process, Erdogan et al. [18] suggest
performing several activities in parallel (such as conducting patient examinations
while simultaneously requesting medical orders), as well as reviewing and refin-
ing medical practices.

These studies present various redesign options to modify healthcare processes
to reduce waiting times. However, they focus on a specific domain and offer a
limited set of redesigns applicable in particular settings. In this thesis, we adopt
a domain-agnostic approach, aiming to identify a comprehensive collection of
redesign options relevant to addressing the waiting time causes.

3.2.2. Collections of redesign options

Based on the successful process redesigns, existing research has formulated re-
design patterns, defined as reusable components that have proven effective in the
past and can likely be applied successfully again [149]. Utilizing these patterns
can save time and reduce effort since a suitable solution to address process in-
efficiencies already exists [150]. Consequently, several studies have focused on
defining redesign patterns and creating collections of these redesign patterns to
assist analysts in their process redesign efforts. Reviewing these collections is
relevant because they could potentially contribute to this thesis by offering proven
solutions for process redesign aimed at reducing waiting times.

Several collections focus specifically on process model patterns that can be
applied during process modeling and contribute to process optimization. For in-
stance, van der Aalst et al. [151] described a set of workflow patterns focused
specifically on control flow, providing guidance on their implementation. Fell-
mann et al. [152] conducted an SLR to identify frequently occurring patterns in
business process models. Based on the results, they developed a pattern taxon-
omy summarizing the best practices in process modeling. Complementary to this
work, Koschmider et al. [153] examined anti-patterns, i.e., patterns that signal
inefficient or counterproductive patterns when modeling business processes and,
therefore, to be avoided. Similarly, Becker et al. [154] elicited weakness patterns
by examining 30 business process optimization projects in the banking sector us-
ing semantic business process modeling language (SBPML). Using these model
patterns, analysts can analyze the models of their business processes and identify
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how these models can be redesigned to optimize business processes. However,
process model patterns do not specifically address waiting time issues in business
processes and require process models for analysis. In contrast, this thesis focuses
on identifying redesign options that target the causes of waiting times, using event
logs as the primary source for analysis.

Existing studies provide several collections of process redesign options that
can assist analysts in process redesign efforts, extending beyond process models.
Reijers and Mansar [45] introduce a framework capturing 29 redesign heuristics
(i.e., generic rules to enable process changes) collected from literature and prac-
tical experiences. Such heuristics aim to transform a business process from an
“as-is” state to a desired “to-be” state [155]. This framework categorizes redesign
heuristics according to the business process components they target: customers,
business process operation, business process behavior, organization, information,
technology, and external environment. For each redesign heuristic, they specify
how it impacts process performance (in terms of time, cost, quality, and flexibil-
ity), limits to and tool availability for its application, application examples, and
references. For example, a redesign heuristic, “Extra resources” (see Figure 14),
prescribes increasing the number of resources when current capacity is insuffi-
cient. This heuristic targets the resources that execute tasks in the process and,
thus, belongs to the category of organization: population. Adding extra resources
can reduce process time and increase flexibility, but it also leads to increased costs.
The framework highlights that algorithms are available to assist in the optimal al-
location of additional resources. Application examples of this heuristic include
optimizing resource allocation in a telephone operator company.

Framework Rule Impact Limits Referred Technique Tool Application
clements name on BP to by used availability examples

Organization: Extra re-  \ Time, Berg and Increase ca-  None None
population sources 7 flexibility, Pottjewijd [38]  pacity if possi-
/" cost ble, but not if
it only moves
the bottleneck
Van Hee etal.  Discussion of  Algorithms Example of a telephone operator company
[47) the  optimal-
ity of several
strategies  to
optimally allo-
cate additional
resources  in
a business
process

Figure 14. Excerpt from the business process redesign framework [45].

Fehrer [46] complemented the study of Reijers and Mansar [45] by present-
ing a collection of 50 redesign patterns for process improvement observed in the
field (partially overlapping with the redesign heuristics presented by Reijers and
Mansar [45]). Similarly, this collection categorizes the redesign patterns based
on the business process components they are oriented towards (e.g., customer,
organization, operation) and the motivation for redesign (e.g., sustainability, hu-
man resource productivity). For each redesign pattern, they provide its definition
and detail the impact on process performance in terms of time, cost, quality, and
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flexibility (in some cases, also sustainability and customer centricity). Addition-
ally, practical guidelines for implementing the patterns, examples of successful
applications, and references to further resources are included. For instance, the
redesign pattern “Establish standardized interfaces” prescribes using standardized
interfaces with customers and partners to reduce errors, incomplete applications,
and unintelligible information exchanges. The application of this pattern should
ultimately result in faster processing times. In addition to the pattern description,
they provide a related case study demonstrating how the check-in process was
streamlined at the BPM Conference 2023.

Reijers and Mansar [45] and Fehrer [46] provide collections of diverse re-
design options. While these studies focus on how processes can be changed, they
do not necessarily detail when these redesign options are relevant to apply, i.e.,
which inefficiencies or issues can be tackled [156, 155]. Furthermore, several re-
design heuristics can be used to address one specific issue [155]. In response to
these challenges, Falk et al. introduced a catalog of 20 BPI patterns derived from
the four existing collections of redesign patterns (namely, [45, 157, 158, 159]).
The notion of a BPI pattern aims to connect a solution (i.e., process redesign)
with a problem (i.e., process issue).

A metamodel of a BPI pattern is presented in Figure 15. The metamodel cen-
ters around the BPI pattern, identified by a unique name and illustrated with an
example. Each BPI pattern is defined by a specific problem, context, and solu-
tion. The problem highlights the issues to be addressed, while the context outlines
conditions for the pattern’s applicability. The solution is linked to a mechanism
detailing the instruction of how this solution can be applied (e.g., elimination
of activities or modifications of the control flow). Optionally, the solution also
provides building blocks, i.e., pre-built models for implementation that can be di-
rectly implemented within a process model. The goal of applying a BPI pattern is
to achieve improvements, such as cost or time reductions (i.e., effect), which are
measured using performance indicators to verify the effectiveness of the changes.

Problem [ ! Effect
Name Name
Description Cost
Consequences Time
- 1 1.* L* Quality
Context 1 1.% BPI Pattern Flexibility
ij\:::ction Name L* R =
Characteristics ,— Example 1 Performance
Building Block L2 Soluti ! dieator
Lt Name
Name 0.* Name Perf. Measures
Model Measures )

Figure 15. Metamodel of a BPI pattern [155].

According to the defined metamodel, 20 BPI patterns are described. For
instance, BPI Pattern 2, named “Divide complex processes into smaller sub-
processes,” includes an example illustrating a problematic scenario (see Fig-
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ure 16). The problem description identifies three key issues — a wide range of
activities, complex control flow, and various inputs. This is followed by the con-
sequences that these issues induce into the process, e.g., long waiting times. The
context specifies which process components, such as activities and inputs, are
suitable for redesign. The solution then details how to implement the redesign
using the mechanism of control flow modification (i.e., by modifying the con-
trol flow). Finally, the expected effects (e.g., shorter waiting and cycle time) and
performance indicators to measure (e.g., cycle time) are outlined.

Falk et al. [155] developed their collection of BPI patterns by drawing from
four existing redesign pattern collections. They also highlighted that this collec-
tion can be expanded further by incorporating redesigns from the broader litera-
ture on business process improvement. Following this idea, we conducted an SLR
where we reviewed 204 papers describing methods or cases of how improvement
opportunities have been identified and how the processes have been redesigned,
focusing on the case studies (i.e., describing practical cases of process analysis
and redesign) [47]. From the review, 80 improvement opportunities and 64 pro-
cess redesign patterns were identified. Based on the obtained results, we derived a
catalog of defined improvement opportunities and the redesign patterns available
to address each improvement opportunity. This collection complements the ex-
isting studies by providing a wider range of redesign patterns and bringing more
focus on which improvement opportunities can be addressed with particular re-
design options. The catalog is organized into four content parts:

1. Improvement opportunity part includes the improvement opportunity’s
name, definition, and an example from the reviewed papers.

2. Redesign part covers applicable redesign patterns for addressing the im-
provement opportunity, their definitions, and examples of their application.

3. Redesign impact specifies the process performance dimensions positively
and negatively impacted by each redesign pattern, namely time, cost, qual-
ity, and flexibility (based on the Devil’s Quadrangle framework presented
in Section 2.1.2).

4. References part contains references to the reviewed papers describing this
improvement opportunity and/or redesigns.

An excerpt of the catalog of improvement opportunities and redesign patterns
is provided in Figure 17. For instance, the improvement opportunity “Similar pro-
cess variants (in different facilities)” is defined as the occurrence of two or more
process variants that are similar in how they execute cases across different facili-
ties, departments, or locations. This opportunity is illustrated with two examples
from case studies in manufacturing and retail company settings. To address this
improvement opportunity, two redesign patterns can be applied. Process general-
ization recommends centralizing similar process variants in one location to reduce
duplication of effort. Process standardization prescribes eliminating process vari-
ants to ensure uniform execution across different facilities. Further, examples of
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BPI PATTERN 2: Divide complex processes into smaller sub-processes

Example:
Within the scope of an invoicing process, the additional tasks of billing working hours and material
consumption as well as updating inventories are conducted. As numerous tasks are included in just one
process, it is very difficult to manage, and many process instances that have been initialized are
pending at a particular time. Since the invoicing process has to wait until all included tasks have been
finished, its total cycle time from start to completion is quite long and the proportion of waiting time is
extremely high.

PROBLEM:

Description:
Wide range of activities: One process deals with many different tasks and therefore contains a rather
large number of activities that are only loosely connected regarding their underlying functions.
Complex control flow: The control flow is characterized by a large number of decision points,
branches, and loops making it difficult to determine or follow the routing of a particular business case.
Various inputs: A plethora of inputs that have to be coordinated and provided in time, are required to
correctly perform the activities of the process. Due to multiple dependencies, waiting times increase
while the availability of necessary input is checked.

Consequences:
Since the process is inflated with activities that are merely loosely related to the process” central task, it
becomes complex and difficult to manage. The flexibility of such a process, in the sense of its ability to
adapt to changing requirements, is low, as simple change requests can escalate into unmanageable
large projects. Because of the confusing process design and situations during a process run, error rates
increase. Overall cycle times also increase because frequently making decisions or waiting for input
that has to be provided by other activities delays the processing of a business case.

Cost Time Quality Flexibility
neutral negative negative negative
Longer cycle time High error rate Low adaptability
Long waiting time
CONTEXT:
Characteristics:

Activities: There arc activities within the process that can be performed individually and
independently of cach other; i.c. an activity A does not need any of the outputs produced by other
activitics within the process as an input.

Input/Output: The interfaces, regarding input-output-relationships, between the task that is a
candidate for extraction and preceding or subsequent tasks are well-defined.

SOLUTION:
Measures:
Divide one long and complex process into several sub-processes in such a way that ...
... each sub-process is short and straightforward regarding its design.
... exchange of c.g. material, information, etc. between the resulting sub-processes becomes minimal.
... organizational disruptions within each sub-process become minimal.

Mechanism: Modify control flow
Building Block: -

EFFECTS AND PERFORMANCE INDICATORS:

Applying the pattern splits a complex and overloaded process into smaller logical segments that are far
casier to understand and manage. Compared to the original process, the cumulated cycle time of the
new process segments is shorter because of fewer waiting times. Error rates decrease due to a clear
process specification and a smaller number of dependencies that have to be considered during a
process run. Since the interfaces between the sub-processes are minimal and well-defined, each
interface can be managed and changed individually which enhances flexibility in regard to change
requests.

Cost Time Quality Flexibility
neutral positive positive positive
Cost per process run Cycle time Error rate Reaction time to change
requests

Figure 16. BPI pattern “Divide complex processes into smaller sub-processes” [155].
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how these redesign patterns are applied in practice are provided, along with refer-
ences to the reviewed papers.

Improvement Opportunity Redesign Redesign Impact References
Name Definition Example Redesign Definition Example Positive  Negative
Patterns
Similar process  Two or more process A manufacturing company operates a factory, Process Having similar The logistics and organisational Time, Cost, Flexibilty 15, 151, 156,
variants (in variants that are similar a an division, and ion  processes in several processes are centralised and Quality 178, 201
different in how they execute  six sales subsidiaries. Each subsidiary has facilies, centralise  transferred to the headquarters,
facilities) the cases in different  separate but similar processes for logistics, them into one place  whereas the company focuses only on
facilities/ departments/ ~financial, and personnel affairs. [15] to reduce duplication sales and inventory management. This
locations. of effort reduces the repetition of organisational
functions and the excess of workers.
(5]
Alarge retail organization operates three Process Eliminate process  An optimised process variant is Time, Cost, ~ Flexiility
brands and has over 300 stores across these  standardisation ~ variants. developed to be adopted at all three  Quality
brands. Each of the brands executes a facilities. The process is also
number of administrative processes differently, documented to maintain compliance
including the recruitment process. I the first with the organisation’s policies. [151]

brand, the recruitment process is done by the
HR department at the Head-Office. However,
the recruitment process for the second brand
was conducted by individual store managers.

[151]
Similar process  Two or more process  In a SIM card ordering process, depending on Process Eliminate process A SIM card ordering process is Time, Cost, Flexibility 11,88
variants (for variants that are similar the SIM card type, the procurement processes standardisation  variants. standardised to become product Quality
different in how they execute  are different from each other (different independent, allowing to include new
products) the case for different  procedures are executed, and different products in the same process easily.

types of products. documents are required). [88] Thus, when a new type of card is

available, it can be ordered and
serviced using the uniform process
instead of designing a new process

variant. [88]
In the electronics retailer support service, the  Process Having similar The three centres are merged into one  Time, Cost,  Flexibility
call centre receives calls regarding different  generalisation  processes in several consolidated call centre to process  Quality
types of products. The business machines facilies, centralise  customer calls independent of the
service centre is responsible for managing them into one place  product type. Itimplied that all call
business products such as copiers and fax to reduce duplication centre agents would need to be
machines. The computer service centre is of effort retrained to handle two other centres'
responsible for servicing computer products calls. The re-engineered process flow
such as personal computers, monitors and has dramatically streamiined the
printers. The system products service centre is operations and allowed customers of
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Figure 17. Excerpt from the catalog of improvement opportunities and redesign pat-
terns [47].

These studies provide a comprehensive overview of process redesigns and
broad collections of redesign patterns for process improvement. However, in this
thesis, we focus specifically on reducing waiting times. Therefore, we base our
work on these studies to derive a collection of redesign options for addressing the
causes of waiting times and, subsequently, reducing waiting times.

3.2.3. Semi-automated process redesign

Process redesign is predominantly a manual activity executed by process ana-
lysts [48]. Recent advancements in process mining have led to the development of
semi-automated redesign approaches. This subsection reviews these approaches
and the tools that implement them. This review is relevant to this thesis, as it seeks
to offer a PM-based solution that can automatically recommend redesign options
to reduce waiting times based on the analysis of their causes.

Existing semi-automated approaches use “as-is” process models as input and
support analysts in creating and evaluating alternative models. For example, Kim
et al. [159] introduced a tool designed to facilitate the redesign of process models.
This tool enables the application of 16 workflow patterns, previously defined by
van der Aalst et al. [151], to existing process models. Thus, instead of manu-
ally restructuring process models, analysts can select and apply patterns like “se-
quential split” or “activity parallelization,” which are automatically implemented
within the process model. This tool, therefore, streamlines the modeling of “to-
be” processes and partially automates the modeling efforts of process analysts.

55



Another tool, the PrICE tool kit [49], takes an “as-is” process model (con-
taining information on the control flow, data, resources and performance of the
process) as input and highlights the possible redesign opportunities. Further, the
tool allows analysts to select specific parts of the process model that can be re-
designed with one or more of the applicable redesign operations. Analysts then
can apply the available redesign operations (such as compose tasks or parallelize
tasks) and, thus, create alternative (“to-be”) process models. Finally, the “to-be”
model can be simulated to predict its expected performance. By comparing the
simulation results, analysts can make a quantitatively supported decision on the
best alternative model. In this way, this tool facilitates the redesign of process
models and the evaluation of alternative models. Figure 19 shows a screenshot of
the PrICE tool’s interface where a process part is selected for the application of
the compose operation.
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Figure 18. Interface of the PrICE tool [49].

Existing research offers several approaches that enable automated recommen-
dations on process redesign. Thus, Mustansir et al. [48] propose an approach for
the automatic extraction of redesign suggestions by classifying end-user feedback
available in natural language. This approach utilizes natural language processing
(NLP) techniques to analyze feedback and extract relevant redesign recommen-
dations, thereby automating part of the redesign process. Another tool is called
assisted business process redesign (aBPR) [50] that allows for automated sugges-
tions on redesigns for “as-is” process models. For its analysis, the tool requires an
“as-is” process model, but it also offers the capability to discover process models
from event logs. Further, the tool employs algorithms to recommend redesign pat-
terns based on the analysis of “as-is” model structure and performance data (such
as “triage” and “parallelization”). The tool supports the 29 redesign patterns from
Reijers and Mansar [45]. For instance, the “parallelization” pattern is suggested
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when the analyst selects the time dimension for improvement and the following
conditions are met: activities are in sequence, have no data dependencies on each
other, have similar duration times, are executed by resources from different roles
(or when multiple resources with the same role are available), and there is no risk
of overloading any role by placing the activities in parallel. In the same way, the
specifications for all available redesign patterns are provided for the algorithm
to consider. Analysts can then select and apply these redesign suggestions to
create an alternative “to-be” process model. The simulation component further
enables validation of the performance of the alternative model. Figure 19 pro-
vides a screenshot of the aBPR prototype’s interface where the redesign patterns
of “Parallelism” and “Extra resource” are suggested.
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Figure 19. Interface of the aBRP prototype [50].

The proposed approaches and tools facilitate process redesign and partially au-
tomate activities conducted by process analysts. However, these approaches and
tools still largely rely on inputs from process analysts (e.g., process models and
decision interventions), use a limited number of predefined redesign patterns, and
do not specifically target the causes of waiting times when offering redesign op-
tions. Therefore, this thesis aims to address these limitations by providing an au-
tomated solution capable of recommending redesign options to address the causes
of waiting times, thereby aiding analysts in optimizing waiting times.

In order to test and validate the potential process redesigns (e.g., whether the
redesign will give a desired effect, such as reduced waiting times), analysts can
use BPS. Simulation allows for experimenting with various process parameters,
such as altering the control flow, changing the number of resources, or adjusting
work procedures (e.g., batch processing rules). For instance, Salimifard et al. [42]
used PM-based simulation to conduct what-if analyses of different scenarios to
reduce waiting times in the emergency department process. Their scenarios in-
cluded increasing the number of resources (i.e., emergency specialists), replacing
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busy resources with alternative available ones (e.g., involving an emergency spe-
cialist instead of a general practitioner), and combining two activities executed by
different resources into one executed by a single resource. These changes were
shown to effectively reduce waiting times in process simulation. Similarly, Cho
et al. [43] used simulation analysis to test several redesign options for reducing
waiting times in an outpatient process. Their strategies included adding extra re-
sources, distinguishing processes based on the case types (e.g., creating separate
reservation timeslots for new patients and follow-up patients), and eliminating
batch-processing and periodic activities. Simulation results indicated that these
strategies were effective in reducing waiting times. Antunes et al. [44] combined
process mining with discrete event simulation to optimize waiting times in an
emergency department. More specifically, they applied a mathematical model to
develop an optimal resource schedule (i.e., for physicians) aimed at reducing wait-
ing times. Further, they used simulation to compare the original process flow and
scheduling with the optimized solution. Although process simulation is a valu-
able tool for testing different redesign scenarios in a controlled environment and
validating expected gains, analysts first need to identify which specific redesign
options to apply. This thesis aims to address this need and propose a solution
that aids in identifying relevant redesign options to address each cause of waiting
times.

Additionally, a branch of research focuses on optimizing business processes
by addressing waiting time-related inefficiencies associated with specific causes.
This includes approaches that leverage advanced solvers using algorithms like
logic programming, genetic algorithms, or machine learning-based optimization
to find an optimal solution for problems such as resource allocation, schedul-
ing, and workload balancing [160]. These solvers aim to allocate resources in
the most efficient way possible to enhance process performance, in particular,
minimize waiting times. For instance, Si et al. [161] propose a Generic Genetic
Algorithm (GGA) framework that optimizes resource allocation in business pro-
cesses modeled with Colored Petri Nets (CPN) (see Figure 20). Their approach
allows to automate the search for optimal resource schemes by means of sim-
ulation, improving efficiency metrics, in particular, waiting times. EL-Rifai et
al. [51] focus on solving the human resource availability problem in the emer-
gency department to reduce patient waiting times. To achieve this, they offer a
stochastic mixed-integer programming (MILP) model that considers the variabil-
ity in patient arrivals and service times to create efficient personnel schedules. As
a result, the model aims to balance the demand for services with the available
human resources (physicians and nurses) to reduce waiting times. Similarly, Dal-
doul et al. [52] present a stochastic MILP model to reduce patient waiting times
by optimizing resource allocation in an emergency department. Their model opti-
mizes the allocation of both human resources (physicians and nurses) and material
resources (beds) and allows to reduce total patient waiting time under uncertain
demand conditions. While this research addresses waiting time inefficiencies re-
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lated to a specific cause, focusing on optimal solutions through reallocation and
rescheduling, this thesis examines multiple causes of waiting times and aims to
offer a broader range of redesign options.
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Figure 20. The Generic Genetic Algorithm (GGA) modeling framework for resource
optimization in business process simulation [161].

Park and Song [162] propose a method for optimizing resource allocation in
business processes through predictive process monitoring. Their two-phase ap-
proach involves offline construction of a prediction model with machine learning
to estimate scheduling parameters, followed by online optimization using these
predictions to improve process performance metrics, e.g., minimizing total com-
pletion time. Cals et al. [53] present a Deep Reinforcement Learning (DRL) ap-
proach for optimizing order batching and picking in warehouses, aiming to min-
imize tardy (late) orders, i.e., orders with increased waiting times. The approach
enables real-time decisions on whether to pick orders individually or in batches
and, if batched, determines the optimal grouping of orders. They introduce an
agent that makes these batching and sequencing decisions, interacting with a sim-
ulated environment to assess the impact of such decisions. These research efforts
concentrate on optimizing specific process patterns (such as batching, resource
allocation, and scheduling) within the context of ongoing cases to reduce waiting
times (i.e., addressing operational use cases [99]). This thesis, however, focuses
on identifying redesign options that modify the process to achieve long-term tem-
poral performance improvements (i.e., targeting tactical use cases [99]).
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As a result, this review addressed the Q2 (“What approaches, frameworks and
techniques have been used to identify redesigns to reduce waiting times?”), by
examining the current solutions available to support analysts in redesigning busi-
ness processes to reduce waiting times. Traditional methodologies like Six Sigma,
Lean, and BPR provide valuable frameworks for process improvement. However,
since these methodologies offer a universal approach to process improvement,
they do not specifically target waiting time reduction. Domain-specific studies,
particularly in healthcare, have effectively applied targeted redesigns such as re-
source optimization and workflow adjustments to minimize waiting times. How-
ever, these studies are limited to specific domains and offer a limited set of re-
designs applicable in particular settings. Existing research also offers collections
of redesign patterns, i.e., structured catalogs of heuristics that can aid analysts in
identifying process redesign options. Yet, these collections encompass redesign
options to improve various process performance dimensions and not necessarily
to reduce waiting times. Additionally, the redesign options they include may not
directly address the causes of waiting times. Recently, several semi-automated
tools leveraging process mining and simulation have been developed to assist an-
alysts in process redesign by suggesting and validating process changes. However,
these tools often rely on inputs from analysts, support a limited set of predefined
redesign patterns, and may not fully consider the causes of waiting times when
offering redesign suggestions. This thesis seeks to complement existing research
by addressing these gaps and proposing a solution specifically designed to offer
automated redesign recommendations that target the causes of waiting times.
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4. DISCOVERY AND ANALYSIS OF WAITING TIMES
DUE TO BATCHING

Following the first research question RQ1, we aim to identify and quantify the
causes of waiting times from event logs. Based on the review of the state-of-the-
art, a research gap (RG) is identified in the area of data-driven analysis of waiting
times and their causes:

RG1 Existing studies have not introduced an approach to attribute waiting times
observed in business process event logs to their causes.

In response, this chapter explores batching as a cause of waiting time. Batch-
ing (a.k.a. batch processing) is frequently used to optimize processing times and
costs by executing multiple activity instances together [163]. Batch processing
is a common practice applied in different domains, such as manufacturing, logis-
tics, healthcare, retail, business administration, and finance [163]. However, while
batch processing reduces processing times, it often increases waiting times [116].
If this trade-off between processing and waiting times is not analyzed, batch pro-
cessing can become a source of inefficiency [37]. Therefore, analyzing batch pro-
cessing and its associated waiting times is relevant for a broad number of business
processes.

Existing PM techniques enable the discovery of batch processing from event
logs and its behavior (e.g., batch activation rules [25], frequency of batch process-
ing, and durations of batch processing activity instances [35]). These techniques
also allow for assessing the temporal performance of batch processing activities by
measuring metrics, such as the waiting time of activity instances in a batch com-
pared to those not in a batch [35], the time between arrivals of two cases in a batch,
and the time between the start of two successive batches [116]. Additionally, by
simulating and comparing different batch processing strategies, it is possible to
examine how overall temporal process performance can be improved [26]. Never-
theless, existing process mining techniques do not specifically focus on examining
the waiting times associated with batch processing.

By its definition, batch processing comprises two stages: activity instances are
first accumulated to form a batch, after which they are batch processed [26]. Ad-
ditionally, existing research outlines different types of batch processing regarding
how cases are processed: in parallel, consecutively, or with a partial overlap in
processing time [127]. Analyzing waiting times at each stage of batch process-
ing, as well as how different batch processing types affect waiting times, can help
identify waiting time-related inefficiencies. However, existing research has not
yet examined the waiting times associated with each stage of batch processing or
how waiting times for activity instances in a batch differ depending on the type of
batch processing.

Therefore, this chapter addresses the identified research gap by exploring wait-
ing times associated with batching processing, considering its stages and types.
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First, this chapter outlines the research methodology we followed to develop the
proposed approach. Second, it conceptualizes different types of waiting times
caused at each stage of batch processing — waiting time for batch accumulation,
waiting time of a ready batch, and waiting time for other activity instances (in
the same batch) to be processed — and compares these waiting times across differ-
ent batch processing types. Third, it introduces an approach for identifying these
types of waiting times due to batching from event logs and discovering improve-
ment opportunities based on the impact of each waiting time type on the CTE.
Lastly, this section presents the evaluation of the proposed approach using syn-
thetic event log data and demonstrates the approach’s applicability on a real-life
event log.

4.1. Research methodology

The objective of this research is to develop an approach to support analysts in
analyzing waiting times associated with batching and identifying improvement
opportunities related to these waiting times. To achieve this, we followed a DSR
methodology [164] as it is suitable for designing and evaluating new artifacts
in the field of information systems research [54]. An overview of the research
process we followed is presented in Figure 21.
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Figure 21. Research process to develop Contribution 1.

First, by reviewing the state-of-the-art related to RQ1, we identified and for-
mulated the research gap (RG1) presented above. As stated in Chapter 3, this
review revealed that while existing methods allow for analyzing temporal process
performance and potential causes of waiting times, there is a gap in approaches
specifically targeting the waiting times associated with batch processing. Based
on this research gap, we defined a research objective (RO) to develop a data-driven
approach for identifying and analyzing waiting times associated with batch pro-
cessing from event logs.

Following this objective, we designed and developed the proposed approach.
The Design & Development stage was an iterative process. We began by outlin-
ing the preliminary draft of the approach design, which defined the key phases of
the approach and their components. This draft served as the foundation for our
implementation efforts, during which we developed a preliminary version of the
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approach. When developing the approach, we continuously tested its implemen-
tation to identify areas requiring refinement. For example, this testing involved
using synthetic event logs with different batch processing types to ensure the ap-
proach could identify and analyze the associated waiting times for each type. Sim-
ilarly, we ensured that at each phase of the approach, all necessary analysis data
was obtained to enable analysts to identify improvement opportunities, such as
batch processing behavior and the impact of associated waiting times on the pro-
cess performance. Feedback from these tests was translated into the refinements
we made to both the approach’s design and its implementation. Such iterations
were repeated until no further refinements were identified.

After the Design & Development stage, we proceeded to the Evaluation stage.
The evaluation of the proposed approach was conducted in two steps. First, we
used synthetic data to validate the ability of the approach to accurately discover
batch processing activities, their batching behavior, and different types of waiting
times associated with batching (i.e., accuracy verification). Second, we applied
the proposed approach to a real-life event log to demonstrate its applicability in
practical scenarios (i.e., applicability demonstration).

4.2. Approach

This section presents the proposed approach for the discovery and analysis of
waiting times due to batching from the event log data. As input, the proposed
approach takes an activity instance log as defined in Section 2.2.1. The log re-
quires to have a case identifier (ID), an activity label, a resource that executed the
activity, a start time, and an end time (see Table 3). The start and end times are
required to compute the waiting times between activity instances. The resource
is required for detecting when an activity instance is being executed as part of a
batch, implying that such instances are handled by the same resource [24]. Re-
sources are considered separately, even when they share the same role with other
resources. The enabled time of each activity instance is optional. If any of the
required elements is missing in the activity instance log, the approach cannot be
executed'.

Table 3. Requirements to the input (activity instance log) of the approach.

Required Optional Discovered by the approach
Case ID Enabled time Enabled time (if absent)
Activity Batch processing strategies

Start time
End time
Resource

'Note that these are the minimum event log requirements for the approach to function, i.e., to
identify batch processing and associated waiting times. However, certain batch activation rules, as
discussed in Sec. 4.2.2, might require additional attributes for their discovery.
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The approach consists of three phases (see Figure 22). First, given an activity
instance log, the batch processing activities —i.e., the activities that are executed in
batches — are discovered. The output of this stage is a report listing such activities
and their batch processing frequencies (i.e., the proportion of cases processed in a
batch w.r.t. their total executions). The second phase aims to analyze their batch
processing strategies, i.e., type of batch processing, batch size distribution, and
batch activation rules. The result of the stage is a report describing the batch
processing strategy per activity. The final phase aims to analyze the time that
the cases spend waiting before they are batch-processed. This includes analyzing
how batch processing and their associated waiting times impact the CTE. The
final output is a report presenting results on batch-processing activities that, based
on CTE, can be used to identify improvement opportunities to reduce waiting
time due to batching. The phases of the proposed approach are explained in the
subsections below.

Min batch size

Max in-batch gap Selected activities
Approach Outputs
Activity Instance Batch Processing Batch Processing Waiting Time Batch Processing
Log Discovery Strategy Analysis Analysis Tnefficiencies

Y Y \ 4

O <« Batch Batch
processing processing
activities strategies

Process Analyst

Impact of
waiting times
on the CTE

Figure 22. Overview of the proposed approach for the discovery and analysis of waiting
times due to batching.

4.2.1. Phase 1: Batch processing discovery

The first stage focuses on discovering batch processing activities, i.e., when a set
of instances of the same activity are accumulated to be processed together. For
the discovery of batch processing activities, we built on the approach proposed by
Martin et al. [24]. In their approach, they use event logs to identify different types
of batch processing activities. To do so, they use the resource, start, and end time
data to detect when an activity instance is being executed as part of a batch, i.e., by
the same resource, and either in sequence, concurrently, or in parallel w.r.t. other
activity instances in the batch. In this research, we focus on batches intentionally
processed as such, i.e., the activity instances were not executed once they were
enabled (available for processing) but accumulated and processed as a group. If
an activity instance becomes available for processing after the start of the batch,
it is excluded as it was not accumulated for batch processing. Accordingly, we
extend the definition of a batch with the constraint that all cases that are part of a
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batch must be enabled before the batch starts. In this context, a batch is a set of
activity instances &, C L, such that all & € &}, record the execution of the same
activity, performed by the same resource, and processed as a batch (i.e. all of them
were enabled before any of them started, and they were processed as a group).

To identify when cases become available for processing, we need the enabled
time of each activity instance. If the enabled times are missing in the log, we
estimate them and enrich the event log with the estimated enabled times. In a
sequential process, each activity instance of a case is enabled by the completion
of the preceding activity instance. However, concurrency is common in real-life
processes. For example, Figure 23 shows the execution of a case with concur-
rency between two activities. The order of the activity instances is “Register in-
voice,” “Notify acceptance,” ‘“Post invoice,” and “Pay invoice.” However, ‘“Notify
acceptance” and “Post invoice” are enabled when the activity instance “Register
invoice” completes. In the same way, “Pay invoice” is enabled only when ‘“Post
invoice” is completed. In this way, we consider each activity instance to be en-
abled by its closest non-concurrent preceding activity instance. Since the first
activity instance in a case does not have a predecessor, we assume that its enabled
time is equal to its start time. We also assume that once an activity instance is
enabled, it remains enabled until its processing starts.

Notify W

acceptance J
Pay
Post .—I—’@

invoice
.

Register
invoice

Ll

I I i i I > t
| | | [ | ”
Yenabled_post tstart_post tstart_notify tenabled_pay tstart_pay
tenabled_notity

Figure 23. Waiting time in a case with concurrent activity instances.

To detect concurrent activities (e.g., if activities “Notify acceptance” and “Post
invoice” are concurrent), in the absence of a user-provided model of the process,
we use a concurrency oracle [165]. A concurrency oracle is a function that maps
a pair of activities to true if these activities are independent of each other from a
control-flow perspective (and thus may be performed concurrently), and false oth-
erwise. A number of concurrency oracles have been proposed?. The concurrency
oracle of the Heuristics Miner computes, for each pair of activities, related via a
directly-follows relation, a coefficient indicating whether these activities are in a
concurrent relation or not. This coefficient is computed based on the percentage
of times the two activities directly follow each other in either order, e.g., “Post in-

2We note that other notions of concurrency have been proposed in the field of process mining.
An in-depth treatment of concurrency notions in process mining is provided in Armas-Cervantes et
al. [165]. We select the concurrency oracle of the Heuristics Miner [166] because it can be efficiently
computed, and it gives results similar to those of more sophisticated concurrency oracles [165].
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voice” followed by “Notify acceptance” versus “Notify acceptance” followed by
“Post invoice”. The concurrency oracle then determines which pairs of activities
are concurrent based on certain thresholds.

Based on the outlined criteria, we retrieve, for each activity instance §&;, its
potential batch group (&}, ;) composed of all other activity instances €; € L\ {g;}
of the same activity (a(g;) = a(g;)), performed by the same resource (p(&) =
p(€;)), and enabled before its start (7.(&;) < 7,(&;)); such that there are no non-
working intervals of time in between any two activity instances in &, i.e., they
are all processed at the same time (sharing start and end timestamps), one after
the other (the end timestamp of each activity instance coincides with the start of
the next one), or one after the other with a slight overlap (the end timestamp of
each activity instance succeeds the start of the next one)?.

Additionally, we allow analysts to filter the results obtained from the batch
processing discovery to incorporate their context knowledge about the processes.
To perform such filtering, analysts can define a minimum batch size, i.e., the min-
imum number of cases that should be accumulated and processed as a group for
it to be considered a batch (see Inputs in Figure 22). The analyst can also define
a maximum time gap between the end of processing of a particular case and the
start of the next one within one batch (max in-batch gap). This input allows for
the discovery of batch processing when interruptions occur. Such interruptions are
common for processes executed by human resources [130], e.g., when a resource
needs a break or a set-up for particular cases is required [24].

The output of this step is a report listing the activities where the batch pro-
cessing occurs. For these activities, we identify their case frequency (i.e., the
number of cases in which an activity is processed w.r.t. the total number of cases
of the process) and batch processing frequency (i.e., the number of times an ac-
tivity is processed as part of a batch w.r.t. its total number of executions). The
list of batch processing activities is sorted by the batch processing frequency in
descending order. An analyst can decide which batch processing activities to ana-
lyze further based on the frequencies. For instance, the list might have an activity
with only 60% batch-processed cases, but the case frequency might be close to
100%. Therefore, the improvement of such batch processing would target 60% of
all cases. On the other hand, the improvement of the activity with batch process-
ing frequency close to 100% (all cases are batch-processed) and case frequency of
5% would affect a relatively small number of cases and, thus, the overall impact
would be negligible. Therefore, a combination of batch processing frequency and
case frequency indicates the impact of the batch processing activity. Based on
this information, the analyst can determine which batch processing activities to
analyze further.

3We note that batch processing can be identified at the activity level (task-based batch process-
ing) and the subprocess level (case-based batch processing) as in [24]. In this research, however,
we consider only fask-based batch processing since we focus on analyzing associated waiting times
at the activity level. For a detailed discussion, refer to the Sec. 4.2.2.
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4.2.2. Phase 2: Batch processing strategy analysis

At this stage, we discover the characteristics of how the activity instances are
batch-processed in each identified batch processing activity, i.e., batch processing
strategies. We describe batch processing strategies with batch processing fre-
quency, size, type, and activation rule/-s.

Batch processing frequency indicates the proportion of cases of an activity
that are processed in a batch w.r.t. its total executions.

Batch size illustrates the number of cases processed in a batch. The batch size
can be constant (e.g., batch size = 5 cases in 100% of cases) or variable (e.g.,
batch size = 5 in 40% of cases, batch size = 6 in 60% of cases).

Batch processing type describes how the activity instances are batch-
processed. In this research, we discover three batch processing types based on
Martin et al. [24]:

* Parallel batch processing is when all activity instances included in a batch
are processed at the same time.

* In a sequential batch processing, activity instances included in a batch are
executed one after another.

» Concurrent batch processing is when activity instances included in a batch
are executed with a partial overlap in processing.

In their research, Martin et al. [24] distinguished task-based and case-based
batch processing for sequential and concurrent types. In task-based batch process-
ing, activity instances of one activity are executed in a batch, while in case-based,
activity instances of a set of multiple activities are executed for a batch (see Fig-
ure 24). In this research, we focus on discovering batch processing and associated
waiting times on the activity level of granularity and, thus, consider task-based
batch processing. Conversely, case-based batch processing involves batches at the
subprocess level (i.e., a set of multiple activities executed as a group), and, there-
fore, we leave case-based batch processing out of scope. Detecting case-based
batch processing would involve addressing two issues: i) identifying subprocesses
(i.e., solving the granularity issue); and ii) detecting batches composed of single
activities, treating the identified subprocesses as individual activities.

Batch activation rule/-s. We also identify batch activation rule/-s, i.e., the
condition(s) that trigger the batch processing [25]. In the batch activation rule
discovery, we follow the approach and batch activation rule types proposed by
Martin et al. [25]. Thus, we discover the following types of batch activation rules:

» Volume-based rules trigger batch processing when a certain volume, weight,
or number of cases are accumulated [167, 168, 169, 170, 171, 172].

» Time-based rules initiate batch processing based on time triggers, e.g., by
scheduled date and time [167, 173], or when a case reaches a waiting time
limit [167, 174].

* Resource-based rules initiate batch processing based on the resource-
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Figure 24. Batch processing types [24].

related attributes, e.g., the batch is processed when the resource workload
allows processing this amount of work [25].

e Case-based rules trigger batch processing based on the case-related at-
tributes, e.g., the batch is processed when a case of a particular type arrives,
such as emergency or high-priority case [174].

» Context-based rules embrace other aspects out of the process scope, such
as meteorological conditions [25].

Batch can be activated with a single rule, multiple rules, or on an ad-hoc basis.
A single rule consists of one condition to be fulfilled to initiate batch process-
ing, e.g., accumulated orders are shipped on scheduled date [167]. Multiple rules
present a combination of different types of rules are used to activate a batch pro-
cessing [175, 174], e.g., the combination of volume and time-based rules [167,
176, 177]: accumulated orders are shipped based either on the scheduled date or
when certain weight, volume, or number of cases are collected [167]. However,
when no specific pattern that confidently correlates with the start of batch process-
ing can be identified (i.e., no activation rule is assigned [26]), it is assumed that
the batch processing is determined by the resources, i.e., executed ad-hoc.

In our approach, the batch activation rules are elicited using the RIPPER al-
gorithm [178]. RIPPER is a rule-based algorithm designed to discover decision
rules for classification tasks. It is particularly effective and efficient at handling
noisy data and imbalanced datasets and has been successfully applied to the event
log data [179]. RIPPER starts by creating an initial rule set through a greedy al-
gorithm, which selects conditions to cover as many instances of the target class
as possible. After generating rules, RIPPER prunes them by removing parts that
lead to overfitting, using error reduction to simplify the rules. This pruning pro-
cess is repeated incrementally to refine the rule set. RIPPER handles noisy data
by discarding rules that do not generalize well. It also addresses class imbalance
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by emphasizing rules that better classify the minority class. The algorithm iterates
until a set of rules is found that balances accuracy and generalization [178, 180].

In the context of batch processing, RIPPER searches for rules that explain the
activation of a batch, i.e., when will a given batch be activated? We construct a
feature vector each time that a new activity instance is added to a batch. Each
feature vector encodes the end timestamp of the newly added activity instance
(day of the week, hour of the day, minute of the hour), the number of activity
instances in the batch, and the value of each attribute of the process. We associate
a boolean label to each such feature vector: True if the batch is activated (no
more activity instances are in the batch), and False otherwise. As output, RIPPER
produces a set of rules, such that if any of the rules is true, the batch is activated.
In our approach, we use an existing implementation of the RIPPER algorithm*.
The quality of the discovered batch activation rule is measured by support and
confidence parameters.

Note that although the technique is designed to discover all of the outlined
types of batch activation rules, their discovery depends on the availability of at-
tributes, based on which these rules are formulated, in the event log. Some batch
activation rules require additional attributes beyond the mandatory ones listed in
Table 3. For example, with an event log containing attributes specified in Table 3,
rules based on the batch size (volume-based rule), scheduled time (time-based
rule), or resource workload (resource-based rule) can be identified. However,
if batch activation is based on criteria like batch weight (another volume-based
rule), arrival of a case of a specific type (case-based rule), or a particular prod-
uct condition (context-based rule), additional attributes are needed for discovery.
In situations when such attributes are missing, analysts are notified that no batch
activation rules have been identified.

The output of this stage is a report detailing the batch processing strategies of
each batch processing activity. This information serves as input for the next stage
and can be used later by the analyst to identify what parameters to alter to improve
batch processing.

4.2.3. Phase 3: Waiting time analysis of batch processing activities

In the final phase, we discover and analyze waiting times associated with batch-
ing processing activities to identify potential improvement opportunities. In this
subsection, we describe the characteristics of the three batch processing types con-
sidered by the proposed approach and the waiting times they might induce. We
determine three types of waiting times associated with batch processing — waiting
time for batch accumulation, waiting time of a ready batch, and waiting time to
process other instances in the batch.

Parallel batch processing. In parallel batch processing, a resource starts and
completes processing all activity instances of a batch at the same time [24]. First,

“https://github.com/imoscovitz/wittgenstein.git
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activity instances are accumulated, and once accumulated, they are processed.
There are two waiting time types in parallel batch processing: waiting time for
batch accumulation and waiting time of a ready batch.

Consider an example of the batch processing activity “Pay invoice” (see Fig-
ure 25) where the resource accumulates activity instances and then processes them
simultaneously. Waiting time for batch accumulation is the time activity instances
wait before a batch is accumulated and ready to be processed. A batch is ac-
cumulated when all the included activity instances are available for processing.
Therefore, a batch is accumulated when the last-arriving activity instance in the
batch is enabled. Until the enablement of the last activity instance, all earlier
activity instances wait for the batch to be accumulated. Thereby, waiting time
for batch accumulation (W Tyccumi1, W Taccumi2 in Figure 25) is calculated as the
difference between the enabled time of the activity instances in a batch and the
enabled time of the last-arrived activity instance. In Figure 25, a batch is accu-
mulated when three activity instances of the ‘“Pay invoice” have been enabled.
Activity instance Paylnvoice|; and Paylnvoicej, wait until the batch is ready to
be processed (accumulated). Their waiting time is, therefore, from their enabled
times (see enabled;; = 10:00:00, enabled;, = 10:20:00) until the enabled time
of the last activity instance included in the batch, i.e., the third activity instance
(enabled|3 = 11:00:00). The earlier an activity instance is enabled, the longer it
waits. The last-enabled activity instance (see Paylnvoice;3) has no waiting time
for batch accumulation since its enablement marks the batch as ready to be pro-
cessed.

Batch B1 Batch accumulation Ready batch waiting Batch processing
Case 11 { > Pay invoiceqq &
WT accum11 C Bl —

Case 12 O > 11, - > Pay invoiceqo 8

§ WTaceumiz 0 12, . WTready11-13

13 | —n

Case 13 ! o Pay invoice 3 &

i > t

1o, 70. 7, 13, 14,
005 2000 g 0, 0,

Figure 25. Waiting times in parallel batch processing.

However, a batch might not be processed as soon as it is ready. Thus, there is a
second waiting time — waiting time of a ready batch (W T,,44y11-13 in Figure 25).
Waiting time of a ready batch is the time from when the activity instances are ready
to be processed (batch accumulated) until they are processed (batch processing
starts). Therefore, it is calculated as the difference between the enabled time of
the last-arrived activity instance (enabled;3 = 11:00:00) and the start time of the
batch processing (start;;—13 = 13:00:00).

Sequential batch processing. In sequential batch processing (Figure 26), a

70



resource accumulates a group of activity instances of the same activity and pro-
cesses them one after another.

Batch B1 Batch accumulation Ready batch waiting Batch processing
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WTaccum11 Bl 0 WTreadyrr Ll
: : Pay
Case 12 @ > 11, - > > invoig,e -
o WTaceumiz 1 12, : WTready12 WTothertz |\ 0012
1 13] !
Case 13 [ ] 1 > > Pa_\y ).
f WT ready13 WTther13 invoice3
I > t
70,4, 10. 0 2, 725 73, 734
0.00 e0:00 000 .00 000 0.00 0.00

Figure 26. Waiting times in sequential batch processing.

Sequential batch processing has, similar to parallel batch processing, waiting
time for batch accumulation and waiting time of a ready batch. But sequential
batch processing also has waiting time for other instances to be processed within
the batch processing, i.e., the time when an activity instance waits while work is
done on other activity instances in the same batch. This waiting time occurs when
the resource is processing some activity instance/-s in the batch (e.g., Paylnvoice;
in Figure 26), other activity instances have to wait for their turn (W7, ;.,12 for
PayInvoiceir and W T, .13 for Paylnvoiceper13 in Figure 26). Waiting time for
other instances to be processed is calculated as the difference (interval) between
the start time of the first activity instance/-s (start;; = 12:00:00 in Figure 26) in a
batch and the start time of the other instance/-s (start;, = 12:30:00 and start|3 =
13:00:00 in Figure 26).

Concurrent batch processing. Concurrent batch processing (Figure 27) is
when activity instances of the same activity are executed in the batch sequentially
but with a partial overlap in processing time.

Batch B1 Batch accumulation Ready batch waiting Batch processing
Case 11 4 > ' > invi?ge ‘.L
WTaccum1 1 | B1 B Wrreadyﬂ "
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Figure 27. Waiting times in concurrent batch processing.

In concurrent batch processing, the waiting times are the same as in sequential
batch processing. Although there is an overlap in processing time, the activity
instances still have to wait for their turn to be processed. Therefore, waiting time
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for other instances to be processed occurs (e.g., W Typer12, W Tyiper13 in Figure 27).
Given the same activity instance processing times, the difference between these
batch processing types lies in a shorter waiting time for other instances to be
processed due to processing time overlaps.

Waiting time analysis. We analyze discovered waiting times to identify poten-
tial improvement opportunities. First, we determine how long activity instances
wait on average before they are batch-processed. Then, we examine the batch pro-
cessing efficiency by calculating the CTE of batch processing activity/-ies, i.e., the
ratio of the processing time to the cycle time of the batch processing activity/-ies.
Finally, we measure the impact of each waiting time type on batch processing
efficiency. We express the impact as the potential CTE improvement, i.e., how
much improvement of the CTE can be obtained if a particular waiting time type
is eliminated.

The first step is to examine the average waiting time per type. We measure, for
each waiting time type, the average waiting time for batch accumulation, average
waiting time of a ready batch, average waiting time for other instances to be
processed, and average total waiting time. These metrics depict how long activity
instances wait during batch accumulation and processing.

The analysis of waiting times provides the input required to assess the impact
of discovered waiting time types on the batch processing CTE. It enables the dis-
covery of batch processing inefficiencies from event logs. The impact of each
waiting time (CT E;,) on the batch processing CTE is measured as the potential
CTE that could be achieved if that specific waiting time is fully eliminated, i.e., the
potential CTE improvement. For instance, if the current CTE of a batch process-
ing activity is 50%, and eliminating its waiting time for a ready batch increases
the CTE to 70%, the potential improvement opportunity is CTE;,;, = 70%.

The output of this step is a report that presents discovered waiting times per
type and their impact on the batch processing activity CTE (CTE;,,). Process
analysts can use the obtained results to identify batch processing inefficiencies
and from where (what particular waiting time type) the inefficiencies stem. Thus,
the results can aid the analyst in identifying which batch processing activities to
focus on in their improvement initiatives.

4.3. Computational evaluation

In this section, the computational evaluation of the proposed approach is pre-
sented. The proposed approach was implemented as a process-mining technique
provided as a publicly available Python package’. The technique takes an activity
instance log as input and produces a report containing the analysis results of batch
processing activities and associated waiting times.

Shttps://github.com/AutomatedProcessImprovement/batch-processing-discovery
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Using the approach’s implementation, we conduct a computational evaluation
to address the following evaluation question:

» To which extent is the technique able to detect batch processing activities,
their characteristics, and associated waiting times?

To address this evaluation question, first, we use a synthetic event log with
artificially injected batches. With this evaluation, we validate the ability of our
technique to discover batch processing activities, their batch processing strategies,
and different types of waiting times. Second, we apply the proposed approach to a
real-life event log to demonstrate its applicability in real-life scenarios. The event
logs used for evaluation and evaluation results are available on GitHub®.

4.3.1. Accuracy verification

For the accuracy verification, we artificially added batches to a simulated event log
of a loan application process with the specific purpose of evaluating if our tech-
nique was able to detect them. To do this, we first grouped the activity instances
of three activities — “Assess loan risk,” “Approve application,” and “Cancel ap-
plication” (see Table 4) — out of a total of 18 activities of the process. Then,
we assigned a new resource to each group to ensure that the activity instances
of a batch did not share their resource with other activity instances. For exam-
ple, a group of resources called “Fake Clerk” was assigned to execute 78 injected
batches in the “Cancel application” activity and included 78 resources where each
resource executed only one batch, e.g., “Fake Clerk-5" executed only one batch
“Cancel application-5.” Finally, we delayed the start and end timestamps of the
activity instances of each group (as well as the timestamps of succeeding activity
instances) to force their execution as a batch.

To increase the variety in the synthetic evaluation, we added batches of differ-
ent sizes (10, 12, and 14) and types (parallel, sequential, and concurrent) to three
different activities (see Table 4). We left some activity instances unaltered, so not
all their executions were processed in a batch (i.e., Batch processing type = none).
The batch processing type for a given activity instance was randomly selected
from the allowed options. For example, in the “Cancel application” activity, the
type was chosen at random from parallel, concurrent, or no batching (i.e., cases
were processed individually). Furthermore, for some batches, we designed the
batch activation to be performed based on temporal rules, i.e., at a specific time
on a specific day of the week. Thus, for the activity “Cancel application,” the
batch activation rule was set to [day_of_week =4, hour_of_day = 10]. Finally,
the waiting times were also altered to create batches with different characteristics,
e.g., with the waiting time of a ready batch (W T,euqy = True) or without it (W Treqay
= False). The resulting simulated event log comprised 7,000 cases, capturing the
execution of 18 activities in a total of 70,162 activity instances performed by 598
resources. In total, 583 batches were injected.

Shttps://github.com/AutomatedProcessImprovement/batch-processing-analysis
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Table 4. Batch processing injected into the simulated event log of a loan application

process.
Activity Assess loan risk Approve application Cancel application
Resource group Fake Loan Officer Fake Tom Fake Clerk
Number of 376 resources 129 resources 78 resources
resources
Number of batches 376 batches 129 batches 78 batches
Batch size 14 cases 12 cases 10 cases
Batch processing Parallel, sequential, Sequential, concurrent, Parallel, concurrent, none
type concurrent, none none
Batch activation Not assigned Not assigned [day_of_week =
rule 4, hour_of_day = 10]
WTeady True False True
WTyher True True False

We evaluated our approach with this event log, resulting in the discovery of
all artificially added batches. Moreover, due to the displacement of the batch pro-
cessing activities and their successors, batch processing was also detected in other
activities. The discovered activation rules corresponded to the designed temporal
constraints, indicating the day of the week and hour of activation. Finally, the
performance analysis detected the correct waiting times and CTE, accurately re-
porting cases in which some waiting times were set to 0. The simulated event log
and evaluation results are available on GitHub’.

4.3.2. Applicability demonstration

This section demonstrates how waiting times due to batching can be analyzed by
applying the proposed approach to a real-life (activity instance) event log of a
manufacturing production process [181]. This log originates from an enterprise
resource planning system recording the manufacturing process of metal parts.
This process contains automated activities executed by production machines such
as “Turning,” “Milling,” “Laser marking,” “Round Grinding” and manually ex-
ecuted work such as quality control-related activities, e.g., “Turning & Milling
Q.C.)” “Round Q.C.” and “Final Inspection Q.C.”. The event log has 225 cases
recording the execution of 24 activities in a total of 4,503 activity instances ex-
ecuted by 46 resources. This event log covers a span of 3 months of process
execution from 02.01.2012 to 31.01.2012. The average case duration in this pro-
cess equals 2.94 weeks, ranging from a minimum of 30 minutes to a maximum of
2.87 months. This event log was selected for evaluation since it fulfills the input
requirements (refer to Table 3) and is sourced from real-life settings, which allows
us to demonstrate the approach in a practical scenario.

Batch processing discovery. First, we discovered batch processing activities
from the event log. We set the minimum batch size threshold to two cases with
no in-batch time gaps (intervals between the activity instance processing within a
batch) allowed. The output of this step is a report showing each batch processing

"https://github.com/AutomatedProcessImprovement/batch-processing-analysis
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activity, their case frequency, and batch processing frequency (see Table 5). From
the report, we see that, for this event log, 12 activities had batch processing. The
activities are sorted in descending order based on batch processing frequency.
For each activity, the report shows the case frequency and the batch processing
frequency. From the report (Table 5), we note that activities “Lapping,” ‘“Pack-
ing,” and “Turning Rework,” have high batch processing frequencies (91.07%,
83.75%, and 66.67% respectively). These cases are predominantly processed in
batches and, therefore, relevant for batch efficiency analysis. However, the “Turn-
ing Rework™ activity is executed for a comparatively negligent amount of cases
(for 1.33% of total cases) and, therefore, has little impact on the process efficiency
and can be excluded from further analysis. Thus, the report shows that “Lapping”
and “Packing” have high batch processing and case frequencies, and therefore, an
analyst might decide to select these as input for the next step.

Table 5. Batch processing discovery results.

# Activity Case frequency Batch processing
frequency
1 Lapping 58.67% 91.07%
2 Packing 77.78% 83.75%
3 Turning Rework 1.33% 66.67%
4 Turning & Milling 72.00% 45.78%
5 Final Inspection Q.C. 78.22% 35.64%
6 Turning & Milling Q.C. 75.11% 27.78%
7 Grinding Rework 14.67% 23.71%
8 Laser Marking 74.22% 18.25%
9 Round Grinding 49.33% 14.08%
10 Turning Q.C. 12.00% 10.91%
11 Flat Grinding 26.22% 7.02%
12 Turning 10.67% 2.35%

Batch processing analysis. The next step is to analyze the strategies of the
selected batch processing activities. The output of this step is a report that cap-
tures batch processing type, activation rules, and batch size distribution for each
batch processing activity (see Table 6). As can be seen from Table 6, the batch
processing activity named “Lapping” follows parallel, sequential, and concurrent
batch processing types, i.e., in this activity, activity instances can be processed
at the same time, sequentially one after another, with or without overlap in pro-
cessing time. It indicates that there is no specific style of activity execution. The
activity “Packing,” on the contrary, follows only a parallel batch processing type,
i.e., activity instances in a batch are processed simultaneously.

Next, we discover the batch activation rules. For instance, for “Lapping,” batch
processing starts from 4 to 5 hours. This rule has a confidence of 0.94 and a sup-
port of 0.12. Finally, the report (Table 6) also captures the discovered batch size
distribution per activity. Batch size distribution describes the number of cases that
are processed in one batch. In this case, for “Lapping,” the batch size distribution
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is 2 to 4 cases. Most commonly, in 85% of batch processing, batches include 2
cases.
Table 6. Batch processing analysis results.

Batch
processing Lapping Packing
activity
Batch .
a.tc Parallel, sequential, concurrent Parallel
processing type
Batch
| oake [hour = 4.0—5.0] [hour < 5.0]
activation rules
Activation Conf.=0.94, Supp. = 0.12 Conf.—=0.92, Supp. — 0.34
rules quality P VI Supp- =1 T VI4 Supp. =1
40 20 16
. 13 13
_u:> 30 § 15
Batch size 52 6 g1 ,
distribution s 12 ' s 2 o
2 3 4 2 345678 910M1
Batch size Batch size

Waiting time analysis. Having discovered the batch processing strategies, we

focus on quantitatively analyzing the waiting times. The output for this step is
a report that measures average waiting times per type and their impact on batch
processing CTE (Table 7). For each activity, the average processing time (P7 in
Table 7) and the average waiting times per type are calculated (W Tuccum, W Treadys
WT,ther in Table 7).
Table 7. Waiting time analysis results depicting the average processing time of a batch
processing activity (PT); average waiting time for batch accumulation (W Tyccum), of a
ready batch (WT.q,) and for other instances to be processed (WT,;,,); current cycle
time efficiency of the activity (CTE}) and potential cycle time efficiency if the respective
waiting time is eliminated (CTEj;;1, CTEj;;2, and CTE;;,3).

Batch processing

. PT W Taccum CTEim WTn/udy CTEim WThiher CTEy3 CTEy
activity
Lapping 0d 1h 50m  4d 4h 39m 28% 2d15h3Im 1.8% 0dOh34m 1.1% 1.1%
Packing 0d1ThOm 10d8h34m 0.3%  3d 17h 56m 1.1% 0d Oh Om 0.4% 0.3%

The waiting times show how long, on average, activity instances wait for the
batch to be accumulated and processed. For instance, activity instances wait on
an average of 4d 4h 39m while the batch is accumulated for “Lapping.” Then,
once the batch is accumulated, the instances wait for 2d 15h 31m before the batch
processing starts. When activity instances are processed sequentially or concur-
rently, they wait for an additional 34m on average while other instances are pro-
cessed. The existing batch processing strategy, therefore, results in a CTE of
1.1% (CTE}). The CTE value for this activity indicates a potential improvement
opportunity. Table 7 shows the impact on the CTE if the waiting times are elim-
inated. For instance, for “Lapping”, if the waiting time for other instances to be
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processed is eliminated, a slight improvement will be achieved, but the CTE will
remain at 1.1% (CTE;,3 = CTE, = 1.1%). However, if analysts focus on reducing
the waiting time of a ready batch, the CTE could be increased up to 1.8%, corre-
sponding to an improvement of CTE;,». The most significant CTE improvement
can be achieved if the efforts are focused on reducing the waiting time for batch
accumulation (W Tj¢,) that could improve CTE up to 2.8% (CTEj;1).

The analysis demonstrates that attempts to reduce W7, by changing the
batch processing type (e.g., use only parallel batch processing in “Lapping”) will
not add much value. The analysis also shows the reason, i.e., that almost all the
waiting time is related to the accumulation and waiting time of a ready batch. We
also note from the analysis that the greatest improvements can be achieved by
addressing the waiting times for accumulation for “Lapping” and “Packing.” This
is due to, as the analysis shows, activity instances being processed relatively fast
w.r.t. the time they spend waiting for accumulation. Based on the analysis, the
analyst can consider discarding batch processing in favor of processing activity
instances individually when they are available for these two activities.

4.4. Summary

This chapter proposed an approach for analyzing event logs to identify improve-
ment opportunities related to waiting times in processes with batch processing
activities. For this, we extended existing research by defining how waiting times
associated with batch processing can be identified from the event log. In addition,
we defined three types of waiting times associated with batch processing, namely
waiting time for batch accumulation and waiting time of a ready batch in parallel,
sequential, and concurrent batch processing, and waiting time for other instances
to be processed in sequential and concurrent batch processing. Then, we used
these definitions to identify waiting times from event logs and analyze them by
measuring the impact of batch processing waiting times on the activity CTE. This
can enable analysts to identify where there are improvement opportunities and
where to target the process changes.

The evaluation of the proposed approach has shown that its implementation can
accurately identify batch processing activities, their characteristics, and associated
waiting times. The evaluation with a real-life event log has demonstrated the
approach’s applicability in a practical scenario. The evaluation results suggest
that the proposed approach can offer analysts insights into potential improvement
opportunities within batch processing.

The proposed approach has several limitations. The approach uses all obser-
vations available per batch for the discovery of batch activation rules and reports
on confidence and support. This process can be improved by establishing train-
ing/test partitions to discover and validate the rules. Furthermore, the applicability
of the approach is limited to event logs containing resources, start and end times-
tamps. If any of these data are missing from the log, the approach cannot be

77



executed, and the analyst is informed accordingly. In addition, the non-working
periods of resources are part of the computed waiting times. We lift this limita-
tion in the following chapter, where we add calendar information to improve the
accuracy of identified waiting times.

The evaluation of the proposed approach also has several limitations. The
evaluation could be expanded by incorporating additional event logs with varying
characteristics. This limitation is addressed in the following chapters, where we
increase the number of event logs used in the evaluation. Furthermore, the accu-
racy verification could be enhanced by exploring the impact of varying hyperpa-
rameters (i.e., minimum batch size and maximum in-batch gap) on batch identifi-
cation accuracy. This limitation is addressed in the following chapter, where we
perform a batch rediscovery experiment with different hyperparameter settings.
Additionally, while the applicability of the proposed approach is demonstrated,
it has not yet been evaluated by potential users, such as process analysts. This
limitation is addressed in the following chapter through an interview study with
process analysts experienced in process mining, assessing the usefulness and us-
ability of the approach for discovering and analyzing multiple causes of waiting
times, including batching.
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5. DISCOVERY AND ANALYSIS OF OTHER WAITING
TIME CAUSES

Contribution I presented in Chapter 4 partially addressed RQ1 by examining dif-
ferent types of waiting times associated with batch processing and proposing an
approach to identify and analyze them from event logs. However, a review of the
state-of-the-art reveals that other sources of waiting times exist beyond batching.
Ali et al. [16] identify resource contention, prioritization, and resource unavail-
ability as additional sources of waiting times that can potentially be detected from
event log data.

In the existing research (reviewed in Chapter 3), several studies have applied
a correlation-based approach to identify process aspects correlating with higher
waiting times, e.g., associations between extended waiting times (i.e., delays)
and certain involved resources [22]. Process mining techniques have also been
proposed for identifying specific behavior patterns that could potentially cause
waiting, such as queues [28], prioritization [32], and resource availability [128]).
These techniques can also discover their descriptions (e.g., prioritization strate-
gies [32] and resource working schedules [13]), and identify a single source of
waiting times (e.g., due to queuing [28]). However, none of these techniques fo-
cuses on identifying waiting times directly associated with these behavior patterns
(i.e., potential causes). Furthermore, these techniques do not consider multiple
causes of waiting times or allow for their discovery from event logs. Therefore,
this chapter continues addressing the research gap (RG) identified in the area of
data-driven analysis of waiting times and their causes:

RG1 Existing studies have not introduced an approach to attribute waiting times
observed in business process event logs to their causes.

Specifically, this chapter proposes Contribution 2: a process mining-based ap-
proach to decompose observed waiting times in each activity transition into multi-
ple direct causes and to analyze the impact of each identified cause on the process
CTE. First, this chapter outlines the research methodology we followed to develop
the proposed approach. Second, it conceptualizes the causes of waiting times in
activity transition that can be identified from an event log. Then, it introduces
a process mining-based approach to (1) discover waiting times associated with
activity transitions, (2) decompose observed waiting times in each activity transi-
tion into direct causes, and (3) identify improvement opportunities by analyzing
the impact of each identified cause on the process CTE. Further, this chapter in-
troduces the implementation of the proposed approach in the software tool called
Kronos. Finally, it presents the approach’s evaluation (using its implementation —
Kronos) in terms of accuracy, applicability on real-life logs, usefulness, and us-
ability. First, we have validated the accuracy of Kronos in quantifying waiting
time causes using synthetic event log data. Second, we have demonstrated how
Kronos can be applied on a real-life event log. Lastly, we have conducted a user
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study with process analysts to evaluate the usefulness and usability of Kronos
when following the proposed approach of analyzing the waiting time causes.

5.1. Research methodology

The objective of this research is to develop an approach to support analysts in
analyzing the causes of waiting times and identifying improvement opportunities
related to these waiting times. To achieve this, we followed a DSR methodol-
ogy [164]. An overview of the research process is presented in Figure 28.

DSR Problem Defining

Stage Identification Objectives Design & Development Evaluation

Analyze lforature | oo pary| Defineresearch | oo | Design | Approachs Develop Approachis | Testthe Developed | Computational
Activities (related work) objective (RO) the approach | design the approach implementation |~ implementation approach evaluation
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Figure 28. Research process to develop Contribution 2.

First, we reviewed the state-of-the-art related to RQ1 and the identified re-
search gap (RG1) presented above. As stated in Chapter 3, this review revealed
that while existing process mining techniques can discover specific patterns that
can induce waiting and their characteristics, and in some cases, the waiting times
associated with these patterns, these techniques do not specifically attribute wait-
ing times in activity transitions to their causes and consider multiple causes of
waiting times. To address this research gap, we formulated the research objective
(RO): to develop a data-driven approach for decomposing the waiting times in ac-
tivity transitions into their direct causes from event logs and analyze their impact
on the temporal process performance.

Following this research objective, we designed and developed the proposed
approach through an iterative Design & Development process. We began by out-
lining the initial design of the approach, and then created a draft implementation
and identified necessary refinements. In subsequent iterations, these refinements
were incorporated into the design and implementation. This process was repeated
until no further refinements were identified. Afterward, we conducted a computa-
tional evaluation of the proposed approach to verify its accuracy and applicability.
First, we assessed the accuracy of the approach in quantifying the causes of wait-
ing times using a set of synthetic event logs. Second, to validate its applicability
in practical scenarios, we applied the approach to a real-life event log.

After verifying the approach, we designed and implemented a software tool
called Kronos to embody the proposed approach. This was conducted in the sec-
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ond phase of the Design & Development stage. The Design & Development pro-
cess for Kronos was also iterative, involving cycles of identifying and incorporat-
ing refinements into the tool’s design and implementation. To evaluate Kronos,
we conducted an interview study with process analysts to assess its usefulness
and usability in identifying improvement opportunities related to waiting times in
areal-life event log. We analyzed the feedback from the user evaluation to identify
potential improvements for the tool. These improvement ideas served as inputs for
the third phase of the Design & Development stage. In this phase, we designed
how the improvements could be integrated into the existing implementation and
updated the implementation of Kronos accordingly.

5.2. Approach

This section describes the proposed approach to discover and analyze the causes
of waiting times in a business process. As input, the approach requires an activity
instance log as defined in Section 2.2.1. The log, as a minimum, must include
a case identifier (ID), an activity label, a resource that executed the activity, a
start time, and an end time (see Table 8). The start and end times are required to
compute the waiting times between activity instances. The resource is required
to detect when an activity instance is being executed as part of a batch and to
discover prioritization and resource working schedules. Resources are considered
separately, even when they share the same role with other resources. If any of the
required elements is missing in the activity instance log, the approach cannot be
executed. The enabled time of each activity instance is optional. If the enabled
times are missing in the log, we estimate them as defined in Section 4.2.1 and
then, enrich the log with the estimated enabled times.

Table 8. Requirements to the input (activity instance log) of the approach.

Required Optional Discovered by the approach
Case ID Enabled time Enabled time (if absent)
Activity Batch processing strategies

Start time Prioritization strategies
End time Resource working schedules (calendars)
Resource

Figure 29 depicts an overview of the three main steps of the approach. In the
first step, we discover the transitions between activities and their characteristics —
total frequency, case frequency, and total waiting time — from the activity instance
log. In the second step, we identify the causes of waiting time in each transition.
In the third and final step, we analyze the impact of each cause on the temporal
efficiency of the process (by calculating the maximum improvement in the CTE
when the specific cause is eliminated).

When identifying the waiting times and analyzing their potential causes, our
proposal makes two assumptions:
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Figure 29. Overview of the proposed approach for the discovery and analysis of waiting
time causes.

Assumption 1. Activity instances are processed uninterruptedly.

Although the processing of an activity instance is sometimes paused due to
interruptions (e.g., the resource going temporarily off-duty), event logs typically
store only the start and end timestamps of activity instances. Identifying interrup-
tions in the processing of activity instances is orthogonal to the problem addressed
by our proposal and, thus, it is out of the scope of this research. Accordingly, the
proposed approach considers the entire interval from the start to the end of an
activity instance as its processing time.

Assumption 2. Resources can work on, at most, one activity at a time.

This assumption establishes a maximum capacity per resource of one activity,
i.e., there is no multitasking. Accordingly, our approach assumes resources cannot
start processing a new activity instance if they are already working on one. This is
typically assumed when analyzing the availability of a resource in a process [182,
110, 183]. However, our proposal could also be adapted to consider multitask-
ing by discovering the maximum capacity per resource. Given this capacity, a
resource is considered as busy when the number of activities they are performing
equals their capacity. Discovering the capacity of resources is orthogonal to the
contribution of this thesis and, thus, falls outside its scope.

The phases of the proposed approach are explained in the subsections below.

5.2.1. Phase 1: Activity transition discovery

The first step of our approach is to discover transitions between activities and asso-
ciated waiting times. We define an activity transition instance as a pair of activity
instances (aj,b;) in a single case, such that the completion of a; enables by, i.e., b
cannot be executed before a; is completed. We call the first element of an activity
transition instance the source activity instance, while the latter is the target activ-
ity instance. An activity transition is a set of activity transition instances with the
same source and target activities, where the source activity is the activity executed
in all its source activity instances, and the target activity is the activity executed in
all its target activity instances. For example, the activity transition (a,b) is com-
posed of the set of activity transition instances {(a;,b1), (az,b3),...{an,b,)}. For
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simplicity, we refer to activity transitions as transitions and to activity transition
instances as transition instances.

As defined in Section 4.2.1, in a sequential process, each activity instance of
a case is enabled by the completion of the preceding activity instance. When
concurrency between activity instances occurs, each activity instance is enabled
by its closest non-concurrent preceding activity instance. Referring to the pre-
viously provided example in Section 4.2.1 (provided again in Figure 30 for con-
venience), we can observe the concurrency between two activities — “Notify ac-
ceptance” and “Post invoice.” “Notify acceptance” and “Post invoice” are en-
abled when the activity instance “Register invoice” completes, “Pay invoice” is
enabled when “Post invoice” is completed. Accordingly, there are only three ac-
tivity transitions in this example, namely (RegisterInvoice, NotifyAcceptance),
(RegisterInvoice, PostInvoice), and (PostInvoice, Paylnvoice).

Once the transition instances are discovered, we calculate their duration, i.e.,
the waiting times they induce. The waiting time of a target activity instance in a
transition instance is the interval between its enablement and its start time. For
example, in Figure 30, the waiting time in the transition (PostInvoice, Paylnvoice)
corresponds to the interval (tenabledipay,ts,a,,_pay). In this way, we identify the
waiting time of each target activity instance per transition.

Notify

| acceptance

: Pay J
. . H H

. Post invoice

Register
invoice

invoice

i i i i i >t
| | I | I 4
tenabled_post tstart_post tstart_notify tenabled_pay tstart_pay
tenabled_notity

Figure 30. Waiting time in a case with concurrent activity instances.

Finally, we compute the following characteristics for each identified transition
(composed of all its transition instances): case frequency, total frequency, and to-
tal waiting time. Case frequency illustrates the proportion of process cases from
the total number of cases where this transition is observed. Total frequency in-
dicates the number of occurrences of this transition in the process. Total waiting
time is the sum of the waiting times of all instances of this transition. The output
of this step is a report depicting all identified transitions and their characteristics,
sorted by total waiting time in descending order. Based on this information, the
analysts can see what transitions cause the highest waiting times and how fre-
quently they are executed.

5.2.2. Phase 2: Waiting time cause discovery

Once the activity transitions and their characteristics are discovered, we analyze
the waiting time of each transition instance and identify their causes.
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Given the (activity instance) event log information, we consider that an en-
abled activity instance can wait for i) other activity instances to be enabled (so
they are processed together) or ii) the assigned resource to become available. Be-
low, we analyze each of these situations and relate them to the direct causes of
waiting time. i) When an activity instance waits for another activity instance to
be enabled, we observe a batch processing behavior, and thus, waiting time due
to batching. ii) If an activity instance is not waiting for this reason, it might wait
for the assigned resource. The assigned resource might be busy processing other
activity instances, enabled before or after the waiting activity instance. Thus,
we observe waiting times due to resource contention or due to prioritization, re-
spectively. If the resource is not busy, they might be unavailable due to working
schedules, causing waiting time due to resource unavailability. Finally, if there is
waiting time that cannot be explained by any of the above causes, we consider the
cause to be due to extraneous factors, i.e., causes that cannot be identified from
the log. Accordingly, we propose to target five causes of waiting time: batching,
resource contention, prioritization, resource unavailability, and extraneous factors.

The waiting time within a given transition instance may stem from one or mul-
tiple causes — e.g., for half the waiting time, the resource was busy with another
activity, and for the remaining half, the resource was off-duty. If there are multi-
ple waiting time causes for a given transition instance, we decompose this waiting
time into non-overlapping time intervals and attribute each interval to one cause
using the decision procedure in Figure 31. According to this decision procedure,
we first identify if any intervals of the transition duration are caused by batching.
Then, we look for intervals of waiting time caused by resource contention and pri-
oritization, followed by resource unavailability and extraneous factors. This order
is determined by the dominance relations between these causes. Batching domi-
nates resource contention, prioritization, and unavailability, because regardless of
the availability status of any given resource, an activity instance that is part of a
batch is not ready to be assigned (and started) until the batch is ready. Resource
contention and prioritization dominate resource availability, because if a resource
has a work queue, they cannot start an activity instance until the latter reaches the
front of the queue, or until this activity instance has the highest priority among
all activity instances in the queue, regardless of the resource’s availability status.
Extraneous factors are dominated by all other causes, as they act as a “catch-all”
cause for any waiting time that cannot be attributed to other causes.

Note that since each interval of waiting time is attributed to a single cause,
this approach ensures the identified waiting times are additive, i.e., the sum of the
waiting time causes is equal to the total waiting time of the transition instance.

The proposed approach considers both human and non-human resources.
Thus, each waiting time cause can be associated with human and non-human re-
sources. For instance, batch processing can be initiated by human resources or
automated systems that cause waiting time due to batching. Similarly, prioritiza-
tion may be carried out by human operators following procedural guidelines or
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Figure 31. Overview of the waiting time cause discovery process and their definitions.

by programmed rules within the system. Queues of cases can form when human
and non-human resources are busy processing other cases, potentially resulting in
waiting time due to resource contention. Waiting time due to resource unavailabil-
ity can also be associated with activities executed by human and non-human re-
sources or a combination of both. Thus, human resource availability is determined
by their working calendars. The availability of non-human resources operated by
human resources, such as production machines, is dependent on the working cal-
endars of the human operators. Finally, resources executing fully automated activ-
ities are considered constantly available (based on the discovered patterns of their
constant availability). Occurrences, when resources are temporarily unavailable
despite their expected availability (e.g., due to interruptions of human resources,
machinery breakdowns, or service unavailability caused by server issues), are not
systematic and do not fall into the discovered availability patterns. Therefore,
such occurrences are attributed to waiting time due to extraneous factors.

When designing the proposed approach, we considered alternative choices and
made several design choices. In particular, when defining the waiting time due to
prioritization, we consider prioritization when an activity instance is not processed
according to the FIFO order. Alternatively, prioritization could be defined based
on other prioritization rules discovered from the event log, e.g., when the cus-
tomer type is “premium’” or high priority diagnosis in the emergency room [29].
In this thesis, we define the waiting time due to resource contention as the wait-
ing time caused when an activity instance waits because other enabled activity
instances are given priority according to the FIFO policy. The waiting time due
to prioritization is then the waiting time arising when an activity instance a; waits
for another activity instance a; to be processed, and a, became enabled after a;
(hence this waiting time is caused by any prioritization policy other than FIFO).
Extraneous causes for waiting time can be due to resources being shared with
other processes and, therefore, not available for task execution within the process
under analysis. Although object-centric process mining aims at addressing this
issue [184], such information is absent in the event log under analysis and, thus,
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cannot be discovered as a cause of waiting time. Additionally, waiting time due
to extraneous factors could be further decomposed into specific causes, such as
waiting for a response from a customer [21] or a delivery [185]. Furthermore,
waiting time could stem from scheduled tasks, i.e., task execution is triggered
by, for instance, a scheduled appointment [43]. Waiting time can also be asso-
ciated with regulatory delays, e.g., when a produced item needs a cooling down
period before proceeding to the next step [186]. However, such information is
typically not available in event logs and, thus, cannot be discovered as a direct
cause of waiting time. In our proposed approach, all the mentioned situations are
attributed to extraneous factors. A more detailed overview of the state of the art
w.r.t. the possible waiting time causes is presented in [16].

Further, we describe how the waiting time causes can be identified from an
(activity instance) event log: we define each waiting time cause in turn and specify
how it is discovered within an activity instance log.

Waiting time due to batching. The first cause that we identify is waiting time
due to batching. As we defined in Section 4.2.1, batch processing occurs when
a set of instances of the same activity are accumulated to be processed together
(either simultaneously or one after the other). To identify batch processing, we
use the batch processing discovery technique presented in Section 4.2.1. Given an
(activity instance) event log containing the resource, enabled time, start time, and
end time information of each activity instance, it identifies the groups of activity
instances that were first enabled, and then executed one after the other (i.e., exe-
cuted as a batch). In batch processing, when an activity instance is enabled and
ready to be processed, it can wait for other instances of the same activity until the
batch is accumulated, i.e., until all instances that are part of a batch are collected.
Accordingly, when the target activity instance of a transition instance is detected
as part of a batch, the waiting time interval from its enablement time to the batch
accumulation time is classified as waiting time due to batching. The waiting time
due to batching of an activity instance is then defined as follows:

Definition 1 (Waiting Time Due to Batching). Given an activity instance log L,
a batch &, C L, and an activity instance & € &, the waiting time due to batching
of & 18 Wpa(&) = (Te(&), Tre) | Toe = max({T.(€;) | €j € &}), i.e. the interval of
time between the enablement of &; and the last enablement of the activities in the
batch.

Consider the transition instance between ‘“Post invoice” and “Pay invoice”
of case 511 in the running example (Figure 32) with a waiting time between
10:14:15 and 17:55:40. The activity “Pay invoice” is a batch-processed activ-
ity where the resource accumulates instances and then processes them one by
one (sequential batch processing) [24]. The batch is accumulated until the last
activity instance of “Pay invoice” is enabled, i.e., case 513 is ready to be pro-
cessed (topapiea = 12:00:00). Therefore, if we analyze the transition instance
(PostInvoice, Paylnvoice) of case 511, its waiting time due to batching corre-
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sponds to the interval between 10:14:15 and 12:00:00.
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Figure 32. Waiting time due to batching.

In the context of Contribution I (an approach for the discovery and analysis of
waiting times due to batching), the waiting time due to batching defined here fully
corresponds to the waiting time for batch accumulation defined in Section 4.2.3.
Subsequently, waiting time of a ready batch and waiting time for other instances
to be processed are further attributed to their direct causes, explaining why activity
instances wait when the batch is accumulated.

Waiting time due to resource contention. There are situations where the re-
sources that have to process a certain activity are busy processing other activity
instances that were enabled earlier than the waiting one, and thus, it’s understood
that they start processing those before the current one (following a FIFO order)'.
In such a case, if a resource is busy with another activity when it’s needed, the
waiting time counts as waiting time due to resource contention. Therefore, the
waiting time due to resource contention of an activity instance is defined as fol-
lows:

Definition 2 (Waiting Time Due to Resource Contention). Given an activ-
ity instance log L, and an activity instance & € L, the waiting time due to re-
source contention of & is Q,..(&) = {(7, 7)) | T = max(7.(€),7(€;)) N Tj =
min(T,(&;),7.(€;)) Ne; e LNg; # & ANp(€j) = p(&) NT(&)) < To(&) Apt(g;) L
(&)}, i.e. the set of intervals of processing time of all €; of L (executed by the
same resource as &;, and enabled before it) overlapping with the waiting time of
&

Coming back to the running example, during the transition instance between
“Post invoice” and “Pay invoice” of case 511, the resource works on case 514 that
has an earlier enabled instance of “Post invoice” (see Figure 33). Therefore, there
is waiting time due to resource contention between 12:00:00 and 13:00:00.

Waiting time due to prioritization. However, the resources might not always
follow the FIFO policy. In some situations, the resources might give priority to
certain activity instances over others. We call this behavior prioritization, mean-
ing that an activity instance is processed out of turn w.r.t. a FIFO policy, thus
causing other activity instances to wait longer. When this situation occurs, we

! As we assume that resources work only on one activity at a time (see Assumption 2), we foresee
that the proposed estimation technique will not be suitable for event logs with a high proportion of
multitask activity instances.
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classify those intervals in which the resource that performed the activity instance
was working on another activity instance enabled after it as waiting time due to
prioritization. Therefore, the waiting time due to prioritization of an activity in-
stance is defined as follows:

Definition 3 (Waiting Time Due to Prioritization). Given an activity instance
log L, and an activity instance & € L, the waiting time due to prioritization of &;
is Qprior(&) = {(7,7)) | T = 7(&j) A 7; = min(7,(&),7c(€j)) Ng; €L N g #
gNp(g)=p(&) N T(g) > 1.(&) N pt(g;) L w(g)}, i.e. the set of intervals of
processing time of all €; of L (executed by the same resource as &;, and enabled
after it) overlapping with the waiting time of &;.

In Figure 33, when the resource starts processing the batch of cases 511-513,
instead of processing cases in their order of enablement, he prioritizes cases 512
and 513 over 511. Waiting time due to prioritization then corresponds to the
interval between 15:55:50 and 17:55:40.

case ) - batching res. contention prioritization ~
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L invoice y : 511 . . ) ’] invoice \
512 : e =512 - | Pay < : :
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Figure 33. Waiting time due to resource contention and due to prioritization.

Waiting time due to resource unavailability. The fourth cause of waiting
time we propose to consider is resource unavailability, which corresponds to the
intervals in time in which the resource is not available for work due to their work-
ing schedules. To identify this waiting time, we need to first discover the working
schedules of the resources. We propose to use the technique presented in [13]
to discover calendars over time granules not fully described by the input data.
This technique first retrieves, for each resource, the instants in time when each
resource interacted with the system, i.e., the start and end timestamps of each ac-
tivity instance. Then, following a circadian approach, it aggregates and counts
the timestamps recorded in each hour of the day, for each day of the week (from
Monday to Sunday). Finally, to avoid the detection of wrong working periods due
to the presence of noise or outliers (e.g., delays in the recorded timestamps due
to temporarily saturated systems), the technique receives one confidence and one
support threshold as input, and retains only the weekly hours containing enough
events to satisfy those values?. In this way, we obtain a weekly calendar defined
on an hourly basis per resource, based on the evidence recorded in the event log?.

2In this study, we used the default support (0.7) and confidence (0.1) values recommended
in [13].
3Note that, although we propose to use a specific resource calendar discovery algorithm, this
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Given the weekly calendars of each resource, we transform them into absolute
time intervals to compare them with the waiting times observed in the log. Then,
we classify those intervals where the resource is not available for work as waiting
time due to resource unavailability. Therefore, the waiting time due to resource
unavailability of an activity instance is defined as follows:

Definition 4 (Waiting Time Due to Resource Unavailability). Given an activ-
ity instance log L, an activity instance & € L, and being caly,(p) = {(Tavs, Tave) }
a resource availability calendar with the set of time intervals in which the re-
source is available to work, the waiting time due to resource unavailability of &; is
Qunav(€1) = {(7:,7)) | (1, 77) € 0(&) AE (T, 1) € calan(p (&) | (T 7)) L (e T)
i.e. the set of intervals of the waiting time of &; that do not overlap with the avail-
ability calendar of the resource p(¢;) that executed &;.

In the running example (Figure 34), the resource executing “Pay invoice” does
not work between 13:00:00 and 15:00:00. Thus, in the transition instance of case
511, the respective waiting time interval is due to resource unavailability.
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Figure 34. Waiting time due to resource unavailability and due to extraneous factors.

Waiting time due to extraneous factors. The last cause of waiting time that

we propose to consider is “extraneous factors”. We propose to classify as waiting
time due to extraneous factors the waiting time intervals caused by the external
effects that cannot be identified from the event log — e.g., the resource is working
on another process, the activity instance cannot start until some unrecorded event
has occurred, fatigue effects, or context switch. In Figure 34, the interval between
15:00:00 and 15:55:50 cannot be explained by the data available in the log and
is considered due to extraneous factors. Thus, the waiting time of an activity
instance due to extraneous factors is defined as follows:
Definition 5 (Waiting Time Due to Extraneous Factors). Given an activ-
ity instance log L and an activity instance & € L, the waiting time due to
extraneous factors of & is Qeur(&) = {(7,7)) | (7,7)) € 0(&) A P(w, 1) €
({wba(gi)}UQrc(gi)U-Qprior(gi)U-Qunav(gi)) ’ (Ti,fj) 1 (’L'k,’L'[)}, i.e. the set of
intervals within the waiting time of &; that does not overlap with waiting times
due to batching, resource contention, prioritization, or resource unavailability.

is modular to our proposal. As such, other calendar discovery algorithms and manually defined
calendars can also be used with our approach.
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In this way, each transition instance observed in an activity instance log is au-
tomatically decomposed in a set of intervals attributed to the defined causes. As a
result, the approach generates a report that, for each transition execution, outlines:
the activities between which the transition occurred (source_activity and
destination_activity in Table 9), the resources that executed those activities
(source_resource and destination_resource), the case for which the transi-
tion instance was executed (case_id), the total waiting time within the transition
instance (wt_total), and a breakdown of the total waiting time into intervals
based on the causes (i.e., wt_batching, wt_contention, wt_prioritization,
wt_unavailability, and wt_extraneous). For example, activity transition in-
stance #42 in Table 9 corresponds to the example depicted in Figure 34. It shows
an activity instance transition of case 511 (case_id) between “Pay invoice”
(source_activity) executed by Sarah (source_resource) and “Pay invoice”
(destination_activity) executed by Jack (destination_resource). The to-
tal waiting time within this transition instance is 27,685.0 seconds (wt_total)
(i.e., 7 hours, 41 minutes, and 25 seconds from 2012-03-25 10:14:15 until 2012-
03-25 17:55:40). This total waiting time is further decomposed into intervals
per cause. Thus, for example, waiting time due to batching (wt_batching)
equals 6,345.0 seconds (i.e., 1 hour, 45 minutes, and 45 seconds) and corre-
sponds to the interval between 10:14:15 and 12:00:00 in Figure 34. Similarly,
waiting time due to resource contention (wt_contention) is 3,600.0 seconds
(i.e., 1 hour) and corresponds to the interval between 12:00:00 and 13:00:00
in Figure 34. The same applies to the remaining causes of waiting time, i.e.,
waiting time due to prioritization (wt_prioritization =7,190.0 seconds from
15:55:50 until 17:55:40), due to resource unavailability (wt_unavailability
= 7,200.0 seconds from 13:00:00 until 15:00:00) and due to extraneous factors
(wt_extraneous = 3,350.0 seconds from 15:00:00 until 15:55:50).

Table 9. Fragment of a sample report with the decomposition of waiting times into their
causes (waiting times in seconds).

’ Transition instance ‘

#42

#43

start_time
end_time
source_activity
source_resource
destination_activity
destination_resource
case_id
wt_total
wt_batching
wt_contention
wt_prioritization
wt_unavailability
wt_extraneous

2012-03-25 10:14:15
2012-03-25 17:55:40
Post invoice
Sarah
Pay invoice
Jack
511
27,685.0
6,345.0
3,600.0
7,190.0
7,200.0
3,350.0

2012-03-25 14:28:00
2012-03-25 17:22:00
Pay invoice
Jack
Notify acceptance
Carolyn
517
10,440.0
0.0
5,640.0
900.0
3,600.0
300.0
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5.2.3. Phase 3: Waiting time cause analysis

This section describes how the waiting time causes can be analyzed to identify
improvement opportunities in a business process. This corresponds to the final
step of the approach (see Figure 29), where we analyze how much each waiting
time cause contributes to the temporal performance of the process.

With that purpose, we propose to compute the percentage of time that each
cause induces in the CTE of the process. In this context, we measure the CTE
as the processing time divided by the sum of the processing and the waiting time
(Processing Time (PT) + Waiting Time (WT)), where PT is the sum of the pro-
cessing time of all activity instances in the process, and WT is the sum of their
waiting times. The impact of waiting times per cause is calculated as the differ-
ence between the original process CTE and the CTE if a particular waiting time
is eliminated. In this way, we can measure (1) the impact that each waiting time
cause has on the process CTE, (2) the impact that each transition has on the pro-
cess CTE, and (3) the impact that each waiting time cause has in each transition.
These metrics can indicate the potential CTE improvement (i.e., the theoretical
improvement) if a particular cause of waiting time is addressed.

As aresult, we can analyze the discovered waiting time causes and their impact
on CTE. With this information, process analysts can identify where the inefficien-
cies due to waiting times are localized, choose which transitions and/or waiting
time causes to address, and which redesign alternatives to apply. In this way,
causes associated with higher waiting times would have a higher impact on the
process CTE and, thus, indicate where improvement efforts could be targeted.

This approach could facilitate identifying waiting time causes and their in-
fluence on the process CTE. While the analysis identifies waiting time causes,
analysts use their process expertise to determine if these require improvement and
what those improvements might be.

5.3. Implementation

In this section, we present the implementation of our proposed approach as a soft-
ware tool called Kronos. Analysts can use Kronos to upload activity instance logs
and obtain analysis results of waiting time causes that could help them identify
improvement opportunities to increase temporal performance.

To design Kronos, we elicited requirements. The requirements are derived
from the proposed approach. For instance, requirements relating to visualizations
of analysis results were designed based on outputs generated at each step of the ap-
proach. Here, we considered the target users of the tool (process analysts familiar
with process mining) and their goals (understanding the waiting time causes and
identifying improvement opportunities related to waiting times) [187]. In addi-
tion, we created a mockup of the user interface using Figma®*. These requirements

“https://www.figma.com/
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constituted the specifications taken as input for the development of Kronos.

Kronos is developed as a React web application, publicly available at http://
kronos.cloud.ut.ee. A set of event logs for testing is available on Owncloud>.
The implementation of Kronos’s logic is available in a GitHub repository®, along
with instructions for its installation and command-line usage.

Figure 35 gives an overview of Kronos’s components. The components com-
ply with the steps of our proposed approach described in Section 5.2. Thus, Kro-
nos takes an activity instance log as input, identifies activity transitions, calculates
their durations (waiting times), discovers and quantifies the causes of the waiting
times, measures their impact on process CTE, and, finally, visualizes the results.
In addition, we use the batch processing discovery algorithm’ (proposed in Chap-
ter 4) and prioritization discovery algorithm® to identify how batch processing and
prioritization are executed if waiting time due to these causes is discovered (see
Discovery of Batching and Prioritization Strategies in Figure 35). Thus, if waiting
time due to batching is discovered, for each batch processing activity, we iden-
tify its batch processing strategy (case frequency, batch processing frequency and
type, activation rule, batch size distribution, and distribution of waiting time due
to batching per resource). In case of waiting time due to prioritization, for each
activity with prioritization, we identify its prioritization strategy (case frequency,
prioritization frequency, prioritization rule, and distribution of waiting time due to
prioritization per resource). This information can help analysts redesign batching
and prioritization strategies (e.g., change batch sizes or adjust prioritization rules)
to reduce waiting times due to batching and prioritization.

Waiting Time Cause
Discovery

Resource availability
calendar miner
Resource contention
discovery algorithm
/ forit discovery b
| algorithm :
' Batch processing ]
‘ discovery algorithm ;

! Discovery of Batch Processing |
' and Prioritization Strategies |

Activity Transition
Discovery

Concurrency orace of the
Flexible Heuristics Miner

Activity
instance log

Uploading Waiting Time Visualization of
Log Analysis Analysis Results

Analysis results

Images: flaticon.com

Figure 35. High-level architecture of Kronos.

The results are visualized as a dashboard. Figure 36 and Figure 37 show the
Overview tab on the Kronos dashboard. The dashboard first shows key statis-
tics of the process: (1) total number of cases, activities, and transitions; (2)
the total/average cycle, processing, and waiting times; (3) the distribution of to-
tal/average waiting time by its causes and (4) over the timeframe that the event
log captures (see Figure 36).

Shttps://owncloud.ut.ee/owncloud/s/rZ4dSoTzwpwfpci
Shttps://github.com/AutomatedProcessImprovement/waiting-time-analysis
"https://github.com/AutomatedProcessImprovement/batch-processing-discovery
8https://github. com/AutomatedProcessImprovement/prioritization-discovery
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Figure 36. The Overview tab on the Kronos dashboard.

Then, the dashboard presents the waiting time causes per transition (see Fig-
ure 37). Finally, it depicts the potential CTE improvement if the waiting times
are eliminated in all activity transitions of the process (e.g., if waiting time due to
batching is completely eliminated in all transitions) and individually for each ac-
tivity transition (e.g., if waiting time due to batching is eliminated in the transition
between the activities “A” and “B”).

Further, analysts can focus on analyzing each waiting time cause in more de-
tail. For that, they can switch the dashboard to view the analysis results focusing
on a selected cause (e.g., waiting time due to batching) (see Figure 38). In addition
to the aforementioned analysis results, analysts can see resources associated with
the waiting time cause and information specific to that cause, e.g., batching and
prioritization strategies. Analysts can also select to view the analysis results for
all transitions or one particular transition. The analysis results can be downloaded
in CSV and JSON formats.

The initial version of Kronos (before implementing improvements presented
in Section 5.5.3) was demonstrated at the ICPM’23 conference [57].

5.4. Computational evaluation

In this section, we present the computational evaluation of the proposed approach.
First, we use synthetic data to validate the ability of the technique to accurately
discover waiting time causes we injected in the event logs. Second, we demon-
strate the approach’s applicability on a real-life event log.
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5.4.1. Accuracy verification

We evaluate the approach by addressing two evaluation questions (EQ):

EQI1 To which extent is the technique able to detect the presence or absence of
certain waiting time causes?

EQ2 To what extent is the technique able to correctly quantify the amount of
waiting time waste per each cause?

In this experimentation, we use synthetic data to validate the ability of the
technique to accurately discover transitions, their waiting times, and the waiting
time causes known to be present in the event logs. The approach implementation,
the event logs, and experiment results are all available on GitHub’.

To answer EQ1, we used a business process simulation model (BPS model)
of a loan application process to simulate a set of event logs with different com-
binations of waiting time causes (see Table 10). To simulate waiting time due to
resource contention, we set a low number of available resources in the BPS model,
so that, in some cases, there were no resources available to process an enabled ac-
tivity instance (available resources = fewRes in Table 10). In contrast, to ensure
no resource contention, we set an extremely high number of available resources
(available resources = infRes). To create waiting time due to resource unavail-
ability, we set resource working calendars so that some resources worked from
Monday to Wednesday, and others from Thursday to Friday and from 9 am to 5
pm (resource schedules = 8/5 in Table 10). Similarly, to ensure no resource un-
availability, we set resources to be all-time available (resource schedules = 24/7).

To simulate waiting time due to extraneous factors, we added timer events be-
fore some of the activities in the BPS model, thus delaying their start (timers
in Table 10). Waiting time due to batching and prioritization cannot be injected
by modifying the simulation parameters, as current BPS engines do not support
them. Therefore, in batching, we added a set of new cases delaying the start of
some activity instances so that they are processed as a batch (batching). To sim-
ulate prioritization, we added a set of new cases, changing the order of execution
of some activity instances so they are processed following a prioritization order
(prioritization). In some scenarios, no batching or prioritization was injected
(batching and/or prioritization = — ).

Combining these modifications, we simulated a set of 32 event logs with all
the combinations of causes of waiting time and measured the performance using
precision and recall. True positives and false positives stand for the discovery
of a waiting time cause that, respectively, was and was not injected in the event
log. True and false negatives denote an undiscovered waiting time cause that,
respectively, was not and was injected.

Table 11 depicts the results for the simulated event logs used to evaluate EQ1.
Our approach discovered the injected waiting time causes in all the event logs (no

https://github.com/AutomatedProcessImprovement/waiting-time-analysis/
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Table 10. Simulated event logs of a loan application process, showing injected pat-
terns: high number of resources (infRes), limited resources (fewRes), 24/7 resource
availability (24/7), weekday availability from 9 am to 5 pm (8/5), timers added
(timers), no timers added (no timers), batching added (batching), prioritization
added (prioritization), and no batching or prioritization added (-).

Simulation scenario  Available resources  Resource schedules Timers  Batching and/or prioritization
S01 infRes 2477 no timers -
S02 infRes 2477 no timers batching
S03 infRes 24/7 no timers prioritization
S04 fewRes 2477 no timers -
S05 infRes 8/5 no timers -
S06 infRes 2477 timers -
S07 infRes 2417 no timers batching, prioritization
S08 fewRes 24/7 no timers batching
S09 infRes 8/5 no timers batching
S10 infRes 2477 timers batching
S11 fewRes 24/7 no timers prioritization
S12 infRes 8/5 no timers prioritization
S13 infRes 2477 timers prioritization
S14 fewRes 8/5 no timers -
S15 fewRes 2417 timers -
S16 infRes 8/5 timers -
S17 fewRes 24/7 no timers batching, prioritization
S18 infRes 8/5 no timers batching, prioritization
S19 infRes 24/7 timers batching, prioritization
S20 fewRes 8/5 no timers batching
S21 fewRes 2477 timers batching
S22 infRes 8/5 timers batching
S23 fewRes 8/5 no timers prioritization
S24 fewRes 24/7 timers prioritization
S25 infRes 8/5 timers prioritization
S26 fewRes 8/5 timers -
S27 fewRes 8/5 no timers batching, prioritization
S28 fewRes 2417 timers batching, prioritization
S29 infRes 8/5 timers batching, prioritization
S30 fewRes 8/5 timers batching
S31 fewRes 8/5 timers prioritization
S32 fewRes 8/5 timers batching, prioritization

false negatives), resulting in a recall of 100%. However, due to the influence that
some waiting time causes have between them, the results contain 17 false positives
(precision of 83%). False positives in waiting time due to resource unavailability
(806, S10, S13, S15, S19, S21, S24, and S28) are caused by the presence of ex-
traneous waiting time, combined with limited data for the discovery of resources’
working calendars. To simulate these logs, we set a 24/7 working calendar for all
resources (high availability). However, when a resource has low occupation (ex-
ecutes few events), there is not enough data for the calendar discovery to identify
a 24/7 calendar, and some intervals are interpreted as non-working time. When
these non-working intervals overlap with extraneous waiting time, the tool classi-
fies them as waiting time due to resource unavailability. This limitation is inherent
to the discovery of the resource calendar, if there is no data showing that a resource
was active during a period of time, it cannot be assumed that they were working.
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Table 11. Results for the simulated event logs with all waiting time causes, depicting the
true positives with *v'“, the false positives with ’X*, and the true negatives with an empty
cell (there are no false negatives).

S01 S05 S06 SO7 S08 S09 S10 Sl SI2 S14 S15  Sl6
Batching v v v v X
Prioritization v v v X X
Res. Contention v v v v
Res. Unavailability v X v X v v X v
Extraneous factors v v v v
S17 S21 S22 S23  S24  S25 S26  S27  S28 S30  S31  S32
Batching v v v X X v v v X v
Prioritization v X v v v X v v X v v
Res. Contention v v v v v v v v v v
Res. Unavailability X v v X v v v X v v v
Extraneous factors v v v v v v v v v

The injection of waiting time due to extraneous factors also induced false pos-
itives of prioritization (S15, S21, S26, S30). When an activity instance is enabled
but waiting due to extraneous factors, the resource might execute other activities
enabled after the waiting one, being detected as waiting time due to prioritization.
These false positives are due to the absence of an explicit indicator of the extrane-
ous factors (i.e., extraneous waiting time is only detected when no other causes are
identified). False positives due to batching (S14, S23, S26, S31) are caused by the
appearance of a batch processing behavior that was not intentionally added. To
create waiting time due to resource contention and unavailability, in some scenar-
ios, we assigned working calendars with low resource availability. In such cases,
while instances were waiting until the resource became available, they were col-
lected and processed by the same resource. This resulted in an unassigned but
correctly discovered batch processing behavior.

EQ?2 aimed at assessing if our approach is able to correctly identify waiting
time intervals and their causes. We could not use the set of event logs used for
EQI1 to answer EQ2, as the logs were created through stochastic business process
simulation — we know we have introduced a certain cause of waiting time, but we
don’t know to what extent. Therefore, we manually created a set of 5 event logs
with different activity transitions and waiting time causes. Each event log contains
a set of process cases where some of the transition instances present various wait-
ing times in such a way that some of them overlap with others. In this way, we not
only evaluate the ability to correctly detect the causes of waiting times, but also
their precedence. Due to the low number of events per resource, automatically
discovering the working calendars would introduce noise in the experiment. As
we are interested in a controlled scenario for this evaluation question, we manu-
ally defined the resource working calendars of each resource. Then, we compared
the discovered waiting time intervals and causes w.r.t. the ground truth, validating
that all of them were correct.

Additionally, to address the limitation identified in the evaluation of Contri-
bution 1 in Section 4.3.1, we conducted a batch rediscovery experiment. This
experiment aimed to assess how changes in batch processing-related hyperparam-
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eters — specifically, minimum batch size and maximum in-batch gap — affect the
accuracy of discovered batches. For that, we selected two simulated event logs of
a loan application process with injected batch processing, namely S02 and S32.
S02 represented a simpler process with only batching injected, while S32 repre-
sented a more complex process, including five causes of waiting times — batching,
resource contention, prioritization, resource unavailability, and extraneous factors.

The batch processing discovery technique was then applied to each log using
various hyperparameter settings (summarized in Table 12). For minimum batch
size, options ranged from 2 to 10 cases per batch. A size of 2 is the most permis-
sive and serves as the default setting (as in Section 4.3.1). A size of 10 represented
the minimum size of the injected batches in these logs, which varied between 10,
12, and 14 cases. For the maximum in-batch gap, O seconds between processing
cases within a batch is a default setting (as in Section 4.3.1) which we used as the
lower limit. At the upper limit, the maximum in-batch gap was set to the average
waiting time between activities in a simulated log, as this provided a meaning-
ful reference point for possible gaps between case processing. This upper limit
corresponded to 0 days 00:17:18 in S02, and 2 days 07:40:56 in S32. Addition-
ally, three intermediate options were introduced, corresponding to 25%, 50%, and
75% of the average waiting time. For data analysis and visualization purposes,
the maximum in-batch gap options were coded numerically from O to 4, as shown
in Table 12.

Using these options, we executed all possible combinations of the hyperpa-
rameter settings for each event log. For example, we tested configurations such as
minimum batch size = 2 and maximum in-batch gap = 0 (default), minimum batch
size = 2 and maximum in-batch gap = 1, minimum batch size = 2 and maximum
in-batch gap = 2, and so on. In total, 45 unique hyperparameter combinations
were tested for each event log.

Table 12. Options for the hyperparameter settings.

Hyperparameter | Minimum batch size Maximum in-batch gap

Options from 2 to 10 0 means 0 seconds
1 means the 25% of the average time
2 means the 50% of the average time

3 means the 75% of the average time

4 means the 100% of the average time

Figure 39 and Figure 40 present the true and false positives in discovered
batched activity instances with different hyperparameters in the simulated event
logs SO02 and S32, respectively. In both logs, all 29 injected batches and respective
348 batched activity instances were correctly re-discovered (see Batched Activity
Instance True Positives). Additionally, the true positive values remain constant at
348 across all settings of minimum batch size and maximum in-batch gap. This
suggests that changes in the hyperparameters do not affect the accuracy of identi-
fying the true positives in these setups.
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Figure 39. True positives and false positives in discovered batched activity instances with
different hyperparameters in the simulated event log S02.

Moreover, batch processing was also detected in activities where batches were
not injected. In these activities, activity instances accumulated for other rea-
sons (e.g., long queues) and were subsequently processed together, i.e., demon-
strated batch processing behavior. As a result, they were identified as batched
(see Batched Activity Instance False Positives). False positives demonstrate a cer-
tain trend: as the minimum batch size increases, the number of false positives
decreases. For example, in SO2 (Figure 39), with a minimum batch size of 2 or
3, false positives are at their highest (347). As a minimum batch size goes up to
10, false positives reduce significantly to 11. Similarly, in S32 (Figure 40), as the
minimum batch size increases, the number of false positives decreases. This rela-
tionship can be explained by the fact that a larger batch size reduces the probability
of randomly accumulated activity instances being falsely detected as batches.

The maximum in-batch gap parameter does not impact false positives in S02
(Figure 39) — values remain the same across this axis. However, in S32 (Fig-
ure 40), as the maximum in-batch gap increases, the number of false positives
also rises. This can be attributed to the fact that a larger in-batch gap increases the
probability of misclassifying activity instances that are executed close together as
part of the batch.

This experiment has demonstrated that the default settings in the current ap-
proach implementation (i.e., minimum batch size = 2, maximum in-batch gap =
0) might not be suitable for all processes, particularly for complex scenarios like
S32, where multiple causes of waiting times are present. Therefore, it would be
beneficial to allow analysts to adjust the default settings of the hyperparameters.
Additionally, it could be useful to allow analysts to manually review and adjust the
results of batch processing discovery using their contextual knowledge. Based on
the adjusted batch processing results, the associated waiting times could be further
identified and analyzed. This approach could enhance the accuracy of quantifying
the causes of waiting times.
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Figure 40. True positives and false positives in discovered batched activity instances with
different hyperparameters in the simulated event log S32.

5.4.2. Applicability demonstration

To demonstrate the applicability of the proposed approach using Kronos, we use
a real-life event log of a production process [181] (previously presented and used
in Section 4.3.2). This event log was selected for evaluation since it fulfills the
input requirements (refer to Table 8) and is sourced from real-life settings, which
allows us to demonstrate the approach in a practical scenario.

First, we discovered the transition instances — 91 transitions with 3,323 transi-
tion instances (i.e., executions of each transition). In addition, their characteristics
— case frequency, total frequency, and total waiting time — were identified.

Then, we discovered the waiting time causes, producing a report that captures
to what extent each cause (per transition) contributes to the total waiting time of
the process. The highest waiting times originated from the self-loop transitions,
i.e. when the same activity is executed twice in a row. For instance, the self-loop
of “Turning & Milling Q.C.” induced a total waiting time of 2 years, 12 months,
1 day, 3 hours, and 38 minutes (see Figure 41), being the greatest contributor to
the total waiting time. The largest portion of the waiting time in this transition
(54.4%) was caused by resource unavailability (1 year, 7 months, 22 days, 19
hours, and 29 minutes).

The next largest causes of waiting were batching (25.4% of the total waiting
time in this transition; 7 months, 15 days, 1 hour, and 5 minutes) and prioritization
(8.6%; 3 months, 12 days, 5 hours, and 28 minutes). During the execution of the
“Turning & Milling Q.C.” activity, 31.4% of cases were processed in batches and
followed the concurrent batch processing strategy (i.e., cases were processed one
by one with a partial overlap in their processing times). The batch sizes ranged
from 2 to 5 cases, where the majority of batches included 2 cases (78%). Approx-
imately half of the batches were activated when the waiting time of a ready batch
reached 12 hours and 49 minutes, i.e., followed the batch activation rule: W T4y
> 12 hours 49 minutes (discovered rule confidence = 52.9%, discovered rule sup-
port = 49.3%). No prioritization strategies were identified, as the necessary case
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attributes for discovering such strategies are absent in this event log.
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Figure 41. Waiting time causes in activity transitions of the production process.

Finally, we analyzed to what extent each waiting time cause contributes to
the total waiting time of the process, and how they affect the CTE. Resource un-
availability was the primary source of waiting time (as it caused 54.4% of the
total waiting time), followed by batching (25.4%), prioritization (8.6%), extrane-
ous (7.4%), and resource contention (4.2%). Then, we measured the impact of
the waiting times by cause on the process CTE (CTE = 5.9%). The highest CTE
increase (up to 12.2%) can be achieved if the waiting time due to resource unavail-
ability is eliminated. Regarding individual transitions, addressing the “Turning &
Milling Q.C.” self-loop is the highest improvement opportunity. If the waiting
time in this transition is addressed, the CTE could increase to 6.9%.

As aresult, we demonstrated how the approach can be applied to a real-life log
and how the outputs can be used to analyze the waiting time causes. This indicates
the practical applicability of the proposed approach to a real-life log.

5.5. User evaluation

To evaluate usefulness and usability, we conducted an interview study with pro-
cess analysts experienced in process mining. This section presents the design
and findings of the user evaluation and discusses how the findings were used to
improve the design of Kronos.

5.5.1. Interview study design

For the interview study, we set evaluation goals (EG) aiming to understand the
process mining experts’ perception of the tool’s usefulness (EG1), ease of use
(EG2) and identify how the tool could be improved (EG3). For this, we recruited
ten process analysts (Table 13) who have used process mining for process im-
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provement projects. The participants have been involved with process improve-
ment projects in nine different domains, predominantly manufacturing. On aver-
age, the participants had seven years of experience with process analysis and four
years with process mining.

Table 13. Interview participants.

Code Domain (proEchI;?:ll;f;sis) (pr]::))c(cle)sesr;:illf:ng)
P1 Consulting 6 years 4 years
P2 Energy 3 years 2,5 years
3 Transport.taltion, Logistics, 15 years 3 years

Maintenance
P4 Manufacturing 5 years 5 years
P5 Consulting 10 years 10 years
P6 Manufacturing 8 years 3 years
P7 Manufacturing 10 years 1,5 years
P8 Manufacturing 5 years 5 years
P9 Banking, Energy, Retail 1 year 1 year
P10 Manufacturing, Finance, Logistics 7 years 5 years

For this evaluation, we combined semi-structured interviews with a survey
study. The semi-structured interviews enabled an open conversation [188] suit-
able for providing participants the freedom to share their ideas about Kronos. The
follow-up survey offered additional context for quantitatively analyzing the col-
lected interview data [189].

We conducted individual interviews with the participants. During the inter-
view, we first showed Kronos and introduced its key concepts (such as the waiting
time causes). The version of Kronos we showed to the participants was mini-
malistic. In the starting screen, the user uploaded the event log and mapped each
column to its respective type (e.g., activity or resource). On the first page of the
dashboard, the tool displayed the descriptive statistics of the event log (e.g., num-
ber of activities, transitions, and cases), the grand total of the waiting time, and
the waiting time attributable to each cause. The second page showed the decom-
position of waiting time per cause in each transition, as shown in Figure 41. On
the final page, Kronos illustrated the original CTE of the process and potential
CTE improvement per waiting time cause. We decided to start the user study with
a minimalistic design to avoid biasing the study participants and let their feed-
back determine the final design of the tool. The detailed description of the initial
version is available as a demo video'? produced for the ICPM’23 conference [57].

We then asked participants to use Kronos on a real-life event log of a pro-
duction process (introduced in Section 4.3.2), analyze the results, and identify
improvement opportunities related to waiting times. Afterward, we asked ques-
tions based on the evaluation goals. For instance, to evaluate the usefulness of

%t tps://youtu.be/vv0Y_hb0OOh4
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the information presented in Kronos for identifying improvement opportunities,
we asked “Which data was useful when identifying improvement opportunities?”
(EG1). Furthermore, we sought to identify missing information crucial for this
task that might not be readily available in Kronos. This was achieved by asking
“When identifying improvement opportunities, what data did you miss (if any)?”
(EG1). Then, to assess how easy it was for the participants to use the components
of Kronos in their analysis, we asked “Which part of Kronos was clear and easy
to understand?” and “Which part of Kronos was the hardest to understand and
why?” (EG2). Finally, we collected suggestions on how Kronos could be im-
proved with the question of “What part or aspect of Kronos needs to be improved
and how?” (EG3).

After the interview, the participants filled out a survey. The survey consisted
of three parts.

1. The first part was based on the Technology Acceptance Model (TAM) [189]
and included questions on perceived usefulness (PU), perceived ease of use
(PEOU), and intention to use (ItU). Questions on PU considered the use-
fulness of Kronos when identifying improvement opportunities related to
waiting times. PEOU questions concerned the clarity and understandability
of the information presented in Kronos and its ease of use. ItU questions
focused on participants’ intention to continue using Kronos for identifying
waiting time-related improvement opportunities. For these questions, we
reused a validated questionnaire proposed in [190, 189], adapting it to the
Kronos context. We used a scale from 1 (strongly disagree) to 5 (strongly
agree) for these questions.

2. The second part was based on the System Usability Scale (SUS) [191] and
included questions focused on usability. SUS-based questions were added
to complement TAM with user satisfaction of the tool [191]. Thus, for
the SUS section, we asked questions concerning the usability of Kronos in
terms of complexity, consistency, and ease of learning and use. For these
questions, we reused a validated questionnaire proposed in [191], adapting
it to the Kronos context. We used a scale from 1 (strongly disagree) to 5
(strongly agree) for these questions.

3. The third part comprised demographic questions. These questions captured
data on occupation, years of experience, domains, and process mining ac-
tivities participants performed.

The complete set of interview and survey questions can be found in the evalu-

ation study protocol provided in the supplementary materials''.

The interviews were conducted online and lasted from 28 to 45 minutes. We

recorded the interviews, transcribed them using Otter.ai'?, and manually reviewed
the transcripts. To analyze the interview data, we followed a thematic analysis ap-

Uhttps://owncloud.ut.ee/owncloud/s/kFbtYr7mE7Ln4Em
2https://otter.ai/
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proach. For the thematic analysis, the transcripts were coded iteratively. First,
we created an initial set of codes based on the evaluation questions (e.g., “useful”
and “not useful”). Then, we applied the codes to the transcripts and revised them
as we analyzed the transcripts. For instance, we added new codes when none
from the initial set fitted the observation. For example, we added “unexpected be-
havior” for situations when the tool’s response to action did not match the user’s
expectations. As a result, we obtained a set of 26 codes that were clustered into
5 themes (“usefulness,” “identification of improvement opportunities,” “under-
standability of the content,” “ease of use of the tool,” and “improvements”). The
themes of “usefulness” and “identification of improvement opportunities” relate
to EG1, “understandability of the content” and “ease of use of the tool” to EG2,
and “improvements” to EG3.

To analyze the TAM survey results, we aggregated the individual responses
for each assessed criterion — perceived usefulness (PU), perceived ease of use
(PEOU), and intention to use (ItU) — and calculated their mean and standard de-
viation values [192]. The mean values of PU, PEOU, and ItU provide insights
into overall participant perceptions, highlighting the general acceptance and po-
tential adoption of Kronos. The standard deviation values indicate the consistency
or variability in the responses, revealing how uniformly participants perceive the
usefulness, ease of use, and intention to use Kronos. High standard deviation val-
ues (> 1) would suggest diverse opinions among participants, while lower values
(< 1) would indicate a more consistent perception across participants. To analyze
the SUS survey results, we calculated the overall average SUS score as proposed
in [191]. This average score provides a single, comprehensive measure of the
system’s usability (while individual item scores are not independently meaning-
ful) [191].

LIS

5.5.2. Interview study findings

The evaluation results indicated that the participants found Kronos to be usable.
This is evidenced by the average SUS score of 77.3 (a system is considered us-
able when the average SUS score is above 68) [193]. Participants were satisfied
with using Kronos, saying that “this is a great tool” (P3), “nice and clear” (P6)
and “it’s cool and it would perfectly make sense” (P2). They also appreciated the
novel contribution, mentioning that “it’s definitely something that’s not available
yet. And that makes it really cool” (P4) and saying: “I like this tool very much be-
cause this adds another dimension to the analysis that we currently do not have”
(P7).

EG1. Participants also generally perceived Kronos to be useful (EG1). This
is supported by the survey responses on usefulness (M=4.27, SD=0.69)"> and
participants’ comments, e.g., “I think, especially for the core processes like the
manufacturing process, this is a very helpful, powerful analysis” (P4). Partic-

I3«M> stands for mean value and “SD” for standard deviation.
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ipants commonly commented on the usefulness of understanding the causes of
waiting times, e.g., PS5 expressed that “this part of giving a cause or reason for a
waiting time, 1 find extremely helpful.” In addition, they indicated the usefulness of
identifying transitions in which waiting times occurred. For instance, one partici-
pant P6 shared that they “could already also say where in the process it [waiting
time] happens, that’s for sure very helpful” (P6). Participants also appreciated the
resource view on waiting times. One interviewee said: “I like that I can look into
the specific resources that cause the highest waiting time. For instance, if it is due
to resource unavailability, then we can maybe change their working hours or hire
more resources” (P1). Thus, it seems that understanding the waiting time causes
could guide analysts to the root cause of the inefficiencies and ways to address
them. Several participants highlighted the importance of seeing the CTE impact
since “it has a very strong message” (P5). They appreciated seeing the poten-
tial CTE improvement in addition to the inefficiencies “because besides knowing
what the problem is, clients will want to know how to solve it and what results to
expect” (P9). Although some participants consider the CTE metric is generally
useful, they did not exploit this metric in their analysis and, thus, assessed it as
less applicable. One participant expressed that “CTE impact, I think, is a great
metric. It is true, though, I don’t use it that much” (P8). Overall, all Kronos’s
components were reported as useful in identifying improvement opportunities in
waiting times since “each part provides a different perspective on the issue” (P1).

In addition, we explicitly asked the participants if they missed any information
when identifying improvement opportunities with Kronos. Several participants
reported that the provided information was sufficient. One participant commented
that “I think regarding the information presented in this tool, you have just enough
to find any inefficiency in waiting times” (P9). Although all participants managed
to identify improvement opportunities, many also expressed the need for addi-
tional insights to better understand the causes of waiting times. For instance, in
case of waiting time due to prioritization, they were interested in seeing which
cases were prioritized, which resources decided on the prioritization, and how of-
ten. In addition, we observed the need to understand the trend of waiting times
over the analyzed period to “see if this waiting time cause is a constant problem
or a one-time occurrence. Because if it’s a one-time event, then probably it is
not quite useful for an analyst to work on” (P10). Finally, participants shared
that they used average and median perspectives of waiting times more frequently
than totals since “average values might be more comprehensible for the user to
understand and show how waiting happens case by case” (P8).

EG2. Furthermore, participants perceived Kronos to be easy to use (EG2).
This is supported by the survey responses (M =4.48, SD =0.64) and statements
such as “I like how the information is presented, it’s structured and straight to
the point, so you can easily see where your inefficiencies are” (P7). However,
several issues limited ease of use, such as “inconvenient data formats” (P9), “un-
expected behavior of the sorting control” (P4), and “no indication that the table
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lines are clickable” (P2). The participants also found the content to be clear and
understandable. For instance, one shared that “I don’t see any issues as all terms
you use here are well-known in the process mining community” (P7). However,
we noted that while working with Kronos, participants asked to be reminded of
how waiting time causes were defined and how CTE was calculated. Also, P1
suggested: “If a new user comes in, who doesn’t understand these terms, for in-
stance, batching and whatnot, it would be better to have some kind of a legend or
some hint about what each of these terms means” (P1).

The survey showed a relatively lower score for intention to use (M=3.47,
SD=0.68) as compared to the usefulness and ease of use. On the one hand, partic-
ipants appreciated the tool’s contribution and would like to exploit it. For instance,
one participant expressed that “this is something that I myself would want to look
into when analyzing the waiting times” (P8). On the other hand, several partic-
ipants mentioned the limited availability of event logs with both start and end
timestamps. This might be a factor limiting analysts from using Kronos. Thus,
participant P4 shared that “analysis of waiting times is, of course, a great deal in
our work but, unfortunately, we do not often have processes with start and end
timestamps.”

EG3. Further, incorporating feedback from participants, we have identified 49
potential improvements (Table 14) to Kronos (EG3). About half of the identified
improvements — 25 improvements (51% of the total) — centered around providing
additional insights into the waiting times and their causes. Participants conveyed
that these insights could prove valuable for identifying improvement opportuni-
ties related to waiting times. The second most common category, consisting of 11
improvements (22%), concentrated on improving the visualization of analysis re-
sults. Another category of improvements, totaling 7 (14%), highlighted the need
for conducting various types of analysis, e.g. variant analysis, and thus, increase
the analysis scope. Lastly, 6 improvements (12%) were focused on enhancing
annotation to improve understandability. Thus, improvements aimed at offering
further insights and broadening the analysis scope (32 improvements) related to
modifying the approach. Improvements in visualization and annotation (18 im-
provements) related to enhancing the usability of the tool.

5.5.3. Feedback loop back to Kronos

To improve the initial design of Kronos, we prioritized and implemented the im-
provements identified as a result of the analysis of the interview study data. We
prioritized the identified improvements into 4 priority groups based on the follow-
ing parameters: (i) the value of the improvement (the significance of the improve-
ment in terms of its contribution to identifying improvement opportunities related
to waiting times); (ii) the feasibility of implementation (the effort and time re-
quired for improvement implementation); and (iii) the frequency of mention (how
many different participants discussed them). Thus, improvements adding high
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Table 14. Categories of improvements for Kronos.

Number of Implemented
. . (number and

Category Sample improvement improve-
ments percentage of

the total)

Identify and display which resources are
associated with each waiting time cause and how 25 13 (52.0%)
much waiting time each resource induces.

Additional
insight

Present the analysis results grouped by waiting
Visualization time cause to allow analyzing each cause of 11 11 (100.0%)
waiting time separately.
Add the capability of comparing and analyzing

Analysis waiting times among several process variants,
7 0 (0.0%)
scope e.g., based on departments, product types,
locations, and time periods.

Clarify and unify all titles and labels to ensure

Annotation clarity and consistency, promoting better 6 6 (100.0%)
understanding.

Sum 49 30 (61.2%)

value, requiring low to medium effort/time to implement, and/or mentioned by
multiple participants were assigned the highest (first) priority (14 improvements).
Improvements adding limited value, requiring medium effort/time to implement,
and/or mentioned by one participant scored second priority (16 improvements).
Finally, improvements requiring high effort/time or out of scope got third (11 im-
provements) and fourth priority (8 improvements), respectively.

We implemented all improvements of the first and second priorities and left
third-priority improvements for future releases of Kronos. Thus, we implemented
13 improvements focused on providing additional insights that are significant for
analysts when analyzing waiting times. In particular, we provided more detailed
information for each waiting time cause, such as information about the affected
transitions and cases, and the distribution of waiting time by cause over the time-
frame. Additionally, we enhanced the analysis from the resource perspective by
providing insights into the resources and handovers associated with waiting times
categorized by the waiting time cause. Lastly, we integrated functionality for
identifying batching and prioritization strategies when the respective waiting time
causes are identified, and the option to view all analysis results from an aver-
age and median perspective. With these improvements, Kronos provides a more
comprehensive view of the waiting times and helps analysts identify improvement
opportunities related to waiting times.

We also implemented all of the 11 improvements relating to enhancing the
visualization. Specifically, we focused on presenting the analysis results in a user-
friendly manner, making it easier for analysts to navigate and find relevant infor-
mation. This includes grouping analysis results based on waiting time causes to
provide users with easy access to all information about each specific cause in a
single dashboard. In addition, we universally adopted the average perspective as
the default setting, with the median provided as a second choice, recommended in
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cases where there might be outliers. This change was driven by the common pref-
erence among analysts for reviewing analysis results in terms of average values as
opposed to displaying them as cumulative totals. Furthermore, we enhanced the
usability of dynamic charts by implementing standardized, recognizable controls
for data filtering and sorting and ensuring predictable responses to user actions.
Lastly, we clarified visualizations that had previously caused issues during use
among interview participants. As a result, we have attained a more coherent and
consistent interface.

All improvements related to annotation were also successfully integrated, to-
taling 6 improvements. In particular, we reviewed and unified terms in all chart
titles and labels. We also added tooltips to clarify the key concepts that might be
new for an analyst (e.g., definitions of waiting time causes) and explained how
the analysis results were obtained (e.g., how the values of potential CTE improve-
ment are calculated). These changes allowed us to improve the consistency and
understandability of the textual information.

Improvements related to expanding the scope of analysis encompassed includ-
ing additional analysis types such as: comparing waiting times across different
variants and periods, conducting milestone analysis to evaluate waiting times
between subprocesses, analyzing against specified Key Performance Indicators
(KPIs), providing recommendations for process redesign to reduce waiting times,
and delivering real-time suggestions for interventions in ongoing cases to reduce
potential waiting times. In its current form, Kronos is aimed to help analysts
identify opportunities to reduce waiting times in activity transitions. However,
these improvements pursued different analysis goals and, therefore, fell beyond
the scope of our project and were not implemented. Incorporating these improve-
ments can be considered for future Kronos extensions'#. In summary, we imple-
mented 30 out of 49 identified improvements (61% of the total): 13 improvements
aimed at enhancing the approach and 18 — at increasing the usability of the tool.

The user study evaluation has some inherent limitations [188]. Our evalua-
tion with 10 analysts poses a limitation on the generalizability of the results, i.e.,
the extent to which the results are applicable in other settings. This limitation
was, to an extent, mitigated by interviewing analysts from different domains and
backgrounds. In addition, when analyzing qualitative data, there’s a threat of mis-
interpretation stemming from biases or subjectivity. To mitigate this threat, the
collected and analyzed data was discussed within the research team. The evalua-
tion study protocol is available in supplementary materials'>.

4For instance, we implement one of these improvements — providing recommendations for pro-
cess redesign to reduce waiting times — as a part of Contribution 3 (see Chapter 6).
Dhttps://owncloud.ut.ee/owncloud/s/kFbtYr7mE7Ln4Em
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5.6. Summary

This chapter proposed a process mining-based approach for discovering causes of
waiting times and identifying improvement opportunities by assessing the impact
of these causes on the process CTE. To achieve this objective, we proposed to
attribute the waiting times of activity transitions to the five causes: batching, re-
source contention, prioritization, resource unavailability, and extraneous factors.
Then, we outlined how these five causes of waiting time can be discovered from
an activity instance log. Lastly, we described how the approach measures the im-
pact of each waiting time cause on the CTE of a process to help analysts prioritize
opportunities to reduce these waiting times.

The proposed approach has been implemented as a software tool called Kro-
nos. Using this tool, we assessed the approach’s ability to accurately detect and
quantify each of the five causes of waiting times. In addition, we demonstrated the
approach’s applicability on a real-life log. We also conducted a user evaluation of
Kronos with process analysts and applied the findings of this evaluation to refine
the tool’s design.

In its current form, the proposed approach has several limitations. First, the
approach considers only waiting times in transitions between activity instances.
Yet waiting times may also arise in at least two other settings: (i) between case
creation and the start of the first activity instance; and (ii) within an activity in-
stance due to interruptions (e.g., the resource interrupts their work and resumes it
later). Another limitation of the approach is that it does not consider multitasking.
Furthermore, when the calendar miner cannot accurately discover resource calen-
dars — such as when resources are involved in multiple processes or work only a
few minutes per day — waiting time due to resource unavailability and extraneous
factors could be attributed inaccurately. Additionally, the current implementation
of the approach does not allow analysts to adjust the default discovery settings
(e.g., minimum batch size and maximum in-batch gap) or refine the discovered
patterns based on their contextual knowledge, such as batch processing strategies
or resource calendars. Finally, the values of potential CTE improvement depict a
theoretical improvement achieved by eliminating specific waiting times, without
accounting for any potential side effects resulting from a process redesign.
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6. LLM-ASSISTED ANALYSIS AND REDESIGN OF
WAITING TIMES

In Chapters 4 and 5, we proposed approaches for the discovery and analysis of
waiting time causes, which addressed the first research question (RQ1). More
specifically, Chapter 4 introduced Contribution 1 — a process mining-based ap-
proach for discovering waiting time types associated with batching and analyz-
ing their impact on the CTE of batch processing activities. Chapter 5 presented
Contribution 2, which extended Contribution 1 by including other causes of wait-
ing times apart from batching, namely resource contention, prioritization, and
resource unavailability. Thus, Contribution 2 comprised a process mining-based
approach for decomposing observed waiting times in each activity transition into
direct causes and analyzing the impact of these causes on the process CTE. These
proposed approaches enable process analysts to identify improvement opportuni-
ties related to waiting time causes.

Following the BPM cycle [1], once improvement opportunities are identified,
the process is redesigned to address these improvement opportunities and enhance
the (temporal) process performance. Therefore, in this chapter, we aim to examine
how the redesign options can be identified to address the improvement opportuni-
ties to reduce waiting times (RQ2).

The review of the state-of-the-art (presented in Chapter 3) revealed that pro-
cess redesign remains a predominantly manual activity executed by process ana-
lysts who rely on their expertise and experience when redesigning business pro-
cesses [48]. To support process analysts in identifying applicable redesign op-
tions, existing research proposes several collections of redesign patterns. These
collections comprise redesign patterns proven to be effective for process improve-
ment and include works by Reijers and Mansar [45], Fehrer [46], and Lashke-
vich [47]. However, these collections target different performance perspectives
(including cost, flexibility, quality, and customer centricity) and do not specifi-
cally indicate which redesign options are applicable to address the causes of wait-
ing times. Additionally, analysts still need to manually examine these collections
to identify relevant redesign options.

Existing research in process mining has also offered several semi-automated
redesign approaches, such as the PrICE toolkit [49] and the assisted business
process redesign (aBPR) [50]. While these tools facilitate process redesign and
partially automate the tasks performed by process analysts, they require process
models as inputs, use a limited number of predefined redesign patterns, and do not
specifically relate to the causes of waiting times when recommending redesign op-
tions. Therefore, this chapter aims to address the following research gap (RG) in
the field of process redesign:

RG2 Existing studies have not provided automated methods to recommend re-
design options that reduce waiting times by targeting their causes.

110



Recent studies suggest that LLMs may assist business users in various process
analysis tasks, particularly in conjunction with process mining techniques [11].
For instance, Berti et al. [194] use GPT4 LLM to convert natural language in-
quiries into SQL queries, then deliver the results to users in natural language. To
improve the LLM performance in solving process mining-related tasks, specific
prompting approaches have been applied. Grohs et al. [195] describe a prompt-
ing approach that uses GPT4 to discover process models from textual descriptions
and to identify tasks that are suitable for automation. Jessen et al. [196] propose
a prompting strategy to apply LLM for solving process mining tasks by building
and executing SQL queries from natural language questions, e.g., for identifying
bottlenecks. Meanwhile, other authors have explored the use of LLMs to derive
process models from textual process documentation [197].

Thus, existing studies have demonstrated the applicability of LLMs across var-
ious process mining tasks. However, these studies focus on the use of LLMs for
discovering process models and conducting analysis tasks. In this research, we
aim to exploit the affordances LLMs to analyze the waiting time causes and rec-
ommend redesign options aimed at reducing waiting times.

Specifically, in this chapter, we propose Contribution 3 — a prompting method
for an LLM to enhance its ability to analyze the causes of waiting times and
recommend redesign options to reduce those waiting times by targeting their
causes. First, this chapter outlines the research methodology we followed to de-
velop the prompting method. Second, it presents the formulated requirements
for the prompting method. Further, this chapter introduces the proposed prompt-
ing method and its implementation as a conversational interface integrated into
Kronos. Finally, this chapter presents the evaluation of the prompting method.
We evaluate the proposed prompting method by (1) assessing the accuracy of the
prompt-enhanced LLLM for waiting time analysis questions, and (2) conducting
a user study with process analysts to evaluate the quality of the redesign options
provided by the prompt-enhanced LLM.

6.1. Research methodology

The objective of this research is to develop a prompting method to enable the LLM
to support analysts to analyze waiting time causes and provide recommendations
on redesign options to reduce waiting times. To achieve this, we followed a DSR
methodology [164]. An overview of the research process we followed is presented
in Figure 42.

First, we analyzed the state-of-the-art literature related to RQ2 and the identi-
fied research gap RG2 presented above. This review revealed the research oppor-
tunities in exploring the LLM affordances in solving process mining-related tasks.
This led to the formulation of our research objective (RO) to develop a prompting
method for an LLM to enable it to analyze waiting time causes and recommend
redesign options to reduce waiting times. Based on the RO, we defined the re-
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Figure 42. Research process for Contribution 3.

quirements for the prompting method.

The defined requirements guided the design of the proposed prompting
method, which includes a descriptive analysis component (to analyze waiting
times and their causes) and a prescriptive analysis component (to recommend re-
design options). The Design & Development stage was iterative. We started by
designing the descriptive component of the prompting method. We then applied
the initial prompting method with a descriptive component to the LLM (GPT-4
Turbo LLLM) and conducted testing experiments on the descriptive analysis tasks
(e.g., to analyze waiting time causes). During these experiments, we fine-tuned
the prompting method (descriptive component) according to the defined require-
ments. This involved modifying the inputs and instructions included in the prompt
and analyzing the obtained responses to identify necessary refinements. This iter-
ative process was repeated until no further fine-tuning was needed.

Similarly to the descriptive component, we designed the prescriptive compo-
nent iteratively. This process resulted in three versions of the prescriptive compo-
nent, differing in the type of redesign pattern data included in the prompt: baseline
(no data on redesign patterns included), enhanced-unstructured (with unstructured
redesign pattern data), and enhanced-structured (with structured redesign pattern
data). We tested these versions with the LLM and fine-tuned them according to
the defined requirements for the prompting method. After fine-tuning the prompt-
ing method, we proceeded to the Evaluation stage. We verified the accuracy of
the descriptive analysis component in solving descriptive analysis tasks (e.g., in
quantifying waiting time causes) using synthetic and real-life event logs.

After the accuracy verification, we designed and developed a conversational
interface within the Kronos tool and integrated the proposed prompting method.
This process was also iterative and repeated until no further refinements to the in-
terface design and implementation were identified. Then, we applied the prompt-
ing method (both descriptive and prescriptive analysis components) to a real-life
log to demonstrate its applicability in analyzing waiting time causes and recom-
mending redesign options in a practical scenario. We then conducted a user study
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with process analysts to evaluate both the descriptive and prescriptive components
of the prompting method. In the user study, we assessed the ability of the prompt-
ing method to support analysts in analyzing waiting time causes and identifying
redesign options to reduce waiting times. Finally, we analyzed the results from the
user evaluation and extracted findings that could be useful for further improving
the proposed prompting method and its implementation.

6.2. Problem scoping and requirements

In this section, we define requirements for the prompting method. Given the
prompting method is aimed at supporting analysts in process analysis and re-
design, it should correspond to established procedures of process improvement.
To improve business processes, analysts first identify and prioritize issues based
on their impact on performance. When analyzing waiting times, analysts con-
sider where the waiting time inefficiencies occur, how much of it is induced, their
causes, and which resources contribute the most. Then, analysts identify changes
that could address the issues [1]. Therefore, we formulated the following require-
ments (R) for the prompting method:

R1: The prompting method shall support analysts in analyzing waiting times
w.r.t. the location of waiting times, their magnitude, causes, and resources
associated with these waiting times.

R2: The prompting method shall support analysts in process redesign by recom-
mending redesign options to address identified causes of waiting times.

To design the prompting method, we exploit LLM affordances. Therefore, we
set the following requirements:

R3: The prompting method shall utilize the affordances of LLM technology.

R4: The prompting method shall deliver analysis results through interactive con-
versations with the user.

LLMSs can be tuned to provide more relevant responses to user requests [198].
Responses to user requests should provide accurate results on, for instance, wait-
ing time duration, and include useful and sufficient information to identify im-
provement opportunities. Therefore, the following requirements were added:

RS: The prompting method shall enable the LLM to provide accurate durations
of waiting times and their causes.

R6: The prompting method shall enable the LLM to provide useful and sufficient
information for analysts when analyzing waiting time causes for identifying
improvement opportunities.

Shani et al. [199] have compiled a set of desirable properties of recommender
systems. In our research, we focus on desirable properties related to the con-
tent of the recommendations, leaving aside properties related to user interface
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adequacy and perceived ease of use. On this basis, we compiled 8 desirable prop-
erties of recommender systems, namely recommendation relevance, novelty, di-
versity, serendipity, justification, information usefulness, information sufficiency,
and confidence in the provided recommendations [200]. As we aim to have the
proposed prompting method satisfy these properties, we define the following re-
quirements:

R7: The prompting method shall enable the LLM to recommend redesign op-
tions that are relevant for addressing waiting time causes (recommendation
relevance).

R8: The set of recommended redesign options shall be diverse, i.e., target the
waiting time causes from multiple perspectives (recommendation diver-
sity).

R9: The prompting method shall enable the LLM to provide understandable de-
scriptions of recommended redesign options (recommendation understand-
ability).

R10: The prompting method shall enable the LLM to provide useful and suffi-
cient information for analysts when recommending redesign options (infor-
mation usefulness & sufficiency).

We did not set requirements for novelty (i.e., recommending items that the user
did not know) [199], serendipity (i.e., how surprising the successful recommenda-
tions are) [199] and confidence (i.e., recommender’s ability to convince users of
the recommended items) [200] since our key objective is to provide relevant and
useful recommendations. However, we recognize the significance of these prop-
erties in enhancing user satisfaction and evaluate them to understand their impact
on user satisfaction with the provided recommendations.

6.3. Prompting method

In this section, we present the proposed prompting method for an LLM to analyze
waiting time causes and recommend redesign options to reduce waiting times.
The prompting method was designed based on the requirements defined in Sec-
tion 6.2. Using requirements R1 and R2, we created a prompting method with
a descriptive analysis component (for analyzing waiting times and their causes)
and a prescriptive analysis component (for recommending redesigns). Following
requirements R3 and R4, we applied and tested this prompting method using the
GPT-4 Turbo LLM!, which supports external instructions and datasets and uses a
conversational interface to communicate results to users.

The proposed prompting method consists of two phases (see Figure 43). First,
given an activity instance log, the waiting time causes — batching, resource con-
tention, prioritization, and resource unavailability — are discovered and quantified.

'https://help.openai.com/en/articles/8555510-gpt-4-turbo-in-the-openai-api
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The output of this phase is 1) a report listing transition executions and their du-
rations with decomposition per waiting time cause; 2) reports with discovered
patterns describing the waiting time causes — batching and prioritization strate-
gies, resource working calendars; and 3) case attributes. These reports are pro-
vided to the LLM as inputs in the form of datasets that the LLM can access when
analyzing waiting times. Phase 2 involves prompting the LLM by providing it
with a prompt template that includes descriptive and prescriptive analysis compo-
nents, along with a user prompt (i.e., a specific question or task from the user).
As a result, through the conversational interface, users can explore improvement
opportunities related to waiting times and their causes, and receive redesign rec-
ommendations from the LLLM to address identified improvement opportunities.
Below we present the proposed prompting method in more detail.

Phase 1. Waiting time analysis Phase 2. Prompting

Prompt template

Analysis of waiting
time causes

D

Descriptive analysis | (Prescriptive analysis

Assistant-level
instructions

[Redesign paﬂerns]

User

Message-level Message-level
instructions instructions

[ User prompt ]——): User prompt E ( Improvement
""""""""" ity analysis
i)

Wt?rlrtz‘g % [ Recommended }»
analysis results |_ redesign options

Activity
instance
log

Kronos

Figure 43. Overview of the proposed prompting method.

Phase 1. In the first phase, we discover and analyze the waiting time causes.
We do so using Kronos (presented in Section 5.3) — the tool that embodies the ap-
proach? for the discovery and analysis of waiting time causes proposed in Chap-
ter 5. Given an activity instance log, Kronos analyzes this log and produces a set
of reports capturing the waiting time cause analysis results. These reports serve
as input to the LLM, providing it with the necessary data for subsequent analy-
sis. More specifically, Kronos produces five reports (see Table 15). Analysis of
waiting time causes serves as a primary input for the LLM, providing a detailed
analysis of waiting time causes. This report presents the decomposition of waiting
times into their causes (batching, resource contention, prioritization, resource un-
availability, and extraneous factors) per transition execution. Batching strategies,
prioritization strategies and resource working schedules represent contextual in-
formation regarding waiting time causes to complement the analysis and enhance
the LLM’s capability to identify improvement opportunities. Case attributes are
available for the LLM to identify correlations between case attributes and waiting
times that could potentially explain waiting times. These reports (in the form of
structured datasets) are fed into the LLM to enable its examination of root causes
and identification of potential improvement opportunities.

*https://github.com/AutomatedProcessImprovement/waiting-time-analysis/
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Table 15. Inputs for LLM (results of waiting time analysis).

Input Content

Provides the waiting times of each transition execution and decomposes
the waiting times into five causes: batching, resource contention, pri-
oritization, resource unavailability, and extraneous factors. Each row
includes the source and destination activities of a transition execution,
source and destination resources executing the activities, total waiting
time of the transition execution, and distribution of total waiting time
per cause.

Analysis of waiting
time causes

Provides a list of activities where batch processing is detected and their
associated batching policy: batch processing type (e.g., parallel batch
processing), batch processing frequency, activation rule (e.g., fire when
the batch size = 10), and batch size distribution.

Batching strategies

Provides a list of activities where prioritization is utilized, resources
employing prioritization, and prioritization rules they follow (e.g., cus-
tomer type = “premium”).

Prioritization
strategies

Resource working | Provides working schedules of resources in the form of their weekly
schedules calendars per resource.

Case attributes Outlines unique case attributes for each case in the activity instance log.

Phase 2. In the second phase, we use a template-based prompting method to
enable the LLM to answer questions about waiting times and redesign options
on the basis of an event log. The prompt template consists of two components,
covering the two types of tasks we expect the enhanced LLM to support: (i) a
descriptive component that analyzes waiting time causes and contextual informa-
tion, allowing users to identify improvement opportunities; and (ii) a prescriptive
component aimed at recommending redesign options to reduce waiting times. Ad-
ditionally, the template incorporates a placeholder for the user-provided prompt
(placed at the end of the full prompt). Below, we discuss these components.

(i) Descriptive analysis component. To enable the LLM to analyze available
waiting time analysis results, the prompt includes instructions. Instructions com-
prise two levels and contain the following information:

* Assistant-level instructions define the role of the LLM (“You are an expert
in process mining...”), the goal (“You are required to analyze the causes of
waiting times...”), definitions (e.g., waiting time causes), and descriptions
of all inputs (e.g., what data the input “Analysis of waiting time causes”
contains). These instructions are used to ensure the LLM comprehends the
context and can read and retrieve the input data accurately.

* Message-level instructions specify preferred data format and instructions
for analyzing and presenting improvement opportunities. In particular, in-
structions indicate what aspects must be included in the response: “when
analyzing waiting time causes in a transition, the response must include 1.
where the waiting time is located (e.g., in which transition), 2. the waiting
time duration, 3. the causes of waiting time and the duration of the causes of
waiting time (how much waiting time is induced by each waiting time cause
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and percent from the transition’s duration), 4. resources that contribute
the most to the waiting time in this transition, and how much.” These in-
structions are used to ensure that the LLM provides relevant, sufficient, and
consistent results.

(ii) Prescriptive analysis component. Second, we use the LLM to recommend
redesign options to address the identified causes of waiting times (e.g., resource
unavailability). The prescriptive component guides the LLM in generating these
redesign recommendations. For this component, we designed and tested three
versions: (1) baseline (“zero-shot”) method, (2) enhanced-unstructured method,
and (3) enhanced-structured method. Below we describe these versions of the
prompting method in detail.

(1) Baseline (“zero-shot’’) method includes the instructions on recommend-
ing redesign options:

* Message-level instructions specify how the recommendations on redesign
patterns should be provided. In particular, they indicate what aspects must
be included in the response: “when recommending redesign options, the
response must include: 1. where the redesign should be applied (e.g., to
which transitions, activities, or resources), 2. what redesign option to im-
plement (the name of the redesign option,; definition and application, i.e.,
explanation of the redesign option and how the redesign option should be
applied; benefits and impact, i.e., how the redesign option can impact the
process performance and why this redesign is relevant.”

(2) Enhanced-unstructured method. LLMs can encounter challenges in
managing domain-specific or highly specialized queries that require informa-
tion outside of their training data corpus [201]. To overcome this limitation, the
Retrieval-Augmented Generation (RAG) approach prescribes providing external
data sources directly to LLMs, which can be used as contextual information for
retrieving data and generating more accurate and relevant responses [202]. There-
fore, to enhance the accuracy and relevance of LLM responses [202] in process
redesign tasks, we provided the LLM with research papers proposing the col-
lections of redesign patterns, as external data sources: Reijers & Mansar [45],
Lashkevich [47], and Fehrer [46]. Accordingly, the LLM can access these docu-
ments to retrieve relevant data when recommending redesign options.

In this way, the enhanced-unstructured method includes the same instruc-
tions as the baseline (“zero-shot”) method, three documents containing collec-
tions of redesign patterns (namely, Reijers & Mansar [45], Lashkevich [47], and
Fehrer [46]), and instructions asking the LLM to use these documents when rec-
ommending redesign options.

(3) Enhanced-structured method. To further fine-tune the LLM for recom-
mending redesign options to reduce waiting times, we created a structured dataset
with redesign options aimed at improving the temporal performance of business
processes. We incorporated this dataset into the prompt instead of the three doc-
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uments included in the enhanced-unstructured method. Providing a specialized
dataset tailored to our redesign aims offers several advantages. First, the struc-
tured dataset can be easier and more efficiently queried due to its organized for-
mat. Second, it reduces the search space that the LLM needs to consider when
identifying redesign options, making the search process more efficient. Third, it
creates a focus on temporal improvement, thereby guiding the LLM to concen-
trate its reasoning based on the provided data [203]. This can result in the LLM
more effectively and accurately identifying the relevant redesign options to reduce
waiting times.

To design the dataset of redesign patterns, we use the previously conducted
SLR [47] (presented in Chapter 3). In this SLR, we reviewed 204 papers de-
scribing methods or cases of how improvement opportunities have been identified
and how the processes have been redesigned, focusing on the case studies (i.e.,
describing practical cases of process analysis and redesign). From the review,
80 improvement opportunities and 64 process redesign patterns were identified.
Based on the obtained results, we derived a catalog of defined improvement op-
portunities and the redesign patterns to address each improvement opportunity.

In this research, we aim to identify redesign patterns that can reduce waiting
times and improve the temporal performance of business processes. Therefore,
we reviewed the catalog of improvement opportunities and redesign patterns to
extract those redesign patterns that were reported to positively impact the tempo-
ral performance of business processes, i.e., when “Redesign impact” -> “Positive”
contained “Time,” This review yielded a list of 41 redesign patterns, such as “Cus-
tomer scheduling” and “Extra resources.”

However, since the papers included in the SLR captured only case studies, they
might not cover all possible redesign patterns known to be applicable for the tem-
poral improvement of business processes. Therefore, to enrich the obtained list
of redesign patterns, we also reviewed the following studies: Reijers & Mansar
(2005) [45] that presents 29 best practices of process redesign derived from a lit-
erature survey and supplemented with author experiences, and Fehrer (2023) [46]
that presents a collection of 50 redesign patterns for process improvement ob-
served in the field. This review added another 16 redesign patterns applicable for
the temporal improvement, such as “Order assignment” (i.e., let workers perform
as many steps as possible for single orders) [45] and “Workload-based task assign-
ment” (i.e., allocate tasks based on individuals’ incomplete workload) [46]). In
addition, we included 3 redesign patterns (namely, “Batch strategy optimization,”
“Prioritization strategy optimization,” and “Resource schedule optimization™) that
could be applied to reduce waiting times due to respective causes (i.e., due to
batching, prioritization, and resource unavailability). As a result, we obtained a
dataset containing 60 redesign patterns. The overview of the collected redesign
patterns and their sources are presented in Table 16.

The dataset of redesign patterns was designed in a structured format. For each
redesign pattern, it provides a redesign pattern name, its definition, explanation
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Table 16. Identified redesign patterns and their sources.

Redesign patterns Quantity Source

Arrival time incentives, Capture data at source, Case buffer-
ing, Case reassignment, Case-based work, Contact reduction,
Customer integration, Customer scheduling, Customer teams,
Data composition, Data elimination, Data standardization, Em-
power, Exception, Extra resources, Fixed assignment, Flexible
assignment, Follow-up, Fragment automation, Fragment elimi-
nation, IT system integration, IT system interfacing, IT system | 41 patterns
upgrade, Integral technology, Inventory buffering, Order types
(Case types), Parallelism, Periodic action, Process automation,
Process decomposition, Process generalization, Process stan-
dardization, Resequencing, Resource scheduling, Role indepen-
dence, Specialist, Task automation, Task composition (combi-
nation), Task decomposition, Task elimination, Triage.

Lashkevich
(2020) [47]

Buffer information, Establish standardized interfaces, Infor- Reijers &
mation buffering, Order assignment, Resource centralization, | 6 patterns Mansar
Trusted party. (2005) [45]

Automate for environmental impact, Department-based assign-
ment, Experience-based task assignment, Expertise-based task
assignment, First-contact problem resolution, Performance- 10 patterns Fehrer
based task assignment, Role-based task assignment, Task del- (2023) [46]
egation, Teamwork-based assignment, Workload-based task as-
signment.

Batch strategy optimization, Prioritization strategy optimiza-

. R 3 patterns Author
tion, Resource schedule optimization P

Total 60 patterns

(i.e., a detailed description of the redesign pattern), examples of its applications,
positive and negative impacts (w.r.t. time, cost, quality, flexibility), and references.
An excerpt of the obtained dataset is provided in Figure 44. A complete dataset
of redesign patterns is available in supplementary materials>.

Positive  Negative

Redesign patterns Redesign pattern definition Explanations. Examples Impact Impact References
Customer integration  Assign an activity executiontoa  Companies should offer customers the possibillty to perform tasks ~ Example 1 Time, Cost ~ Flexibiity 73,81, 107,
customer to reduce the employees’  included in business processes that have previously been In an outpatient process at a hospital, long waiting times and 133,155
workload. performed by employees. When implementing this heuristic, patient queues occurred due to a lack of personnel to serve all the
companies should consider whether customers can choose patients in time. The most extended delay occurred in the payment

between self-service and the traditional process. Companies must  procedure where the patients needed to wait in a queue for a long
also consider that not alltasks included in business processes can  time to be served by the cashiers. To overcome delays in the
be performed by customers. payment procedure, self-payment devices were introduced. Thus,

some of the patients are served by the cashiers, and others use
Performance considerations: Empowered interaction capability,  self-service devices to make payments. [107]
concerted interaction capability.

Example 2

By applying this redesign pattern, the employees’ workload could I an incident reporting process at an IT Help Desk, only 30% of
be reduced and employees could focus on the narrower and more  the total number of incidents are recorded. Minor issues are not
specialized scope of tasks. Additionally, when a substantial part of  recorded at all. Hence, the same or similar issues are repeatedly
the process can be delegated to customers themselves, it has the ~ solved from scratch, which increases the cycle time of the process.
potential to free up resource capacity, thereby reducing the need  Client self-service can be sed to resolve minor issues by clients
for additional resources, e.g., self-service options in grocery stores. themselves. With access to the Knowledge Base System, clients
Furthermore, customers can experience reduced waiting times as  can review the recorded minor incidents and fix them without

they o longer have to queue for employee assistance. However,  contacting customer service. [73]

it's crucial to underline that customers should reap tangible benefits

from this integration, such as shorter waiting times. If customers do Example 3

not perceive significant advantages (e.g., customers perform part A registrar's office at a university deals with several processes, one
of the process but waiting times remain high), customer satisfaction of which is the matriculation renewal process, which takes place
may decrease, twice a year. During the weeks when the renewal of matriculation

Figure 44. Excerpt from the dataset of redesign patterns.

In this way, the enhanced-structured method includes the same instructions as
the baseline (“zero-shot”) method, the structured dataset of 60 redesign patterns
aimed to improve the temporal performance, and instructions asking to use this

Snttps://doi.org/10.6084/m9. figshare.25421107
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dataset when recommending redesign options. Table 17 summarizes the data in-
cluded in the three versions of the proposed prompting method, highlighting the
differences between them.

Table 17. Three versions of the proposed prompting method.

Version Prescriptive component Descriptive component

Baseline (“zero-shot”) . .

- Message-level instructions ) ) )
method - Assistant-level instructions
- Message-level instructions - Message-level instructions
- 3 research papers with re-

design pattern collections

Enhanced-unstructured
method

- Message-level instructions
- Structured dataset of redesign
patterns

Enhanced-structured
method

During the design and development of the proposed prompting method, we
used 2 event logs (cf. Procure-to-Pay and Production logs in previously referenced
supplementary materials) to test and fine-tune the 3 versions of the prompting
method for recommending redesign options to reduce waiting times. We con-
ducted two rounds of testing. In the first exploratory testing round, we asked the
LLM to propose redesign options to reduce waiting times in the transition with
the highest waiting time. We asked this question using each of the 3 versions
of the prompting method above, and using each of the two logs. We examined
the responses in search of visible deficiencies. For example, in the descriptive
component, we found that the LLM answered the question “Identify the transition
with the longest duration” by returning the transition with the largest maximum
duration rather than the largest mean duration, as one would expect. In the pre-
scriptive component, we found that the LLM was not reading through the patterns
provided in the input (both for the enhanced-structured and enhanced-unstructured
methods). We fine-tuned the instructions to clarify the terminology and to instruct
the LLM to read the inputs thoroughly.

In the second round, we repeated the experiment on the same logs to test if the
3 prompting methods yield distinct sets of redesign options. During these tests,
we noted that with the enhanced-unstructured method, the LLM mostly ignored
the redesign patterns provided in the input documents. Out of 40 recommended
redesign options, only 15% of them were based on the documents provided as
inputs. In most cases, the unstructured-enhanced method recommended the same
redesign options as the “zero-shot” baseline. Meanwhile, the enhanced-structured
method recommended redesign options based on the prompt content in 68% of
cases. Given that the outputs of the enhanced-unstructured method were largely
similar to the baseline, we excluded the enhanced-unstructured method from the
subsequent evaluation.

The detailed results of version testing and the full text of the prompts (in-
structions for LLM and the redesign patterns knowledge-base) are given in the
previously referenced supplementary materials.
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6.4. Implementation

The enhanced-structured version of the prompting method is implemented as a
conversational interface integrated with Kronos (introduced in Section 5.3). Ana-
lysts can use this interface to conversationally query waiting time analysis results
and obtain redesign suggestions for reducing waiting times.

|/Vw I
User query Query ling Data i it
Dﬂl[]® submission to the LLM analysis

Waiting time
analysis results

Uploading
log to Kronos

Analysis of waiting time causes
Batching strategies

- ~.
= O = Response Data forwarding . Prioritization strategies
B Q>)< Igl generation to the LLM Data retrieval Resource working schedules
h Case attributes.
L Redesign patterns
Activity User Response P
instance log Images: flaticon.com

Figure 45. Overview of the conversational interface workflow.

The flow of the conversational interface is depicted in Figure 45. Users must
first upload an activity instance log to Kronos and obtain the waiting time analysis
results visualized on the dashboard. Then, the conversational interface becomes
available on the main page of the Kronos dashboard. The interface presents a
text input box where users can type their questions (see Figure 46). When a user
submits a question, it is then forwarded to the LLM. The LLM performs a data
requirement analysis to determine the specific data needed to generate a response
(e.g., for a question about the efficiency of batching in a given transition, the data
on batching strategies and waiting time cause decomposition in this transition are
required). Next, relevant data is retrieved from one or several available datasets
(e.g., from “analysis of waiting time causes” and “batching strategies” to analyze
the efficiency of batching) and sent back to the LLM. Finally, the LLM processes
the retrieved data, generates a response, and presents the response to the user.
Afterward, a user can continue with follow-up questions. The interface tracks the
conversation history and builds on previous interactions for coherent and relevant
dialogue. Alternatively, a user can proceed with questions on a different issue. A
screencast that describes the application of the conversational interface is available
on YouTube*.

Chat

Figure 46. Chat interface for user question submission.

“https://youtu.be/ScxjMnjqPc8
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The conversational interface is publicly available at http://kronos.cloud.
ut.ee/. The implementation of the interface logic is available in GitHub reposi-
tories: one for the frontend> and one for the WebAPI®, together with instructions
on usage. An API key from OpenAl is needed to start the tool and generate an-
swers. The implementation of the conversational interface is presented in more
detail in [60].

6.5. Computational evaluation

In this section, we present the computational evaluation of the proposed ap-
proach. First, we use synthetic and real-life event logs to validate the ability of
the prompt-enhanced LLM to provide accurate responses when analyzing waiting
time causes. Second, we demonstrate the applicability of the prompt-enhanced
LLM for analyzing waiting times and recommending redesign options to reduce
waiting times on a real-life event log.

6.5.1. Accuracy verification

In this section, we present the computational evaluation of the proposed prompting
method. To verify that the prompt-enhanced LLM (descriptive analysis compo-
nent) correctly identifies waiting time durations and their causes, we conducted a
computational experiment aimed at addressing the following evaluation question:

EQ1 To which extent does the prompting method enable LLM to provide accu-
rate responses when analyzing waiting time causes? (cf. requirement RS)

For this evaluation, we compiled a list of questions derived from [196], focused
on descriptive analysis of waiting times. We filtered out questions not related to
waiting times, removed duplicates, and, when needed, adapted them to our scope.
For instance, we modified “How can I filter only the slowest cases?” to “Which
cases had the longest waiting time?” as the focus is on identifying improvement
opportunities and not specifying instructions. As a result, we obtained a list of 28
questions. We supplemented this list with another 27 questions related to possible
causes of waiting times (specifically batching, resource contention, prioritization,
and resource unavailability) and questions related to these causes (batching and
prioritization strategies, and resource working calendars). As a result, the list
consisted of 55 questions that targeted the analysis of waiting time from multiple
perspectives, such as waiting time durations (e.g., “Where is the highest waiting
time?””), causes (e.g., “What is the main cause of waiting time and how much?”),
resources (e.g., “Which resources cause the most waiting?”), cases (e.g., “What
cases are affected by waiting time the most?”’) and cause-related information (e.g.,
“What are the batching strategies in this process?”). For the list of questions used
for accuracy verification, see the previously referenced supplementary materials.

5h‘c‘cps ://github. com/AutomatedProcessImprovement/waiting-time-frontend
6h‘c‘cps ://github. com/AutomatedProcessImprovement/waiting-time-backend
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To evaluate the enhanced-structured method, we submitted these 55 questions
in the context of four event logs: procure-to-pay, claims management, device re-
pair, and production. Not all questions were applicable to every event log. For
instance, the device repair process did not have any waiting times due to pri-
oritization, so the questions associated with prioritization were skipped for this
log. After a manual assessment of the applicability of each question on each log,
we obtained 175 relevant question-answer pairs out of 220 possible question-log
combinations. To mitigate stochastic effects, each question was submitted twice.
Hence, a total of 350 responses were obtained. For each relevant question-log pair,
we manually built a ground truth using the waiting time analysis results produced
by Kronos. Using this ground truth, we assessed the accuracy of the generated re-
sponses produced by the LLM on a score scale from “0 (Total error)” to “5 (Fully
correct)” (the complete score scheme is provided in Table 18). This score scheme
was developed based on the established 5-point Likert scale [204]. The Likert
scale is commonly used to assess respondents’ attitudes or levels of agreement
on a particular subject, offering a range of 5 options from “strongly disagree” to
“strongly agree” [204]. We adapted the Likert scale statements to define levels
of alignment between the generated responses and the ground truth. Thus, the
score of “5 (Fully correct)” corresponds to the highest point on the Likert scale,
“strongly agree,” as both represent the highest level of alignment with the intended
response. Similarly, the score of “1 (Unrelated/error)” corresponds to the lowest
point on the Likert scale, “strongly disagree,” as both indicate a complete lack
of alignment with the intended response. Additionally, we included a score of
“0 (Total error)” to represent instances of no response or a complete failure to
address the question, as in such cases, there is no content to assess for meaningful
alignment using the 5-point scale.

Table 18. Score scheme for assessing the accuracy of the prompted LLM responses.

Score Description

0 (Total error) No response or complete failure to address the question.

Response provided but unrelated to the question or acknowledges
an error.

1 (Unrelated/error)

Mostly unrelated with only a vague connection to the question or

2 (Slightly related) contains significant mistakes.

Related to the question but with major inaccuracies or very minimal

3 (Related but flawed) relevant content

4 (Mostly correct) Related and mostly accurate with minor errors or slight irrelevance.

5 (Fully correct) Fully relevant and accurate with no or negligible errors.

First, we identified responses where no output was provided or a system er-
ror occurred and assigned them a score of 0. Next, to evaluate the remaining
responses, we used a separate GPT-4 Turbo LLM session to act as a referee and
assess the responses provided by the first LLM. The referee LLM was instructed
to evaluate and rate responses from the first LLM session against the ground truth
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on a scale from “1 (Unrelated/error) to “5S (Fully correct)” as provided in Table 18.

To cross-check the automated accuracy assessment of the referee LLM, we
validated its assessments on a random sample of question-log pairs. Following
a simple random sampling approach [205], we calculated the necessary sample
size for a statistically significant subset — 183 out of 350 question-log pairs. We
randomly selected 183 question-log pairs, and we manually assigned an accuracy
score between 1 to 5 to the responses provided by the first LLM. As expected,
sometimes the referee LLM assigned accuracy scores different from our manual
assessments. However, these deviations were minimal, occurring only between
scores 1 and 2 (i.e., the referee LLM assigned a score of 1 while we assigned a 2,
or vice versa), and between scores 3 and 4 (i.e., the referee LLM assigned a score
of 3 while we assigned a 4, or vice versa). In all cases where the referee LLM
assigned a perfect score (5), our manual assessment matched this score.

The enhanced-structured method achieved a mean accuracy rating of 4.3/5.0.
This mean score excludes 12 responses that scored 0 due to no output or system
errors because such responses lack substance for accuracy comparison. The most
frequent error occurred when the LLM did not generate a response due to the
anticipated lengthiness and, instead, asked the user to proceed or not (cf. supple-
mentary materials). Out of the remaining responses, 66% were rated the highest
score of 5 (see Figure 47).

224

200
100 12 13 24 27 50
0 —

score 0 score 1 score 2 score 3 score 4 score 5

Figure 47. Accuracy verification results.

6.5.2. Applicability demonstration

To illustrate the application of a conversational interface, we use a real-life event
log of a production process [181] (previously presented in Sec. 4.3.2 and used
in Sec. 5.4.2). The first question aims to identify improvement opportunities
by focusing on the transition that caused the most waiting time in the process.
Therefore, we submit the following question through the text input box: “Identify
and analyze the transition with the highest waiting time in total (for the whole
dataset).” Upon submission, the LLLM examines the available datasets to retrieve
relevant data. Then, it generates a response specifying the transition with the
highest total waiting time and explaining potential causes (see Figure 48). The
response indicates that the “Turning & Milling Q.C.” loop has the highest wait-
ing time, totaling around 3 years. The most significant causes of this waiting
time are resource contention (about 55% of the total waiting time) and batching
(21%). The primary resource contributing to the waiting time in this transition
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is “ID4618” (see Figure 49). These results highlight the potential improvement
opportunities. The analysis results provided in the response are consistent with
those produced by Kronos and depicted in the Kronos dashboard (see Sec. 5.3).

You
Identify and analyze the transition with the highest waiting time in total (for the whole dataset)

Assistant
### Highest Waiting Time Transition Analysis

Transition: "Turning & Milling Q.C." -> "Turning & Milling Q.C."
Total Waiting Time: 94275480 seconds (approx. 3 years)

#### Breakdown of Waiting Times by Cause:

- Unavailability:

- Duration: 51650940 seconds (approx. 1 year 7 months)
- Percentage: 54.80%

- Batching:
- Duration: 19443900 seconds (approx. 7 months)
- Percentage: 20.63%

- Prioritization:
- Duration: 8832480 seconds (approx. 3 months)
- Percentage: 9.37%

- Contention:
- Duration: 6818940 seconds (approx. 2 months)
- Percentage: 7.23%

- Extraneous:
- Duration: 7529220 seconds (approx. 2 months)
- Percentage: 7.97%

Figure 48. Response to the question on waiting time analysis (part 1).

Once improvement opportunities are identified, the next step is process re-
design. Therefore, we submit the second question, focusing on addressing these
opportunities: “Based on the analysis results of this transition, what specific pro-
cess redesigns would you suggest to reduce waiting time?” In this case, the LLM
uses data from the previous question-answer pair and a dataset of redesign pat-
terns useful for temporal improvements. As a result, it suggests the redesign
patterns that can be applied to reduce the identified waiting times by targeting
their causes (see Figure 50). Specifically, to address the waiting time due to re-
source unavailability, the LLM recommends adding extra resources and adjusting
the resource schedules to ensure better availability during high-demand periods.
Additionally, to reduce waiting time due to batching, the LLM suggests review-
ing and adjusting the current batching strategy applied in the “Turning & Milling
Q.C.” activity. Changing the prioritization strategy (i.e., adjusting prioritization
rules or frequency) is suggested to reduce waiting time due to prioritization.

As a result, this demonstration showcased how the proposed solution can be
applied to a real-life log and how the outputs can be used to identify improvement
opportunities and possible redesign options. This indicates the practical applica-
bility of the proposed solution to a real-life log.
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Destination Resources Contributing to Most of the Waiting Time:

1. Resource ID4618
- Waiting Time: 50428440 seconds (approx. 1year 7 months)

2. Resource ID4287
- Waiting Time: 16972020 seconds (approx. 6 months)

3. Resource ID4163
- Waiting Time: 12812880 seconds (approx. 5 months)

4. Resource ID4493
- Waiting Time: 9057060 seconds (approx. 3 months)

5. Resource ID0420
- Waiting Time: 2881380 seconds (approx. 1 month)

6. Resource ID4955
- Waiting Time: 1305660 seconds (approx. 15 days)

7. Resource ID0937
- Waiting Time: 681000 seconds (approx. 8 days)

8. Resource ID4529
- Waiting Time: 126600 seconds (approx. 1.5 days)

9. Resource ID4167
- Waiting Time: 10440 seconds (approx. 3 hours)

Summary

- The main cause of waiting time is Unavailability, contributing approximately 54.80% of the total waiting time.
- Resource ID4618 is the largest contributor to the waiting time in this transition, accounting for around 1 year and 7 months.

Figure 49. Response to the question on waiting time analysis (part 2).

Assistant
### Recommendations for Redesign

##t## Main Cause: Resource Unavailability (54.80% of Total Waiting Time)

1. Redesign Option 1: Resource Schedule Optimization

- Definition: Adjust the working schedules of the resources to cover the periods when waiting times due to resource unavailability occur.

- Explanation: To reduce waiting time due to resource unavailability, resource schedules should be optimized. For example, more resources should be
available during peak hours of demand and fewer during low-demand hours.

- Application:

- Analyze the current availability and demand patterns for the task "Turning & Milling Q.C."

- Adjust the schedules of key resources like ID4618 to ensure their availability aligns better with peak demand periods.

- Benefits: Reduced waiting times by having resources available when needed, leading to a smoother workflow and decreased cycle times.

- Impact: Significant reduction in waiting time due to unavailability, potentially improving resource utilization and cycle time by around 55%.

2. Redesign Option 2: Extra Resources

- Definition: Increase the number of resources if their capacity is not sufficient.

- Explanation: Allocating additional resources increases capacity, thus handling more tasks concurrently and reducing queue times.

- Application:

- In situations where Resource ID4618 is a major bottleneck, additional similar resources should be allocated.

- Ensure that the additional resources are trained and capable of handling the same tasks.

- Benefits: Increased capacity to handle tasks, reduced waiting time, and improved process efficiencies.

- Impact: Comprehensive reduction in waiting time due to unavailability, with a significant impact on cycle times, particularly in peak demand situations.

#i### Secondary Cause: Batching (20.63% of Total Waiting Time)

1. Redesign Option 3: Batch Strategy Optimization

- Definition: Adjust batching strategy to reduce the waiting time and/or processing time of the batch-processed cases.

- Explanation: Adjust batching strategies by changing batch processing rules, size, type, or frequency to optimize the flow.

- Application:

- Reduce the batch size to decrease the waiting time for collecting the batch.

- Increase the batching frequency to ensure tasks are processed more regularly, thus reducing waiting times.

- Benefits: Reduced batching-related waiting times, leading to more continuous and less intermittent workflows.

- Impact: Potential reduction of around 20% in waiting time, leading to smoother task progression and decreased overall process time.

#1### Tertiary Cause: Prioritization (9.37% of Total Waiting Time)

1. Redesign Option 4: Prioritization Strategy Optimization

- Definition: Adapt the prioritization strategy to minimize the waiting time for cases that are not receiving priority.

- Explanation: Change the prioritization rule or frequency to ensure a more balanced and equitable handling of tasks.
- Application:

- Adjust the prioritization rules to be less exclusive, enabling a more balanced workload distribution.

- Reduce the frequency of prioritization interventions to decrease waiting time due to prioritization.

- Benefits: More balanced workload distribution, reduced wait times for lower-priority tasks.

- Impact: Possible reduction of around 9% in waiting times, with improvements in the equity of task handling.

Figure 50. Response to the question on process redesign to reduce waiting times.
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6.6. User evaluation

To evaluate how the prompt-enhanced LLM aids analysts in analyzing and re-
designing waiting times, we conducted an interview study with process analysts
experienced in process mining. This section presents the design of the user eval-
uation and discusses the obtained findings.

6.6.1. Interview study design

We conducted the user evaluation with two aims: (1) to validate the effectiveness
of the proposed prompting method in assisting analysts with analyzing waiting
time causes, and (2) to determine which version of the prompting method ana-
lysts prefer for identifying redesign options. Thus, the evaluation focused on the
following questions:

EQ2 In what way can a prompt-enhanced LLLM aid analysts in analyzing waiting
times causes? This EQ aims to evaluate the usefulness and sufficiency of the
information provided in the LLM responses relative to the task of analyzing
causes of waiting time (descriptive analysis component) (cf. requirement
R6).

EQ3 How efficient is the proposed prompt-enhanced LLM relative to the “zero-
shot” baseline, when it comes to recommending redesign options to reduce
waiting times? This EQ aims to validate if the enhanced prompting method
improves the LLM’s ability to provide useful redesign recommendations
(prescriptive analysis component) (cf. requirements R7-10).

We recruited 12 process analysts (Table 19) with experience in process mining
and process improvement projects. On average, the participants had 6.5 years of
experience with process analysis and 4.5 years with process mining.

Table 19. Interview participants.

. Experience Experience
Code Domain (proce[;s analysis) (procsss mining)
Pl Manufacturing, logistics 5 years 5 years
P2 Academic 4 years 3 years
P3 Various 5 years 5 years
P4 Academic 6 years 6 years
P5 Various 10 years 2 years
P6 Research 1 year 3 years
P7 Software development 6 years 6 years
P8 Aviation, manufacturing, logistics 20 years 10 years
P9 Production, distribution 5 years 3 years
P10 Manufacturing 10 years 6 years
P11 Accountability 3 years 3 years
P12 Information technology 4 years 3 years

We combined semi-structured interviews with a survey study. Semi-structured
interviews facilitated open dialogues [188], allowing participants to articulate
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their feedback regarding LLM responses. The survey allowed for quantita-
tive analysis to complement the qualitative insights obtained from the interview
data [189].

We conducted individual interviews online. First, we introduced the key defini-
tions of waiting time analysis (such as the waiting time causes). Then, we showed
an application of a prompt-enhanced LLM analysis of a procure-to-pay process
and asked evaluation questions.

In the first part, we showed the response of the LLM to “Where is the high-
est waiting time in this process on average? Analyze it.” The response included
the waiting time location (i.e., the transition), its average duration, waiting time
causes and their durations, and resource pairs that contributed the most on aver-
age. Participants reviewed the response, and then we discussed it. The questions
covered information usefulness and sufficiency (EQ2). For instance, to evaluate
usefulness, we asked “Which data is useful when analyzing waiting time causes?
Which data is not useful, and why?” After the discussion, the participants filled
out a survey. The survey included three statements for measuring information
usefulness, sufficiency, and overall satisfaction. We used a scale from 1 (strongly
disagree) to 5 (strongly agree) for these statements.

In the second part, we showed the LLM responses to “How to reduce wait-
ing time in this transition?” — i.e., the transition analyzed in the first part of the
interview. Here, we examined if an LLM with an enhanced prompt will pro-
vide more meaningful and useful recommendations on process redesigns com-
pared to a “zero-shot” baseline (EQ3). Therefore, we used a simultaneous within-
subjects design, applicable when assessing two conditions of recommending sys-
tems [206]. It implies that participants interact with both experimental conditions
at the same time [206] — in our case, participants review two responses — one
generated by the LLM with a minimalistic prompt (“zero-shot” baseline) and one
provided by the LLM with an enhanced prompt. Using the simultaneous within-
subjects design is relevant as it allows participants to effectively compare the re-
sponses, identify differences between them, and select the preferred one [206].

Each response included 10 redesign options — 2 redesign options for each wait-
ing time cause (batching, prioritization, resource contention, resource unavailabil-
ity, and extraneous factors). We displayed both responses side by side. To mitigate
the potential location bias (e.g., when the response on the left may be perceived as
superior) [199], their positions (left or right side) were randomized [206]. The par-
ticipants reviewed the responses and answered questions related to recommender
system properties (8 properties described in Section 6.2): recommendation rel-
evance, novelty, diversity, serendipity, understandability, information usefulness,
sufficiency, and confidence. For instance, to evaluate the relevance of the recom-
mended redesigns, we asked “Which redesign options do you consider relevant?
Which are not relevant, and why?”

After the discussion, the participants filled out a survey. The survey questions
are based on an existing scale for evaluating recommender systems [200]. Since
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we aim to compare two lists of recommended redesign options, we adapted the
questions to be comparative instead of absolute [200]. In each question, 5 options
were available, with the extremes labeled as “Much more A than B” and “Much
more B than A.” Thus, to evaluate users’ preferences related to recommendation
relevance, the survey asked “Which response has more relevant redesign options
for addressing the identified improvement opportunities?” Similarly, participants
rated their preferences based on all 8 properties. Finally, the participants answered
which response they were more satisfied with.

The interviews were conducted online and lasted between 36 and 70 minutes.
We recorded the interviews, transcribed them using Otter.ai’, and manually re-
viewed the transcripts. To analyze the interview data, we followed a thematic
analysis method and coded the transcripts iteratively. First, we created an initial
set of codes based on the evaluation questions (e.g., “relevant” and “not rele-
vant”). Then, we applied these codes and refined them, e.g., we added the code
“undefined” for situations when participants could not assess the recommendation
relevance. As a result, we obtained a set of 47 codes clustered into 21 themes.

For the user study protocol and coding scheme, see the previously referenced
supplementary materials.

6.6.2. Interview study findings

EQ?2. First, the participants evaluated how the prompt-enhanced LLM aids in an-
alyzing waiting time causes. Results indicated that participants found the LLM
response information useful. This is supported by the survey responses on useful-
ness (M=4.42 (out of 5), SD=0.51)% (see Figure 51). Specifically, participants
indicated that the prompt-enhanced LLM “detects the location and resources re-
sponsible for that, and it detects the causes, so they are definitely useful” (P5).
The causes of waiting time and associated resources were perceived as the most
useful information by all participants. They also appreciated that the prompting
method “can quickly summarize the analysis results” (P9) and saves time by au-
tomatically obtaining analysis results that analysts typically acquire manually.

5.00
4.00
3.00
2.00
1.00

0.00

Information Information Overall satisfaction
usefulness sufficiency

Figure 51. Survey results (EQ2).

"https://otter.ai/
8«M” stands for mean value and “SD” for standard deviation.
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We explicitly asked the participants if they missed any information in the re-
sponse for identifying improvement opportunities. Several participants found the
information sufficient but noted the need for more insights to better understand
factors contributing to waiting time. This is supported by the survey responses on
sufficiency (M=3.75/5, SD=0.62) (see Figure 51). Participants were particularly
interested in how resources contributed to each waiting time cause, the percent-
age of cases affected by waiting time, and case attributes correlating with waiting
time. They also noted that “if some data is not immediately here in the response,
some additional questions can be asked to provide this type of information” (P2).
Overall, participants were satisfied with how the prompt-enhanced LLM helps an-
alyze waiting time causes (overall satisfaction is rated as M=4.08/5, SD=0.67).

EQ3. Second, the participants compared the recommended redesign options
obtained by two prompting methods, a baseline and an enhanced one. For consis-
tency, hereinafter, we call the responses provided by a baseline method “Response
B” and provided by an enhanced method “Response E.”

Recommedation Relevance. In general, participants found relevant redesign op-
tions in both responses. However, 9 participants (P1, P3, P4, P6, P8-12) men-
tioned that response E provided specific recommendations, whereas response B
provided high-level suggestions. Thus, recommendations in response E were de-
scribed as “more action-oriented and practical” (P8), “pragmatic” (P4), “low-
level, technical suggestions” (P3), providing “concrete actions and simple so-
lutions” (P10). Recommendations in response B were characterized as “more
general” (P6, P9), “high-level” (P10), “strategic” (P3), that are to be “discussed
at the leadership level” (P3). In addition, participants (P3, P4) noted that both
responses are relevant depending on the target audience for recommendations.
Recommedation Novelty and Serendipity. Overall, participants were familiar
with the redesign options provided in both responses. Nevertheless, they noted
that response B was able to provide “more creative” (P4, P11) and “interesting”
(P2, P7) recommendations. They also mentioned that creative suggestions might
not always be relevant, e.g., “dynamic batching adjustment, job rotation [response
B] — it’s something that is more creative. And since we think it’s not practical, we
never proposed that to any clients” (P4).

Recommedation Diversity. In general, participants found both responses to be
diverse in their recommendations. Several participants indicated that response B
is slightly more diverse since it “provides a better overview from different angles
on the issue” (P10) and “includes more quality-based approaches” (P4). Others
found response E slightly more diverse because it “has fewer similar options”
(P3), whereas response B “speaks about the same things in two different ways”
(P11). P12 also observed that they didn’t view diversity as an advantage since di-
verse suggestions can be challenging to implement simultaneously, whereas sim-
ilar redesign options are complementary and can be easily integrated.
Recommendation Understandability. Participants generally indicated no major
difference in understandability between the two responses. However, several par-
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ticipants preferred response E along this aspect. Particularly, they noted that “the
explanations are more natural and clear. For me, they are easier to understand,
more straightforward, and future-oriented” (P8). Several participants (P11, P12)
pointed out that the terminology employed in response E was more aligned with
the field of process improvement, resulting in clearer explanations. Moreover,
participants (P6, P8, P11, P12) valued the structure and conciseness of response
E and its employment of clearer language (P6, P8).

Information Usefulness. Most participants (P2-4, P7-9, P11) found all provided
information useful for understanding the recommended redesign options. How-
ever, some participants identified overlapping information as less useful, e.g., they
suggested merging benefits and impact into one category (P1, P6, P10, P12). Par-
ticipants also noted that response E contained more useful information as it was
“more detailed” (P8) and “more specific” (P6).

Information Sufficiency. Since both responses covered the same aspects (re-
design option definition, application, benefits, and impact), they were evaluated
as equally sufficient. We explicitly asked what information participants missed
when exploring recommended redesign options. Thus, participants generally in-
quired for more specific information connected to the analyzed process. For in-
stance, they suggested including detailed justifications for why a redesign option
is recommended (P2, P4, PS), concrete instantiations of redesigns (e.g., how many
resources to add) (P4, P6), and estimates of how the waiting times will decrease
(P3, P6). While these responses lacked specificity, participants agreed that they
are a valuable source of ideas, e.g., “a good starting point” (P8). Thus, P9 noted
that “sometimes we didn’t think of that particular option, it simply didn’t come
to our mind. But here it provides possible solutions that you can get some ideas
from, and it’s fantastic” (P9).

Confidence and Overall Satisfaction. Based on the previous reflections, partic-
ipants generally concluded that they were more confident and satisfied with re-
sponse E because of the higher relevance of the recommendations. For instance,
P2 noted: “I would be more confident with [response E], actually significantly
more confident simply because [response B] gave some suggestions that I found
questionable” (P2). Similarly, P4 said: “I’'m more satisfied with [response E] be-
cause my view is more pragmatic. So the suggestions should be quantifiable and
action-based as in [response E]” (P4).
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Figure 52. Survey results (EQ3).

The participants’ statements were supported by the survey results (Figure 52).
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The enhanced prompting method (response E) scored higher on recommendation
relevance, confidence, and overall satisfaction. Half of the participants saw no
significant difference in information usefulness, while the other half preferred the
enhanced method (response E) w.r.t. this property. Both prompting methods were
similar in diversity, understandability, and information sufficiency. While both
prompting methods were comparable in recommendation novelty and serendip-
ity, the baseline method (response B) was preferred slightly more often than the
enhanced one (response E).

6.7. Summary

This chapter proposed a prompting method to enhance the LLM’s capacity to
analyze waiting time causes and recommend redesign options to reduce waiting
times by targeting their causes. The crux of the prompting method is to include a
structured list of redesign patterns, curated w.r.t. the target improvement objective,
to enable LLMs to offer recommendations on process redesign. The computation
evaluation verified the ability of the prompt-enhanced LLM to provide accurate
responses when analyzing waiting time causes and its practical applicability to
real-life logs. The evaluation, conducted with process analysts, demonstrated the
prompting method’s effectiveness in analyzing waiting time causes and suggesting
relevant redesign options. Moreover, comparison with a baseline method revealed
that the enhanced prompting method excels at recommending actionable redesign
options tailored for process analysts, while the baseline method leans towards
high-level solutions suited for managerial decision-making.

This research has several limitations. First, there are limitations inherent to the
DSR methodology. The user evaluation with 12 analysts poses a limitation on the
generalizability of the results, i.e., the extent to which the results are applicable
in other settings. This limitation was partially mitigated by interviewing analysts
from different domains and backgrounds. Additionally, selecting a different LLM,
processes, and LLM responses might have also yielded different results.

We adopted a simultaneous within-subject approach to compare two prompt-
ing methods, which helped minimize between-participant variability and avoid
order effects [206]. To mitigate position bias, we randomized the placement of
responses [206]. We acknowledge that presenting two conditions simultaneously
deviates from a realistic usage scenario, constituting a limitation. However, our
goal was to evaluate the response content instead of tool usability.

Second, there are limitations related to the LLM performance. Thus, LLM ap-
plications face challenges with prompting and output correctness [207]. Prompt
brittleness occurs when slight changes in input phrasing lead to significantly dif-
ferent outputs, reducing reliability and consistency. Additionally, LLMs may
generate plausible-sounding but incorrect answers (hallucinations). Hence, it is
useful to test designed prompts for accuracy and incorporate human-in-the-loop
reviews [207] to ensure reliable and correct LLM outputs in practice.
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7. CONCLUSION

7.1. Summary of contributions

This thesis investigated how the causes of waiting times can be discovered and
analyzed using the event logs data and how processes can be redesigned to reduce
these waiting times. Specifically, the thesis addressed two overarching research
questions:

RQ1 How to identify causes of waiting times from event logs?

RQ2 How to identify redesign options to address improvement opportunities to
reduce waiting times?

Following the research question RQ1, we reviewed the state-of-the-art in the
field of business process analysis. Specifically, we examined existing process
mining-based approaches and techniques for identifying and quantifying waiting
times from event logs, analyzing these waiting times, and discovering and analyz-
ing their potential causes. As a result of this review, we identified the following
research gap in the current state-of-the-art:

RG1 Existing studies have not introduced an approach to attribute waiting times
observed in business process event logs to their causes.

To address this research gap RG1, as Contribution 1, we proposed a process
mining-based approach for the discovery and analysis of waiting times due to
batching and identification of related improvement opportunities. We first con-
ceptualized three types of waiting times that can be observed when different batch
processing strategies are applied: waiting time due to batch accumulation, waiting
time of a ready batch, and waiting time for other instances (of the same batch) to
be processed. We then introduced an approach that allows for discovering these
types of waiting times associated with batch processing from event logs and iden-
tifying improvement opportunities based on the impact of each waiting time type
on the activity CTE. This approach takes an activity instance log as input and pro-
duces a report comprising discovered batch processing activities, their characteris-
tics (batch processing behavior), associated waiting times by type, and the impact
of these waiting times on the activity CTE in terms of maximum CTE improve-
ment if those waiting time types are eliminated. Using the proposed approach,
analysts can diagnose batch processing activities in their processes and identify
waiting times due to batching at different stages of batch processing, which could
facilitate the identification of improvement opportunities.

The proposed approach was implemented as a process-mining technique and
provided as a publicly available Python package. The computational evaluation
of this process-mining technique indicated that it can accurately discover batch
processing activities and their characteristics and quantify waiting times due to
batching by type. The demonstration of the proposed approach on a real-life event
log illustrated how process analysts can apply it in practical scenarios.
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A limitation of the proposed approach is that it considers batching as the sole
cause of waiting times, excluding other potential causes. Another limitation is that
the approach focuses exclusively on quantifying waiting times in activity transi-
tions involving batch processing activities, leaving out waiting times in activity
transitions where batch processing is not observed. Therefore, Contribution 1
partially addressed the research gap RGI.

In our subsequent research, we addressed these limitations by examining other
causes of waiting times in addition to batching that can be identified from event
logs, considering each activity transition. As a result, in Contribution 2, we pro-
posed a process mining-based approach to decompose observed waiting times in
each activity transition into multiple direct causes. Given an activity instance log,
the approach allows for discovering five direct causes of waiting times in activ-
ity transitions: waiting time due to batching, resource contention, prioritization,
resource unavailability, and extraneous factors. Then, the approach highlights im-
provement opportunities by calculating the maximum potential improvement in
the process CTE if the causes of waiting times in each activity transition are elim-
inated. Using the proposed approach, analysts can diagnose the waiting times
in their processes for the direct causes and their impact on the temporal process
performance, thereby facilitating the identification of improvement opportunities.

The proposed approach was implemented as an open-source software tool,
Kronos, which is freely available for process analysts to use. Kronos was evalu-
ated using both synthetic and real-life event logs. The computational evaluation
on synthetic event log data showed that Kronos can accurately quantify the causes
of waiting times. The demonstration using a real-life event log illustrated how
analysts can apply Kronos to analyze the causes of waiting times and identify re-
lated improvement opportunities in practical scenarios. The user study conducted
with process analysts indicated that Kronos is useful and easy to use for analyz-
ing waiting time causes and identifying improvement opportunities. Based on the
findings from the user study, we identified several improvements for Kronos to
further enhance its usefulness and ease of use, which were subsequently analyzed
and partially implemented. This resulted in an enhanced version of Kronos, which
allows analysts to upload their event logs and obtain an analysis of waiting time
causes (where waiting times are attributed to their direct causes and their impact
on the temporal performance is assessed), thereby supporting the identification of
improvement opportunities. In this way, Contribution 2 addressed the RG1.

Building on the research on identifying waiting time causes and related im-
provement opportunities, the research questions RQ2 focused on determining how
these improvement opportunities can be addressed through process redesign. To
address research question RQ2, we first reviewed the state-of-the-art in business
process redesign. Specifically, we examined existing frameworks that support an-
alysts in process redesign, as well as process mining-based approaches and tools
that assist analysts in identifying redesign options. This review revealed the fol-
lowing research gap in the current state-of-the-art:
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RG2 Ekxisting studies have not provided automated methods to recommend re-
design options that reduce waiting times by targeting their causes.

To address this gap, as Contribution 3, we proposed a prompting method for an
LLM that tunes it to analyze the causes of waiting times and recommend redesign
options to reduce these waiting times by targeting their causes. The proposed
method utilizes Contribution 2 (i.e., analysis of waiting time causes produced by
Kronos) for input data sources and includes a tailored prompt for analyzing these
sources. The prompting method comprises a descriptive component that enables
the LLM to analyze the causes of waiting times and a prescriptive component that
enhances the LLM’s ability to recommend relevant redesign options. The cen-
tral part of the prescriptive component is a structured dataset of redesign patterns
aimed at improving the temporal performance of business processes.

The proposed prompting method was implemented as a conversational inter-
face and integrated with Kronos. Analysts can use this conversational interface to
query the analysis results of waiting time causes and obtain tailored recommen-
dations of redesign options to reduce these waiting times.

The prompting method was evaluated using synthetic and real-life event logs.
Computational experiments with the prompt-enhanced LLM verified its accu-
racy in identifying waiting time durations by its causes. The applicability of the
prompt-enhanced LLM in practical scenarios was demonstrated on a real-life log.
A user study with process analysts showed that the proposed prompting method is
effective in assisting analysts with analyzing waiting time causes and identifying
relevant redesign options. Additionally, the research compared different versions
of the proposed prompting method — a baseline (“zero-shot’’) method with a mini-
malistic prompt and an enhanced method incorporating redesign patterns. Process
analysts evaluated these versions based on desirable properties of recommenda-
tion systems, such as relevance, usefulness, and diversity of the recommended
redesigns. As a result, process analysts indicated a preference for the enhanced
prompting method regarding recommendation relevance, confidence, and overall
satisfaction. The evaluation indicated that the proposed prompting method en-
ables the LLM to automatically generate relevant recommendations of redesign
options to reduce waiting times by targeting their causes, thereby assisting ana-
lysts in their process redesign initiatives. In this way, Contribution 3 addressed
the research gap RG2.

Kronos, as the implementation of the proposed contributions, can serve as a
valuable tool for discovering and analyzing the causes of waiting times in business
processes and identifying the redesign options to reduce waiting times. Kronos
can be applied to diagnose processes across various industries, from manufactur-
ing to services, as demonstrated in the evaluation of the contributions. Kronos
primarily targets process analysts focused on analyzing and improving the tem-
poral performance of business processes, particularly by reducing waiting times.
For redesign recommendations, an LLM-based assistant with an enhanced prompt
provides process analysts with practical, actionable redesign options. By contrast,
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an LLM-based assistant with a baseline prompt offers high-level recommenda-
tions, making it more suitable for managerial decision-making at the departmen-
tal, divisional, or company level.

Furthermore, the proposed contributions can offer inputs for other analysis
methods. For instance, the results of the analysis of waiting time causes can serve
as input for Failure Modes and Effects Analysis (FMEA) [208], helping to iden-
tify, prioritize, and mitigate risks associated with delays in business processes.
Additionally, the results of the analysis of waiting time causes can be used for
predictive process monitoring [209]. By analyzing historical data on waiting time
occurrences, their dynamics, and causes, the predictive process monitoring al-
gorithms could identify recurring patterns, allowing for the early forecasting of
potential waiting time inefficiencies and their causes before they arise. Similarly,
the results of the analysis of waiting time causes, combined with the history of op-
erational interventions, can be used for prescriptive process monitoring [210]. By
analyzing these inputs, patterns related to waiting times and their causes can be
identified, along with the impact of applied interventions on waiting times. This
could allow prescriptive algorithms to generate actionable recommendations for
interventions, facilitating the timely proactive mitigation of potential waiting time
inefficiencies.

In summary, this thesis proposed three contributions to address the research
questions on discovering causes of waiting times from event logs and identifying
redesign options to reduce these waiting times. First, to answer RQ1, it pro-
posed a process mining-based approach for the discovery and analysis of waiting
times due to batching (Contribution 1). This approach conceptualized three types
of waiting times and allowed for their identification and analysis from event logs,
providing insights on improvement opportunities. The approach was implemented
as a Python package. Second, addressing the limitations of Contribution 1, we ex-
panded our research to include other causes of waiting times, resulting in a process
mining-based approach to decompose observed waiting times into multiple direct
causes (Contribution 2). This approach considers five causes of waiting times —
batching, resource contention, prioritization, resource unavailability, and extra-
neous factors — and attributes waiting times in each activity transition to these
causes. This approach is implemented in a software tool called Kronos. Finally,
to answer RQ2, the thesis proposed a prompting method for an LLM to enable it
to analyze waiting time causes and recommend redesign options to reduce waiting
times (Contribution 3). This method, integrated as a conversational interface into
Kronos, utilizes the waiting time analysis results produced by Kronos and em-
ploys a structured dataset of redesign patterns to provide targeted redesign recom-
mendations. Kronos can be applied to diagnose processes in various industries,
primarily targeting process analysts who focus on analyzing and improving the
temporal performance of business processes.
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7.2. Limitations and future work

The contributions presented in this thesis have several limitations, which open up
future research directions, as described below.

Enhancing the discovery of behavior patterns related to waiting time
causes. As a result of the experimentation with Contribution 1 and Contribu-
tion 2 (related to the discovery of waiting times causes), we detected potential
improvements in the proposed approaches. The first one related to the technique
for the discovery of batching processing behavior, in particular, batch activation
rules (used in both Contribution 1 and Contribution 2). In its current form, the
technique uses all observations available per batch for the discovery of batch ac-
tivation rules and reports on confidence and support. The discovery of batch ac-
tivation rules can be improved by establishing training/test partitions to discover
and validate the rules.

Another limitation pertains to the discovery of prioritization patterns (related to
Contribution 2). Currently, the approach identifies prioritization in the context of
the FIFO policy, detecting prioritization when an activity instance is processed out
of turn based on this policy. However, existing literature outlines other prioritiza-
tion strategies (e.g., LIFO) and offers process mining techniques that can discover
these strategies from event logs. Therefore, the proposed approach can be further
enhanced by incorporating the discovery of multiple prioritization strategies. This
enhancement would enable more accurate quantification of waiting time causes in
processes that use prioritization policies other than FIFO. In addition, similar to
batch activation rules, the current approach uses all available observations per ac-
tivity with prioritization to discover prioritization rules and reports on confidence
and support. Therefore, the discovery of prioritization rules can be enhanced by
creating training and test partitions to identify and validate these rules.

Furthermore, a limitation exists concerning the discovery of resource availabil-
ity calendars (related to Contribution 2). Currently, the technique uses the con-
fidence and support thresholds to ensure the accuracy of the discovered resource
availability calendars (default values for confidence (0.1) and support (0.7) as rec-
ommended by [13]). However, there might be cases when discovered calendars
fall below these thresholds, such as when resources participate in multiple pro-
cesses or work only briefly (e.g., a few minutes per day), resulting in limited data
to accurately assess their true availability in the process. When the non-working
intervals overlap with extraneous waiting time, the technique classifies them as
waiting time due to resource unavailability. This limitation is inherent to the dis-
covery of the resource calendar — if there is no data showing that a resource was
active during a period of time, it cannot be assumed that they were available for
work. Therefore, the proposed approach can be further enhanced by displaying
to analysts the discovered resource working calendars along with their quality,
allowing analysts to manually adjust them if needed. This enhancement would
enable a more accurate quantification of waiting times due to resource unavail-
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ability and extraneous factors. Additionally, when the confidence and support of
the discovered calendars fall below the thresholds, analysts are not warned about
it in the current implementation of the approach, i.e., in the Kronos dashboard.
Adding a warning message to the Kronos dashboard in future updates could help
address this limitation.

Extending the analyzed waiting time intervals. In its current form, the pro-
posed approach for discovering waiting time causes (Contribution 2) considers
waiting times in each transition between activity instances. However, waiting
times can also occur in at least two other settings: (i) between case creation and
the start of the first activity instance; and (ii) within an activity instance due to in-
terruptions (e.g., when a resource pauses work and resumes it later). The first type
of waiting time could be analyzed using methods that estimate the inter-arrival
time of each case [211]. The second type requires developing new methods for
modeling and inferring interruptions. Therefore, as future work, the approach can
be further extended to detect waiting times in these two settings and identify the
causes of waiting times.

Incorporating multitasking behavior. Another limitation of the proposed
approach for discovering waiting time causes (Contribution 2) is that it does not
consider multitasking. The approach assumes that resources cannot start process-
ing a new activity instance (of a different activity) if they are already working on
one. To address this, the approach could be extended to incorporate multitask-
ing behavior. This could involve discovering the maximum capacity per resource
from event logs. Given this capacity, a resource would be considered busy when
the number of activities they are performing equals their capacity. Additionally,
by analyzing the past multitasking behavior of a resource, it could be possible to
estimate when a resource would typically start an activity instance that is waiting.
Extending the proposed approach to include these aspects is a direction for future
work.

Validating process redesigns via simulation. In this thesis, we measure how
the identified causes of waiting time impact the temporal process performance by
measuring the maximum CTE improvement when these causes are fully elim-
inated (Contribution 1 and Contribution 2). The values of potential CTE im-
provement depict a theoretical improvement achieved by eliminating waiting time
causes, without accounting for any potential side effects resulting from a process
redesign. This shortcoming could be addressed by employing a simulation-based
analysis to explore various redesign options considering associated side effects.
This approach would enable analysts to apply selected redesign options to their
processes and use simulation to observe how these changes contribute to the re-
duction of waiting times and the improvement of process CTE.

Following this direction, another option for future work is to develop a method
for discovering business process simulation models from event logs that explic-
itly account for the five causes of waiting times examined in this thesis. Such
simulation models could assist analysts in identifying combinations of redesign
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options to optimize CTE, while also considering other performance dimensions
(e.g., cost).

Extending the evaluation of the proposed approaches. We evaluated the
proposed contributions through interview studies with process analysts experi-
enced in process mining. In the evaluation of Contributions 1 and 2, participants
completed several tasks using the deployed software tool, Kronos, and were inter-
viewed about their experiences with the tool. In contrast, the evaluation of Con-
tribution 3 involved participants assessing the responses generated by the LLM-
based assistant beforehand, without the opportunity to test the deployed assistant
in action. This approach was taken because our focus for this evaluation was on
the content of the responses rather than the tool itself. However, we acknowledge
this as a limitation. To address this limitation, the evaluation of Contribution 3
can be expanded by conducting additional interview studies that allow analysts
the flexibility to use the assistant for solving process optimization tasks. Based on
their experience, analysts could evaluate the assistant’s usefulness, usability, and
intention for further use by employing frameworks such as the Technology Accep-
tance Model (TAM) [189] and the System Usability Scale (SUS) [191], following
the same methodology used in the evaluations for Contributions 1 and 2.

Furthermore, the interview studies conducted for all proposed contributions
did not specifically evaluate the efficiency and effectiveness of the approaches and
their implementations in addressing process analysis and redesign tasks, which
we also acknowledge as a limitation. Therefore, to address this limitation, fur-
ther evaluation can be conducted through controlled experiments, where analysts
perform specific tasks using Kronos compared to baseline approaches, such as
alternative methods to analyze waiting times and identify redesign options they
currently employ.

Moreover, a case study could be conducted to analyze the temporal perfor-
mance of a real-life business process using Kronos to assess its applicability and
effectiveness in practical settings. Additionally, by collaborating with process an-
alysts, improvement opportunities and potential redesign options could be iden-
tified, selected, and implemented in the real-life process. After a suitable pe-
riod, Kronos could then be used to re-evaluate the temporal performance of the
redesigned process, comparing it to the original performance to assess the actual
impact of the process redesigns recommended by Kronos. Such evaluation studies
could allow us to assess the proposed contributions from additional performance
perspectives and help identify how the contributions can be further improved. We
consider these evaluation studies as valuable directions for future work.

Additionally, several future research directions are identified as extensions to
existing work and are presented below.

Customizing prompts to align with the analysts’ needs. As Contribution 3,
the thesis proposed a prompting method for enabling the LLLM to analyze waiting
time causes and recommend redesign options to reduce waiting times. The com-
parison of the two versions of the prompting method (baseline and enhanced)
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with process analysts revealed differences in the recommendations: while the
enhanced method provided more specific and actionable recommendations, the
baseline method offered more high-level suggestions. This indicated that the ap-
plication of the proposed method can be tailored depending on the specific goal
and audience. When there is a need for more detailed and actionable redesign
recommendations (e.g., preferred by process analysts for practical application),
employing the enhanced prompting method proves beneficial. On the other hand,
if the goal is to obtain high-level, business model-oriented recommendations (e.g.,
for managerial decision-making), using the baseline prompting method may be
more suitable. Therefore, the conversational interface in Kronos can be improved
by providing analysts the flexibility to choose the most suitable prompting method
based on their specific goals.

During user evaluation, several participants mentioned that there is an oppor-
tunity to combine the advantages of the two prompting methods (baseline and en-
hanced), such as the higher relevance of the enhanced prompting method and the
creativity of the baseline one. For instance, by adjusting LLM parameters, such as
the temperature setting, we can increase the creativity of the enhanced prompting
method. However, this increase in creativity could come at the cost of relevance,
leading to more arbitrary and impractical suggestions. Thus, as a direction for fu-
ture work, customizable LLM settings can be added to Kronos, enabling analysts
to manipulate these settings to suit their specific needs. For instance, incorporat-
ing a temperature setting would allow users to adjust creativity levels, ensuring
that recommendations are both innovative and contextually appropriate.

Prompting LLMs to facilitate process optimization. The prompting method
proposed in this thesis focuses on the optimization of waiting times in business
processes. Our findings indicate that current LLM technology can be used to sup-
port process analysis and redesign. It also revealed that when designing prompting
methods for LLMs for process optimization, it is more useful to create structured
data inputs (e.g., a structured dataset on redesign patterns) instead of using mul-
tiple inputs with unstructured data (e.g., articles about process redesigns). By
offering structured data inputs, LLMs are better equipped to integrate external
information into processing user requests, resulting in more relevant responses.
Moreover, our findings demonstrate that the proposed prompting method empow-
ered the LLM to more effectively address the requirements of analysts during the
optimization of waiting times. Thus, a possible direction for future research is the
construction of repositories of validated prompts to facilitate process optimization
across other KPIs, such as cost reduction.
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SISUKOKKUVOTE

Ooteaegade andmepohine analiilis ja optimeerimine
ariprotsessides

Jarjepidev driprotsesside analiiiis ja parendamine on operatiivset tipptaset saavu-
tada soovivate organisatsioonide jaoks votmetihtsusega tegevused. Ariprotsessid
midravad, kuidas t60d tehakse, ja sellest tulenevalt, mdjutavad mirkimisviirselt
kogu organisatsiooni tulemuslikkust. Ariprotsesside juhtimise kriitiline aspekt on
driprotsessides ebaefektiivsuste tuvastamine, analiiiis ja vihendamine. Uheks sel-
listest ebaefektiivsustest on ooteajad, mis tdhistavad perioode, mille jooksul t66d
ei tehta, ja mis seega iildjuhul ei lisa protsessile védrtust vaid pérsivad protsessi
ajalist joudlust.

Protsessikaeve vOimaldab analiilisida &riprotsesside tditmisel tekkinud and-
meid ehk siindmuslogisid. Olemasolevad protsessikaeve meetodid vdimaldavad
tuvastada ja kvantiteerida ooteaegu, sealjuures tostes esile pikenenud ooteaegu ja
viivitusi. Samas ei suuda olemasolevad meetodid neid ooteaegu konkreetsetele
pohjustele omistada ning see piirab analiititikute voimekust teha sihitud parendusi
driprotsessides. Kéesolev viitekiri kisitleb seda puudujiéki, uurides, kuidas tu-
vastada siindmuslogidest ooteaegade pohjuseid ning kuidas seda teavet kasutades
soovitada selliseid protsessi iimberkorraldusi, mis oleksid tdhusad ooteaegadest
tulenevate ebaefektiivsuste vihendamisel.

Doktoritdo keskendub kahele pShikiisimusele: (1) Kuidas tuvastada siindmus-
logidest ooteacgade pdhjuseid? ja (2) Kuidas tuvastada protsessi parendamise ja
iimberkorraldamise véimalusi, mis vihendaksid protsessi ooteaegu? Nendele kii-
simustele vastamiseks esitab véitekiri kolm peamist panust.

Esiteks uurib viitekiri riihmitamist kui vdoimalikku ooteaegade pohjust iri-
protsessides. Tépsemalt pakub viitekiri protsessikaeve meetodi, mis on mdel-
dud rithmtootlusest tulenevate ooteacgadega seonduvate ebaefektiivsuste avasta-
miseks ja analiilisimiseks. Selleks méiratleme kolm ooteaja tiiiipi, mis esinevad
erinevate rithmtootluse strateegiate rakendamisel. Seejarel pakume vilja protses-
sikaeve meetodi, mis vdimaldab nendele tiilipidele vastavaid parendusvdimalusi
siindmuslogidest avastada, ldhtudes iga tiiiibi mdjust protsessi tsiikliaja efektiiv-
susele (Cycle Time Efficiency, CTE). Pakutud meetod on teostatud protsessikaeve
tehnikana ja hinnatud siinteetilistele siindmuslogidele tuginevate katsetega. Lisaks
on pakutud meetodi rakendatavust demonstreeritud kasutades reaalseid andmeid
sisaldavat silndmuslogi.

Teiseks laiendab viitekiri eelnevat analiilisi teistele vdimalikele ooteaegade
pohjusele, arvestades kdiki driprotsessis sisalduvaid tegevuste iileminekuid. Téap-
semalt pakub viitekiri protsessikaeve meetodi, mis jagab iga tegevuse iilemine-
kuga seotud ooteajad mitmeks otseseks pShjuseks. Tuginedes siindmuslogile voi-
maldab see meetod avastada 5 otsest ooteacgade pohjust: riihmitamine, ressurssi-
de hoivatus, prioriseerimine, ressursside puudumine ja vilised tegurid. Tuvastatud
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ooteaegade pdhjuseid kvantiteeritakse ja analiiiisitakse, et médrata kindlaks pa-
rendamisvoimalused, hinnates iga pohjuse mdju protsessi tsiikliaja efektiivsusele.
Pakutud meetodi tdpsust on hinnatud siinteetilistele siindmuslogidele tugineva-
te katsetega ning meetodi rakendatavust on demonstreeritud kasutades reaalseid
andmeid sisaldavat siindmuslogi. Lisaks on pakutud meetod teostatud tarkvara-
tooriistana Kronos. Ooteaegadega seotud parendamisvdimaluste tuvastamisel on
Kronose kasulikkust ja kasutatavust hinnatud protsessianaliilitikutega ldbiviidud
kasutajauuringu kaudu.

Kolmandaks kisitleb viitekiri protsessi ooteacgade vidhendamisele suunatud
iimberkorralduste soovitamise viljakutset. Tédpsemalt pakub viitekiri suure kee-
lemudeli (Large Language Model, LLM) jaoks viipamismeetodi, mis kohandab
mudeli analiiisima ooteaecgade pdhjuseid ja soovitama nendest pdhjustest 1dh-
tuvaid iimberkorraldusi ooteaegade vihendamiseks. Pakutud meetod kasutab si-
sendandmetena selle viitekirja teise panusega saadavaid tulemusi ning sisaldab
viipa, mis on kohandatud nende tulemuste analiiiisimiseks ja asjakohaste oote-
aegade pohjustele suunatud timberkorraldamise vdoimaluste soovitamiseks. Paku-
tud viipamismeetod on rakendatud vestlusliidesena ja integreeritud Kronosega.
Viipamismeetodiga tdiustatud keelemudeli tdpsust ooteaegade kestuste ja pdhjus-
te tuvastamisel on katsetes kontrollitud nii siinteetilisi kui ka reaalseid andmeid
sisaldavate siindmuslogidega. Meetodi tdhusust analiiiitikute abistamisel ooteae-
gade pohjuste analiiiisis ja iimberkujundamise véimaluste tuvastamisel on hinna-
tud kasutajauuringuga. Eelk&ige vorreldi kasutajauuringus kahte 1dhenemisviisi:
(1) baastaseme ldhenemisviis (‘“zero-shot”), mis hdlmab minimalistlikku viipa; ja
(2) tdiustatud lahenemisviis, kus viip sisaldab vidiksemate ooteacgadega protses-
sideni joudmiseks loodud iimberkorraldusmustrite kirjeldusi. Analiiiitikud vord-
lesid soovitatud imberkorraldusi soovitussiisteemidelt oodatavate omaduste, nii-
teks asjakohasuse, kasulikkuse ja mitmekesisuse osas.

Kronos, kui esitatud panuste teostus, on rakendatav vaartusliku tooriistana
ooteaegade pohjuste avastamiseks ja analiilisimiseks &riprotsessides ning oote-
aegade vidhendamiseks sobivate {imberkorraldusvdimaluste tuvastamiseks. Kro-
nost saab rakendada protsesside diagnoosimiseks erinevates toostusharudes, ala-
tes tootmisest kuni teeninduseni, nagu demonstreeritud selle viitekirja panuste
hindamiseks 14bi viidud katsetes. Kronos on peamiselt suunatud protsessianaliiii-
tikutele, kes keskenduvad &riprotsesside ajalise joudluse analiiiisimisele ja paren-
damisele, eriti kui fookus on ooteaegade vihendamisel. Umberkorraldussoovi-
tuste osas pakub tdiustatud viibaga LLM-pdhine assistent protsessianaliilitikutele
konkreetseid iimberkujundamisvdimalusi, samas kui baastaseme viip pakub {ildi-
semaid soovitusi, mis sobivad kdrgema tasandi juhtimisotsuste tegemiseks osa-
kondade, divisjonide voi ettevotete tasanditel.
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