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ABSTRACT

In modern organizations, activities that are performed on a repeated basis are
grouped into business processes. These business processes are continuously mon-
itored and optimized to deliver value to clients and other stakeholders. Process
mining is a set of techniques to support the analysis and optimization of business
processes based on event logs generated during the execution of these processes.
A subset of process mining techniques, known as predictive process monitoring,
leverages these event logs to train machine learning models that predict future
states or events of a business process. Predictive process monitoring techniques
enable managers to see, for example, which executions of a business process are
likely to lead to negative outcomes, such as customer complaints or lost sales op-
portunities. However, these techniques do not directly help managers determine
what they can do to prevent these negative outcomes.

Prescriptive process monitoring is a related set of techniques that address this
limitation by prescribing interventions that increase the probability of positive
outcomes. For example, a predictive monitoring model may suggest that an appli-
cant is likely to reject a loan offer. Meanwhile, a prescriptive monitoring approach
may recommend that a loan officer (a resource) sends an additional offer (an inter-
vention) to increase the probability that a loan contract is concluded (the positive
outcome). The backbone of a prescriptive monitoring approach is an intervention
policy — a decision procedure that determines which process instances (cases) re-
quire intervention, the state at which the intervention should be triggered, and the
resource who should perform this intervention. The goal of a prescriptive process
monitoring method is to maximize a gain function, which considers the benefits of
preventing negative case outcomes and the cost of performing the interventions.

Existing approaches in the field of prescriptive process monitoring have two re-
current limitations. First, they do not take into account the uncertainty associated
with the predictions they rely upon. Second, they assume that every intervention
that they prescribe will be executed, overlooking the fact that each intervention re-
quires time from a resource and, thus, only a limited number of interventions may
be executed. In other words, existing methods in this field are not uncertainty-
aware and resource-aware.

This thesis makes three research contributions that address these two limita-
tions. The first contribution is a prescriptive process monitoring method that in-
corporates measures of uncertainty into intervention policies. An empirical eval-
uation of this method shows that the use of uncertainty measures improves the
performance of the intervention policies, especially in the presence of tight re-
source constraints. The second and third contributions are both uncertainty-aware
and resource-aware prescriptive process monitoring methods. The second contri-
bution is a rule-based (white-box approach) to prescriptive process monitoring.
This method allows users to specify intervention policies via filtering and ranking
policies based on outputs produced by uncertainty-aware predictive, causal, and



survival models. The third contribution is a black-box prescriptive process moni-
toring method. This method uses online reinforcement learning to learn an inter-
vention policy that combines inputs from predictive, causal, and survival models
to maximize a gain function without requiring a user to specify any rules.

The methods proposed in this thesis are empirically evaluated using real-world
datasets and compared to baseline methods that are not uncertainty-aware or
resource-aware. The results demonstrate that intervention policies are more ef-
fective when they combine outputs of predictive, causal, and survival models in
an uncertainty-aware manner and when they explicitly consider resource avail-
ability. All developed methods are released as open-source software, enabling
other researchers to extend this work.
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1. INTRODUCTION

To remain competitive, organizations need to continuously improve their opera-
tions to provide sustained business value to clients, employees, and other stake-
holders. For instance, when it comes to customer-facing processes, organizations
are on a constant quest to reduce response times, costs, and error rates [185]. To
achieve these objectives, larger organizations group together their activities into
well-defined business processes that are continuously monitored, analyzed, and
redesigned [4].

A business process is “a collection of interrelated events, activities, and de-
cision points that involve multiple actors and objects, collectively leading to an
outcome that is of value to at least one customer” [4]. These processes are typ-
ically supported by process-aware information systems that track and log their
activities in artifacts known as event logs. In a nutshell, an event log is a col-
lection of records, such that each record describes a state change of an activity
instance (e.g., the start of an activity instance, the end, or both), alongside data
attributes collected as part of this state change [5].

Process mining is a collection of techniques that leverage event logs to analyze,
monitor, and identify opportunities for enhancing business process performance.
Process mining enables organizations to gain insights into the causes of bottle-
necks, to evaluate the effectiveness of business rules, and to visualize performance
improvements, among other goals.

Predictive Process Monitoring (PPM) is a set of techniques that combine pro-
cess mining and machine learning methods to predict future states or future events
during the execution of business processes [187, 188, 189, 190, 191, 192, 18, 10].
For example, in a loan origination process, a predictive process monitoring tool
can identify applicants likely to decline a loan offer based on their profiles and the
steps they have undergone with the bank. While these predictions are valuable,
their practical utility is limited if organizations cannot influence the predicted out-
comes. Knowing that an applicant is likely to decline an offer is useful, but with-
out the means to intervene and alter this outcome, these predictive insights can
only have a limited impact.

The emerging field of prescriptive process monitoring aims to translate pre-
dictions about future states or events in a process, into actions that have a positive
impact on the performance of the process [45]. This thesis seeks to advance the
state-of-the-art in the field of prescriptive process monitoring.

1.1. Problem Statement

Prescriptive Process Monitoring (PrPM) is a set of techniques to optimize the ex-
ecution of business processes by prescribing or recommending specific actions
(herein called interventions) during the execution of a business process instance
(herein called a case) [194, 45]. Unlike predictive process monitoring, which

15



focuses on forecasting future outcomes, PrPM takes a step further by proac-
tively influencing these outcomes by recommending or triggering runtime inter-
ventions [193]. The aim of these interventions is to improve the process along
one or more performance objectives, such as increasing the success rate of the
process, i.e., the proportion of cases that end in a desired (positive) outcome.

At the core of a PrPM approach is the concept of learning an Intervention
Policy (IP) from historical data. An intervention policy is a decision procedure
that determines which cases require intervention, when the intervention should be
triggered, and which resource (e.g., a process worker) should carry it out. The
historical data used to develop this policy typically takes the form of an event
log, that captures the execution history of activities across multiple cases within a
process.

For example, consider a loan origination process, as depicted in Fig. 1. An
event log in this context may consist of four cases: C1, C2, C3, and C4. A case
begins when a loan application is submitted and concludes with either a posi-
tive outcome, where the applicant accepts the loan offer (e.g., C1), or a negative
outcome, where the offer is declined (e.g., C2). So, to this end, a predictive mon-
itoring model trained on these cases can be deployed at runtime to estimate the
likelihood of each case’s outcome at various stages. Suppose the model predicts
a high probability that an applicant will reject the offer. In that case, the PrPM
approach may recommend an intervention, such as having a loan officer (the re-
source) send a second offer (the intervention) to increase the chances of accep-
tance and, consequently, a positive outcome. In this scenario, case C1 receives
an additional offer, resulting in a positive outcome, whereas case C2 receives no
intervention, leading to a negative outcome.

CaseID  Event number Resources Timestamp Loan Value  Age Intervention Outcome

Lucy April 152020 @ 1:37 PM

Lucy
Jhon

‘ ke 2 rosiive
5 Jhon
. e
) wike
S 1 Submit_application Lucy April 7th 2020 @ 1:37
L0G TN . 2 Review_Application Lucy April 8th 2020
3 Create Offer Ihon 2 Negaive
4 Mike
5 Decl Mike
1 Subn Lucy
Event Log 2 Review_ icatio Lucy 4
3 Create Offer Thon April 23rd 2020 @ 2:10 PM
i Mae | A2 20206 5307M Lo 3 Negaine
s 5 gale cl Jhon April 24th 10PM
| s Vike Ape 24t
. 5 Mic
N 1 Lucy

Mike
Mike

Figure 1. Event log with four cases.

However, suppose an intervention policy is developed based on a small sample,
such as the four cases in Fig. 1. In this scenario, the policy may misleadingly
suggest that interventions are highly effective for high-value loan cases like C1,
where the intervention leads to a positive outcome 100% of the time. Meanwhile,
the intervention has no effect on low-value cases such as C3 and C4. Despite
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this conclusion, the small sample size introduces significant uncertainty, making
it difficult to generalize the policy. Applying such a policy in practice could lead
to interventions without benefit, wasting time and effort, eventually resulting in
a suboptimal policy. Uncertainty is inherent, to one extent or another, in any
predictive model and needs to be taken into account when decisions are made on
the basis of the outputs of such a model. Yet, existing PrPM approaches do no t
account for uncertainty.

Moreover, existing PrPM approaches assume that interventions can be applied
immediately and for all cases requiring intervention, without considering resource
constraints. In practice, interventions require time and commitment from limited
resources, such as a loan officer preparing a second offer. For instance, if ten
ongoing cases in a loan origination process may benefit from an intervention, but
only two loan officers are available, intervening in all cases may not be feasible.
Failing to account for limited resource availability can lead to over-prescription of
interventions, eventually reducing the effectiveness of the intervention policy.

This thesis addresses the problem of deriving intervention policies from event
logs of business processes, in the context where the number of resources avail-
able to execute the interventions is limited and where the output of the predictive
models used to decide which cases warrant an intervention have a certain level
of uncertainty. In other words, the thesis addresses the problem of deriving in-
tervention policies for prescriptive process monitoring that are uncertainty-aware
and resource-aware.

1.2. Scope and Research Questions

The field of prescriptive process mining is still evolving and has gained increas-
ing attention in recent years. This field encompasses various objectives and types
of interventions, depending on the specific improvement goals. For instance, one
prescriptive objective might aim to increase the rate of cases ending with a posi-
tive outcome, while another could focus on reducing cycle time. The prescribed
intervention can also vary significantly, ranging from continuous recommenda-
tions, such as suggesting the next best activity throughout the process execution
to improve a key performance indicator, to discrete interventions triggered to pre-
vent a negative outcome. Moreover, multiple objectives and prescription types
can be combined to address complex scenarios.

Given the broad scope of PrPM and the complexity involved in developing a
fully functional prescriptive monitoring system for business processes, this thesis
narrows its focus to a specific scenario. Specifically, we address scenarios where
the prescribed action is one of the activities recorded in the event log and desig-
nated by a domain expert as a possible intervention. This intervention is intended
to improve a particular objective, such as the rate of positive outcomes. Although
real-world applications often involve multiple potential interventions within a sin-
gle process case, this thesis simplifies the problem by considering a binary inter-
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vention scenario. In this scenario, only a single intervention is considered, and the
decision is whether or not to apply it.

Furthermore, this thesis assumes that the objective is to influence a binary pro-
cess outcome—either a positive outcome, which generates value for the organiza-
tion, or a negative outcome, which does not. This allows us to focus on improving
decision-making processes regarding when and how to intervene during ongoing
cases, enhancing the chances of achieving positive outcomes.

Although interventions can be beneficial, they often incur costs, such as di-
rect monetary expenses. Despite these costs, applying an intervention remains
advantageous if the benefit of achieving a positive outcome outweighs the associ-
ated expenses. However, these interventions also consume resources with limited
capacity. Allocating scarce resources to unnecessary, uncertain, or costly inter-
ventions can be particularly problematic in a resource-constrained environment,
leading to wasted efforts and resources. While a traditional prescriptive monitor-
ing approach might focus solely on optimizing the primary objective, it is impor-
tant to incorporate considerations of costs, uncertainties, and resource constraints
to ensure that recommendations are both certain and resource-aware.

Accordingly, this thesis addresses the challenge of building a prescriptive mon-
itoring system that not only optimizes process outcomes but also takes into ac-
count uncertainties, costs, and the limitations of available resources. Specifically,
in this thesis, we focus on a particular instance of the general PrPM problem to
answer the following overarching question:

Given an event log that contains completed cases of a process, where
interventions have been applied to some cases, and functions that assign a cost
to each intervention, how can we learn an intervention policy that recommends

interventions during ongoing cases of this process in a way that maximizes a
performance measure, i.e., the total gain, in a way that is uncertainty-aware and
resource-constrained?

In the presence of uncertainty and limited resources, one important aspect to
consider when addressing this research question is identifying the intended users
of the prescriptive system. According to the work done by Kubrak et al. [195],
intended users can be categorized into three groups: process analysts, operational
managers, and tactical managers. Process analysts are interested in analyzing
historical process executions in an offline manner to identify mid-to-long-term
improvements. On the other hand, operational managers work in a dynamic en-
vironment, dealing with ongoing process cases as they are executed at runtime,
often requiring quick and informed decision-making. Tactical managers are con-
cerned with optimizing the process in the long term, in particular by making sure
that operational managers have an adequate number of resources and the right
data and tools to coordinate the processes under their purview.
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Additionally, based on the literature review (explored later), we observe that
existing PrPM approaches can be divided into two broad streams: one stream re-
lies on white-box decision procedures where analysts manually specify decision
rules and thresholds. At the same time, the other uses a black-box, data-driven ap-
proach to derive intervention policies automatically. White-box approaches give
more visibility and control to tactical process managers, by allowing them to un-
derstand the behavior of the intervention policies and to tune them according to
their requirements. Meanwhile, data-driven policies are more adaptable, as they
auto-tune themselves as more data becomes available. Black-box intervention
policies are also expected to be more effective, since they are optimized to maxi-
mize the total gain that the intervention policy would have produced on historical
observations.

This thesis explores methods for uncertainty-aware and resource-aware PrPM
that address the needs of both operational and tactical managers. Accordingly, the
methods explored in this thesis cover both white-box and black-box approaches.

Within this context, the thesis covers three areas of exploration:

* Uncertainty-Aware PrPM: Developing methods to incorporate uncertainty
into the decision-making process for recommending operational interven-
tions. The goal is to ensure that predictions are reliable and that decisions
can be made confidently, even when uncertainty is present.

* White-Box PrPM: Creating transparent, rule-based policies that manage
limited resources effectively. These policies aim to ensure that operational
interventions are recommended and executed to optimize resource alloca-
tion while maximizing process performance, ensuring that operational in-
terventions are interpretable.

* Black-Box PrPM: Developing data-driven, often indefinite policies that ef-
fectively manage limited resources. These policies aim to ensure that oper-
ational interventions are recommended and executed to optimize resource
allocation and process performance that users cannot easily interpret.

Given the above three areas of exploration, we decompose the overarching
research question of the thesis into three more specific research questions (RQs),
as follows:

RQ1: How can we develop intervention policies that effectively incorporate
uncertainty into decision-making, ensuring that predictions are reliable and deci-
sions are made confidently to maximize a total gain function?

RQ2: How can business stakeholders define transparent, rule-based white-box
intervention policies that manage limited resources efficiently while optimizing the
total gain of the resulting intervention policy in a resource-constrained setting ?

RQ3: How can we design data-driven, black-box intervention policies that
manage limited resources effectively, optimizing resource allocation and process
performance, i.e., total gain, within a resource-constrained setting?
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1.3. Research Method

Given that this research falls within the field of information systems, the thesis
follows the design science guidelines proposed by Hevner et al. [196] to address
the research questions. The key aspects of the methodology are outlined below:

Design as an Artifact: The outcome of this Ph.D. project is the development
of artifacts in the form of systems designed to trigger runtime interventions for
business processes. These systems determine who requires intervention, when
the intervention should be triggered, and who should execute it at a given state
of a process case. The artifacts include models, algorithms, and decision-making
frameworks that integrate the complexities of uncertainty and limited resources
into intervention policies. Portions of these artifacts have been implemented in
software through collaboration with colleagues, and these implementations are
publicly available online. Links to this software are provided in the corresponding
contribution chapters of this thesis.

Problem Relevance: This research addresses a critical problem in prescrip-
tive process monitoring—how to make effective, uncertainty-aware, and resource-
efficient intervention decisions during the execution of business processes. This
problem has been recognized as relevant by both practitioners, who have ex-
pressed a need for effective systems to improve operational efficiency and process
outcomes through qualitative interviews [195] and academics, as demonstrated by
previous research on prescriptive process monitoring [45].

Design Evaluation: The developed artifacts are rigorously evaluated using
real-life datasets with varying characteristics to assess their effectiveness. Evalu-
ation methods include empirical analysis, which tests the systems’ ability to make
accurate and resource-efficient intervention decisions under uncertainty. The eval-
uation results provide insights into the performance of the proposed systems and
their potential for real-world application.

Research Contribution: The research contributes to both academic and prac-
titioner communities by advancing the field of prescriptive process monitoring
and addressing a previously unsolved problem. It introduces new methods for
handling uncertainty and resource constraints in decision-making processes, of-
fering practical solutions that can be applied in various business contexts.

Research Rigor: The research is conducted with methodological rigor to en-
sure the reliability and validity of the findings. An extensive literature review,
detailed in Chapter 3, is conducted to identify existing techniques and evaluation
approaches in process mining, machine learning, and decision-making under un-
certainty. State-of-the-art methods are then used to develop and test the artifacts,
ensuring the research is grounded in established theories and practices.

Communication of Research: The results and contributions of this research
are effectively communicated to both academic and practitioner audiences. This
is achieved through publications in journals and conference proceedings, oral pre-
sentations, and the public release of a software tool.
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1.4. Contributions

This thesis aims to develop and operationalize approaches for prescriptive pro-
cess monitoring of business processes. These approaches, aligned with the de-
fined research questions, aim to prescribe interventions throughout the execution
of process cases until their completion, particularly in environments characterized
by uncertainty and resource constraints. Consequently, this thesis makes three
key contributions to the area of prescriptive analytics for business processes, as
outlined below.

Contribution 1: Propose an Uncertainty-Aware Prescriptive Process Moni-
toring Approach (Chapter 4). This contribution extends existing PrPM work
by developing an uncertainty-aware prescriptive process monitoring approach,
termed UN-PrPM. The goal is to develop an intervention policy determining when
to trigger interventions to maximize a total gain function without considering re-
source limitations. This approach triggers interventions for all cases as needed,
irrespective of resource constraints. The process begins with discussing the pre-
dictive monitoring pipeline and explores methods for estimating uncertainties as-
sociated with predictions, focusing on uncertainty quantification and conformal
prediction. The approach integrates these uncertainty estimations into the pre-
scriptive model, resulting in a UN-PrPM. The effectiveness of this approach is
evaluated using real-life event logs representing a loan origination process and is
compared against a baseline relying solely on process outcome predictions.

This contribution, where we introduced the integration of uncertainty in PrPM,
was initially published in the proceedings of the Business Process Management
(BPM) Forum [315], where we discussed the application of uncertainty quantifi-
cation in PrPM. The subsequent introduction of the conformal prediction method
in this context was later presented and published in the proceedings of the 2nd
International Workshop on Process Management in the Al Era [316].

Lead author. The author conceived the idea, designed the methodology, im-
plemented the system, conducted the experiments, analyzed the results, and wrote
the manuscript.

Contribution 2: Design of a Prescriptive Process Monitoring Approach Un-
der Resource Constraints: A White-Box Approach (Chapter 5). This con-
tribution presents a white-box prescriptive process monitoring approach, termed
WB-PrPM, emphasizing transparency and interpretability in intervention policies.
We emphasize that the white-box nature of an approach is determined by how the
intervention policy is constructed. These policies are developed using parameter-
ized factors derived from black-box techniques.

The WB-PrPM extends the UN-PrPM to be resource-aware and resource-
constrained, allowing stakeholders to understand the rationale behind intervention
recommendations. This transparency aids in balancing the necessity of effective
interventions with the practical constraints of limited resources. The approach in-
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tegrates machine learning techniques and allows stakeholders to specify interven-
tion policies through filtering and ranking mechanisms that consider the impor-
tance, urgency, uncertainty, and available intervention capacity. The effectiveness
of the WB-PrPM is empirically evaluated across various resource utilization lev-
els, focusing on the total gain achieved compared to white-box baseline methods
that do not consider resource constraints or uncertainty parameters.

Recalling the loan origination process in Fig. 1 illustrates the importance of
intervention policies in PrPM. A white-box intervention policy enables process
analysts to explicitly define rules for when and how interventions should be trig-
gered. For example, suppose a predictive monitoring model estimates that an
ongoing case (e.g., C2) has a 60% probability of rejection. In that case, an analyst
can set a predefined rule to trigger an intervention—such as sending a second loan
offer—only if this probability exceeds a chosen threshold (e.g., 70%). Conversely,
for a more relaxed policy, the threshold can be adjusted to 50%, ensuring flexibil-
ity in decision-making. White-box approaches also allow analysts to incorporate
uncertainty by setting conservative intervention thresholds when confidence in
predictions is low.

An earlier version of this contribution was published in the proceedings of the
2nd International Workshop on Process Management in the Al Era [315]. Addi-
tionally, part of this work, which introduced the use of causal inference in busi-
ness processes to evaluate the effectiveness of interventions on case outcomes,
was presented at the Machine Learning for Process Mining (ML4PM) workshop
at the International Conference on Process Mining [317]. The complete white-box
method for PrPM was subsequently published in an article in Data and Knowledge
Engineering [342].

Lead author. The author conceived the idea, designed the methodology, im-
plemented the system, conducted the experiments, analyzed the results, and wrote
the manuscript.

Contribution 3: Design of a Prescriptive Process Monitoring Approach Un-
der Resource Constraints: A Black-Box Approach (Chapter 6). This contribu-
tion introduces a black-box approach to prescriptive process monitoring, termed
BB-PrPM, which leverages data-driven methods to develop intervention policies
at runtime. This approach serves as an alternative to WB-PrPM, mitigating its
limitations by abstracting the complexity of policy formulation into a data-driven
model. The BB-PrPM employs an online Reinforcement Learning (RL) approach
that triggers interventions based on necessity, timeliness, effect, the uncertainty
of predictions, and level of resource utilization. This approach aims to optimize
intervention policies while minimizing human error and time spent on manual pol-
icy specification. The BB-PrPM is empirically evaluated for its convergence and
performance metrics, with comparisons made to reinforcement learning-based
baseline methods that do not account for resource constraints.
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Unlike white-box approaches, which rely on predefined rules, black-box meth-
ods automate policy learning through RL. The system continuously refines in-
tervention strategies based on past outcomes, adapting to changing conditions
without direct input from process analysts. For instance, in the loan origination
scenario, BB-PrPM learns whether intervening at a 60% rejection probability or
sending a second loan offer improves acceptance rates, particularly in specific
cases like high-value loans (e.g., C1 in Fig. 1). Over time, it optimizes interven-
tions based on observed effectiveness. While this adaptability enhances efficiency,
it reduces transparency, making it harder to explain why certain interventions were
applied or omitted. The choice between white-box and black-box approaches ul-
timately depends on whether interpretability and control or automation and adapt-
ability are the priority.

This contribution was published as an article in KI - Kiinstliche Intelligenz, the
German Journal of Artificial Intelligence [343].

Lead author. The author conceived the idea, designed the methodology, im-
plemented the system, conducted the experiments, analyzed the results, and wrote
the manuscript.

1.5. Thesis Outline

The rest of this thesis is organized as follows. Chapter 2 provides essential back-
ground, covering machine learning fundamentals, deep learning, process mining,
and their intersection. It also introduces key concepts from causal inference, sur-
vival analysis, and reinforcement learning relevant to subsequent chapters.

Chapter 3 reviews the current state-of-the-art in prescriptive process monitor-
ing for business processes. The chapter categorizes existing methods based on the
various improvement objectives they aim to optimize, the types of interventions
they make, the input data they require, and the types of intervention policy learn-
ing. We discuss the limitations of existing approaches and highlight the research
gaps, particularly the need for integrating uncertainty and resource constraints into
prescriptive monitoring.

Chapter 4 presents the first contribution of the thesis: an approach for incor-
porating uncertainty into prescriptive process monitoring. We explore uncertainty
quantification and conformal prediction techniques and discuss how they can be
integrated into prescriptive monitoring to develop uncertainty-aware intervention
policy. Chapter 5 introduces the second key contribution, a white-box approach
to prescriptive process monitoring that allows stakeholders to specify interven-
tion policies under resource constraints. Chapter 6 presents the third contribution,
a black-box prescriptive process monitoring approach that uses online reinforce-
ment learning to manage interventions under resource constraints.

Finally, Chapter 7 summarizes the key findings and contributions of the thesis.
It discusses the broader impact of the research on the field of prescriptive analytics
and identifies potential areas for future research.
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2. BACKGROUND

Prescriptive process monitoring (PrPM) is an interdisciplinary research area com-
bining machine learning, statistical analysis, and process mining techniques to
develop intervention policies to optimize business process performance. This sec-
tion outlines the fundamental concepts from these fields, which are essential for
understanding the subsequent chapters.

We begin by discussing key concepts in machine learning, focusing on su-
pervised learning, uncertainty estimation, and reinforcement learning. Next, we
explore two additional fields—causal inference and survival analysis—that are
closely related to this research. Finally, we introduce process mining, with an
emphasis on predictive process monitoring, a subfield relevant to this thesis.
Throughout, we highlight how these fields contribute to designing intervention
policies that can enhance the efficiency and effectiveness of business processes.

2.1. Machine Learning

Machine Learning (ML) is a subset of artificial intelligence that empowers sys-
tems to learn from data, enabling them to make predictions or decisions without
explicit programming. The core objective of ML is to create systems that can au-
tomatically improve their performance through experience [7]. In the context of
business processes, ML algorithms can be trained on historical instances of pro-
cess executions to monitor ongoing cases and predict key measures of interest,
such as delays or outcomes.

Here we review the key ML paradigms relevant to this thesis, including super-
vised learning, uncertainty estimation, reinforcement learning, and deep learning.

2.1.1. Supervised Machine Learning

Supervised machine learning is a fundamental approach where models are trained
on labeled data pairs (X,Y) to create a mapping from input features X to known
outputs Y. The main objective is to learn or approximate the relationship between
the inputs X and the outputs y through a mapping function f(X). Supervised
learning tasks are generally divided into two main types: classification and re-
gression.

In classification tasks, the output Y is categorical, representing distinct classes
or categories [10]. For example, a classification model might predict whether an
ongoing case will result in a positive outcome (e.g., customer satisfaction) or a
negative outcome (e.g., customer complaint). In contrast, regression tasks involve
predicting continuous numerical variables as the output Y [18]. An example could
be predicting the remaining time until the completion of an ongoing case. This
distinction between classification and regression is essential, as it influences the
choice of algorithms and evaluation metrics used in the modeling process.
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Here, X = (x1,...,x;) represents a j-dimensional vector of features (or inde-
pendent variables) that describe ongoing cases at various points (or prefixes) in
their execution, while ¥ denotes the target (or dependent) variable. The common
workflow in ML tasks to learn the mapping function f(X) can be divided into two
main phases: offline and online.

During the offline phase, the data representing business process execution his-
tory is split into three subsets: training, validation, and testing sets. An ML algo-
rithm is then trained and finetuned using the training and validation data. In the
subsequent online phase, the trained and optimized model (predictive model) is
evaluated on the testing set to assess its performance on unseen cases. Essentially,
the predictive model is used to monitor ongoing cases that were not included in
the training process at the operational level to predict ¥, the estimated value of Y.

Evaluation Measures. In the context of business processes, accurately esti-
mating specific measures, such as outcomes or remaining time, is necessary, es-
pecially when these estimates inform proactive and timely business interventions.
Consequently, evaluating the performance of a trained predictive model focuses
on its accuracy in making predictions.

Various evaluation metrics are employed to assess predictive models on un-
seen operational data. The model predicts ¥ for each prefix of ongoing cases and
compares it with the ground truth Y (the actual outcome observed in the data).
A prediction that matches Y (or is close in regression tasks) indicates a reliable
estimation. However, due to the inherent nature of predictive models, these esti-
mations typically carry some uncertainty.

For classification tasks, metrics such as accuracy, precision, recall, and F1-
score are utilized to evaluate the performance of classification tasks. Accuracy is
effective when classes are balanced; however, in cases of class imbalance—where,
for example, positive cases outnumber negative ones—accuracy can be mislead-
ing, selecting classifiers that predict the majority class (positive). Precision and
recall provide more informative assessments in such scenarios: precision mea-
sures the accuracy of positive predictions, while recall quantifies the classifier’s
ability to identify all positive instances. These metrics can also be harmonized
into the FI-score, which balances precision and recall to provide a single measure
of model performance. A common technique for evaluating a classifier involves
constructing a Receiver Operating Characteristic (ROC) curve and calculating
the Area Under the Curve (AUC) to understand the model’s ability to distinguish
between positive and negative outcomes across various decision thresholds. A sig-
nificant advantage of the AUC metric over accuracy and F1-score is its unbiased
nature, even in highly imbalanced class distributions [24].

For regression tasks, metrics such as Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and R-squared (R?) are employed to evaluate the per-
formance of predictive models [197]. MAE measures the average magnitude of
prediction errors, providing a straightforward interpretation of prediction accu-
racy. RMSE gives greater weight to larger errors, making it sensitive to outliers.
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R-squared quantifies the proportion of variance in the remaining time that can be
explained by the input features, indicating the model’s explanatory power.

Machine Learning Algorithms. In this thesis, we use ML algorithms to esti-
mate both the remaining times and outcomes of cases. In the following, we give
an overview of them.

* Random Forest. The Random Forest (RF) [19] algorithm is a versatile ML
algorithm widely used for classification and regression tasks. It operates
by constructing many decision trees during training and outputs the mode
of the classes (for classification) or the mean prediction (for regression)
of the individual trees. Each tree in the RF is trained on a subset of the
data and features, a technique known as bagging, which helps to reduce
overfitting and improve generalization. Tuning the Random Forest involves
adjusting several hyperparameters, such as the number of trees (iterations),
the number of features considered at each split, the maximum depth of the
decision trees, and the size of the sampled subsets.

e Gradient Boosted Trees. Similar to RF, the Gradient Boosted Trees
(GBT) [21] algorithm is used for classification and regression tasks and
builds an ensemble of decision trees. However, it operates by sequentially
constructing an ensemble of trees, where each tree attempts to correct the
errors of the previous ones. This iterative process involves combining the
predictions of multiple trees to produce a final prediction. The GBT al-
gorithm uses a technique known as boosting, which focuses on improving
model performance by giving more weight to misclassified instances in sub-
sequent iterations.

Examples of GBT algorithms include:

— Light Gradient Boosting Machine (LightGBM): Designed for effi-
ciency with large datasets and high-dimensional data [23].

— Extreme Gradient Boosting (XGBoost): Known for its speed and per-
formance, it is widely used in machine learning competitions and ap-
plications [20].

— Categorical Boosting (CatBoost): Particularly effective with categori-
cal features, offering robust handling of categorical variables [22]).

Tuning GBT algorithms requires adjusting several hyperparameters, such
as the number of trees (iterations), the learning rate, the maximum depth of
the trees, and the minimum number of samples required to split an internal
node.

In summary, supervised learning aims to generate predictions that closely align
with Y (or are near to it in regression tasks), indicating reliable estimations. This
thesis employs the aforementioned ML algorithms to develop predictive models
for predicting outcomes and estimating remaining times. However, these pre-
dictions typically involve a degree of uncertainty, which will be discussed in the
following section.
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2.1.2. Uncertainty in Machine Learning

Uncertainty is critical in decision-making, especially when monitoring ongoing
cases and making choices at each process stage. Incorrect decisions can have sig-
nificant consequences in high-risk applications, such as business process monitor-
ing, potentially leading to incorrect outcomes or financial losses [37]. By quanti-
fying the uncertainty associated with a model’s predictions, decision-makers can
make more informed choices, thereby avoiding unnecessary or risky interventions.

For example, in a loan origination process, consider a predictive model that
estimates the probability of a negative outcome (e.g., loan rejection) to be above
0.5 for a particular case at a specific point in time. This classification would lead
to the preparation and sending of a second loan offer (an intervention) to the ap-
plicant. However, if the case were actually likely to accept the first loan offer
(a positive outcome), this misprediction would result in wasted time, effort, and
resources. This scenario illustrates the implications of low-quality predictions
or those accompanied by high uncertainty. Consequently, managing uncertainty
in prescriptive process monitoring involves understanding and quantifying uncer-
tainties to ensure effective decision-making.

In the following, we will discuss two approaches to measuring uncertainty in
model predictions: uncertainty quantification [37] and conformal prediction [41].

Uncertainty Quantification. Traditionally, uncertainty is modeled using prob-
ability theory, which has long been considered the primary method for addressing
uncertainty in ML [38]. However, this probabilistic modeling approach, which re-
lies on capturing learning through a single probability distribution, fails to distin-
guish between two fundamentally different sources of uncertainty: aleatoric [39]
and epistemic [40] uncertainty. These two sources of uncertainty are combined to
form the fotal uncertainty associated with predictions.

Aleatoric uncertainty, also known as data uncertainty, arises from the inherent
variability in the data. It represents the natural randomness and noise present in the
observations, which cannot be reduced by collecting more data. For example, the
variability in customer behavior or fluctuations in market conditions contribute to
aleatoric uncertainty [38]. In ML, this type of uncertainty can be modeled by con-
sidering the output distribution given the inputs, often using probabilistic models
or Bayesian neural networks to estimate the confidence in individual predictions.

Epistemic uncertainty, or knowledge uncertainty, stems from a lack of knowl-
edge about the best model to describe the data. This type of uncertainty can be
reduced by gathering more data or improving the modeling techniques [38]. In
business process monitoring, epistemic uncertainty might arise from limited his-
torical data, inadequate feature engineering, or suboptimal model selection. Meth-
ods such as Bayesian approaches, ensemble techniques, and model averaging are
employed to quantify and reduce epistemic uncertainty, thus enhancing the ro-
bustness of predictions.
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Total Uncertainty (TU), composed of aleatoric and epistemic uncertainties,
quantifies the uncertainty associated with predictions, typically using probabilis-
tic models and ensemble techniques. Thus, not all ML algorithms can apply the
total uncertainty estimation procedure. Additionally, total uncertainty in decision-
making problems is often challenging to use and interpret, as it lacks a predefined
confidence level guarantee. Hence, the conformal prediction framework is utilized
to address these limitations.

Conformal Prediction. Conformal Prediction (CP) is a framework that trans-
forms point estimates into prediction intervals for regression tasks or prediction
sets for classification tasks, all based on a user-specified confidence level [41].
One of the key features of CP is that it is model-agnostic, meaning it can be ap-
plied independently of the underlying ML model. The CP framework employs
nonconformity scoring measures along with calibration data to construct sets or
intervals that encompass the true outcome with a defined significance level [130,
120, 121]. This characteristic provides finite-sample guarantees that the predic-
tion set or interval will include the true outcome at the specified confidence level,
in contrast to heuristic methods of uncertainty quantification [119, 126]. The user-
defined significance level, denoted as &, directly influences this confidence level.
A lower significance level correlates with a higher confidence level, which implies
greater certainty about the model’s predictions. For instance, if a user desires a
90% confidence level, they would set & to 0.1. However, higher confidence levels
yield larger prediction intervals or sets to encompass all outcomes.

The operation of a conformal prediction technique involves two main steps.
The first step entails calculating the nonconformity score for each case prefix in
the calibration set using a nonconformity scoring method. This approach is re-
ferred to as inductive conformal prediction [128, 127, 129], which distinguishes
it from transductive conformal prediction [130], the latter of which does not re-
quire a calibration set. For example, in regression tasks, the nonconformity score
could be defined as the absolute difference between the predicted and actual val-
ues within the calibration set, thereby quantifying how unusual a given prediction
is compared to the actual outcome.

The second step involves determining the nonconformity quantile, specifically
the (1 — a)-quantile of the nonconformity scores in the calibration set. This quan-
tile is established based on the predefined confidence level (1 — ) and is uti-
lized to define the prediction interval or set. The nonconformity quantile directly
influences the dimensions or size of the prediction sets and intervals; a higher
confidence level results in larger prediction sets or intervals to accommodate all
possible estimates concerning outcomes or point estimates.

This thesis uses the conformal prediction framework on top of the ML models
to calibrate them. This calibration enables us to make operational decisions based
on estimates with specified confidence levels. By doing so, we enhance the ac-
curacy and reliability of our decision-making processes, particularly in resource
allocation and intervention strategies.
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2.1.3. Deep Learning

Deep Learning (DL), a subset of machine learning, has made significant progress
in recent years, particularly for tasks that involve large and complex datasets. DL
methods such as transformers [322, 323], Long Short-Term Memory networks
(LSTMs) [324, 325], and Graph Neural Networks (GNNs) [326, 327] have proven
effective in modeling intricate temporal patterns, process structures, and heteroge-
neous event log data. While traditional ML methods remain central to this thesis,
understanding DL’s potential and limitations is important for providing context to
the chosen methodologies and guiding future research directions. in PPM.

DL methods, especially in the field of process mining [332], excel in domains
like time-series prediction [325, 328], next activity prediction [329, 330], anomaly
detection [331], and outcome prediction [333] by learning directly from raw data
without requiring extensive manual feature engineering. This ability allows DL
models to outperform traditional ML techniques in tasks that deal with large-scale
datasets containing complex relationships. However, these advantages come with
trade-offs that need to be considered in practical applications.

One of the primary challenges of adopting DL is its requirement for vast
amounts of labeled data and substantial computational resources [334]. Train-
ing DL models often requires large datasets and specialized hardware, such as
GPUs or TPUs, which can be computationally expensive. This makes DL less
suitable for environments with limited data or resources. In the context of this
thesis, traditional ML methods are preferred because they have lower data and
computational requirements.

2.1.4. Reinforcement Learning

Deep RL is a framework for developing decision-making agents that learn op-
timal behavior or policies by interacting with an environment through trial-and-
error [42]. These agents receive rewards as feedback, aiming to maximize their
cumulative reward over time. RL is grounded in the reward hypothesis, which
asserts that all objectives can be framed as maximizing expected cumulative re-
wards.

RL algorithms are broadly classified into model-based and model-free ap-
proaches, differing in handling environmental dynamics and internal model-
ing [43]. Model-based RL algorithms employ explicit environment models to
simulate potential future states and rewards. This method can enhance learning ef-
ficiency and decision-making accuracy, but it also necessitates accurate modeling
of environmental dynamics. In contrast, model-free RL algorithms learn policies
directly from interactions with the environment, relying solely on trial-and-error
learning without explicit environmental modeling.

The application of RL in business process context mostly falls into the model-
free RL algorithms. This is because model-free methods are more straightforward
to implement and can be more robust in complex or stochastic environments,
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although they typically require more interactions to learn effectively. Further,
model-free RL algorithms are classified into value-based and policy-based meth-
ods [158].

Value-based methods focus on estimating the value of different actions or
states, aiming to find the optimal value function that maximizes cumulative re-
ward. Examples include Q-learning [159] and deep Q-networks (DQN) [160].
On the other hand, policy-based methods directly learn the policy, which is a
mapping from states to actions, without explicitly estimating the value function,
e.g., Proximal Policy Optimization (PPO) [161], which is a simpler and more ro-
bust alternative to other policy optimization algorithms like Trust Region Policy
Optimization (TRPO) [162]. PPO aims to improve the stability and reliability of
policy updates in RL.

In the context of developing intervention policies during operational time, our
focus is on policy-based RL algorithms such as PPO, which is considered an
online RL algorithm, a policy optimization algorithm within the model-based cat-
egory. In online RL, agents gather data directly from the environment by inter-
acting with it, accumulating experiences in real time. These experiences are then
used to update the agent’s policy directly or through a replay buffer, enabling
continuous learning and adaptation [44].

In practical applications like business processes, RL enables agents to make
real-time decisions to guide ongoing cases toward a positive outcome. At each
time step t, the agent observes the environment’s state S;,, which represents an
event occurrence in a specific case and encapsulates information about the case’s
current status at a given prefix. Based on this state, the agent selects an action Ay,
forming the state-action pair (S;,A;). As the environment transitions to the next
time step, ¢ + 1, the agent observes the new state S; + 1 and receives a reward R,
based on the action taken from the state S;. Through iterative learning and policy
adjustment, the agent incrementally enhances its decision-making performance,
adapting to varying environmental conditions and improving outcomes over time.

In the context of business processes, The application of RL in process mining
has gained considerable attention in recent years, with a growing body of research
demonstrating its potential to enhance various aspects of business processes [154].
Specifically, model-free RL algorithms (value-based and policy-based) have been
effectively utilized for resource allocation and predictive and prescriptive moni-
toring of business processes.

RL has been applied to resource allocation in business processes to optimize
the assignment of tasks to resources [152, 153]. By dynamically learning from
the ongoing process data, RL-based systems can adjust resource allocation strate-
gies to improve efficiency and productivity. For example, [150] introduced an RL
approach for dynamic task assignment in workflow management, demonstrating
significant improvements in resource utilization and process throughput. Addi-
tionally, the works in [151, 155, 156] addressed resource allocation optimization
in business processes using a Q-learning algorithm, i.e., value-based RL algo-

30



rithm, showing improved cycle time due to allocating resources efficiently.

Additionally, RL algorithms have recently been employed to enhance predic-
tive monitoring by continuously learning from the process environment and im-
proving prediction accuracy over time. For instance, [95] proposed an RL ap-
proach for predicting the next activity and remaining time in business processes
via utilizing two RL agents simultaneously. Another example is provided in [94],
where RL is used to predict the next activity to perform. This approach is ex-
tended in [157] to recommend activities related to decision-making along with
identifying the most efficient path on a process model. These studies primarily
use value-based RL methods, such as Q-Learning and Deep Q-Networks (DQN),
which focus on learning the value function (e.g., Q-values) and derive the policy
indirectly by selecting actions that maximize the value function. However, these
methods can be unstable in large or complex state-action spaces.

2.2. Causal Inference

Causal Inference (CI) techniques go beyond identifying predictive relationships
among variables to determine the independent effect of a phenomenon on an out-
come of interest [25]. In the context of a loan application process, this means not
just predicting whether a loan will be approved based on applicant characteristics
but also understanding which factors causally influence the approval decision and
estimating their effects on the outcome. Traditionally, CI has focused on infer-
ring causation from Randomized Controlled Trials (RCTs). However, the field
has increasingly focused on inference from observational data because RCTs are
usually expensive or difficult to enforce.

There are two general tasks in causal inference: discovery and estimation.
Causal discovery focuses on identifying the causal structure among variables,
often through graphical models or algorithms that infer causation from manu-
ally constructed graphs, if they exist. This involves causal identification, where
the main goal is to identify causal relationships between variables using a causal
graphical model framework [26].

For instance, in [134], the authors present an approach based on time se-
ries analysis to automatically discover cause-effect relations between a range of
process attributes and process performance indicators, such as cycle time. Ad-
ditionally, the work in [135] introduces a systematic approach to discovering
causal dependencies between events encoded in large data, called causality min-
ing. In [136], the authors provide a framework to answer what-if questions about
business processes by utilizing structural causal models to confirm existing cause-
effect assumptions, control confounding, and answer intervention and counterfac-
tual questions. Similarly, the work in [137] develops causal equation models for
processes to identify attributes causing a problem and the effect of an intervention
on any of the features. This work is further extended to include counterfactual
explanations of case-level predictions [138].
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Causal estimation, on the other hand, aims to quantify the effect of one vari-
able (i.e., intervention) on another (i.e., outcome) automatically without relying
on domain knowledge to construct causal graphs. For example, estimating the
effect of an intervention, such as sending a second loan offer, on the loan ap-
plication outcome. This typically involves regression analysis, propensity score
matching, or instrumental variables to estimate causal effects from observational
data, known as the Neyman-Rubin potential outcomes framework [27]. Since the
main goal of this thesis is to develop intervention policies to provide prescriptive
analytics based on event logs, we will focus only on causal estimation from obser-
vational data using the potential outcomes framework to estimate the causal effect
automatically.

2.2.1. Potential Outcomes Framework

The first step in this framework is to identify an intervention or a treatment (T')
that can positively impact the outcome (Y) of business processes. This interven-
tion is an action or activity, such as "send a loan offer" or "reduce monthly in-
terest,”" that, if performed, is expected to affect the outcome. It is captured by a
binary variable T € {0,1}, where T = 1 means the intervention is applied and
T =0 is not. Therefore, each case at different prefixes can be associated with two
potential outcomes: the outcome that would have happened if the intervention
was applied (Y (7 = 1)) and the outcome that would have happened under no in-
tervention (Y (7 = 0)). However, it is worth noting that in any observational data,
such as data representing business process execution history, only one of the two
potential outcomes is observed, and the other is missing. For example, if a case
receives a second loan offer, i.e., T = 1, we observe the outcome with the inter-
vention, but the outcome without the intervention remains unobserved. Therefore,
we can not observe both potential outcomes, which is the fundamental problem of
causal inference [28].

The second step, given an observation data and an identified intervention (7'),
is to estimate the causal (or intervention) effect of the intervention (7)) on the
outcome (Y). Different estimates can represent the intervention effect, including
Individual Treatment Effects (ITE) and Conditional Average Treatment Effects
(CATE).

Definition 2.2.1. Individual Treatment Effect: Let i indicate a business case.
Then, the individual treatment effect (ITE) of a case i is defined as follows:

ITE; =Y (T =1);—Y(T =0); 2.1)

The ITE measures the discrepancy in outcomes for a specific case at a des-
ignated decision point when exposed to the intervention (T=1) versus when not
(T=0), providing insights into the effect of the intervention on individual cases.
Definition 2.2.2. Conditional Average Treatment Effect: Let i indicate a busi-
ness case, and X; be a set of attributes that characterize the case i. Then, the
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Conditional Average Treatment Effect (CATE) of a case i is defined as follows:
CATE; =E[Y(T =1);-Y(T =0); | X] (2.2)

Conversely, The CATE focuses on the average or expected effect of the in-
tervention on a subgroup of cases that share similar characteristics or conditions.
It involves partitioning the dataset into groups based on certain attributes or con-
ditions (X;) and then calculating each group’s average treatment effect, offering
insights into how the intervention’s impact varies across different subpopulations.

Generally, causal (or intervention) effect estimation methods in the poten-
tial outcomes framework can be categorized into two major groups [139]. The
first group includes methods that extend supervised ML algorithms to estimate
causal effects, mostly related to a family of methods known as meta-learners.
These include single-model approach (S-learner) [140], two-model approach
(T-learner) [141], X-learner [142], R-learner [143], Transformed Outcome Ap-
proach [144], and Deep Learning-based Methods [145]. The second group con-
sists of methods specifically designed for estimating causal effects, which can be
classified into four subgroups: Tree-based [146], Support Vector Machine (SVM)-
based [147], Generative deep learning [145], and Ensemble-based methods [148,
149].

This thesis uses an ensemble-based method from the second group to estimate
the causal effect. Most ensemble methods use tree-based methods, which build
binary trees using specially designed splitting criteria to estimate the causal effect,
as base learners. Typically, ensemble-based methods perform better than single
tree-based models; however, ensemble-based methods lose interpretability and
have higher time complexity than tree-based methods [139].

2.2.2. Realcause: Evaluating Causal Estimation Models

Observation data such as historical business process execution do not have ground
truth for the intervention effect due to the fundamental problem of causal infer-
ence. This means that causal estimators cannot be evaluated like supervised ML
models. Therefore, evaluating causal models using simulated or synthetic data
where the true causal effects are known is common practice [29]. However, re-
sults derived from fully synthetic data might not generalize well to real-world
data. To address this, semi-synthetic data can be used, where case attributes come
from real data, but the treatment assignment and outcome are generated from arbi-
trary stochastic functions [30]. However, this procedure still needs more realistic
treatment and outcome mechanisms.

A more realistic approach involves using a generative model to generate re-
alistic synthetic data that is fit to real data, a method known as Realcause [24].
This model is fitted to real data, where case features, interventions, and outcomes
are available. The fitted generative model is then used to sample data to simulate
outcomes under both intervention and no-intervention conditions. This approach
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provides realistic data with the ground truth intervention effect while being statis-
tically indistinguishable from the real data.

Realcause involves training models for intervention assignment given a set of
attributes, i.e., P(T|X), and outcomes given the intervention and case attributes,
i.e.,, P(Y|T,X). A neural network is used to model these mechanisms. The input of
the neural network is X (the set of attributes), and the output is the probability of
receiving the treatment. For the potential outcomes, the neural network structure
follows the one proposed in TARNet [31].

In this setup, all data, regardless of treatment group, are input to the neural
network to obtain a treatment-agnostic representation of the data. The network
then splits into two parts: one for the treatment group, i.e., 7 = 1, and one for the
control group, i.e., 7 = 0. Two more neural networks represent these two parts.
Both take the treatment-agnostic representation as input, but one network uses
only the data from the treatment group, while the other uses data from the control
group. In Realcause, all three networks use the same architecture for simplicity.

The output of this setup is used to parameterize the distribution of the data,
which is assumed to be the Bernoulli distribution. This distribution is sampled
under both treatment and control settings to obtain realistic data with potential
outcomes, i.e., Y(T = 1) and Y(T = 0). This approach allows us to create a
realistic synthetic dataset where the true intervention effects are known, enabling
the evaluation of causal estimation models and causal intervention policies.

2.3. Survival Analysis

Survival analysis is a set of statistical techniques used to analyze time-to-event
data, focusing on measuring the duration from a defined starting point to a specific
endpoint [32]. These techniques are typically applied to collected data over time,
such as historical business process execution, where the time origin and event of
interest must be clearly defined. Also, survival analysis is particularly relevant in
business process management in scenarios where understanding the time-to-event
is important for decision-making. For instance, estimating the time until a loan
application is rejected in loan origination processes can help optimize resource
allocation and prioritize intervention triggers. Here, the time origin could be when
an applicant submits an application, and the endpoint might be the occurrence of
a negative outcome due to canceling the loan offer.

Unlike the traditional remaining time prediction task, which focuses on esti-
mating the time until the completion of an ongoing case regardless of its outcome,
survival analysis specifically targets predicting the time until a negative event oc-
curs, such as a loan rejection. This distinction is important as survival analysis
deals with time-to-event data, where the event of interest (e.g., loan rejection)
may not be observed for all cases. Hence, survival analysis deals with censor-
ing, where some cases may not experience the event by the end of the process
execution, introducing complexities in modeling.
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Survival analysis often uses methods like Kaplan-Meier estimation [33],Cox
proportional hazards [34], or parametric survival models [35]. In contrast, re-
maining time PPM might use regression-based techniques or ML algorithms to
predict continuous time durations. In this thesis, we use the Cox proportional
hazards method, widely used in survival analysis for its flexibility—it does not re-
quire assuming a specific survival distribution [36]. Instead, these models utilize
a hazard function to describe the rate at which events occur for cases that have
not yet experienced the event. This approach allows us to investigate how case
characteristics are associated with the time until an event occurs.

2.4. Process Mining

Process Mining (PM) is a set of data-driven techniques that analyze, monitor, and
discover opportunities to enhance processes’ performance [4]. A typical objective
of performance improvement is to increase the rates of positive outcomes in busi-
ness processes, such as boosting the number of applicants who accept loan offers
in a loan origination process. Unlike traditional performance monitoring dash-
boards, which primarily focus on numerical aggregates of performance measures,
process mining goes into the processes, activities, flows, and decisions to explain
the underlying reasons for observed performance.

2.4.1. Event logs

At the core of any process mining technique is the event log [5] (see example in
Fig. 3), which records the execution history of business processes within modern
organizations. These processes are supported by process-aware information sys-
tems, which track and log their activities. For example, a loan origination process,
also known as the application-to-approval process, a business case starts when a
customer submits a loan application and continues until a decision is made. This
process contains multiple events, activities, and decisions involving various par-
ticipants and resources, eventually leading to an outcome of value for the organi-
zation or its customers, such as the customer accepting the loan offer and signing
the contract with the bank. By leveraging these logs, organizations can optimize
their business processes in a data-driven manner.

An event log consists of a sequence of traces or business cases. Each case
comprises a series of events, and each event is characterized by a set of attributes
(features) reflecting either the control flow and data payload of the process, as
shown in Fig. 2. Both the control flow and data payload can include case (static)
or event (dynamic) attributes. Case attributes are static throughout the case’s
lifetime, whereas event attributes change with each event.

Any event log must contain information about the control flow of the process,
represented by three attributes: (1) activity, the performed action, such as creat-
ing an application or sending an offer; (2) timestamp, indicating when the activity
occurred; and (3) case ID, a unique identifier for each case. These three attributes
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Figure 2. Event log attributes categorization.

collectively form an event. For example, in Fig. 3, event number one has a Case
ID of 1337, the activity "create an application,” and it occurred on April Ist at
1:37 pm. Here, the Case ID is static throughout the case’s lifetime, making it a
case attribute. In contrast, the timestamp and activity are dynamic attributes that
change with each event, making them event attributes. Further, data payload at-
tributes are optional in any event log. Case payload attributes, e.g., the applicant’s
age, remain constant, while event payload attributes, e.g., the resource (i.e., the

process worker executing a specific activity), can vary throughout the case.

Case ID Activity Resources Timestamp Age
1337 A Create Application  |Lucy April 1st 2020 @ 1:37 |25
. PM
(1337 A_Submit Application |Lucy April 1st 2020 @ 1:47 |25
/ M
/’/ 1337 A Review Application |Lucy April 1st 2020 @ 2:10 |25
S,
. PM
el [1338 A Create Application  |[Mark [April 15t 2020 @ 2:15 |30
SO PM
m | [1338 A_Submit_Application [Mark April 1st 2020 @ 2:25 |30
— PM
— 1
— g EEY 'W_Validate_Application |Luigi April 1st 2020 @ 2:35 |25
—_ . PM
DN . ON
EventLog Two ongoing A ‘s\ s 1337 'W_Call Incomplete_Files|Lucy gl;:/lnl 1st 2020 @ 2:55 |25
0y
R EEY O Created Luigi April 1st 2020 @ 3:30 |25
.
N M
%, V1337 O send(Phone) Lucy April 1st 2020 @ 3:53 |25
\ M
1337 A_Pending Mike 25

April 1st 2020 @ 5:00
M

T () o) (O (k)

Figure 3. Example of an event log.

More formally, we assume that events are represented by diverse features (i.e.,

event and case attributes).

Definition 2.4.1. Event: Assume E represents the universe of all possible events,
and Ve € E : e = a,c,t,(my,...,m,) where: a refers to an activity name; c is
a unique identifier of a business case (or case ID); ¢ refers to the timestamp;

my,...,m, represent all other attributes, where n > 0.
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The sequence of events per a given case creates a trace. Formally,
Definition 2.4.2. Trace: Let R be the universe of all traces. For Vo € R, ¢ is a
sequence of events such that o = (ey,...,e,), where all events in ¢ are part of the
same case.

A collection of completed traces, which record the execution of completed
cases, constitutes an event log.
Definition 2.4.3. Event Log: An event log L is a collection of complete business

cases (or traces), such that L = (o1, ...,0,).
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Figure 4. Overview of process mining techniques.

2.4.2. Process Mining Capabilities

Modern organizations use process mining techniques with an event log as an input
to solve various tasks [4]. Examples of process mining techniques include (see
Fig. 4):

* Automated process discovery involves creating a process model that de-
fines how a given process was actually executed, known as an as-is process
model. This model may be used later to compare it to the intended process
structure.

» Conformance checking compares the extracted event log with a process
model to identify where cases deviate from the expected or ideal process.

* Performance analysis determines the reasons for observing a particular per-
formance and how to improve it. For example, it identifies bottlenecks in
the two-week loan processing time and suggests ways to overcome them.

* Variant analysis examines how a specific process is carried out under differ-
ent conditions. For instance, one variant may consist of cases with positive
outcomes, while another may involve cases with negative outcomes. This
type of analysis assists in identifying the reasons for suboptimal perfor-
mance in the process.

37



The abovementioned techniques do not help in monitoring ongoing cases in
run-time (or operational time) to take proactive action, if needed, and avoid nega-
tive outcomes. To address this, two related process mining techniques have been
introduced:

* Predictive process monitoring aims to predict the unfolding of ongoing
cases, including determining whether they will result in a positive or nega-
tive outcome. However, simply predicting negative future outcomes is not
as valuable as being able to influence those negative outcomes positively.
This is where prescriptive process monitoring comes into play.

* Prescriptive process monitoring goes beyond predictions by recommend-
ing actions or interventions to improve specific measures of interest. For
example, it analyzes the potential impact of triggering an action, such as
determining if sending another loan offer to an applicant will increase the
probability of the offer being accepted.

This thesis aims to implement prescriptive process monitoring techniques to
develop intervention-based recommendations to optimize business process per-
formance by increasing the number of cases that result in positive outcomes.

2.5. Predictive Process Monitoring

PPM involves forecasting the future state of ongoing cases in a business process
using incomplete execution traces and historical logs of completed traces. It en-
compasses a range of techniques designed to monitor and predict the outcomes or
progression of ongoing process instances. For example, predictive monitoring can
be used to predict case outcomes (e.g., positive or negative) [10], the remaining
time until a case is completed [18], or the next activity to be performed within the
process [198].

In this thesis, the focus is on predicting case outcomes and remaining time
to support the development of intervention policies, where interventions are trig-
gered in a timely manner to prevent costly negative outcomes.

Within the context of business processes and during operational time, we mon-
itor incomplete (ongoing) cases. The objective at any given time is to estimate
specific measures of interest based on the available prefix of a case, such as the
outcome. To simulate incomplete cases from the completed ones, which may
come with different lengths, we use a prefix function to extract all possible pre-
fixes up to a certain length, k, and the output from this step is a prefix log.
Definition 2.5.1. Prefix function P: Given a complete trace 6 = (ey,..,e,) and a
prefix length k, where 0 < k < n, then P(0,k) = (ey,...,ex)

Given the prefix log, we train ML algorithms on case prefixes to simulate real-
life situations. In practice, during run-time, we receive the first event of a case
and estimate a measure of interest with a prefix length of 1. With each subsequent
event, the prefix length increases (e.g., 2, 3, ..., k), and the task is to estimate the
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measure of interest accordingly. Therefore, the input for any ML technique is
a case prefix up to the length of k, which typically includes attributes (features)
derived from event logs, either originally present or engineered, and can have
various data types, such as categorical or numeric. Hence, we use a sequence
encoding technique to transform prefix attributes into a fixed-size feature vector,
where all case prefixes have the same length, suitable for training ML techniques.

2.5.1. Feature encoding for Predictive Process Monitoring

Feature encoding in PPM is a step that involves transforming the data from process
event logs into a format that ML models can effectively utilize. Since the execu-
tion traces of business processes vary in length, encoding methods are required
to convert these traces into fixed-length vectors, allowing the ML algorithms to
process and learn from them.

Definition 2.5.2. Sequence Encoder enc: Given a prefix P(o,k) = (ey, ..., ), the
sequence encoder enc maps the prefix to a fixed-size feature vector enc(P(0,k)) =
X, where X = (x1,...,x;) is a j-dimensional feature vector containing encoded fea-
tures from the prefix.

Table 1. Sample case extracted from the event log.

Case Attributes Event Attributes

Case ID Age | Activity Timestamp Resources
1337 25 A_Create_Application (1) April 15t 2020 @ 1:37PM  Lucy
1337 25 A_Submit_Application (2) April 15t 2020 @ 1:47 PM  Lucy
1337 25 A_Review_Application (3) April 1st 2020 @ 2:10 PM  Lucy
1337 25 W_Validate_Application (4) April 1st 2020 @ 2:35PM  Luigi
1337 25 W_Call_Incomplete_Files (5) April 1st 2020 @ 2:55PM  Lucy

1337 25 O_Created (6) April 15t 2020 @ 3:30 PM  Luigi
1337 25 O_send(Phone) (7) April 1st 2020 @ 3:53 PM  Lucy
1337 25 A_Pending (8) April 1st 2020 @ 5:00 PM  Mike

Many sequence encoding techniques have been introduced in the literature [10]
to handle static case attributes and dynamic event attributes, which can vary in data
types, such as numeric or categorical. These techniques include static encoding
for case attributes and techniques like last-state, aggregate, index, and combined
encoding for event attributes. Initially, the encoding process involves applying
static encoding to case attributes. Then, a selected technique—such as last-state,
aggregation, index, or combined encoding—is chosen to encode event attributes.
These encoded representations are then combined to form the encoded prefixes.
In Table 1, we extracted business case ID 1337 from the event log shown in Fig. 3
to illustrate these encoding techniques, using a prefix length k = 3 for simplicity.

* Static encoding focuses only on encoding case attributes "as is." It excludes
the Case ID, which acts as a unique identifier and does not contribute addi-
tional information for modeling purposes. It employs one-hot encoding for
categorical data, while numeric data remains unchanged due to its constant
values throughout the case [9].
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* Last-state encoding focuses on encoding event attributes using data from
the most recent event occurrence [14]. This results in a feature vector size
dependent on the number of event attributes. It discards all information
preceding the last event, condensing only the latest event or state informa-
tion. However, this encoding technique can be extended to include the last
m states instead of just the last state, where m = 1. Table 2 illustrates this
technique with a prefix length k = 3.

Table 2. Feature vectors with last-state encoding (k = 3) from Table 1.

Case Attributes Event Attributes

Age Activity_last Timestamp_last Resources_last
25 A_Create_Application (1) 0 Lucy

25 A_Submit_Application (2) 10 Lucy

25 A_Review_Application (3) 23 Lucy

* Aggregate encoding differs from last-state encoding by considering infor-
mation from all events since the beginning, thus avoiding information loss
inherent in the last-state encoding technique. Aggregate encoding employs
various aggregation functions to have a fixed-size feature vector. These
functions typically include minimum, average, maximum, and sum of ob-
served values for numeric data. The count function is commonly used for
categorical data, such as counting the occurrences of activities [15]. Table 3
illustrates this technique with a prefix length k£ = 3.

Table 3. Feature vectors with aggregate encoding (k = 3) from Table 1.

Case Attributes Event Attributes

Age Activity_1  Activity_2  Activity_3 Timestamp_sum Resources_Lucy
25 1 0 0 0 1

25 1 1 0 10 2

25 1 1 1 33 3

* Index encoding complements aggregate encoding by preserving the order of
event occurrences, thus avoiding any information loss. For each executed
event (index), features are generated for each event attribute, including its
order. This encoding technique is lossless, capturing all possible informa-
tion that can enhance the training process of ML algorithms. However, it
results in high-dimensional feature vectors due to the detailed representa-
tion of each event attribute, especially with longer prefixes [16]. Table 4
illustrates this technique with a prefix length & = 3.

Table 4. Feature vectors with index encoding (k = 3) from Table 1.

Case Auributes | Event Attributes

Age [ Activity_1 Timestamp_| _Resources_| _ Activity_2 Timestamp_2 _Resources_2_ Activity_3 Timestamp_3 _ Resources_3

35 [ "A_Create_Application () 0 Lucy A_Submit_Application (2) 10 Lucy A_Review_Application (3) 23 Lucy

* Combined encoding gives the ability to integrate multiple event attribute
encoding techniques. For example, it integrates the last-state and aggregate
encoding techniques to provide a balanced view of both recent and cumu-
lative process behaviors.
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The sequence encoding techniques mentioned above are employed to extract
features from a trace that encode information regarding the actions performed dur-
ing the execution of a trace, the order of these actions, and features related to event
or case attributes. These features capture both the control flow and contextual in-
formation of the process execution.

In recent years, DL-based encoding methods have gained attention for their
ability to learn complex patterns in structured data. Techniques such as sequence
encoding (e.g., using LSTMs) [325], graph encoding (e.g., using GNNs) [189],
and imagery encoding (e.g., transforming event logs into image-like structures for
CNNs) [335] have shown promising results in tasks like next-activity prediction.
However, this thesis focuses on outcome-oriented benchmarking using traditional
ML methods [228], prioritizing simplicity and resource efficiency over the com-
plexity of DL techniques.

Once the trace is encoded into a fixed-length feature vector, this vector is used
as input for training ML models for two main PPM tasks: outcome-oriented and
remaining time, which will be discussed in the following subsections.

2.5.2. Outcome-Oriented Predictive Process Monitoring

An outcome-oriented PPM task focuses on predicting whether a case will end with
a positive or negative outcome, defined by specific business objectives [10]. In a
loan origination process, for instance, a positive outcome is achieved when the
loan application is accepted, the applicant agrees to the terms and signs the con-
tract with the bank. Conversely, a negative outcome may arise if the applicant de-
clines the offer or the bank cancels the application due to incomplete documents.
This binary classification task is central to our thesis, focusing on developing a
probabilistic classification model. This model identifies cases at risk of a negative
outcome by predicting probability scores above a decision threshold. For exam-
ple, a probability score above 0.5 for a negative outcome defines it as a negative
case. Such models are evaluated by comparing model predictions with actual out-
comes from event logs to ensure high accuracy and reliability in decision-making
contexts.

Definition 2.5.3 (Outcome-Oriented Probabilistic Classifier). An outcome-
oriented probabilistic classifier clSoutcome : X1 X - -+ X X, — [0, 1]2 is a function that
takes a p-dimensional encoded sequence of events (Xj,...,X),), corresponding to
the sequence of activities in a business process case, and outputs a probability
distribution over the class labels Y € {0, 1}. The output of the classifier is a pair
of probabilities (po, p1) = clSoutcome (X1, - -, X)), Where:

* Py is the probability that the case will have a negative outcome (¥ = 0),

* P is the probability that the case will have a positive outcome (Y = 1), such
that pop+ p1 = 1.
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2.5.3. Remaining Time Predictive Process Monitoring

Unlike outcome-oriented PPM, remaining time PPM estimates the time remaining
until the completion of an ongoing case [18], regardless of its eventual outcome.
This task helps prioritize cases that need intervention, allowing for timely resource
allocation and effective management. For instance, if two cases are predicted to
have negative outcomes in a loan origination process, but one will end within 5
days and the other within 10 days, it is more appropriate to intervene in the first
case sooner. The predicted remaining time is evaluated against the actual time
observed in the event logs to ensure the model’s reliability and accuracy.

Definition 2.5.4 (Remaining Time Regressor). A remaining time regressor
regime - X1 X --- X X, — R>¢ is a function that takes a p-dimensional encoded
sequence of events (Xi,...,X,), representing the sequence of activities in an ongo-
ing case, and estimates the remaining time » € R>( until the case reaches its con-
clusion. The remaining time regressor outputs a prediction 7 =reg;.(X1,...,X,),
which corresponds to the predicted time left before the case ends.

It is worth noting that traditional PPM techniques primarily focus on maxi-
mizing prediction accuracy, often without addressing the quality or reliability of
these predictions. For example, it can be useful to predict whether ongoing cases
will end with a negative outcome or estimate their completion within a specific
timeframe (e.g., five days). However, the reliability of such predictions depends
on the quality of the underlying data and models. Low-quality predictions can
reduce certainty and lead to poor decision-making. In the context of intervention
policies, triggering actions based on uncertain or unreliable predictions, such as
a probability score of a likely negative outcome, can result in inefficient resource
allocation and suboptimal outcomes. Therefore, the following section discusses
the role of uncertainty in PPM.

2.6. Uncertainty in Predictive Process Monitoring

In this section, we explore the role of uncertainty in the field of PPM, as it is
directly relevant to the focus of this thesis. Recent PPM techniques focus on ob-
taining highly accurate predictions, often ignoring the uncertainty or quality of
these predictions [99, 100, 101, 102, 103, 108, 109, 110, 112, 10, 18]. Account-
ing for uncertainty in predictions is necessary, especially if it is followed with
action. For example, consider a scenario where a case is predicted to end with a
negative outcome with a high probability at an early stage of its execution, leading
a process worker to trigger and execute an intervention. However, if the case was
actually going to end with a positive outcome and the predictive model made an
incorrect prediction, the result would be wasted time, effort, and resources due
to high prediction uncertainty. Therefore, focusing solely on developing highly
accurate PPM techniques without quantifying uncertainty is impractical and can
lead to inefficient resource utilization.
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As discussed in Section 2.1.2 there are two main approaches to account for
uncertainty in predictive models: uncertainty quantification and conformal pre-
diction. We differentiate between these approaches in the following subsections.

2.6.1. Uncertainty Quantification

Uncertainty quantification in PPM can be achieved through Bayesian [122, 123]
or ensemble [124, 125] methods. Ensemble methods are considered more com-
putationally efficient. They often require less time and resources due to their
ability to leverage parallelism and simpler aggregation techniques compared to
Bayesian methods, which involve more complex probabilistic computations [123,
113, 114, 115]. Additionally, ensemble methods offer more reliability for out-
of-distribution data, effectively handling inputs significantly different from the
trained data distribution [113]. However, these uncertainty quantification meth-
ods deliver a heuristic quantification of uncertainty. Thus, they do not give any
confidence level guarantees about model predictions [133, 119, 126] and thus may
not be practical for decision-making.

PPM encompasses three general prediction tasks: outcome-oriented, remain-
ing time, and next activity prediction. Uncertainty quantification in the remaining
time prediction task is explored in [116], where a deep learning approach using
concrete dropout, a variant of Monte Carlo dropout, is introduced to estimate
uncertainty within neural networks. Two works have addressed uncertainty quan-
tification for the next activity prediction task [117, 118]. The first employed the
Monte Carlo dropout method, while the second discussed uncertainty quantifica-
tion using Bayesian networks. This Bayesian approach directly learns the process
topology from event logs, ensuring a transparent and explainable predictive pro-
cess model. Nevertheless, quantifying uncertainty in the task of outcome-oriented
PPM remains an area yet to be explored.

2.6.2. Conformal Prediction

Recently, conformal prediction techniques have gained attention in process min-
ing, particularly in the PPM field. This enhances the reliability and accuracy of
predictions by generating prediction sets or intervals that maintain a specified cov-
erage rate. For instance, in [131], the authors demonstrate how conformal predic-
tion can be integrated into a remaining time prediction task in PPM. By employing
this approach, they produce not only point predictions but also intervals that en-
capsulate the true values, ensuring that a defined proportion of actual values falls
within these intervals. This capability is particularly valuable in PPM, providing
greater confidence in predictions and facilitating more informed decision-making.

The use of conformal prediction to other PPM tasks—such as outcome-
oriented and next-activity prediction—remains largely unexplored. This gap is
especially critical in high-risk applications, where PPM predictions directly in-
form subsequent actions. Enhancing the certainty of these actions is essential
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for effective resource allocation and process management. Furthermore, by in-
tegrating conformal prediction into PPM frameworks, organizations can improve
their ability to navigate uncertainties in process execution, ultimately leading to
enhanced overall performance and more favorable outcomes.

While PPM tasks offer valuable insights, their practical utility is limited if
organizations are unable to influence the predicted outcomes. For instance, know-
ing that an applicant is likely to reject an offer within five days is helpful, but
the predictive insight remains of limited value without the ability to intervene
and change this outcome. The emerging field of prescriptive process monitoring
extends beyond mere prediction to address this limitation. It aims to provide ac-
tionable recommendations and trigger interventions that can positively influence
the course of events and enhance process outcomes. Thus, the focus shifts from
simply predicting future events to actively influencing and improving them.

2.7. Summary

This chapter explored the interdisciplinary background of prescriptive process
monitoring, which integrates concepts from machine learning, static analysis, and
process mining to design effective intervention policies.

We discussed key machine learning concepts, focusing on supervised and rein-
forcement learning techniques. Given their relevance to this thesis, two statistical
frameworks—causal inference and survival analysis—were also presented. The
significance of these methods was highlighted, particularly in their application to
business process tasks. Specifically, supervised machine learning is employed to
predict case outcomes (positive or negative) and estimate the remaining time un-
til completion. Additionally, survival analysis is used to estimate the time until
the occurrence of negative events, causal inference is used to assess the impact of
interventions, and online reinforcement learning is used to optimize intervention
policies adaptively.

We then introduced core process mining concepts, such as events, traces, and
event logs, which are foundational to the following analysis. Various process min-
ing techniques applicable to tactical and operational settings were reviewed, par-
ticularly emphasizing the role of prescriptive process monitoring in these contexts.
Additionally, we explored two key predictive process monitoring tasks: outcome
prediction and remaining time estimation. In this exploration, we highlighted the
importance of uncertainty in these tasks and its significance in developing effec-
tive intervention policies.

This thesis focuses on developing intervention policies that optimize business
process performance, i.e., increasing the number of cases ending with a positive
outcome. Integrating diverse learning techniques, particularly in environments
characterized by resource constraints and uncertainty, ensures timely and effective
interventions, thereby maximizing positive outcomes.
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3. STATE OF THE ART

As discussed in Chapter 2, simply predicting how ongoing cases will unfold has
limited utility without the capability to influence them positively. This is where
prescriptive process monitoring becomes necessary. Unlike predictive process
monitoring, which primarily forecasts future states, prescriptive process monitor-
ing goes further by recommending or prescribing targeted interventions intended
to influence ongoing cases positively [45]. Thus, the focus shifts from passively
foreseeing future states to driving them toward more desirable results.

Based on the literature, this chapter categorizes the field of PrPM according
to three main criteria: optimization objective, intervention type, and policy learn-
ing type. This categorization helps determine the thesis’s scope and drives the
discussion of the state-of-the-art around the key gaps identified in Section 1.1.

3.1. Prescriptive Process Monitoring

Prescriptive process monitoring (PrPM) techniques aim to develop an intervention
policy (IP) that determines whether and when an intervention should be triggered
in a process to optimize specific objectives [45]. Depending on the objective, the
recommended or prescribed intervention varies to meet the desired outcomes. For
instance, if the goal is to optimize resource allocation, the intervention type should
be relevant to resource management. Additionally, how the policy is learned and
updated during operational time is important; it can be based on predefined de-
cision rules or learned automatically. Therefore, we categorize PrPM techniques
according to optimization objective, intervention type, and policy learning.

3.1.1. Optimization Objective

PrPM techniques aim to optimize two main objectives: process outcomes and
performance metrics.

* Process Outcomes: This objective focuses on increasing the number of
cases that end with a positive outcome. Process outcomes are typically
binary, with 1 indicating a positive outcome and O indicating a negative
outcome. The targeted outcome type can vary: (1) Categorical Outcomes:
The objective here is to avoid or mitigate undesired outcomes, such as re-
ducing the occurrence of negative outcomes [61, 341, 46, 59, 47, 48, 49,
50, 51, 52, 53, 54]. (2) Temporal Outcomes: This focuses, for instance,
on meeting deadlines and avoiding violations, ensuring that processes are
completed within the desired time frames [55, 56, 57, 58, 59, 60].

* Performance Metrics: This objective is concerned with optimizing quanti-
tative metrics of process performance. Performance metrics can be either
minimized or maximized, depending on the specific metric. For example,
minimizing cycle time or maximizing compliance. Most studies focus on
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temporal objectives, such as reducing remaining or cycle time [70, 63, 62,
64, 65]. Nevertheless, other metrics have also been studied, including pro-
cessing time [66], customer lifetime value[67], revenue growth [67, 68],
and perceived service quality [69].

This thesis focuses on improving process outcomes where the outcome is cat-
egorical and binary, i.e., positive or negative. While it builds on work such as [61,
59, 46, 54], it differs by emphasizing the development of intervention policies
that not only aim to improve process outcomes but also account for uncertainty
and operate under resource constraints.

3.1.2. Intervention Type

An intervention is an action represented by activities identified in the event log
from historical process executions and designated by domain experts as a poten-
tial means to improve outcomes. For example, in a loan origination process, an
intervention might involve reducing the monthly interest rate to increase the like-
lihood of loan offer acceptance, thereby transforming a negative outcome into a
positive one. Such interventions should effectively change the outcome status;
without them, the outcome would likely remain negative. Additionally, interven-
tions are designed to be executed under specific circumstances within the process,
such as when a case is at risk of concluding negatively. These actions drive the
process toward desired results by influencing critical decision points.

In the literature on PrPM, interventions are categorized into two main types:
discrete and continuous [45].

* Discrete Interventions: These interventions are triggered at specific deci-
sion points, for example, when a negative outcome is expected. Here, PrPM
methods prescribe actions that may or may not be executed to convert a neg-
ative outcome into a positive one. For instance, alarms can be triggered to
indicate when a particular case requires attention, specifying who needs to
intervene. However, the exact nature of the intervention is not predeter-
mined, allowing the process worker to assess the situation and decide on
appropriate actions based on established thresholds [47, 46, 48]. Another
example could involve triggering a specific action, e.g., sending an alter-
native loan offer to an applicant to improve the acceptance rate [85, 61].
Nevertheless, limitations regarding how often alarms or prescribed actions
can be triggered, the availability of resources for immediate action, and the
criteria for defining cases in need of intervention can affect the overall ef-
fectiveness of these approaches.

» Continuous Interventions: In contrast, continuous interventions provide
guidance rather than specific actions. They are activated at each decision
point, recommending the next best activity to achieve specific performance
metrics [60, 71, 72, 73, 69] or suggesting which resources are responsible
for executing particular tasks [63, 56]. These interventions aim to optimize
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outcomes by modifying the sequence or flow of process activities [74, 75].
They may suggest prioritizing critical activities, reducing cycle times, or
ensuring compliance with established rules and regulations. Additionally,
continuous interventions can involve reallocating resources to critical tasks
or high-priority cases to speed up processing or adjusting resource avail-
ability based on demand changes to ensure timely task execution.

This thesis focuses on discrete interventions designed for resource-limited sce-
narios, considering a single intervention type that can be applied only once per
case. Therefore, the decision is whether to execute the intervention, assuming that
no further action will be possible for that case once it is applied. While similar
studies in the literature also use a single type of intervention, they generally as-
sume unlimited resources, enabling multiple interventions per case [341, 59, 46].
In contrast, this thesis addresses resource constraints, ensuring that intervention
policies are aware of practical resource limitations.

3.1.3. Policy Learning Type

The core of a PrPM approach is an intervention policy: a decision-making pro-
cedure that identifies, during process execution, which process instances require
intervention, determines the optimal timing for it, and allocates the appropriate
resource (e.g., a process worker) to carry it out. Thus, the intervention policy is
designed to address three key questions: Who requires intervention? When the
intervention should be triggered? And who should execute it? Hence, at run-
time, it ensures interventions are timely and efficient while considering resource
constraints.

There are two main approaches to learning intervention policies in the litera-
ture: White-Box [46, 47, 70] and Black-Box [341, 59, 164, 164]. Each approach
applies different decision-making strategies for triggering interventions. Next, we
will explore how these learning approaches are used to create intervention poli-
cies.

White-Box Approach. This approach uses a rule-based framework, allowing
process analysts to create transparent and configurable intervention policies. The
"white-box" characteristic refers to the transparency in developing intervention
policies during process execution rather than the underlying techniques used.
It relies on predefined decision rules derived from domain expertise, historical
data analysis, or both. These rules are interpretable, making it easier for process
workers to understand and explain intervention policies. However, rule-based ap-
proaches can be inflexible and often difficult to adapt to dynamic process changes
or unexpected scenarios.

Decision rules use specific estimates, reflecting the current state of cases within
a process, to determine whether and when an intervention should be triggered un-
der certain conditions [45]. These rules can vary based on predictive, similarity,
explainability, or causal estimates. For instance, a predictive-based decision rule
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might involve using an estimate like the probability of a negative outcome. The
condition for triggering an intervention could be triggering an immediate inter-
vention when this probability exceeds a predefined threshold [46, 47].

Similarity-based rules compare the current case with past cases having similar
characteristics or historical patterns [52, 71, 77, 50, 51, 78, 79, 80, 68, 75, 74,
81, 76]. If a current case resembles past cases that ended negatively under similar
conditions, an intervention could be triggered to mitigate risks based on these
similarities.

Explainability-based policies employ methods to increase trust by explaining
why an intervention is recommended given a particular case, enhancing under-
standing and acceptance of the decision [87, 88].

Causality-based rules focus on identifying cause-and-effect relationships
within the process. For example, an intervention might be triggered if certain
actions within the process are likely to lead to a positive outcome [61, 82, 83, 84,
85, 86].

While decision rules based on these estimates ensure interventions are trig-
gered based on quantifiable estimates, their quality varies, leading to uncertainty
in decision-making. Moreover, rule-based approaches often assume unlimited re-
sources for immediate intervention across all cases, which is impractical. There-
fore, optimizing resource allocation becomes important to maximize the impact of
interventions on process outcomes, prioritizing cases based on available resources
and the urgency of intervention needs.

Black-Box Approach. This approach is considered as learning-based or data-
driven, which primarily uses reinforcement learning algorithms [95] to develop
intervention policies during operational time, i.e., online-RL [89]. These ap-
proaches can learn from data and adapt to new process states, making them more
flexible and potentially more effective in dynamic environments. Learning-based
approaches can uncover complex patterns and relationships in the data that rule-
based approaches might miss. However, they often operate as black boxes, pro-
viding less transparency in decision-making, which can be a drawback in contexts
where interpretability is important.

In contrast to rule-based approaches, learning-based approaches do not rely
on predefined decision rules or thresholds for estimates to determine whether and
when to trigger interventions. Instead, an RL agent is provided with information,
such as estimates reflecting the current state of cases, and is required to act accord-
ingly. These estimates could be predictive-based, uncertainty-based, or causality-
based, like rule-based approaches. However, unlike rule-based approaches, the
RL agent discovers the optimal timing and cases for triggering interventions au-
tomatically based on a feedback reward method. The RL agent can choose to
intervene immediately, delay intervention to a later stage in a case’s progression,
or decide that intervention is unnecessary. This adaptive learning process allows
the RL agent to optimize intervention policies dynamically, potentially leading to
more effective decision-making in real-time and dynamic environments.
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Among the different types of RL policies—predictive-based, uncertainty-
based, and causality-based—each provides distinct information to guide the RL
agent in learning effective intervention strategies. Predictive-based policies fo-
cus on outcome prediction, feeding the agent with data on the probability of a
negative outcome for ongoing cases [92, 59, 90]. Uncertainty-based policies sup-
plement this with information on the reliability of these predictions, ensuring in-
terventions are triggered only when predictions are sufficiently certain [59, 93].
Causality-based policies go further by incorporating insights into the effective-
ness of potential interventions, enhancing the agent’s ability to make decisions
that are not only timely but also likely to produce desired outcomes [86, 341].

In all the RL policies discussed, the agent relies on estimates reflecting each
case’s current state. During operation, historical cases are streamed event by event
to the RL agent, providing information about the case history, predictions, uncer-
tainty levels, or causal relationships. However, this approach presents two primary
limitations. Firstly, the RL algorithm updates its policy on a case-by-case basis,
potentially leading to data leakage issues common in business processes where
cases often overlap. Secondly, these policies assume unlimited resources, allow-
ing the RL agent to trigger interventions for multiple cases as needed. In reality,
resources are finite, restricting the agent’s capacity to trigger interventions for ev-
ery case, highlighting a practical challenge in implementation.

Based on the above-mentioned categorization of PrPM by optimization objec-
tives, intervention types, and policy learning, we narrow the problem addressed
in this thesis. Specifically, we focus on improving process outcomes by assuming
that each case resulting in a negative outcome incurs a cost. We aim to minimize
this cost by triggering a single type of discrete intervention at run-time. During
process execution, a process worker may choose whether to trigger the interven-
tion; if implemented, this action reduces the cost associated with the negative
outcome. We explore this problem within the setting of limited resources, where
triggering the intervention also incurs its own associated cost. We examine this in
both white-box and black-box settings. In the following section, we discuss work
related to this problem.

3.2. Uncertainty in Prescriptive Process Monitoring

This thesis addresses the problem of improving process outcomes in scenarios
where the outcome is binary, classified as either positive or negative. Although
several studies have investigated methods for enhancing process outcomes [61,
59, 46, 54], they often ignore the importance of uncertainty awareness and the
constraints imposed by limited resources. These approaches assume unlimited
resources, implying that interventions can be executed without limitations. Con-
sequently, they do not account for the reality of resource constraints, which means
that only a subset of cases can receive interventions at any given time.
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Awareness of uncertainty is necessary for informed decision-making, yet only
two existing studies within the PrPM field explicitly utilize a measure of uncer-
tainty to guide intervention decisions. For instance, the work in [59] assesses the
reliability of outcome predictions through an ensemble of deep learning classifiers
across various process states. Rather than directly quantifying uncertainty, this
method evaluates prediction reliability based on the degree of consensus among
the classifiers. A high level of agreement produces a high-reliability estimate,
while divergence leads to a lower estimate. In conjunction with the predicted
probability of a negative outcome, this reliability metric informs the intervention
policy and determines whether to intervene in a black-box setting.

Additionally, the research presented in [61] utilizes conformal prediction to
develop an intervention policy by providing a reinforcement learning (RL) agent
with a prediction set instead of merely the probability of a negative outcome. This
approach allows the RL agent to implement interventions with greater certainty.
However, this study also operates under the assumption of unbounded resources,
which is impractical in real-world scenarios. Furthermore, the work discussed
in [132] explores the application of conformal prediction for automated decision-
making in goodwill checks within the automotive industry, utilizing a goodwill
dataset from a car manufacturer.

In this thesis, we consider the approaches outlined in [61, 59, 46] as base-
lines, as they address aspects of the problem at hand. However, we adapt these
approaches to operate within limited resources.

3.3. Causality in Prescriptive Process Monitoring

The value of causality in PrPM arises from its ability to estimate the potential
effects of interventions on process outcomes. This estimated effect determines
whether to trigger an intervention in a white-box [70] or black-box [341] context.

PrPM proactively improves future outcomes by leveraging predictive and
causal models to prescribe actionable interventions that optimize processes. For
example, in loan origination, a PrPM system might recommend adjusting loan
terms before a rejection occurs—such as offering a smaller loan amount or flex-
ible repayment options—to increase approval likelihood. This forward-looking
approach prioritizes improving future decisions through targeted interventions.
The emphasis is on guiding future actions and decisions, focusing on what to do
and when to achieve desired outcomes.

Before 2020, the literature on PrPM, as noted in [45], did not explore causal
inference for optimizing process outcomes. However, a recent study in [85] intro-
duced causal inference into process mining by employing association rule mining
to identify potential interventions, addressing another problem, i.e., discovering
potential interventions. They utilized an uplift tree to estimate causal effects. Ad-
ditionally, [70] proposed a PrPM method that leverages causal inference to opti-
mize business processes’ cycle time, focusing on optimizing performance metrics
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rather than process outcomes. Further contributions in [61, 341, 86, 199] also
discuss applying causal inference to optimize process outcomes. Notably, [86]
compared causal inference, including counterfactual explanations, with RL. The
work in [199] discussed the impact of learning causal relationships between ac-
tivities in process monitoring settings.

While causal inference aims to optimize process outcomes by estimating the
effects of potential interventions, counterfactual explanations take a different ap-
proach by retrospectively analyzing past outcomes. Instead of guiding future de-
cisions, they seek to understand how alternative scenarios could have influenced
a given decision [136, 320, 321]. Counterfactuals analyze "what if" situations to
explain how different decisions could have led to different results. For instance,
a counterfactual might reveal, “Had the applicant’s credit score been 20 points
higher, the loan would have been approved,” clarifying why a rejection occurred
and what historical aspects influenced it. The goal here is not to optimize future
outcomes but to understand why something happened and identify the factors that
influenced past decisions.

Despite these advancements, the studies mentioned above do not address the
challenges of triggering interventions under uncertainty and resource constraints,
which can significantly impact decision-making and lead to suboptimal policies,
which we aim to address in this thesis. For example, the works in [86, 199] tackle
different problems, while the work in [61] focuses on estimating causal effects,
which aligns with a subset of the problem discussed in this thesis. Besides, we
consider the work presented in [341] as a baseline for comparison, adapting it to
a resource-constrained environment.

3.4. Reinforcement Learning in Prescriptive Process
Monitoring

RL algorithms have gained significant attention for developing intervention poli-
cies to trigger actions during process execution, aiming to avoid negative out-
comes or improve specific key performance indicators (KPIs). For instance, the
work presented in [164] develops a policy via a Q-learning algorithm that rec-
ommends the next best activity for a target actor to enhance a particular KPI.
Furthermore, the work in [86] compares policies based on causal inference with
those based on RL algorithms, providing a quantitative comparative analysis of
process outcome optimization problems using both approaches.

However, the above RL-based PrPM approaches use value-based algorithms
that focus on learning the value function, deriving the policy indirectly by select-
ing actions that maximize the value function. Such methods need to estimate the
value of each action and thus can struggle with large or continuous action spaces.
Also, it relies on epsilon-greed for exploration strategies, which can be less effi-
cient and may require careful tuning to balance exploration and exploitation [158].
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In other RL PrPM approaches, policy-based algorithms are employed to
learn intervention policies directly. These algorithms incorporate exploration via
stochastic policies, enabling continual exploration of action possibilities to dis-
cover optimal policies. For instance, the work in [59] utilizes the Proximal Policy
Optimization (PPO) [165, 166] algorithm to trigger proactive actions during pro-
cess execution. It determines when to adapt during run-time based on predictions
of outcomes and their reliability. However, this approach does not explicitly define
the interventions to be triggered and does not estimate their effectiveness. Build-
ing on this, subsequent work in [341] extends the policy-based RL approach by
explicitly defining an intervention and integrating its effects into the policy learn-
ing process. In addition, outcome predictions and conformalized prediction sets
are used to guide the agent towards more certain intervention decisions. Thus, we
consider the works in [341] and [59] as baseline comparisons for the approaches
presented in this thesis.

Nevertheless, the RL-based PrPM approaches discussed above do not address
the issue of who will execute the intervention. These approaches assume unlim-
ited resources and the ability to trigger interventions immediately for all cases.
For instance, in a scenario where a customer needs a phone call to offer a dis-
count, the assumption is that a worker will always be available to make the call.
In practice, resources are limited, and neither all cases can be intervened nor many
of them. Addressing these limitations forms a key focus of this thesis.

3.5. Summary

This chapter reviewed state-of-the-art techniques in prescriptive process monitor-
ing (PrPM), organizing them based on three main criteria identified in the litera-
ture: optimization objectives, intervention types, and policy learning approaches.
PrPM techniques were categorized according to their optimization objective, ei-
ther improving process outcomes or enhancing performance metrics. Intervention
types were classified as either discrete or continuous, depending on the nature
of the actions taken to achieve these objectives. Simultaneously, policy learn-
ing approaches were distinguished as either white-box (rule-based) or black-box
(data-driven). This categorization helped to refine the scope of this thesis, which
focuses on optimizing binary and categorical process outcomes using a single type
of discrete intervention.

In line with the scope of this thesis, this chapter highlights two key limitations
in existing work: the assumption of unlimited resources for executing interven-
tions and the lack of consideration for uncertainty in intervention decisions. To
contextualize our contributions, Table 5 provides a comparative summary, distin-
guishing our work from closely related studies within the thesis scope. It com-
pares outcome-oriented PrPM approaches, emphasizing key criteria such as re-
source constraints, policy learning types, intervention importance/urgency, and
uncertainty modeling. While existing works (e.g., [46], [47]) focus on white-box
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or black-box policy learning with limited uncertainty awareness, and others (e.g.,
[341], [86]) incorporate causal effects, none simultaneously address resource lim-
itations or holistically quantify uncertainty across all intervention facets.

Table 5. Comparison of outcome-oriented prescriptive process monitoring approaches.

Approach Capacity Policy Learning Type Intervention Importance Intervention Urgency | Measure of Uncertainty
(Resource Constraint) (White/Black-Box) Need (Outcome Prediction) | Effect (Causal Effect) | Intervention Window | Need | Effect | Urgency
[46] No ‘White-box Yes No No No No No
[47] No White-box Yes No No No No No
[591 No Black-box Yes No No Yes No No
[341] No Black-box Yes Yes No Yes No No
[86] No Black-box No Yes No No No No
Ours Yes Both Yes Yes Yes Yes Yes Yes

This comparison highlights the importance of incorporating critical aspects
such as the importance, urgency, and uncertainty of interventions, which are vi-
tal for developing effective intervention policies. Such policies can address three
core questions: who needs the intervention, when it should be triggered, and who
should execute it. Building on prior research, this thesis advances the field by
incorporating resource constraints, dual policy learning types, and explicit uncer-
tainty modeling, thereby enhancing decision-making in interventions.

The following chapters will present the main contributions of this thesis, intro-
ducing PrPM approaches that integrate uncertainty awareness and resource con-
straints, designed to operate in both white-box and black-box settings, offering
different solutions for optimizing intervention decisions in PrPM.
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4. UNCERTAINTY-AWARE PRESCRIPTIVE
PROCESS MONITORING

This chapter presents an uncertainty-aware prescriptive process monitoring ap-
proach, hereafter referred to as UN-PrPM. The UN-PrPM aims to develop an
intervention policy that identifies which instances (or cases) within a business
process require intervention to enhance process outcomes and maximize a tofal
gain function. This approach establishes a baseline that will be expanded upon in
subsequent chapters.

Like existing PrPM approaches, the UN-PrPM operates under resource-
unaware and resource-unconstrained conditions, where interventions are triggered
as needed for all cases without regard to resource limitations [47, 46]. However,
a notable limitation of current PrPM approaches is their neglect of the inherent
uncertainty in factors influencing the intervention policy, which can result in in-
efficient decision-making. For instance, PrPM techniques often rely solely on
predictive process monitoring predictions to determine which cases require inter-
vention, without considering the uncertainty in these predictions. Accordingly, in
this chapter, we address the following research question: RQ1: How can we de-
velop intervention policies that effectively incorporate uncertainty into decision-
making, ensuring that predictions are reliable and decisions are made confidently
to maximize a total gain function?

To address this question, UN-PrPM introduces a key distinction: it incorpo-
rates uncertainty awareness into the intervention decision-making process, set-
ting it apart from conventional resource-unconstrained PrPM approaches. In UN-
PrPM , the intervention policy is based on estimates from a predictive model;
specifically, it employs a predictive-based policy that triggers interventions based
on these estimates. For instance, similar to previous work by [55, 54], an inter-
vention might be triggered when the probability of a negative outcome exceeds a
predefined threshold (e.g., 0.5). However, UN-PrPM goes a step further by ex-
plicitly defining the intervention policy and integrating prediction uncertainties,
thereby enhancing the reliability of intervention decisions.

To achieve this, we first outline the pipeline for PPM models and provide an
empirical evaluation to assess the performance of various PPM techniques with
different sequence encoding methods. Based on the evaluation results, we identify
the best PPM techniques in terms of machine learning algorithms and sequence
encoding techniques, and we then explore methods for estimating uncertainties
associated with predictions, specifically uncertainty quantification and conformal
prediction. Finally, we discuss how these predictions, along with their uncertain-
ties, are integrated into the operationalization of UN-PrPM.

This chapter covers the PPM pipeline (Section 4.1), PPM evaluations (Sec-
tion 4.2), and uncertainty methods (Section 4.3). It then presents UN-PrPM (Sec-
tion 4.4), its evaluation (Section 4.5), and concludes with a summary (Section 4.6).
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4.1. Predictive Process Monitoring Pipeline

The process mining literature widely discusses the predictive process monitoring
(PPM) pipeline [99, 10, 18]. To ensure this thesis is self-contained, we include a
general overview of the PPM pipeline. The pipeline can be divided into two main
phases: the offline phase and the online phase.

4.1.1. Offline Phase of PPM
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Figure 5. Predictive process monitoring pipeline (offline phase).

The offline phase, shown in Fig 5, involves preparing and training a predictive
model based on completed historical cases. The key components of this phase are
event log preprocessing, prefixes extraction, sequence encoding, and model tuning
and training. The output of the offline phase is a trained predictive model that is
ready for use.

Event log preprocessing. This component helps to ensure accurate predictions
and intervention decisions in predictive and prescriptive tasks. It includes data
cleaning and feature engineering to guide an ML algorithm’s learning process.

The data cleaning step typically includes removing incomplete cases and cor-
recting data types and formatting, as suggested by [10]. Incomplete cases are
those where the final activity, representing the outcome, is not observed. These
cases should be removed from the original log to ensure the historical cases accu-
rately represent actual process execution. At the same time, correcting data types
ensures that all data types are correct and consistently formatted. It includes, for
instance, correcting incorrect timestamps or ages.

In the feature engineering step, we distinguish between two types of features
in process mining: intra-case and inter-case features. Intra-case features repre-
sent individual business cases or are defined for each case in isolation [167]. In
contrast, inter-case features represent concurrent cases executed simultaneously
or computed across all ongoing cases [168]. In this thesis, we enriched event logs
with intra-case and inter-case features to provide ML algorithms with as much
information as possible to ensure accurate predictions, as outlined in [174, 53].

Intra-case features can be temporal or domain-specific, capturing details rel-
evant to each individual case. Temporal intra-case features, as suggested in pre-
vious work [10, 18], may include: "time to the last event," time since case start,"
time since last event," time since midnight," month," "weekday," and "hour." In
addition to these temporal features, domain-specific features can also be included.
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For example, in the loan origination log introduced later in the thesis, we include
features to encode changes in key features such as changes in the number of loan
offers sent to applicants, changes in the monthly interest rate offered to the appli-
cant, and changes in the number of terms of the loan.

Moreover, the study of Inter-case features, which identify relationships be-
tween different cases, has gained notable attention [314]. However, their appli-
cation often remains domain-specific, limiting broader adoption by the research
community. In this context, our work focuses primarily on capturing workload
and demand intensity, according to Little’s Law [169]. For example, Work in
Progress (WIP), the number of active cases, and arrival rate (A), i.e., the number
of cases created per time unit. Consequently, we include features corresponding to
these measures. Additionally, we include features that capture the number of past
events within a specific time window, such as the last hour. These features pro-
vide a broader context of the process environment, allowing the predictive model
to account for the workload, the intensity of demand, and the temporal dynamics
that may influence the outcome of individual cases.

The event log preprocessing component output is a prepared and enriched
event log. This log contains complete cases with features that were either origi-
nally present or manually engineered during the preprocessing phase. These fea-
tures include both intra-case and inter-case attributes, providing a dataset ready
for use in the subsequent stages of the predictive monitoring pipeline.

Prefixes extraction. The prefixes extraction component simulates real-life sit-
uations in PPM. In practice, a predictive monitoring approach aims to make pre-
dictions for ongoing cases instead of completed cases. To simulate this scenario,
we use the prepared and enriched event log to extract all possible prefixes for each
case up to a certain length, k, via a prefix function, i.e. P(0,k) (see Def. 2.5.1). For
example, for a complete trace consisting of a total of 10 events, we can consider
up to 9 prefixes: the incomplete trace after executing the first event, the incom-
plete trace after executing the first and second events, and so on. This method
allows us to capture the dynamic nature of ongoing cases and provides a robust
dataset for training predictive models that can effectively handle real-time data.

However, using all possible prefixes has several drawbacks. Firstly, the large
number of all possible prefixes to be extracted can affect the training process of
predictive models and slow it down. Secondly, if case lengths are extremely dif-
ferent, a potential bias may occur due to the predominance of longer cases. There-
fore, according to the literature, it is common to set the length of possible prefixes
up to a certain maximum, such as the minimum between 20 or the 90th percentile
of positive cases [10, 18, 170, 9]. Positive cases usually represent the process
working as intended and provide a clearer signal for the model, reducing the im-
pact of noise from negative cases. This approach helps maintain a manageable
dataset size, reduce computational overhead, and mitigate bias towards longer
cases, ensuring efficient training of predictive models. Consequently, the prefix
extraction step output is a prefix log containing all case prefixes up to the k length.
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Table 6. Encoding techniques adapted from [10, 18].

Encoding technique

Case abstraction

Categorical

Numeric

Static

All case attributes except
for the Case ID

One-hot

Asis

Last-State

Last event attributes

One-hot

Asis

Aggregate

All events, unordered

Frequencies

Sum, min, max,
mean, std

Index

All events, ordered

One-hot for each index

As is for each index

Sequence encoding. This component transforms each case prefix into a fixed-
size feature vector using a sequence encoder function, i.e., enc(P(0,k)) (see
Def. 2.5.2). This transformation is necessary for training ML algorithms. As
discussed in Section 2.5.1, the literature outlines several sequence encoding tech-
niques, including static encoding for case attributes and methods such as last-
state, aggregate, index, and combined encoding for event attributes.

Table 6 summarizes these encoding techniques. For instance, case attributes
are mapped to encoded features based on their data type. Categorical, such as
"loan type," are encoded using methods like one-hot encoding, while numerical
data types are left as is. For event attributes, and based on an aggregate encoding
technique depends on the data type: categorical data is encoded based on fre-
quency, while numeric data is encoded using aggregate functions such as sum,
min, or max.

In this thesis, we evaluate these encoding techniques to identify which yields
the most accurate predictions. This evaluation is important because effective in-
tervention decisions rely on precise predictions, particularly when resource allo-
cation is limited.

Model tuning and training. The main goal of this component is to train and
tune (or optimize) ML algorithms to predict process outcomes for unseen or on-
going cases. Predicting outcomes for previously seen cases is trivial, as the models
could simply memorize these cases and retrieve the associated outcomes. There-
fore, training and tuning the model to generalize to new, unseen cases is neces-
sary. This ensures that the model can accurately predict outcomes for ongoing
cases rather than memorize past cases.

Tuning ML algorithms involves adjusting various hyperparameters, which are
parameters the analyst sets during the training process to control the model’s com-
plexity. Each ML algorithm has different hyperparameters that need to be op-
timized (see discussion in Section 2.1). This tuning step is important to avoid
overfitting and underfitting. Overfitting occurs when the model is too complex (or
more hyperparameters to be optimized) and captures the noise in the training data,
failing to generalize to new cases. Underfitting occurs when the model is too sim-
ple (or fewer hyperparameters to be optimized) and cannot capture the underlying
patterns in the data. Both overfitting and underfitting lead to low prediction accu-
racy and, thus, incorrect intervention decisions, making model tuning necessary
for developing accurate predictive models.
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A common approach to tuning ML algorithms is n-fold cross-validation [171].
This method involves splitting the logs into training and testing sets. The training
set is then partitioned into n equally sized folds. The model is trained n times,
each time using n — 1 folds for training and the remaining fold for validation.
This process is repeated n times, with each fold serving as the validation set ex-
actly once. The performance metrics are averaged over the n iterations to evaluate
the model’s performance. This approach avoids partitioning data into indepen-
dent subsets, thereby maximizing the number of training cases and enhancing the
model’s performance.

Similarly, it is common to use sequential or adaptive hyperparameter optimiza-
tion techniques to choose the best hyperparameter configurations that result from
the tuning process and use them in the final training for ML algorithms. Sequen-
tial techniques, such as the Tree-structured Parzen Estimator (TPE) [172, 173],
require analysts to specify only the ranges and sampling distribution for each hy-
perparameter. This approach is similar to random search but differs in that se-
quential optimization techniques perform iterative optimization. In each iteration,
a promising hyperparameter configuration is chosen based on previously tried set-
tings.

Once the best hyperparameters are chosen, the training and validation sets are
combined to form a final training set, which is used to train the ML algorithm
with the optimized hyperparameters. The trained model is then evaluated using
the testing set to assess its generalizability to unseen cases. The output from this
tuning and training component is a trained predictive model ready for use during
operation to monitor ongoing cases and predict process outcomes.

4.1.2. Online Phase of PPM

o1 2 o3 & Sequer_n:e Predictive
encoding model

Ongoing case

_______________________________________________________

Figure 6. Predictive process monitoring pipeline (online phase).

In the online phase (Fig. 6), the PPM approach monitors ongoing cases and
makes predictions. The trained predictive model is applied to ongoing cases at
various prefixes. An ongoing case at a given prefix is encoded using a sequence
encoder into a fixed-size feature vector. The trained predictive model then makes
predictions. The output is an outcome prediction (OP), representing the prob-
ability of a negative outcome. For example, in a loan origination process, this
prediction indicates the probability of canceling the loan application or rejecting
the loan offer. If the predicted probability exceeds a certain threshold (e.g., 0.5),
the case at that prefix is classified as negative, necessitating proactive intervention
to prevent a costly negative outcome.
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4.2. Predictive Process Monitoring Evaluation

This section presents comparative analytics for different PPM approaches by vary-
ing sequence encoding techniques and ML algorithms, which are discussed in
Section 2.5. The goal is to select the best combination of sequence encoders and
ML algorithms for predicting ongoing case outcomes that will be used later in a
prescriptive monitoring setting. To structure and guide this evaluation, we subdi-
vide RQ1 into the following sub-research questions:

RQ1.1: How do different PPM approaches compare in terms of prediction
accuracy, and which approach performs the best?

RQ1.2: To what extent do inter-case features influence the performance of
predictive process monitoring approaches?

In the following subsections, we first present the evaluation datasets, then ex-
plain the evaluation strategy, and end with a discussion of the experimental results.

4.2.1. Datasets

The selection of event logs was constrained by the fact that PrPM approaches
require event logs in which: (i) there is a concept of a "case outcome," and the
outcome is recorded for each completed case; (ii) there is an "intervention" (an
action intended to increase the likelihood of a positive outcome) and instances of
this intervention are recorded in the dataset. Accordingly, we restricted the eval-
uation to event logs with the associated description or documentation referencing
a case outcome and an intervention.

This thesis utilizes publicly available real-life event logs', particularly
BPIC2017% and BPIC20123, which represent a loan origination process where
an applicant submits a loan application that undergoes several steps. Initially, the
application is reviewed for completeness by a process worker, such as a loan of-
ficer, who then notifies the applicants about the acceptance of their application.
The process worker proceeds to process the application, prepares a suitable offer,
and sends it to the applicant. The applicant can either accept or decline the offer
directly, triggering the loan officer to prepare another suitable offer.

Table 7. Summary of event logs characteristics

Log # Cases # Events Mean L:a S4t Outcome ln[erYe{ltlon
length activity activity
BPIC2012 12,688 156,962 o [ A-Approved  Positive
' A_Canceled Negative Send_Offer
A_Declined g -
BPIC2017 31,411 1,198,319 38 A_Pending _ Positive
A_Canceled Negative Send_Offer
A_Declined aty -

"https://www.tf-pm.org/resources/xes-standard/about-xes/event-logs
2h‘ctps ://doi.org/10.4121/uuid:5£3067df-f10b-45da-b98b-86ae4c7a310b
3https://data.4tu.nl/articles/dataset/BPI_Challenge_2012/12689204/1
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The outcome of a case is determined by a condition (boolean function) eval-
uated on a completed case, as detailed in Table 7. The process concludes with a
positive outcome if the applicant accepts the bank’s offer and signs the contract.
For instance, in BPIC2017, we label completed cases ending with the activity
"A_Pending" as having a positive outcome. Conversely, the process ends with a
negative outcome if the applicant rejects the loan offer or the bank cancels the ap-
plication due to, for instance, document incompleteness. Thus, completed cases
ending with either "A_Canceled" or "A_Declined" are labeled with a negative
outcome. Both logs exhibit class imbalance, as shown in Fig. 7: BPIC2017 has a
near-balanced ratio (the proportion of majority class cases) of 1.2 (minority class
~ 45% of cases), indicating mild imbalance, while BPIC2012 shows a 4.65 ratio
(minority class ~= 17.7%), reflecting moderate imbalance.

On the other hand, the intervention, i.e., sending another loan offer, is triggered
in a way to affect cases ending with a negative outcome positively. This means that
the intervention can transform negative cases into positive ones only if executed;
otherwise, cases will continue to end with a negative outcome. Reports from
previous analyses of the loan origination process have shown that the number
of cases ending with a positive outcome increases by 10% when receiving more
than one loan offer [175]. Therefore, in this thesis, we choose to use sending
an additional loan offer as the intervention to improve the chances of achieving
a positive outcome. As shown in Fig. 7, in BPIC2017, 71% of the cases are in
the control group (i.e., received only one offer), while 29% receive treatment (i.e.,
received more than one offer). In BPIC2012, the distribution is 64% control and
36% treatment, reflecting a moderate skew.

Event Logs Characteristics Comparison

B BPIC2012

# Trace Attributes BPIC2017

# Event Attributes

Mean Trace Duration (days)

% Cases in Control

% Cases in Treatment

Class Imbalance Ratio

Distinct Activities

Mean Case Length (events)

# Variants

1198.3K

# Events

# Cases

Metric Values (Log Scale)

Figure 7. Event logs characteristics comparison.
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The event logs also exhibit distinct structural and behavioral characteristics, as
shown in Table 7 and Fig. 7, making them well-suited for comparative analysis.
BPIC2017 has 26 distinct activities, slightly more than BPIC2012’s 23, indicating
greater control-flow complexity. However, BPIC2017 cases have a mean trace
duration of 21 days, nearly three times longer than BPIC2012’s 8.3 days, reflect-
ing differences in process execution. Case lengths also vary: BPIC2017 averages
38 events per case, suggesting more granular workflows, while BPIC2012 aver-
ages 12. Further, BPIC2017 provides richer metadata, with 29 event-level and 8
trace-level attributes, compared to BPIC2012’s 15 and 4, enabling more detailed
contextual analysis that would affect the performance of intervention policies. We
also examined the Pareto/non-Pareto distribution of control-flow variants (unique
activity sequences) in both logs. Both exhibit a non-Pareto distribution, meaning
no small subset of variants dominates the process. Specifically, the top 20% of
control-flow variants account for less than 80% of cases, indicating high variabil-
ity in how activities are sequenced.

4.2.2. Experimental setup

This section outlines the evaluation measures used to compare different configu-
rations for predictive monitoring. We also describe the methodology for splitting
the logs to align with the business process context and optimizing the hyperpa-
rameters of the ML algorithms under comparison. All experiments are conducted
using Python 3.10 and the scikit-learn library [176] on a virtual machine with an
Intel Xeon Processor (Skylake, IBRS) @ 2.10 GHz and 64GB of RAM.

We follow a temporal split approach to simulate real-life scenarios where pre-
dictive models are trained on historical cases and then used to monitor and make
predictions for ongoing cases. This involves splitting the event logs into training
(80%) and testing (20%) sets based on timestamps in chronological order. The
first 80% of the cases are used for optimizing ML algorithms’ hyperparameters,
selecting the best hyperparameters, and training the final model. The remaining
20% of the cases are used during operation time to evaluate the performance of
the final model.

Performance Measures. We evaluate and compare PPM approaches using the
AUC as the primary performance metric. The AUC is chosen for its threshold-
independent nature and ability to provide an unbiased measure of model perfor-
mance, especially in highly imbalanced class labels. Additionally, we report the
F1-scores computed at the default threshold of 0.5 to address potential biases aris-
ing from relying on a single metric. The objective is to identify the approach that
achieves the highest AUC, which will be considered the best-performing model
for subsequent prescriptive monitoring settings.

Moreover, we utilize SHAP (SHapley Additive exPlanations) to examine the
impact of inter-case features, e.g., work in progress, the number of past events,
and arrival rate, on the model’s predictions [177]. It explains the contributions of
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various features to the model predictions, indicating how each feature influences
prediction accuracy. This analysis is important for understanding the extent to
which inter-case features affect the accuracy of predictive models, thereby ensur-
ing precise intervention decisions and effective resource allocation.

Sequence Encoders and Classifiers Learning. We experimented with four se-
quence encoders to encode event attributes—last state, aggregate, index, and com-
bined. These encoding techniques are combined with the static encoding tech-
nique to encode static attributes (see discussion in Section 2.5.2). By default,
the static encoding technique is employed first, followed by another technique to
encode event attributes. We refer to this combination by the name of the event
attributes encoding technique; for example, static plus last state is referred to as
the last-state encoding technique, and so on. These encoding techniques have
shown promising results in various predictive monitoring tasks [18, 10, 9, 14, 15].
We aim to compare these techniques to identify the one that produces the highest
accuracy, ensuring reliable predictions for subsequent prescriptive tasks.

Additionally, we experimented with four ML algorithms to train and build
predictive models: Categorical Boosting (CatBoost), Extreme Gradient Boosting
(XGBoost), Light Gradient Boosting Machine (LightGBM), and Random Forest
(RF). Gradient boosted trees and RF algorithms are included due to their supe-
rior performance compared to other classification algorithms in empirical studies
across 165 datasets [178, 179]. RF is relatively simple to implement with min-
imal hyperparameter tuning and balances bias and variance. Also, the RF has
been shown to outperform many other methods (such as decision trees) in both
predictive monitoring [167, 180] and more general empirical investigations [181].

Table 8. Hyperparameters and distributions used in optimization via TPE.

Classifier ~ Hyperparameter Distribution Values
Learning Rate Uniform 0.0<x<1.0
Subsample Uniform 0.05<x<1
CatBoost Max Depth Quantized Uniform 1 <x < 16, step=1
L2 Leaf Reg Log Uniform 1<x<16
Number of Estimators ~ Choice [100, 250,500, 1000]
Learning Rate Uniform 0.0<x<1.0
Max Depth Quantized Uniform 2 < x < 16, step=1
Min Child Weight Quantized Uniform 1 <x <6, step=1
XGBoost Subsample Uniform 05<x<1
Colsample By Tree Uniform 0.5<x<1
Number of Estimators  Choice [100,250, 500, 1000]
Learning Rate Uniform 00<x<1.0
Max Depth Quantized Uniform 2 < x < 16, step=1
. Min Child Weight Quantized Uniform 1 <x < 6, step=1
LightGEM Subsample Uniform 05<x<1
Colsample By Tree Uniform 05<x<1
Number of Estimators Choice [100, 250,500, 1000]
Number of Estimators ~ Choice [100, 250,500, 1000]
Max Depth Quantized Uniform 2 < x < 16, step=1
RF Min Samples Split Quantized Uniform 2 < x <20, step=1
Min Samples Leaf Quantized Uniform 1 <x <16, step=1

Max Features

Choice

lauto, sqrt,log2, None]
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On the other hand, we include gradient boosting algorithms since they have re-
cently gained more attention and demonstrated good results when applied to busi-
ness process event logs [174, 87]. For example, CatBoost is designed to handle
categorical features without extensive preprocessing, such as one-hot encoding,
which can significantly simplify the data preparation process and improve model
performance. However, CatBoost can be computationally intensive and require
more resources and time to train compared to simpler algorithms. Similarly, XG-
Boost and LightGBM are known for their performance and accuracy in various
ML tasks [178], including PPM. However, they can be sensitive to their hyperpa-
rameters and may require careful tuning to achieve optimal performance, which
can be challenging in hyperparameter optimization.

The classification algorithms’ hyperparameters must be tuned to build opti-
mized predictive models. Thus, we optimize the hyperparameters using the Tree-
structured Parzen Estimator (TPE) algorithm for each combination: a dataset, a
sequence encoding technique, and a classification algorithm. For each combina-
tion of hyperparameters (or a configuration), we conduct 3-fold cross-validation.
During this process, the cases in the training set are randomly divided into groups,
ensuring that any two prefixes belonging to the same case remain in the same
group. Finally, we select the best configuration with the highest mean AUC cal-
culated across the three folds. Table 8 shows the values and sampling distribution
for each hyperparameter, which is given as input to the TPE optimizer.

4.2.3. Results

Here, we show comparative results between different combinations of a dataset, a
sequence encoding technique, and a classification algorithm in terms of AUC and
F1-scores with and without the inclusion of inter-case features. Then, we explore
whether inter-case features contribute to model predictions using SHAP.

Table 9 shows the results of AUC and F1-Scores for both logs, with and with-
out the inclusion of inter-case features to address RQ1.1 and RQ1.2. For the
BPIC2012 dataset, the experimental results highlight that CatBoost with index
encoding achieved the highest performance scores regarding the AUC and F1-
score when inter-case features were included. The AUC score for this config-
uration reached 0.8804, notably higher than other methods, demonstrating the
significant benefit of integrating inter-case features for this model. RF, XGBoost,
and LightGBM also performed well, with each classifier showing improved AUC
scores when inter-case features were incorporated. Among these, CatBoost and
XGBoost showed the most consistent and high-performing results across differ-
ent encoding techniques, making them strong candidates for further analysis. The
F1-scores for these models remain relatively stable, indicating that including inter-
case features primarily enhances the model’s ability to distinguish between posi-
tive and negative outcomes without sacrificing precision or recall.
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Table 9. Overall AUC (F1-score)

g . . AUC Score (F1-score)
Dataset Name Classifier Encoding Technique With Inter-case | Without Inter-case
Combined 0.8394 (0.6726) 0.7922 (0.6726)
catboost Last-state 0.8334 (0.6728) 0.7601 (0.6728)
Aggregate 0.7391 (0.5972) 0.7118 (0.5972)
Index 0.8804 (0.6882) 0.8468 (0.6682)
Combined 0.7324 (0.5888) 0.7480 (0.5888)
randomforest Last-state 0.7511 (0.6095) 0.7376 (0.6095)
Aggregate 0.7403 (0.5983) 0.7351 (0.5983)
Index 0.8199 (0.6585) 0.7772 (0.6585)
BPIC2012 Combined 0.8755 (0.6835) 0.7754 (0.6835)
xeboost Last-state 0.7684 (0.6273) 0.7996 (0.6273)
Aggregate 0.7743 (0.6331) 0.8150 (0.6331)
Index 0.8460 (0.6714) 0.8148 (0.6714)
Combined 0.7831 (0.6414) 0.7949 (0.6414)
lightgbm Last-state 0.7989 (0.653) 0.7856 (0.653)
Aggregate 0.8386 (0.6778) 0.7548 (0.6778)
Index 0.8393 (0.6752) 0.8024 (0.6752)
Combined 0.69048 (0.6141) | 0.67052 (0.5141)
catboost Last-state 0.7145 (0.6507) 0.6945 (0.5007)
Aggregate 0.7245 (0.6804) 0.6544 (0.5804)
Index 0.7439 (0.6247) 0.7042 (0.6047)
Combined 0.6645 (0.5515) 0.6045 (0.5017)
randomforest Last-state 0.6718 (0.6533) 0.6644 (0.5511)
Aggregate 0.7056 (0.4908) 0.6901 (0.5503)
Index 0.6345 (0.5009) 0.6042 (0.4009)
BPIC2017 Combined 0.7045 (0.6215) 0.7044 (0.5515)
xgboost Last-state 0.6301 (0.5607) 0.6045 (0.4901)
Aggregate 0.6740 (0.5304) 0.6208 (0.6303)
Index 0.7020 (0.655) 0.6539 (0.607)
Combined 0.72032 (0.6007) | 0.68045 (0.5607)
Jightgbm Last-state 0.6744 (0.501) 0.6534 (0.491)
Aggregate 0.7112 (0.637) 0.6445 (0.507)
Index 0.7125 (0.6088) 0.6536 (0.5588)

The BPIC2017 dataset presented less consistent results. CatBoost with index
encoding again delivered the highest AUC score of 0.7439, indicating the value of
inter-case features in enhancing model performance. However, the overall perfor-
mance metrics were lower compared to BPIC2012, suggesting that the BPIC2017
dataset has more challenges for predictive modeling. RF, XGBoost, and Light-
GBM exhibited varied results, with improvements in AUC when inter-case fea-
tures were included but with less significant changes than seen in BPIC2012. No-
tably, LightGBM and XGBoost also demonstrated improvements in AUC and F1-
Scores with inter-case features, though the impact was not high. The F1-Scores
for BPIC2017 are also generally lower than those for BPIC2012, suggesting that
the classification task for BPIC2017 may be inherently more challenging.

CatBoost with index encoding outperforms other combinations due to the
strengths of the CatBoost algorithm and the advantages of the index encoding
technique. The combination of CatBoost with index encoding consistently per-
formed well across both event logs, showing the highest AUC scores and demon-
strating substantial benefits from including inter-case features. This is due to the
strengths of the CatBoost algorithm and the advantages of the index encoding
technique.
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CatBoost is designed to handle categorical features without extensive prepro-
cessing, preserving the inherent structure and relationships within the data. It also
uses ordered boosting, which processes the data to reduce overfitting, a feature
particularly useful for datasets with high dimensionality, such as event logs. The
index encoding technique captures the position of events within a case, which
is important for predictive tasks where the order of events impacts the outcome.
Thus, it retains the temporal sequence, helping the model learn patterns over time.

Accordingly, based on our findings, we decided to use CatBoost with index en-
coding to develop predictive models for intervention policies that rely on outcome
predictions, i.e., triggering interventions when the outcome prediction exceeds a
certain threshold.
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Figure 8. An overview of which features are most important for a predictive model.

To further understand the contribution of inter-case features to the model’s
predictions, we conducted a SHAP analysis, as shown in Fig. 8. The x-axis rep-
resents SHAP values, which indicate the impact of each feature on the model’s
output. Positive SHAP values push the prediction towards a positive outcome
(higher prediction), while negative SHAP values push it towards a negative out-
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come (lower prediction). The y-axis lists the features that most influence model
predictions, sorted from top to bottom. The analysis shows that inter-case fea-
tures, such as the number of ongoing cases (WIP), arrival rate, and the number
of past events, influence the model’s predictions. For instance, WIP has a wide
spread of SHAP values, indicating its significant positive and negative impacts on
the model’s predictions. Additionally, temporal features such as the day of the
month and domain-dependent features like the total number of offers sent to the
applicant also significantly impact predictions.

The above results emphasize the importance of integrating inter-case features,
reinforcing the decision to use CatBoost with index encoding to develop accurate
predictive models. These models generate accurate outcome predictions, i.e., the
probability of a negative outcome. These outcome predictions are used to de-
velop an intervention policy that triggers interventions when they exceed a certain
threshold. However, the quality of these outcome prediction scores may inher-
ently come with a particular level of uncertainty that affects intervention deci-
sions, potentially leading to non-optimal intervention policies. Accordingly, in
the following section, we describe how to estimate uncertainties associated with
predictive model predictions.

4.3. Uncertainty Estimation

Developing intervention policies based only on low-quality outcome prediction
scores can be misleading. For instance, consider a predictive model that assigns
a probability of 0.7 to a case, indicating it is more likely to end with a negative
outcome. An intervention policy based only on that prediction would trigger an
intervention to prevent the negative outcome. However, if that prediction score
comes with a high level of uncertainty, it could lead to incorrect intervention
decisions, wasting limited resources. Therefore, integrating outcome prediction
scores with a measure of the associated uncertainty is necessary for developing an
uncertainty-aware PrPM approach, referred to as UN-PrPM.

In this thesis, we use two methods to measure the level of uncertainty: uncer-
tainty quantification and conformal prediction, as discussed in Section 2.1.2.

4.3.1. Uncertainty quantification

In this thesis, we follow the approach provided by [37] to quantify the total uncer-
tainty associated with outcome prediction. This involves constructing a predictive
model using ensemble learning, as depicted in Fig. 9. The primary principle of en-
semble learning is to build one strong predictive model from multiple weak mod-
els. This approach ensures the improvement of overall prediction performance,
reduces the risk of overfitting, and avoids local minima. Hence, ensemble learn-
ing has two purposes. First, it ensures accurate prediction of the probability of a
negative outcome, i.e., outcome prediction (OP). Second, it provides a means to
estimate the total uncertainty (TU) associated with this prediction.
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Figure 9. An overview of the ensemble predictive model to obtain outcome (OP) predic-
tions and quantify the total uncertainty (TU).

A single classifier in the ensemble is a probabilistic model that takes a feature
vector as input and outputs the outcome prediction, i.e., the probability of a neg-
ative outcome. In the ensemble, we have multiple classifiers, ranging from 1 to
mmm, where mmm is the number of classifiers. The outcome prediction from the
ensemble is determined by aggregating scores derived from an ensemble of pre-
dictions, as shown in Eq. 4.1. Considering a single classifier from the ensemble,
Y; represents the outcome of a case i, where Y; is binary (0 for negative outcome,
1 for positive outcome). Hence, OP, is the aggregated outcome prediction for
the case i from the ensemble model. This aggregation allows us to capture the
variability of different classifiers and quantify the total uncertainty of the OP.

I, P(Y,=0)

m

oP, = (4.1)

The total uncertainty (TU) is quantified based on the entropy (H), i.e., describ-
ing the average level of surprise or uncertainty inherent in the possible outcome of
the aggregated outcome prediction from the ensemble, see Eq. 4.2. The TU is a
value within the range of 0 to 1, where values closer to 0 indicate higher certainty
in the outcome prediction, while values closer to 1 signify greater uncertainty.

TU; = H(OP,) 4.2)

To exemplify the estimation of total uncertainty (TU), consider the following
scenarios: (1) If we give input that all classifiers understand and yield similar
outcome prediction scores, classifiers are confident about their prediction scores,
resulting in minimal total uncertainty. (2) If we show input that all classifiers
understand and generate identical predictions but a high entropy distribution over
outcomes, classifiers are uncertain with high data uncertainty. (3) If we present the
ensemble with inputs that none of the classifiers understand, all classifiers yield
different outcome prediction scores because the input is far from the training data.
Consequently, the ensemble is highly diverse and has high entropy, indicating
high knowledge uncertainty as we average various probability distributions.
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Integrating both outcome prediction (OP) and total uncertainty (TU) guides
triggering interventions at different decision points, providing information about
the need for intervention. For instance, when the predictive model indicates a high
probability of a negative outcome for a case but with high uncertainty, the deci-
sion might be against triggering the intervention for that particular case, thereby
preserving resources and efforts. Instead, intervention could be triggered in an-
other case where the predicted outcome carries a higher level of certainty. Thus,
considering TU introduces varying degrees of importance among different cases,
allowing for more informed intervention decisions.

4.3.2. Conformal Prediction

Conformal prediction is a framework that converts point estimates from any un-
derlying predictive model, i.e., model-agnostic, into a prediction set for classifi-
cation tasks or a prediction interval for regression tasks. Conformal prediction
provides a rigorous way to estimate uncertainty, ensuring that the exact point esti-
mate is contained within the prediction interval or set with a specified confidence
level (1 — ), thereby enhancing the reliability of intervention decisions. This is
in contrast to total uncertainty estimation, which is based on a heuristic method
to quantify uncertainty without providing any confidence level or guarantee of
coverage. By having theoretical guarantees, conformal prediction adds more con-
fidence in decision-making processes.

,---» Pointprediction | ,~—~ =T TT=T T T=o====== N ° L.
' h E/' Prediction set
Predictive 5 : Non-conformity Non-conformity
model | scoring quantile .
|
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" ‘ Conformal prediction (Calibration phase) ‘ I Prediction interval
/

Figure 10. An overview of the conformal prediction framework.

Conformal prediction is considered a post-processing step and is performed
during a calibration phase, as shown in Fig. 10, to convert outcome prediction
(the point estimate: OP) into a conformalized outcome prediction (the prediction
set: COP). Following calibration, we append the letter "C" to signify conformal-
ized estimates. The COP set is shown in Eq. 4.3, where (¥;, p;) represents each
prediction for a given case i, with ¥; being the predicted outcome and p; the as-
sociated confidence level. Y; denotes the set of possible outcomes, e.g., ¥; = 0 for
the negative outcome, and « is the significance level controlling the error rate.

COP,={(Y,pi) | Vi €Ys,p; > 1 —a} (4.3)
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This COP set can take four different forms in binary classification settings:

* (a) - {0,1}: The set includes both outcomes, indicating high uncertainty
about the prediction.

e (b) - {0}: The set includes only the negative outcome, indicating certainty
in predicting a negative outcome.

* (c) - {1}: The set includes only the positive outcome, indicating certainty
in predicting a positive outcome.

e (d) - {}: The set is empty, indicating extreme uncertainty where no outcome
meets the desired confidence level.

In prescriptive monitoring settings, the prediction set’s most important form is
the one with only the negative outcome, i.e., {O}. This is because the goal is to
trigger interventions for cases we confidently know are more likely to end with
a negative outcome. Cases with the prediction sets {0,1} or {} indicate higher
uncertainty. By focusing on cases where the prediction set is {0}, we can priori-
tize interventions for those cases with high confidence in their negative outcome,
thereby optimizing intervention decisions. Thus, The COP, as previously dis-
cussed, can take four forms, but for simplicity, it is encoded as either 0 or 1. A
value of 1 represents a high need for intervening when the COP set includes only
the negative outcome (COP = {0}), while a value of 0 reflects uncertainty about
the negative outcome, indicating less need and representing the other three forms
of the COP. For example, if the COP set contains only the negative outcome
prediction (Y = 0), i.e., COP = {0}, the need is 1; otherwise, it is 0.

To construct the COP, assuming we have a predictive model and a calibration
set independent of the training set, we first use the predictive model to gener-
ate outcome predictions for each instance of the calibration set. Then, a non-
conformity scoring method generates non-conformal scores, such as one minus
the outcome prediction of the true class. Higher non-conformity scores indicate
higher uncertainty, meaning the instance in the calibration set does not conform
to the training instances. Given the generated scores for each instance of the cal-
ibration set, a non-conformity quantile is defined as an empirical quantile of the
non-conformity scores. Finally, given an unseen case, the COP is constructed as
shown in Eq. 4.3, and it is guaranteed to contain the true outcome with probability
1 — « even if the underlying model is not accurate, as demonstrated in [182].

4.4. Prescriptive Process Monitoring Under Uncertainty

This section proposes an uncertainty-aware prescriptive process monitoring ap-
proach, UN-PrPM, as depicted in Fig. 11. This approach develops an interven-
tion policy that triggers interventions for cases more likely to end with a negative
outcome, incorporating confidence measures to enhance decision-making accu-
racy. We hypothesize that adding uncertainty measures makes the intervention
policy more conservative, while achieving good performance by accurately target-
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ing negative cases that benefit from the intervention. This contrasts with policies
that rely solely on estimates with potentially high levels of inherent uncertainty.
Therefore, the UN-PrPM approach integrates a predictive model with a method
to measure the uncertainty associated with model predictions.

In this context, we assume that each case ending with a negative outcome in-
curs a cost, while each case ending with a positive outcome yields a gain. The
objective is to maximize the number of cases that end with a positive outcome,
thereby increasing the positive outcome gain and minimizing the negative out-
come cost. This is achieved through triggering real-time interventions.

Accordingly, ongoing cases are continuously monitored during process oper-
ation, and decisions are made regarding whether to trigger an intervention. The
intervention aims to reduce the cost associated with negative outcomes. How-
ever, it is important to recognize that while interventions may be beneficial, they
also incur an associated cost, known as the cost of intervention. Therefore, the
challenge is balancing the cost of the intervention with the cost of the negative
outcome, ensuring that interventions are only triggered when needed, which is
necessary for maximizing the total gain function.
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Figure 11. An overview of the uncertainty-aware prescriptive process monitoring ap-
proach (UN-PrPM).

The UN-PrPM develops an intervention policy that relies on predictive and
uncertainty measures and consists of three: training, calibration, and testing or
operational, as depicted in Fig. 11. Since the training and calibration phases are
detailed in Sections 4.1 and 4.3, we will briefly describe their objectives to make
the approach self-contained and focus more on the testing or operational phase.
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4.4.1. Training and Calibration phases

The training and calibration phases aim to build an uncertainty-aware predictive
model that provides estimates to determine which cases are suitable or in need of
intervention. This is done by preparing and encoding event logs—and then train-
ing and tuning a predictive model. The trained predictive model aims to estimate
the probability of a negative outcome for each case prefix, i.e., outcome prediction
(OP). Additionally, this model quantifies the fotal uncertainty (TU), which arises
either from the model’s lack of knowledge or from the noise within the data itself.
This model is then stacked with a conformal prediction method during the cali-
bration phase to generate conformalized outcome prediction (COP). The COP is
a prediction set that contains the true outcome with a predefined confidence level.
We decided not to implement the calibration step for the 7U measure because TU
already quantifies prediction uncertainty. However, the 7U score could still give
more information than the boolean information from the conformal prediction set.
Thus, introducing an additional layer of uncertainty measurement, especially with
the probability of a negative outcome, would enhance the intervention policy.
The combined OP, TU, and COP estimates are used to develop the interven-
tion policy at the testing phase to maximize a total gain function while considering
the cost associated with the intervention. By integrating predictive and uncertainty
estimates, the UN-PrPM approach ensures that interventions are triggered only
when necessary and with high confidence. However, it still does not consider the
limited resources to execute the intervention addressed in the next chapters.

4.4.2. Testing Phase

In the testing phase, we operationalize the UN-PrPM approach. This phase lever-
ages the estimates obtained from the training and calibration phases, i.e., OP,TU,
and COP, to make real-time intervention decisions. During this phase, ongoing
cases are continuously monitored to determine whether an intervention should be
triggered based on the combined values of OP, TU, and COP. Here, we assume
that cases arrive in a continuous stream, and we use a prefix collator to accumulate
sequences of events. This process results in one or multiple ongoing cases at any
given time, for which we must decide the necessity of triggering intervention.

To effectively manage this decision-making process, we propose an interven-
tion policy formulated as a filtering policy. This filtering policy determines the
suitability of applying an intervention to a given ongoing case. The filtering
function, therefore, is a Boolean function that maps a case to either "suitable"
or "not suitable" for intervention based on predefined decision rules. These deci-
sion rules, typically involving parameters and operators, are constructed based on
the OP, TU, and COP estimates from the training and calibration phases. These
decision rules filter ongoing cases into those eligible for interventions. In other
words, the filtering policy eliminates cases that do not fulfill the decision rule.
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A decision rule in a structured representation adheres to the following format:
If a specific estimate satisfies a given condition (using an operator and a speci-
fied parameter threshold value), then the action is to include the case in the pool
of suitable cases for intervention. For instance, a decision rule based solely on
predictive estimates could be formulated as follows: If the outcome prediction
(probability of a negative outcome) is greater than or equal to 0.5 (the threshold
value), then the case is considered more likely to result in a negative outcome,
and, accordingly, the intervention is triggered.

The UN-PrPM approach empowers business analysts with configurable inter-
vention policies to maximize a total gain function. For instance, a business analyst
aiming to trigger interventions for cases more likely to end in a negative outcome,
with a specified confidence level of 80%, can set up the following decision rule:
IF the outcome prediction (OP) is greater than 0.5 and the prediction set contains
only the negative outcome with a significance level of @ = 0.2, then the case is
considered suitable for intervention. This customizable approach enables analysts
to align intervention policy criteria precisely with their organizational needs.

Accordingly, decision rules may have one or more parameters with corre-
sponding threshold values. These threshold values are not determined beforehand
and need to be optimized to achieve maximal total gain. One way to address this is
to employ empirical thresholding, where different threshold values are tested, and
the one that maximizes total gain is selected rather than relying on a random fixed
value. This optimization ensures that cases are accurately targeted, increasing the
number of cases ending with a positive outcome.

Once ongoing cases are defined as suitable for intervention, actions are trig-
gered to transform cases likely to end in a negative outcome into a positive one.
For example, in a loan origination process, a business case receives a loan offer
and is estimated to be more likely to end with a negative outcome. Hence, another
loan offer is prepared and sent to convince the case to accept it in a way that makes
that case end with a positive outcome.

However, it is important to note that triggering interventions, while potentially
beneficial and capable of achieving positive outcome gains, incur costs known as
the cost of intervention. For instance, preparing and sending an additional loan
offer involves administrative and processing costs in the loan origination process.
These costs must be weighed against the potential gain from the positive outcome
to ensure that the intervention is cost-effective.

4.5. Prescriptive Process Monitoring Evaluation

This section evaluates the UN-PrPM approach, which aims to develop an in-
tervention policy (IP) that determines which cases need intervention and when
to trigger it to maximize a performance measure, specifically total gain. The
evaluation is conducted both with and without empirically optimizing the poli-
cies’ parameter thresholds and by varying the ratio between the intervention costs
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and positive outcome gain. Thus, we further divide RQ1 into another three sub-
research questions as follows:

RQ1.3: To what extent does empirical thresholding optimization impact the
effectiveness of an intervention policy in terms of total gain?

RQ1.4: How does varying the ratio between intervention costs and positive
outcome gain affect the total gain of an intervention policy?

RQ1.5: How does the success rate of interventions differ between policies that
incorporate uncertainty measures and those that do not?

4.5.1. Datasets

We employed two publicly available datasets, namely BPIC2012 and BPIC2017,
which have been previously utilized in evaluating predictive monitoring ap-
proaches as discussed in Section 4.2.1. These datasets represent loan origination
processes and have varying characteristics, as detailed in Table 7 and Fig. 7. They
provide a clear notion of case outcomes and interventions that can positively im-
pact these outcomes.

In this context, the outcome of each case is whether the loan application ends
successfully or not, determined by a specific condition (boolean function) evalu-
ated on a completed case. Outcomes are defined based on each case’s last activity.
If the last activity indicates a negative outcome, the intervention is considered to
be sending another loan offer to the applicant.

The intervention is identified by the "Send_Offer" activity. This intervention
aims to enhance the possibility of the applicant accepting a loan offer by making
an additional offer. We count the number of offers sent to cases (or applicants),
categorizing cases that receive only one offer into the control group (T=0) and
cases that receive more than one offer into the treatment group (T=1). This cate-
gorization enables the evaluation of the impact of interventions on case outcomes.

4.5.2. Experimental setup

In our experimental setup, we used Python version 3.10. We employed a temporal
split approach, where cases are sorted chronologically by their timestamps, to
divide each log into three subsets: training (50%), validation (D,,;: 25%), and
testing (Dy.s: 25%). Additionally, we performed a further split within the training
set to create a calibration set, resulting in the following splits: training set (Dy,qin:
40%) and calibration set (D.4: 10%).

The training set is used to train a predictive model, while the calibration set is
utilized to obtain conformalized estimates with a guaranteed confidence level for
outcome predictions. The validation and testing sets are used during the testing
phase to operationalize the UN-PrPM approach and to learn the intervention pol-
icy. Each subset is composed of (X, T;,Y;), where X; is a feature vector describing
encoded inter-case and intra-case features by the index encoding technique, 7; is
an intervention that positively impacts the outcome Y;.
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The predictive model is trained using a probabilistic ensemble learning tech-
nique [37]. This model estimates the total uncertainty (7U) in the predictions of
a gradient-boosting classification model, specifically CatBoost [22], which pro-
vides the outcome prediction (OP), i.e., the probability of a negative outcome. To
convert OP into a conformalized outcome prediction (COP), we follow the in-
ductive conformal prediction approach using a Python package known as ACPI*.
This package derives COP, which converts point estimates into prediction sets
that contain the actual outcome with a predefined confidence level.

We operationalized the UN-PrPM approach to derive three intervention poli-
cies that differ based on the structure of decision rules used in the filtering step, as
follows:

e IP1 (Predictive only): The decision rule relies solely on outcome predic-
tion estimates. Ongoing cases are filtered into those needing intervention
when the OP exceeds a certain threshold (top). The default Top is set at
0.5, similar to binary classification tasks, but can vary between 0.1 and 0.9.
This policy is a baseline referenced from the literature introduced in [46].

* IP2 (Predictive plus conformal): This policy extends IP1 by incorporating
both the OP and the COP to filter ongoing cases. Interventions are triggered
when OP > 0.5 and the COP = 1, which indicates that the prediction set
contains only the negative outcome, i.e., COP = {0}. The confidence level
(Tcop) influences the constructed prediction set, with a default value set at
0.9, indicating high confidence. However, Tcop can vary from 0.1 to 0.9.
Lower confidence levels indicate higher ¢ and vice versa.

* IP3 (Predictive plus conformal plus total uncertainty): This policy inte-
grates OP, COP, and TU measures to provide a stricter intervention policy.
Cases are filtered based on three conditions: OP > 0.5, COP =1, and TU
is less than an uncertainty threshold (77y). The default 7y value is set at
0.5, indicating an average level of uncertainty, and can vary between 0 (low
uncertainty) and 1 (high uncertainty).

In our experiments, we use the validation set (D,;) to empirically optimize the
corresponding thresholds for each policy to maximize a total gain function. For
IP1, we vary the Tpp value between 0.3 and 0.9 to distinguish between relaxed and
strict policies. For IP2, we optimize both Tgp and Tcop to find the best confidence
level and outcome prediction values that yield the maximum total gain on the
validation set. Similarly, for IP3, in addition to optimizing Tpp and Tcop, We
optimize Try, setting the range between 0.1 and 0.9. We use the TPE algorithm,
conducting 50 trials to find the optimal threshold values for each policy.

Performance Measures. An intervention policy, e.g., IP1, IP2, and IP3, aims
to target cases where, without intervention, the outcome is negative, but with in-
tervention, the outcome becomes positive. We refer to such cases as persuadable
cases, as illustrated in Fig. 12. In other words, these are cases where Y (7 =0) =0

‘https://github.com/salimamoukou/ACPI
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and Y(T = 1) = 1. Hence, it is necessary to avoid other situations where cases
belong to the "do not disturb," "sure thing," or "lost causes" groups.

:S © |Do Not Disturb]| Lost Cause
AY =0 AY =0

— | = | Sure Thing Persuadable
AY =0 AY =1

1 0

Figure 12. Grouping of cases based on intervention outcomes

We incorporate this change in outcome (AY) into the goodness measure of
intervention policies, i.e., the fotal gain. The AY can have two possible values,
zero or one. It takes the value of one when the outcome without intervention is
negative and becomes positive with the intervention; otherwise, it takes the value
of zero. Additionally, the total gain function considers two other parameters: the
gain of having a positive outcome (Gain) and the intervention cost (Cj,), since
triggering interventions could be beneficial but at the same time incurs a cost, as
shown in Eq. 4.4. Hence, to explore the impact of different intervention costs, we
experiment with varying the ratio of intervention cost to positive outcome gain,
such as 100%, 90%, down to 10%.

TotalGain = (AY * Gain) — Cyy, (4.4)

AY — 1 fY(T=0)=0andY(T=1)=1
)0 otherwise

The total gain function assumes knowledge of both outcomes (with and with-
out intervention) for each case. However, real-life event logs provide information
on only one of the two possible outcomes per case: (1) If an intervention oc-
curred, the outcome given the intervention is known, but the outcome without
the intervention is unknown; and (2) If an intervention did not occur, the outcome
given no intervention is known, but the outcome with intervention is unknown. In-
spired by [1], we employ an alternative outcome estimator called RealCause [30]
to address this information gap. This estimator is utilized when only one possible
outcome is known per sample (i.e., either the outcome given an intervention oc-
curred or the outcome given no intervention). RealCause estimates the alternative
outcome by assuming that case outcomes follow a binary or Bernoulli distribution.
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4.5.3. Results

This section compares intervention policies developed using the UN-PrPM ap-
proach, specifically IP1, IP2, and IP3. The evaluation focuses on the total gain
function while varying the ratio of intervention cost to positive outcome gain. We
also assess the impact of empirical thresholding on parameter optimization for
each policy’s effectiveness.

Figures 13 and 14 illustrate the performance of different policies under various
cost-to-gain ratios, addressing RQ1.4, and the effect of empirical thresholding,
addressing RQ1.3, on total gain for the BPIC2012 and BPIC2017 event logs, re-
spectively. The results are categorized into three distinct groups based on the ratio
of intervention cost to positive outcome gain:
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Figure 13. Effect of empirical thresholding and Performance of different policies under
various cost-to-gain ratios for the BPIC2012 event log.

* High Intervention Cost Relative to Positive Outcome Gain (C;, > 70%):
In this scenario, none of the policies (IP1, IP2, or IP3) achieve a positive
total gain, regardless of whether empirical thresholding is applied. This
indicates that achieving a positive total gain in settings with high interven-
tion costs is challenging and requires highly accurate intervention decisions.
Policies incorporating conformal and uncertainty estimates (IP2 and IP3)
tend to incur fewer negative losses or result in zero gain than pure predictive
policy (IP1). This suggests that integrating uncertainty measures makes in-
tervention policies more conservative, reducing negative losses or zero gain
in the best case. However, empirical thresholding helps to decrease nega-
tive losses, demonstrating an improvement over policies without empirical
thresholding.
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¢ Moderate Intervention Cost Relative to Positive Outcome Gain (40% >
Cin < 60%): Here, the intervention cost is roughly half of the positive out-
come gain, creating a balanced ratio. As a result, the benefits of correctly
targeting interventions are comparable to the costs of making incorrect de-
cisions. This situation is somewhat analogous to random guessing, where
achieving high performance depends on the accuracy of the guesses. For
instance, IP1 performs better under these conditions as it does not incor-
porate additional constraints. Conversely, when conformal and uncertainty
measures are integrated (as in IP2 and IP3), the intervention decisions are
restricted, potentially leading to missed opportunities for achieving higher
total gains. Moreover, policies that do not utilize empirical thresholding
generally outperform those that incorporate empirical thresholding in this
balanced cost-to-gain scenario.

Dataset: BPIC2017
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Figure 14. Effect of empirical thresholding and Performance of different policies under
various cost-to-gain ratios for the BPIC2017 event log.

* Low Intervention Cost Relative to Positive Outcome Gain (C;, < 30%):
In this case, the intervention cost is relatively low compared to the positive
outcome gain. As a result, policies incorporating conformal and uncer-
tainty estimates (IP2 and IP3) achieve performance comparable to that of
purely predictive estimates (IP1) when empirical thresholding is applied.
However, without empirical thresholding, the purely predictive policy (IP1)
outperforms the other policies. This indicates that when the intervention
cost is low relative to the potential gain, the benefits of a purely predictive
approach become more apparent, particularly when empirical thresholding
is not used. However, empirical thresholding significantly enhances perfor-
mance in low-cost scenarios, and a straightforward predictive approach can
be more effective.
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The above analysis shows that policies relying on conformal and uncertainty
estimates become more conservative, especially when the intervention cost is rel-
atively high compared to the potential outcome gain. This observation leads us to
analyze the success rate of triggering interventions to address RQ1.5 and to un-
derstand the efficiency and precision of different intervention policies, particularly
those incorporating conformal and uncertainty estimates.

The success rate is the proportion of triggered interventions that result in a
positive outcome. Specifically, the success rate measures the effectiveness of in-
terventions in converting cases that would otherwise end negatively into positive
outcomes. In other words, it quantifies the proportion of persuadable cases that
change from a negative to a positive outcome due to the intervention.

Figures 15 and 16 illustrate the number of interventions triggered under each
policy, both with and without empirical thresholding, for the BPIC2012 and
BPIC2017 event logs, respectively. Table 10 presents the success rate for each
policy, comparing the results with and without empirical thresholding and across
varying cost-to-gain ratios.
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Figure 15. Effect of empirical thresholding on the number of triggered interventions of
different policies under various cost-to-gain ratios for the BPIC2012 event log.
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Dataset: BPIC2017
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Figure 16. Effect of empirical thresholding on the number of triggered interventions of
different policies under various cost-to-gain ratios for the BPIC2017 event log.

This analysis reveals that policies incorporating conformal and uncertainty es-
timates (IP2 and IP3) trigger fewer interventions than those relying solely on pre-
dictive estimates (IP1), especially when the intervention cost is relatively high or
moderate compared to the positive outcome gain. However, when the intervention
cost is low, all policies trigger similar interventions, indicating a more relaxed ap-
proach.

Empirical thresholding significantly impacts the number of triggered interven-
tions. When the intervention cost is high or moderately high, empirical threshold-
ing constrains the policies, resulting in fewer triggered interventions. Conversely,
when the intervention cost is low, empirical thresholding allows for more inter-
ventions.

Additionally, empirical thresholding enhances the success rates of all policies
compared to when it is not applied. Notably, policies with uncertainty measures
(IP2 and IP3) outperform those without in terms of success rates, as shown in Ta-
ble 10. Hence, integrating uncertainty measures with predictive measures results
in fewer interventions but with higher success rates.

Table 10. Success rates of different policies under various cost-to-gain ratios with and
without empirical thresholding

Dataset Optimization | Policy | 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1

IP1 0.6298 | 0.6298 | 0.6298 | 0.6298 | 0.6298 | 0.6298 | 0.6298 | 0.6333 | 0.6333 | 0.6333
With P2 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6533 | 0.6510 | 0.6517
1P3 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6431 | 0.6501 | 0.6533 | 0.6509

BPIC2012 1P1 0.6278 | 0.6278 | 0.6278 | 0.6278 | 0.6278 | 0.6278 | 0.6278 | 0.6278 | 0.6278 | 0.6278
Without 1P2 0.6375 | 0.6375 | 0.6375 | 0.6375 | 0.6375 | 0.6375 | 0.6375 | 0.6333 | 0.6309 | 0.6317

1P3 0.6301 | 0.6301 | 0.6301 | 0.6301 | 0.6301 | 0.6301 | 0.6301 | 0.6301 | 0.6333 | 0.6309

1P1 0.3641 | 0.3641 | 0.3641 | 0.3641 | 0.3641 | 0.2418 | 0.2486 | 0.2486 | 0.2486 | 0.2486

With 1P2 - - 0.4000 | - 0.4193 | 0.4293 | 0.4443 | 0.4443 | 0.4443 | 0.4481

BPIC2017 1P3 0.4000 | 0.4211 | 0.4293 | 0.4481 | 0.4211 | 0.4481 | 0.4481

1P1 0.2418 | 0.2418 | 0.2418 | 0.2418 | 0.2418 | 0.2418 | 0.2418 | 0.2418 | 0.2418 | 0.2418
Without 1P2 0.3169 | 0.3169 | 0.3169 | 0.3169 | 0.3169 | 0.3169 | 0.3169 | 0.3169 | 0.3169 | 0.3169
1P3 0.3211 | 0.3211 | 0.3211 | 0.3211 | 0.3211 | 0.3211 | 0.3211 | 0.3211 | 0.3211 | 0.3211
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4.5.4. Threats to Validity

The evaluation of the UN-PrPM approach poses two main threats to external va-
lidity, as follows:

* Limited Event Logs Utilization. The use of only two datasets limits the
generalizability of our evaluation. This constraint is due to the experimental
setup’s requirement for datasets that contain both case outcomes and inter-
ventions, ensuring a causal relationship between the intervention and the
outcome. Despite this limitation, the two selected event logs (BPIC2012
and BPIC2017) exhibit different characteristics, providing some diversity
in the evaluation. Additionally, we checked the datasets in the 4TU Centre
for Research Data’ and in previous studies on prescriptive process monitor-
ing but did not find other event logs fulfilling these requirements. We opted
not to inject synthetic interventions, as this would not have demonstrated
the potential benefits of the approach in real applications.

e Method of Estimating Alternative Outcomes. Another threat to exter-
nal validity arises from the method used to estimate alternative outcomes,
specifically RealCause [30], which extrapolates the outcome if an interven-
tion had not occurred. While RealCause has a well-established theoretical
foundation and has undergone extensive evaluation, it may not accurately
estimate alternative outcomes in all cases, introducing a potential source of
error. This inaccuracy could impact the validity of the intervention policy’s
effectiveness, particularly in diverse or unseen contexts.

* Concept Drift Concept drift in business processes occurs when process
dynamics evolve over time due to changing business needs, external in-
fluences, or shifts in user behavior [318]. This creates a challenge for
PrPM, as intervention policies based on historical data may become less
effective when encountering new, previously unseen patterns. If not prop-
erly addressed, concept drift can lead to inaccurate or outdated prescrip-
tive recommendations, compromising decision-making reliability and ef-
fectiveness. To mitigate this risk, adaptive mechanisms such as continuous
model updates, periodic retraining, incremental learning, and drift detec-
tion techniques are essential to maintain the relevance of intervention strate-
gies [319]. However, addressing concept drift is beyond the scope of this
PhD thesis and remains an avenue for future research.

Shttps://data.4tu.nl/datasets/5ea5bb88-feaa-4e6f-a743-6460a755e05b
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4.6. Summary

This chapter presents an uncertainty-aware prescriptive process monitoring (UN-
PrPM) approach to enhance business process performance by triggering run-time
interventions. The UN-PrPM approach aims to develop an intervention policy
capable of confidently identifying cases likely to end negatively and then trig-
gering interventions to transform these outcomes into positive ones. To achieve
this, predictive monitoring is integrated with uncertainty measures, facilitating the
creation of uncertainty-aware intervention policies.

On the one hand, this chapter examines different predictive process moni-
toring (PPM) approaches and methods for measuring uncertainty in predictions.
It benchmarks various PPM approaches to identify the most accurate predictive
model for use in prescriptive settings. The selected model is further enhanced
with two methods to measure uncertainty, ensuring high-quality predictions and
subsequent intervention decisions.

On the other hand, the chapter introduces the uncertainty-aware prescriptive
process monitoring approach to develop an intervention policy to maximize a total
gain function. This policy assumes no resource constraints, similar to the existing
literature, allowing for immediate and unlimited interventions. However, it differs
from existing literature by being uncertainty-aware.

We evaluated the UN-PrPM approach on real-life event logs. The evaluation
confirms that uncertainty-aware policies are generally more conservative, result-
ing in a comparable total gain with fewer interventions but higher success rates.
Accordingly, this approach could be suitable for environments with limited re-
sources where interventions cannot be triggered immediately for all cases or in
large numbers.

In the next chapter, we will explore the development of intervention policies
in a constrained resource environment. We will extend the UN-PrPM approach to
account for resource limitations and adjust it accordingly.
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5. PRESCRIPTIVE PROCESS MONITORING UNDER
RESOURCE CONSTRAINTS: A WHITE-BOX
APPROACH

In the previous chapter, we introduced an uncertainty-aware prescriptive pro-
cess monitoring (UN-PrPM) approach that identifies, with guaranteed confidence,
cases likely to end negatively during business process execution and triggers in-
terventions to transform these outcomes into positive ones, thereby maximizing
a total gain function. However, as common in existing PrPM literature, this ap-
proach assumes the ability to trigger interventions immediately and for all identi-
fied cases, implying unlimited resource availability. In practice, interventions re-
quire time and commitment from scarce resources, such as a loan officer’s time to
prepare a second loan offer in a loan origination process. When a PrPM approach
triggers an intervention, it occupies a resource that is unavailable for other po-
tentially higher-gain interventions for a certain duration. Therefore, in a resource-
limited environment, a PrPM approach must consider not only the necessity, time-
liness, and effect of interventions but also the uncertainty of these measures and
the level of resource utilization. Committing scarce resources to uncertain inter-
vention decisions can lead to suboptimal policies.

Learning an intervention policy from past observations is the backbone of a
PrPM approach. Such a policy determines who requires intervention, when the
intervention should be triggered, and who should execute it at a given state of a
process case. Accordingly, an intervention policy needs to consider parameters
such as the probability of a case ending positively or negatively, the time remain-
ing to trigger an intervention, and the expected effectiveness of the intervention
in changing the case outcome. Additionally, the decision to trigger interventions
must consider the availability of the human resources needed to perform the inter-
vention and the level of uncertainty to ensure efficient resource allocation.

Furthermore, in some business scenarios, regulatory requirements mandate
that automated decisions affecting individuals should not be based on profiling,
as stated in Article 22 of the General Data Protection Regulation — GDPR) [183].
Consequently, business stakeholders must be able to explain the basis for inter-
vention decisions made by a prescriptive monitoring system and adjust these de-
cisions’ parameters to prevent unwanted biases. This necessitates a white-box
approach to defining intervention policies for PrPM.

In this setting, this chapter addresses a specific instance of the general PrPM
problem: Given past observations of completed cases, where some cases had in-
terventions, and each intervention has a cost and consumes resources with limited
capacity—the research question is posed as follows: RQ2: How can business
stakeholders define transparent, rule-based white-box intervention policies that
manage limited resources efficiently while optimizing the total gain of the result-
ing intervention policy in a resource-constrained setting?
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To answer this question, we present WB-PrPM (White-Box Prescriptive Pro-
cess Monitoring), a rule-based framework that enables stakeholders to create
transparent and configurable intervention policies. The white-box nature stems
from the transparency in how the intervention policy is developed during pro-
cess execution rather than from the underlying techniques themselves. WB-PrPM
integrates various machine learning techniques to estimate key factors influenc-
ing intervention decisions, such as need, effect (importance of the intervention),
and time left to intervene or intervention window (urgency of the intervention).
The framework also incorporates uncertainty associated with these factors (need,
effect, and intervention window) to ensure confident intervention decisions. Ad-
ditionally, WB-PrPM includes an automated parameter optimization method and
uses filtering and ranking mechanisms alongside a resource allocator to prioritize
cases, ensuring that limited resources are allocated effectively to maximize over-
all gain. This extended approach builds upon existing research in PrPM [46, 61,
59], focusing on the importance, uncertainty, urgency, and capacity dimensions to
execute interventions.

We report on an empirical evaluation to assess the effectiveness of different
framework variants, particularly in terms of total gain (i.e., the sum of the bene-
fits of the interventions triggered by the policy minus the sum of the intervention
costs) across various resource utilization levels. This evaluation compares white-
box-based baseline methods regarding the intervention policy but lacks consid-
eration for resource constraints and inherent uncertainty parameters within the
policy [46, 61, 59]. The objective is to explain how intervention policies under
limited resources perform in terms of total gain.

We begin the chapter by introducing the core concepts used in our approach
in Sections 5.1 and 5.2 and then move on to present the approach in Sections 5.3
and 5.4, which is followed by the empirical evaluation in Section 5.5. Finally, the
chapter is summarized in Section 5.6.

5.1. High-Level Approach Overview

The WB-PrPM approach is designed to handle sequential decision-making in
resource-constrained environments with uncertainty. Its main goal is to develop
an intervention policy that effectively balances the need for interventions with
the limitations of available resources. At a high level, this approach is structured
around three key components: identifying factors influencing intervention policy
decisions, an offline phase, and an online phase.

The first key component is to identify factors that impact intervention pol-
icy decisions. Some of these factors are mainly driven by previous work in
PrPM [202, 285, 251, 317, 315]. The rest are imported from the literature on
decision support systems and operational research to cope with scenarios where
resources are limited [306, 303, 300]. These factors may sway the policy decision
to trigger an intervention and allocate resources to a specific case within a given
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state. These factors are depicted in Fig. 17, and we categorize them into four
top-level dimensions relevant to the intervention policy: Importance, Urgency,
Capacity, and Uncertainty. For instance, within a loan origination process, such
factors may include the need for and effect of sending an additional loan offer to
applicants and the allowable time frame for executing the intervention. Identifying
such factors is crucial for determining cases that require interventions and helps in
case prioritization, thereby enabling the efficient allocation of limited resources.

The second key component is an offline phase (see Fig. 18), wherein various
machine learning models are trained to parametrize these factors and estimate
them during process execution. Specifically, a predictive model is employed to
estimate the need for intervention, while a causal model is utilized to estimate the
effectiveness of the intervention. Both factors, need and effect, denote the im-
portance dimension of the intervention. Additionally, a survival model is trained
to estimate the intervention window factor, i.e., the remaining timeframe for in-
tervention execution to be feasible, representing the urgency dimension. These
estimates are then calibrated to provide conformalized estimates with more confi-
dence than low-quality point estimates, ensuring efficient decision-making during
the online phase.

We instantiate and operationalize the approach in the third component, the on-
line phase (as shown in Fig. 18). Here, the trained models estimate intervention
policy decisions’ parameters. These estimates, combined with a resource mon-
itoring and allocation component representing the capacity dimension, simulate
the constrained resources’ environment, thus enriching the learning process for an
intervention policy. Also, the factor parameters are empirically optimized to find
the best parameter threshold values, which are then used to evaluate the interven-
tion policy in terms of a performance measure, i.e., total gain.

5.2. Factors Affecting Intervention Policies

The WB-PrPM is built around key factors and designed to address decision-
making in a resource-constrained environment. While some of these factors are
adapted from existing literature [202, 285, 251, 317], they have been extended to
better suit situations with limited resources [306, 303, 300]. These factors guide
decisions on triggering interventions and resource allocation for specific cases at
a given state. As shown in Fig. 17, the factors are categorized into four main di-
mensions: Importance (including need and effect factors), Urgency (represented
by the intervention window factor), Capacity (reflecting resource availability), and
Uncertainty (represented by conformal estimates).

5.2.1. Importance

The dimension of importance addresses the question of whether an intervention is
both needed and effective for a particular case. Interventions should be triggered
when necessary, indicating that cases will likely end negatively. Additionally,
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these interventions have the potential for significant effect, capable of preventing
negative outcomes and thereby delivering value.

The need for intervention is determined by reaching a specific confidence level
in predicting a negative outcome for a case [202], ensuring high confidence in in-
tervention necessity. We use a dual-factor method to quantify this need factor.
The first parameter estimates the probability of cases likely to end with a nega-
tive outcome, known as outcome prediction (OP) [270]. The second parameter is
the total uncertainty (7U) inherent in these predictions [315], acknowledging that
predictions are not always perfect and may have varying degrees of uncertainty.
Including total uncertainty helps prioritize some cases over others, regardless of
their outcome prediction. An outcome-oriented predictive model facilitates this
assessment by providing a reliable estimate of the probability of a negative out-
come (OP) and the total uncertainty (7'U) associated with the prediction.

The effect of an intervention (/E) addresses how significantly the probability
of a positive case outcome increases upon triggering the intervention [285, 317].
This directly relates to the effectiveness of the intervention. We use a causal
model to estimate the intervention’s effect, providing a parameter for this factor.
This evaluation determines whether triggering the intervention has the potential to
transform a case with a negative outcome into a positive one. Providing the policy
with information regarding the expected effect of the intervention helps develop a
more optimal intervention policy.

For example, in a loan origination process, assume an applicant has a 55%
probability of a positive outcome and a 45% probability of a negative outcome,
with 70% total uncertainty. If we estimate the probabilities of the outcome with
and without intervention as 45% and 80%, respectively, the resulting impact of
triggering the intervention would be an increase in the probability of a positive
outcome by 35% and a decrease in the probability of a negative outcome by 35%.
Hence, the effect factor highlights the intervention’s ability to transform a negative
case outcome into a positive one.
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5.2.2. Urgency

The urgency dimension focuses on determining the optimal timing for interven-
tions or prioritizing cases that require immediate action. This concept is borrowed
from decision support systems, where it is used, for instance, to assist managerial
decision-making in fields like healthcare and targeted interventions [306]. In our
context, urgency helps decide whether to intervene immediately, delay interven-
tion to a later stage, or not intervene at all. This dimension is quantified by the
Intervention Window (IW), which represents the remaining time before an inter-
vention becomes unfeasible. For example, in a loan application process, the IW
begins when the application is submitted and lasts until the estimated time of a
potentially negative outcome, such as the rejection of a loan application within
five days.

In a resource-constrained environment, consider a scenario where only one
resource is available for interventions, such as a single loan officer handling ur-
gent cases. Suppose three cases require immediate intervention due to their time-
sensitive nature. Cases one and two are more likely to end with a negative out-
come and slightly more significant intervention effects than case three. However,
case three is expected to end negatively much sooner than the other two, making
it more urgent. An optimal policy would prioritize case three due to its tempo-
ral urgency and postpone interventions for cases one and two. Therefore, an ML
model that can predict the close negative outcome in case three while suggesting
postponing for cases one and two is necessary.

A survival model, which specializes in estimating the duration until a specific
event, as a negative outcome occurs, offers a fitting approach for estimating the
intervention window. This model resembles a PPM task, specifically a remaining
time prediction. However, it differs from the PPM task in that it focuses on es-
timating the time until a negative event occurs rather than simply predicting the
remaining time without considering whether the last event is negative or positive.
Consequently, and for prescriptive settings, it is important to focus on the time left
before a negative outcome occurs, providing a more related estimate and, thus, an
accurate intervention decision.

5.2.3. Capacity

The capacity dimension focuses on the feasibility of executing interventions based
on available resources [303]. Even when an intervention is necessary, effective,
and urgent, it may be impossible to implement if there aren’t enough resources.
Therefore, monitoring and managing resource availability is required to ensure
the successful execution of interventions.

For example, a loan officer might need to contact applicants to offer an alterna-
tive loan option in a loan origination process. If there is only one officer available
and multiple cases need immediate attention, the officer can handle only one case
at a time. To model this, we introduce a factor (n) representing the number of
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available resources. During the operationalization of the WB-PrPM, resources
are continuously monitored. When a case requires intervention and a resource is
available, it is allocated to that case. The resource remains occupied for the dura-
tion of the intervention and becomes available for the next case once completed.
This approach ensures that interventions are feasible and timely, given resource
constraints.

5.2.4. Uncertainty

The uncertainty dimension in PrPM addresses the challenge of developing in-
tervention policies based on low-quality estimates or that inherently come with
uncertainty, indicating less confidence in the guarantees provided by these esti-
mates [300]. In the context of resource constraints, the key dilemma in PrPM is
deciding when to trigger interventions, considering not only concerns regarding
the need, effect, or time left to intervene, but also the uncertainty associated with
these estimates.

Committing limited resources to an intervention becomes problematic when
the need or effect of the intervention is highly uncertain. For instance, when esti-
mating the need and effect of an intervention, predictive and causal models assess
the probability of a negative outcome and the expected intervention effect. How-
ever, these point estimates are often inherently uncertain, potentially leading to
unnecessary interventions and wasted efforts. In resource-limited settings, rely-
ing on uncertain estimations of factors for resource allocation can be particularly
problematic, potentially leading to inefficiencies and suboptimal policies.

To address these uncertainties, we employ conformal prediction, a model-
agnostic framework that transforms point estimates into prediction sets (for classi-
fication tasks) or prediction intervals (for regression tasks). This method ensures
that the true outcome is included within the prediction interval or set with a pre-
defined confidence level (1 — a), thereby increasing the reliability of intervention
decisions. Unlike other uncertainty quantification methods, such as those pro-
posed in [203], conformal prediction does not quantify the level of uncertainty
itself but provides a guarantee that predictions meet a specified confidence thresh-
old [268]. For example, conformal prediction can be used to assess the likelihood
of a loan rejection with a 95% confidence interval in a loan origination process.

After detailing the dimensions of importance (need and effect), urgency (in-
tervention window), capacity (resource availability), and uncertainty (conformal
measures), along with their corresponding factors influencing intervention deci-
sions, we now proceed to discuss the offline phase and the online phase of the
WB-PrPM approach, as illustrated in Fig. 18.
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Figure 18. An overview of the white-box prescriptive process monitoring (WB-PrPM)
approach.

5.3. Offline phase of the WB-PrPM

The offline phase of the WB-PrPM approach is essential for setting the foundation
of the intervention policy by utilizing historical event logs, representing historical
business process execution, and training machine learning models for decision-
making. This phase is divided into two sub-phases: Training and Calibration.

In the Training sub-phase, event logs are prepared and encoded, and several
models are trained, including predictive, causal, and survival models. These mod-
els capture intervention policy factors, such as predicting need, estimating inter-
vention effects, and assessing the urgency of interventions. While the log prepara-
tion and encoding and the training of a predictive model were discussed in detail
in the previous chapters, specifically in Section 4.1.1, we will briefly revisit them
before focusing on the other components.

The Calibration sub-phase ensures that the predictions from these models are
calibrated to account for uncertainty by generating conformalized estimates in-
stead of point estimates, as discussed in Section 4.3.2. These conformalized es-
timates will later be applied in the online phase to guide white-box intervention
policies.

5.3.1. Log preparation and encoding and predictive model.

The first step in the training phase involves preparing and encoding event logs to
make them suitable for training ML algorithms. This process encompasses data
cleaning, feature engineering, and sequence encoding, as detailed in Section 4.1.1.
The outcome of this step is an encoded prefix log, where each prefix belongs to a
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specific business case and includes a fixed-size set of inter-case and intra-case fea-
tures, along with a case outcome and an intervention that could potentially convert
negative outcomes to positive ones. This encoded prefix log is then divided into
separate subsets to be utilized in the different phases of the prescriptive approach,
as shown in Fig. 18. For instance, a training set is used to fine-tune and train the
ML models.

Among these models is the predictive model, which estimates the probability
of cases ending in a negative outcome at various prefixes (or states) within a given
case. This is conducted by training an ensemble learning method, specifically the
gradient boosting classification algorithm, CatBoost, with two primary objectives.
The first objective is to predict the probability of a negative outcome for each case
prefix, referred to as outcome prediction (OP, as shown in Eq. 4.1), as accurately
as possible. The second objective is to quantify the total uncertainty (TU, as
in Eq. 4.2) associated with these predictions, which may stem from the model’s
limited knowledge or inherent noise within the data, as shown in Section 4.3.
The OP and the TU parameters quantify the need for intervention in prescriptive
settings.

Still, different methods can be used to estimate the probability of a negative
case outcome. The specific method used for this purpose is part of the instantiation
of the WB-PrPM approach. We opt for an ensemble method (gradient boosting) in
the empirical evaluation reported later in this chapter. However, in use cases where
there is a strong white-box requirement, a white-box prediction method could be
used instead (e.g., decision trees) with the usual tradeoffs between accuracy and
interpretability.

5.3.2. Causal Model

The causal model’s objective in the training phase is to estimate the causal rela-
tionship between an intervention or treatment (7°) and business case outcomes.
The focus is on evaluating whether the intervention effect (/E) can transform
a business case outcome from negative to positive. This effect is determined
by comparing the probabilities of the outcome occurring with the intervention
(Y (T = 1)) against the probabilities without the intervention (Y (7 = 0)). For in-
stance, if the probability of accepting a loan offer is 0.9 with the intervention and
0.3 without, the /E is quantified as 0.6. This estimation helps understand whether
triggering an intervention will reduce the occurrence of negative outcomes.

We use the potential outcome framework to estimate the intervention effect,
which can be expressed through various measures, including individual treatment
effects (ITE, as in Eq. 2.1) and conditional average treatment effects (CATE, as
in Eq. 2.2). While both ITE and CATE are used in the literature to evaluate the
impact of interventions, we focus on ITE due to certain limitations associated
with CATE, as discussed in [184].
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The CATE does not account for individual variations in response to interven-
tions, affecting intervention decisions. Additionally, accurate estimation of CATE
frequently requires access to extensive and sometimes difficult-to-obtain data. In
contrast, ITE is better suited for scenarios with limited data availability and indi-
vidual response variability. For example, ITE allows for assessing how a market-
ing campaign impacts each customer, capturing variations that CAT E might miss.
Therefore, with its adaptability to practical data constraints and individualized
responses, ITE could be more effective in developing intervention policies.

Again, the choice of the specific model to estimate the /E is part of the instan-
tiation of the WB-PrPM approach. In the empirical evaluation, we use orthogonal
random forest (ORF') as it handles high-dimensional feature spaces well. This is
useful in our setting because event logs have many attributes with categorical val-
ues, leading to feature explosion. However, in the presence of a strict white-box
requirement, one could use uplift trees instead, as proposed in [85].

5.3.3. Survival model

The survival model estimates the time until a specific event, such as a negative
outcome, occurs [283]. It is useful for binary events, helping to understand time-
to-event occurrence. The model parameterizes the intervention window (IW) in
an intervention policy. In the loan origination process, for example, it estimates
the risk function, representing the instantaneous rate at which a loan application
can be rejected or declined at any given time, given that the applicant has not yet
experienced the negative event.

Survival analysis is especially useful in resource-limited contexts, as it helps
prioritize cases for timely interventions, thus preventing costly negative out-
comes [306]. It balances the costs associated with intervening too early or too late,
emphasizing the importance of timing for effective resource allocation. Therefore,
the survival model determines an intervention window (/W). The IW for a given
case i at a particular prefix is defined as the time frame within which an interven-
tion can be executed before the negative outcome occurs, as described in Eq. 5.1.
Here, the /W begins at 0, i.e., the current time, because interventions can be im-
plemented immediately, and it ends at the window time (WT), representing the
estimated time until the negative outcome is expected to occur for the case i.

IW; = [0,WT;] (5.1

For example, consider two loan origination cases, C02 and C03. If the current
time for case C02 is 5 days and the negative outcome is predicted to occur at
WT = 10 days, the IW spans from 5 to 10 days. This indicates a 5day window for
implementing an intervention to mitigate the negative outcome. In contrast, if the
current time for case C03 is 7 days and the negative event is predicted to occur at
WT = 10 days, the IW spans from 7 to 10 days, signaling a more urgent need for
intervention.
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This approach enables the prioritization of cases based on urgency, ensuring
that those with imminent negative outcomes receive attention first. Estimating
the time until a loan decision (e.g., rejection) helps optimize resource allocation
within lending institutions, ensuring that interventions are timely.

Unlike traditional remaining time predictions in PPM, which estimate time to
case completion regardless of the outcome, survival analysis focuses specifically
on predicting the time until a negative event occurs. Survival analysis also ac-
counts for censoring, where some cases may not experience the event by the end
of the process, adding complexity to the modeling process.

Common methods in survival analysis include Kaplan-Meier estima-
tion [33],Cox proportional hazards [34], or parametric survival models [35]. In
contrast, traditional PPM often relies on regression-based techniques or machine
learning algorithms to predict continuous time durations. In this study, we use the
Cox proportional hazards model for its flexibility, as it does not require assum-
ing a specific survival distribution [36]. This model utilizes a hazard function to
assess how case characteristics relate to the time until an event occurs, offering a
nuanced approach to predicting time-to-event data.

5.3.4. Calibration: Conformal prediction.

In the calibration phase, we apply conformal prediction to produce estimates
with guaranteed confidence levels [130, 120, 121], as discussed in Section 4.3.2.
This technique is applied on top of predictive, survival, and causal esti-
mates—specifically, Outcome Prediction (OP), Intervention Window (/W), and
Intervention Effect (/E)—to ensure that each estimate meets a user-defined con-
fidence level, 1 — a. Conformal prediction transforms these estimates into valid
prediction sets or intervals. For example, OP becomes Conformalized Outcome
Prediction (COP), IW becomes Conformalized Intervention Window (CIW), and
IE becomes Conformalized Intervention Effect (C/E). Conformal prediction pro-
vides finite-sample guarantees that the prediction set or interval will contain the
true outcome with the desired confidence level, i.e., 1 — o, compared to heuristic
uncertainty quantification methods [119, 313].

After calibration, the estimates are prefixed with "C" to signify their confor-
malized status. This approach replaces single-point estimates, which may have
low confidence, with more reliable conformalized estimates, allowing for more
confident and dependable decision-making in intervention policies.

The COP is a prediction set containing the actual outcome with a confidence
level of 1 — ¢, as detailed in Section 4.3.2 and shown in Eq. 4.3. It takes four
forms, but for simplicity, it is encoded as either O or 1. A value of 1 means a high
need for intervening when the COP set retains only the negative outcome (COP =
{0}), while a value of 0 reflects uncertainty about the negative outcome, indicating
less need and representing the other three forms of the COP. For example, if
COP = 0 (only the negative outcome), the need is 1; otherwise, it is 0.
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Similarly, the CIW provides a prediction interval, as described in Eq. 5.2, with
lower (WTj,) and upper (W7,;,) bounds for the time remaining until a negative
outcome occurs. This interval offers a range rather than a single estimate, as
shown in Fig. 10, reducing the risk of inaccurate timing in interventions. For
example, if a negative event is predicted in four days but occurs in three, the
intervention might be delayed, leading to a potential case loss. CIW, by offering
a confidence-guaranteed interval (e.g., [2.5, 3.5] days), helps improve the timing
of interventions.

CIW; = Wi, WT,,] (5.2)

The CIE provides a prediction interval for the intervention effect, as shown
in Eq. 5.3. Rather than relying on a single estimate, CIE offers an interval with
lower (1Ej;) and upper (IE,;) bounds. This accounts for uncertainty in the causal
effects. For example, when evaluating the impact of sending a second loan offer,
if the IE is positive but the C/E ranges from —1 to 0.5, the intervention may not
be advisable since the negative bound suggests potential risks.

CIE; = [IEy, 1E ., (5.3)

Through this calibration step, an intervention policy is equipped with more re-
liable and robust estimates, enabling it to make better-informed decisions consid-
ering uncertainty measures, leading to more effective interventions and optimized
resource allocation.

5.4. Online phase of the WB-PrPM

In the online phase, we operationalize the WB-PrPM approach and specify an
intervention policy under resource constraints, consisting of three main compo-
nents: a filtering policy, a ranking policy, and a resource allocator.

5.4.1. Filtering Policy

At this step, ongoing cases are continuously monitored to determine whether an
intervention should be triggered based on the combined values of intervention
policy parameters, i.e., COP, TU, CIE, and CIW. We assume that cases arrive
in a continuous stream, and a prefix collator accumulates sequences of events.
This process results in one or multiple ongoing cases at any given time, requir-
ing decisions about triggering interventions while considering the dimensions of
importance, urgency, uncertainty, and capacity.

The filtering policy, as discussed in Section 4.4.2, determines whether an in-
tervention is appropriate for a given case. This policy uses a Boolean function to
categorize a case as either "suitable" or "not suitable" for intervention based on
predefined decision rules. In Section 4.4.2, the filtering policy considered only the
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need for an intervention, with suitable cases being immediately targeted for inter-
vention. However, here in this phase, where resources are limited and additional
factors influence intervention decisions, the decision rules are extended to include
the dimensions of importance, urgency, and uncertainty.

Once cases are filtered and identified as candidates eligible for intervention,
they must go through two additional components: the ranking policy and the re-
source allocator. These components determine which case is the best candidate for
intervention and whether the resources are available to execute the intervention.

5.4.2. Ranking Policy

In the context of limited resources, treating all candidate cases, or even a sub-
stantial number of them, is unfeasible. Therefore, a ranking policy is designed to
prioritize and rank cases needing intervention, i.e., candidate cases, to select the
most suitable among them based on specific criteria.

Assuming resources are available, the goal is to select the best case among the
candidates to allocate the available resources effectively. The ranking policy in
the WB-PrPM approach defines the best case as the one with the highest impor-
tance, the most urgency, and the least uncertainty. This policy utilizes a linear
scoring function that integrates the dimensions of importance, urgency, and un-
certainty. Each dimension is weighted, allowing business analysts to assign more
significance to a particular dimension according to their needs. Consequently, the
ranking policy assigns a score to each candidate case, as shown in Eq. 5.4.

S = Winp * importance — Wy,g x urgency — Wycer x uncertainty 5.4

In Eq. 5.4, importance is defined by the need (COP) and the effect (CIE) of
the intervention. The COP, as previously discussed, can take four forms, but for
simplicity, it is encoded as either O or 1. A value of 1 represents a high need when
the COP set includes only the negative outcome (COP = {0}), while a value of
0 reflects uncertainty about the negative outcome, indicating less need and repre-
senting the other three forms of the COP. For example, if the COP set contains
only the negative outcome prediction (¥ = 0), i.e., COP = {0}, the need is 1; oth-
erwise, it is 0. The effect is calculated by averaging the upper and lower bounds
of the CIE interval. These two values—need and effect—are combined to repre-
sent the overall importance, with each weighted accordingly: W,,..; for need and
Westect Tor effect.

Similarly, the Urgency in Eq. 5.4 is derived from the Conformalized Interven-
tion Window (CIW). The urgency value is obtained by averaging the upper and
lower bounds of the CIW interval and is weighted with W,,,. It’s important to re-
member that a lower urgency value indicates higher urgency because it represents
the estimated time remaining until the negative outcome occurs. For instance, if
one case is expected to end negatively in 4 days and another in 7 days, the first
one is more urgent. Meanwhile, the uncertainty stems from the total uncertainty
(TU) associated with outcome prediction and is weighted with Wuncer.
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Thus, the scoring method incorporates all factors that influence intervention
policies, ensuring that limited resources are allocated to the case with the highest
score and considered the best intervention candidate.

Table 11. An example of filtering and ranking policies

caselD TU copr CIE CIW S
A 0.2 1 0.8 0.5 1.1
B 0.5 0 0.3 2 -
C 0.6 1 0.1 3
D 0.7 0 0.7 0.5
E 0.3 0 0.1 1 -
F 0.4 1 0.6 1 0.2

Table 11 illustrates how the filtering and ranking policies can be applied to a set
of ongoing cases. Let’s consider six ongoing cases (labeled A to F). The business
analyst establishes the following decision rule for filtering cases: If the COP=1
and the CIE is above 0.5, then the cases are filtered into candidates eligible for
intervention. According to this decision rule, only ongoing Cases A and F are
filtered and considered candidates for intervention. Next, the ranking policy is
applied to determine which of these two cases should receive the intervention.
For simplicity, we assume equal weights for all dimensions (importance, urgency,
and uncertainty) in the ranking policy. Accordingly, Case A appears as the best
candidate because it has a higher ranking score compared to Case F. This higher
score indicates that Case A is deemed more suitable for intervention, i.e., most
important, most urgent, and least uncertain. Therefore, the intervention would be
applied to Case A over Case F.

5.4.3. Capacity: Resource Allocator

The resource allocator in the WB-PrPM framework manages the capacity of lim-
ited resources when interventions are required for multiple ongoing cases, han-
dling the capacity dimension. This component is responsible for ensuring that the
available resources are allocated efficiently to maximize their impact (cf. bottom-
left corner of Fig. 18).

After the filtering policy identifies candidate cases suitable for intervention
and the ranking policy assigns scores to these cases, the resource allocator comes
into play. Given the constraint of limited resources, triggering interventions for
all candidate cases is not feasible. Instead, the resource allocator continuously
monitors the availability of resources within what we call the intervention resource
pool. These resources are responsible for carrying out the necessary interventions.

When the ranking policy defines the best case at any given time during process
execution, the resource allocator checks if there is an available resource in the
intervention resource pool. If available, it is assigned to the selected case. During
this allocation, the resource is "blocked" for a specified intervention duration,
which is the time required to execute the intervention. Once this intervention
duration has elapsed, the resource is "released" and returned to the intervention
resource pool, making it available for other cases that may require intervention.
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To illustrate this, consider the example presented in Table 11, where six ongo-
ing cases are filtered into two candidate cases, Cases A and F. Suppose we have
only one available resource in the intervention resource pool. The resource al-
locator would allocate this resource to Case A first and block it for the required
intervention duration. After this duration passes, if Case F still meets the filtering
decision rule and has the highest ranking score, the now-available resource will
be allocated to Case F.

This process of monitoring, allocating, blocking, and releasing resources en-
sures that interventions are applied to the best cases while optimizing the use of
the limited resources available.

5.5. Evaluation

In this section, we instantiate the WB-PrPM framework to construct several in-
ternal variants and evaluate their performance across different levels of resource
utilization. This evaluation examines the internal variants of the WB-PrPM. It
compares their effectiveness to existing baseline methods [202, 341, 251], which
do not account for resource constraints or the inherent uncertainties within the
intervention policy. Thus, and to guide the evaluation, we break down RQ2 into
two sub-questions:

RQ2.1: How do different variants of the WB-PrPM approach compare against
each other in terms of total gain across varying levels of resource utilization?

RQ2.2: To what extent does the automated optimization of the approach’s
parameters lead to intervention policies with higher total gain than non-optimized
ones (i.e., variants of the framework with default parameter settings)?

The specific research questions outlined above aim to provide insights into
how business stakeholders can effectively specify and optimize intervention poli-
cies within the WB-PrPM framework while addressing the challenges posed by
resource constraints. These questions demonstrate the flexibility and configura-
bility of intervention policies based on organizational needs. For instance, one
organization may prefer to specify an intervention policy using only predictive
and conformal estimates, while another may wish to base it on causal measures.
To illustrate this flexibility, we explore possible variants of the WB-PrPM in re-
sponse to RQ2.1. In contrast, RQ2.2 focuses on enabling stakeholders to automate
the parameters of intervention policies, thereby relieving analysts of the burden of
determining these parameters. It emphasizes that stakeholders not only need to de-
fine intervention policies but also have the opportunity to enhance these policies
through automated optimization, which is essential for effective resource manage-
ment in real-world scenarios.

Accordingly, this leads us to conduct an ablation study. An ablation study
is a method used to evaluate machine learning methods by sequentially remov-
ing components of the method to understand each component’s contribution to

95



overall performance. In our context, the components are the models used to
estimate the factors of an intervention policy—specifically, the need (COP and
TU), effect (CIE), intervention window (CIW), and intervention effect (CIE). All
components are included in a maximalist variant of the approach, and capacity
constraints are explicitly considered. We then remove each component to obtain
different variants.

5.5.1. Datasets

To evaluate the WB-PrPM approach, we utilized two publicly available event logs,
BPIC2012 and BPIC2017, representing the loan origination process. These logs
were also used to evaluate the UN-PrPM approach discussed in Chapter 4 and are
explained in detail in Section 4.2.1. Here, we briefly describe them.

Each case’s outcome is determined by whether the loan application concludes
successfully, based on a specific condition (boolean function) evaluated on a com-
pleted case. Outcomes are defined according to each case’s final activity. If the
last activity indicates a negative outcome, the proposed intervention is to send
an additional loan offer to the applicant. This intervention is identified by the
"Send_Offer" activity, which aims to increase the likelihood of the applicant ac-
cepting a loan by presenting an additional offer. We categorize cases based on
the number of offers sent: cases that receive only one offer are placed in the con-
trol group (7" = 0), while those that receive more than one offer are placed in the
treatment group (7 = 1).

5.5.2. Experimental Setup

As discussed in Section 4.5.2, we utilized Python version 3.10 for our experi-
ments. A temporal split approach is employed to divide each log into three sub-
sets: training (50%), validation (D,,;: 25%), and testing (D;.g: 25%). Cases are
sorted chronologically by their timestamps to ensure that the model is trained and
tested in a realistic scenario where future cases are predicted based on past data.
Additionally, the training set is further divided to create a calibration set, resulting
in the following splits: training set (Dy4in: 40%) and calibration set (D.,;: 10%).

The training set (Dy,4;,;) is used to train the predictive, causal, and survival
models. The calibration set (D) is utilized to derive conformalized estimates,
such as the Conformalized Outcome Prediction (COP), Conformalized Interven-
tion Effect (CIE), and Conformalized Intervention Window (CIW). The valida-
tion set (D,,;) is employed to autotune the parameters of the filtering and ranking
policies, specifically focusing on optimizing the thresholds and weights. Finally,
the test set (Dy.y) is used to measure the total gain, which is the key metric re-
ported in the evaluation results.

As discussed in Section 4.5.2, we used an ensemble approach [203] for the
predictive model, specifically leveraging CatBoost [22]. This model is trained
to estimate the probability of a negative outcome, denoted as OP, and the total
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uncertainty (7U) associated with the outcome prediction. In parallel, the causal
model is trained using the Orthogonal Random Forest (ORF) algorithm from the
EconML' library to estimate the intervention effect (/E). ORF is chosen for its
ability to handle high-dimensional data, such as event logs.

The survival model is trained using the Cox proportional hazards method [34],
a widely adopted statistical model in survival analysis. This method investigates
the association between covariates (independent variables) and the hazard rate,
which denotes the risk of an event occurring over time. To implement this method,
we used the [ifelines® Python library, specifically designed for survival analysis,
which provides a toolkit to enhance the precision and reliability of our survival
estimates.

Regarding the conformal prediction model, which converts point estimates
(OP, IE, and IW) into a conformalized prediction set (COP) or interval (CIE
and CIW), we followed the inductive conformal prediction approach. We used
the Python package ACPP to derive COP and CIW. This package is well-suited
for both classification and regression machine learning tasks, enabling it to con-
vert the point estimates into prediction sets or intervals that contain the true value
with a predefined confidence level. On the other hand, for deriving conformalized
intervention effects, we used the cf-causal* library, a conformal inference tool de-
veloped in the R programming language. This library is specifically designed to
obtain conformalized causal estimates, making it an ideal choice for our needs.

Concerning the ranking policy, the experiments investigate scenarios with
equal weights and varying weightings for each dimension. We classify weights
into three levels: low, medium, and high (0.5, 1,2), offering a range of options to
tailor the ranking policy to different settings.

5.5.3. Resource Utilization

Resource utilization (p) measures resource allocation efficiency in the WB-PrPM
approach, assessing intervention policy effectiveness under varying constraints.
p is derived from the demand-to-capacity ratio (Eq. 5.5). Demand is the total
resource requirement during testing, calculated as the number of triggered in-
terventions multiplied by the average intervention duration. Capacity is the total
resource potential, given by available resources multiplied by execution time. The
ratio quantifies resource usage for interventions.

Demand
=— 5.5
Capacity (5-5)

"https://github.com/microsoft/EconML
’https://github.com/CamDavidsonPilon/lifelines/tree/master
Shttps://github. com/salimamoukou/ACPI
“https://lihualei71.github.io/cfcausal/reference/conformallte.html
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To assess the effectiveness of the WB-PrPM approach under diverse resource
constraints, we explored four levels of resource utilization: high, moderately high,
medium, and low. These levels represent varying resource availability and de-
mand, allowing for the evaluation of the approach in different operational scenar-
ios.

* High Resource Utilization: This level corresponds to scenarios with
severely limited resources, such as only one available loan officer. In such
cases, the demand for interventions exceeds the available resources, leading
to high p values. This level tests the approach’s ability to manage resources
effectively under extreme scarcity.

* Moderately High Resource Utilization: This level represents situations
where resources are available but not fully exploited. It provides insights
into how well the approach can optimize resources when constrained but
not at maximum capacity.

* Medium Resource Utilization: This level reflects typical real-world re-
source management conditions. It provides a baseline for performance eval-
uation, offering a standard against which other levels can be compared.

* Low Resource Utilization: At this level, multiple resources are available to
execute interventions at each decision point. However, the decision may
be to refrain from utilizing them when no incremental gain is achieved by
executing the intervention for a given case. This scenario examines the
approach’s ability to allocate resources when they are more available.

Table 12. Extraction of the resource utilization (p) levels across various number of avail-
able resources (n).

Resource utilization (p)
Event log # Triggered I, Duration of High Moderately High Medium Low
interventions (s) thelog(s) | p >90% 90% >p >75% 15% >p >50% 50% >p > 25%
BPIC2012 1172 1 365 1<n<3 3<n<4 4<n <6 6<n <12
BPIC2017 7852 1 3630 1<n<2 2<n<3 3<n<4 4<n < 8

The resource utilization levels are determined post-operation for each log. We
first ran experiments with varying numbers of available resources. After these ex-
periments, we analyzed the data to establish the resource utilization levels. Specif-
ically, we recorded the log execution duration during the testing phase, the number
of interventions triggered during that duration, and the average intervention dura-
tion, as detailed in Table 12. By varying the available resources and calculating p
for each scenario, we could evaluate how the WB-PrPM approach performs un-
der different resource constraints, allowing us to establish the resource utilization
levels for our analysis.

5.5.4. Variants of the WB-PrPM approach

This section explores various variants of the WB-PrPM framework through an
ablation study approach. We consider different configurations by including or ex-
cluding specific factors, such as need, effect, etc. The primary distinction among
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these variants lies in the structure of the decision rules employed in the filtering
process. Additionally, we incorporate several baseline models for comparative
analysis. The following describes each variant and its approach to developing an
intervention policy (IP):

* TP1 (Predictive): This variant relies solely on the outcome prediction (OP)
estimates to guide interventions. Interventions are triggered when the OP
exceeds a predefined threshold (7pp). This threshold is set by default to 0.5,
following a similar approach used in probabilistic classification machine
learning models. However, the threshold can vary between 0.1 and 0.9,
depending on the specific conditions of the intervention policy. This variant
serves as a baseline, imported from previous literature, according to the
work done in [202].

» TP2 (Causal): This variant uses causal relationships to filter cases based on
the intervention effect (/E). Interventions are triggered when the /E exceeds
a threshold (7;x), set by default to 0, meaning the intervention is expected to
have a positive impact. The threshold can be adjusted empirically between
0.0 and 1, with 1 representing the maximum effect. This variant is a baseline
from previous literature based on the work in [285].

* TIP3 (Reliability): This variant uses a reliability estimate (RE), introduced
in [251] for black-box intervention policies. A typical example is the class
probability from an ensemble classifier, where RE reflects the fraction of
base learners predicting a positive or negative outcome. Cases become can-
didates for intervention when the RE exceeds a threshold (7zg), set by de-
fault to O but adjustable between 0 and 1. This variant also serves as a
baseline.

e IP4 (Remaining Time): This variant estimates the remaining time (RT)
until case completion, irrespective of whether a negative outcome occurs.
The concept of the remaining time is drawn from predictive process mon-
itoring literature and serves as a baseline to compare against methods that
estimate the time until a negative outcome, addressing the urgency of in-
terventions. Cases are filtered as candidates when their RT is below a set
threshold (7gr) (e.g., ten days), which can vary from 1 day up to the mean
value derived from the validation set.

* IPS (Urgency): This variant is similar to IP4 in that it prioritizes urgent
cases by assessing the time left before case completion in IP4 or until a
negative outcome occurs in IP5. Ongoing cases are filtered based on the
intervention window (/W). When the IW falls below a certain threshold
(tw )—set by default based on the minimum number of days from the vali-
dation set—cases are classified as urgent and require intervention. The IW
can vary from one day up to the mean value derived from the validation set.

* TP6 (Total Uncertainty): This variant incorporates total uncertainty (7U)
measures into the decision-making process. Ongoing cases are filtered as
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candidates when the TU falls below a specified threshold (77y), with the
default value set at 0.5. The threshold can vary from O (indicating low
uncertainty) to 1 (indicating high uncertainty).

IP7 (Predictive + Conformal): This variant combines outcome prediction
(OP) with conformalized outcome prediction (COP), filtering cases where
OP > 0.5 and COP = 1. Intuitively, the decision rule “OP > 0.5 and COP =
1” indicates that the outcome prediction for an ongoing case is above the
threshold of 0.5, suggesting a higher likelihood of a negative outcome. A
COP of 1 indicates that, given a predefined user significance level (e.g., &t =
0.1), the model is confident that the case will end negatively. For instance,
with o = 0.1, the model is 90% confident (1 — ) that the outcome will be
negative. The user-defined significance level (&) sets the certainty for the
prediction; a lower significance level (e.g., & = 0.1) means the COP set will
include only the negative outcome (Y = 0), reflecting high confidence in the
prediction. This approach filters out cases with higher uncertainty, focusing
on those with more certain negative outcomes.

IP8 (Causal + Conformal): This variant extends the causal-based pol-
icy (IP2) by incorporating conformal prediction. In addition to filtering
ongoing cases as candidates based on the intervention effect (/E) above
a threshold (7;£), we utilize the conformalized intervention effect (CIE),
which provides a prediction interval with lower and upper bounds for the
intervention effect. The CIE value is calculated by averaging the lower
and upper bounds, with a default threshold ((7¢;g)) set to zero. This value
can vary between zero and the maximum upper bound derived from the
validation set for empirical thresholding. Additionally, the range of the pre-
diction interval is controlled by the confidence level (1 — ), which the user
determines, similar to IP7. The default confidence level is set at 0.5 but
empirically varied between 0.1 and 0.9.

IP9 (Remaining Time + Conformal): This variant combines the remain-
ing time (RT) estimate with conformal prediction. It filters ongoing cases
based on the remaining time until case completion and the conformalized
remaining time (CRT') estimate, which is calculated as the average of the
interval’s upper and lower bounds. Cases are classified as candidates when
both the RT and the CRT fall below a specified threshold (tgr) (e.g., five
days). This threshold can vary based on empirical observations from the
validation set, allowing for dynamic adjustments based on historical data.
Similarly, the CRT interval lower and upper bounds are based on the defined
confidence level (1 — ).

IP10 (Urgency + Conformal): This variant resembles IP9 but uses the
intervention window (/W) and the conformal interval window (CIW) esti-
mates derived from the survival model instead of the RT and CRT .
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e TP11 (Predictive + Conformal + Total Uncertainty): This variant inte-
grates OP, COP, and TU measures to establish a more conservative inter-
vention policy.

* IP12 (Predictive + Conformal + Causal + Conformal): This policy com-
bines parameters of IP7 and IP8, employing predictive and causal decision
rules along with conformal prediction to filter cases based on a mixture of
outcome predictions and causal inference under high confidence.

¢ IP13 (Predictive + Conformal + Urgency + Conformal): This variant
combines IP7 and IP10, incorporating predictive, urgency, and conformal
rules to ensure that cases requiring urgent interventions are addressed with
high predictive certainty.

* TP14 (Causal + Conformal + Urgency + Conformal): This variant inte-
grates IP8 and IP10, focusing on urgent cases driven by causal relationships
while maintaining high confidence through conformal rules.

* IP15 (Predictive + Conformal + Causal + Conformal + Urgency + Con-
formal): This is the most conservative policy, merging predictive, causal,
urgency, and conformal decision rules to maximize intervention effective-
ness while considering resource constraints. It combines elements from
IP7, IP8, and IP10.

The variants described above represent just a few of the many configurations
that can be created using the WB-PrPM framework. These examples are not ex-
haustive. For instance, an alternative variant could use only conformalized inter-
vention effects or a conformalized intervention window without combining them
with point estimates such as the intervention effect or intervention window, as
demonstrated in IP8 and IP10. This flexibility enables organizations to adapt and
customize intervention policies based on their specific requirements.

Each variant also involves parameters and thresholds that need to be defined.
For instance, in IP1, the parameter is the outcome prediction (OP), and the thresh-
old is Top. This highlights the importance of automated methods to optimize these
threshold values in intervention policies to improve particular performance mea-
sures, such as total gain.

5.5.5. Results

We present the results of evaluating the WB-PrPM framework for developing
white-box intervention policies, considering key dimensions such as importance,
urgency, uncertainty, and capacity. The evaluation examines different framework
variants under varying levels of resource availability, focusing on identifying an
appropriate performance measure to assess the effectiveness of these intervention
policies.

Each intervention policy (e.g., IP1, IP2, ..., IP15) aims to target cases where,
without intervention, the outcome would be negative, but with intervention, the
outcome becomes positive. We refer to these cases as "persuadable cases," as
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illustrated in Fig. 12. Specifically, these are cases where the outcome without
intervention is Y (7 = 0) = 0, and with intervention, it changes to Y(7T = 1) =
1. The goal is to avoid intervening in cases classified as "do not disturb," "sure
thing," or "lost causes," as there would be no benefit from intervention in these
cases. Moreover, intervening in such cases could have negative effects, leading to
resource waste and potential loss.

The effectiveness of intervention policies is measured by the TotalGain, as
discussed in 4.5.2 and as shown in Eq. 4.4, which incorporates the change in
outcome (AY). AY can take a value of either zero or one: a value of one indicates
a successful intervention, where the outcome changes from negative to positive.
In contrast, a value of zero indicates no change in outcome. Additionally, the
total gain function considers two other factors: the benefit of achieving a positive
outcome (Gain) and the cost of intervention (Cj,). While beneficial, interventions
incur costs, which are necessarily factored into the total gain, as shown in Eq. 4.4.
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Figure 19. BPIC2012: Total Gain Comparison of All Variants

In response to RQ2.1, we perform a comparative analysis of all intervention
policy variants, including the baseline policies (IP1, IP2, IP3, and IP4), under
various resource utilization levels (High, Medium-High, Medium, and Low). The
results of this analysis are presented in Figures 7 for the BPIC2012 dataset and
Figure 8 for the BPIC2017 dataset. These figures also illustrate the differences
between applying hyperparameter optimization methods (figure on the right) and
using default parameter threshold values (figure on the left) for each intervention
policy, thereby addressing RQ2.2.

Here, we observe three distinct behaviors. The first observation is that simpler
and less conservative variants, which include only one or two parameters in the
decision rules used to filter ongoing cases into candidates eligible for interven-
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tion, tend to outperform more complex variants that combine multiple parame-
ters. Compared to the more complex or conservative variants, these simpler vari-
ants demonstrate better performance due to their streamlined structure and fewer
decision-making factors. This trend is evident across both event logs, particularly
for IP2, IP8, IP10, and IP5 variants. These policies incorporate the dimensions of
importance, represented by the intervention effect factor, and urgency, represented
by the intervention window, allowing them to achieve more effective outcomes.

The second observation is that incorporating uncertainty or conformal predic-
tion measures on top of simple estimates derived from machine learning models,
e.g., predictive, enhances performance. This improvement is clearly seen when
comparing IP3 with its conformal variant, IP9, where the RT estimate is com-
bined with the CRT estimate. Similarly, IP6, which relies primarily on the total
uncertainty measure of the outcome prediction, shows better performance. This
trend is also evident when comparing IP1 against its conformal variant, IP7. In
this case, adding conformal measures in addition to the point estimate of the out-
come prediction significantly improves policy performance. Intuitively, this can
be explained by the fact that relying solely on point estimates, which inherently
carry uncertainty, may not be ideal for decision-making processes unless these
estimates are conformalized to account for their uncertainty.
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Figure 20. BPIC2017: Total Gain Comparison of All Variants

The third observation is that complex variants with multiple parameters may
underperform. Variants with more complex decision rules—those that include
three or more parameters—tend to underperform. This underperformance is likely
due to the limited availability of historical data matching such decision rules’
complex structure. This is particularly evident in variants such as IP11, IP12,
IP13, and IP15, each of which has at least three parameters, meaning three con-
ditions must be simultaneously met. However, this observation does not hold in
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the case of IP14, which combines intervention effect and intervention window
(representing causal and urgency) and conformalized estimates. In the context of
business processes, where cases may overlap or execute in parallel, prioritizing
cases and knowing the expected impact of interventions could prove useful, es-
pecially for resource-constrained environments. Though IP14 outperforms other
complex variants, it still does not surpass the performance of simpler variants.

Based on these observations, when more conservative policies are needed, fo-
cusing on factors like intervention effect and/or intervention window, coupled
with a layer of uncertainty, is advisable to ensure confident decision-making. For
example, in the banking industry, a conservative approach is necessary to mini-
mize default rates when deciding on high-risk loans. The bank may evaluate the
intervention effect (how offering a loan could change a customer’s financial out-
come) and the intervention window (timing of the loan approval). By incorporat-
ing uncertainty estimates into the decision-making process, the bank can ensure
that the decision to approve or reject a loan is based on more reliable predic-
tions, thus avoiding unnecessary financial risk. For instance, offering loans to
customers with ambiguous credit histories could be managed more effectively
with uncertainty-aware policies.

Conversely, simpler variants tend to outperform more complex ones in situ-
ations where more relaxed policies are preferred. For example, in e-commerce,
customer retention strategies often involve simple, flexible intervention policies.
For example, to target cart abandonment, a company may implement a simple in-
tervention policy that triggers a discount offer when customers leave items in their
cart for a certain time (urgency dimension).

To address RQ2.2, we utilized the Tree-structured Parzen Estimator (TPE) al-
gorithm [297]. We conducted 50 optimization trials to fine-tune parameters such
as filtering thresholds and ranking weights for each intervention policy variant.
The main objective was to examine the tradeoffs between different parameter val-
ues within the intervention policies, enabling optimization for enhanced perfor-
mance. This approach assists business analysts in identifying the optimal combi-
nations of intervention policy parameters rather than manually setting them.

As illustrated in Figures 19 and 20 (on the right), the parameter optimiza-
tion process improved total gain compared to non-optimized default parameters.
This improvement was consistently observed across all policy variants, including
baseline methods, highlighting the effectiveness of the optimization in enhancing
intervention policy outcomes in both datasets.

An important observation from the parameter optimization analysis is that as
the availability of resources increases, the execution times for determining the
optimal values for different parameters decrease. This increased efficiency is at-
tributed to the higher resource availability, facilitating a more effective optimiza-
tion process. No clear pattern emerged regarding ranking policy weight values;
their variations appeared to depend more on the level of available resources and
the type of variant used.
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Also, the analysis reveals that when parameter optimization is not applied,
most variants achieve higher total gain as resource utilization decreases, indicat-
ing more available resources for intervention. This suggests that without optimal
settings, the framework allows for more aggressive strategies, capturing a wider
range of cases.

In contrast, with parameter optimization, most variants plateau in performance
at medium resource levels. This means that the decision rules become more con-
servative, narrowing the range of cases targeted for intervention. Stricter filtering
criteria reduce the number of interventions, limiting total gain.

This behavior reflects a trade-off between resource allocation and maximiz-
ing positive outcomes. When resources are constrained, the system focuses on
interventions likely to provide the highest benefits, relying more on conformal es-
timates to assess uncertainty. However, with adequate resources, the framework
can adopt a more flexible approach, increasing the chances of identifying cases
that would benefit from intervention.

For the causal variant (IP2), the intervention effect threshold remained un-
changed from the default value. However, when the causal variant was combined
with conformal prediction (IP8), the average value of the intervention effect (IE)
threshold increased to 0.3, particularly at low or medium levels of resource avail-
ability, with the causal intervention effect (CIE) threshold around 0.5. Addition-
ally, we observed that as the level of available resources increased, the causal
intervention window (CIW) threshold also rose in the IP10 variant. This trend can
be explained by the fact that increased resources allow for a longer time frame to
execute interventions.

5.5.6. Qualitative Analysis of Interpretable Patterns

To complement the quantitative evaluation of intervention policies (IP1-IP15), we
analyze the interpretable decision rules derived from the WB-PrPM framework.
These rules highlight how transparency in white-box models enhances policy de-
sign. Below, we dissect three key patterns and their implications:

1. Pattern 1: Simpler Rules Outperform Complex Ones. Intervention poli-
cies, including importance (intervention effect) and/or urgency (interven-
tion window) as decision criteria (e.g., IP2, IP5, IP8, IP10) consistently
outperformed complex variants with >3 parameters (e.g., IP11-1P15). For
instance, IP8’s rule—"Intervene if intervention effect > 0.3 and the confi-
dence level equal to 90%"—achieves high TotalGain by focusing on cases
where effective action maximizes impact. From a policy perspective, sim-
ple thresholds enable stakeholders to prioritize cases with clear cost-benefit
tradeoffs, optimizing resource allocation. For example, in e-commerce,
urgency-based rules, such as "Offer discounts if cart abandonment risk >
70% within 1 hour," align with dynamic customer behavior, ensuring timely
interventions.
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2. Pattern 2: Uncertainty-Aware Policies Enhance Confidence. Policies that
integrate uncertainty measures, such as confidence levels or total uncer-
tainty thresholds, consistently outperform those that do not. For instance,
IP8’s rule—"Intervene if the intervention effect is greater than 0.2 and
the confidence level is 80% (o = 0.2)"—helps counteract overconfidence
in noisy predictions by ensuring that interventions are only applied when
strongly supported. From a risk mitigation perspective, confidence level
thresholds (e.g., "o = 0.2") can quantify uncertainty, enabling more careful
policies in high-stakes areas like healthcare or finance. Moreover, stake-
holder trust is supported when decision-making frameworks include clear
uncertainty measures. In pilot studies, clinicians preferred policies like IP7,
which incorporated confidence level (e.g., "70% confidence in treatment
success") over models with ambiguous predictions.

3. Pattern 3: Overly Complex Rules Suffer from Data Sparsity. Multi-
parameter rules (e.g., IP12: "IE > 0.4, a = 0.2, OP > 0.6, o = 0.3") are
designed to provide more conservative policies, but they often underper-
form due to limited historical data that meets all the specified criteria. As a
result, only a small number of cases satisfy the stringent thresholds, leading
to missed opportunities for intervention. This highlights the importance of
balanced policy design, as using more than two concurrent thresholds can
be impractical unless supported by sufficient data or required for a stricter
policy. Furthermore, the success of IP8 ("/E > 0.3 and v = 0.1") illus-
trates that combining causal and conformal measures can compensate for
the complexity of overly intricate rules. This approach allows for a more
adaptable strategy, which remains effective despite data sparsity, striking a
better balance between complexity and actionable insights while reducing
the risk of missing valuable interventions.

5.5.7. Discussion and Threats to Validity

In this section, we discuss the implications of our findings, emphasizing the prac-
tical challenges in implementing the WB-PrPM framework and identifying po-
tential threats to the validity of our results. We also examine the suitability of
different intervention policy variants based on specific process characteristics and
highlight practical limitations that may hinder users from effectively utilizing the
framework.

Practical Challenges and Change Management. The WB-PrPM framework
offers a flexible approach for stakeholders to define intervention policies tailored
to their business needs. However, its practical application comes with several
challenges. One major issue is the change in how business processes are man-
aged. Automated intervention policies can disrupt established workflows and may
meet resistance from employees and stakeholders who are accustomed to making
decisions manually. This resistance is particularly strong in organizations where
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decisions have traditionally relied on human intuition or experience.

To address this challenge, it is essential to implement a method for estimating
the confidence of each decision. This transparency can help stakeholders under-
stand and trust the system’s recommendations. By showing users how certain the
system is about a specific intervention, they may feel more comfortable delegat-
ing decision-making to the framework. Additionally, mechanisms that explain
how the system arrives at its decisions are vital for building trust and facilitating
the transition from manual to automated processes.

Integrating the WB-PrPM framework with existing business process manage-
ment systems can also present challenges. Legacy systems may only partially
support real-time monitoring of interventions, and organizations might incur sig-
nificant costs to adapt or replace these systems. Beyond technical issues, the
change management process must consider the organizational culture and ensure
alignment among all stakeholders with the system’s objectives. Training and on-
going support will be necessary for users to understand and effectively engage
with the framework.

Applicability Across Process Contexts. While the WB-PrPM framework pro-
vides a clear method for developing intervention policies, the effectiveness of
various variants heavily depends on the characteristics of the processes involved,
such as resource availability, cost structures, and sensitivity to outcomes. More
complex variants, especially those that combine multiple models, may not per-
form well in environments requiring flexibility due to their conservative nature. In
contrast, conservative policies could be advantageous in processes where negative
outcomes carry a high cost, as they prioritize only the most promising interven-
tions, reducing the risk of misallocating resources. For example, in the banking
industry, a conservative approach is necessary to minimize default rates when de-
ciding on high-risk loans.

In processes with high variability or uncertainty in outcomes, simpler variants
may be more effective because they can adapt better to changing conditions. Orga-
nizations facing resource constraints may also benefit from these simpler policies,
as they balance performance and efficient resource allocation. Therefore, we rec-
ommend that organizations carefully evaluate their process characteristics before
selecting an intervention policy. For example, to target cart abandonment, a com-
pany may implement a simple intervention policy that triggers a discount offer
when customers leave items in their cart for a certain time (urgency dimension).

Flexibility of Models. The WB-PrPM framework allows the integration of var-
ious machine learning and statistical models, enhancing flexibility in making pre-
dictions and decisions based on specific process characteristics and available data.
Alternatives such as Propensity Score Matching (PSM) and Inverse Probability of
Treatment Weighting (IPTW) can complement the potential outcome framework
by balancing features between treated and untreated groups to estimate the inter-
vention effect [309].
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To address uncertainty in estimates related to need, effect, and intervention
timing, Monte Carlo Simulation can be utilized to simulate multiple possible out-
comes for a case and assess uncertainty in predicted intervention results [310].
Moreover, rather than using survival models to estimate the time until a nega-
tive outcome occurs, methods focusing on remaining-time prediction can be em-
ployed, which incorporate confidence measures for greater accuracy.

A wide range of classification methods, including Random Forest and Logistic
Regression, can be applied to outcome-oriented prediction tasks. Additionally,
Queuing Theory can be utilized to estimate resource availability for interventions
in processes with limited capacity, enabling effective prioritization of interven-
tions [312]. Furthermore, Learn-to-Rank (LTR) methods can enhance the ranking
of cases based on intervention criteria, optimizing decision-making within the ap-
proach [311].

Threats to Validity. The WB-PrPM approach shares similar external validity
concerns with the UN-PrPM approach, primarily due to the reliance on only two
datasets, which limits the generalizability of the evaluation. Another threat to
external validity stems from the use of the RealCause [295] method to estimate
alternative outcomes, as it extrapolates what the outcome would have been if an
intervention had not occurred. These external validity threats are discussed in
detail in Section 4.5.4. Beyond these external validity concerns, the WB-PrPM
approach also faces threats to internal and ecological validity.

Internal Validity. Potential threats to internal validity may arise from the re-
source allocation procedure during runtime. To address this potential threat, we
conducted each experiment three times to account for uncertainties and reported
the mean value across the replications. Despite minor variations in total gains, we
consistently obtained similar results across these replications.

Ecological Validity. Potential threats to the ecological validity of the findings
stem from the assumption that all resources have uniform proficiency in execut-
ing interventions. Furthermore, the proposed framework assumes the existence of
only one type of intervention. In reality, there might be various types of interven-
tions, such as contacting a customer to offer a discount or providing a personalized
consultation. The proposed framework is not tailored for scenarios involving mul-
tiple types of interventions, commonly referred to as multi-intervention settings.

5.6. Summary

This Chapter introduced the White-Box Prescriptive Process Monitoring (WB-
PrPM) approach, aimed at improving the transparency and effectiveness of inter-
vention policies in business processes. While the UN-PrPM approach presented
in Chapter 4 focuses on developing uncertainty-aware intervention policies, the
WB-PrPM extends this by incorporating resource constraints, ensuring that poli-
cies operate effectively under limited resources. Thus, this Chapter builds upon
previous work and discusses factors affecting intervention policies, categorized
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into four top-level dimensions: importance, urgency, uncertainty, and capacity, to
develop intervention policies that operate under limited resources. This results in
intervention policies ranging from more conservative to aggressive, allowing for
a balance of different scenarios and benefit-to-cost tradeoffs.

Accordingly, the WB-PrPM approach integrates predictive and causal mod-
els to estimate interventions’ needs and expected effects. It employs survival
models to assess urgency, conformal prediction techniques to manage uncertainty,
and resource capacity monitoring to incorporate resource limitations directly into
decision-making. Users can define policy parameters, such as thresholds and
weights, to filter ongoing cases and identify candidates for intervention. Can-
didate cases are ranked based on importance and urgency, ensuring interventions
maximize a performance measure (total gain). Additionally, the approach auto-
mates the tuning of policy parameters to optimize the total gain achieved by the
intervention policy.

A comparative analysis was conducted using real-life datasets to evaluate the
performance of various WB-PrPM approach variants against established base-
lines. The results demonstrate that WB-PrPM consistently achieves higher to-
tal gains compared to existing baselines. Notably, incorporating causal effects of
interventions and urgency as decision-making dimensions significantly enhances
the prioritization of time-sensitive cases, ensuring that interventions are applied
where they yield the greatest impact. The analysis also reveals that more complex
variants, which include multiple decision parameters, tend to adopt a more con-
servative strategy compared to simpler, more relaxed variants. This adaptability
proves particularly advantageous when balancing cost-to-benefit tradeoffs. Fur-
thermore, simpler variants that integrate uncertainty measures consistently out-
perform those that do not, highlighting the value of uncertainty awareness in im-
proving intervention effectiveness.

The results also show that while complex variants tend to underperform sim-
pler variants due to their strict decision rules, a black-box setting may yield differ-
ent benefits. In this context, the decision to trigger interventions and allocate lim-
ited resources becomes more data-driven, which could favor the decision-making
capabilities of complex variants compared to simpler ones. This shift highlights
the potential value of incorporating complexity into intervention policies to en-
hance overall effectiveness.

Thus, the next Chapter will further extend the UN-PrPM and WB-PrPM ap-
proaches to develop intervention policies in black-box settings and constrained
resource environments.
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6. PRESCRIPTIVE PROCESS MONITORING UNDER
RESOURCE CONSTRAINTS: A BLACK-BOX
APPROACH

In the preceding chapters, we presented two distinct approaches to prescriptive
process monitoring: the uncertainty-aware prescriptive process monitoring (UN-
PrPM, Chapter 4) and the white-box prescriptive process monitoring (WB-PrPM,
Chapter 5). Both approaches aim to identify cases likely to result in negative
outcomes during the execution of business processes and to trigger interventions
that can transform these outcomes into positive ones. These interventions are de-
signed to maximize a total gain function, with the UN-PrPM approach assuming
resource-unconstrained environments, while the WB-PrPM approach operates un-
der resource constraints. A limitation of these approaches is their dependence on
manual specifications by business analysts to define the parameters that most in-
fluence the policy and determine the threshold values for triggering interventions.

The WB-PrPM approach, for instance, involves the formulation of interven-
tion policies through a filtering and ranking process that considers various factors,
including importance (need and effect), urgency (intervention window), uncer-
tainty (as measured by conformal predictions), and capacity (resource availabil-
ity). While this approach provides transparency and control, it also requires sig-
nificant input and decision-making from the business analyst, who must deeply
understand the process dynamics. This manual process can be time-consuming
and sensitive to human error, particularly in complex scenarios where multiple
factors interact unpredictably. Meanwhile, online reinforcement learning (RL) has
emerged as a promising data-driven approach for developing intervention policies
via trial-and-error. However, existing RL-based approaches assume that resources
for interventions are unlimited—an impractical assumption in real-world settings.

In this context, this chapter addresses a specific instance of the general PrPM
problem: Given past observations of completed cases, where some cases had in-
terventions, and each intervention has a cost and consumes resources with limited
capacity—the research question is posed as follows: RQ3: How can we design
data-driven, black-box intervention policies that manage limited resources effec-
tively, optimizing resource allocation and process performance, i.e., total gain,
within a resource-constrained setting?

To address this question, this chapter introduces a black-box prescriptive pro-
cess monitoring (BB-PrPM) approach as an alternative to the previously discussed
methods. The BB-PrPM approach utilizes RL, specifically designed to learn from
historical process data, to automatically develop intervention policies without the
need for filtering and ranking steps and, accordingly, the need to explicitly specify
thresholds or parameter weights.

The BB-PrPM approach mitigates the limitations of the WB-PrPM approach
by abstracting the complexity of policy formulation into a data-driven model. This
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abstraction simplifies decision-making for business analysts, allowing them to
rely on the model’s predictions rather than manually setting thresholds and pa-
rameters. In this context, we introduce an RL-based approach for prescriptive
process monitoring that triggers interventions based not only on the necessity,
timeliness, and effect of the intervention but also on the uncertainty associated
with these predictions and the level of resource utilization.

As in the WB-PrPM approach, the BB-PrPM approach uses predictive and
causal models to estimate an intervention’s necessity and expected effect. It also
incorporates a survival model to assess the urgency of interventions and employs
conformal prediction techniques to account for uncertainty. Furthermore, the ap-
proach includes a capacity-monitoring component that tracks resource allocation,
utilization, and demand intensity, ensuring that these parameters are integrated
into the intervention policy. The key distinction between the WB-PrPM and BB-
PrPM approaches lies in the black-box nature of the latter’s intervention policies.

We report on an empirical evaluation to assess the effectiveness of various BB-
PrPM approach variants, particularly in terms of convergence and performance
metrics across various resource utilization levels. This evaluation is compared
to baseline methods that are RL-based but lack consideration for resource con-
straints and inherent uncertainty parameters within the policy. The objective is
to demonstrate how the RL agent converges quickly toward intervention policies
that maximize total gain post-convergence.

The chapter begins with an introduction to the core concepts underlying our
approach in Sections 6.1 and 6.2, followed by a detailed explanation of the BB-
PrPM approach in Section 6.3 and Section 6.4. The empirical evaluation is then
presented in Section 6.5, and concludes with a summary in Section 6.6.

6.1. High-Level Approach Overview

The BB-PrPM approach develops a data-driven intervention policy for business
process execution using an online reinforcement learning (RL) method that bal-
ances interventions’ necessity with limited resource availability constraints. This
approach shares the same foundational structure as the WB-PrPM method intro-
duced in Chapter 5, encompassing three main components: (1) identifying factors
influencing intervention policies, (2) an offline phase, and (3) an online phase.
The first component, identifying factors influencing intervention policies, is
largely similar to the WB-PrPM approach, though there are key differences that
require discussion. Specifically, these factors are categorized into four top-level
dimensions that influence intervention decisions: Importance (need and effect),
Urgency (intervention window), Capacity (resource availability), and Uncertainty
(conformal measures). These dimensions guide the RL agent’s decisions on
whether and when to trigger an intervention and how to allocate resources to spe-
cific cases. The primary distinction in this component compared to the WB-PrPM
lies in the capacity dimension, which will be detailed in the following subsection.
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The offline phase (see Fig. 22) in the BB-PrPM approach is entirely analo-
gous to the WB-PrPM approach (see Section 5.3), where various machine learning
models are trained to predict or estimate the identified factors during operational
scenarios. A predictive model estimates the need for intervention, while a causal
model assesses the potential effect of the intervention—both of which pertain to
the importance dimension. Additionally, a survival model is trained to estimate
the remaining window for feasible intervention, representing the urgency dimen-
sion. These estimates are then calibrated to enhance certainty and support efficient
decision-making in the online phase.

Conversely, the third component, i.e., the online phase (see Fig. 23), entirely
differs from that in the WB-PrPM approach. In this phase, the BB-PrPM approach
is operationalized, where the trained ML models provide real-time estimates of
intervention factors. These estimates, combined with a resource monitoring and
allocation component that represents the capacity dimension, simulate an environ-
ment of constrained resources, thereby enriching the learning process for the in-
tervention policy. An online RL algorithm is deployed to learn this policy through
trial-and-error within the environment. The RL agent continuously observes the
state of ongoing cases, responds in real-time, and adjusts its decisions based on the
rewards or penalties received. Over time, the agent iteratively refines its policy,
converging toward an optimal intervention policy that maximizes the total gain.

Therefore, this chapter will focus on the BB-PrPM approach, highlighting its
distinctions from the WB-PrPM. Where applicable, relevant aspects of the WB-
PrPM approach will be referenced to provide context and clarify these differences.

6.2. Factors Affecting Intervention Policies

Factors Affecting
Intervention Policies

Capacity Uncertainty
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Figure 21. Factors influencing intervention policy decision-making.

The BB-PrPM approach is developed around factors influencing the agent’s
decision to trigger an intervention and allocate resources to a specific case within
a given state. As illustrated in Fig. 21, these factors are categorized into four
key dimensions: Importance, Urgency, Capacity, and Uncertainty. Given that
the primary difference from the discussion in Section 5.2 pertains to the capacity
dimension; this section will focus on the key distinctions within this dimension.
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In a resource-constrained environment where resources are limited, the capac-
ity dimension focuses on determining the feasibility of interventions. Even when
an intervention is necessary, effective, and urgent, it may become impractical if
resources are insufficient or the demand for interventions exceeds available ca-
pacity. In such cases, triggering the intervention may not be feasible. To better
understand this dimension, we subdivide it into Capability and Demand Intensity.

Capability refers to the ability and feasibility of executing an intervention
based on the availability of sufficient resources. It also reflects the extent to which
available resources are utilized. When resources are scarce, the feasibility of an
intervention is constrained. To effectively model this, we consider three param-
eters: a boolean variable indicating resource availability, the actual number of
available resources (denoted as n), and the proportion of resources available (rep-
resented by 7). These parameters are continuously monitored and assessed during
process execution.

We incorporate these parameters to estimate the capability to execute interven-
tions, capturing both binary availability and quantitative measures. This holistic
approach collectively influences the feasibility of triggering interventions, helping
in informed decision-making while resources are limited.

Demand Intensity accounts for situations where sufficient resources exist for
an intervention, but the decision to intervene might be postponed. For example,
if three resources are available and three cases require intervention, utilizing all
resources immediately would consume the entire intervention resource pool, leav-
ing no resources for potential future cases that might yield higher gains from the
intervention. To address this issue, we propose incorporating two parameters: the
arrival rate (1) of cases and the work-in-progress (WIP). As the number of incom-
ing cases increases, the demand for available resources for intervention execution
also rises, leading to a higher workload.

6.3. Offline phase of the BB-PrPM

The offline phase of the BB-PrPM approach shares similarities with the offline
phase of the WB-PrPM approach (see Section 5.3). However, for clarity and
completeness, the key aspects are summarized here.

The offline phase has two sub-phases: training and calibration (Fig. 22). In the
training sub-phase, event logs are preprocessed and encoded for model training.
Various models are trained to address specific intervention policy factors:

* A predictive model: Forecast the need for intervention, parameterized as
Outcome Prediction (OP) and Total Uncertainty (TU).

* A causal model: Estimate the effect of the intervention, represented as the
intervention effect (IE).

* A survival model: Assess the urgency of the intervention, captured as the
Intervention Window (IW).
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Figure 22. An overview of the offline phase.

The calibration sub-phase calibrates the model predictions to account for un-
certainty. Instead of relying on point estimates, predictions are adjusted using
conformal prediction techniques (discussed in Section 5.3.4) to produce confor-
malized estimates. These calibrated predictions are used during the online phase
to guide intervention decisions.

Conformal prediction is applied to predictive, survival, and causal estimates
(OP, IW, and IE) to ensure they meet a user-defined confidence level, 1 — ¢. This
process transforms the original estimates into Conformalized Outcome Prediction
(COP) for OP, Conformalized Intervention Window (CIW) for IW, and Confor-
malized Intervention Effect (CIE) for IE.

6.4. Online phase of the BB-PrPM

In this phase, depicted in Fig. 23, an online reinforcement learning (RL) algorithm
is employed to learn an intervention policy through trial-and-error, thereby oper-
ationalizing the BB-PrPM approach. The goal of this phase is for the RL agent
to interact within an environment characterized by limited resources, optimizing
its policy to maximize cumulative rewards while achieving faster convergence.
Over time, the agent incrementally refines its performance by learning from these
interactions and iteratively adjusting its policy.

The first step in adapting this scenario into a PrPM task under uncertainty
and resource constraints involves utilizing the models trained during the offline
phase. These models generate conformal estimates, representing case states at
different decision points or prefixes. These estimates capture information about
the need (COP and TU), effect (CIE), and intervention window (CIW), reflecting
the importance, urgency, and uncertainty of interventions. A capacity monitor-
ing component is then integrated to continuously observe event flow, consider-
ing arrival patterns and the availability of intervention resources, as defined by
domain-specific knowledge.
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Figure 23. An overview of the online phase.

The capacity monitoring component assumes a continuous stream of new
events from ongoing cases during operation or runtime. These events are col-
lated to accumulate the sequence of events, meaning that multiple cases may be
ongoing concurrently at any given time step. The agent must then decide which
cases require intervention and when, considering the constraints of limited re-
sources. Continuous monitoring of available resources, workload, and demand
intensity is necessary. Specifically, the system actively monitors the number (1)
and percentage (1) of available resources, the workload represented by cases in
progress (WIP), and the intervention demand indicated by the rate of case arrivals
(1) during runtime. These metrics are updated whenever a new event arrives or
when the agent triggers an intervention, i.e., allocates resources.

For instance, if there are three available resources (n = 3 and 11 = 100%) and
the first event of the first case arrives, the workload (WIP) is set to 1. If no
intervention is triggered, n remains 3, and 1 remains 100%. At this point, A
is considered zero since only one case exists. However, if another case arrives
and the agent decides to trigger an intervention, WIP becomes 2, n becomes 2,
and 7 drops to 66% due to resource allocation. This implies that the allocated
resources are temporarily occupied for a specific duration before being released.
A resource allocator manages this process, allocating, blocking, and releasing
resources during runtime. The arrival rate A is determined as the inverse of the
time difference between the arrivals of the two cases. For example, if the first
case arrives at 10:00 AM and the second case arrives at 10:30 AM, the arrival rate
would be 2 cases per hour (1/0.5 = 2 cases per hour).

Moreover, the RL agent operates across multiple cases simultaneously to
mimic real-life scenarios where cases often arrive concurrently and may over-
lap. This approach also helps prevent data leakage if information is provided to
the agent on a case-by-case or sequential basis. We achieve this by providing the
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agent with information while simulating a unique case identifier for each incom-
ing event and updating the agent’s policy after the completion of any case.

In the following sections, we will explain the learning problem, including con-
structing the environment with which the agent interacts. Additionally, we will
provide a detailed explanation of the reward function.

6.4.1. Learning Problem

The first step in formulating the learning problem is to define the RL agent’s en-
vironment. This environment is constructed based on states generated by a state
generator, with each state representing a snapshot of an ongoing case. These
states are dynamically updated during process execution, reflecting various pa-
rameters at different operational times. The state space includes factors influenc-
ing intervention policies, such as the need for intervention (COP and T'U), the po-
tential effect of the intervention (CIE), the timing window for intervention (CIW),
and factors of workload and resource management (WIP, 1, n, and A). This state
representation is meant to enable the RL agent to make informed decisions, accel-
erate convergence, and optimize the timing and allocation of interventions.

The environment is designed to capture the dynamic changes in process exe-
cution, making it both resource-aware and resource-constrained. On one hand, it
integrates detailed information about the availability of resources, ensuring that
the agent is aware of resource limitations. On the other hand, the environment
enforces constraints that prevent the agent from initiating interventions when re-
sources are insufficient, thus simulating a realistic resource-constrained setting.

The agent begins its interaction by observing the initial state S;, generated
by the state generator and corresponding to a specific prefix of an ongoing case.
This state provides the agent with the necessary information to make decisions
about the case at that particular point in time. The agent must decide whether to
intervene immediately, delay, or refrain from intervening altogether.

The action space A; € {0, 1} at each state or time step presents two options: 0,
which denotes the decision not to trigger an intervention, and 1, which indicates
the choice to trigger an intervention. Interventions are predefined actions based
on domain knowledge that aim to positively influence cases that are likely to end
with a negative outcome. For example, an intervention could involve offering
a discount to a customer or reducing the interest rate on a loan application to
improve its chances of approval.

As the simulation progresses to the next step (¢ + 1), a new state S; + 1 is
generated with the arrival of a new event. The agent then receives a reward or
penalty (R;) based on the action A, taken in the previous state S; and the resulting
consequences. The agent is rewarded if the intervention successfully transforms
a negative outcome into a positive one (a "persuadable case"), with the change in
outcome denoted as AY, as shown in Eq. 6.4.1 and Fig. 24. The AY, can be either
0 or 1, where 1 indicates that the outcome changed from negative to positive due
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to the intervention, and O indicates no change. On the other hand, the agent is
penalized if the outcome remains negative despite the intervention (a "lost cause"
case). Additionally, if the outcome had been positive without intervention (a "sure
thing" case), the intervention would have been unnecessary and may have resulted
in a penalty. Furthermore, if an initially positive outcome turns negative following
an intervention (a "do not disturb" case), this leads to a negative effect that should
be avoided.

1 ifY(T=0)=0andY(T=1)=1
0 otherwise

AY =

:S © |Do Not Disturb| Lost Cause
AY =0 AY =0

— | = | Sure Thing Persuadable
AY =0 AY =1

1 0

Figure 24. Grouping of cases based on intervention outcomes

To assess the effectiveness of interventions, we use the RealCause pack-
age [30], which generates alternative potential outcomes for each case prefix:
Y(T = 1) for the outcome with the intervention and Y (7 = 0) for the outcome
without the intervention, as shown in Fig. 24. This package addresses the chal-
lenge of determining intervention effectiveness directly from historical event logs,
where only one potential outcome per case is typically observed. The RealCause
model estimates what the outcome would have been without the intervention and
vice versa, ensuring these alternative outcomes are statistically indistinguishable
from the actual observed outcomes.

In this constructed environment, events from the event log are replayed chrono-
logically. The agent makes decisions based on the current state of each case, with
unique case identifiers indicating whether a new event pertains to an existing case
or marks the start of a new one. This iterative process of observing new states
and taking actions based on the specific conditions of each case is fundamental to
the agent’s learning process. Through exploration and exploitation of various in-
terventions, the agent gradually converges toward an optimal intervention policy
that maximizes the total gain. Convergence is achieved when the agent consis-
tently makes decisions that trigger interventions when necessary, effective, and
timely, all while considering resource availability. This optimal policy is reflected
in continuous positive rewards and positive total gain from the agent’s decisions.
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6.4.2. Reward Function

The reward function in the BB-PrPM approach is designed to reflect the effective-
ness of the agent’s intervention decisions. This reward aligns with the primary ob-
jective of maximizing the total gain by targeting cases from the persuadable group
and increasing the number of cases where the intervention successfully changes
the outcome from negative to positive. Also, the reward function must account for
minimizing intervention costs and ensuring efficient use of available resources.
To achieve this, the reward function incorporates several key elements: the cost
of the intervention (Cj;,), the gain from correctly allocating resources (Gain,y),
the gain from a positive outcome (Gain), and the change in outcome (AY). The
inclusion of Gain,. is necessary as it guides the agent to trigger interventions only
when the required resources are available. Triggering an intervention without
sufficient resources would render it ineffective. Similarly, the positive outcome
gain (Gain) reflects the benefits of achieving a positive outcome, adjusted for the
intervention’s cost. This is important because resource-backed interventions can
be beneficial but also incur costs that need to be considered. Table 13 provides a
detailed illustration of the reward function across different scenarios.
When the agent triggers an intervention with sufficient resources, the reward
or penalty it receives depends on the change in outcome, leading to two scenarios:
* Positive Effect (AY = 1): The agent earns a reward of r = (Gain — Cy,) +
Gain,.;, reflecting both the positive outcome and the efficient allocation of
resources minus the intervention cost.
* Negative Effect (AY = 0): The agent incurs a penalty of r = —(Gain +
Gainyes + Cjy), representing the failure to achieve a positive outcome, re-
source misallocation, and the cost of triggering an ineffective intervention.

Table 13. The proposed reward function

Agent triggers the intervention
Resource available | AY | Yes No
Yes 1 (Gain— Cy) + Gainyes —(Gain+ Gainy,s)
0 —(Gain+ Gainyes + Cy) | Gain+ Gainyes
No 1 7(Gat:nm) Gat:nm
0 —(Gainy,y) Gainyes

If the agent chooses not to trigger an intervention, the reward or penalty de-
pends on the change in outcome:
* Positive Effect (AY = 1): The agent incurs a penalty of r = —(Gain +
Gain,,y), reflecting the missed opportunity to achieve a positive outcome.
* Negative Effect (AY = 0): The agent secures a reward of r = Gain +
Gain,,s, avoiding the costs of an ineffective intervention.
In cases where resources are unavailable, it is assumed that interventions can-
not be triggered due to these limitations, and the negative outcome cannot be

prevented. Here, rewards or penalties are assigned based on the agent’s resource
allocation decisions:
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* If the agent triggers an intervention despite insufficient resources, it suffers
a penalty of r = —Gain,, reflecting the inefficacy of the action due to
resource constraints.

* If the agent refrains from triggering an intervention, it receives a reward
of r = Gain,.,, rewarding the cautious decision to avoid intervention when
resources are unavailable.

In summary, the reward function integrates the components of the total gain
function (positive outcome gain and intervention cost) and emphasizes resource
allocation effectiveness. The agent is penalized for misallocating resources to un-
necessary interventions and for recommending interventions when no resources
are available. Conversely, the agent is rewarded for allocating resources to inter-
ventions that successfully change outcomes from negative to positive. This en-
courages efficient resource management and discourages situations where needed
interventions cannot be performed due to resource shortages.

TotalGain = (AY % Gain) — Cyy, 6.1)

Finally, the total gain achieved by the RL agent is calculated on an episode
basis. An episode begins when the first event of a case is observed and concludes
with the last event of that case. The RL agent mitigates the risk of data leakage
by updating its policy at the end of each episode, i.e., at the end of each ongoing
case. This total gain is computed as outlined in Eq. 6.1, detailed in Section 4.5.2.

6.5. Evaluation

In this section, we evaluate the BB-PrPM approach in terms of its convergence
behavior and performance metrics across various levels of resource utilization, ad-
dressing RQ3. The evaluation includes a comparative analysis against RL-based
baseline approaches [1, 59] that do not consider resource constraints or the in-
herent uncertainties within the intervention policy. Specifically, the evaluation
measures the agent’s ability to effectively allocate available resources to execute
interventions when they are needed, effective, and urgent.

Convergence Metric: The convergence point is defined as the moment when
the RL agent’s cumulative gain becomes positive and remains so until the end
of the simulation. This metric evaluates the speed—or the number of cases re-
quired—for the RL agent to learn an intervention policy that consistently yields
positive total gains.

Performance Metric: The performance evaluation focuses on the total gain
achieved after reaching the convergence point. This approach is chosen because
the online RL agent requires a learning period to determine an optimal policy
for achieving positive gains. Assessing performance during this learning duration
might not accurately represent the agent’s capabilities. Therefore, the total gain
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prior to convergence can be considered a warm-up period, after which the learned
policy can be effectively deployed in a production environment.

To address RQ3 and guide the evaluation process, we divide it into two sub-
questions, examining the BB-PrPM approach’s internal variants and its standing
relative to existing baseline methods:

RQ3.1: How do different variants of the BB-PrPM approach perform in terms
of convergence (measured by the number of cases) and performance (measured
by total gain post-convergence) across various resource utilization levels?

RQ3.2: How does the performance of a particular variant of the BB-PrPM
approach compare to baseline methods in terms of convergence and total gain
across different resource utilization levels?

6.5.1. Datasets and Experimental Setup

The event logs and experimental setup used to evaluate the BB-PrPM approach are
consistent with those described in Sections 5.5.1 and 5.5.2, particularly regarding
the offline (training and calibration) phase.

We utilized the same event logs, BPIC2012 and BPIC2017, which represent
the loan origination process and are explained in detail in Section 4.2.1. Each
log contains detailed information on the sequence of activities performed during
the loan application process, including case outcomes and intervention, which are
essential for training and evaluating prescriptive approaches.

The experimental setup follows the methodology discussed in Section 5.5.2
and extends it by incorporating adjustments to operate the online RL component.
In line with prior research [1, 59], the Proximal Policy Optimization (PPO) al-
gorithm [166] is selected as the online RL algorithm for its ability to optimize
policies effectively in continuous control tasks.

The parameters Gain and Cj, typically require configuration by domain ex-
perts to optimize effectiveness, as they vary between business processes. In this
experiment, we use a medium-cost-benefit strategy with a C;,/Gain ratio of 50%.
Gain,,s is set to 50% of the margin, where the margin represents the potential
positive gain outcome minus the intervention cost in a scenario where the agent
triggers the intervention and achieves a positive outcome. Specifically, the Gain is
set to $60, representing the potential benefits of achieving a positive outcome. The
Gainy,s is set to $15, highlighting the importance of efficient resource allocation.
The Cj, is set to $30, indicating a balanced intervention cost.

These configurations are variable and dependent on the specific process and
domain knowledge. Experiments are also conducted with different cost-to-benefit
ratios, revealing that higher ratios slow RL agent convergence while lower ratios
speed it up. Additionally, experiments where Gainres was set to $0 indicated that
providing a signal for efficient resource allocation improved the performance of
the RL policy when Gain,.; was greater than zero.
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Furthermore, we followed the same approach discussed in Section 5.5.2 to es-
tablish the four levels of resource utilization: high, moderately high (M.High),
medium, and low. These levels were determined post-operation for each log, en-
abling a thorough evaluation of the BB-PrPM approach under varying resource
constraints. Accordingly, the experimental setup defines four resource utilization
levels: high, moderately high, medium, and low. These levels are defined post-
simulation by varying the available resources across different ranges. Through
extensive resource range analysis, we identify resource availability thresholds for
each utilization level, as shown in Table 12. For instance, in the BPIC2012 log, re-
source allocation is set to n = 1 for high resource utilization, n = 4 for moderately
high, n = 6 for medium, and n = 12 for the low level.

Intervention duration determination varies based on execution time, particu-
larly in one-by-one event streaming experiments. To maintain consistency, we
fixed the intervention duration at 1 second across all resource utilization levels.
This standardization allows for seamless event streaming and ensures relative con-
sistency across datasets with different case and event counts. However, the pri-
mary focus remains on varying resource utilization levels, which fluctuate across
datasets within the fixed intervention duration.

Variants of the BB-PrPM Approach. To evaluate the effectiveness of the BB-
PrPM approach across different levels of resource utilization, we introduce four
variants: "All," "withCATE," "withoutCIW," and "withoutTU." Each variant gen-
erates a distinct intervention policy, affecting both convergence and overall per-
formance, primarily by altering the state representations provided to the RL agent.

* All Variant: This variant reflects the full BB-PrPM approach as introduced.
It incorporates all the factors discussed that could influence intervention
policies. The state representation in this variant includes parameters re-
lated to need (COP and TU), effect (CIE), intervention window (CIW),
and workload and resource management (WIP, 1, n, and 1).

* withCATE Variant: In this variant, the CIE is replaced by the lower and
upper bounds of the CATE, as derived from prior research [1]. The state
representation includes: CIW, COP, TU, CATEy,, CATE,;,, WIP, 11, n, and
A. This variant allows for a direct comparison between the use of individual
intervention effects, represented by the CIE, and conditional average treat-
ment effects, represented by CAT Ej, and CATE,;, in guiding the RL agent
towards intervention policies. It helps determine which intervention effect
measure leads to quicker convergence and better overall performance.

o withoutCIW Variant: In this variant, the RL agent lacks explicit informa-
tion about the intervention window (CIW), which represents remaining in-
tervention time and urgency. The state representation includes: COP, TU,
CIE, n, n, and A. This variant tests whether the RL agent can autonomously
infer optimal intervention timing without CIW information, assessing the
importance of urgency-related data.
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* withoutTU Variant: In this variant, the RL agent is not provided with infor-
mation regarding the Total Uncertainty (TU) linked to the outcome predic-
tion. The state representation includes: CIW, COP, CIE, WIP, 1, n, and
A. By withholding TU information, this variant evaluates whether supply-
ing quantified uncertainty information enhances the RL agent’s ability to
prioritize cases, allocate resources more effectively, and converge quickly
towards policies that maximize total gain.

Each of these variants allows for a detailed examination of how specific factors
within the BB-PrPM approach influence the overall effectiveness of intervention
policies, particularly under varying resource utilization levels. This comparative
analysis helps in understanding the role of different factors in optimizing the per-
formance of the BB-PrPM approach.

6.5.2. Results

In this section, we present the results of evaluating the learned intervention policy
across various resource utilization levels, focusing on two key measures: conver-
gence, which denotes the point at which the RL agent consistently makes deci-
sions resulting in positive gains, and performance, which assesses the total gain
achieved after convergence.

Comparative Analysis of BB-PrPM Approach Variants. To address RQ4.1, we
investigate how the RL agent’s convergence behavior varies with different levels
of resource utilization. As the availability of resources increases, the agent may
take longer to learn the effects of resource saturation due to the greater complexity
of managing more resources for interventions. This could lead to a longer time to
achieve convergence.

Table 14. Convergence speed, measured in terms of the number of cases, for different
proposal variants across various resource utilization levels and logs.

Resource utilization
Log Variant High | Moderately High | Medium | Low
All 629 1024 1158 -
withCATE | 884 1132 1136 1142
BPIC2012 withoutCIW | 892 1159 - -
withoutTU | 772 1155 1138 769
All 7616 222 6572 -
withCATE - 7595 7610 | 5072
BPIC2017 withoutCIW - 3687 7594 1707
withoutTU | 7735 4933 3723 -

Table 14 presents the convergence rates for different variants of the BB-
PrPM approach across various resource utilization levels using the BPIC2012 and
BPIC2017 logs. The "All" variant generally converges the fastest under high and
moderately high resource utilization levels in both logs. This suggests that when
resources are limited, explicitly incorporating all factors affecting intervention
policies can help the agent converge more quickly.
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In contrast, in the BPIC2017 log, the "withoutCIW" variant performs well un-
der low resource utilization because this log is large enough to contain sufficient
business cases. Thus, when the number of cases or their duration is substantial, the
RL agent can infer the optimal timing for interventions without needing explicit
information about the intervention window (CIW). Additionally, the "withoutTU"
variant converges faster under medium resource utilization than others. This might
be because, with abundant resources, total uncertainty (7U) is unnecessary, as a
strict or conservative policy is unneeded.

Similarly, in the BPIC2012 log, the "withoutTU" variant also converges more
quickly than the others under low and medium resource utilization levels. This
further supports the notion that when resources are plentiful, excluding TU can
simplify decision-making, leading to faster convergence. Moreover, the with-
outTU variant performs comparably to the "withCATE" variant under medium
resource utilization, suggesting that simplifying the model may not significantly
impact performance in some cases.

In summary, the "All" variant demonstrates strong performance, particularly
under high and moderately high resource utilization levels. This suggests that in-
corporating all relevant factors into the state representation may offer a balanced
approach to resource management, especially when resources are constrained.
However, in scenarios where resource utilization is low or medium, simplifying
the model by excluding certain factors, such as TU or CIW, can lead to faster
convergence, potentially indicating more efficient use of resources.

Table 15. Total gain (in Thousands) post-convergence for different proposal variants
across various resource utilization levels and logs.

Resource utilization
Log Variant High | Moderately High | Medium | Low
all 6.8 1.6 0.1 0
withCATE 3.8 0.5 0.3 0.4
BPIC2012 withoutCIW | 4.3 0.1 0 0
withoutTU 5 0.1 04 4.5
all 1.1 103.2 14.3 0
withCATE 0 0.9 0.8 45.8
BPIC2017 withoutCIW 0 48.1 1.4 78.5
withoutTU 0.1 47.8 42.2 0

On the other hand, Table 15 presents the results concerning the performance
measure, specifically the total gain achieved post-convergence across the different
variants of the BB-PrPM approach under varying levels of resource utilization.
The findings show that under conditions of limited resources—where resource
utilization is high or moderately high—the "A/l" variant generally outperforms the
other variants. This suggests that when resources are constrained, incorporating
all relevant factors into the intervention policy allows the RL agent to make more
informed decisions, allowing for optimal resource allocation and results in higher
total gains when resources are scarce.
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In contrast, simplifying the model by excluding parameters like TU or
CIW can improve performance when resources are abundant, particularly under
medium or low resource utilization. This likely occurs because, with abundant
resources, a more relaxed intervention policy can be used. As a result, a simpler
model converges faster and more efficiently by focusing on key factors. For ex-
ample, the "withoutTU" variant performs well under medium resource utilization,
suggesting that excluding total uncertainty enables the model to prioritize primary
factors, leading to better resource allocation and higher total gains.

The differences in convergence and performance between the BPIC2012 and
BPIC2017 logs highlight the impact of log characteristics, such as size and case
diversity, on model effectiveness. In larger and more diverse logs like BPIC2017,
the model may benefit from simplifying assumptions (e.g., excluding CIW), as the
richness of the data allows the RL agent to infer optimal policies without needing
explicit information for every factor. Conversely, in smaller logs like BPIC2012,
the "All" variant, which contains all factors affecting intervention policies, may
compensate for the small or lower richness of the data.

Evaluating the Best-Performing Variant Against Baseline Approaches. To ad-
dress RQ4.2, we conducted experiments comparing a specific variant of the BB-
PrPM approach, referred to as the "All" variant, against two baseline methods
introduced in previous studies [1, 59]. The "All" variant was selected for these
comparisons because it demonstrated faster convergence and higher total gain,
particularly under high or moderately high resource utilization conditions, reflect-
ing scenarios where resources are limited. The two baseline methods used for
comparison are referred to as BLI (proposed in [1]) and BL2 (proposed in [59]).
Both baselines assume the availability of sufficient resources to execute immedi-
ate interventions for all cases and do not account for any resource constraints.

The distinction between the "All" variant and the baselines lies in the state
representation. The state representation for the "All" variant includes parameters
such as COP, TU, CIE, CIW,WIP, n, n, and A, encompassing all factors affect-
ing intervention policy. In contrast, the state representation for BLI includes only
CATE;,, CATE,;,, and COP, which focus solely on the importance dimension of
intervention factors. The BL2 state representation includes a relative position,
updated after the arrival of a new event to reflect the current prefix relative to the
case length, a reliability estimate indicating the agreement or disagreement among
classifiers in an ensemble, and the outcome prediction.

It is important to note that BLI and BL2 were originally designed without
considering resource constraints. To adapt these baseline methods to a resource-
constrained setting, we modified their reward structure by assigning a reward of
zero to the agent when it triggers an intervention in a state where no resources
are available. This allows for a fair comparison with the "All" variant, which is
both resource-aware and resource-constrained. The baseline methods, however,
remain resource-unaware—they do not incorporate resource information as part
of their input—but are executed within a resource-constrained environment.
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BPIC2012. In the analysis of the BPIC2012 log, the "All" variant of the BB-
PrPM approach consistently outperforms the baseline methods in terms of both
convergence and total gain across various levels of resource utilization, as illus-
trated in Fig. 25. Particularly under high and moderately high resource utilization
levels, the BB-PrPM approach converges toward an intervention policy that max-
imizes total gain, demonstrating superior performance compared to the baseline
methods. This suggests that the BB-PrPM approach is more effective in resource-
constrained environments where managing limited resources is necessary.
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Figure 25. Comparative analysis of the "A/l" Variant and two baseline methods:
BPIC2012

Conversely, under medium or low levels of resource utilization, the analysis
reveals that none of the methods, except for BLI, achieve convergence or gener-
ate a positive gain. This indicates potential difficulties in reaching convergence in
scenarios with more abundant resources, leading to a decrease in overall gain for
all methods except BLI. The ability of BLI to achieve convergence and positive
gain under these conditions might be attributed to its simpler state representation,
which could be better suited for environments where resources are more readily
available. The simplicity of BLI’s state representation may enable more straight-
forward decision-making, particularly when resources are less constrained.

Additionally, it is noteworthy that BL2 outperforms BLI at moderately high
resource utilization levels. This improved performance of BL2 could be linked
to its state representation, which includes information reflecting the urgency of
interventions, such as the relative position. The inclusion of this information may
provide BL2 with an advantage in scenarios where timely decision-making is nec-
essary, enhancing its ability to allocate resources effectively.

BPIC2017. The analysis of the BPIC2017 log reveals that the "A/l" variant of
the BB-PrPM approach consistently outperforms both baseline methods (BL/ and
BL2) across all levels of resource utilization, as illustrated in Fig. 26. This superior
performance could be attributed to the specific characteristics of the BPIC2017

125



log, which differs from the BPIC2012 log. Notably, the BPIC2017 log includes
cases with a longer average duration, meaning that the RL agent encounters more
events per case. This extended exposure enables the agent to learn better and con-
verge toward intervention policies that yield a positive total gain. However, this
trend is less apparent when resource utilization is low, likely due to the abundance
of available resources that diminishes the challenge of resource constraints.
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Figure 26. Comparative analysis of the "A/l" variants and two baselines: BPIC2017.

Moreover, the "All" variant of the BB-PrPM approach exhibits faster conver-
gence toward the optimal intervention policy under moderately high resource uti-
lization. This could be due to the more relaxed resource constraints in such sce-
narios, which provide the agent greater decision-making flexibility. Additionally,
the method of defining the convergence point may influence these results. In this
analysis, we reset the total gain to zero if the agent converges and then experiences
regression. This ensures that only stable and consistent positive-gain policies are
considered as converged. However, it also suggests that the RL agent may not
achieve a stable, positive-gain policy within the tested time frame for other re-
source utilization levels.

When comparing the two baseline methods across different resource utiliza-
tion levels, it is observed that BLI performs better according to the BPIC2017 log
than in the BPIC2012 log. This improvement can be attributed to the fact that
BLI, with its simpler state representation, can still guide the agent in determining
an effective intervention policy. However, this simplicity may also lead to longer
convergence times before achieving positive gains. This observation highlights
the importance of providing the agent with explicit information on factors in-
fluencing intervention decisions, especially in resource-constrained environments
and during runtime.

The findings from RQ4.1 and RQ4.2, as discussed above, indicate that explic-
itly providing the RL agent with information regarding the importance, urgency,
uncertainty, and capacity dimensions generally results in a more effective inter-
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vention policy. The "All" variant, in particular, consistently performs well across
different resource utilization levels compared to the baseline methods. This trend
is especially notable when resources are limited and intervention decisions are
subject to uncertainty. In such resource-constrained and uncertain environments,
the advantages of equipping the RL agent with information to guide decision-
making become clear. This is particularly important in business process manage-
ment, where operational settings vary significantly, necessitating tailored inter-
vention policies, especially during real-time operations.

6.5.3. Threats to Validity

In addition to the external threats to validity discussed in Section 4.5.4, the eval-
uation of the BB-PrPM approach presents specific threats related to internal and
ecological validity.

Internal Validity: The stochastic nature of the reinforcement learning agent’s
learning process introduces potential threats to internal validity. To mitigate this
stochasticity, we conducted each experiment three times and reported the average
results across these replications. Although minor variations in convergence rates
and total gains were observed, the results remained consistent across different
runs, reinforcing the reliability of our findings.

Ecological Validity: Potential threats to ecological validity stem from the
assumption that all resources are equally proficient in executing interventions.
Moreover, the BB-PrPM approach assumes a single type of intervention, whereas,
in real-world scenarios, there may be multiple types of interventions, such as of-
fering a discount or providing a personalized consultation to a customer. The
proposed method does not account for such "multi-intervention" settings, which
may limit its applicability in more complex, real-world environments.

6.6. Summary

This chapter introduced the Black-Box Prescriptive Process Monitoring (BB-
PrPM) approach, designed to enhance business process performance by trigger-
ing runtime interventions. Unlike the white-box approach discussed earlier, the
BB-PrPM approach uses online reinforcement learning to optimize intervention
policies in environments with resource constraints and uncertainty. By abstract-
ing the complexity of policy formulation into a data-driven model, the BB-PrPM
approach reduces reliance on manual input from business analysts, who tradition-
ally need to specify key parameters and determine the conditions and timing for
interventions.

To achieve this, the BB-PrPM approach integrates predictive and causal mod-
els to estimate interventions’ necessity and expected effects, uses a survival model
to assess urgency, and applies conformal prediction techniques to manage uncer-
tainty. It also incorporates a resource capacity monitoring component, ensuring
that resource allocation is an integral part of decision-making. Through online
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reinforcement learning, the approach dynamically learns which cases require in-
tervention and when within the context of uncertain and resource-limited environ-
ments. Consequently, the resulting intervention policy is both resource-aware and
resource-constrained.

We conducted a comparative analysis of various BB-PrPM approach variants
and benchmarked the best-performing variant against two baseline methods from
the state-of-the-art. The evaluation revealed that the variant incorporating infor-
mation on the importance, urgency, uncertainty, and capacity dimensions gener-
ally outperforms others, achieving faster convergence and higher total gains. This
was particularly evident under high or moderately high resource utilization levels,
reflecting scenarios with limited resources.

In the next chapter, we conclude this thesis and highlight promising directions
for future work in the area of prescriptive analytics for business processes.
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7. CONCLUSION

7.1. Summary of Contributions

This thesis investigated two shortcomings of existing approaches to prescriptive
process monitoring (PrPM). First, existing PrPM approaches do not account for
the uncertainty of the machine learning models they rely upon. This limitation
may lead to interventions being triggered in situations where the predictions and
other estimates produced by these models are unreliable, leading to suboptimal
outcomes. Second, existing prescriptive monitoring approaches assume that it is
possible to trigger an unlimited number of interventions during any period of time.
In many use cases, however, each intervention blocks a resource (e.g., a process
worker) during a certain period of time. Assuming that the number of resources is
limited, this observation entails that a prescriptive process monitoring system can
only trigger a limited number of interventions during a given period of time.

The thesis addressed the first gap by extending existing prescriptive pro-
cess monitoring methods with mechanisms to account for prediction uncertainty.
Specifically, we experimented with two mechanisms for uncertainty modeling:
(i) uncertainty scores derived from ensemble methods; and (ii) conformal pre-
dictions, which provide formal guarantees on the confidence of predictions. We
found that the latter approach is particularly promising in the context of PrPM.

The thesis then addressed the second gap by proposing both white-box and
black-box PrPM methods that explicitly account for resource capacity. The main
hypothesis underpinning the proposed resource-aware PrPM methods is that,
when resources are limited, the intervention policy needs to take into account
the following factors:

* The necessity of triggering an intervention, which is be modeled using a
classification model that predicts whether or not a case will end up in a
negative outcome.

* The effectiveness of an intervention, which is modeled using a causal effect
estimation model.

* The urgency of the intervention (can the intervention be postponed?), which
is modeled by means of a survival model.

» The resource capacity available to perform the intervention.

* And the uncertainty of the previous models (e.g. uncertainty of the classifi-
cation models), which is captured using conformal prediction methods.

7.2. Research Questions Revisited

Research Question 1:  How can we develop intervention policies that effec-
tively incorporate uncertainty into decision-making, ensuring that predictions are
reliable and decisions are made confidently to maximize a total gain function?
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Chapter 4 focused on integrating uncertainty into a predictive monitoring ap-
proach to create an uncertainty-aware intervention policy. The goal is to avoid
triggering interventions when the level of uncertainty is high.

Specifically, we introduced an uncertainty-aware prescriptive process moni-
toring approach, namely UN-PrPM, which enhances traditional predictive mon-
itoring approaches by incorporating two mechanisms to account for uncertainty
(uncertainty scores and conformal predictions), thus enabling more reliable inter-
vention policies. At runtime, both the predictions and their associated uncertainty
measures are utilized to operationalize the UN-PrPM approach. This allows the
PrPM system to determine which cases necessitate intervention while also con-
sidering that interventions, though potentially beneficial, carry associated costs.

An empirical evaluation of the UN-PrPM approach, conducted using real-
world event logs, demonstrated its effectiveness in enhancing process outcomes
compared to baseline methods that do not factor in uncertainty. The evaluation
showed that uncertainty-aware policies are generally more conservative, achiev-
ing a comparable total gain with fewer interventions but higher success rates.

Research Question 2: How can business stakeholders define transparent, rule-
based white-box intervention policies that manage limited resources efficiently
while optimizing the total gain of the resulting intervention policy in a resource-
constrained setting?

Chapter 5 focused on developing a white-box PrPM approach (namely WB-
PrPM) that enables business stakeholders to specify interpretable, rule-based
methods for triggering interventions on the basis of multiple relevant factors. This
approach is designed to be both uncertainty-aware and resource-constrained, mak-
ing it particularly effective when decision-makers must balance the demand for
interventions with the limitations of available resources.

The WB-PrPM approach identifies key factors influencing intervention poli-
cies under resource constraints, categorized into four top-level dimensions: im-
portance, urgency, uncertainty, and capacity. These factors were estimated us-
ing relevant machine learning techniques, such as predictive, causal, and survival
models. These estimates were then integrated with a filtering and ranking pol-
icy to identify cases requiring intervention and select the most appropriate one.
Additionally, a resource allocator was incorporated into the approach to manage
allocating, blocking, and releasing resources from the intervention resource pool.

The evaluation of the WB-PrPM approach highlighted its effectiveness in bal-
ancing resource utilization and process optimization. The assessment studied the
performance of distinct variants, mainly in terms of total gain at various resource
utilization levels. It also compared WB-PrPM with baseline methods that focused
on intervention policy but lacked consideration of resource constraints and inher-
ent uncertainty. By factoring in importance, urgency, and uncertainty, resources
are allocated where most needed, maximizing total gain from interventions.
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Research Question 3:  How can we design data-driven, black-box intervention
policies that manage limited resources effectively, optimizing resource allocation
and process performance, i.e., total gain, within a resource-constrained setting?

Chapter 6 focused on developing data-driven, black-box intervention policies
that optimize resource allocation and process performance without requiring man-
ual policy specification, as required in the WB-PrPM approach. While WB-PrPM
offers transparency and control, it also demands significant input from process
workers, who must thoroughly understand process dynamics. This manual ap-
proach can be time-consuming and prone to errors, especially in complex scenar-
ios where multiple factors interact unpredictably. To address these challenges, we
introduced the black-box prescriptive process monitoring approach (BB-PrPM),
which utilizes online reinforcement learning (RL) to develop intervention poli-
cies at runtime. The BB-PrPM abstracts the complexity of policy formulation
into a data-driven model, allowing it to adapt to changing process conditions and
resource availability without needing constant human input.

The BB-PrPM approach builds upon the WB-PrPM approach, extending it
into a data-driven paradigm. Similar to the WB-PrPM, the BB-PrPM approach
leverages predictive and causal models to estimate the necessity and expected im-
pact of interventions. It also incorporates survival models to evaluate the urgency
of interventions and employs conformal prediction techniques to address uncer-
tainty. Additionally, the BB-PrPM includes a capacity-monitoring component that
tracks resource allocation, utilization, and demand intensity, ensuring these factors
are integrated into the intervention policy. The primary distinction between WB-
PrPM and BB-PrPM lies in the black-box nature of the latter’s intervention poli-
cies, where the decision-making process is driven by data and automated learning
rather than predefined rules.

Empirical results demonstrate that the BB-PrPM optimizes process perfor-
mance while handling resource constraints. By continuously learning from on-
going process executions, the BB-PrPM can dynamically adjust intervention poli-
cies to achieve optimal outcomes, reducing the need for manual intervention and
minimizing the risk of human error. The empirical evaluation assessed the ef-
fectiveness of various BB-PrPM approach variants, focusing on convergence and
performance metrics across different levels of resource utilization. This evalua-
tion compared the BB-PrPM to baseline RL-based methods that do not account for
the policy’s resource constraints and uncertainty measures. The results highlight
the BB-PrPM’s ability to rapidly converge toward intervention policies that max-
imize total gain post-convergence, especially when resource utilization is high or
moderately high, illustrating its potential for enhancing process performance in
resource-constrained environments.
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7.3. Comparison of Proposed PrPM Approaches

Table 16 compares the three proposed PrPM approaches (UN-PrPM, WB-PrPM,
and BB-PrPM) across several aspects, including their goals, resource constraints,
intervention factors, decision procedure, methodology, adaptability, use cases, and
performance evaluation.

Table 16. Comparison of the three presented Prescriptive Process Monitoring (PrPM)

Approaches: UN-PrPM, WB-PrPM, and BB-PrPM

Aspect UN-PrPM WB-PrPM BB-PrPM
. Uncertainty-aware, resource-
. . . Uncertainty-aware, resource- X . R
Uncertainty-aware  intervention K constrained, data-driven interven-
Goal - o . constrained, and  rule-based . .. L
policies to maximize total gain. . . .. tion policies to maximize total
intervention policies. .
gain.
Resource Unlimited resources. Limited resources. Limited resources.
Constraints
: . . Intervention need, effectiveness, | Intervention need, effectiveness,
Intervention Intervention need and uncertainty. . . ) .
Factors urgency, capacity, uncertainty. urgency, capacity, uncertainty.
Users define thresholds and
Decision Filters and prioritizes cases based | weights; employs filtering and | Autonomously learns intervention
Procedure on uncertainty-aware predictions. ranking for prioritization (Priority | policies from historical data.
Scheduling).
Triggers interventions based on | Combines predictive models,
predictive scores and uncertainty | causal inference, survival analysis, | Uses RL to learn intervention poli-
Methodology . - . . . P
measures, according to empirically | and rule-based mechanisms with | cies from historical data.
determined thresholds. resource allocation.
- - Balances conservative and aggres-
Enhances prediction reliability . L . 8 Learns to allocate resources to
. . S . sive policies depending on re- Lo .
Adaptability without considering operational - . . maximize its rewards function un-
. source availability, using filtering e .
constraints. . der different scenarios.
and ranking.
. . . . . L Ideal for complex, resource-
Suitable for environments where | Best for scenarios requiring ex- . - .
. . . . B constrained environments with
Use Cases resource constraints are not criti- | plainable policies and effective re- . -
sufficient historical data for RL
cal. source management. .
training.
. L. Consistently achieves higher total . . .
Uncertainty-aware policies are . Y . & RL policies that incorporate im-
. . gains than baselines by incorpo- .
more conservative and achieve X - portance, urgency, uncertainty, and
. rating causal effects, urgency, and . « .
Evaluation higher success rates than non- LT . P capacity (the “complex variant™)
. . prioritizing time-sensitive cases.
Results uncertainty-aware baselines, but, . . X lead to faster convergence and
. Simpler uncertainty-aware vari- . .
overall, they achieve comparable better performance, especially in
. ants may outperform more com- . .
total gain. resource-constrained settings.
plex ones.
Simple variants (e.g., [IP10) | Complex variants (e.g., the All
Performance of achieve higher Total Gain com- | variant) outperform simple ones,
Simple vs. pared to complex variants (e.g., | especially under high resource uti-
Complex Variants 1P15). lization.

N . Performs better, under low re- | Excels under high resource uti-
Performance with P . . A R .
High vs. Low - source utilization (e.g., /P10 in | lization (e.g., "All" variant in

shvs. Low BPIC2012). BPIC2017).

Resource Utilization
- BPIC2012: Urgency + conformal . .
olicy (/P10) a%rowy all resource | Dominated by the "All" variant
poticy | o ) under High/Moderately High re-
i utilization levels. source utilization levels

Best Performing - - BPIC2017:  Causal policy . .

Variant . - "WithoutTU" variant performs
(IP2/IP8) adapts to resource shifts best under Medium/Low resource
(IP2 for High/M. High, IP8 for e

. utilization levels.

Medium/Low).

The UN-PrPM approach maximizes total gain with uncertainty-aware inter-
vention policies, assuming unlimited resources. In contrast, the WB-PrPM ap-
proach integrates resource constraints via rule-based allocation mechanisms, bal-
ancing factors like importance, urgency, uncertainty, and capacity. This makes it
suitable for scenarios needing explicit policies and resource management. How-
ever, while adaptable, it may not perform as well in highly dynamic environments
compared to data-driven approaches.
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The BB-PrPM approach, which uses reinforcement learning (RL), models both
uncertainty and resource constraints. It is highly adaptive and suitable for com-
plex, resource-constrained environments, especially when there is enough histor-
ical data for training. While it requires more data and computational resources,
it consistently outperforms the other two approaches in resource-constrained sce-
narios. Each of the three approaches offers distinct advantages, with UN-PrPM
being the simplest, WB-PrPM providing transparency, and BB-PrPM being the
most dynamic and adaptable.

Additionally, the comparison in Table 16 reveals distinct performance patterns
between the white-box (WB-PrPM) and black-box (BB-PrPM) approaches. For
WB-PrPM, simpler, interpretable variants that contain fewer than or equal to two
parameters (e.g., /P10 in BPIC2012) consistently outperform more complex vari-
ants with more than two parameters (e.g., IP15) across various resource utilization
levels. In contrast, BB-PrPM relies on complex variants, such as the "All" policy,
which dominates in high resource utilization scenarios but underperforms in low
resource utilization scenarios. Furthermore, the BB-PrPM approach performs bet-
ter under high resource utilization levels, while the WB-PrPM approach improves
under low resource utilization levels.

Finally, to explicitly compare the performance of the black-box and white-box
approaches, we present the results in Table 17. This table compares the WB-PrPM
and BB-PrPM approaches based on their performance. It specifically focuses
on the total gain (in thousands) achieved by the best-performing variants across
various resource utilization levels for two datasets: BPIC2012 and BPIC2017.
For each dataset, the table shows the best variant for each approach under four
resource utilization categories: High, Moderately High (M. High), Medium, and
Low.

Table 17. Comparison of WB-PrPM and BB-PrPM Approaches Based on Total Gain of
Best Variant at Different Resource Utilization Levels

Resource Utilization
High M. High Medium Low
Dataset Approach | Best Variant | TotalGain | Best Variant | TotalGain | Best Variant | TotalGain | Best Variant | TotalGain
BPIC2012 WB-PrPM 1P10 0.184 1P10 0.349 IP10 0.505 1P10 0.468
BB-PrPM All 6.8 All 1.6 WithoutTU 0.4 WithoutTU 4.5
BPIC2017 WP-PrPM 1P2 0.237 1P2 0.436 1P8 0.462 1P5 0.453
BB-PrPM All 1.1 All 103.2 WithoutTU 422 WithoutCIW 78.5

In BPIC2012, the WB-PrPM approach consistently performs well with the
IP10 variant (urgency + conformal) across all resource utilization levels, achiev-
ing the highest total gain in each category. On the other hand, BB-PrPM’s "All"
variant performs best regarding high resource utilization. However, it significantly
underperforms in other categories, with the "Without TU" variant achieving better
results in medium and low resource utilization.

In BPIC2017, the WB-PrPM approach performs well with the /P2 variant
(causal only) at high and moderately high resource utilization, while the /P8 vari-
ant (causal + conformal) excels at medium utilization, and /P5 (urgency only)
shows the best performance at low utilization. In comparison, the "A/l" vari-
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ant of the BB-PrPM approach again performs better at high resource utiliza-
tion but performs inconsistently across other levels, with the "WithoutTU" and
"WithoutCIW" variants yielding varying results.

This comparison highlights that, in general, and particularly when resources
are limited (i.e., high resource utilization), the BB-PrPM approach achieves higher
total gains compared to the WB-PrPM approach. It also emphasizes that the per-
formance of the WB-PrPM approach tends to be more stable across different re-
source utilization levels, though with lower total gains compared to BB-PrPM.
In contrast, BB-PrPM’s performance is more variable, excelling primarily under
high resource utilization, where resources are low. However, it struggles under
lower resource utilization due to insufficient data for the RL agent to learn an
optimal intervention policy when resources are large.

7.4. Future Directions

While this thesis has addressed key challenges regarding uncertainty and resource
constraints in prescriptive process monitoring, several avenues for future research
remain. In the following, we outline five possible directions for advancing the
field of prescriptive process monitoring in business processes.

7.4.1. Expanding the Dataset Pool

The research presented in this thesis was limited by the selection of available event
logs containing case outcomes and interventions necessary for establishing causal
relationships. Consequently, the evaluation was restricted to datasets with docu-
mentation referencing a case outcome and an intervention. Future research should
focus on expanding the range of evaluation datasets to enhance the generalizabil-
ity of prescriptive process monitoring approaches. This expansion could involve
identifying new event logs that meet the necessary criteria or creating synthetic
datasets that accurately reflect real-world scenarios.

Moreover, causal discovery techniques could automatically discover causal re-
lationships between interventions and outcomes. These techniques can identify
potential interventions within observational data and their causal impact on iden-
tified outcomes. However, a limitation of this approach is that the discovered
interventions may require further validation by domain experts. In this thesis,
we chose to rely on domain experts to directly determine possible interventions,
avoiding the additional complexity of discovering and then verifying them.

Expanding the dataset pool will significantly improve the generalizability of
prescriptive process monitoring approaches, allowing for more comprehensive
evaluations across various business domains.
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7.4.2. Evaluation Through Randomized Trials

One of the significant challenges in any method relying on causal inference, such
as prescriptive process monitoring, is accurate evaluation. In the research pre-
sented in this thesis, historical process execution, i.e., event logs, were used to
evaluate prescriptive process monitoring. However, in such observation data cases
where an intervention is recorded, we only know the outcome with the interven-
tion, and we lack information about the outcome if the intervention had not oc-
curred. Conversely, for cases where no intervention is recorded, we only know
the outcome without the intervention. To estimate these alternative outcomes to
identify persuadable cases, we employed the RealCause method, which, while
theoretically well-founded and extensively evaluated, may still produce incorrect
estimates in some instances.

Given these limitations, a promising direction for future research is using ran-
domized controlled trials (RCTs), which are considered the gold standard for eval-
uating causal inference-based methods. RCTs involve randomly assigning cases
to either receive an intervention or not, allowing for a more accurate assessment
of the intervention’s true impact by directly comparing outcomes between treated
and untreated cases. Integrating RCTs into the evaluation of prescriptive process
monitoring approaches would provide stronger validation of their effectiveness.
It could greatly enhance the credibility and accuracy of causal inferences drawn
from these methods.

7.4.3. Multi-Agent and Hierarchical Resource Allocation

The current resource-constrained approaches in prescriptive process monitoring
assume that all resources are homogeneous and equally proficient in executing
interventions. This simplification may not hold in more complex, real-world set-
tings where resources often have varying levels of expertise, and decision-making
processes may involve multiple layers of hierarchy. A possible future research
direction could explore the integration of multi-agent systems and hierarchical
resource allocation models.

In a multi-agent system, different agents—such as employees, teams, or de-
partments—possess varying capabilities and responsibilities. These agents could
be modeled with distinct proficiencies in executing specific types of interventions.
Hierarchical models could then be employed to represent the layered decision-
making structures often found in organizations, where decisions are made at dif-
ferent levels depending on the nature of the task and the expertise required.

Such an approach would allow for a more accurate representation of real-world
operational environments. By accounting for the diversity in resource capabilities
and the complexity of decision-making hierarchies, these models could lead to
the development of more effective and tailored intervention policies, enhancing
the overall performance of prescriptive process monitoring systems.
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7.4.4. Multi-Objective Intervention Policies

In many business processes, decision-makers navigate trade-offs between com-
peting objectives such as cost efficiency, customer satisfaction, and regulatory
compliance. Current prescriptive process monitoring approaches typically focus
on optimizing a single objective, e.g., improving process outcomes or reducing
cycle time. This may limit their applicability in real-world scenarios where mul-
tiple goals must be balanced simultaneously.

Future research could address this limitation by developing multi-objective in-
tervention policies that account for these trade-offs. Incorporating methods from
multi-objective optimization and reinforcement learning, researchers could de-
sign systems that balance different objectives, leading to more refined intervention
strategies that better align with several organizational goals.

A promising research direction involves tackling the challenges of a multi-
objective reinforcement learning task. Unlike the current work, which focuses
on enhancing a single objective (such as reducing negative case outcomes like
customer rejections), the problem can be reframed to address multiple objectives
concurrently. For example, a system could aim to reduce negative outcomes while
also minimizing cycle time or operational costs. By exploring multi-objective RL
strategies, future research could provide a more general approach to process opti-
mization and decision-making in complex scenarios where competing objectives
are at play.

7.4.5. Multi-Intervention Settings

The prescriptive process monitoring approaches presented in this thesis operate
under the assumption that only one type of intervention can be applied (e.g., send-
ing an additional loan offer) and that an intervention is triggered at most once per
case. However, real-world business processes often have multiple possible in-
tervention types (such as reducing the monthly interest rate, extending the loan
duration, or offering personalized consultations). Moreover, multiple interven-
tions of the same or different types may be triggered within a single case, either
simultaneously or sequentially.

Extending the current approaches to accommodate multi-intervention scenar-
ios represents a significant avenue for future research. This would involve de-
signing policies considering the interactions between different interventions and
their combined effects on process outcomes. For instance, offering a discount in
conjunction with a personalized consultation might be more effective than either
intervention alone.

Therefore, future research would investigate the development of prescriptive
monitoring systems capable of handling these complex, multi-intervention set-
tings. This would require integrating more sophisticated decision-making algo-
rithms that can evaluate the cumulative impact of various interventions over time,
such as Multi-Armed Bandits, thereby improving the flexibility and effectiveness
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of intervention strategies in real-world applications. By addressing the complexi-
ties of multi-intervention scenarios, these advanced systems could better support
business processes that require dynamic and adaptive strategies to optimize pro-
cess performance across various dimensions, such as customer satisfaction, cost
efficiency, and compliance.

7.4.6. Handling Multi-Class Outcomes

As process monitoring evolves, prescriptive tasks involving multi-class outcomes,
such as customer satisfaction levels (1 —5), present challenges beyond binary clas-
sification. Key issues include estimating intervention effects across all categories,
selecting appropriate evaluation metrics, and addressing class imbalance, where
underrepresented levels (e.g., satisfaction levels 1 and 5) can lead to biased pre-
dictions.

Estimating intervention effects across all outcomes is crucial. This can be
achieved using hierarchical causal models [336] that decompose multi-class out-
comes into nested binary decisions (e.g., satisfaction > 3 vs. < 3) or through
multi-task learning frameworks that jointly model interventions across all cate-
gories [337]. To mitigate class imbalance, techniques such as SMOTE [338],
cost-sensitive learning [339], and ensemble methods like XGBoost can be em-
ployed. Additionally, evaluation metrics like the weighted F1-score, MCC, and
class-specific precision/recall provide a more comprehensive assessment beyond
accuracy [340]. These approaches could help address the challenges of prescrip-
tive monitoring in settings with multi-class outcomes.
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SISUKOKKUVOTE

Ettekirjutav protsessijalgimine maaramatuse ja
ressursipiirangute korral

Kaasaegsetes organisatsioonides on korduvad tegevused koondatud &riprotsessi-
deks, mida jélgitakse ja optimeeritakse pidevalt, et pakkuda klientidele ja teistele
sidusrithmadele korgemat lisandviirtust. Protsessikaeve on tehnikate kogum, mis
toetab driprotsesside analiiiisi ja optimeerimist tuginedes nende &riprotsesside tiit-
misel siindmuslogidesse kogutavatele andmetele. Alamosa protsessikaeve tehni-
katest, nimetusega ennustav protsessijalgimine, kasutab neid siindmuslogisid, et
treenida masindppemudeleid, mis suudavad jooksvalt ennustada driprotsessi tu-
levasi olekuid voi siindmusi. Ennustava protsessijalgimise tehnikad véimaldavad
juhtidel néiteks nédha, millised protsessi tditmised omavad tGenédosust et protses-
si tulemus on negatiivne, viies nditeks kliendi kaebusteni vdi miiiigivoimaluste
kaotamiseni. Samas ei aita need tehnikad juhtidel otseselt kindlaks teha, milliste
(tdiendavate) tegevuste abil oleks vdimalik neid negatiivseid tulemusi véltida.

Ettekirjutav protsessijalgimine on eelnevaga seotud tehnikate kogum, mis ki-
sitleb iilaltoodud piirangut pakkudes vilja sekkumisi, mis suurendavad protsessi
positiivsete tulemuste tdendosust. Nditeks, kui ennustav protsessijilgimine vdib
vaid tuvastada, et taotleja liikkab laenupakkumise tdenioliselt tagasi, siis ettekir-
jutav protsessijalgimine voib lisaks soovitada, et laenuhaldur (ressurss) saadaks
tdiendava laenupakkumise (sekkumine) eesmérgiga suurendada laenulepingu sol-
mimise tdendosust (protsessi positiivne tulemus). Ettekirjutava protsessijilgimise
selgrooks on sekkumispoliitika — otsustusprotseduur, mis méérab, millised prot-
sessi isendid (juhud) nduavad sekkumist, millise protsessioleku korral sekkumine
algatada, ja milline ressurss peaks sekkumise teostama. Ettekirjutava protsessijil-
gimise eesmédrk on maksimeerida vdimendusfunktsiooni, mis arvestab nii nega-
tiivsete tulemuste véltimisest saadavat kasu kui ka sekkumiste teostamisega kaas-
nevat lisakulu.

Ettekirjutava protsessi jilgimise valdkonna olemasolevatel lihenemistel on
kaks tiilipilist piirangut. Esiteks ei arvesta nad soovituste aluseks olevate ennus-
tuste madramatusega. Teiseks eeldavad nad iga soovitatud sekkumise teostamist,
jéttes arvestamata asjaolu, et sekkumise teostamine nduab vastava ressursi ae-
ga, millest tulenevalt on vdimalike sekkumiste koguarv piiratud. Teisisonu, selles
valdkonnas hetkel olemasolevad meetodid ei ole midramatuse- ega ressursitead-
likud.

See viitekiri esitleb kolme teaduslikku panust, mis keskenduvad nende piiran-
gute lahendamisele. Esimene panus on ettekirjutav protsessijdlgimise meetod, mis
kaasab midramatuse nditajad sekkumispoliitikasse. Selle meetodi empiiriline hin-
damine néitab, et mddramatuse niitajate kaasamine parandab sekkumispoliitika
tulemuslikkust, eriti oludes kus ressursside kittesaadavus on tugevalt piiratud.
Teiseks ja kolmandaks panuseks olevad ettekirjutava protsessijilgimise meeto-
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did on midramatuse- ja ressursiteadlikud. Teine panus on reeglipdhine valge kas-
ti lihenemine ettekirjutavale protsessijilgimisele. See meetod vdoimaldab kasuta-
jatel méidrata sekkumispoliitikaid filtreerimis- ja jdrjestuspoliitikate abil, tugine-
des madramatust arvestavatele ennustus-, pohjuslikus-, ja ellujidmismudelite vil-
junditele. Kolmas panus on musta kasti ldhenemine ettekirjutavale protsessijilgi-
misele. See meetod kasutab jooksvat stiimuldpet, et koostada sekkumispoliitika,
mis thendab ennustus-, pdhjuslikus-, ja ellujiimismudelitest saadavad sisendid,
et maksimeerida protsessi tulemuslikkuse voimendusfunktsiooni, ilma et kasutaja
peaks ise sekkumisreegleid midrama.

Kiesolevas viitekirjas eitatud meetodid on empiiriliselt hinnatud kasutades
reaalseid andmestikke ning vottes vordlusaluseks varasemad olemasolevad la-
henemised, mis ei ole méidramatuse- ega ressursiteadlikud. Hindamise tulemu-
sed niitavad, et sekkumispoliitikad on tdhusamad, kui nad kaasavad ennustus-,
pohjuslikus-, ja ellujiimismudelite viljundeid ebakindlust teadvustaval viisil ja
arvestavad ressursside kéttesaadavusega ilmutatud kujul. Koik antud viitekirja
raames viljatootatud meetodid on saadaval avatud ldhtekoodiga tarkvarana, mis
voimaldab teistel teadlastel seda t66d laiendada.
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