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Abstract
Recent efforts in Predictive Process Monitoring (PPM), have increasingly relied on advanced Machine Learning

(ML) and Deep Learning (DL) models, which are often considered black boxes due to their internal reasoning being

difficult, if not impossible to understand. In light of the transparency and explanation requirements introduced

by regulatory frameworks such as the GDPR and the EU AI Act, this has made the explainability of automated

decisions increasingly important. This thesis addresses this challenge by developing methods not only to generate

process-aware explanations, but also to evaluate them systematically and leverage them for purposes beyond

individual predictions. By making the decisions of existing PPM models more transparent, these contributions

aim to open their black boxes and foster the practical adoption of predictive monitoring systems. Beyond PPM,

this thesis also provides process-oriented perspectives that can inform the design and evaluation of explainability

methods in other temporal and structured domains.
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1. Introduction

Predictive Process Monitoring (PPM) is an emerging field within Process Mining that focuses on forecast-

ing the future course of ongoing process instances, enabling organisations to anticipate outcomes and

support critical decisions in domains such as finance, healthcare, and public administration. Advances

in machine learning have enabled highly accurate predictions; yet, these models remain black boxes

whose reasoning is inaccessible to end users. This opacity undermines trust and accountability and

raises serious challenges for organisations operating under strict regulatory frameworks, such as the

GDPR and the EU AI Act, where individuals are entitled to receive understandable explanations of

algorithmic decisions that affect them.

In the vision of AI-Augmented Business Process Management Systems (ABPMS) [1], process-aware

explainability is not a peripheral feature but an essential property of next-generation process manage-

ment tools. Explanations in this context must go beyond generic explanations based on individual input

features and explicitly respect the temporal and structural nature of business processes. However, most

efforts to introduce explainability into PPM have transferred techniques from the broader Explainable

AI domain with limited adaptation to process-specific characteristics [2]. As a result, explanations may

overlook the temporal background knowledge, i.e., temporal rules and constraints that govern process

executions, limiting their meaningfulness and practical usefulness.

While initial efforts in Explainable PPM (XPPM), such as [3, 4, 5, 6, 7], established a promising

research direction, research has focused mainly on identifying the most influential factors leading to

predictions, i.e., factual explanations, while considerably less attention has been devoted to offering

actionable alternatives during execution, i.e., counterfactual explanations [8]. Existing counterfactual

generation techniques, such as [7, 6], have also been evaluated predominantly through qualitative
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criteria, with no standardised evaluation framework for counterfactual explanations in Process Mining.

Moreover, these techniques do not guarantee that the generated counterfactual explanations comply

with the temporal background knowledge of the underlying process.

Therefore, the current thesis aims to address the following research questions:

RQ1. How should process-aware explanations be evaluated?

RQ2. How can process-aware explanations be generated using temporal background knowledge?

RQ3. How can process-aware explanations be leveraged beyond their explanatory role?

In the following, we give some context for the reader in Section 2, before moving to the contributions

of the thesis in Section 3.

2. Background and Context

Modern machine learning models can learn complex relationships from historical data and produce

highly accurate predictions. However, for many models, particularly deep neural networks and ensemble

methods, it is difficult to understand how the input information is transformed into a prediction. These

models are commonly described as black boxes: users can observe the information provided to the

model and the prediction it returns, but not the reasoning connecting the two [9, 10]. In PPM, this

entails that a model may predict that an ongoing trace will have an undesired outcome without clearly

indicating which elements of the process execution contributed to that prediction.

Explainable Artificial Intelligence (XAI) aims to make such predictions more understandable by

providing additional information about the behaviour of the predictive model [10]. Explanations can be

distinguished according to their scope:global explanations describe the general behaviour of a model, for

example by identifying which activities or attributes typically influence the behaviour of the model

across the entire event log; local explanations, instead, focus on one particular prediction and explains

why the model produced that result for a specific ongoing trace.

Explanations also differ according to the question they answer. A factual explanation describes which

attributes of the observed trace contributed to the current prediction. For instance, it may indicate that

a loan application was rejected because a particular activity occurred, or the processing time exceeded

a certain threshold. A counterfactual explanation instead describes what would need to change for the

model to produce a different outcome [11]. For example, it may indicate that the prediction would

change from rejection to acceptance if an additional review activity were performed or if a different

amount was requested for the loan.

Counterfactuals are particularly relevant to PPM as they provide actionable alternatives rather than

only identifying influential features. However, alternative executions that change the prediction are not

necessarily meaningful from a process perspective. They may suggest an infeasible activity order, or

violate process rules. This motivates the need for process-aware explanations: explanations that consider

not only the behaviour of the predictive model, but also compliance w.r.t the underlying temporal

background knowledge.

3. Contributions

This thesis aims to answer to the three questions above, through three main contributions. First, it

introduces an evaluation framework tailored to process-aware explanations in PPM, defining principled

criteria for assessing their quality and usefulness. Second, it develops novel methods for generating

explanations that ensure they remain realistic and consistent with the structure and constraints of real

processes. Third, it advances the field by demonstrating how explanations can be leveraged in more

refined ways: either focusing on summarised process-aware explanations of predictive models, or on

the use of explanations for data generation and what-if scenario analysis, enabling the exploration of

explanations beyond their initial application.



RQ1. How should process-aware explanations be evaluated? This direction started from the

observation that existing counterfactual explanation techniques were generally assessed through

heterogeneous or qualitative criteria, while the broader XAI community still lacked agreement on a

standard evaluation methodology [10]. The thesis therefore introduced a process-aware evaluation

framework combining general counterfactual desiderata, such as validity, proximity, plausibility, sparsity,

and diversity, with dimensions specific to process data, including temporal conformance. The framework

also considers the influence of the generation strategy, trace encoding, event-log characteristics, and

the point at which an ongoing trace is explained.

Out of the various desiderata, diversity can be particularly important in PPM as the same prediction

may be achieved through several alternative process executions, as the same prediction may be reached

through several genuinely different feasible alternatives rather than minor variations of a single trace. To

assess whether these alternatives remain consistent with the process, we measure temporal conformance

using declarative temporal background knowledge, whose flexibility allows multiple valid execution

paths, foregoing the need to prescribe a single procedural model [12].

While, the evaluation revealed that no generation strategy is universally preferable, the proposed

framework offers a standardized framework for assessing counterfactual explanations in PPM. Nonethe-

less, when comparing the different types of method,we observed that generative methods favor speed

and minimal changes, but often sacrifice plausibility and process alignment, while case-based methods

offer more realistic explanations at higher cost, and are subject to the amount of traces that are available

for computation. Instead, hybrid methods, such as Genetic Algorithms, offered an intermediate trade-off

by combining existing trace examples with the flexibility to explore new alternatives. This finding

connects to the next research questions as a starting point.

RQ2. How can process-aware explanations be generated using temporal background knowl-
edge? The evaluation stage showed that counterfactuals generated through process-agnostic methods

may change the prediction while failing to respect the behavioural rules of the underlying process.

The second research direction therefore investigated how temporal background knowledge could be

integrated into counterfactual generation itself.

The proposed methods use Genetic Algorithms as their population-based search can balance multi-

ple counterfactual desiderata and their crossover and mutation operators can be adapted to process

semantics. Moreover, they are easily applied to any type of predictive model and naturally support the

exploration of diverse candidate solutions.

To this end, the thesis developed novel model-agnostic methods that incorporate temporal background

knowledge directly into the search for counterfactual explanations. Two complementary representations

of temporal knowledge were considered. The first defines temporal background knowledge through high-

level declarative patterns (DECLARE), commonly used in Process Mining [12]. The second contributions

works directly with the temporal logic underlying these rules, providing finer control over the generation

process. Although they offer different degrees of flexibility and control, both approaches use the

constraints to guide candidate construction, producing counterfactuals that guarantee conformance to

the process by design rather than repairing or discarding non-conformant candidates after generation.

The results demonstrate that conformance can be guaranteed without compromising the main

qualities expected from counterfactual explanations, thus producing good process-aware counterfactual

explanations. These results also motivated investigating whether counterfactuals could be leveraged

beyond their original explanatory purpose, as explored in RQ3.

RQ3. How can process-aware explanations be leveraged beyond their explanatory role?
Once counterfactuals can be evaluated systematically and generated in accordance with process knowl-

edge, the final research direction considers whether their usefulness can extend beyond explaining

individual predictions. The thesis explores two such cases. The first contribution uses sets of factual and

counterfactual examples to derive local process-pattern explanations. Rather than presenting several

alternative traces individually, recurring patterns are used to summarise the conditions associated with



maintaining or changing a prediction. This provides trace-specific explanations through process-level

abstractions, capturing combinations of activities and context through process patterns that better

reflect how process analysts reason about process behaviour.

Second, counterfactuals are used to generate alternative process executions for what-if analysis,

allowing analysts to explore how a process could behave under a desired condition. The proposed

contribution enables the realistic simulation of what-if scenarios across multiple process perspectives, by

leveraging the integration of counterfactual explanation generators with Business Process Simulation.

These contributions show that counterfactuals can be treated not only as explanations presented to

users, but also as reusable artefacts supporting broader tasks such as model understanding, process

exploration, and scenario generation.

4. Conclusions and Significance

This thesis represents one of the first systematic and rigorous efforts to adapt Explainable AI techniques

to the specifics of Predictive Process Monitoring. Three connected directions were explored: evaluating,
generating, and leveraging counterfactual explanations. First, it introduced a process-aware framework

for evaluating whether counterfactual explanations are not only valid for the predictive model, but also

meaningful with respect to the underlying process. Second, it provided novel methods for generating
conformant counterfactual explanations by construction through the use of different representations of

temporal background knowledge. Finally, it investigated leveraging counterfactuals beyond individual

explanations, and using them to derive compact process-pattern explanations or to generate alternative

event data for what-if analysis.

Together, these contributions position the research as a bridge between the Process Mining and

Artificial Intelligence domains: on one side, adapting and extending XAI methods for the realities of

business processes; on the other, showing the AI community how process-oriented perspectives can

enrich the design and evaluation of XAI methods, especially in temporal domains, such as sequential

decision making tasks [13]. More broadly, it also highlights how symbolic temporal knowledge and

statistical learning can be combined in a Hybrid AI setting to produce explanations that are both

predictive and aligned with domain constraints, with potential relevance for structured and safety-

critical applications beyond Process Mining [14, 11, 15].

Future research could extend this work by: (i) investigating hybrid approaches that integrate temporal

and multi-perspective process knowledge directly into neural counterfactual generators, avoiding ex-

plicit intermediate representations and improving scalability; (ii) developing multi-trace counterfactuals

in which alternatives are generated jointly to account for shared resources, temporal dependencies,

and process-level effects, rahter than independently generating counterfactual explanations; and (iii)

conducting user-centred studies to evaluate how counterfactual explanations influence users’ under-

standing and trust of predictive models, and ability to make informed decisions. Such studies would

complement technical evaluation and clarify whether process-aware explanations can foster the prac-

tical adoption of PPM. Together, these directions move XPPM closer to the vision of AI-Augmented

Business Process Management, in which predictive and explanatory capabilities are integrated into

interactive, trustworthy, and process-aware decision-support systems.
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