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Abstract

Predictive Process Monitoring (PPM) enables organizations to anticipate and manage future business events using machine learning
models. However, the widespread adoption of PPM is hindered by the lack of transparency in these models, often referred to as the
”black-box problem.” Explainable Artificial Intelligence (XAI) addresses this challenge by providing interpretability techniques
that enhance trust, accountability, and regulatory compliance. This systematic review explores the state-of-the-art XAI methods
applied in PPM, focusing on their integration with AI models, the types of PPM tasks they support, and the evaluation approaches
used to assess explainability. The findings reveal a strong preference for post-hoc explainability methods, particularly SHAP-
based feature importance explanations, with a growing interest in graph-based and visualization techniques. Additionally, while
evaluating Al models is standard practice, systematic evaluation of explainers remains underdeveloped, with no dominant metric
emerging. This review highlights key research gaps and suggests future directions for improving explainability evaluation and
integrating intrinsic explainability into PPM systems.
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1. Introduction

Artificial Intelligence (Al) is reshaping industries by driving advancements in automation, decision-making, and
predictive analytics. One application is Predictive Process Monitoring (PPM), which helps organizations anticipate
future events through historical data analysis [9]. In sectors like manufacturing, healthcare, and supply chain man-
agement, PPM improves efficiency by predicting failures, optimizing resources, and preventing delays [32]. However,
traditional machine learning models often function as “black-boxes” [40], offering accurate predictions without trans-
parency, which can hinder trust and regulatory compliance. Explainable Al (XAI) addresses this by making Al deci-
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sions understandable and actionable. As regulatory demands grow, integrating XAl into PPM is becoming essential,
necessitating a comprehensive review of recent advancements in the field.

This review aims to explore the use of XAl tools in Predictive Process Monitoring through a systematic literature
review (SLR). It first provides an overview of XAl tools, mapping them to their respective Al models and PPM
tasks. RQ1: What are the state-of-the-art XAl tools and frameworks in Predictive Process Monitoring, and
for which PPM tasks are they used? Since explainers, like Al models, require evaluation for comparability and
performance measurement, their assessment methods and implementation are also examined. RQ2: How are XAI
tools in Explainable Predictive Process Monitoring evaluated? By the end of this review, readers will gain a
comprehensive understanding of different XAl tools, their characteristics, the machine learning models they explain,
and the PPM tasks they support. Furthermore, evaluation approaches, methods, and performance metrics for explainers
will be analyzed, leading to a discussion on future research directions and practical implications.

This paper is structured as follows: Section 2 provides background information on Predictive Process Monitoring
(PPM) and Explainable AI (XAI). Section 3 outlines the research methodology, including the search strategy and cri-
teria for selecting relevant literature. Section 4 presents the results of the literature review, categorizing XAl methods,
Al models, and PPM tasks and Evaluation. Section 5 discusses the key findings. Finally, Section 6 concludes the paper
with limitations and outlook in this field.

2. Background
2.1. Predivtive Process Monitoring

Predictive Process Monitoring (PPM) is a discipline within Process Mining [8]. It leverages past data and patterns
to predict future outcomes in business processes, helping organizations track and improve Key Performance Indicators
(KPIs). By identifying potential delays or inefficiencies early, businesses can take proactive measures. Analyzing real-
time process data enhances decision-making, optimizes workflows, and ensures alignment with business goals.

In PPM, predictions vary depending on the domain and purpose of the machine learning model. Ceravolo et al.
[6] classify PPM outputs into three main categories. The first category focuses on process outcomes, e.g. predicting
whether a case results in a customer complaint, a product return, or timely completion. Reliable predictions enable
proactive actions, such as allocating resources to high-risk cases. The second category involves predicting the next
event in a running case, allowing organizations to anticipate upcoming tasks and take preventive measures against
unwanted exceptions. The third category deals with time predictions, estimating timestamps for upcoming tasks,
particularly the final one, to assess the remaining case duration. This helps businesses respond proactively, such as by
notifying customers about anticipated delays. A summary of these prediction types is provided in Table 1.

Table 1. Prediction types of PPM.

Classification Description Output Type  Example
Process Outcomes Predicts which outcome a running  Categorical Success or Failure
process will reach
Next Event Prediction  Predicts the next step in a process,  Sequential Next task name, Event type

including which activity will occur
and additional attributes.

Time-Related Aspects  Estimates task timestamps and case ~ Numerical Time until next event, Total process
duration duration

2.2. Explainable Artificial Intelligence

Explainable Artificial Intelligence (XAI) refers to methods and techniques that make AI models more transparent,
interpretable, and understandable to humans. As Al systems become increasingly complex, particularly in high-stakes
domains, the need for explainability is crucial to ensure trust, accountability, and fairness.



Noah Kim et al. / Procedia Computer Science 270 (2025) 1149-1158 1151

l—{ Explainable Al
!

Format | | Scope | | Explanation Type
Intrinsic Local Feature Importance
Post-Hoc Global Counterfactual

Graph-Based

Fig. 1. Taxonomy of Explainable Al

2.2.1. Taxonomy of XAl

XAI can be categorized in various ways, and different taxonomies exist in the literature, each focusing on differ-
ent aspects of explainability. Therefore, no single universal taxonomy exists, but rather multiple concepts or mixed
approaches [37]. A summary of all types and characteristics of XAl can be seen in Figure 1.

According to Arrieta [2], Explainable Al can be categorized by explanation format into intrinsic and post-hoc
methods. Intrinsic explainability refers to models inherently interpretable by design, such as decision trees, linear
regression, and generalized additive models (GAMs). Post-hoc explainability applies to black-box models like deep
neural networks, where explanations are generated after training. While post-hoc methods offer valuable insights, they
may introduce approximation errors.

XAI methods can also be distinguished by scope: local or global explanations. Local explainability focuses on
individual predictions to explain specific outcomes, aiding debugging and case-specific insights. Global explainability,
on the other hand, provides an overall understanding of the model’s behavior, using feature importance analysis,
decision rules, or model summaries to identify general patterns and biases.

Another categorization is based on explanation types, including feature importance, counterfactuals, and graph-
based approaches. Feature importance methods, such as SHAP [21] and LIME [33], highlight the influence of each
input variables on the prediction. Counterfactual explanations suggest minimal changes needed to alter an outcome.
Graph-based methods visualize feature interactions and model decisions, using tools like Partial Dependence Plots
(PDPs) and Individual Conditional Expectation (ICE) plots.

2.2.2. Evaluation Metrics for Explainers

Similar to conventional Al models, evaluation metrics are essential for comparing different XAl approaches. While
traditional Al models prioritize accuracy, decision support systems should also incorporate user-oriented evaluation
metrics [43]. As XAI gains popularity across various fields [20], numerous evaluation methods have emerged [35].
Molnar [27] outlined fundamental criteria for what constitutes a good explanation. A summary of key XAI evaluation
metrics from Molnar, Schwalbe, and Li is presented in Table 2.

Table 2. Summary of Metrics for Evaluating Explanations. [20, 27, 35]

Property Description

Faithfulness Assesses how accurately an explanation reflects the true decision-making process of the
Al model

Accuracy Measures how well an explanation predicts unseen data, crucial when used as a substitute
for the machine learning model

Fidelity Assesses how well the explanation approximates the black-box model’s predictions, en-
suring meaningful interpretation

Consistency Evaluates how similar explanations are for different models trained on the same task with
similar predictions

Stability Determines if similar input instances result in similar explanations for a fixed model,

reducing randomness in interpretation
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2.3. Related Surveys

Several review papers have examined explainable Al tools in predictive process monitoring. Drieschner et al. [10]
reviewed Al architectures and their prediction capabilities based on 13 papers, categorizing explainability methods as
in-model, post-hoc, or none. Their findings indicated that LSTM models offer diverse prediction capabilities but suffer
from poor explainability and high data requirements. Stierle et al. [40] expanded on this by categorizing evaluation
methods in a concept matrix but focused on Al model evaluation rather than specific XAl tools, highlighting that
explainability is often overlooked in favor of accuracy. Mehdiyev et al. [23] provided the latest review, guided by the
PRISMA framework, and concluded that XAl evaluation remains secondary to model accuracy, emphasizing the need
for qualitative, human-centric evaluation methods and clearer, distinguishable metrics. In summary, existing surveys
lack the integration of specific XAl tools and Al models mapped to the evaluation methods for explainers. Therefore,
this review places greater emphasis on the evaluation metrics for recent XAl approaches.

3. Method

The main goal of this review paper is to identify the XAl methods used in Predictive Process Monitoring, including
the evaluation approaches for explainers. The literature review follows the method of Webster & Watson [45], which
classifies a topic into concepts and assigns papers accordingly. These concepts and papers are then compared in a
concept matrix. When analyzing XAI methods for PPM, the key questions for each approach are:

What are the explainability properties of this method?

What Machine Learning model does it explain or include?

What PPM task or prediction type does it generate and explain?

How and with which metric was the explainer’s performance evaluated?

Each question is transformed into a concept, allowing for a structured comparison of their relationships and the
most common combinations. The review is based on three major databases: IEEExplore, Scopus, and Web of Science,
accessed through the Technical University of Munich. These databases provide extensive coverage of Al applications
and include all relevant publishers for this field [47].

3.1. Search Query and Criteria

To extract papers addressing explainability approaches in Predictive Process Monitoring, a precise search string
was chosen. While the databases offer different filtering options, the following search query was applied to TITLE
and ABSTRACT across all three databases:

explainable AND (predictive AND process AND (monitoring OR mining OR analytics))

This query ensures coverage of recent PPM advances while focusing on explainability. Terms like " Artificial Intel-
ligence” were intentionally excluded, as many papers do not explicitly mention Al or XA, despite inherently relying
on them. Instead, titles often use "Explainable Predictive Process Monitoring” (XPPM). Additionally, ”Predictive Pro-
cess Mining” and “Predictive Process Analytics” were considered, as they are used interchangeably with overlapping
tasks and use cases. For further refinement, specific inclusion criteria (C) were established for selecting papers in the
concept matrix:

C1: Paper was published in 2020 or later.

C2: Paper is written in English.

C3: "Predictive Process” is explicitly mentioned for the prediction model
C4: ”Explainability” is explicitly mentioned for the explainer model

Papers published before 2020 were excluded, as they were thoroughly covered in related surveys, allowing this
review to focus solely on recent advancements. Only English papers were included to maintain consistent screening
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Fig. 2. Screening Process for the Concept Matrix.

standards. Additionally, PPM had to be part of the implementation to ensure that tools using process mining with-
out an Al model were not considered. Lastly, since XAl is the core focus, “explainability” needed to be explicitly
addressed for the explainer model, ensuring that only papers emphasizing explainability and explainer development
were included.

3.2. Search process

The search process for selecting relevant papers followed a systematic approach. The specified databases were
queried using the defined search string, yielding an initial set of 93 papers. Step by step, the inclusion criteria were
applied. First, only English papers published in 2020 or later (C1, C2) were retained to ensure a review of recent
advancements. Duplicates were then removed before screening the abstracts. In this stage, 33 papers were assessed
for “’Predictive Process” and “Explainability” (C3, C4) by reviewing abstracts and keywords. The same criteria were
subsequently applied to the full texts, reducing the selection to 27 papers. Finally, forward and backward searches
added three more papers, resulting in a final set of 30 papers, which were then fully analyzed and incorporated into
the concept matrix. A summary of this process is illustrated in Figure 2.

4. Results

The 30 papers are summarized in a concept matrix displayed in Table 3. All papers were thoroughly read, catego-
rized, and assigned to each concept. The concept matrix applies four main concepts, some with sub-concepts: ”XAlI
Method,” ”Al Model,” ”PPM Task,” and ”Evaluation Method for XAI.”

”XAI Method” describes the main characteristics of the explanations provided by the explainer in each paper. It
includes three sub-concepts: the scope of explanations (local, global, or both), the explanation format (intrinsic, built
into the Al model, or post-hoc, generated after prediction), and the explanation type (Feature Importance, Counter-
factual, or Graph-Based). Given the variety of frameworks and new approaches, the name of the explanation tool is
also included in the matrix. The concept of ”Al Model” differentiates based on the architecture used for PPM tasks,
with three sub-concepts: Deep Learning-based, Tree-based, and Graph-net-based models, covering the primary ar-
chitectures in PPM. "PPM Task” defines the specific discipline the Al model addresses, categorized into “Process
Outcome,” "Remaining Time,” and "Next Event.” Lastly, ”"Evaluation Method for XAI” examines whether and how
the explainer is assessed, focusing only on the XAI model rather than the Al model itself. This includes performance
metrics and measurement methods, while ’n/a” indicates that no specific evaluation for the explainer was provided.

4.1. XAI Method

Examining the concept of "XAI Method,” local and global explanations are both widely used, with 22 out of 30
papers employing local explanations and 17 using global ones, while 9 papers include both. Their distribution remains
consistent over the years. However, in terms of explanation format, intrinsic methods appear in only 4 papers, whereas
post-hoc methods dominate with 26, highlighting a clear trend toward post-hoc explanations. Regarding explanation
type, feature importance is used in 17 papers, counterfactual explanations in 4, and graph-based approaches in 9.
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Fig. 3. (a) PPM Task vs Al Model; (b) PPM Task vs XAI Method.

Graph-based methods are gaining popularity, with 6 of the 9 papers published in 2024 or later. Among specific tools,
SHAP and its variants are the most common in post-hoc explanations, appearing in 12 out of 26 post-hoc papers.
SHAP’s flexibility in supporting both local and global explanations [38, 25] and its specialization for tabular event log
data [11, 14] contribute to its widespread adoption. LIME [22, 28, 36, 42] is the second most used tool, offering only
local explanations. While LIME was frequently used in 2020, it does not appear in any papers from 2024 onward.
Instead, visualization and graph-based approaches [16, 24, 46] are becoming increasingly popular, aiming to visually
represent the behavior of predictive models.

4.2. AI Model

Among the three Al model categories used for PPM tasks, deep-learning-based models dominate, appearing in 18
out of 30 papers, followed by tree-based approaches with 11 and graph-based models with 2. This is primarily due to
the high accuracy and adaptability of deep learning models across different datasets [18, 39]. However, their black-box
nature makes it challenging to trace predictions, increasing the demand for explainability and driving research in this
area [16, 34, 26]. Within deep learning, LSTM is the most commonly used model due to its effectiveness in handling
sequential data, making it well-suited for process-related tasks [28, 46]. Tree-based approaches appear consistently
across the years without a clear trend in popularity. Among these, XGBoost is the most frequently used tool, offering
superior performance compared to other tree-based models such as Random Forest [36, 13]. Additionally, XGBoost
is often combined with deep learning models like BERT and LSTM to enhance performance further [44, 4].

4.3. PPM Task

The distribution of PPM tasks across the reviewed papers reveals a clear trend. “Process Outcome” prediction
dominates, appearing in 19 out of 30 papers (63%), making it the most researched area in explainable PPM. "Next
Event” prediction follows with 7 papers, while "Remaining Time” prediction is the least explored, with only 4 papers.
”Process Outcome” predictions are typically framed as binary classification problems, making them well-suited for
deep-learning classifiers [25, 29, 26, 22, 1] and tree-based models like XGBoost [36, 38, 42, 11, 12, 41, 44, 3, 13],
contributing to their higher representation in the literature. Over the years, the distribution of papers across PPM
tasks has remained stable. Comparing the "PPM Task” concept with the ”AI Model” concept, tree-based models are
predominantly used for process outcome predictions, while deep-learning models are applied across all PPM tasks.
Graph-based models, being rarely used, do not show a clear association with any specific task. Regarding the "XAI
Method” concept, process outcome predictions primarily rely on feature importance explanations, with some inclusion
of counterfactual and graph-based approaches. Notably, counterfactual explanations are not represented in any other
PPM task. Figure 3 summarizes the relationship between the XAI method, AI model, and PPM task.
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4.4. Evaluation Method for XAl

For the last concept, ”"Evaluation Method for XAI,” it becomes evident that most papers (15 out of 30) did not eval-
uate their explainer or present a specific metric for measuring its performance. While all papers included evaluation of
the prediction model using established metrics such as Accuracy and Precision, the explainer’s output was often only
displayed without assessment. Among the papers that evaluated their explainer, different approaches exist. When a sur-
rogate model was used as an explainer, common Al metrics such as R2 [22] and Recall [1] were applied. Additionally,
general computation metrics like computational complexity [19] and computation time [44, 46] were used. However,
the majority relied on XAl-specific metrics, including Faithfulness [38, 18, 19], Fidelity [18, 4], and Robustness [38].
User-oriented evaluations, such as surveys for user satisfaction [34] and interviews [25], were also conducted. Over
time, the inclusion of evaluation methods has increased, reflecting a growing awareness of systematically comparing
explainer models.

5. Discussion

Post-hoc feature importance is the most popular explanation type, while SHAP remains state-of-the-art.
While local and global explanations contribute similarly, intrinsic models play a minor role in PPM, with a clear focus
on post-hoc explainers. The limited presence of intrinsic models can be attributed to the dominance of deep learning-
based methods, which offer high performance but few intrinsic explainability options. The explanation type “’Feature
Importance” is primarily represented by SHAP. Its popularity stems from its various variants (e.g., KerneISHAP,
TreeSHAP), model-agnostic nature, and ability to provide both local and global explanations. These features make
SHAP the most widely used tool in explainable PPM. Additionally, SHAP outputs can be integrated with graph-based
methods such as PDP and ICE plots, further highlighting its versatility and usefulness.

Graph-based explanations are becoming more popular with the introduction of PDP and ICE plots. Feature
Importance has been the most widely used explanation type between 2020 and 2024. However, the concept matrix
suggests a slight trend towards Graph-Based approaches in the most recent year, 2024. PDP and ICE plots are gaining
popularity due to their ability to visually compare different features more effectively. Additionally, both plotting
methods can be integrated with established techniques such as SHAP. Overall, visualization-based explanations are
expected to play a larger role in the future, as they facilitate more user-oriented evaluation and improve interpretability.

XGBoost and LSTM are the most popular AI models, with XGBoost predicting only ”process outcome”
and LSTM predicting all PPM tasks. Tree-based approaches play an important role in solving PPM tasks; however,
they are primarily relevant for ”Process Outcome” predictions. This is because this task is often framed as a binary
classification problem, where tree-based approaches such as XGBoost provide excellent performance with lower com-
putational cost compared to deep-learning methods. However, tree-based models lack sequential understanding and
the ability to capture temporal dependencies, making them ineffective for tasks like "Remaining Time” and “Next
Event.” On the other hand, LSTMs offer broad applicability across both classification and regression tasks. Their abil-
ity to process sequential and tabular data makes them suitable for all PPM tasks. However, like most deep-learning
approaches, LSTMs come with high computational costs and long training times. This makes more lightweight vari-
ants of LSTM an interesting direction for future research.

User-orientated Evaluation of Explainers is slowly gaining recognition while no trend towards specific met-
rics is seen. While evaluating the performance of Al models is a mandatory part of developing PPM solutions, ex-
plaining the output of these models has only recently become a dedicated research discipline, and the evaluation of
explainers is still emerging. Between 2020 and 2022, evaluation was rarely included in studies. Metrics such as Faith-
fulness and Fidelity, defined by Molnar [27] in 2020, are used in some models, but their execution and adaptation
to new models and explainers are still underdeveloped. Surrogate models, in contrast, can be evaluated similarly to
regular Al models. However, surrogate models are not the dominant explanation method in PPM. Recent studies sug-
gest that computational metrics are gaining importance, and user satisfaction is becoming a more significant factor in
evaluating explainers. Still, no single metric has emerged as a standard. A combination of established computational
metrics and user questionnaires could serve as a benchmarking concept for the future.
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6. Limitations and Conclusion

This review has several limitations. First, it is based on three databases, excluding certain business-process-oriented
sources that may contain additional relevant papers, even though Forward-Backward search included some important
papers. Additionally, the interchangeable use of terms such as “Predictive Process Monitoring,” "Predictive Process
Mining,” and “’Predictive Process Analytics” complicated systematic retrieval. Second, the concept of "PPM Task”
was simplified into three main categories, although other PPM tasks exist. Similarly, the distinction between model-
agnostic and model-specific explainability methods in the "X AI Method” concept was not considered, despite model-
specific explainers sometimes providing more tailored explanations. Third, only papers published from 2020 onward
were included, potentially overlooking research in explainable PPM.

Predictive Process Monitoring enhances efficiency and reduces costs across various business domains, but explain-
ability is crucial for its adoption in critical decision-making. This review highlights the growing role of Explainable
Al (XAI) in PPM, particularly the shift toward post-hoc methods like SHAP and graph-based approaches. While
deep learning models, especially LSTMs, dominate PPM tasks, the demand for systematic evaluation metrics to as-
sess explainability is increasing. Future research can take various directions. Regarding Al models, tree-based and
deep-learning-based models are used almost equally for Process Outcome tasks, where benchmarking in terms of
performance and computational cost should be considered. For XAI methods, graph-based approaches should be ap-
plied to different ATl models and PPM tasks to challenge the limitations of this type of XAI. For the evaluation of
XALI, user-oriented assessments in the form of surveys or interviews, combined with XAl metrics (e.g., Faithfulness,
Fidelity) applied to different explainers, should be further developed to ensure greater comparability in future XAI
research. As regulatory requirements evolve, developing transparent and interpretable Al solutions will be essential
for fostering trust and widespread adoption in business environments.
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