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 A B S T R A C T

Predictive Process Monitoring leverages machine learning models to predict the future states of business 
processes. Most Predictive Process Monitoring approaches rely on black-box models which, while powerful, 
lack interpretability, limiting their applicability in critical decision-making scenarios. Explainable Predictive 
Process Monitoring has emerged to address this gap, focusing on delivering actionable and transparent insights 
into predictions. Current approaches, however, often fail to incorporate multiple process perspectives and 
granularity levels in their explanations, overlooking crucial factors that influence process outcomes. This 
paper proposes a novel Explainable Predictive Process Monitoring approach to deliver explanations, integrating 
multiple process perspectives at various levels of granularity. The proposed approach addresses the limitations 
of existing methods, providing comprehensive, process context-aware explanations. The effectiveness of the 
proposed method is assessed through experimental evaluations on real-life event logs, showing how the 
integration of diverse process perspectives improves the interpretability and predictive insights of local 
explanations with improvements ranging from 2%–3% to 15%–20% depending upon the event log under 
analysis.
1. Introduction

Predictive Process Monitoring (PPM) encompasses a range of meth-
ods designed to predict the future status of ongoing executions (aka, 
cases) within a business process, helping to mitigate risks associated 
with undesired behaviours (Di Francescomarino and Ghidini, 2022). 
These models, often built using machine (including deep) learning tech-
niques like Extreme Gradient Boosting (XGBoost) and Long Short-Term 
Memory (LSTM), are trained on historical event logs of business process 
executions (Teinemaa et al., 2019). Several studies have shown the 
effectiveness of exploiting machine learning techniques to build PPM 
models in various domains (Teinemaa et al., 2019; Rama-Maneiro et al., 
2021; Márquez-Chamorro et al., 2017). However, the usage of these 
black-box techniques opens up challenges related to the explanation of 
how predictions are made (Rizzi et al., 2020a; Galanti et al., 2023).

Following a trend in Artificial Intelligence, where the popularity 
of very effective black-box machine and deep learning techniques has 
triggered the emergence of the eXplainable Artificial Intelligence (XAI) 
research area (Selbst and Powles, 2018), a novel research subfield 
has emerged in PPM. This subfield focuses on eXplainable Predictive 
Process Monitoring (XPPM), with the goal of tailoring XAI methods 
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to address specific challenges within the PPM domain (Stierle et al., 
2021).

Recently, the XPPM literature has introduced various local and 
global explanation methods. Local explanations refer to explanations 
provided for specific cases, while global explanations aim to explain 
the overall behaviour of the black-box model, revealing its underlying 
mechanisms.

Concerning local explanations, different methods can be categorised 
into two main families: the family of factual explanations, where meth-
ods offer insight into the factors determining the obtained prediction 
(Rizzi et al., 2020a; Wickramanayake et al., 2023, 2022; Harl et al., 
2020; Aversano et al., 2023), and the family of counterfactual expla-
nations, where the methods meet the need to transform undesirable 
outcomes into desirable ones (Hundogan et al., 2023; Hsieh et al., 
2021). Recent approaches have highlighted the benefits of creating a 
third family of approaches which integrates factual and counterfactual 
explanations (Huang et al., 2021; Buliga et al., 2024).

This paper focuses on local explanation methods, offering predictive 
insights to process analysis for a specific case by integrating factual 
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and counterfactual explanations. Our work starts from the observation 
that state-of-the-art approaches mainly focus on considering process ex-
ecutions (cases) from the control-flow perspective (where they consider 
a case only as a sequence of executed activities). They fall short of 
providing explanations that also include different process perspectives 
such as the resource perspective, the time perspective, and the data
perspective, just to mention popular important aspects of business 
process executions. The impact of these limitations becomes partic-
ularly evident when examining real-life examples. As explored with 
a motivating example in Section 2, a closer look at existing XPPM 
methods, including LORELEY (Huang et al., 2021), CREATED (Hundo-
gan et al., 2023), and the PAttern Based LOcal explanation (PABLO) 
framework (Buliga et al., 2024), reveals that they predominantly focus 
on control-flow or case attributes, often overlooking the potential of 
combining multiple perspectives for more actionable and insightful 
explanations. This gap in the current literature is particularly important 
given (i) the growing importance of considering Business Processes 
as complex artefacts composed of different perspectives (Mannhardt, 
2018; Klijn et al., 2024; Adamo et al., 2017); and (ii) the ability of 
PPM techniques to forecast running process executions also considering 
the data payload of ongoing cases which represent perspectives that go 
beyond the control-flow (see (Di Francescomarino and Ghidini, 2022) 
for an overview).

This paper proposes a systematic approach to define and integrate 
multiple process perspectives in a combined process context-aware 
factual and counterfactual explanation. In the settings of this work,
context refers to the aggregation of all process perspectives into a gen-
eral one, including all available information related to a given process 
execution. These perspectives include information at different levels of 
granularity, namely at the level of a single activity (e.g., the through-
put time of an activity), at the execution level (e.g., the throughput 
time of a complete execution), and at the level of portions of process 
executions or subprocesses (e.g., the throughput time of a subset of 
process activities). Interestingly, the last level is usually overlooked by 
existing approaches.  In this study, we show how to extract meaningful 
features from these perspectives at different granularity levels and how 
to combine them in the generated explanations to uncover hidden 
drivers of process outcomes. Particularly, we extend the scope of expla-
nation beyond isolated activities or cases by incorporating features that 
capture the complex interplay between activities and cases, thereby 
offering a more holistic understanding of process behaviour. 

The methods presented here build upon our previous work introduc-
ing the PABLO framework (Buliga et al., 2024). The reason for choosing 
PABLO is that it is the only XPPM framework allowing for process-
aware local explanations that combine both factual and counterfactual 
explanations. The main limitation of PABLO, as stated before, is its 
focus on only the control-flow perspective. In particular, the previous 
approach is extended by:

• Introducing a context-aware predictive process pattern discovery 
method

• Exploring novel encoding strategies for integrating different pro-
cess perspectives into the final local explanation.

• Introducing a novel evaluation framework to assess the impact of 
integrating different process perspective in discovering effective 
patterns and delivering a comprehensive local explanation. 

The effectiveness of the proposed methods is compared and tested 
against PABLO, as the baseline, by using an extensive evaluation proto-
col over different real-life datasets. The results suggest that leveraging 
multiple process perspectives allows to provide more accurate explana-
tions, especially in terms of the accuracy of the surrogate model, with 
improvements ranging from 2% to 20% depending upon the event log 
under analysis.

The remainder of the paper is organised as follows: Section 2 
discusses the limitation of existing approaches with a motivational 
2 
example. In Section 3, we outline the concepts required to understand 
the proposed method. Section 4 introduces our approach for providing 
process context-aware local explanations.  Section 5 describes the 
experimental setup used to evaluate the proposed methods. Section 6 
discusses the evaluation results of the context-aware process pattern 
discovery method, while Section 7 focuses on the evaluation of the final 
process context-aware local explanations. A comprehensive discussion 
of the obtained results, including the implications and limitations of the 
proposed method, is presented in Section 8. Section 9 reviews related 
work, and finally, Section 10 concludes the paper and suggest future 
research directions.

2. Motivational example

Let us consider the sepsis log,1 a widely used public event log in 
PPM. This log details the medical progression of patients suffering from 
severe sepsis in a hospital in the Netherlands, from when they first enter 
the emergency room to when they are either discharged or returned to 
the emergency room.

Fig.  1 illustrates the simplified process model that represents the 
patients’ pathway (Munoz-Gama et al., 2022). The model shows the 
high flexibility of the process, resulting in a wide range of process 
variants leading to either a desired outcome, Discharge (DI), or an 
undesired one, Return to ER (RE).

Each row of Table  1 corresponds to a trace, i.e., the recorded se-
quence of events of one specific sepsis patient within a hospital, where 
each event is composed of an activity with its respective timestamp. 
Let us consider the given trace with the ID of 1 in Table  1, hereafter 
referred to as the inquiry trace. The patient is first registered (RG) 
at midnight (stated as 0:00), followed by ER Triage after 1:30 h. 
Subsequent measurements include CRP (CR) at 3:00, while ER Sepsis 
Triage (ST) occurs at 4:30, and Leucocytes (LE) measurements are 
performed 30 min after that at 5:00. Treatment activities are then 
performed: Intravenous Liquids (IL) at 6:35 and Intravenous Antibiotics
(IA) after 25 min of IL. A final measurement of Lactic Acid (LA) is 
performed at 8:00. Let us assume there is a black-box prediction model 
that can predict the outcome of the specific executed trace accurately. 
As noted in Table  1, this trace leads to an undesirable outcome from 
the black-box model: RE.

Given the undesirable predicted outcome for this patient, the pro-
cess analyst seeks to understand the factors leading to this prediction 
and potential modifications that could shift the outcome to the desired 
one: DI. State-of-the-art methods in XPPM, such as LORELEY (Huang 
et al., 2021), CREATED (Hundogan et al., 2023), and the PABLO frame-
work (Buliga et al., 2024), exhibit significant limitations in providing 
actionable and insightful explanations.

LORELEY focuses on case attributes, such as patient age, to generate 
explanations. While these attributes may influence outcomes, they are 
inherently static and unchangeable, offering limited value to practition-
ers seeking actionable insights. LORELEY entirely ignores the dynamics 
of the control flow, failing to capture how changes in the sequence 
or timing of activities might impact outcomes. CREATED generates 
synthetic traces that modify attributes and control flows to explore 
alternatives, resulting in traces T1 to T3 in Table  1. However, it does 
not provide automated or practical solutions. Analysts are burdened 
with manually comparing synthetic traces with the original to identify 
significant changes, making the approach time-consuming and less 
effective for deriving actionable alternatives to improve outcomes.

On the other hand, the PABLO framework seeks to distinguish 
between patterns in generated factual and counterfactual traces to 
identify patterns influencing positive or negative outcomes. Therefore, 
following the PABLO framework, we also generate traces T4–T6 in Ta-
ble  1 as factual traces for our inquiry trace. However, PABLO primarily 

1 https://data.4tu.nl/articles/dataset/Sepsis_Cases_-_Event_Log/12707639
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Fig. 1. Simplified process model for the sepsis event log (Munoz-Gama et al., 2022).
Table 1
A hypothetical example of an inquiry trace and the generated neighbourhood.
 ID Age Inquiry trace execution Predicted 

outcome
 

 Act1 Time1 Act2 Time2 Act3 Time3 Act4 Time4 Act5 Time5 Act6 Time6 Act7 Time7 Act8 Time8  
 1 75 RG 0:00 ER 1:30 CR 3:00 ST 4:30 LE 5:00 IL 6:35 IA 7:00 LA 8:00 RE  
 ID Age Synthetic trace execution Predicted 

outcome
 

 Act1 Time1 Act2 Time2 Act3 Time3 Act4 Time4 Act5 Time5 Act6 Time6 Act7 Time7 Act8 Time8  
 T1 73 RG 1:00 CR 1:15 ER 1:30 LE 3:15 LA 4:45 ST 5:30 IL 6:30 IA 7:40 DI  
 T2 74 RG 8:10 CR 9:00 LA 10:15 LE 11:30 ER 12:00 ST 13:00 IL 14:00 IA 15:30 DI  
 T3 75 RG 2:50 LE 3:15 LA 4:00 CR 4:15 ER 4:30 ST 5:00 IA 6:30 IL 6:45 DI  
 T4 75 RG 1:00 CR 1:15 ST 1:30 LE 2:00 ER 5:00 IL 6:30 IA 7:00 LA 8:00 RE  
 T5 75 RG 7:15 LE 7:30 CR 9:45 ER 10:00 ST 11:00 IA 12:30 IL 12:30 LA 14:15 RE  
 T6 75 RG 6:10 CR 6:30 ER 6:30 ST 6:45 LE 7:00 IL 7:45 IA 8:00 LA 9:15 RE  
focuses on control flow patterns and neglects temporal dependencies. 
This omission prevents it from identifying nuanced, data-dependent 
patterns (e.g., specific time gaps between events) that could influence 
outcomes. For example, the control flow pattern where the activity CR
is eventually followed by LE is present in both desired and undesired 
predicted outcomes, as well as in the inquiry trace. Consequently, 
this pattern would not be recognised as a discriminative pattern. By 
examining the timestamps, however, we can uncover a hidden rule: if
LE is executed more than 2 h after CR, it leads to the desired outcome. 
Conversely, if the time between these two events is short (less than 
45 min), it results in an undesired outcome. This pattern suggests that 
for a better outcome, the CR should be conducted first, followed by the
LE at least 2 h later. If the tests are conducted too close together, the 
reliability of the second test’s results could be compromised, leading to 
an undesired outcome. Without incorporating a time perspective such 
as the time between events, patterns like this remain hidden.

In summary, while these methods address different aspects of pro-
cess analysis, they fail to account for the multi-perspective nature of 
process data, such as the interplay between control flow dynamics, 
temporal dependencies, and case or event attributes. In this paper, 
an approach is proposed that addresses this challenge by integrat-
ing multiple process perspectives to deliver insightful and actionable 
explanations.

3. Background

In this section, we first recall the basic concepts of PPM. Then, we 
introduce the PABLO framework as the baseline of this work.

3.1. Preliminary

Definition 1 (Event). Let  be the universe of activities,  be the 
universe of case identifiers,   be the time domain, and 1,2,… ,𝑚
be the sets of additional attributes with 𝑖 ∈ [1, 𝑚], 𝑚 ∈ N. An event is a 
tuple of 𝑒 = (𝑎, 𝑐, 𝑡, 𝑑 ,… , 𝑑 ), where 𝑎 ∈ , 𝑐 ∈ , 𝑡 ∈   and 𝑑 ∈  .
1 𝑚 𝑖 𝑖

3 
Definition 2 (Trace, event log). A trace 𝜎 = ⟨𝑒1,… , 𝑒𝑛⟩ is a finite non-
empty sequence of events 𝑒1,… , 𝑒𝑛 such that their timestamp does not 
decrease. Let  denote the universe of all possible traces, an event log
can be defined as 𝐿 = {𝜎1, 𝜎2,… , 𝜎𝑛} ⊆  which is a set of traces.

We use 𝐸𝜎 for the set of events in trace 𝜎. We define 𝜋𝑎𝑐𝑡(𝑒), 𝜋𝑡𝑖𝑚𝑒(𝑒), 
𝜋𝑐𝑎𝑠𝑒(𝑒), and 𝜋𝑖

(𝑒) to return the activity, timestamp, case identifier and 
the attribute 𝑑𝑖 associated with 𝑒, respectively. 𝑖 represents either case 
attributes, constant across a trace 𝜎, or event attributes, which can vary 
for each event 𝑒. Timestamps (𝑡 ∈  ) are used only to establish the 
order of events. Any data derived from these timestamps, such as time 
since the last event or event duration, is treated as a 𝑖 and considered 
as event attributes.

Definition 3 (Process Outcome). We define  to be the set of possible 
process outcomes. A labelling function is defined as 𝑦 ∶  →  that 
maps each 𝜎 ∈ 𝐿 to its corresponding outcome 𝑦(𝜎) ∈  .

A well-known issue of log traces is that they flatten the real order-
ing relations among process events, hiding possible concurrency (Lee-
mans et al., 2023). To preserve concurrency information, we con-
vert log traces in so-called partially ordered traces, assuming a con-
version oracle function is obtained from expert knowledge or data 
analysis (Diamantini et al., 2016; Lu et al., 2015).

Definition 4 (Partially Ordered Trace). Given a conversion oracle func-
tion 𝜑 and a log trace 𝜎, a partially ordered trace 𝜑(𝜎) = (𝐸𝜎 , ≺𝜎 ) is a 
Directed Acyclic Graph (DAG), where 𝐸𝜎 and ≺𝜎 ∈ 𝐸𝜎×𝐸𝜎 corresponds 
to the set of nodes and edges, respectively. We define matrix 𝐴𝜑(𝜎) as an 
upper triangular adjacency matrix that specifies directed edges from 𝑒
to 𝑒′, with 𝑒, 𝑒′ ∈ 𝐸𝜎 . Also, 𝑅𝜑(𝜎) is the reachability matrix derived from 
𝐴𝜑(𝜎) to represent all possible paths from 𝑒 to 𝑒′ of length 𝑙 such that 
2 ≤ 𝑙 ≤ |𝜎| − 1. For each pair of events 𝑒, 𝑒′ ∈ 𝐸𝜎 , such that 𝑒 ≠ 𝑒′, we 
define the following ordering relations:

• 𝑅𝜑(𝜎)(𝑒, 𝑒′) ≠ 0 ↔ 𝑒′ eventually follows 𝑒,
• 𝐴𝜑(𝜎)(𝑒, 𝑒′) ≠ 0 ↔ 𝑒′ directly follows 𝑒,
• 𝑅 (𝑒, 𝑒′) = 0 and 𝑅 (𝑒′, 𝑒) = 0 ↔ 𝑒 is concurrent with 𝑒′.
𝜑(𝜎) 𝜑(𝜎)
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Fig. 2. Process pattern examples from the Table  1.
Definition 5 (Discriminative Rule). We define a discriminative rule 
as a conjunction of conditions over sets of attributes 𝑖 characterising 
a certain outcome 𝑐𝑗 ∈  as below:

 ∶
⋀

𝑖∈
(𝑖 ⋄𝑖 𝜔𝑖) ⇒ 𝑐𝑗

•  is the set of indices for features involved in rule R
• ⋄𝑖 represent the relation operator (e.g., ≤, ≥, =, ≠)
• 𝜔𝑖 is the value or threshold that feature 𝑖 is compared against
• 𝑐𝑗 ∈  is the associated outcome for rule 

Definition 6 (Process Pattern). A process pattern 𝑃 = (𝑁,↦, 𝛼,, ) is a 
DAG, where:

• 𝑁 is a set of nodes,
• ↦ is a set of edges over 𝑁 ,
• 𝛼 is a function that assigns an activity (𝑎 ∈ ) to any node 
𝑛 ∈ 𝑁 ,

•  is a discriminative rule assigned to pattern 𝑃 ,
Fig.  2 shows a few examples of the process patterns introduced 

in Section 2. 𝑃1 represents an eventual relation, 𝑃2 shows a direct 
relation and 𝑃3 presents a concurrent relation2 between nodes, which, 
in this context, means that the two events are executed at the same 
time (i.e., within a given time window). 𝑃1 includes a discriminative 
rule indicating that the Time Within Pattern (TWP) should be above 
2 h. 

Given a process pattern, an instance of the pattern is an occurrence 
of the pattern in a trace.

Definition 7 (Pattern Instance). Let 𝑃 = (𝑁,↦, 𝛼,) be a pattern, 
𝜑(𝜎) = (𝐸𝜎 , ≺𝜎 ) a partially ordered trace, 𝐴↦ be an upper triangular 
adjacency matrix over 𝑁 , and 𝑅⇝ be the reachability matrix of size 
|𝑁| − 1 derived from 𝐴↦. Given a subset 𝐸′ ⊆ 𝐸𝜎 of nodes in 𝜑(𝜎), 
such that there is a bijective function 𝐼 . Then we define 𝐸′ to be a
pattern instance of 𝑃  in 𝜑(𝜎), that is 𝐸′ ∈ 𝑃𝐼(𝑃 , 𝜑(𝜎)), if ∀𝑒, 𝑒′ ∈ 𝐸′ all 
the following properties hold:

• 𝐴𝜑(𝜎)(𝑒, 𝑒′) = 𝐴↦(𝐼(𝑒), 𝐼(𝑒′))
• 𝑅𝜑(𝜎)(𝑒, 𝑒′) = 𝑅⇝(𝐼(𝑒), 𝐼(𝑒′))
• 𝜋𝑎𝑐𝑡(𝑒) = 𝛼(𝐼(𝑒))
• (𝜋𝐷𝑖

(𝑒) ⋄𝑖 𝜔𝑖) ∈ , 𝑖 = 1,… , 𝑚

Definition 8 (Sequence/trace Encoder).A sequence (or trace) encoder 
e ∶  → F1 ×⋯ × F𝑚 is a function that takes a trace 𝜎 and transforms 
it into a feature vector 𝑥 = e(𝜎) in the 𝑝-dimensional vector space 
F1 ×⋯ × F𝑚, with F𝑗 , 1 ≤ 𝑚 ≤ 𝑝 being the domain of the 𝑗th feature.

Definition 9 (Outcome Predictive Model). An outcome predictive model 
is a function M ∶ F1 × ⋯ × F𝑚 →  , where F1 × ⋯ × F𝑚 represents a 
𝑚-dimensional feature space as transformed by the sequence encoder 
from a trace 𝜎. Here, we define 𝑀𝑏 as a black-box prediction model 
and 𝑀𝑤 as a white-box or interpretable prediction model.

2 Note that we added the black dots only for the sake of clarity in the 
visualisation of a concurrent pattern, and they do not belong to 𝑃3.
4 
3.2. Baseline local XPPM framework

Fig.  3 provides an overview of the PABLO framework (Buliga et al., 
2024), which serves as the baseline for this work. The framework 
allows an analyst to examine the behaviour of a black box model for 
a specific inquiry trace. A common approach from the literature is to 
generate alternative perturbations, forming a synthetic neighbourhood 
around the inquiry trace (Buliga et al., 2024; Huang et al., 2021; 
Guidotti et al., 2019). Then, given this synthetic neighbourhood, a 
standard practice to mimic the behaviour of the black-box model is to 
train an interpretable surrogate model. The intuition of this approach 
is that, given a non-linear black-box model, the local behaviour of 
its decision boundary can be approximated using a linear surrogate 
model (Guidotti et al., 2019). The PABLO framework is inherently 
model-agnostic, thus allowing users to leverage any sort of black-box 
model as it only requires the output predictions from the model. PABLO 
framework allows the generation of the process-aware explanation 
by discovering and encoding process patterns for the final surrogate 
model. The PABLO framework consists of four main components, as 
detailed below.

Step 1: The predictive model training module receives an event log 𝐿 as 
input to train a predictive black-box model 𝑀𝑏. Through this 
step, a trace encoder e is used to convert 𝜎 ∈ 𝐿 in a compatible 
format for the chosen predictive model, and the model will be 
trained.

Step 2: Given a predictive model 𝑀𝑏 and an encoded inquiry trace 
𝐱 = e(𝜎) from the previous step, the Synthetic Neighbourhood 
Generation component generates synthetic factual and coun-
terfactual traces called 𝐱syn. If we have 𝑀𝑏(𝐱) = 𝑦, then a 
factual trace 𝐱syn is defined in way that 𝑀𝑏(𝐱syn) = 𝑦 and a 
counterfactual trace is defined as 𝑀𝑏(𝐱syn) = 𝑦, where 𝑦 ≠ 𝑦. 
A set of Quality Measures and Feasibility Constraints must be 
defined based on user needs, such as prioritising traces close to 
the inquiry trace while minimising changes. A set of complete 
measures is introduced in (Buliga et al., 2024). The output of 
this step is defined as syn encompassing generated synthetic 
factual and counterfactual traces.

Step 3: The pattern discovery module receives syn and returns a set 
of discovered process patterns  , where ∀𝑃 ∈  ∃𝜎syn ∈
syn, 𝑃 𝐼(𝑃 , 𝜎syn) ≠ ∅. In other words, for each discovered 
process pattern, there is at least one trace that contains that 
process pattern.

Step 4: The final step aims to train an interpretable prediction model 
(a surrogate model 𝑀𝑤) on the event log syn encoded in terms 
of the frequency of the discovered patterns from the previous 
step.

4. Process context-aware local explanation

This section introduces the proposed approach aimed at incorporat-
ing multiple process perspectives in a unified factual and counterfactual 
local explanation framework. We utilise the PABLO framework as the 
foundation of our research, extend and adapt it to discover process 
patterns accounting for multiple perspectives of the process context 
and encode the process context meaningfully for the surrogate model. 
Accordingly, Section 4.1 introduces a novel method for discovering 
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Fig. 3. PAttern Based LOcal explanation (PABLO) method (Buliga et al., 2024).
Fig. 4. Context-Aware Interactive Multi-Interest Process Pattern Discovery framework. 
Fig. 5. Discriminative rule detection procedure.
context-aware predictive process patterns. In Section 4.2, we present 
different encoding scenarios to encode the discovered context-aware 
patterns in a compatible format for the surrogate model.

4.1. Context-aware predictive process pattern discovery

Given a neighbourhood of factual and counterfactual traces, the 
goal of context-aware process pattern discovery is to identify a set of 
interesting control-flow patterns that incorporate multiple process per-
spectives, thus generating a set of context-aware process patterns. The 
interest of a pattern is often associated with various dimensions, such 
as its predictive power or its correlation with a specific outcome (Fang 
et al., 2020). To this end, we follow the Interactive Multi-Interested 
Process Pattern Discovery (IMPresseD) (Vazifehdoostirani et al., 2023b) 
framework as the baseline discovery framework. IMPresseD applies a
multi-optimisation approach to determine the patterns that score best 
according to multiple user-defined interest functions.

In this section, we introduce an extension of this framework called 
Context-Aware IMPresseD (CA-IMPresseD), shown in Fig.  4.

As with the original IMPresseD framework (Vazifehdoostirani et al., 
2023b), the CA-IMPresseD begins with an event log as input. The event 
log is then converted into a partial-order event log using a conversion 
oracle based either on expert input or data analysis. First, initial pat-
terns of length 1 (representing single-activity patterns) are identified. 
Only non-dominated patterns based on a Pareto front, formed from 
interest functions defined by users, are retained and extended in each 
iteration. This extension incorporates additional events using relations 
like directly follows, eventually follows, directly precedes, eventually 
preceding, and concurrent (Vazifehdoostirani et al., 2023b).
5 
The key additional step in this new variant method lies in the
discriminative rule detection step (indicated as hatched in Fig.  4), which 
enables us to uncover patterns accounting for multiple process perspec-
tives. Fig.  5 details the steps inside the discriminative rule detection 
procedure. The input of this procedure is all extended patterns. Given 
a pattern 𝑃 , the pattern is initially annotated with an empty set of 
discriminative rules ( = ∅).

The goal of this step is to update  with the most predictive 
rules associated with 𝑃 . To achieve this, we adopt a strategy inspired 
by the minimax principle, commonly used in machine learning to 
optimise performance under worst-case scenarios (Cheng et al., 2014). 
In our context, we first focus on a sub-log 𝐿𝑝 ⊂ 𝐿 comprising 𝜎 ∈
𝐿 that contains at least one instance of the pattern 𝑃 , i.e., ∀𝜎 ∈
𝐿𝑝, 𝑃 𝐼(𝑃 , 𝜎) ≠ ∅ (see Definition  7). Then, we create a dataframe, where 
each row represents one pattern instance. Through a comprehensive
feature expansion, we maximise the data’s representation dimension 
by including relevant features and then apply a minimisation strategy 
through optimal rule selection step to select a subset of features leading 
to the most predictive rules, if any, for each pattern.

As shown in Fig.  5, the initial pattern resulted in two distinct 
patterns, each corresponding to a specific process outcome. While both 
context-aware patterns share an identical control-flow structure, they 
are differentiated by unique rules based on the value of the TWP. The 
TWP feature is defined during the feature expansion step and identified 
as the most predictive feature during the optimal rule selection step. In 
the following subsections, we discuss these two main steps.

4.1.1. Feature expansion
The goal of this step is to enrich the data representation by in-

cluding multiple process perspectives at different granularity levels as 
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interpretable features. The underlying idea is transforming raw data 
into interpretable representations. This approach follows the same 
principles of techniques applied in other domains, such as super-pixel 
segmentation in image analysis, which transforms raw pixel data into 
meaningful clusters representing objects or their parts (Sokol and Flach, 
2024). In the context of process data, we reviewed the literature on 
feature engineering in PPM to collect commonly used features. In par-
ticular, we draw upon two established levels of feature granularity from 
the literature, intra-case and inter-case features, and propose a novel 
feature granularity level that captures process perspectives by studying 
the interplay among multiple activities within a process pattern. 

Several studies in process mining investigated different methods 
to enrich event logs with new information dimensions (Liu et al., 
2023). Most works have focused on defining features that can be 
extracted from a single trace, known as intra-case features. Different 
predictive intra-case features, each focusing on one process perspective, 
such as time (Di Francescomarino et al., 2017; Navarin et al., 2017; 
Dogan, 2023; Camargo et al., 2019a; Tax et al., 2017), resource (Neu 
et al., 2022; Camargo et al., 2019b), ordering (control-flow) (Ceravolo 
et al., 2024; Vazifehdoostirani et al., 2023a), and other data (Teinemaa 
et al., 2019) (including additional case and event attributes) have been 
introduced.

Recent research has highlighted the importance of considering inter-
case features, which reflect how ongoing cases within a process may 
influence each other’s outcomes due to, e.g., their shared pool of 
resources (Senderovich et al., 2019, 2017; Grinvald et al., 2021; Kim 
et al., 2022). In the context of our work, we argue that inter-case 
features can be defined for time, resource, ordering and additional data 
perspectives by aggregating information related to each perspective 
across multiple cases. Furthermore, since inter-case features are often 
introduced in the literature to assess the occupation of a system by, for 
example, counting the number of open cases running (Teinemaa et al., 
2019), we add the occupation perspective to this feature level.

Finally, while previous work focused mainly on inter and intra-
case features, we intend to consider pattern-level features as well. The 
necessity of this type of feature is shown in the motivational example 
(Section 2), where the discriminative rule could be detected by looking 
at the relative time passed between two events within the pattern, not 
only the timestamps of the single event. We call this level of granularity
inner pattern relation features. This level leverages the same process 
perspectives of the intra- and inter-case levels, allowing us to analyse 
these perspectives at a finer level of granularity. For example, the time 
perspective captures the time elapsed within a pattern. The resource 
perspective enables analyses such as work handovers within a process 
pattern, identified as a critical factor for process performance (Pan-
panich et al., 2015). The ordering perspective captures the positional 
distance between a pattern’s activities. This feature is particularly valu-
able for patterns with eventual relations, as it indicates how far apart 
the activities in the eventual relation are. The occupation perspectives 
from inter-case features can also be meaningful here by capturing, for 
example, the average system occupation through the excitation of a 
process pattern. Additionally, data perspectives reveal dynamic changes 
in data within a process pattern. However, this perspective applies 
only to event data, as case data remain constant throughout the entire 
execution, making the definition of inner relations for them trivial.

In summary, three levels of feature granularity are defined and pre-
sented in Table  2. Each granularity level includes multiple process per-
spectives. For clarity, the table provides one example for each feature 
type. Depending on the process domain and given expert knowledge, 
additional data (such as credit score) fall under data perspectives.  The 
relation between these data perspectives and control-flow patterns will 
be established through the optimal rule selection step (Section 4.1.2), 
depending on their effect on process outcome. 

To provide a concrete example, we present an expanded set of 
features for instances of the pattern introduced in Section 2, focusing 
on time-perspective features. In this example, the initial control flow 
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pattern 𝑃  is CR eventually followed by LE. For each instance of the pat-
tern within, we create one data row with the ID defined by 𝑃𝐼(𝜎, 𝑃 )𝑛, 
where 𝑛 refer to 𝑛th pattern instance of 𝑃  within trace 𝜎. For the intra-
case level, we collected the time corresponding to each event (𝑇 𝑖𝑚𝑒𝐶𝑅
and 𝑇 𝑖𝑚𝑒𝐿𝐸); the inter-case level is represented by 𝑇 𝑖𝑚𝑒→𝐶𝑅 and 𝑇 𝑖𝑚𝑒→𝐿𝐸 , 
indicating the time since the completion of the latest case in the system. 
Lastly, the inner pattern relation level is presented by the time passed 
between two events within the pattern (|𝑇 𝑖𝑚𝑒𝐶𝑅 − 𝑇 𝑖𝑚𝑒𝐿𝐸 |) (see Table 
3).

4.1.2. Optimal rule selection
In this step, we focus on selecting the most influential features 

across the aforementioned granularity levels and formulating discrim-
inative rules that express the relationship between these selected fea-
tures and the process outcome for each control-flow pattern. Specifi-
cally, for each control-flow pattern, first, we select the most relevant 
features among those introduced in the previous step. Then, we train 
a Decision Tree (DT) on the sub-log involving the pattern using the 
outcome as the target variable to derive the actual rules. The DT is 
chosen due to its ability to generate interpretable rules directly from 
the relevant features. 

The feature selection step serves two purposes. First, it allows us 
to focus only on the feature with the highest impact on the out-
come, thus reducing the data dimension and, hence, enhancing the 
rule interpretability. Second, it helps us prevent overfitting. To ful-
fil these requirements, we employ the Recursive Feature Elimination 
with Cross-validation (RFE-CV) technique (Freytes et al., 2023) as the 
instantiation of this module. RFE-CV employs an initial DT classifier 
trained on the sub-log 𝐿𝑃  and aims to find the optimal set of features 
while maximising the classifier performance. This method iteratively 
eliminates the least significant features by evaluating their impact on 
the classifier’s performance through cross-validation within 𝐿𝑃 . This 
rigorous approach ensures that only the most impactful features are 
retained, preserving interpretability while enhancing efficiency and 
reducing the risk of overfitting.  From the features selected by RFE-
CV, discriminative rules are generated using the refined DT model and 
are encapsulated in . Note that if multiple rules hold for the same 
control-flow pattern 𝑃 , duplicates of 𝑃  are created, each corresponding 
to a unique rule.

4.2. Process-context aware surrogate model

In this section, we introduce several strategies to train a surrogate 
model with full process context to achieve a process context-aware 
explanation at the end. We divide our strategies into two main groups 
where: the first group relies on the process patterns obtained from CA-
IMPresseD, and the second group acts as our baseline and relies on 
IMPresseD.

For the first group, we propose two strategies based on the type 
of process data (event or case attributes) that were involved through 
the pattern discovery stage, particularly for the discriminative rule 
detection step. The first strategy, Full Context Patterns (FCP), integrates 
all available process contexts, both event and case, directly into the 
discovered patterns using CA-IMPresseD. This ensures a comprehen-
sive representation of the process context in patterns. Having FCP 
patterns, the surrogate model will be trained only on the frequency-
based encoding of these patterns, as done in (Vazifehdoostirani et al., 
2023b). The second strategy, the Dynamic Context Patterns (DCP) 
strategy, focuses on event attributes when deriving the patterns. In 
this strategy, the case attributes are excluded during discriminative 
rules detection but added later to the encoded feature vector for the 
surrogate model training. This separation is based on the distinction 
between process contexts in the final explanation. Case attributes may 
influence the outcome independently of any events or patterns (e.g., a 
patient’s age affecting the outcome). In such cases, the DCP strategy 
ensures that these explanations are presented independently of any 
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Table 2
Feature granularity levels associated with process patterns with the predictive potential.
 Granularity levels Perspectives Example  
 
Intra case
features

Time The event starting time  
 Resource Resource ID  
 Ordering Activity position  
 Data Additional case or event data  
 
Inter case
features

Time Time since the last case in the system was completed  
 Resource Resource experience  
 Ordering Shift in activity position compared to the previous execution 
 Occupation Number of open cases at the execution time  
 Data Additional case or event data  
 
Inner pattern
relation features

Time Time spent within a pattern instance  
 Resource Number of handovers within the pattern instance  
 Ordering Distance in the position of events of the pattern instance  
 Occupation Average number of open cases through the pattern instance  
 Data Additional event data  
Table 3
Expanded features associated with the instances of a pattern from Table  1.
 ID Intra case features Inter case features Inner pattern relation Outcome 
 𝑇 𝑖𝑚𝑒𝐶𝑅 𝑇 𝑖𝑚𝑒𝐿𝐸 𝑇 𝑖𝑚𝑒→𝐶𝑅 𝑇 𝑖𝑚𝑒→𝐿𝐸 |𝑇 𝑖𝑚𝑒𝐶𝑅 − 𝑇 𝑖𝑚𝑒𝐿𝐸 |  
 𝑃𝐼(𝑇1, 𝑃 )1 1:15 3:15 NaN NaN 2:00 DI  
 𝑃𝐼(𝑇2, 𝑃 )1 9:00 11:30 1:00 2:15 2:30 DI  
 𝑃𝐼(𝑇4, 𝑃 )1 1:15 2:00 NaN NaN 0:45 RE  
 𝑃𝐼(𝑇6, 𝑃 )1 6:30 7:00 NaN 0:15 0:30 RE  
Table 4
Different process context inclusion scheme for the surrogate model’s feature vector.
 Encoding Patterns Discriminative rules Event attributes Case attributes 
 Case attributes Event attributes  
 FCP CA-IMPresseD 4 4 7 7  
 DCP CA-IMPresseD 7 4 7 4  
 CALL IMPresseD 7 7 4 4  
 CFP IMPresseD 7 7 7 7  
pattern. Conversely, event attributes are specific to individual events; 
therefore, they are included in discriminative rule detection to provide 
a unified explanation of dynamic process context. To this end, the same 
frequency-based encoding will be applied for the discovered pattern, 
while the case attributes will be concatenated to the resulting feature 
vector for each trace.

We introduce two baseline strategies as well, where the process 
patterns are obtained from IMPresseD, focusing only on the control-
flow perspective. Concatenate All (CALL) relies on control-flow patterns 
discovered using the IMPresseD method. However, in this strategy, we 
concatenate all available case and event attributes to the frequency-
based encoding vector for the surrogate model training. CALL builds 
on existing approaches from the literature and does not incorporate 
the contributions introduced in this paper. While this strategy includes 
intra-case and inter-case features during the encoding phase, it over-
looks inner-pattern relations. The second baseline, called Control-Flow 
Patterns (CFP), leverages patterns discovered solely based on control 
flow using the IMPresseD method. No additional context is included 
during discovery, and no additional context will be added later through 
encoding. This strategy serves as a comparison point to evaluate the 
benefits of incorporating multiple process contexts into the explanation. 
In CFP, we only use the frequency-based encoding of the discovered 
patterns.

The different process context inclusion schemes are summarised in 
Table  4. In the table, the Event Attributes and Case Attributes refer to the 
fact of whether these attributes are concatenated in the feature vector 
used to train the surrogate model independently from the frequency-
based encoding of the process patterns. The column Discriminative rule
specifies the type of process contexts used to discover these rules within 
CA-IMPresseD. The Patterns column identifies the method employed to 
discover the process patterns. It is important to note that all types of 
patterns use frequency-based encoding for the feature representation.
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Table 5
Encoding output for each of the proposed method using T1 from Table  1.
 Encoding Feature vector for trace T1  
 FCP {P1 = 1,P2 = 0,P3 = 1}  
 DCP {Age = 75,P1 = 1,P2 = 0,P3 = 1}  
 CALL {Age = 75,P1 = 1,P2 = 0,Time1 = 1∶00,Time2 = 1∶15,… ,Time8 = 7∶40} 
 CFP {P1 = 1,P2 = 0}  

To showcase how the different encodings can be instantiated, we 
refer to the motivating example in Section 2. Looking at Table  1, let us 
assume the following patterns are discovered:

P1: The control-flow pattern Lactic Acid measurement (LA) eventually 
followed by Intravenous Antibiotics (IA).

P2: Another control-flow pattern, IA eventually followed by LA.
P3: For the context-aware pattern, the Leucocytes measurement (LE) is 

executed more than 2 h after the CRP measurement (CR) is done.

Note that while all the mentioned patterns potentially can be dis-
covered using CA-IMPresseD, IMPresseD is limited to discovering only 
𝑃1 and 𝑃2. Assume we aim to encode the trace T1 from Table  1 by 
leveraging each of these patterns, with the output of each strategy 
shown in Table  5.

5. Experimental setup

To evaluate the proposed approach, we designed two main evalua-
tion setups, each dealing with one of the following research questions:

RQ1 What are the differences in predictive capabilities between 
patterns discovered by the baseline method (IMPresseD) and 
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Table 6
Event logs statistics.
 Dataset log trace# variant# event trace event avg. trace positive prefix domain  
 class# att.# att.# length class % lengths  
 BPIC2012_1

bpic2012 4685 3790 36 1 10 35
47%

[15, 20, 25, 30] finance
 

 BPIC2012_2 17%  
 BPIC2012_3 35%  
 BPIC2017_1

bpic2017 31,413 2087 36 3 20 35
41%

[20, 25, 30, 35] finance
 

 BPIC2017_2 12%  
 BPIC2017_3 47%  
 Sepsis_1

sepsis 782 709 15 24 13 14
14%

[7, 9, 13, 16] healthcare
 

 Sepsis_2 14%  
 Sepsis_3 14%  
 BPIC2011_f1

bpic2011 
1140 815 193 6 14 25 40% [10, 15, 20, 25]

healthcare

 
 BPIC2011_f2 1140 977 251 6 14 54 78% [10, 15, 20, 25]  
 BPIC2011_f3 1121 793 190 6 14 21 23% [10, 15, 20, 25]  
 BPIC2011_f4 1140 977 231 6 14 44 28% [10, 15, 20, 25]  
 Production Production 220 203 26 3 15 9 53% [7, 11, 15, 19] industrial  
those identified by the proposed context-aware method (CA-
IMPresseD)? 

RQ2 What is the effect of different process context encoding methods 
for the surrogate model on the fidelity and interpretability of the 
explanation? 

To address the research question RQ1, we designed two labelling 
scenarios for real-life logs. The first scenario serves as a controlled 
evaluation to showcase the approach’s capabilities to discover patterns 
that go undetected when the context is not considered. This scenario 
employs a labelling function defining the outcome of a trace based on 
the existence of certain context-aware patterns, acting as the ground 
truth. The second labelling scenario leverages outcome labelling func-
tions previously defined in the literature  (Teinemaa et al., 2019). The 
focus of this second scenario is a real-life evaluation of the predictive 
capabilities of the proposed approach.

For RQ2, we have designed a quantitative evaluation followed by a
qualitative comparison. The former measures the faithfulness of the ex-
planations generated w.r.t the original black-box model. For the latter, 
we inspect the final explanation resulting from each encoding method 
introduced for the surrogate model in Section 4.2. Inspired by ablation 
studies, the aim of this analysis is to determine how the inclusion of 
the different types of process context, either within the context-aware 
patterns (FCP, DCP) or the feature vector (CALL), impacts the fidelity 
of the surrogate model.

5.1. Datasets

We analysed five event logs commonly used in literature, namely
bpic2017, bpic2012, bpic2011, sepsis and Production. Table  6 reports some 
characteristics of the chosen datasets, as well as the range of prefix 
lengths used for the evaluation. These event logs were chosen due to 
the wide range of different characteristics, such as the number of trace 
attributes, varying trace lengths, log size, and different label distribu-
tions. The percentage of the positive class in the Table  6 is reported 
based on the process outcome labelling strategy used in (Teinemaa 
et al., 2019). 

5.2. Experimental settings

We designed two experimental settings, each tailored to its respec-
tive question. The implementation of the methods introduced in this 
paper and the code required to reproduce experimental results can be 
found here.3

3 https://github.com/abuliga/PABLO/tree/data_pablo
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5.2.1. Pattern discovery setting (RQ1) .
We divide each log into 80%–20% for training and testing, respec-

tively, using a temporal order split. During pattern discovery on the 
logs in Table  6, we encountered a runtime issue with both IMPresseD 
and CA-IMPresseD for bpic2017. To address this, we applied a sampling 
method from the literature that preserves the predictive performance of 
models trained on sampled logs compared to the original log (Fani Sani 
et al., 2023). Using this approach, we reduced bpic2017 to 1,153 traces 
and 400 variants, enabling pattern discovery within a feasible runtime. 
We use the same interest functions introduced in (Vazifehdoostirani 
et al., 2023b), including frequency, outcome and case distance interest 
functions for both IMPresseD and CA-IMPresseD.  Here, we focus on 
comparing how the proposed method performs against the baseline 
predictive pattern discovery method that only takes the control flow 
into account. 

For the feature expansion step (Section 4.1), we use the most 
common intra and inter-case features employed in previous PPM work
(Teinemaa et al., 2019). For the inner pattern relation features, we 
leveraged common intra and inter-case features from the literature, 
and we defined straightforward aggregators such as average and sum, 
generating meaningful features in the context of business process man-
agement, such as average throughput time and handover. Table  7 
presents the chosen features in these experiments. These features can 
be extracted from all real-life logs, while some other possible features 
require either more information to be recorded in the log, such as case 
priority, or expert validation, such as resource experience.

To discover the patterns, we followed the automatic discovery setup 
based on (Vazifehdoostirani et al., 2023b), where each non-dominated 
pattern in the Pareto form will be extended in the next iteration. 
We performed two iterations, since this setting allowed to achieve 
satisfying classification performance in previous work.

The discovered patterns are encoded using frequency-based encod-
ing. We then compare the performance of DT trained on encoded logs 
in these experiments. The two DT models are evaluated on a test 
set, that was not used either for pattern discovery or for training the 
DT, using the Area Under the Curve (AUC) metric, a commonly used 
metric that considers the probability distribution of each of the possible 
labels (Bradley, 1997).

5.2.2. Local explanation setting (RQ2) .
To obtain the context-aware local explanation, we instantiate the 

PABLO framework with the methods proposed in Section 4. We divide 
each dataset into 70%–10%–20% for training, validation, and testing, 
respectively, using a sequential order split. For the black-box model 𝑀𝑏, 
we leverage the XGBoost model. This type of model was selected as it 
was shown in previous studies to provide performance on par with Deep 
Learning architectures, however requiring less training data (Peep-
erkorn et al., 2023). We nonetheless point out the fact that the PABLO is 

https://github.com/abuliga/PABLO/tree/data_pablo
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Table 7
Defined features for the experiments based on the PPM literature. 
 Granularity levels Perspectives Examples  
 
Intra case
features

Time Hour (time of day), weekday, month, time since the last event,
time since midnight, duration, time from the start of the trace

 

 Resource Resource ID, Resource group  
 Ordering Activity position  
 Data Existing case and event attributes in each real-life log  
 
Inter case
features

Time –  
 Resource –  
 Ordering –  
 Occupation Number of open cases  
 Data –  
 
Inner pattern
relation features

Time Average of all time-related intra-case features, the sum of activity durations,
binary feature indicating if all events of a pattern performed in same
weekday and month, sum of time spend within events inside the pattern

 

 Resource Binary feature indicating the occurrence of handover within the pattern,
frequent resource within the pattern, set of involved resources in pattern

 

 Ordering Distance in the position of events of a pattern instance  
 Occupation Average number of open cases through the pattern  
 Data For other available event data, we used the average of numerical attributes,

and a set of categorical attributes
 

model agnostic and works with all types of predictive models. For each 
dataset, we used 4 different prefix lengths (see Table  6) and we used 
complex-index encoding to encode all static and dynamic information 
from the trace (Leontjeva et al., 2015) as a compatible choice for XG-
Boost. The optimal XGBoost model setup is selected via hyperparameter 
optimisation for each dataset and prefix length. For optimisation, the 
Tree Parzen Estimator (TPE)4 is used with the objective of maximising 
the AUC.

Each instance from the test set is used as inquiry trace 𝐱 to undergo 
the explanation pipeline. We employed the Genetic Algorithm (GA) 
based on (Mothilal et al., 2020) for generating the synthetic neighbour-
hood syn. GA was chosen for its ability to generate diverse traces while 
optimising a fitness function to ensure that the generated traces meet 
the required specifications. To achieve this, we employed the same 
quality metrics and feasibility measures to train the GA as in (Buliga 
et al., 2024). The only differences are that (1) the inquiry trace in 
this work contains all event and case attributes used in training the 
black box, allowing us to generate different process perspectives in the 
synthetic neighbourhood as well, (2) unlike (Buliga et al., 2024), we 
included the feasibility constraint inside the fitness function of the GA 
with all other quality measures to account for the feasibility of the 
generated traces through the GA iterations.

The log syn is composed of 200 traces generated for each inquiry 
trace, with 100 traces being generated for each outcome, resulting in 
a balanced event log. A maximum of 100 iterations was set for the 
evolutionary algorithm, with a population size of 20 ∗ 100 = 2000.

In addition to the interest functions defined in (Buliga et al., 2024), 
here we define an additional interest function to mitigate the impact of 
confounding variables introduced in (Vazifehdoostirani et al., 2023b). 
This interest function called Case Distance, aims at prioritising patterns 
with the smallest average case distance between the case attributes of 
traces that conform to the pattern and those that do not. 

Regarding the training of the surrogate model 𝑀𝑤, we instantiate 
a DT, for which we also perform the hyperparameter optimisation. We 
chose a DT as it is considered a white-box interpretable model that is 
able to provide all the rules leading to different predictions from which 
we are able to extract the local rule-based explanations. The different 
encoding strategies introduced in Section 4.2 are implemented and 
compared. In terms of baselines for comparison, we consider CFP and 

4 Hyperparameter optimisation was done by using the hyperopt python 
library
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CALL that only leverage the control-flow patterns discovered using the 
standard components of the PABLO framework (i.e., IMPresseD). We 
omit other state-of-the-art methods for local explanations as PABLO was 
already shown to outperform other methods in previous work (Buliga 
et al., 2024).

To measure the fidelity of the surrogate model 𝑀𝑤, we employ the 
Local Fidelity (LF) metric (Buliga et al., 2024), defined as: 

𝐿𝐹 = 1
|testsyn |

∑

𝜎syn∈testsyn

I
(

𝑀𝑤(e(𝜎syn)) = 𝑀𝑏(e(𝜎syn))
)

(1)

where I(⋅) is the indicator function, returning 1 if the predictions 
of the derived surrogate model 𝑀𝑤 and the black box model 𝑀𝑏 on 
e(𝜎syn) match, and 0 otherwise. testsyn represents a hold-out set from 
the generated synthetic neighbourhood used to evaluate the surrogate 
model, and e represents the feature encoder mapping traces to a feature 
vector compatible with predictive model. A higher LF indicates a strong 
alignment between the prediction obtained from the surrogate model 
and the black-box model, while an LF of zero reflects completely 
unfaithful predictions by the surrogate. A higher LF also highlights the 
accuracy of the generated rules as explanations as they are able to cover 
the predictions of the black-box model.

6. CA-IMPresseD evaluation

This evaluation aims to compare the predictive capabilities of the 
patterns discovered by our approach to the baseline to address RQ1. 
We first discuss the results of the controlled evaluation and then extend 
our experiments to the real-life logs evaluation.

6.1. Controlled evaluation

From the literature, three scenarios are usually recognised for pro-
cess outcomes (Teinemaa et al., 2019). The first scenario involves 
outcomes determined by specific events or case attributes, such as the 
number of rejections in a production log. The second scenario involves 
outcomes defined solely based on control-flow patterns, for instance, 
compliance with given ordering constraints. The third scenario involves 
outcomes influenced by multiple process perspectives, such as the 
timing of a patient’s return to the emergency room after discharge.

The controlled evaluation focuses on the third scenario, where 
specific context-aware process patterns are known to affect the out-
come. The aim is to assess whether CA-IMPresseD can rediscover 
these patterns. We will evaluate the effectiveness of CA-IMPresseD by 
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Fig. 6. Controlled evaluation results for non-processed sepsis log.
comparing it with IMPresseD, as the baseline. We focus on the sepsis log, 
which contains such a context-aware pattern (Teinemaa et al., 2019), 
in Section 6.1.1. Then, to thoroughly assess the proposed model, we 
introduce three additional outcome labels for this log, each defined by a 
distinct pattern with unique characteristics, including direct, eventual, 
or concurrent control-flow structure in Section 6.1.2.

6.1.1.  non-processed sepsis log
For this experiment, we leverage the labelling defined in (Teinemaa 

et al., 2019), where the outcome of a trace is defined as positive if a 
patient returns to the emergency room within 28 days of discharge.

Note that we utilise a non-processed log containing complete traces 
where the complete pattern occurs, since our goal is to assess whether 
this pattern could be effectively discovered. Fig.  6 shows the AUC of the 
DT trained on encoded patterns and the number of discovered patterns 
for each method.

AUC does not differ for short prefixes because the target pattern 
appears toward the end of the process. As the trace length increases, 
CA-IMPresseD outperforms the baseline, where the target pattern is 
discovered only by CA-IMPresseD. All discovered patterns from prefix 
25 (with highest achieved AUC) are shown in Fig.  7, arranged in order 
of importance based on the feature importance derived from the DT, 
from left to right. Each pattern’s ID indicates the single activity from 
which the presented pattern was extended.  Upon analysing these 
patterns we identified two patterns (each from one extension step) that 
led to a high AUC using CA-IMPresseD.

The most important pattern based on the feature importance derived 
from DT is the single-activity pattern: Return ER with the discrim-
inative rule of ‘timesincelastevents’ ≤ 40678.18 mins (28.2 days). The 
extension of Return ER in the second iteration of CA-IMPresseD re-
sulted in the pattern shown in Fig.  7. This pattern involves Return ER
subsequent to the CRP rather than patient discharge. The uncovering of 
these patterns can be explained with the presence of multiple activity 
codes in the log, each referring to different types of discharges (Release 
A, Release B, Release C, and Release D). While in all cases (except 
for one outlier), the event preceding Return ER is associated with one 
type of patient discharge, the frequency of combining each discharge 
type with Return ER is lower than the frequency of combining CRP
with Return ER, which occurs in 99% of cases. Since our pattern ex-
tension strategies, introduced in (Vazifehdoostirani et al., 2023b), focus 
on discovering direct, eventual, and concurrent behaviours without 
the capability to identify patterns with ⟨𝑂𝑅⟩ conditions, we cannot 
encompass all types of discharges in a single pattern. Nevertheless, the 
CA-IMPresseD was able to identify two good proxy patterns, modelling 
the core of the expected behaviour. This insight underscores the need 
for more complex extension scenarios in future work to capture more 
complicated behaviours effectively.
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On the other hand, IMPresseD discovered three patterns, including 
a single-activity pattern of Return ER (most important pattern based on 
DT’s feature importance) and two shown in Fig.  7. Since Leucocytes
is also present in 99% of cases, ‘‘Pattern ID: Return ER_6" is also 
discovered by IMPresseD with the same reason mentioned above for
CRP. Although the control flow aspect of the patterns discovered by CA-
IMPresseD can be found by IMPresseD, neglecting the data perspective 
resulted in missing the actual discriminative behaviour, as showed by 
the lower prediction performance.

6.1.2. Relabelled logs
Table  8 summarises the three labelling schemas for the sepsis log, 

where traces are labelled as positive if they contain at least one instance 
of the target pattern. Each target pattern features a direct, eventual, or 
concurrent control-flow structure paired with a specific discriminative 
rule. Fig.  8 presents the prediction performance and the number of 
discovered patterns using IMPresseD and CA-IMPresseD. The top four 
most important patterns for each log, determined by feature importance 
from the trained DT on the encoded patterns, are depicted in Appendix 
A.

The key observation from Fig.  8 is that CA-IMPresseD significantly 
outperforms IMPresseD in terms of AUC. This improvement stems from 
the high predictive power of context-aware process patterns compared 
to only the control-flow patterns. Across all datasets, CA-IMPresseD 
successfully discovered the target pattern, which was consistently iden-
tified as the most important by DT for the outcome prediction. Interest-
ingly, in the time-based relabelled log, where control-flow alone lacks 
any predictive power, IMPresseD could not identify even the control-
flow aspect of the target pattern, which justifies the substantial AUC 
difference.

It is worth mentioning that for being able to discover the target 
pattern defined in the resource-based and time-based relabelled logs, 
defining inner pattern relation features is crucial. Otherwise, relying 
solely on the resources or time of each event independently would not 
result in the target pattern. The occupation-based relabelled log reflects 
real-world scenarios where executing tasks simultaneously in a busy 
system may influence the outcome and is not necessarily dependent on 
inner pattern relation features. In this case, inter-case features play a 
pivotal role in detecting the discriminative rule of the target pattern.

Following the incremental pattern discovery and selection approach 
in (Vazifehdoostirani et al., 2023b), we selected the best patterns based 
on the Pareto front after each extension step. Therefore, while the 
target patterns all include two activities, approximations as single-
activity patterns were discovered in the first iteration, and extensions 
of the target pattern emerged in the following pattern extension steps. 
This explains why, using both IMPresseD and CA-IMPresseD, we have 
discovered more than just one target pattern. CA-IMPresseD often 
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Fig. 7. All discovered patterns using both proposed and baseline methods from non-processed sepsis log (blue arrows: eventual relations, black arrows: direct relations).
Table 8
Relabelled logs for controlled evaluation.
 Relabelled logs Target pattern Structure  
 Resource-based Leucocytes is directly followed by CRP, with a handover between these two events Direct  
 Time-based ER Triage is eventually followed by LacticAcid, and time between the two events ≤ 15 min Eventual  
 Occupation-based IV Antibiotic is concurrent to IV Liquid, and the number of open cases ≥ 76 Concurrent 
discovers more patterns than IMPresseD, as its discriminative rule 
detection step generates multiple context-aware patterns from a single 
control-flow pattern.

However, an unexpected observation is the significantly higher 
number of patterns than the target pattern discovered by CA-IMPresseD 
in relabelled logs. The analysis of the discovered patterns revealed the 
following reasons:

• One of the interest functions used in (Vazifehdoostirani et al., 
2023b) and current experiments may allow a pattern to dominate 
others despite not being highly predictive, but because of its 
frequency. For example, in resource-based relabelled log, while the 
single-activity pattern of CRP dominates due to its impact on the 
outcome, Admission NC dominates due to its frequency.

• Some hidden relations between activities and data payloads in 
the sepsis log were not completely under control. For example, in 
the time-based relabelled log, Leucocytes and LacticAcid occur 
consecutively in 57% of cases, always sharing the same times-
tamp. Consequently, the target pattern can also be interpreted 
as ER Triage eventually followed by Leucocytes within 15 min, 
a pattern identified by CA-IMPresseD besides the main target 
pattern. Similarly, for the occupation-based relabelled log, the 
number of open cases remains constant across most events within 
the trace, which causes the target pattern to be interpreted by 
other frequent activities, such as ER Registration is eventually 
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followed by IV Antibiotic, where the average number of open cases 
≤ 76.7 and ‘timesincelastevent’ ≤ 0.262.

Although CA-IMPresseD discovered more patterns than the target 
pattern, it consistently begins by identifying the target pattern, which is 
always recognised by DT as the most important for prediction purposes.

6.2. Real-life logs evaluations

This section compares the predictive capabilities of the patterns 
discovered using both the IMPresseD and CA-IMPresseD frameworks 
on pre-processed real-life logs with the same outcome defined in the 
literature (Teinemaa et al., 2019). To this end, discovered patterns 
from different prefixes are encoded using frequency-based encoding 
and train a DT model on the encoded patterns to predict the process 
outcome. This approach is inspired by the evaluation method com-
monly used in deviance mining (Nguyen et al., 2014), which assesses 
the quality of the discovered patterns in predicting process outcomes 
without leveraging user knowledge. Here, the discovered patterns are 
treated as independent features, while the process outcome is the 
dependent variable. The results are presented in Fig.  9.

The AUC generally increases with prefix length (except for Produc-
tion and Sepsis_1), suggesting that patterns discovered later in traces 
have greater predictive power. This likely reflects the importance of 
detailed process contexts that emerge over time.
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Fig. 8. AUC results and the number of discovered patterns from relabelled logs.
Prediction models trained on patterns from CA-IMPresseD consis-
tently outperformed those using IMPresseD across various logs. No-
tably, the CA-IMPresseD method performs significantly better in logs 
characterised by a higher number of event attributes. This is expected, 
as logs with richer attribute sets, such as bpic2017 and bpic2011, pro-
vide more opportunities for identifying context-aware patterns. In con-
trast, in logs like bpic2012, where only one case attribute and only 
time-related event attributes are present, the opportunity to discover 
context-aware patterns is relatively limited.
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Typically, the number of patterns identified by the CA-IMPresseD 
method exceeds those discovered by IMPresseD, especially in logs with 
more extensive data payloads. This trend is due to CA-IMPresseD’s dis-
criminative rule detection, which generates multiple context-aware pat-
terns from each control-flow pattern. Interestingly, in the BPIC2011_2
log, fewer context-aware patterns were discovered than control-flow 
patterns, yet these exhibited higher predictive capabilities.

Further investigation into the results for each event log provided ad-
ditional insights. For instance, as indicated in (Teinemaa et al., 2019), a 
concept drift in the Sepsis_1 log hinders high prediction accuracy when 
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Fig. 9. Prediction performance comparison on original labelling of real-life logs.
using a temporal train–test split. This leads to very low AUC scores 
(close to 50%), which are sometimes worse than random guessing. Con-
sequently, unlike other logs where increased prefix lengths correlate 
with improved prediction performance, the Sepsis_1 log shows a decline. 
Similarly, the issue with the Production log arises from differences 
in the distribution of prefix lengths between the training and testing 
13 
sets. Specifically, after prefix 13, only one case exists for each of the 
subsequent prefixes. This introduces significant variability to the test 
set. Furthermore, of these unique cases, only one displayed the key 
pattern identified for prefixes 15 and 19, which is the presence of 
activity Packing when the ‘PartDesc’ ≠ ‘Clamp’. The limited number of 
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Fig. 10. Local fidelity comparison for different encoding scenarios.
cases at these critical prefixes makes the evaluation overly sensitive to 
variations in individual cases, leading to a decrease in AUC.

The most significant difference in prediction performance between 
the two sets of discovered patterns was observed in BPIC2017_1. The 
patterns contributing to this difference were derived from the exten-
sion of three activities: O_Create Offer, O_Sent, and O_Created. The 
key discriminative rule identified is: ‘Selected’ = ‘True’. According to 
the report by the bpic2017 challenge winners,5 this feature indicates 
whether the customer signed the offer, but on its own, it leads to final 
loan approval in only 55% of cases. However, we found that if any 
of these three activities are executed and the ‘Selected’ value is ‘True’, 
the probability of loan approval increases to 68%. The winners’ report 
also highlighted O_Sent and W_Call after offer as activities linked to 
positive outcomes, suggesting that an offer is more likely to be selected 
when the customer is frequently notified. Another impactful pattern we 
identified involved O_Sent eventually followed by W_Call after offer
while ‘Selected’ = ‘True’, which led to loan acceptance in 75.5% of 
cases. The overlap between the patterns discovered by CA-IMPresseD 
and the findings in the literature highlights the method’s capability 
to uncover patterns that can be understood and utilised by domain 
experts.

The most notable improvement in AUC within the bpic2011 dataset 
occurred at prefix 25 of BPIC2011_3. Analysis of the decision tree built 
on the encoded patterns revealed that the most critical pattern involves 
one repetition of AC370000 followed eventually by 370488G, with the 

5 https://ais.win.tue.nl/bpi/2017/bpi2017_winner_professional.pdf
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rule: ‘Diagnosis code’ = ‘M13’. Notably, while the IMPresseD method 
identified the control flow aspect of this pattern, it was associated 
with positive outcomes in only 64% of cases. Incorporating the data 
condition (‘Diagnosis code’ = ‘M13’) into the control flow pattern 
substantially increased the prediction accuracy, boosting the positive 
outcome rate to 87%. This indicates that neither control flow nor data 
attributes alone are sufficiently predictive; rather, their aggregation 
is necessary to achieve the highest accuracy, as relying solely on the
Diagnosis code resulted in positive outcomes in only 66% of cases.

6.3. Pattern discovery runtime overview

The benefit of using CA-IMPresseD clearly depends on whether 
the outcome is affected by context-aware patterns. Nevertheless, the 
evaluation shows that even when this is not the case, CA-IMPresseD 
maintains the same predictive power of the baseline while providing 
a powerful means to explore potential relations with multiple process 
perspectives. In general, we observed an improvement ranging from 2% 
to 15% in different event logs.

This higher predictive power, however, comes with a trade-off in 
computational cost. The runtime for each method is detailed in Ap-
pendix  C, and we discuss key trends here. The increase in the runtime 
of CA-IMPresseD compared to IMPresseD is often proportional to the 
performance improvement. A longer runtime allows the algorithm to 
explore more complex patterns and relationships that may remain 
hidden in the baseline model, leading to better results. This is evident 
in datasets like BPIC2011_3, BPIC2017_1, and BPIC2017_2, where the 
highest observed increases in runtime (87.2%, 161.5%, and 165.6%, 

https://ais.win.tue.nl/bpi/2017/bpi2017_winner_professional.pdf
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respectively) correspond to substantial improvements in prediction per-
formance (15%, 13%, and 15%, respectively). Conversely, in cases like 
BPIC2012_1 and BPIC2017_3, where runtime remained unchanged or 
increased marginally (9.6%), performance gains were minimal (0%–5% 
respectively). 

However, there are exceptions to this trend. In the BPIC2011_1, 
we observed only a 15.4% increase in the discovery run time, which 
leads to around 10% prediction improvement. Comparing BPIC2011_1 
with BPIC2011_3 (which share similar characteristics) revealed that 
the difference stems from the number of dominant patterns identi-
fied by the Pareto Front after each discovery iteration. For example, 
in BPIC2011_3, during the first iteration, both IMPresseD and CA-
IMPresseD identified 10 single activities as dominant. However, due to 
the additional discriminative rule discovery step in CA-IMPresseD, the 
runtime increased significantly. In contrast, in BPIC2011_1, only two 
activities were initially identified as dominant in IMPresseD, and one of 
them was later dominated when process context was considered in CA-
IMPresseD. As a result, the overall search space was reduced, leading 
to a smaller increase in runtime throughout the discovery process.

Another exception is seen in the Sepsis datasets. Despite noticeable 
increases in runtime (126% on average), the prediction performance 
did not improve. It can be attributed to specific characteristics of the 
dataset. The sepsis log has a high variant-to-trace ratio (0.91), indicating 
a highly unstructured process with many unique traces, making it 
difficult for the algorithm to identify patterns with high support across 
the log. Additionally, the high number of case and event attributes may 
introduce noise or redundancy, diverting computational effort toward 
irrelevant features. 

In general, the runtime of both CA-IMPresseD and IMPresseD is in-
fluenced by the number of trace and variants. The shortest runtime was 
observed in the smallest log (Production), taking approximately 4 and 
5 min, respectively, for the entire discovery process across all prefixes. 
In contrast, the longest runtime occurred in the log with the highest 
number of traces (bpic2012), requiring an average of around 282 and 
360 min, respectively. In future work, implementation optimisation and 
multiprocessing can reduce the runtime and make it feasible for larger 
event logs. Looking specifically at CA-IMPresseD, the number of case 
and event attributes caused a longer runtime increase compared to the 
baseline method.

7. Process context-aware explanation evaluation

This section presents the evaluation of the obtained process context-
aware explanation. The goal of this evaluation is to determine how 
effectively the surrogate model replicates the behaviour of the black-
box model using context-aware patterns (with multiple encoding sce-
narios) compared to solely relying on control-flow patterns. We report 
the predictive performance of the black-box model for each dataset 
in Appendix  B. Overall, the predictive models demonstrate strong 
performance in most cases, ensuring reliable label assignment in the 
synthetic neighbourhood.

In the following, we first focus on the results of the quantitative 
analysis, where we compared the LF of the explanation obtained from 
two proposed encoding approaches (FCP and DCP) with the two base-
line approaches (CFP and CALL) using Eq.  (1). The objective of the 
evaluation is to determine how well the surrogate model trained with 
each encoding can approximate the local predictive accuracy compared 
to the original black-box model, i.e., around the generated synthetic 
neighbourhood. We later present two examples in qualitative comparison
to demonstrate the application of the proposed method in real-life 
scenarios and to compare the explanations obtained using different 
encodings and pattern discovery strategies.
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7.1. Quantitative analysis

Fig.  10 shows the results for the bpic2011, bpic2017, and Production
datasets, while Fig.  11 shows the results for the bpic2012 and sepsis
datasets, measuring the LF, along with the numbers of discovered 
patterns. The results are discussed for each event log below, while the 
general overview is presented in 7.1.6:

7.1.1. BPIC2011
The bpic2011 event logs include healthcare-related processes with 

high variants, where the process outcome of each variant refers to 
some temporal control-flow pattern. Interestingly, the bpic2011 datasets 
contain a large number of event attributes within each dataset, leading 
to an overall larger number of discovered patterns.

For the LF, we observe that across all the bpic2011 variants, the 
FCP and DCP consistently outperform the two baselines. Between the 
context-aware methods, we observe variations in terms of their per-
formance, with FCP outperforming DCP on BPIC11_f2, BPIC11_f4, and 
BPIC11_f3 (for this case, the longest prefix is the exception, where DCP 
outperforms FCP). Meanwhile, for the BPIC11_f1, the two proposed 
methods vary in performance depending on the prefix length under 
analysis, performing comparably on average. When comparing the 
two baselines, we observe some variability as well; for the BPIC11_f1 
dataset, which has a more balanced class ratio (40%), the CFP method 
outperforms CALL for medium-length traces. In general, for longer 
traces, CFP outperforms CALL, suggesting the high dimensionality of 
the feature vector that is leveraged by CALL can worsen performance 
as opposed to only leveraging control-flow patterns.

Overall, for the bpic2011 datasets, the two proposed encoding meth-
ods produce a more faithful surrogate model when compared to the 
baseline encodings. This is also reflected by the larger number of 
discovered patterns, which help the surrogate models using FCP and 
DCP to obtain a more faithful representation to the black-box. Between 
baselines, the CALL method performs either better or on par with CFP, 
depending upon the labelling.

7.1.2. BPIC2017
For all variants of this log, LF shows minimal variations across 

prefix lengths. However, FCP and DCP consistently outperform both 
baselines, suggesting that CA-IMPresseD captures interesting patterns 
more effectively than IMPresseD. Even when different process per-
spectives are integrated with control-flow patterns in CALL, it does 
not achieve the best results, as some patterns may still be overlooked 
during the discovery. In BPIC2017_1 and BPIC2017_2, FCP and DCP 
maintain high LF across all prefix lengths, with a slight upward trend, 
indicating stable and high-quality LF for these methods as more infor-
mation is incorporated (i.e., with longer prefixes). However, these two 
datasets differ significantly in the number of discovered patterns. In 
BPIC2017_1, for example, as prefix length increases, the difference of 
discovered patterns between the proposed methods and the baseline 
methods also increases. On the other hand, for BPIC2017_2, while this 
increase in difference is present for short prefixes, for very long ones 
(30) the number of discovered patterns by CFP and CALL suddenly 
increases to match the one of FCP and DCP. In contrast, we observed 
some fluctuation in LF over prefix lengths for all encoding scenarios. 
Notably, CALL has a lower lf, reinforcing the strength of FCP and DCP 
over other methods. Overall for bpic2017, regarding discovered pat-
terns, all methods perform similarly with shorter prefixes, but baseline 
methods show a sharp decline as prefix length increases. This likely 
reflects the focus of GA on event and case attributes over control-flow 
modifications for longer prefixes.
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7.1.3. Production
In the Production dataset, methods utilising context-aware patterns 

(FCP and DCP) consistently surpass the baselines ; however, at maxi-
mum prefix length FCP gets close to the baseline performance. Notably, 
the CALL consistently underperforms compared to other methods, in-
ferior to even the CFP. The number of patterns discovered by FCP 
and DCP converges with shorter prefixes, while the proposed methods 
consistently uncover more patterns than the baseline, leading to better 
mimicry of the black box’s local decision boundary. Overall, DCP 
emerges as the most effective approach across different prefix lengths. 
This superior performance likely stems from the dataset’s labelling, 
which relies on the event attribute ‘Quantity rejected’ being greater 
than 1 in any event within a trace (Teinemaa et al., 2019). Although 
this attribute is removed during the preprocessing of the dataset, by 
exclusively leveraging event attributes in the discriminative rule detec-
tion step, DCP can more directly capture correlations between event 
attributes and the outcome.

7.1.4. BPIC2012
For shorter prefixes across bpic2012 variants, FCP and DCP out-

perform the baselines, with performance differences narrowing as 
prefix length increases. The largest differences are observed for the 
BPIC2012_2 and BPIC2012_3 event logs, which interestingly also have 
a more imbalanced label distribution compared to the BPIC2012_1 
dataset, which shows smaller differences between the three proposed 
methods. The labels for all bpic2012 variants are based on the oc-
currence of final offer activities (Offer Accepted, Offer Rejected, or
Offer Cancelled). As prefix length increases, patterns are more likely 
to include these activities, making the surrounding context (event 
and case attributes) less impactful. As a result, the performance gap 
between context-aware patterns and control-flow patterns is minimal.

However, in general, for the bpic2012 datasets, context-aware meth-
ods (FCP and DCP) excel for LF, especially for complex or nuanced 
cases, as they capture specific context around each instance. Since
bpic2012 has only one static attribute, the differences between FCP and 
DCP are minimal.

7.1.5. Sepsis
For sepsis, the FCP and DCP always outperform the two baselines. 

No significant differences are observed in terms of LF between the two 
context-aware pattern methods. Surprisingly, CFP, which only uses the 
control-flow patterns, outperforms the other baseline, which adds all 
other attributes to the control-flow patterns (CALL). This could be due 
to the fact that the surrogate model receives as input a vector that 
has a large dimensionality (varying depending upon the prefix length, 
around a thousand features), meaning it can negatively influence the 
performance of the surrogate model, especially around the synthetic 
neighbourhood. Comparing surrogate model performance to the black-
box model performance (Fig.  B.16) reveals some interesting patterns. In 
all sepsis datasets, LF for surrogate models 𝑀𝑤 drops at prefix length 9, 
aligning with a performance dip in the black-box model 𝑀𝑏. Although 
the Sepsis_1 registers the least predictive performance, with an average 
AUC of around 0.6, we observe that on average, the proposed encodings 
DCP and FCP can nonetheless accurately mimic the predictions made 
by the black-box model, with an average LF of around 95%. The same 
behaviour is seen for Sepsis_3 (average AUC of 0.7), where although 
the LF scores are around 80%, the proposed encoding methods can 
outperform the baselines.

For the sepsis datasets, the proposed methods outperform the base-
lines in LF, though the improvement varies across datasets. In datasets 
like Sepsis_1 and Sepsis_3, the proposed methods perform significantly 
better in LF, with Sepsis_1 also showing a notable increase in the 
number of discovered patterns. For Sepsis_2, differences in LF diminish 
as trace prefix lengths increase, as the activities that influence the 
outcomes (Admission NC) tend to occur later in the traces, allowing all 
methods to detect similar patterns. While differences in the number of 
discovered patterns are pronounced in some cases (e.g., Sepsis_1), they 
are less significant in others, due to factors such as trace characteristics 
and black-box model performance.
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7.1.6. Quantitative analysis overview
In general, when looking at the different event log characteristics 

in Table  6, some interesting observations emerge. For smaller event 
logs with a larger number of event attributes (bpic2011, Production), we 
observe, on average, both an increase in the differences in the fidelity 
between the proposed methods and the baseline encodings and in the 
differences in the number of discovered patterns; on average, the DCP 
and FCP encompass more patterns when compared to CFP and CALL. 
For larger logs with more event attributes, like bpic2017, while there 
is a difference in the number of discovered patterns, this does not also 
translate into larger differences in the fidelity between the proposed 
methods and the baselines. A confounding factor, in this case, might be 
the length of the considered prefixes, as for larger datasets with longer 
prefixes (bpic2017 and bpic2012), we see an overall smaller difference 
in LF between the methods, despite the difference in the number of 
patterns discovered.

The time required to generate the explanations with each proposed 
encoding method is presented Appendix  C, we discuss the main trends 
here. In terms of runtime, encodings leveraging CA-IMPresseD (DCP 
and FCP) generally exhibit longer runtimes compared to those us-
ing IMPresseD (CFP and CALL), with the increase often correlating 
with performance improvements. This is particularly evident in the 
BPIC11_f1, BPIC11_f2, and BPIC2017_1 datasets, where the runtime in-
creases by 180%, 102%, and 165%, respectively, alongside an average 
improvement in LF of 15%. In contrast, for the sepsis dataset variants, 
although an improvement of approximately 10% in LF is observed, the 
difference in the number of discovered patterns and runtime between 
methods is smaller, with an average runtime increase of 30% from 
DCP and FCP to CFP and CALL. This can be attributed to the high 
variance in the event logs and the black-box model’s reliance on trace 
and event attributes, which DCP and FCP leverage to better replicate 
its predictions. Finally, for the bpic2012 datasets, we observe a similar 
smaller increase in runtime (30%), coupled with small differences in 
terms of LF between the different encodings.

In general, the differences between the encodings using
CA-IMPresseD and those using IMPresseD can depend upon a series of 
factors such as the number of variants in the synthetic neighbourhood, 
the number of events and trace attributes, as well as the number 
of individual activities. Overall, the shortest runtime across the four 
encodings was registered for the bpic2012 event logs, with FCP and 
DCP requiring a time of 80 and 70 s, respectively, while CALL and 
CFP requiring 50 s across all prefixes. The longest runtimes across 
the board were registered for the bpic2017 event logs, with FCP and 
DCP requiring on average 300 and 250 s respectively, and with CALL 
and CFP requiring a much lower runtime of 100 s on average across 
all prefix lengths. The difference between the two event logs can be 
attributed to the larger number of events and case attributes in the
bpic2017 logs.

Overall, the main objective of this analysis was to determine 
whether the proposed approaches improve the LF compared to 
the baseline methods. Indeed, the two proposed encoding methods 
can offer a more robust surrogate model within the synthetic 
neighbourhood, as shown in the improvement in LF. Especially the 
methods leveraging the context-aware patterns (i.e., FCP and DCP) 
were shown to be the most promising, consistently obtaining the best 
results across all datasets. Across the board, the CALL baseline was able 
to obtain moderately good results, still surpassing the CFP baseline, for 
most datasets, except for the sepsis and Production datasets.

7.2. Qualitative comparison

In this section, an example of the explanations returned by the 
different proposed encoding and pattern discovery methods are shown, 
by leveraging an example from BPIC2017_1 dataset. Moreover, we 
attach a second example from Sepsis_1 in Appendix  B. The aim of this 
analysis is to illustrate how end users can apply the proposed method 
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Fig. 11. Local fidelity comparison for different encoding scenarios.
Table 9
Details of the trace with ID Application_711722413 (Amount = 5000, Loan Goal = Car, Application Type = New credit, Selected = False, CreditScore =
0.0, Accepted = True).
 concept:name time:timestamp timesincecasestart org:resource Action lifecycle:transition 
 0 A_Create Application 2016-01-21 14:51:02 0.0 User_1 Created complete  
 1 A_Submitted 2016-01-21 14:51:03 0.8 User_1 statechange complete  
 2 W_Handle leads 2016-01-21 14:51:03 3.9 User_1 Created schedule  
 3 W_Handle leads 2016-01-21 14:52:31 1.5 User_1 Deleted withdraw  
 4 W_Complete application 2016-01-21 14:52:31 1.5 User_1 Created schedule  
 5 A_Concept 2016-01-21 14:52:32 1.5 User_1 statechange complete  
 6 W_Complete application 2016-01-22 18:40:01 1669.0 User_12 Obtained start  
 7 A_Accepted 2016-01-22 18:44:34 1674.5 User_12 statechange complete  
 8 O_Create Offer 2016-01-22 18:49:23 1678.3 User_12 Created complete  
 9 O_Created 2016-01-22 18:49:25 1678.4 User_12 statechange complete  
 10 O_Sent (mail and online) 2016-01-22 18:50:44 1679.7 User_12 statechange complete  
 11 W_Complete application 2016-01-22 18:50:44 1679.7 User_12 Deleted complete  
 12 W_Call after offers 2016-01-22 18:50:44 1679.7 User_12 Created schedule  
 13 W_Call after offers 2016-01-22 18:50:44 1679.7 User_12 Obtained start  
 14 A_Complete 2016-01-22 18:50:44 1679.7 User_12 statechange complete  
 15 W_Call after offers 2016-01-22 18:57:52 1686.8 User_12 Released suspend  
 16 W_Call after offers 2016-01-26 08:02:34 6791.5 User_3 Obtained resume  
 17 W_Call after offers 2016-01-26 08:02:55 6791.9 User_3 Released suspend  
 18 O_Create Offer 2016-01-29 14:05:43 11474.7 User_85 Created complete  
 19 O_Created 2016-01-29 14:05:44 11474.7 User_85 statechange complete  
 20 O_Sent (mail and online) 2016-01-29 14:05:57 11474.9 User_85 statechange complete  
 21 A_Cancelled 2016-02-29 07:01:19 55690.3 User_1 statechange complete  
 22 O_Cancelled 2016-02-29 07:01:19 55690.3 User_1 statechange complete  
 23 O_Cancelled 2016-02-29 07:01:19 55690.3 User_1 statechange complete  
 24 W_Call after offers 2016-02-29 07:01:19 55690.3 User_1 Deleted ate_abort  
and explore the practical relevance of the final explanations beyond 
their mere LF values.
17 
A trace is chosen from the test set of the BPIC2017_1 dataset with 
a negative outcome prediction (offer not accepted) as an inquiry trace 
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Fig. 12. Four types of explanation for inquiry trace of Application_711722413.
Table 10
Fidelity results and number of patterns discovered for Appli-
cation_711722413.
 Encoding Local fidelity # Patterns 
 FCP 99% 31  
 DCP 99% 31  
 CALL 92% 21  
 CFP 82% 21  

shown in Table  9, as a complete trace, with a length of 25. This trace 
follows an application for a 5000$ loan categorised under the ‘‘Car‘‘ 
loan goal and tagged as a ‘‘New credit’’ application, with a credit score 
of 0. The sequence begins with the creation (A_Create Application) 
and submission (A_Submitted) of the application, followed by han-
dling leads (W_Handle leads). Shortly afterwards, a task to complete 
the application (W_Complete application) is initiated and eventually 
validated (A_Concept). After a substantial delay, a review marks the 
application as accepted (A_Accepted) around 1673 min later, prompt-
ing an offer creation (O_Create Offer) which is subsequently sent to 
the applicant both by mail and online. Following the offer’s dispatch, 
a scheduled follow-up call (W_Call after offers) is frequently deferred 
and resumed over several days. An extended delay eventually occurs, 
and the application undergoes multiple cancellations (O_Cancelled) 
and is marked as closed by the end of February.

Table  10 presents the resulting LF for the final explanation using 
different encoding strategies. In this case, FCP and DCP achieved the 
highest LF of 99%, followed by CALL with an LF of 92%. In contrast, 
the only control-flow dependent method obtained the lowest LF of 82%. 
While the LF values are relatively close to each other, we observe 
four completely different DTs and, consequently, different explanations 
obtained from each method in Fig.  12. DT nodes represent discovered 
patterns with their conditioned frequency or encoded attributes with 
required values, depending on the encoding scenario. Edges indicate 
whether the condition defined in each node is satisfied. Final nodes 
(leaves) denote the predicted outcome for traces following that path. 
The pie chart size reflects the sample size at the leaf, with green indi-
cating a flipped (desired) outcome and yellow signifying the predicted 
outcome matches the inquiry trace.

The obtained explanation from the CALL relies on a single event 
attribute: ‘Selected’ being ‘True’ at the 25th prefix. As discussed ear-
lier (in Section 6.2), although the attribute is correlated to the offer 
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being accepted, it does not hold for all cases. Additionally, such an 
explanation lacks a control flow perspective, not offering an actionable 
recommendation within the process context. On the other hand, the 
explanation obtained from CFP focuses on only control flow patterns 
and does not support other perspectives. The most important pattern 
in the first node of the presented DT (WCall after offers eventually 
followed by WValidate application) is aligned with the pattern that 
has been reported in (Buliga et al., 2024) for another log related to loan 
applications. In general, this pattern implies that validating the offer 
after calling the customer is linked to the desired outcome; however, 
this pattern exists in the inquiry trace, but still, the outcome is not 
desired. Therefore, we still miss a comprehensive explanation for this 
case.

Looking at the DTs obtained with FCP and DCP, we achieve a 
more in-depth explanation. When we incorporated both case and event 
attributes inside the control flow pattern using FCP, the explanation 
says that not only do we need to call the customer after the offer (WCall 
after offers) at least once, but also that the ‘Selected’ attribute should 
be ‘True’ and the ‘Credit score’ should be higher than 343.5 to the loan 
being granted. This explanation reflects both on important activities to 
take and required attributes in combination. By focusing on the event 
attributes in the pattern discovery stage (DCP), we still have ‘Credit 
Score’ as an important node in the DT, but a new pattern now popped 
up in the last DT’s node, suggesting returning the offer after calling 
the consumer (WCall after offers eventually followed by OReturned) 
which does not occur in the inquiry trace. This process pattern flipped 
the outcome in a few cases followed the corresponding path , offering 
an opportunity to achieve a desired outcome even with a low credit 
score.

This qualitative analysis highlights the importance of integrating 
multiple process perspectives to deliver actionable and context-aware 
explanations, enabling better decision-making and identifying opportu-
nities for improving process outcomes.

8. Discussion

In this section a summary of the results from Sections 6 and 7 
are first presented. Afterwards, a discussion is introduced on the im-
plications of using the context-aware process pattern discovery within 
either the predictive context of Section 6 and the explanation context 
in Section 7, and the interplay between the two. Finally, the section 
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ends with a discussion of the limitations of the approach and potential 
solutions on how to address them in future work.

When looking at the results obtained from Section 6 and Section 7, 
some interesting trends emerge. When comparing IMPresseD and CA-
IMPresseD in Section 6, we generally observe an improvement in the 
prediction performance of the patterns discovered with CA-IMPresseD 
of 2%–15%, whilst also observing an increase in the runtime of 
9.6%–170% depending upon the dataset. The only exception is the
sepsis event log, where we observe a large difference in the runtime 
of the methods whilst the predictive performance of the discovered 
patterns remains the same.

In Section 7, we observe similar trends. On average, we observe an 
improvement of the context-aware encoding (FCP and DCP) compared 
to only the control-flow patterns encoding (CALL and CFP) in terms 
of local fidelity (LF) within the range of 2% to 20% and an increase 
in runtime from 30% to 180%, similar to what was observed above. 
The lowest improvements were observed from the BPIC2012 datasets, 
whilst the largest improvements were registered for the BPIC2011 and 
Production datasets.

The only contradictory trend between Sections 6 and 7 relates to 
the sepsis log. While in Section 6, the differences between IMPresseD 
and CA-IMPresseD are negligible, also reflected in the similar number 
of discovered patterns, in Section 7, a different result is observed. 
Specifically, DCP and FCP achieve on average 10% better LF results. 
Moreover, we also observe an increase in the number of discovered pat-
terns, especially for Sepsis_1 and Sepsis_3. This suggests that, while the 
overall log does not reveal a significant difference between contextual 
and control-flow patterns, examining each inquiry trace individually 
may uncover predictive context-aware patterns specific to the case 
at hand. The inherent high variability within the sepsis dataset poses 
challenges for identifying overarching general context-aware patterns, 
yet our method excels when applied to smaller, contextually relevant 
neighbourhood of inquiry traces. A similar observation has also been 
discussed in literature when shifting from local to global explana-
tions (Setzu et al., 2021); local explanations do not necessarily hold 
for the whole dataset. For example, in qualitative analysis on Sep-
sis_1 (in D), both DCP and FCP emphasise the resource aspect of the 
control-flow pattern, whereas these patterns remain hidden when using 
CA-IMPresseD on the entire event log. This observation aligns with 
the low predictive performance of the black-box model on these logs, 
suggesting that building a general prediction model for such highly 
variable data remains a challenge.

On the topic of predictive performance, a lower-performing black-
box model leads to explanations from XPPM methods that, while re-
flecting the model’s internal reasoning, do not necessarily represent 
the actual patterns present in the log. As highlighted in previous 
work (Rizzi et al., 2020b), explanations can be valuable in such cases 
for improving prediction performance. This highlights the usability of 
these explanations with different goals: when one obtains a faithful 
black-box model (i.e., high AUC), one could use explanations also 
to obtain process insights, while, in case of a lacklustre black-box 
model, such explanations could be leveraged to debug the black-box 
model and understand its spurred learned correlations. Future work 
could include user-based evaluations to investigate this phenomenon 
further and validate these hypotheses. Regardless, the proposed meth-
ods enhance users’ understanding of model behaviour, offering deeper 
interpretability.

Limitations. As per the limitations of the proposed approach, a cou-
ple of challenges arise, especially for the local explanation aspect: to 
achieve a high-performing black-box model, data quality also plays 
an important role. Indeed, data quality poses a common challenge to 
the proposed method, as it does for existing PPM techniques. There-
fore, applying standard data-cleaning procedures prior to adopting the 
proposed method is essential. In this regard, CA-IMPresseD could also 
support the discovery of noisy or biased patterns with tailored interest 
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functions. To this end, user validation is needed to verify the discovered 
pattern and identify the potential issues from the original log. While 
this matter was out of the scope of this work, future work could 
explore the potential of the CA-IMPresseD discovering noisy patterns 
in collaboration with expert users.

Another challenge is to maintain the performance of the black-
box model over time in case of concept drift. It is worth mentioning 
that PABLO relies on offline training, which necessitates updating the 
black-box model in the event of concept drift. Using the provided 
explanation for the purpose of black-box debugging could potentially 
assist in detecting changes in the black-box model behaviour caused 
by the concept drift. While exploring concept drift falls outside the 
scope of this research, possible solutions to alleviate this could integrate 
online concept drift detection or online learning mechanisms in future 
work to ensure the black-box model remains up-to-date if we aim to 
use explanation to obtain process insights. In this regard, leveraging 
methods such as those proposed in (Pasquadibisceglie et al., 2023) for 
training the black-box model is highly recommended. 

The last consideration concerns the generalisability of the pro-
posed method. Our experiments on a wide range of real-life event logs 
from healthcare, finance, and industrial domains demonstrate that the 
method is not domain-specific and outperforms baseline methods across 
different sectors. However, its effectiveness can be further validated 
through domain-specific case studies. While the method is particu-
larly suited for processes with a certain degree of flexibility, such as 
variations in activity sequences, it also provides valuable insights into 
highly rigid processes by analysing case and event attributes. Future 
work could explore the utility and understandability of the proposed 
explanations across industries by involving domain experts.

9. Related work

Since the focus of the paper is on the eXplainable Predictive Process 
Monitoring (XPPM) and process pattern discovery, we have organised 
the related work into the following two subsections:

9.1. Explainable predictive process monitoring

Most works in the XPPM domain leverage post-hoc XAI techniques 
to offer insights into model predictions made by black-box models. 
These explanations can be broadly categorised into factual and counter-
factual explanations (Huang et al., 2021). Factual explanations clarify 
why a particular prediction was made by highlighting key attributes or 
patterns that contributed to the outcome. Counterfactual explanations, 
on the other hand, explore alternative scenarios, showing how altering 
certain aspects of a case or event could have led to a different outcome.

In terms of scope, local explanations focus on a specific instance 
or trace, providing insight into why a particular prediction was made 
for that specific case. Global explanations, conversely, aim to offer a 
broader understanding of the overall behaviour of the model, shedding 
light on patterns across all cases and events. While both are important, 
global explanations are often less applicable in highly complex event 
logs with numerous perspectives, whereas local explanations tend to 
offer more actionable insights. For this reason, in this work we focus 
on providing local explanations for process analysts.

Regarding factual local explanation, earlier studies utilised methods 
like Local Interpretable Model-Agnostic Explanations (LIME) (Rizzi 
et al., 2020a), gated graph neural networks (Harl et al., 2020), and 
attention-based LSTM (Wickramanayake et al., 2023) to generate local 
factual explanations by analysing case and event attributes. Another ap-
proach proposed building surrogate models using features derived from 
intermediate latent representations in deep neural networks (Mehdiyev 
and Fettke, 2021). However, these methods primarily focus on factual 
explanations.

Counterfactual explanations in the XPPM context have also gained 
attraction, but applying traditional methods often results in unrealistic 



M. Vazifehdoostirani et al. Engineering Applications of Artiϧcial Intelligence 159 (2025) 111387 
Fig. A.13. The top four important patterns discovered from the resource-based log.
explanations. This is due to the failure to account for process con-
straints and the complexity of event logs, which often span multiple 
perspectives (Huang et al., 2021; Hsieh et al., 2021). Some methods 
have begun adapting counterfactual generation to the process do-
main. Huang et al. introduced LORELEY (Huang et al., 2021), which 
integrates control-flow constraints to produce more realistic counterfac-
tuals, though this approach limits changes to case attributes alone. Ad-
ditionally, their evaluation focused on only one event log (BPIC2017) 
and relied on prior knowledge of case attributes influencing the pro-
cess outcome, which may limit the generalisability of their findings. 
Similarly, DiCE4EL (Hsieh et al., 2021) builds on DiCE (Mothilal et al., 
2020) to address process-specific challenges but requires significant 
domain knowledge and limits the exploration of alternative process 
paths. Hundogan et al. proposed CREATED (Hundogan et al., 2023), 
leveraging an Evolutionary Algorithm to generate new counterfactual 
sequences based on existing traces. While this method produces feasible 
counterfactual sequences, it does not provide clear explanations or 
derive patterns to ensure confidence in the predicted outcomes.

Nonetheless, little effort has been paid to developing methods that 
are able to produce both types of explanations while simultaneously 
providing control-flow-aware explanations. A single solution has been 
proposed thus far by Buliga et al. within the PAttern Based LOcal 
explanation (PABLO) (Buliga et al., 2024) framework, where the au-
thors propose a method that is able to generate both factual and 
counterfactual control-flow aware explanations, specifically in terms 
of discriminative process patterns. This method has the added benefit 
of also allowing the instantiation of examples satisfying the returned 
control-flow explanations due to the use of synthetic neighbourhood 
that is generated around a single trace of interest that is used to train 
a Surrogate Model, from which explanations are derived. However, 
PABLO focuses on the only the control flow perspective and offers lim-
ited support for the only case attributes, while other event attributes are 
not considered. This work extends the PABLO framework to consider 
multiple process perspectives while delivering a combined factual and 
counterfactual local explanation.

9.2. Predictive process pattern discovery

The discovery of start-to-end process models has long been the main 
focus of process discovery research (Augusto et al., 2018). However, 
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high process variability makes extracting a single start-to-end process 
model challenging (Slaats, 2020). Recent studies have explored alter-
native approaches to manage process variability, aiming to reveal data-
driven links between events and recurring patterns (Vazifehdoostirani 
et al., 2022). As a result, in recent years, there has been growing inter-
est in detecting behavioural patterns from process event logs (Tax et al., 
2016; Peeva et al., 2022; Vazifehdoostirani et al., 2023b; Maggi et al., 
2013). This shift reflects the increasing recognition that not all insights 
can be captured through a complete process model (Tax et al., 2016) 
and that understanding localised or recurring patterns of behaviour 
may offer more actionable insights, particularly when it comes to 
improving or predicting process performance (Vazifehdoostirani et al., 
2022).

Two main research streams have emerged within this pattern de-
tection approach. The first stream focuses on extracting patterns based 
on intrinsic properties of the event logs, such as the frequency or 
support of a given pattern. These methods aim to identify patterns 
that occur frequently and are thus representative of typical process 
behaviour (Tax et al., 2016). In contrast, the second stream focuses on
extrinsic properties, specifically the impact of these patterns on process 
outcomes or performance (Vazifehdoostirani et al., 2023b). Given that 
the objective of pattern discovery in this work is to identify patterns 
based on their effect on process outcomes, our approach aligns more 
closely with the second research stream. We are particularly interested 
in patterns that are not only frequent but significantly differentiate 
between successful and unsuccessful outcomes.

Most existing approaches to process pattern discovery, like Local 
Process Models (LPMs) (Tax et al., 2016), IMPresseD (Vazifehdoostirani 
et al., 2023b), and Declare (Pesic et al., 2007), focus on identifying 
control-flow relations. While some of these methods have been ex-
tended to incorporate other process perspectives, such as data-aware 
Declare (Maggi et al., 2013) and interest-driven LPMs (Tax et al., 2018), 
they remain focused on uncovering frequent patterns that, while infor-
mative, do not necessarily reveal factors driving variations in process 
outcomes. IMPresseD, instead, aims to discover predictive patterns, but 
it largely overlooks the role of other perspectives in shaping these 
patterns. This work extended IMPresseD to address these needs.
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10. Conclusion

In this paper, we addressed the challenge of providing combined 
factual and counterfactual explanations for different process perspec-
tives. Central to our approach was the adaptation of the PABLO frame-
work, augmented with multi-perspective insights that incorporate con-
trol flow, time, resource, and other data attributes. A primary contri-
bution of our work is a novel method for discovering context-aware 
predictive process patterns, enabling the extraction of meaningful pro-
cess patterns from a synthetic neighbourhood surrounding the inquiry 
trace. This approach empowers the surrogate model, enriching it to 
deliver explanations that account for multiple process perspectives, 
unlike prior models that often focused on one aspect at a time.

Additionally, this paper introduced innovative encoding methods 
for the surrogate model, embedding it with context from the pro-
cess to support richer process context-aware explanations. Through 
rigorous evaluation, we demonstrated the advantage of context-aware 
patterns compared to only control flow patterns in detecting influential 
process behaviours on the outcome. These patterns deliver not only 
stronger predictive power but also enable context-aware explanations 
with greater fidelity, effectively bridging the gap between data-driven 
and process-oriented insights. Our qualitative comparison highlighted 
the advantage of context-aware explanation beyond improvements in 
fidelity values in delivering actionable insights illustrating the interplay 
of multiple process perspectives by showcasing two examples from 
different real-life processes.

We adapted the neighbourhood generation approach from (Buliga 
et al., 2024) with adjustments to include all process perspectives, 
but ensuring the feasibility of generated traces remains a challenge. 
While conformance-checking measures in the genetic algorithm address 
control flow, they do not fully verify data payload feasibility, leaving 
a limitation for this work.

While this work demonstrates promising advancements, there are 
exciting opportunities for future exploration. Refining the feature ex-
pansion step with domain-specific metrics and expert input in future 
work could enhance accuracy and prevent redundancy. Future research 
could also investigate adaptive mechanisms to dynamically tailor the 
granularity of explanations according to different user requirements. 
Exploring less computationally intensive methods for optimal rule se-
lection would improve scalability, and extending the approach to pro-
vide process context-aware global explanations offers valuable direc-
tions for future research. Moreover, a user-based study to measure the 
utility and understandability of these patterns would help determine 
how users interact with such explanations. In addition, future work 
could focus on optimising the complexity of the explanations to im-
prove interpretability, for instance, by incorporating rule simplification 
techniques into the final surrogate model. Finally, developing practical 
guidelines to support business users in applying these explanations 
effectively enhances the applicability of our approach in future.
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Appendix A. Discovered patterns for controlled evaluation

Here, we present the top four most important patterns discov-
ered from the relabelled logs during the controlled evaluation in Sec-
tion 6.1.2. The patterns in Figs.  A.13, A.14, and A.15 are arranged from 
left to right in order of importance, from highest to lowest. The black 
arrows in the figures represent a direct relation, while the blue arrows 
present an eventual relation:

Appendix B. Performance of black-box models

The results of the black-box model performance (measured by AUC 
over different prefix lengths) are presented in Fig.  B.16.

The datasets exhibit different behaviours as prefix length increases. 
In bpic2012 and bpic2017, models consistently improve, with AUC rising 
from 0.7 to 0.95 in bpic2012 and from 0.9 to 0.99 in bpic2017. A similar 
trend is seen in most bpic2011 variants, except BPIC2011_f4, where 
performance slightly declines before improving at the longest prefix. 
In contrast, sepsis datasets shows more variability in performance. For 
Sepsis_1, the model goes from 0.52 to 0.65 AUC, which is similar 
to the behaviour observed in (Teinemaa et al., 2019), due to the 
presence of a concept drift. For Sepsis_3, although the predictive model 
achieves a performance of around 0.7 of AUC, indicating an average 
good performance. Finally, for the Production a decent performance is 
observed, with AUC reaching around 0.75, which is due to the shift in 
the distribution of the length of traces from the training set to the test 
set, as discussed in Section 6.2.

Appendix C. Runtime report

Table  C.11 presents the runtime per event logs for the baseline and 
proposed methods in both evaluation sections. The Pattern discovery 
columns represent the runtime of the IMPresseD and CA-IMPresseD 
applied on the entire event log (except for the bpic2017, which is 
sampled as mentioned in Section 5.2.1). The local explanation columns 
present the runtime of the PABLO pipeline with either IMPresseD or 
CA-IMPresseD depending on the encoding introduced in Section 4.2.

Appendix D. Sepsis_1 qualitative example

For the Sepsis_1 dataset, we chose a trace belonging to the test set, 
where we obtained a negative prediction (patient has returned to the 
ER after more than 28 days of discharge) from 𝑀𝑏. Such a trace is 
shown in Table  D.12. For readability purposes, we limit the attributes 
shown in the table to focus more on the rules provided by the DTs.

The trace represents the sequence of medical events for a 75-
year-old patient diagnosed with the condition ‘KA’, capturing the pro-
gression of their treatment journey. It begins with the patient being 
registered in the emergency room ER Registration at 17:45 on De-
cember 25, 2013. Shortly after, the patient undergoes ER Triage and
ER Sepsis Triage, indicating initial steps to assess the severity of 
their condition. The patient then receives Lactic Acid and Leucocytes
measurements, followed by IV Liquid and IV Antibiotics, suggesting 
an urgent treatment approach likely aimed at addressing infection or 
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Fig. A.14. The top four important patterns discovered from the time-based log.
Fig. A.15. The top four important patterns discovered from the occupation-based log.
sepsis. Multiple clinical measurements, including CRP, Lactic Acid, 
and Leucocytes, are recorded periodically, showing some fluctuations. 
On December 27, further tests indicate a moderate response, with 
adjustments in CRP and Leucocyte levels. Over the next several days, 
these levels continue to be monitored, showing gradual improvement. 

To gather explanations into both the reasons leading to the negative 
outcome and how we could flip the outcome to a positive one, we 
use the proposed methods to generate these explanations using the 
strategies presented in Section 4.2. The results for each of the encodings 
for the inquiry trace are reported in Table  D.13. Here, we can observe 
that the FCP and DCP methods obtain similar values for the LF of 
94.29%, 93.15%, respectively, while CFP obtains 87.48% and CALL a 
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lower score of 83.50%, showing the advantage of utilising the context-
aware patterns. We also note that FCP and DCP find more patterns, 36 
and 38, respectively, although even just using the control-flow patterns 
returns a set of 25 patterns.

In Fig.  D.17, we compare the possible explanations obtained from 
DTs using different encoding strategies. Interestingly, the control flow 
aspect of the context-aware patterns presented in FCP and DCP ex-
planations is different from the one in CFP, where the focus is only 
on the control flow. The higher fidelity values for FCP and DCP, as 
compared to CFP, indicate that these patterns were significant for 
outcome prediction only under specific data conditions associated with 
them. The shortest explanations are obtained from DCP and FCP. For 
DCP, the most important condition is the absence of a context-aware 
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Fig. B.16. Predictive performance of black-box models across datasets and prefix lengths.
Table C.11
Recorded run time over all prefixes (in seconds)
 Log Local explanation (Section 7) Pattern discovery (Section 6)
 CALL CFP FCP DCP IMPresseD CA-IMPresseD  
 BPIC2012_1 65 65 91 86 14,160 14,160  
 BPIC2012_2 61 61 89 78 9240 11,640  
 BPIC2012_3 58 53 82 76 27,360 39,000  
 BPIC2012 average 61.3 59.6 87.3 80 16,920 21,600  
 BPIC2017_1 79 79 738 732 3900 10,200  
 BPIC2017_2 71 71 276 212 3840 10,200  
 BPIC2017_3 74 74 474 219 4380 4800  
 BPIC2017 average 74.6 74.6 496 387.6 4040 8400  
 Sepsis_1 87 87 127 117 1500 2700  
 Sepsis_2 85 85 131 114 900 2220  
 Sepsis_3 57 57 129 95 900 2280  
 Sepsis average 76.3 76.3 129 108.6 1100 2400  
 BPIC2011_f1 185 185 381 268 8580 9900  
 BPIC2011_f2 77 77 278 282 15,420 20,340  
 BPIC2011_f3 168 168 225 250 7500 14,040  
 BPIC2011_f4 261 261 264 349 15,060 19,200  
 BPIC2011 average 172.7 172.7 287 287.2 11640 15,870  
 Productions 124 124 172 165 240 300  
23 



M. Vazifehdoostirani et al. Engineering Applications of Artiϧcial Intelligence 159 (2025) 111387 
Table D.12
Details of the trace with ID  XJA from Sepsis_1 dataset.
 Age Diagnose concept:name time:timestamp timesincecasestart org:group CRP LacticAcid Leucocytes Label 
 75 KA ER Registration 2013-12-25 17:45:10 0.0 A 0.0 0.0 0.0 false  
 75 KA ER Triage 2013-12-25 18:01:15 16.1 C 0.0 0.0 0.0 false  
 75 KA ER Sepsis Triage 2013-12-25 18:01:56 16.8 A 0.0 0.0 0.0 false  
 75 KA LacticAcid 2013-12-25 18:11:00 25.8 B 0.0 1.9 0.0 false  
 75 KA Leucocytes 2013-12-25 18:11:00 25.8 B 0.0 1.9 9.0 false  
 75 KA CRP 2013-12-25 18:11:00 25.8 B 131.0 1.9 9.0 false  
 75 KA IV Liquid 2013-12-25 18:37:36 52.4 A 131.0 1.9 9.0 false  
 75 KA IV Antibiotics 2013-12-25 18:37:42 52.5 A 131.0 1.9 9.0 false  
 75 KA Admission NC 2013-12-25 20:27:06 161.9 F 131.0 1.9 9.0 false  
 75 KA CRP 2013-12-27 10:00:00 2414.8 B 113.0 1.9 9.0 false  
 75 KA Leucocytes 2013-12-27 10:00:00 2414.8 B 113.0 1.9 6.2 false  
 75 KA Leucocytes 2013-12-29 07:00:00 5114.8 B 113.0 1.9 6.7 false  
 75 KA CRP 2013-12-29 07:00:00 5114.8 B 88.0 1.9 6.7 false  
Fig. D.17. Four types of explanation for Trace of XJA.
Table D.13
Fidelity results and number of patterns discovered for trace XJA.
 Encoding Local fidelity # Patterns 
 FCP 94.29% 36  
 DCP 93.15% 38  
 CALL 83.50% 25  
 CFP 87.48% 25  

pattern where ER Registration is eventually followed by Leucocytes
with a handover between the two events. This condition is not satisfied 
in the inquiry trace, leading to the next decision node. The next node 
is a control-flow pattern, stating that IV Liquid is directly followed by
IV Antibiotics and then Admission NC, which is present in the inquiry 
trace, explaining the reason for a negative outcome prediction. To flip 
the outcome, satisfying the condition in the first node is crucial. If the 
aforementioned context-aware pattern was absent from the trace, the 
outcome could be flipped regardless of the presence or absence of a 
critically high heart rate alert (‘SIRSCritHeartRate_True’).

Meanwhile, for FCP, the first (most predictive) node of the DT is 
the frequency of the CRP activity, under the condition that activity is 
performed by the ‘Resource group B’, which the inquiry trace satisfies. 
The next patterns suggests that a CRP measurement should be directly 
24 
followed by two further Leucocytes measurements, which is also satis-
fied towards the end of the prefix trace, explaining the reasons for the 
negative outcome of the trace. To increase the likelihood of flipping the 
outcome, there should be one or no occurrence of CRP (there are 3 in 
the inquiry prefix trace), with the node on top of the first one leading 
to a high likelihood of flipping the outcome even if the condition of 
having at least an occurrence of Leucocytes executed by ‘Resource B’ 
is not present. 

When looking at the baseline methods, the obtained explanation 
from the CALL relies on two event attributes: ‘Event_nr’ being higher 
than 6 at position 12. This is caused by the DT splitting criterion, as 
it possibly suggests that longer traces, along with having ‘opencases’ 
lower than 93 at position 13, will lead to a negative outcome, as is 
the case for the inquiry trace XJA. Such an explanation lacks a control 
flow perspective and leaves the user uncertain about the right action. 
Conversely, the explanation obtained from CFP is quite complex as it 
generates a larger DT: the most important node is CRP being eventually 
preceded by ER Registration, which should occur at least 2 times in 
the trace to lead to a negative outcome. This pattern suggests that 
multiple CRP measurements lead to a negative outcome in the trace, 
as the other predominantly negative paths all focus on having multiple 
occurrences of measurement activities (CRP, LacticAcid, Leucocytes). 
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For the positive nodes, we can see a focus on the most common release 
activity Release A, along with administrating either IV Liquids or IV 
Antibiotics to the patient may lead to a higher likelihood of flipping 
the outcome.

This analysis demonstrates that context-aware explanations not only 
provide higher fidelity but also enable actionable insights by integrat-
ing data and control flow perspectives. 

Appendix E. Abbreviations list

 AUC Area Under the Curve  
 CA-IMPresseD Context-Aware IMPresseD  
 CALL Concatenate All  
 CFP Control-Flow Patterns  
 DAG Directed Acyclic Graph  
 DCP Dynamic Context Patterns  
 DT Decision Tree  
 FCP Full Context Patterns  
 GA Genetic Algorithm  
 IMPresseD Interactive Multi-Interested Process Pattern Discovery 
 LF Local Fidelity  
 LIME Local Interpretable Model-Agnostic Explanations  
 LPMs Local Process Models  
 LSTM Long Short-Term Memory  
 PABLO PAttern Based LOcal explanation  
 PPM Predictive Process Monitoring  
 RFE-CV Recursive Feature Elimination with Cross-validation  
 TPE Tree Parzen Estimator  
 TWP Time Within Pattern  
 XAI eXplainable Artificial Intelligence  
 XGBoost Extreme Gradient Boosting  
 XPPM eXplainable Predictive Process Monitoring

Data availability

We have provided a link to access the data and code.
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