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Abstract

Processes often exhibit significant variability, posing challenges for process discovery and insight extraction. While most
studies focus on detecting variability over time (e.g., concept drift), control-flow variability can also manifest across other
dimensions, such as case durations or performance metrics. Identifying and understanding these changes is vital for uncov-
ering inefficiencies and undesired behaviors. This paper introduces a novel framework that combines control-flow change
detection across performance dimensions with explainability, providing insights into where and how control flow evolves.
The framework uses a sliding window approach with the earth mover’s distance to detect behavioral shifts. To enhance
interpretability, event logs are encoded into a feature space defined by declarative constraints, capturing intuitive control-flow
properties. Clustering these features reveals distinct behavioral patterns and their evolution along performance dimensions,
linking detected changes to specific process dynamics. We validate the framework using three real-life event logs, including
one from the UWV employee insurance agency in the Netherlands, demonstrating its ability to uncover meaningful changes,
explain process variability, and support data-driven decision-making. The framework is implemented as an open-source tool
for broader applicability.

Keywords Process mining - Process comparison - Business process improvement - Explainable process analysis

1 Introduction

Process mining leverages event data recorded by informa-
tion systems to analyze, monitor, and improve organiza-
tional workflows. By bridging the gap between data and
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processes, it enables organizations to gain insights and
optimize performance. Core techniques such as event log
exploration, process discovery, conformance checking, and
process enhancement help uncover how processes are actu-
ally executed and where improvements are possible.
Real-world processes often exhibit substantial control-
flow variability, with execution behaviors differing across
groups of process instances based on their characteristics.
In business processes, multiple dimensions can be analyzed,
with time being the most universally available due to the
chronological nature of event logs. A well-studied form of
variability is concept drift, which refers to changes in pro-
cess execution over time [29]. Other dimensions, such as
performance indicators, are domain-specific and vary across
organizations, capturing aspects like efficiency, cost, or risk.
This paper focuses on a different type of variability, termed
performance-based process variability, which refers to dif-
ferences in control flow observed across varying levels of a
performance dimension such as case duration or risk score.
Identifying this type of variability is important, as it can
uncover behavioral patterns linked to poor performance.
While concept drift has been extensively studied in process
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Fig.1 BPMN representation of a claim-handling process, highlighting variations based on risk score

mining, performance-based process variability remains rela-
tively underexplored [27].

When focusing on a particular dimension, such as risk
score, our framework aims to identify key change points
that segment the event log into groups with more coher-
ent control-flow behavior. For instance, as shown in Fig. 1,
the risk score assigned to each case based on the insurance
company evaluations significantly influences the handling
procedure. While the overarching business process model
offers a high-level overview, it does not capture the variations
observed in different risk score ranges. Cases with a risk score
above 10 are immediately canceled after application submis-
sion. For others, the process involves steps such as document
checks and interviews, with cases scoring below 3 bypassing
additional document submissions and second interview. This
risk score based process variability highlights the importance
of a systematic approach to detecting and explaining process
differences across continuous performance dimensions.

Detecting and explaining control-flow changes within
such processes is essential for organizations to adapt and opti-
mize effectively. Traditional process mining techniques focus
on discovering process models, monitoring deviations, and
optimizing performance [1]. However, they often overlook
performance-based process variability. Performance dimen-
sions often exist since the organizations tend to measure the
performance of their processes in order to have better under-
standing of the deficiencies and profitability of the processes.
The relation between these performance dimensions and con-
trol flow is less investigated in the literature. Identification
of such relations helps to improve the way that the cases
are handled and pinpoint the exact patterns that derive these
differences.

This paper addresses this gap by proposing a framework
that integrates explainability into performance-based process
variability detection, enabling process experts to understand
behavioral dynamics driving detected changes in control flow
over performance dimensions. Building on the framework
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introduced in [27], we propose an enhanced approach. The
original framework assigns an indicator value to each case
and sorts the cases accordingly. A sliding window then pro-
gresses sequentially from the beginning (i.e., cases with low
indicator values) to the end (i.e., cases with high indicator
values). At each step, the Earth Mover’s Distance (EMD) is
used to compare the control-flow behavior of cases in the left
half of the window with those in the right half, effectively
quantifying the degree of similarity between the two groups.

Despite the effectiveness of the proposed framework in
identifying where control-flow changes occur, the original
framework lacks interpretability regarding why and how
these changes arise. The absence of insights into the drivers
of performance-based process variability limits its appli-
cability for in-depth process analysis. To overcome this,
our enhanced framework integrates segmentation with inter-
pretable behavioral models, enabling process analysts to gain
a deeper understanding of the dynamics underlying these
changes. Compared to the previous work, our approach offers
improved explainability and a more comprehensive perspec-
tive on performance-based process variability, equipping
organizations with insights to better address inefficiencies
and optimize workflows. The key contributions of this paper
are:

1. Control-Flow Behavioral Signal Extraction and Clus-
tering: A novel feature space derived from declarative
constraints is introduced to represent control-flow char-
acteristics as interpretable signals. These signals capture
process dynamics across selected dimensions and are
clustered into distinct behavioral patterns.

2. Explainability-Driven Framework: By analyzing the
change points detected through the EMD-based frame-
work in conjunction with clustered behavioral signals,
we provide explainable, natural language interpretations
of the specific behaviors that change. This approach
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enhances the framework’s interpretability and supports
insights for process improvement.

3. Extended Experiments and Comparative Analysis:
We extend our case study using real-world event data from
the UWV agency to derive interpretable explanations for
the detected change points. In addition, we evaluate the
proposed method on several publicly available real-life
event logs. To highlight the strengths and distinctive con-
tributions of our framework, we compare the insights it
generates with those obtained from adapted versions of
two state-of-the-art techniques [2, 34], which primarily
focus on identifying variability over time.

The remainder of this paper is structured as follows:
Sect. 2 reviews the related literature. Section 3 introduces the
mathematical notations used throughout the paper. Section 4
presents the components of our proposed method, detailing
how control-flow changes across performance dimensions
are identified and explained. A real-world case study, along
with two additional experiments using publicly available
event logs, is presented in Sect. 5. Finally, Sect. 6 concludes
the paper and outlines directions for future research.

2 Related work

Table 1 provides an overview of the relevant studies, cate-
gorizing them based on their variant identification strategies
and the nature of their explainability. We organize the related
work into two main categories. The first category, pro-
cess variant identification, includes approaches that partition
event log traces into subgroups with more homogeneous con-
trol flow. These methods may be dimension-driven, exploring
specific dimensions such as time or performance indicators,
or dimension-agnostic, operating without predefined criteria.
Additionally, we differentiate between techniques that iden-
tify process variants automatically and those that operate
in a semi-automatic manner, requiring user intervention or
preprocessing steps such as the discretization of continuous
variables prior to variant extraction.

The second category, explainability, comprises methods
that describe and interpret behavioral differences between
trace groups. Some techniques offer direct explainability as
part of their output, while others rely on indirect interpre-
tations through visualizations or statistical summaries. As
summarized in Table 1, only a few techniques simultaneously
address process variant identification and provide explain-
ability by highlighting the control-flow characteristics that
best distinguish the identified variants.

2.1 Process variant identification

Real-world business processes are inherently complex due to
their high variability, which often stems from case-specific
characteristics [22]. To address this complexity, researchers
have proposed various methods for analyzing processes from
different perspectives, often conceptualized as a multidimen-
sional process cube, where each dimension provides unique
insights [6].

One approach to managing process variability involves
statistically analyzing process variants. By deriving process
variants based on specific criteria, statistical tests can be
employed to determine whether significant differences exist
between these variants [18]. While this method allows the
analyst to choose a relevant dimension, it relies on an initial
segmentation of the cases, which may not always be readily
available or obvious.

Clustering techniques are extensively utilized to group
similar traces and identify distinct process variants [36].
However, the selection of appropriate similarity metrics
poses asignificant challenge [4]. Hierarchical trace clustering
methods have also been proposed, enabling the hierarchical
merging of similar trace groups based on different ranges
of an attribute [37]. Additionally, identifying deviant cases
through trace clustering has proven effective in reducing
process complexity [17]. Clustering techniques can automat-
ically explore the event log and, without relying on a specific
dimension, partition the cases into meaningful clusters.

The active trace clustering framework [33] identifies
groups of traces that exhibit similar control-flow behavior
by integrating process model information into the cluster-
ing process. While traditional clustering techniques typically
lack built-in explainability, this approach generates a process
model for each cluster, allowing analysts to manually com-
pare the models and uncover the key behavioral differences
between clusters.

Cohort analysis, leveraging the earth mover’s distance, has
been employed to detect process variants considering differ-
ent ranges or values of an attribute [19]. While this approach
is effective and supports dimension-driven analysis, it typi-
cally requires discretizing continuous attributes that may not
always be straightforward or practical without prior domain
knowledge.

The process variant identification method proposed in [27]
uses a sliding window approach based on earth mover’s
distance to analyze cases sorted by a specific performance
indicator, automatically identifying change points in the
control flow. While this framework focusses on identifying
process variants across different performance dimensions,
most existing methods remain focused on analyzing changes
over the time dimension, as seen in concept drift detection
approaches [29]. Concept drift methods typically encode
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Table 1 Overview of related work categorized by their approach to process variant identification and explainability

Research study Process variant identification Explainability
Auto/semi Dim.-driven/agnostic Direct/indirect

Statistical tests [18] Semi Dimension-driven -

Clustering [4, 17, 36, 37] Auto Dimension-agnostic -

Active trace clustering [33] Auto Dimension-agnostic Indirect

Cohort analysis [19] Semi Dimension-driven -

EMD-based process variant identification [27] Auto Dimension-driven -

Concept drift detection [8, 23, 29] Auto Dimension-driven -

Explainable concept drift detection [2, 34] Auto Dimension-driven Direct

Deviance mining [5, 28] - - Direct

Discriminative temporal patterns [16] - - Direct

Decision mining [21] - - Direct

Explainable outcome prediction [9] - - Direct

Comparative process mining [31] - - Direct

Visualization [35] - - Indirect

Explainable process variant identification (our paper) Auto Dimension-driven Direct

event data into a feature space and identify change points
based on feature values.

Declarative constraints, with their strong capability to
encode sophisticated control-flow characteristics, have proven
effective in detecting control-flow changes over time [34].
Statistical tests have also been employed to detect changes by
analyzing the distributions of partially ordered runs observed
in consecutive time windows [23]. Feature-based concept
drift detection methods may introduce noise or bias due
to feature selection. Non-feature-based approaches, such as
those leveraging the earth mover’s distance and sliding win-
dows, provide an alternative by directly comparing process
behaviors without relying on feature encoding [8].

2.2 Explainability

Some concept drift detection methods not only identify
change points, but also offer explainability by highlighting
which characteristics have changed. The visual concept drift
detection approach [34] provides visualizations that assist
domain experts in identifying declarative constraints whose
evaluations differ across time windows where changes occur.
The framework proposed in [2] investigates causal relation-
ships between change points in individual time series, each
derived from specific measured features. It employs Granger
causality analysis to uncover which changes are likely to have
triggered others, thus explaining the drivers behind observed
drifts.

Declarative process models provide an effective alterna-
tive for representing processes with high variability, address-
ing the limitations of imperative notations like BPMN by
capturing long-term dependencies and complex activity rela-
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tionships [14]. Algorithms leveraging declarative constraints
have been developed to detect process deviations, provid-
ing valuable tools for identifying and analyzing variations in
behavior [5, 28].

Assuming that the event log is already segmented, the
discriminative temporal patterns framework [16] provides
methods for identifying declarative constraints that most
effectively distinguish between segments. This framework
builds on concepts from deviance mining, declarative pro-
cess discovery, and explainability techniques derived from
predictive modeling.

Given that a process model is available, either discovered
automatically or defined by domain experts, decision min-
ing techniques can be employed to refine decision points
in the model according to different segments of cases [21].
This analysis enables explainability by revealing how spe-
cific choices at decision points influence the likelihood of a
case progressing into a particular segment. From an explain-
ability perspective, such methods enhance the interpretability
of process models by explicitly linking decision points to dis-
tinct behavioral patterns or case groups.

Explainability is a key area of focus in predictive process
monitoring, where significant efforts aim to interpret the deci-
sions made by predictive models [9]. Once a model is trained
to classify cases into predefined segments based on a fea-
ture set, various explainability techniques can be applied to
identify which features most strongly influence the model’s
decisions regarding case classification. Additionally, com-
paring and explaining differences between process variants
offers insights into the key distinctions, helping organizations
identify areas for improvement [31].
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Choosing appropriate visualization techniques is essen-
tial for providing domain experts with clear and explainable
insights [35]. Effective visualizations enable process experts
to better understand and interpret detected changes, making
the analysis more intuitive. While visualization techniques
may not offer direct explainability, they can still support
domain experts by enabling visual identification of key dif-
ferences in process behavior.

The explainable process variant identification method
proposed in this paper extends the framework introduced
in [27], which automatically detects change points along a
performance dimension. In contrast to the original frame-
work, our approach adds an explainability layer that clarifies
what behavioral aspects have changed at each identified
point. Unlike existing explainable concept drift detection
methods [2, 34], which primarily focus on changes over
time, our method is tailored to analyze variation along per-
formance dimensions, offering more targeted insights for
process improvement.

By identifying process variants and evaluating the desir-
ability or undesirability of segments, the results contribute
to enhancing various process analysis techniques. These
include the discovery of imperative models, e.g., [25], and
declarative models, e.g., [12, 30]. Declarative constraints
derived from these segments can also be leveraged as valu-
able input for more advanced discovery algorithms [26].
Furthermore, these process variants can be used by outcome
prediction methods [11, 32] and process variant compari-
son approaches [7]. Such insights empower organizations
to identify desirable and undesirable behaviors, refine work-
flows, and drive data-driven decisions to optimize operational
performance.

3 Preliminaries

This section provides the formal definitions and mathemat-
ical notations used throughout the paper. These definitions
form the foundation for understanding the proposed frame-
work.

A multiset extends the concept of a set by allowing multi-
ple occurrences of the same element. 3(A) represents the set
of all multisets over a base set A. For example, B = [x2, v]
and By = [x,y, zlo] are two multisets over A = {x, y, z}.
For B € B(A), the frequency of an element a € A in
B is denoted by #p(a). We write b € B if #5(b) > 0.
|B| = Y ,cp #5(b) is the number of elements in this mul-
tiset. Considering By and B, we can write, #p,(x) = 2,
#p,(z) = 10, z ¢ By, and | By| = 12. The power set of a set
A, denoted P(A), is the set of all subsets of A, including the
empty set and A itself. A* is the set of all finite sequences
over A. We denote the set {n € N | p < n < ¢} by NP4l
for brevity.

Definition 1 (Event Log)LetC, A, and 7 denote the universe
of case identifiers, activities, and timestamps, respectively.
An event is a tuple e = (c, a, t), where:

nc(e) =ceC, mgple)=ac A nre)=teT.

The universe of all events is denoted by € =C x A x 7. A

trace is a finite sequence of events o = (ej, €3, ..., ¢,) € £*
such that:

Vi<i<n:mc(e) =mclei+1) and wr(e) < mr(eitl).

An event log L C £* is a set of traces where each trace
corresponds to a distinct case identifier. The universe of all
event logs is denoted by L.

The function cf:£ — B(A*) extracts the control flow of
an event log L, defined as the multiset of traces projected
onto their activity sequences:

cf (L) = [{male1), ..., malen)) | (e1, €2, ..., €n) € L].

The activity set of an event log L isact(L) ={a €s | s €

cf (L)}

An example event log from the claim-handling process
shown in Fig. 1 is detailed in Table 2. To simplify notation and
avoid long activity names, we use alphabetic representations
(enclosed in parentheses) that uniquely correspond to each
activity name. In this event log, the mappings for event es
are:

me(es) =A_105, ma(es) = f, and
7 (es) = 22.09.2024.

According to Table 2, the corresponding event log is:

L1 = {{e1,e2, e6), (€3, e5), {e4, eg, e9, €11, e12), (€7, €10)} .

The control flow of this event log is represented as:
cf (L) = [{a, b.c), {a, ). {a.c.b.d. e)].

In addition to control flow and timestamps, case-level indi-
cators derived from other data sources can provide valuable
insights into process behavior. A case-level indicator is a
numerical value assigned to each case.

Definition 2 (Case-Level Indicator) Let L € L be an event
log. A case-level indicator is a function k7 : L — R that
assigns a numerical value k1 (o) to each trace o € L. If the
context is clear, we omit the subscript L and write « (o).
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Table2 Example event log extracted from the claim-handling process
represented in Fig. 1

Event Case ID Activity Timestamp
e A_104 Create application (a) 10.09.2024
e A_104 Check documents (b) 11.09.2024
e3 A_105 Create application (a) 13.09.2024
ey A_106 Create application (a) 17.09.2024
es A_105 Cancel application (f) 22.09.2024
e6 A_104 In-person Interview 1 (c) 23.09.2024
e7 A_107 Create application (a) 24.09.2024
e A_l106 In-person Interview 1 (c) 27.09.2024
€9 A_106 Check documents (b) 29.09.2024
€10 A_107 Cancel application (f) 30.09.2024
el A_106 Request documents (d) 02.10.2024
e A_l106 In-person Interview 2 (e) 22.10.2024

Table 3 Examples of case-level indicators for the claim-handling pro-
cess event log represented in Table 2

Case ID Risk score Duration (days) Claim amount
A_104 20 13 2500

A_105 1 9 3000

A_106 7 35 5200

A_107 63 6 800

Case-level indicators are performance metrics defined at
the level of individual cases. These indicators are domain-
specific and vary across organizations. For the claim-
handling process event log shown in Table 2, examples of
case-level indicators include risk score, duration, and claim
amount, as detailed in Table 3. Each of these indicators eval-
uates specific aspects of individual cases, providing valuable
insights into their characteristics and performance.

Definition 3 (Ordering Function) Let L € L be an event
log and « be a case-level indicator. The ordering function
rank, (L) arranges the traces in L in non-decreasing order
of their indicator values:

rank,(L) = (01,02, ..., 0L)),
where L = {01, 07, ..
1<i<j<|L|

For the example event log L shown in Table 2, let x repre-
sent the risk score assigned to cases. The case-level indicator
K is as follows:

.,oir)} and k(0;) < k(o) for all

i = {(oa_104, 20), (4_105. 1), (04_106, 7). (04_107, 63)} .

Using these scores, the ordering function ranks the cases as:

rank,(L1) = (04_105, OA_106, OA_104, OA_107)-

To enable a comparison between event logs with varying
numbers of cases, it is essential to extract their stochastic
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languages. This approach ensures that the measurements are
independent of the event log sizes, focusing instead on the
underlying behavioral patterns.

Definition 4 (Stochastic Language) Let A be the universe
of activities. A stochastic language is a function f : A* —
[0, 1] satisfying ) " . 4+ f(s) = 1. The universe of stochastic
languages is denoted by F.

Definition 5 (Stochastic Language of an Event Log) Let L €
L be an event log. The stochastic language of L, denoted
stochyp : cf (L) — [0, 1], is the function defined by

#er)(s)

F (L] forall s € cf(L).

stochy (s) =

For example, the stochastic language of L is

1 2
SIOChLl - { <<avba C>v Z) ) <(aa f)a Z) 5
b,d !
<(a,c, , ,e),Z) }

The earth mover’s distance quantifies the dissimilarity
between two stochastic languages by calculating the cost of
transforming one distribution into another.

Definition 6 (Earth Mover’s Distance) Let L, L’ € L be two
event logs, § : A* x A* — [0, 1] a trace distance function,
and r : ¢f(L) x cf(L") — [0, 1] a reallocation function.
The Earth Mover’s Distance between L and L’ is:

EMD(L, L") = min r(s,s)-8(s, s,
(L, Ly=min 3 D7 ris,s) 80,5

secf(L) s'ecf (L")

subject to:

Z r(s,s") = stochr (s),

s'ecf (L")

Z r(s,s") = stochp/(s)),

secf (L)

r(s,s’) > 0.

We use the Levenshtein distance as the trace distance func-
tion 8. The optimal reallocation r is computed using linear
programming techniques [20]. A value of zero in the earth
mover’s distance indicates that the stochastic languages of
the event logs are identical, assigning the same probability
to each trace. A value of one means that the entire probability
mass must be reallocated to traces that are at the maximum
possible ground distance of 1 from each other.

Consider another group of cases from the claim-handling
process illustrated in Fig. 1, represented by the following
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Fig. 2 Visualization of reallocation amounts and distances between
traces for calculating the earth mover’s distance between L1 and L>. The
color intensity corresponds to the magnitude of the distance between
the traces

stochastic language:

stochp, = { ((a,b, c,d,e), %) , <(a, ), i)
((a,c, b), %) }

To compute the EMD between L; and Lp, we first
determine the pairwise distances between traces using the
normalized Levenshtein distance. This metric computes the
minimum number of single-element edits (insertions, dele-
tions, or substitutions) required to transform one sequence
into another, divided by the length of the longer sequence.
The result is a similarity measure ranging from O (identical
sequences) to 1 (completely different sequences of non-
overlapping activities).

For example:

— Thedistance between (a, b, c) and (a, b, ¢, d, e)is2/5 =
0.4, since two insertions are needed and the longer
sequence has length 5.

— The distance between (a, f) and itself is 0.

— Thedistance between (a, ¢, b, d, e) and (a, ¢, b) is2/5 =
0.4, due to the removal of d and e.

— The distance between {(a, ¢, b,d, e¢) and {a, b, c, d, e) is
2/5 = 0.4, requiring two substitutions.

The reallocation amounts and distances between traces
are depicted in Fig. 2. Using these distances and the optimal
reallocation of probability mass, the EMD is computed as
the total cost of transforming one distribution into the other:

EMD(Ly, Ly) = }x0.4+1x0+1 x0.666+7 x0.4 = 0.37.

This value reflects the minimal cost required to align the
distributions over the space of traces, where cost is based on
normalized structural dissimilarity.

4 Process variant identification and
explanation framework

Figure 3 provides an overview of the components of our
proposed method. The control-flow change detection compo-
nent identifies key change points in control flow by analyzing
cases ordered according to a specific performance dimension.
Additionally, we integrate a feature generation and clustering
framework to investigate how different control-flow charac-
teristics change across the range of the selected performance
dimension. By combining these two views, our approach
offers a unique and explainable method for detecting change
points, allowing not only the identification of where changes
occur, but also a clear interpretation of what characteristics
are changing and how.

To demonstrate the functionality of each component of
our proposed method, we use the process model depicted in
Fig. 1 as a running example. This model was implemented
and simulated using CPN Tools to generate a synthetic event
log, denoted as L¢. The event log Le comprises 10,000 cases
and five trace variants', and serves to illustrate the step-by-
step execution of our framework.

4.1 Process variant identification framework

Unlike concept drift approaches, which primarily focus on
temporal dimensions, our framework identifies control-flow
changes across continuous dimensions. Instead of generating
alarge feature set, which might miss certain types of changes,
the framework leverages the earth mover’s distance to effec-
tively measure performance-based process variability.

The detection process is based on three concepts: buck-
eting, windows, and local distance function. Each concept
builds upon the previous one to enable the detection of
control-flow changes. We introduce these concepts formally
below and provide illustrative examples to clarify their roles
in the framework.

To analyze an event log, we first segment it into smaller
groups, referred to as buckets. This segmentation allows the
framework to compare local subsets of traces within the log.

Definition 7 [Buckets] Let L € L be an event log, « be a
case-level indicator, o, = rank(L)(p) for p € NULILIL
and b € NIZIL be the number of buckets specified by the
user. For simplicity, assume that |L| is divisible by b. Then,
[ = %l represents the number of cases in each bucket, such
that:

By = (o@G4-141,---,041), 1 =<q=<b.

! https://github.com/aliNorouzifar/ X-PV1/tree/master/assets/test.xes
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For example, consider the event logs L3, L4, and L5, each
containing 150 cases, with the following control-flow distri-
butions:

— cf(L3) = [{a,b,d)'?, (a, b, )]
— cf(La) = [a,b,d)®°, (a,b,c)*, (a,e,d)*]
— ¢f(Ls) = [{a, b, c)*, (a,e,d)'*]

)

ST

Assuming a bucket size of b = 15, each log is partitioned into
15 buckets containing 10 traces each. Figure 4a visualizes this
bucketing process for the three logs, after sorting the cases
based on a performance indicator. Each event log exhibits
different types of control-flow changes. In L3, the control
flow changes after the 6th bucket and then reverts to its initial
distribution, resembling the pattern at the beginning. In L4, a
control-flow change also occurs after the 6th bucket, followed
by another change after the 9th bucket. In Ls, the control
flow shifts after the 6th bucket but returns to the original
distribution shortly after the 7th bucket.

Once the event log is segmented into buckets, the next step
is to create windows for comparison. A window consists of
two parts: a left window and a right window, which repre-
sent buckets to the left and right of a sliding central point,
respectively.

Definition 8 (Left and Right Windows) Let L € L be an
event log, « be a case-level indicator, o, = rank,(L)(p)
for p € NULILI b e NI2ILIT pe the number of buckets, and

b . . . .
w € N3] be a window size parameter. Given a window
size w and an index i € {w,...,b — w}, the left and right
windows are defined as:

Wllv’iz{aqu|i—w<q§i},
W, ,={oeB,li<qg=<i+w}.
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For instance, with b = 15 and a window size of w = 3,
the left window at position i = 5 would include buckets B3,
B4, and Bs, while the right window would include buckets
Be, B7, and Bg.

To quantify the difference between the left and right
windows, we use the earth mover’s distance. This function
captures the degree of variability in control flow between the
two windows.

Definition 9 (Local Distance Function) Let L € L be an
event log, k be a case-level indicator, b € NIZIL pe the
number of buckets, and w € NI!- 31 be a window size param-
eter. The local distance function is defined as:

ldisty ewp : {w,...,b—w}— [0,1],
Idisty . p(i) = EMD(W. ;W' ),

0w, i
where EM D represents the earth mover’s distance between
the left and right windows (cf. Def.6). For brevity, [distr « w.p
is simplified to /dist when the context is clear.

The sliding window is moved across the range of «, start-
ing at i = w and stopping at i = b — w. This ensures both
left and right windows are fully defined. Figure 4b visual-
izes ldist values for various configurations of event logs and
window sizes. The intensity of the red color in the heatmap
is proportional to the value of the /dist function, i.e., the
trace variants in the left and right windows have identical
stochastic probabilities, resulting in an earth mover’s dis-
tance of zero. Darker shades of red represent higher /dist
values, indicating greater dissimilarity between the distribu-
tions. Gray areas in the heatmap denote positions where the
ldist function is undefined, i.e., those points are outside the
domain of the function.



Enhancing explainability in process variant analysis

7717 A A7 77
002700 V72002077
LR R R T A A R A A
NN N N NN N N NN N N NN
?9@7@6A&9@$©$G
(a) Visualization of event logs L3, L4, and Ls,

each exhibiting different types of control-flow
changes.
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(b) Visualization of ldist values (cf.
Def. 9) as the sliding window is ap-
plied across event logs.

Fig.4 Examples demonstrating the framework’s operation using three distinct event logs, a bucketing parameter b = 15, and two window sizes,

w; =1land wy =3

For L3 with w», a behavioral change is detected at i =
5, with the most significant differences observed at i = 7
and i = 10. Similarly, L4 with wy exhibits a comparable
pattern. However, the Idist metric does not indicate whether
the behavior before i = 7 and after i = 10 is similar. When
analyzing L5, a smaller window size (w1 = 1) detects sharp
changes at i = 7 and i = 10, whereas a larger window size
(wy = 3) identifies changes starting ati = 5 but obscures the
precise change points. This demonstrates that larger windows
are more robust to noise but may fail to capture critical change
points. Therefore, in our analysis, we present results using
different window sizes, enabling users to discern whether
a detected change is superficial and noisy or represents a
significant behavioral shift.

4.1.1 Running example

In Fig. 5, the cases are ordered based on their risk score.
The results are shown for b = 100 (i.e., 1% of the cases in
each bucket) and different window sizes w € {2, 5, 10, 15}.
The parenthetical numbers indicate the raw risk score values.
The experiment is repeated for each window size, and the
color intensity represents the magnitude of the earth mover’s
distance between the left and right windows, highlighting
where significant changes occur.

Considering w = 2 in Fig. 5 and 6., = 0.1, Idist
has two peaks in i = 26 (risk score=3) and i = 63
(risk score = 10). We can use heatmaps to compare the
resulting segments pairwise to check if non-adjacent seg-
ments have similar control flows. Using the identified peaks,
the whole event log is divided into three segments, and the
segments are compared in Fig. 11a. The results reveal that
segment 2 and segment 3 have the highest distance, followed
by segment 1 and segment 3, and finally segment 1 and seg-

ment 2. The process variants depicted in Fig. 1 align with
these findings, supporting the validity of the identified seg-
ments.

4.2 Behavioral signals generation and clustering

Once the segments are identified, the subsequent step is to
provide process experts with insights into the types of behav-
iors that change across the range of the indicator and to
characterize the process behavior associated with each seg-
ment. While the earth mover’s distance is highly effective
for detecting changes in control flow, it does not inherently
explain the specific nature of these changes. To address this
limitation, we introduce a novel framework that incorpo-
rates declarative constraints as interpretable representations
of control-flow characteristics. By monitoring how these con-
straints evolve across the indicator’s range, our approach adds
a layer of explainability to the segmentation process.

The framework generates a comprehensive set of behav-
ioral features based on declarative constraints and evaluates
these features as the sliding window moves along the event
log. Features that exhibit similar patterns of change are
grouped using clustering techniques, highlighting shared
behavioral dynamics.

4.2.1 Declarative constraints

Declarative constraints offer a flexible and interpretable way
to model control-flow behaviors in processes. By defining
behavioral rules using generic templates and instantiating
them with specific activity labels, they enable an expressive
representation of constraints that can be evaluated against
event logs.
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Control Flow Change Detection
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Fig. 5 Control-flow change detection using the earth mover’s distance framework with b)=100 and different window sizes we{2, 5, 10, 15}. The

color intensity indicates the magnitude of control-flow changes

Definition 10 (Declarative Templates and Constraints) Let
DT be a non-empty set of declarative templates, where each
template is a relation d(xy, ..., x;,) € D7 defined over
variables xp, ..., x,,, with m € N representing the arity of
d. For a given set of activities ay, . .., a, € A, adeclarative
constraintd(ay, . .., ap) is derived as a specific instantiation
of the template d, binding its variables to the corresponding
activities.

A declarative constraint specifies that any trace o € A*
is allowed unless there is explicit evidence that the trace
violates the constraint, as determined by the semantics of
the associated template. Such a violation is denoted as
o ¥ d(ay,...,an). Thelanguage of a declarative constraint,
denotedas Lang(d(ay, ..., ay)),is the set of all control-flow
traces that satisfy the constraint:

Lang(d(ay,...,ay)) ={oc € A" |o Ed(ay,...,an)}.

The declarative templates used in this paper capture a
range of control-flow behaviors. These templates are as fol-
lows:

— RespondedExistence(x1, x2): If x; occurs, x occurs
as well.

— CoExistence(xy, xp):If x1 occurs, x occurs as well and
vice versa.

— Response(xy, x2): If x1 occurs, then x; occurs after x1,

— AlternateResponse(x1, x2): If x| occurs, then x, occurs
afterward before x; recurs.

— ChainResponse(xy, x3): If x1 occurs, then x> occurs
immediately after it.

— Precedence(xy, x3): xo occurs only if preceded by x1,

— AlternatePrecedence(xy, x2): xp occurs only if pre-
ceded by x; with no other x; in between.

— ChainPrecedence(x1, x3): x occurs only if x| occurs
immediately before it.

— Succession(xy, x3): x1 occurs if and only if itis followed
by x7.
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— AlternateSuccession(xy, x3): x; and xp occur if and
only if they follow one another, alternating.

— ChainSuccession(xy, x2): x1 and xp occurs if and only
if x, immediately follows xj.

— Absence(x1): x; does not occur.

— AtLeast1(x1)/ AtLeast2(x1)/ At Least3(x1): x1 occurs
at least once / two times / three times.

— AtMost1(x1)/ AtMost2(x1)/ AtMost3(x1) : x| occurs
at most once / two times / three times.

— End(x1): x1 is the last to occur.

— Init(x1): x1 is the first to occur.

Definition 11 (Declare Set of an Event Log) Let L € L be
an event log. The function declset extracts the set of all
declarative constraints that can be instantiated over the set of
activities in L. Formally,

declset(L) = {d(ay,...,ay) |m e NAd(xy,...
e DT Nay,...,ay € act(L)},

2 Xm)

where declset (L) represents all constraints definable over
the activities in the event log L.

For example, consider event log L3 € £ with ¢f(L3) =
[a, b, c)'?0, (a, b, d)], as illustrated in Fig. 4a. The set
of activities in L3 is act(L3) {a, b, c,d}. Examples
of declarative constraints for L3 include {Response(a, b),

CoExistence(c,d), Init(a)} C declset(L3). Response(a, b)

is satisfied because, in all traces, every occurrence of a is fol-
lowed by b, Init(a) is satisfied because a is the first activity
in every trace, and CoExistence(c, d) is violated because ¢
and d never appear together in the same trace.

Declarative constraints, by their rule-based nature, can be
evaluated using measures such as confidence, support, and
coverage to assess their quality [15]. These measures can be
calculated at two levels: the trace level, where constraints
are evaluated across entire process instances, and the event
level, where individual occurrences of activities are consid-
ered. For instance, in the trace (a, ¢, b, a, b, a), the constraint
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Response(a, b) is violated because the last a is not fol-
lowed by any b. However, at the event level, a occurs three
times, and the constraint is satisfied for two of these occur-
rences while being violated once. Measuring at the event level
provides a more granular perspective and prevents the over-
looking of instances where the constraint is satisfied. In this
paper, we adopt the event-level approach to ensure a more
nuanced evaluation of constraint quality.

Each declarative constraint also has an activation, which
specifies the conditions under which the constraint is eval-
uated. For example, in the constraints Response(a, b) and
Precedence(a, b), the activations are a and b, respectively.
If no activation is triggered in a trace, there is no evidence to
evaluate whether the constraint is satisfied or violated; in such
cases, the constraint is said to be vacuously satisfied [15].
While vacuous satisfaction can occur naturally, relying on it
can lead to misleading results. To address this, we consider
only instances where constraints are non-vacuously satisfied,
ensuring that evaluations are based on meaningful activa-
tions.

Definition 12 (Confidence and Coverage) Let L € L be an
event log. For a given declarative constraint ¢ € declset (L),
let the following be defined:

— #activated (L, ¢): The number of times the constraint ¢ is
activated in L.

— #sarisfiea (L, ¢): The number of times the constraint ¢ is
satisfied in L.

— #opents (L): The total number of events in L.

Using these quantities, the coverage and confidence of a con-
straint ¢ are defined as follows:

— Coverage : declset(L) — [0, 1] is the proportion of
activated events to the total number of events in L:

H#octi L,c
Coverage(L, C) _ acttvated( )
#events (L)

— Confidence : declset(L) — [0, 1] is the proportion of
satisfied events to the number of activated events in L. To
avoid division by zero, the denominator is set to at least 1:

#satisfied (L,c)

Confidence(L,c) = .
max (1, #4ctivarea (L, €))

For example, consider the event log L3 and the declarative

constraintsc; = Response(a, d)andco, = Precedence(a, d).

The confidence and coverage metrics for these constraints are
calculated as follows:

— Coverage(L, c )=%=033,
=0.20.

. 1x30
Confidence(L, c1)=m—

— Coverage(L, cz):Mlx—sz.OZ

20+3x30
Confidence(L, cy)= {igg:] .00.

4.2.2 Feature generation

The feature generation step aims to extract meaningful fea-
tures from the event log that can act as behavioral signals,
highlighting changes in control-flow behavior. Each declar-
ative constraint represents a rule or an expected behavior
within the process, providing a structured way to monitor the
event log. For example, a constraint may specify that certain
tasks must always follow one another, capturing dependen-
cies or patterns that indicate significant behavioral dynamics.

Definition 13 (Behavioral Signals) Let L € L be an event
log, and let x be a case-level indicator used to order the cases,
b € NIZIL1I be the number of buckets given by the user, and
w € N3 be a window size parameter.

Ww.i = qu ; U W/ . represents the union of the cases
in the left and right windows at each i € [w, b — w]. For a
declarative constraint ¢ € declset(L), the behavioral signal

sc 18 defined as:
Sec = (m(Ww,w, c)y..t, m(Ww,bfw, o)),

where m(Wy, ;, ¢) is ameasure that depends on a user-defined
coverage threshold 6., € [0, 1] and is given by:

m(Ww,l'v C)

Confidence(Wy i, c), if Coverage(Wy i, c) > Ocyg,

0, otherwise.

The set of all behavioral signals for event log L is denoted
as:

Sp ={sc | c € declset(L)}.

We leverage the Minerful framework to generate declare
set of event logs and evaluate their confidence and coverage
within each time window [14, 34]. Incorporating 6. thresh-
old on the coverage value is crucial to ensure the robustness
of the algorithm. Without this threshold, a few activations
of a constraint within a window, especially if all activa-
tions are satisfied, could result in a high confidence value.
Such cases are often due to noise and may create a mis-
leading impression of significant changes in the behavioral
signals. By applying 0., the algorithm excludes windows
with low activation counts, thereby preventing the overem-
phasis of spurious patterns and ensuring that the identified
signals reflect meaningful process behavior.

Not all behavioral signals in S; are informative for
explaining changes in control-flow behavior. Some signals
may have constant values across all windows, indicating no
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variability and thus no meaningful contribution to the analy-
sis. These can be safely removed. For example, a behavioral
signal may always be zero if the corresponding constraint is
never satisfied in any trace of the event log, or it may always
be one if the constraint is never violated. Removing such con-
stant signals helps streamline the analysis by focusing only
on features that exhibit meaningful changes.

Subsumption, in the context of declarative constraints,
refers to a hierarchical relationship where satisfying a more
specific constraint automatically satisfies a more general
one because the specific constraint imposes stricter condi-
tions [13]. This relationship poses challenges when analyzing
sets of constraints. For instance, if ChainSuccession(a, b)
holds for a set of traces within a window, those traces also
satisfy Succession(a, b), as the latter is less restrictive. When
two declarative constraints yield identical confidence values,
the more restrictive constraint is typically preferred due to
its more precise characterization of process behavior. This
principle extends to behavioral signals: if two signals are
identical and represent subsumption behavior, only the sig-
nal associated with the more restrictive constraint is retained.
Formally, given ¢y, ¢2 € declset(L),if Lang(c1) C Lang(cz)
and s;, = S.,, then ¢ is excluded from further analysis. The
subsumption relationships among the declarative templates
considered in our study are summarized in Fig. 6, where
arrows indicate the direction from less restrictive to more
restrictive constraints.

Definition 14 (Pruning Function for Behavioral Signals) Let
L € L be an event log and Sy, be the set of all behavioral
signals extracted for this event log. We define:

— Sconstant = {sc € Sp | Vi € Nt Isel) se(i) = sc.(i + 1)},
the set of constant signals, where the signal has the same
value across all windows.

- Shierarchy = {sc € S | Is¢ € S @ 5c = 50 A
Lang(c’) C Lang(c)}, the set of signals correspond-
ing to constraints that are subsumed by more restrictive
constraints.

The pruning function prune : P(Sy) — P(Sr) removes
non-informative signals and is defined as:

prune(Sp) = S\ (Sconstant U Shierarchy)a

where the resulting set S; = prune(Sr) contains only
the pruned behavioral signals that are informative and non-
redundant.

Figure 7 illustrates the pruning step of the feature gen-
eration framework using event log L3 as an example. For
simplicity, we consider a subset of declarative templates
{Response(x1, x2), Responded Existence(xy, x2),
Precedence(xy, x)} C DT. Since act(L3) = {a, b, c, d},
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the set of possible declarative constraints and corresponding
behavioral signals, Sy, contains 36 behavioral signals. The
intensity of the colors in the figure corresponds to the value of
the behavioral signal, i.e., the confidence of the declarative
constraint, provided that the coverage exceeds the thresh-
old 6¢y¢ = 0.02, within specific windows. Among these, 16
behavioral signals are constant zeros, as their correspond-
ing constraints are never satisfied, e.g., Response(d, c), and
eight behavioral signals are constant ones, as their con-
straints are always satisfied, e.g., Precedence(a, d). From
the remaining 12 behavioral signals, 4 represent subsump-
tion relationships and are therefore removed. For instance,
between Responded Existence(a, c) and Response(a, ¢),
the more specific Response(a, c¢) is retained. After pruning,
eight behavioral signals remain: {Responded Existence(d,
a), RespondedExistence(d, b), Precedence(a, d),
Precedence(b,d),Response(a, c),Response(a, d),
Response(b, c),Response(b, d)}.

4.2.3 Feature clustering

After generating the set of constraint signals and pruning
them, the next step is to analyze their patterns and group
similar behavioral signals. Identifying groups of features
with similar change patterns provides insights into the behav-
ioral characteristics that evolve together across the process.
As illustrated in Fig. 8, some features exhibit comparable
patterns of variation, suggesting shared behavioral dynam-
ics. Clustering techniques are employed to systematically
uncover these similarities and identify sets of process speci-
fications that undergo changes together.

Definition 15 (Behavioral Clusters) Let L € L be an event
log. §; = prune(Sy) represent the set of all pruned behav-
ioral signals. A clustering algorithm is a total, surjective
function clust : S’L — {1, ..., n}, such that it assigns each
behavioral signal s. € S} to one of n clusters. The i-th clus-
ter, denoted as clust;, satisfies the following properties:

— Behavioral signals within the same cluster (clust;)
exhibit high similarity based on a chosen similarity met-
ric.

— Behavioral signals in different clusters (clust; and clust;,
i # j) exhibit distinct behavioral characteristics.

The choice of clustering algorithm and similarity metric
is arbitrary and can be tailored to the specific requirements
of the analysis [3].

In our proposed framework, we use agglomerative hierar-
chical clustering due to its flexibility and interpretability [24].
Agglomerative clustering starts with each behavioral signal
sc € Sp as its own cluster and iteratively merges the two
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RespondedExistence(x;,x,) = CoExistence(x;,x,) +———— RespondedExistence(x,,x;)

=

D (x1,%2) Succession(xy,x;) <————— Precedence(xy,x;)

AlternateResponse(x;,x,) = AlternateSuccession(x;,x,) +—— AlternatePrecedence(xy,x;)

| |

ChainResp (x1,x3) ChainS; ion(xy,x;) ChainPrecedence(xy,x;)

(a) Subsumption relationships between declarative templates involving two variables.
More restrictive templates, such as ChainSuccession(z1,z2), subsume less restrictive
ones, such as Succession(z1,x2).

Ab.
Init(x,) +— AtLeast1(x;) —> End(x;) senfce(xl)
AtMost1(x;)
AtLeast2(x;)
AtMost2(x;)
AtLeast3(xq)
AtMost3(x;)

(b) Subsumption relationships between declarative templates involving a single vari-
able. For example, AtMostl(z1) is more restrictive than AtMost2(z1).

Fig.6 Illustration of subsumption relationships among declarative templates

=(a,b,c)*°

w=3
—

% = (a' b, d)lo I:l:l

Response(a, b)
RespondedExistence(a, b)
Precedence(a,b)
Response(a,c)
RespondedExistence(a,c)

Precedence(a,c)

Response(b,d)
RespondedExistence(b,d)

Precedence(b,d)

Response(d, c)
RespondedExistence(d, c)

Precedence(d, c)

Response(a,c)

Precedence(a,d)

Response(a, d)

Response(b,c)

Response(b,d)
Precedence(b,d)

RespondedExistence(d, a)

RespondedExistence(d, b)

Fig. 7 Pruning step of the feature generation framework illustrated using event log L3. Blue color intensity reflects the confidence of behavioral

signals across time windows. Constant and subsumed signals are removed, yielding a more compact and informative feature set

Response(a,c)
Precedence(a,d)
Response(a,d)
Response(b,c)
Response(b,d)
Precedence(b,d)
RespondedExistence(d, a

RespondedExistence(d, b

Response(a,c)

Response(b,c)

Precedence(a,d)

Precedence(b,d)

Clustering

dedExi d,a)

RespondedExistence(d, b)

Response(a,d)
Response(b,d)

Fig. 8 Clustering of behavioral signals based on their behavioral signal patterns. Features with similar dynamics across windows are grouped
together, revealing sets of behavioral signals that evolve in tandem
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most similar clusters based on a chosen similarity metric.
This process continues until all signals are merged into a
single cluster. The similarity between clusters can be mea-
sured using distance metrics, e.g., Euclidean distance, and
the linkage criteria, e.g., single linkage, complete linkage, or
average linkage, determine how distances between clusters
are calculated. A key advantage of agglomerative hierarchi-
cal clustering is that it does not require the number of clusters
to be predefined. Instead, it produces a hierarchical structure
that organizes signals into clusters at various levels of gran-
ularity, allowing the identification of sets of constraints with
similar behavioral patterns.

4.2.4 Running example

In real-world scenarios, processes often involve many activi-
ties, and the number of generated features can be large. In our
running example, Sp, = declset(Lg) includes 384 declar-
ative constraints, resulting in 384 behavioral signals in S
During the pruning step:

— 240 signals are removed for being always zero,

— 20 signals are removed for being always one,

— 80 signals are removed due to hierarchical relations
among declarative constraints.

After pruning, the set of behavioral signals is reduced to
S /Ls = prune(Sy,), containing 74 signals retained for further
analysis. These remaining signals are then clustered using
hierarchical agglomerative clustering. The resulting hierar-
chical structure can be visualized through a dendrogram,
which illustrates how clusters are formed at different lev-
els of similarity. Figure 9 presents this dendrogram, enabling
the selection of an appropriate number of clusters either visu-
ally, by applying a predefined distance threshold, or through
automated selection methods.

The suitable number of clusters, determined to be 7,
reveals distinct behavioral patterns. In Fig. 10, the clustered
behavioral signals are illustrated, with each cluster grouping
related signals. The color intensity for each behavioral signal
corresponds to the confidence level of the associated declar-
ative constraint within a given window. Vertical dashed lines
show the boundaries between clusters, while red horizon-
tal lines indicate the change points detected using the earth
mover’s distance framework.

4.3 Integration of segments and clusters for global
insights

After segmentation via the EMD measure, we perform a
pairwise comparison of the segments and correlate the iden-
tified segments with the most significant behavioral cluster,
enabling a deeper understanding of the control-flow charac-
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teristics underlying each segment. This novel combination
of segmentation, feature analysis, and correlation provides
process experts with both precise detection of change points
and meaningful insights into the process behaviors driving
these changes.

The proposed framework identifies control-flow change
points and behavioral clusters to provide localized and aggre-
gated insights into process behavior. To derive a more
comprehensive understanding, we integrate these perspec-
tives through three steps. First, we perform segment-to-
segment comparisons to analyze how process behavior
evolves between adjacent and non-adjacent segments. Next,
we conduct segment-to-cluster comparisons to uncover the
relationships between specific segments and clusters, using
correlation analysis to quantify these associations. Finally,
we refine clusters by identifying and ranking the most
informative declarative constraints, providing interpretable
explanations of the behavioral characteristics for each seg-
ment.

4.3.1 Segment-to-segment comparison

Based on the visualizations in Fig. 4, control-flow behavior
may exhibit multiple changes across the range of the indica-
tor. However, for each detected change, the framework only
identifies that w buckets on the left differ from w buckets on
the right. To provide more comprehensive global insights,
the framework is extended to segment the event log based on
peaks in the [dist values. Using specified b and w parame-
ters, each peak in /dist marks a segmentation point, dividing
the event log into segments. Each segment comprises cases
from the previous change point to the current change point.
This segmentation enables not only the analysis of adjacent
segments but also the comparison of non-adjacent segments
using the earth mover’s distance measure, facilitating the
identification of broader patterns in process behavior.

Definition 16 (Change Point in Control Flow) Let L € L be
an event log, k be a case-level indicator, b € NI2ILII pe the
number of buckets specified by the user, and w € N [1.3] pe
a window size parameter. Additionally, let 6., € [0, 1] be a
user-defined threshold to evaluate the significance of [/dist.
A point p € [w, b — w] is a change point in the control-flow
behavior if the following conditions are met:

— ldist(p) > Op
— Ildist(p — 1) <ldist(p),if p € (w, b — w]
— Ildist(p+ 1) <ldist(p),if p € [w, b — w)

Definition 17 (Segments and Segment Signals) Let P =
(P1, ..., pp|) be the ordered sequence of change points in
the Idist function, such that Vi, j € {1,...,|P|}, pi < p;
if and only if i < j. Given |P|, the number of peaks in the
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Hierarchical Clustering Dendrogram
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Fig.9 Hierarchical clustering dendrogram of the pruned behavioral signals (S ,La ). The tree structure reflects merging behavior at different similarity

levels and can be used to define an appropriate number of clusters
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Fig. 10 Control-flow feature clusters derived from behavioral signals and change point detection. The red dashed lines are the change points

detected using the EMD-based framework considering 6, = 0.1
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ldist function, the event log is divided into | P|+ 1 segments,
denoted as segi, seg2, . .., seg|p|+1, defined as follows:

- seg1 ={o € By | x < p1},

— segi ={o € By | pi—1 <x = pi}, Vi€[2,|P]],
— segipi+1 ={o € By | pip| < x}.
Additionally, considering b € NIZIL1l a5 the number of

b . .
buckets and w € N2 as the window size parameter . For
each segment seg;, define its corresponding segment signal
sigi = (Zw, .- -» Zb—w), Where k € [w, b — w] and:

-z =1,ifk < pyfori =1,

- =1ifpi1 <k=<p; Viel2|P]],
-z =1if pjpy <kfori =|P|+1,

zx = 0, otherwise.

To further enhance the analysis, we hierarchically merge
similar segments when the control-flow behavior is not
significantly different, as determined by a user-defined dif-
ference threshold 6., € [0, 1]. This step aims to simplify
the segmentation by consolidating segments with minimal
variation. The merging process is performed recursively: At
each step, the two segments with the smallest [dist value
are merged if their distance is below the threshold 6.
This ensures that only meaningful and significant changes
in behavior are preserved, while noise or minor variations
are excluded from the analysis.

4.3.2 Segment-to-cluster correlation

To gain insights into how process behavior evolves, we
analyze the relationship between segments and control-
flow behavioral clusters. To quantify these relationships, we
perform a correlation analysis that measures the associa-
tion between each segment and the identified clusters. The
strength of this relationship indicates which clusters are most
relevant for explaining the behavioral dynamics in each seg-
ment.

Definition 18 (Correlation Between Behavioral Clusters and
Segments) Let corr : R* x R* — [—1, 1] denote the
Pearson correlation coefficient between two signals. For a
segment signal sig; and a behavioral cluster clust; where

i e {l,...,|P|+ 1}, with |P| + 1 being the total num-
ber of segments generated from |P| change points, and
j € {1, ..., n}, withn being the total number of clusters. The

correlation between the segment and the cluster is defined as:

Zsceclustj corr(sigi, sc)

[clust |

corr(sig;, clustj) =

’
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This measure quantifies the average correlation between
the segment signal and the behavioral signals within the clus-
ter.

Finally, we visualize the results of the correlation anal-
ysis using a heatmap, which illustrates the strength of the
relationships between segments and clusters. This visual rep-
resentation enables process experts to quickly identify the
most relevant clusters for each segment and gain a deeper
understanding of the behavioral patterns that characterize the
process over the indicator range.

4.3.3 Global insights generation

While the pruning step eliminates non-informative behav-
ioral signals, the resulting clusters of constraints can still be
large, making them difficult to interpret. To enhance clar-
ity and provide better insights, a post-processing step is
performed on each cluster to remove redundant constraints
and rank the remaining ones based on specific criteria. For
instance, if AtLeast1(a) and Responded Existence(a, b)
appear in the same cluster, CoExistence(a, b) can be con-
sidered redundant. This redundancy arises because At Least1(a)
ensures @ must always occur, and Responded Existence(a, b)
guarantees that whenever a occurs, b does as well. The
approach proposed in [13] is utilized to systematically iden-
tify and remove such redundant constraints.

In conjunction with the correlation analysis between seg-
ments and clusters, the ranking of constraints is tailored to
the segment being analyzed. This ranking considers whether
positive or negative correlations are of greater interest,
depending on the specific behavioral characteristics of the
segment that require explanation. By refining the clusters and
prioritizing the most relevant constraints, this step provides a
concise and interpretable summary of the process dynamics
for each segment.

Definition 19 (Behavioral Signal Scores in Clusters) Letsig;
represent the segment signal corresponding to segment i,
and s. be a behavioral signal within a cluster clust;, where

i e {l,...,|P|+ 1}, with |P| + 1 being the total num-
ber of segments generated from |P| change points, and
j € {1,...,n}, with n being the total number of clusters.

To rank the constraints within a cluster c/ust; based on their
positive or negative correlation with segment i, we define the
following score:

Sc - Sigi Zk;ﬁi Sc - Sigk
Sigi - Sigi Dz Sigk - Sigk

SCOreclust;,sig; (sc) =

where s, - sig; represents the dot product of the signals s,
and sig;, and sig; - sig; represents the self-dot product (norm
squared) of sig;.
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This score is utilized to rank constraints within a cluster.
It quantifies the difference between the average behavioral
signal value in the specified segment and in other segments.
A score of +1 indicates that the signal exclusively takes a
value of one within the specified segment, while a score of
—1 signifies that the signal consistently takes a value of one
in all other segments except the specified segment.

Declarative constraints are inherently interpretable in nat-
ural language, which facilitates effective communication
with domain experts. To enhance readability and accessi-
bility, this paper adopts textual representations of declarative
constraints, providing clear and intuitive explanations of the
underlying process behavior.

4.3.4 Running example

Figure 11b visualizes the correlation between process seg-
ments and behavioral clusters. The heatmap highlights clus-
ters with strong positive or negative correlations to each
segment, offering insights into the relationships between seg-
ments and their corresponding control-flow behaviors. This
visualization reveals how specific clusters align with changes
at distinct points, emphasizing the behavioral characteris-
tics that shift between segments. Positive correlations are
shown in blue and negative correlations in red, with darker
shades representing higher absolute correlation. Based on
this heatmap:

— For segment 1, Cluster 6 with corr(sigy, clustg) = 0.98
shows a high positive correlation.

— Forsegment 2, Clusters 4 with corr(siga, clusty) = 0.95
and 5 with corr(sigo, clusts) = 0.94 have high positive
correlations, while Cluster 1 with corr(sigo, clust;) =
—0.98 shows a high negative correlation.

— For segment 3, Cluster 2 with corr(sigs, clust;) =
0.99 has a high positive correlation, while Clusters 3

with corr(sigs, clustz) = —0.97 and Cluster 7 with
corr(sigs, clust;) = —0.96 exhibit high negative cor-
relations.

Comparing these correlation scores with the visual intu-
itions from Fig. 5 demonstrates the effectiveness of this
heatmap in uncovering meaningful relationships between
clusters and signals, reinforcing the explanatory power of
the framework. Below we summarize the key declarative con-
straints for clusters 1 to 4 based on the scores calculated using
Def. 19.

— Cluster 1 (includes 2 behavioral signals, sorted based on

—S8COreéclusty ,sigz):

e in-person interview 2 must never occur (score:
—95.36, rank 1).

e request documents must never occur (score: —95.36,
rank 2).

— Cluster 2 (includes 6 behavioral signals, sorted based on

SCOreclusty,sigs ):

e create application and cancel application occurs if
and only if cancel application immediately follows
create application (score: 96.87, rank 1).

e cancel application is the last to occur (score: 96.73,
rank 3).

e check documents mustnever occur (score: 96.73, rank
4).

e in-person interview I must never occur (score: 96.73,
rank 6).

— Cluster 3 (includes 9 behavioral signals, sorted based on

—SCOreéclysts ,Sig}):

e cancel application must never occur (score: —96.73,
rank 1).

e check documents occurs at least once (score: —96.73,
rank 2).

e If create application occurs, then check documents
occurs afterward before create application recurs
(score: —96.73, rank 3).

e If create application occurs, then in-person interview
1 occurs afterward before create application recurs
(score: —96.73, rank 4).

— Cluster 4 (includes 18 behavioral signals, sorted based
ON SCOT €clysty,sigr)-

e create application and in-person interview 2 occur
if and only if they follow one another, alternating
(score: 93.88, rank 1).

e create application and request documents occur if
and only if they follow one another, alternating
(score: 93.88, rank 2).

e in-person interview I and in-person interview 2 occur
if and only if they follow one another, alternating
(score: 93.66, rank 5).

— Cluster 6 (including 2 behavioral signals, sorted based on

scoreclustem,sigl):

e check documents is the last to occur (score: 49.51,
rank 1).

e in-person appointment 1 is the last to occur (score:
46.58, rank 2).

Figure 1 illustrates distinct behavioral patterns across
different risk score ranges serving as the ground truth. In
segment 3, which includes cases with a risk score above 10,
applications are cancelled immediately after creation. The
strong positive correlation of cluster 2 and strong negative
correlation of cluster 3 with this segment indicate that the
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(a) Pairwise comparison of control-flow
behaviors across the three identified
segments. The earth mover’s distance
is used to measure the dissimilarities
between segments.
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(b) Correlation analysis between identified
segments and behavioral feature clusters.
The heatmap highlights positive and neg-
ative correlations, illustrating how specific
clusters explain segment-level behaviors.

Fig. 11 Comprehensive analysis of the motivating example event log using the proposed framework

activity Create Application is followed by Cancel Applica-
tion, with no intermediate steps. Trace variants involving
other activities appear exclusively in earlier segments. In seg-
ment 2, corresponding to risk scores between 3 and 10, we
observe a high positive correlation with cluster 4 and a strong
negative correlation with cluster 1. This segment uniquely
includes activities such as the second interview and docu-
ment request, which do not occur in other segments.

For segment 1, associated with risk scores below 3, the
high correlation with cluster 6 highlights distinctive behav-
ioral signals, such as cases ending with either the first
interview or document check. Although correlation analy-
sis reveals key differences, a visual inspection of Fig. 10
provides further insights. For instance, the behavioral sig-
nals in cluster 4, related to second interviews and document
requests, emerge only after segment 1 and vanish in segment
3. Similarly, the cancellation behavior captured by cluster 3
occurs solely in segment 3, reinforcing the absence of such
cases in segments 1 and 2.

5 Evaluation
The proposed framework has been implemented as an open-
source tool with a web-based user interface and is publicly

available?. To evaluate its effectiveness, we conducted dif-
ferent experiments including a case study in collaboration

2 https://github.com/aliNorouzifar/X-PVI
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with UWYV, the employee insurance agency of the Nether-
lands, which is responsible for executing social security
policies related to unemployment and disability, and two
publicly available real-life event logs. UWV provided real-
life event data for this study, and we worked closely with
domain experts from the agency. Their guidance and feed-
back ensured that our framework aligns with real-world
scenarios and can be effectively applied to practical busi-
ness contexts. Notably, one of the co-authors of this paper is
an employee of UWV and a former PhD researcher in pro-
cess mining. Their domain expertise significantly shaped the
interpretation of the results, and they contributed directly to
the discussion and writing of the case study section.

5.1 Data

This section introduces three event logs used to evaluate the
applicability of our proposed method: an event log extracted
from a claim-handling process of the UWV agency, the
road traffic fine management event log, and the BPI chal-
lenge 2017 event log. These real-life event logs serve as
benchmarks to assess the usability and effectiveness of our
approach.

5.1.1 UWV event log:

UWY, the employee insurance agency in the Netherlands, is
responsible for managing claims related to unemployment
and disability benefits. This study focuses on one of UWV’s
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core claim-handling processes. A critical area of interest for
UWYV is understanding how this process evolves with respect
to case durations. Specifically, the agency aims to identify
change points within case durations, which span from 1 to
476 days.

The event log provided for this analysis contains 144,046
cases, encompassing 484 process variants, 16 distinct activi-
ties, and a total of 1,309,719 events. Among all cases, 5,333
(3.7%) are rejected, while 138,671 (96.3%) are accepted,
reflecting the primary outcomes of the process. The norma-
tive BPMN model of this claim-handling process is depicted
in Fig. 12. This process model was manually designed based
on an analysis of the event data and discussions with process
experts from the agency. The normative process model aligns
well with the observed behavior in the event log, achieving
an alignment fitness of 99.4% [10].

The process begins with the receipt of a claim from a
customer. Ultimately, a claim is either accepted or rejected,
represented by the first exclusive choice following the ini-
tiation of the claim. A small number of cases (42 claims)
neither result in rejection nor acceptance and cannot be ade-
quately explained by the normative model. For rejected cases,
the process involves first blocking the claim (Block Claim
2) before rejecting it. After rejection, the client may file an
objection (Receive Objection 2). Only a few cases (68 claims)
are accepted eventually after the initial rejection. This behav-
ior is not covered in the normative model.

Another blocking mechanism, Block Claim 1, might be
applied to a claim. In such cases, the agency requires cor-
rections from the client to unblock the claim and make it
ready for acceptance. Once a claim is accepted, subsequent
payments are processed. Typically, three payments are made
for each accepted claim, with each payment requiring both
a payment order and execution. Most cases conclude after
this stage. However, in certain instances, additional steps
are required. For example, a client might file an objection
(Receive Objection 2), which could lead to the withdrawal of
the claim and repayment of the received benefits. During this
process, the claim might be blocked using the Block Claim 3
mechanism to prevent any further payments.

5.1.2 Road traffic fine management (RTFM):

The RTFM event log documents the administrative handling
of traffic fines issued by an Italian municipality. This event
log contains 150,370 traces and 150,370 events, covering 231
distinct trace variants and 11 unique activities. It captures the
full lifecycle of each fine, from creation to payment or credit
collection, including activities such as fine issuance, notifi-
cation dispatch, penalty application, and the processing of
payments or appeals. Each case corresponds to a traffic vio-
lation, with events detailing interactions between involved
entities, such as citizens and administrative offices. Given

that such fine collection processes are typically governed by
strict deadlines and time-based administrative regulations,
proper handling is essential for ensuring timely payments
and enforcing penalties for non-compliance. This context
motivates the hypothesis that analyzing the development of
control flow in relation to case duration may reveal meaning-
ful behavioral patterns.

5.1.3 BPI challenge 2017 (BPIC17)

The BPIC17 event log captures a comprehensive record of
a loan application process from a Dutch financial institu-
tion. This event log encompasses 31,509 loan applications
and 433,444 events related to the application and offer sub-
processes, involving 18 distinct activities and 2,630 unique
trace variants. Each application may involve multiple offers,
reflecting the institution’s policy of providing various loan
options to applicants. The event log details the progres-
sion of each application through various stages, including
submission, assessment, offer creation, validation, and final
decisions such as approval, cancellation, or denial. The goal
for choosing this event log is to investigate if the process
involves some duration based decision-making influencing
the control flow of the process.

5.2 Setup

Since our proposed method offers a unique perspective by
analyzing control-flow developments through performance
indicators, the resulting insights are not directly obtainable
using existing approaches. However, with some adaptations,
some concept drift detection methods can be employed to
extract insights for comparison purposes.

5.2.1 The choice of baseline

The visual drift detection method [34] and the explain-
able concept drift framework [2] are among the state-of-
the-art techniques for identifying concept drift over time.
While these approaches are not designed to directly capture
performance-based process variability, they can be adapted
for such purposes. The key adaptation involves ordering the
traces according to the chosen performance indicator (e.g.,
case duration), and shifting the sliding window accordingly,
thus replacing time-based segmentation with performance-
based segmentation.

The framework proposed in [2] extracts a comprehensive
set of numerical features that capture various process per-
spectives such as control flow, performance, and resource
utilization, and transforms each feature into an individ-
ual time series using sliding window segmentation. Next,
the method applies change point detection algorithms to
every series, flagging statistically significant shifts that sig-
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Fig. 12 Normative BPMN model representing the investigated UWV claim-handling process

nal potential concept drifts. To uncover causal relationships
between these concept drifts, the authors employ a kernel-
based Granger causality test, enabling the detection of both
linear and nonlinear cause-and-effect links. The final out-
put is therefore not merely a list of drift timestamps but
an explainable set of drift pairs that indicate which feature
changes are statistically likely to drive others, giving analysts
concrete clues about the underlying reasons for each process
change.

We did not consider this framework as our baseline
because it provides a fundamentally different form of
explainability. Specifically, it investigates causal relation-
ships between change points in individual time—series fea-
tures and can, for instance, conclude that a shift in behavioral
signal s triggered a shift in behavioral signal s’. In con-
trast, our analysis adopts a global perspective: we first detect
change points for the entire process by jointly considering
all behavioral signals, and only then determine which clus-
ters of signals exhibit altered characteristics at each detected
change point.

The approach introduced in [34] uses the behavioral sig-
nals as input and employs the pruned exact linear time (PELT)
algorithm in order to identify the change points. PELT is
designed to identify significant changes in the mean, vari-
ance, or other statistical properties of a sequence of data
points without requiring prior knowledge of the number of
change points. This flexibility makes it particularly suitable
for our use case, where the number of behavioral shifts in
the process control flow is unknown. In contrast, the change
points identified in our framework are not based on the behav-
ioral signals as a feature space, instead, we use an EMD-based
method to identify the changes in the control flow. We com-
pare the visual outputs of this method with the proposed
method in our paper. In order to be able to compare the results
with our framework, we made some adaptations. The origi-
nal approach sorts the traces based on time, and we changed
it to the performance indicator. The algorithm has window
size and sliding parameter, to have similar scale as our frame-
work, and we chose the window size of wx % and sliding
steps as %.

Note that in the results reported for the baseline method,
confidence and support are defined at the trace level. How-
ever, in our framework, we adopt event-level measurements
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Table4 Summary of parameter settings used across all experiments

Event Log Ocp w #cl Ocvg
Uwv 0.10 2 5 0.02
UWYV only rejected 0.10 2 7 0.02
UWYV only accepted 0.10 2 4 0.02
RTFM 0.14 2 7 0.05
BPIC17 0.20 2 8 0.05

instead, as they offer more fine-grained and interpretable
insights. Furthermore, the baseline method does not include
a coverage-based filtering mechanism, but in our framework,
we incorporated our own filtering strategy to eliminate noisy
patterns and ensure that the extracted rules reflect meaningful
behavioral patterns. The clustering criterion in the baseline
method is based on a fixed distance threshold that has not
been changed in different experiments.

5.2.2 Parameter settings

In all experiments, we set b = 100 to enable intuitive,
percentage-based insights, i.e., each bucket represents 1%
of the cases, sorted by a performance indicator. To evalu-
ate the impact of different window sizes, we test values of
2, 5, 10, and 15. In general, smaller window sizes are pre-
ferred for finer granularity, unless the resulting patterns are
too noisy, in which case larger windows help smooth the
trends. The threshold 6, is chosen per experiment to ensure
that the identified segments align with visual expectations
based on observed changes in the /dist values. The other
parameters value may vary depending on the characteristics
of each experiment. Table. 4 summarizes the parameter set-
tings for each individual experiment.

The parameter 6., is chosen based on the characteris-
tics of each experiments to suppress noisy patterns in the
behavioral signals. This threshold prevents the influence of
constraints that are activated only a few times but exhibit high
confidence, which is an artifact of the fact that constraint
confidence does not consider the frequency of activation.
Table. 5 shows for each experiment, how many behavioral
signals are generated, the number of removed constraints
due to the constant signal value in all windows and the num-
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T.a ble 5 Sqmmary of behavioral Event log # Extracted # Constant # Subsumped # Remaining
signal pruning across
experiments, including the UWV 2784 2.206 94 484
number of extracted signals (#
extracted), those removed due to UWYV only accepted 2,784 2,511 65 228
constant values (# constant), UWYV only rejected 2,445 2,008 63 374
removed due to subsumption (# RTFM 1,309 1,031 94 184
subsumed), and the final number

BPIC17 3,528 2,102 391 1,035

of signals retained for analysis

(# remaining)

ber of removed signals due to the hierarchical subsumption
relationship to other signals. The last column illustrates the
number of remaining signals at the end that are used for the
analysis and the visualizations.

The number of clusters for each experiment is deter-
mined such that it provides the best visual interpretability.
Specifically, we analyze the dendrograms generated through
hierarchical clustering as intermediate visualizations to guide
the selection of a suitable number of clusters that offer mean-
ingful behavioral distinctions.

5.3 Results

Based on the introduced event logs and experimental setup,
we conducted some experiments. In the following, we dis-
cuss the insights gained by applying the proposed method
for change point detection and explainability extraction.

5.3.1 Case study with UWV (complete event log)

To analyze changes in control-flow behavior over the case
duration in the UWYV event log, we conducted an experiment
using the complete event log. The results are summarized
in Fig. 13. Comparative results for control-flow changes, as
shown in Fig. 13a, indicate that cases with very short or very
long durations exhibit distinct behavior compared to cases in
other duration ranges.

Using a threshold 6., = 0.1 and a window size w = 2, the
sliding window analysis detected two peaks in the /di st func-
tion: one at i = 3 (20 days) and another at i = 95 (69 days).
These peaks divide the event log into three distinct segments,
segment 1: [0, 20] days, segment 2: [21, 69] days, and seg-
ment 3: [70, 476] days. The pairwise comparisons of these
segments using the earth mover’s distance are illustrated in
Fig. 13c.

Table 6 reports the number of cases and alignment fitness
for each segment with respect to the normative BPMN model.
The results demonstrate that all segments exhibit high fitness
values, indicating strong alignment with the normative pro-
cess.

To further analyze the segments, the normative BPMN
model is highlighted as represented in Fig. 14 to show the
process paths associated with each segment. Colors in the

model correspond to the frequency of activities in the seg-
ments, with transitions appearing in gray if their frequency
is below 5%.

This segmentation and subsequent analysis offer valuable
insights into how case durations influence process behav-
ior, providing guidance for enhancing process management.
This type of analysis necessitates the availability of a norma-
tive model and requires an additional replay of the segmented
event logs, which must be appropriately visualized with high-
lighted activities and arcs. However, if certain behaviors are
not captured in the normative model but exhibit significant
changes, such behaviors are challenging to visualize and
interpret using the normative model alone. Therefore, the
explainability extraction step becomes essential, as it broad-
ens the scope of analysis by uncovering a wider range of
relationships between activities.

Figure 13b illustrates the generated clusters alongside the
change point detection results. Gray points indicate low-
coverage values of constraints in specific windows, based
on a threshold of 6.,, = 0.02. These points are assigned
a value of zero in the behavioral signals. Red dashed lines
are the change points detected by the EMD-based technique
introduced in this paper.

To further analyze the relationship between segments and
clusters, a correlation analysis is conducted, as visualized in
Fig. 13d. Key observations from the heatmap include:

— Segment 1: Displays a high negative correlation with
Cluster 3 with corr(sig; , clust3) = —0.89 and Clus-
ter 1 with corr(sigy, clust;) = —0.65, while show-
ing a high positive correlation with Cluster 4 with
corr(sigy, clusty) = 0.69.

— Segment 2: Exhibits a strong negative correlation with
Cluster 2 with corr(sigo, clusty) = —0.80.

— Segment 3: Shows high positive correlations with Cluster
2 with corr(sigs, clusty) = 0.91 and Cluster 5 with
corr(sigs, clusts) = 0.57.

The score introduced in Def. 19 is used in Table 7 to high-
light and rank the most relevant behavioral signals within
each cluster that contribute to explaining the targeted seg-
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(c) Pairwise comparison of control-flow
behaviors across the three identified
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(d) Correlation analysis between identified
segments and behavioral feature clusters.
The heatmap highlights positive and neg-
ative correlations, illustrating how specific
clusters explain segment-level behaviors.

Fig. 13 Comprehensive analysis of the UWV event log using the proposed framework
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Table 6 Alignment fitness for

. Event log Number of cases Alignment fitness
segments in the UWYV event log,
. Segment Total Segment Total Segment
showing conformance to the
normative model Complete log Segment 1: [0, 20] days 144,046 4,320 99.4% 99.1%
Segment 2: [21, 69] days 132,480 99.7%
Segment 3: [70, 476] days 7,246 94.2%
Rejected claims Segment 1: [0, 15] days 5,333 3,869 99.3% 99.8%
Segment 2: [16, 60] days 1,325 98.9%
Segment 3: [61, 448] days 139 92.3%
Accepted claims Segment 1: [0, 69] days 138,671 131,765 99.4% 99.7%
Segment 2: [70, 476] days 6,906 94.0%
xl‘ ;
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(a) Segment 1 in the complete event log with duration in the range [0, 20] days.
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(b) Segment 2 in the complete event log with duration in the range [21, 69] days.
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(c) Segment 3 in the complete event log with duration in the range [70, 476] days.

Fig. 14 Normative BPMN model is highlighted based on the frequency of transitions replayed for the three segments from the complete event log

ments. Redundant constraints that describe similar behaviors
have been excluded?.
Explainability Through Segment-to-Cluster Associations The
segmentation of traces into meaningful intervals provides a
foundation for identifying distinct behavioral changes within
the process. We explain the behavioral characteristics of each
segment and how they relate to representative clusters.
Segment 1: Rejected Claims with Optional Objection
Segment 1 primarily includes cases involving activities such

3 The complete list of constraints for all experiments is available at:
https://github.com/aliNorouzifar/X-PVI/blob/master/case_study/

as Receive Claim, Start Claim, Block Claim 2, Reject Claim,
and Receive Objection 2. Replay of the cases on the normative
process model represented in Fig. 14a suggests that the claims
in this segment are typically rejected, although in some cases,
the rejection is contested through an objection. This segment
correlates strongly with cluster 4, which includes behav-
iors that are typical for rejected claims, particularly blocking
activities that occur before rejection. Conversely, behaviors
associated with accepted claims (e.g., payment execution) are
mostly absent, as confirmed by the low presence of behav-
ioral signals of cluster 1 in this segment.
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Segment 2: Accepted Claims with Standard Payment
Cycle Segment 2 corresponds to a more normative process
flow where claims are accepted and processed through a
complete payment cycle involving three executed payments
(Fig. 14b). This behavior aligns closely with cluster 1, which
captures the essential steps of a successful claim resolution.
The strong presence and satisfaction of behavioral signals
of cluster 1 in segment 2 indicate a high degree of process
regularity and efficiency. In contrast, exceptional behaviors
such as Block Claim 3 and claim withdrawal, which are com-
mon in cluster 2, or claim rejection, frequently observed in
cluster 3 are largely absent in this segment. This further rein-
forces the characterization of segment 2 as representing the
ideal acceptance path within the process.

Segment 3: Accepted Claims with Post-Payment Issues
Segment 3 also includes accepted claims, but unlike seg-
ment 2, these cases involve deviations such as objections after
payments have been made, withdrawals, and repayments of
previously received benefits (Fig. 14c). The activity Block
Claim 3 is used to stop further payments during the resolution
of these issues. This segment is best explained by cluster 2,
which captures extended workflows involving objections and
corrections after the standard payment cycle. Overall, seg-
ment 3 reflects more complex and longer-running cases that
deviate from the ideal process flow and require additional
handling.

This cluster-to-segment mapping provides interpretable

insights into how process behaviors evolve across different
segments. It helps distinguish standard flows from exceptions
and reveals the underlying behavioral drivers of performance
variation.
Comparison to the Baseline The application of the visual
concept drift detection method produces the visualization
shown in Fig. 15. While a visual inspection of the diagram
suggests the presence of a major change point at the begin-
ning and another reflected across multiple clusters toward the
end, the PELT-based change point detection method applied
to behavioral signals fails to detect these changes. In contrast,
our EMD-based change point detection method successfully
identifies them.

A closer examination of the behavioral signals reveals
noisy patterns, particularly in the lower portion of the visual-
ization. These artifacts are primarily due to the absence of a
coverage filtering mechanism. Specifically, a small number
of activations followed by the satisfaction of correspond-
ing constraints give rise to rare patterns that contribute to
noise. These noisy signals significantly affect the detection
outcome, as the identified change points become overly influ-
enced by such low-frequency behaviors.

5.3.2 Case study with UWV (rejected cases)

The extracted segments are highly correlated with the process
outcome, i.e., the rejection or acceptance of a claim. How-
ever, the correlation between the extracted segments with
specific duration is less clear. Another experiment using the
5,333 rejected cases is performed to get more understanding
of the relation between duration ranges and specific process
variants. The alignment fitness of the rejected cases is 99.3%
with respect to the normative model.

An overview of the results for the rejected cases is pre-
sented in Fig. 16. As shown in Fig. 16a, using w = 2
and 0.,=0.1, four initial segments are identified with dura-
tion ranges of [0,13] days, [14,15] days, [16,60] days, and
[61,448] days. Due to the low distance between segments 1
and 2 (less than 6.,=0.1), they are merged into a single seg-
ment covering the duration range [0,15] days. This merging
is evident in the heatmap in Fig. 16¢, where segments 1 and 2
exhibit highly similar colors compared to the other segments.

Table 6 summarizes the number of cases in each seg-
ment along with their respective alignment fitness values.
The results indicate that segment 3 exhibits lower confor-
mance to the normative model, with an alignment fitness of
only 92.3%. Figure 17 provides the normative BPMN model
with highlighted portions corresponding to each of the three
identified segments.

Figure 17a illustrates the first segment, covering a dura-
tion range of [0,15] days. This segment consists of cases that
are rejected without frequently receiving objections. It rep-
resents customers who file claims despite being aware that
they are unlikely to be entitled. The second segment, span-
ning the duration range [16,60] days, is depicted in Fig. 17b.
This segment includes cases that are rejected, with some
involving objections from customers. Finally, Fig. 17c illus-
trates the third segment, encompassing a duration range of
[61,448] days. This segment includes claims that were ini-
tially rejected but later accepted after objections were filed, as
well as cases involving multiple objections or non-standard
procedures.

The clustering results, along with change point detection,
are summarized in Fig. 16b. Gray points indicate low-
coverage values of constraints in specific windows, based
on a threshold 6., = 0.02. These points were assigned a
value of zero in the behavioral signals. The red dashed lines
represent the change points identified by the EMD-based
algorithm.

To evaluate the relationship between segments and clus-
ters, a correlation analysis is conducted. The heatmap in
Fig. 16d highlights the correlations between different seg-
ments and clusters.

— Segment 1: Demonstrates a strong positive correlation
with cluster 1, where corr(sigi, clust;) = 0.95. It
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Fig. 15 Visualization of the visual concept drift detection method applied to the UWV event log

also shows strong negative correlations with cluster 3,
where corr(sigy, clustz) = —0.73, and cluster 4, where
corr(sigy, clusty) = —0.94.

— Segment 2: Indicates high positive correlations with
cluster 3, where corr(sigy, clust3) = 0.71, and clus-
ter 4, where corr(siga, clusts) = 0.92. Additionally,
it exhibits a strong negative correlation with cluster 1,
where corr(sigy, clust;) = —0.92.

— Segment 3: Displays high positive correlations with
cluster 6, where corr(sigs, clusts) = 0.69, and clus-
ter 7, where corr(sigs, clust;) = 0.59. It also shows
a moderate negative correlation with cluster 2, where
corr(sigs, clusty) = —0.64.

Table 8 provides an analysis of selected constraints for

each cluster, emphasizing their alignment with the corre-
sponding segments.
Explainability Through Segment-to-Cluster Associations One
of the key strengths of our framework lies in its ability to link
changes in control-flow behavior to interpretable clusters of
behavioral signals. Each segment, derived through change
point detection, exhibits a distinct pattern of behavior that
correlates strongly with specific signal clusters.

Segment 1: Rejected Claims Without Objections Seg-
ment 1 shows a strong positive correlation with cluster 1
and strong negative correlations with cluster 3 and clus-
ter 4. Cluster 1 captures behaviors where Reject Claim is the
final activity and no Receive Objection 2 occurs, represent-

@ Springer

ing straightforward rejections without appeals. The negative
correlation with clusters 3 and 4, both of which involve fre-
quent objection handling, reinforces the interpretation that
segment 1 includes cases where the claim is rejected and no
follow-up actions are taken within the typical 14-day win-
dow. Figure 17a confirms that these cases dominate early in
the process.

Segment 2: Emergence of Objections and Follow-ups
Segment 2 exhibits a high positive correlation with cluster 3
and cluster 4, and a strong negative correlation with cluster 1.
This transition highlights a behavioral shift where rejections
increasingly trigger objections. Cluster 3 reflects the fre-
quent presence of Receive Objection 2, typically occurring
after Receive Claim and Reject Claim. Cluster 4 also cen-
ters on Receive Objection 2 and its co-occurrence with other
rejection-related activities. This indicates that segment 2
comprises more complex cases where rejected claims are
actively followed up. The contrast with segment 1 is clearly
visible in Figure 17b.

Segment 3: Complex Behavior and Payments After
Rejection Segment 3 is characterized by high positive cor-
relation with cluster 6 and cluster 7, and a moderate negative
correlation with cluster 2. Cluster 6 captures cases in which
rejected claims ultimately result in payments, an exception to
the normative process model. This likely involves reconsid-
eration or escalation following an objection. Additionally,
cluster 5, which represents unusual uses of Correct Claim
in rejected cases, becomes more apparent in this segment.
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Fig. 16 Comprehensive analysis of the rejected claims in the UWV event log using the proposed framework
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(c) Segment 3 in the rejected cases event log with duration in the range [61,448] days.

Fig. 177 Normative BPMN model highlighted based on the frequency of the transitions in replaying the segments from the rejected event log

experiment

These behaviors suggest potential deviations or exceptional
handling that warrant further investigation.

In summary, each segment reveals a transition in the

nature of claim-handling: from direct rejection (segment 1),
to the emergence of objections (segment 2), and finally
to deviations or reconsidered decisions (segment 3). These
interpretable associations between clusters and segments
illustrate how our framework supports trace-level reasoning
and explainability.
Comparison to the Baseline The heatmap in Fig. 18 illus-
trates the output of the visual concept drift detection method,
which identifies change points based on behavioral signals
computed at the trace level. As with Fig. 15, the presence of
noisy patterns appears to affect the reliability of the detected
change points. While the change points at 15 and 60 days are
consistently identified by both methods, the baseline method
also detects a change point at 44 days that lacks clear sup-
port from visual inspection, suggesting it may be spurious. In
contrast, the change point at 14 days appears more plausible,
and our EMD-based method, shown in Fig. 16a, confirms its
presence when a lower 6., threshold is applied.

Unlike the PELT algorithm, our approach allows for
assessing the relative significance of change points through

the visualization of Idi st function values. Moreover, the abil-
ity to inspect behavioral patterns across different window
sizes provides an additional mechanism to assess their robust-
ness: patterns that fade with larger windows are likely noise,
while persistent ones may indicate true changes. For instance,
the change point identified at 7 days by the baseline method
is considered less significant in our approach. When larger
window sizes are applied, the corresponding behavioral shift
appears less pronounced, though further analysis is needed
to draw firm conclusions.

5.3.3 Case study with UWV (accepted cases)

An additional experiment was conducted using 138,671
accepted cases to gain deeper insights into the relationship
between case duration ranges and specific process variants.
The alignment fitness of the accepted cases with respect to
the normative model is 99.4%, indicating a high level of con-
formance.

The identified segments for the accepted cases are pre-
sented in Fig. 19. As illustrated in Fig. 19a, using w = 2 and
0cp = 0.1, two distinct segments were detected, correspond-
ing to duration periods of [0,69] days and [70,476] days. A
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Fig. 18 Visualization of the visual concept drift detection method applied to the rejected cases of the UWV event log

pairwise comparison of these segments, depicted in Fig. 19c,
reveals significant differences between the two segments.

The normative models highlighted in Fig. 20 reveal the
differences in process behavior between the two segments.
The key distinction between segment 1, illustrated in Fig. 20a,
and segment 2, depicted in Fig. 20b, is the occurrence of the
subprocess involving Receive Objection 1, Withdraw Claim,
Repayment, Block Claim 3, and Unblock Claim 3. This sub-
process is strongly associated with cases that have durations
of 70 days or more.

An overview of the behavioral signals is provided in
Fig. 19b. Gray points in the graph represent constraints with
low-coverage values in specific windows (0¢y = 0.02),
which are assigned a value of zero in the behavioral signals.
Red dashed lines indicate change points identified using the
EMD-based approach.

The correlation between the segments and clusters is illus-
trated in Fig. 19d. Key insights from the heatmap include:

— Segment 1: Exhibits a high positive correlation with clus-
ter 1, where corr(sigy, clust;) = 0.80 and strong nega-
tive correlations with cluster 2, where corr(sigy, clust)
—0.92, cluster 4, where corr(sigi, clusty) = —0.91, and
cluster 3, where corr(sigy, clust3) = —0.67.

Segment 2: Shows high positive correlations with clus-
ter 2, where corr(sigs, clusty) 0.92, cluster 4,
where corr(sigs, clusts) = 0.91, and cluster 3, where

@ Springer

corr(siga, clustz) = 0.67, and a strong negative corre-
lation with cluster 1, where corr(sigs, clust;) = —0.80.

Table 9 reports the calculated score for a selection of

behavioral signals in specific clusters regarding focused seg-
ments.
Explainability Through Segment-to-Cluster Associations The
segmentation of cases based on performance variation yields
meaningful groups of traces that reflect distinct process
behaviors. By analyzing the correlation between these seg-
ments and clusters of behavioral signals, we gain insight into
how specific process dynamics evolve over duration of the
cases. Below, we interpret the identified segments by linking
them to their most influential clusters.

Segment 1: Efficient Payment Completion Segment 1
is characterized by straightforward case handling where pay-
ment execution typically marks the conclusion of the process.
This segment shows a strong positive correlation with clus-
ter 1, which contains cases where claims were resolved
without any post-payment complications. No actions such
as blocking, objections, claim withdrawals, or benefit repay-
ments occur in this group. The negative correlations with
clusters 2, 3, and 4 indicate the absence of complex or excep-
tional behaviors, reinforcing the interpretation that segment 1
reflects efficient and desirable process instances, as shown in
Fig. 20a.

Segment 2: Post-Payment Complications and Rework
Segment 2 exhibits high positive correlations with cluster 2,
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(b) Control flow feature clusters derived from behavioral signals and change-point
detection. The red dashed lines are the change points detected using the EMD-based
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(c) Pairwise comparison of control-flow
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(d) Correlation analysis between identified
segments and behavioral feature clusters.
The heatmap highlights positive and neg-
ative correlations, illustrating how specific
clusters explain segment-level behaviors.

Fig. 19 Comprehensive analysis of the accepted claims in the UWYV event log using the proposed framework
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(a) Segment 1 in the accepted cases event log with duration in the range [0,69] days.
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(b) Segment 2 in the accepted cases event log with duration in the range [70,476] days.

Fig. 20 Normative BPMN model highlighted based on the frequency of the transitions in replaying the segments from the accepted event log

experiment

cluster 4, and cluster 3. These clusters represent com-
plex post-payment behaviors, including objections, claim
withdrawals, and benefit repayments. Specifically, cluster 2
captures cases that deviate significantly from the ideal pay-
ment flow by involving additional steps after initial resolution
(Fig. 20b). Cluster 4, while exhibiting similar behaviors,
shows slightly weaker confidence in its signals, as reflected
in the lighter color intensities in the behavioral heatmap
(Fig. 19b). The negative correlation with cluster 1 further
confirms that segment 2 diverges from the standard, efficient
execution path and instead reflects cases that required rework
or correction after payment.

This alignment between segments and behavioral clusters
provides interpretable, fine-grained explanations for process
variation. Segment 1 can be interpreted as the desirable
process outcome, while segment 2 reflects less ideal cases
requiring additional resources and interventions.
Comparison to the Baseline Figure 21 presents the results
of the visual concept drift detection method. The detected
change points, indicated by vertical red dashed lines, appear
to be heavily influenced by noisy patterns in the behavioral
signals. There is no clear visual correspondence between the
identified change points and the observable patterns in the
heatmap, raising concerns about their validity.

Although several clusters exhibit signs of behavioral
changes in cases with long durations, the PELT method fails
to detect these shifts. In contrast, the visualization generated
by our approach, shown in Fig. 19b, reveals more inter-
pretable and meaningful change points. This discrepancy
likely stems from the influence of low-coverage signals in
the baseline method, which may give rise to misleading or
spurious patterns.

5.3.4 RTFM

Figure 22 presents the visual insights derived using the pro-
posed method. As illustrated in Fig. 22a, multiple changes
in control-flow behavior are consistently observed across all
window sizes. Based on this observation, we set the parame-
ters to w = 2 and 6., = 0.14, which led to the identification
of three significant change points, leading to the genera-
tion of four segments. In Fig. 22b, the output of the change
point detection method is combined with the behavioral sig-
nal view to highlight the clusters of behavioral signals that
contribute to each detected change. Furthermore, Fig. 22c
illustrates the pairwise comparison of the identified seg-
ments. Based on this visualization, the maximum pairwise
distance is observed between segment 1 and segment 4, indi-
cating the highest degree of dissimilarity. In contrast, the
relatively lower distance between segment 3 and segment 4
suggests a higher degree of similarity in their control-flow
behavior.

In this experiment, the number of clusters for the behav-
ioral signals is set to 7, resulting in distinct groups of signals,
each exhibiting patterns associated with the change points
identified by the EMD-based method. Figure 22d illustrates
the correlation between these clusters and the resulting seg-
ments.

— Segment 1: This segment shows a strong negative
correlation with cluster 2, where corr(sigy, clusty) =
—0.96, a relatively high positive correlation with clus-
ter 7, where corr(sigy, clust;) = 0.74, and a mod-
erately high negative correlation with cluster 3, where
corr(sigy, clustz) = —0.69.
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Fig.21 Visualization of the visual concept drift detection method applied to the accepted cases of the UWYV event log

— Segment 2: Although the correlation values for this seg-
ment are generally low across clusters, visual inspection
of the heatmap reveals that cluster 2 begins to emerge
from this segment onward. Additionally, the behavioral
signals in Clusters 1 and 3 show limited coverage and
low confidence in this segment.

— Segment 3: This segment exhibits moderately high nega-
tive correlation with cluster 6, where corr(sigs, clustg) =
—0.61 and amoderate positive correlations with cluster 4,
where corr(sigs, clusty) = 0.66 and cluster 5, where
corr(sigs, clusts)=0.64.

— Segment 4: There is a strong positive correlation between
this segment and the behavioral signals in cluster 1,
where corr(sigs, clust;) = 0.98 and cluster 3, where
corr(siga, clustz) = 0.85, as well as a relatively strong

Segment 1 The first segment comprises cases with dura-
tions between O and 26 days (approximately one month)
and shows a strong positive correlation with cluster 7 and
a negative correlation with cluster 2. A closer examination
reveals that cluster 7 includes constraints such as “Send Fine
must never occur” and “If Create Fine occurs, then Payment
occurs immediately after”, indicating streamlined process-
ing. In contrast, cluster 2 includes constraints like “Create
Fine and Send Fine always occur together” and “Send Fine
occurs at least once”, reflecting more administrative involve-
ment.

Segment 2 The second segment spans durations from 26
to 145 days (roughly one to five months). In this segment,
the behavioral signals in cluster 2 gain high confidence, while
those in cluster 7 decline, suggesting that fines are being sent

negative correlation with cluster 7, where corr(sigs, clust;) =in this period and payments are no longer made immediately.

—0.77.

Focusing on specific segments and clusters, Table 10 high-
lights representative behavioral signals that contribute to
strong positive or negative correlations. In the following, we
provide a summary of key insights derived from the analysis
performed using our framework.

Explainability Through Segment-to-Cluster Associations Ana-
lyzing the relationship between the identified change points
and the clustered behavioral signals, grouped by similar
trends, offers valuable insights into the underlying drivers
of control-flow changes.

@ Springer

This shift highlights a transition toward less efficient or more
delayed processing behavior.

Segment 3 The third segment includes cases with dura-
tions between 145 and 340 days (approximately five months
to one year). Cluster 3 becomes prominent here and continues
to be active in later segments. The correlation analysis indi-
cates a moderate positive relationship with clusters 4 and 5
and a negative correlation with cluster 6. Cluster 3 is char-
acterized by the introduction of the Add Penalty event, while
clusters 5 and 6 capture opposing behaviors around appeal-
related subprocesses. Cluster 5 suggests that appeal activities
occur, whereas cluster 6 implies their absence.
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Segment 4 The fourth segment comprises cases lasting

more than 340 days (over one year). These cases show strong
positive correlation with clusters 3 and 4 and a negative cor-
relation with cluster 7. The negative correlation with cluster 7
reflects the breakdown of immediate payment after fine cre-
ation. Cluster 3 emphasizes the necessity of penalties, and
cluster 1 includes constraints leading to Send for Credit Col-
lection, indicating prolonged or incomplete payments that
escalate to debt collection procedures.
Comparison to the Baseline Figure 23 visualizes the results
obtained using the baseline method. Several of the identi-
fied change points show similarities to those detected by
our proposed approach. For example, change points around
day 20 (versus 26), day 133 (versus 145), and day 424 (versus
340) exhibit considerable alignment. However, some change
points identified by the baseline method—specifically those
around day 57 and day 869—Ilack clear or plausible interpre-
tations based on the observed behavioral signals.

5.3.5 BPIC17

Figure 24a presents the results of applying change point
detection across the case durations using different win-
dow sizes. Across all window sizes, a significant change
point is consistently observed at 29 days, indicating that
cases with durations longer than one month exhibit substan-
tially different control-flow behavior compared to those with
shorter durations. However, this visualization alone does not
offer insights into what specific aspects of the process have
changed. By selecting a window size of w = 2 and a thresh-
old 6., = 0.2, this change point is effectively identified, and
the corresponding behavioral signals are extracted to support
interpretability. Figure 24b displays these behavioral signals,
with the detected change point marked by a dashed red line.
Additionally, Figure 24c illustrates the pairwise compari-
son of the two resulting segments using the earth mover’s
distance, which reveals markedly different control-flow pat-
terns.

To enhance the interpretability of the results and highlight
which subgroups of behavioral signals contribute to changes
in control flow, we applied hierarchical clustering. By select-
ing 8 clusters, we grouped together behavioral signals that
exhibit similar patterns of change. The correlation between
these clusters and the identified segments is visualized in
Fig. 24d.

— Segment 1: This segment exhibits a strong positive cor-
relation with cluster 6, where corr(sigy, clustg) = 0.85
and cluster 8, where corr(sigy, clustg) = 0.81, along
with a moderately high positive correlation with clus-
ter 5, where corr(sigy, clusts) = 0.71. It also shows
a strong negative correlation with cluster 1, where
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corr(sigy, clust;) = —0.88 and a notable negative corre-
lation with cluster 3, where corr(sigy, clust3) = —0.71.

— Segment 2: As only two segments are defined, this seg-
ment demonstrates complementary correlation patterns
to segment 1, with clusters that are positively correlated
in Segment 1 showing negative correlations here, and
vice versa.

Furthermore, Table 11 reports representative behavioral

signals for selected segment-cluster pairs, focusing on those
with the highest score values.
Explainability Through Segment-to-Cluster Associations A
significant change in control-flow behavior is observed
across the duration range of the cases. By combining insights
from the trends in behavioral signals with the EMD-based
change point detection, we can further investigate what spe-
cific characteristics of the control flow have changed and how
these changes manifest.

Segment 1 The behavioral signals in cluster 6 predom-
inantly involve relations between O_Returned and other
activities, suggesting that the subprocess involving this activ-
ity plays a key role in cases with durations shorter than
29 days. Similarly, the signals in cluster 8 exhibit a strong
positive correlation with cases in the first segment. An exam-
ination of the constraints listed in Table 11 reveals that
cancellations are relatively rare in this segment, as evidenced
by the absence of the activity A_Cancelled. In contrast, the
frequent occurrence of activities such as O_Accepted and
A_Pending indicates that these cases are generally accepted
and are eligible to receive a loan.

Segment 2 The strong correlation between cases in the

second segment and clusters 1 and 3 indicates that these cases
frequently involve subprocesses related to the cancellation of
loan offers and loan applications. As shown in Fig. 24b, clus-
ters 1 and 3 exhibit similar behavioral patterns. The primary
distinction is that cluster 3 has higher coverage in the first
segment compared to the second, whereas cluster 1 shows
low coverage overall, as evidenced by the gray areas in the
heatmap. Cluster 3 consists of behavioral signals associated
primarily with cancelled loan offers, while cluster 1 includes
signals related to the cancellation of both loan offers and loan
applications.
Comparison to the Baseline Figure 25 shows the visualiza-
tion produced using the baseline method. While a change
point is correctly identified at 29 days, consistent with the
behavioral signals, two additional change points at 13 and
35 days are also detected, though they do not clearly align
with observable patterns in the visualization. In contrast to
our EMD-based approach, the baseline method does not offer
a straightforward mechanism for assessing the significance
of individual change points or determining which ones are
more meaningful.
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(a) Control flow change detection using the earth mover’s distance framework with
b=100 and different window sizes we€{2,5,10,15}. The color intensity indicates the

magnitude of control-flow changes.
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(c) Pairwise comparison of control-flow
behaviors across the two identified seg-
ments. The earth mover’s distance is
used to measure the dissimilarities be-
tween segments.

0.14. Gray points correspond to low coverage values
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(d) Correlation analysis between identified
segments and behavioral feature clusters.
The heatmap highlights positive and neg-
ative correlations, illustrating how specific
clusters explain segment-level behaviors.

Fig.22 Comprehensive analysis of the RTFM event log using the proposed framework
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Fig. 23 Visualization of the visual concept drift detection method applied to the RTFM event log
Table 11 Top behavioral signals per cluster (sorted by |score|, BPIC17 Event Log)
Seg Cl IS | Behavioral signal description score rank
1 6 85 O_Returned occurs only if preceded by A_Validating 95.3 1
O_Returned occurs only if preceded by O_Create offer with no other O_Returned in between 94.6 3
1 8 29 O_Cancelled must never occur 57.3 1
O_Accepted occurs at least once 52.8 2
A_Pending occurs at least once 52.8 3
2 1 42 A_Cancelled and O_Cancelled always occur together 82.9 1
A_Cancelled occurs if and only if it is followed by O_Cancelled 81.1 2
A_Cancelled occurs only if preceded by O_Create offer with no other A_Cancelled in between 70.6 7
2 3 33 If O_Sent (mail and online) occurs, then O_Cancelled occurs after it 50.4 1
If O_Create offer occurs, then O_Cancelled occurs after it 473 3

6 Conclusion

This paper presents a comprehensive framework to enhance
explainability in process variant analysis, emphasizing the
detection and interpretation of control-flow changes across
continuous performance dimensions. By employing the earth
mover’s distance and a sliding window, the framework accu-
rately identifies change points in control flow, providing a
robust foundation for analyzing performance-based process
variability. Building on this, the proposed explainability-
driven approach allows for a deeper investigation of identified
change points. By encoding control-flow behavior into a fea-
ture space defined by declarative constraints, the framework

@ Springer

correlates variations in feature quality with the identified
change points across the continuous dimension, enabling a
nuanced understanding of process dynamics.

While the framework effectively balances accuracy and
explainability, scalability remains a limitation due to the
computational cost associated with the earth mover’s dis-
tance calculation and the generation and analysis of large
feature sets. Future research could focus on optimizing these
computationally intensive aspects to enhance efficiency and
applicability to larger event logs.

Declarative constraints offer powerful representations
of sophisticated relationships between activities. However,
exploring alternative methods to encode control flow and
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(a) Control flow change detection using the earth mover’s distance framework with
b=100 and different window sizes we{2,5,10,15}. The color intensity indicates the

magnitude of control-flow changes.
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Fig.24 Comprehensive analysis of the BPIC17 event log using the proposed framework
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Fig.25 Visualization of the visual concept drift detection method applied to the BPIC17 event log

integrating them with declarative constraints could yield even
more granular and detailed insights into process behavior.
Additionally, presenting the identified clusters in an inter-
pretable and concise manner poses challenges. Developing
techniques to generate representative samples or summaries
for each cluster can significantly improve usability and clar-
ity.

To further assess the practical value of the framework
and guide future improvements, conducting user studies with
domain experts in real-world settings represents a valuable
direction for future work. Such studies could provide empir-
ical insights into the usability, interpretability, and relevance
of the extracted explanations. Another promising direction is
extending the framework to support multidimensional anal-
ysis. Rather than focusing on a single continuous dimension,
a multidimensional approach could simultaneously account
for multiple performance dimensions, providing a more
comprehensive understanding of performance-based process
variability and dynamics.
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