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Customer journeys frequently differ depending on the context. Customer experiences with a digital service
can be influenced by factors such as location, delivery limitations, or payment methods. Process mining
can reconstruct customer journeys from event logs. However, classical process discovery usually
integrates all observed behavior into a single model, which may obscure context-specific variations. This
study examines whether such variations can be represented more explicitly within a shared process
structure using configurable process mining. A synthetic e-commerce event log was generated for two
regional contexts with distinct shipping and payment policies, comprising 1,600 customer sessions,
approximately 7,500 events, and 13-14 activity types. Using ProM, the Inductive Miner algorithm was
applied to discover a global process model and region-specific process trees, which were then merged
and configured into regional variants. Fitness and precision were used as the main evaluation metrics. In
this controlled setting, the classical model achieved higher fitness (0.9438) but lower precision (0.7129),
while the configured regional models achieved higher precision (0.996) with lower fitness (0.902). These
findings suggest that configurable process mining may be more informative when the objective is to
analyze contextual differences, whereas classical discovery remains useful for a broad understanding of
the process. Real-world validation remains necessary to assess the robustness of the approach on
operational customer journey logs.

Povzetek: Studija kaze, da konfigurabilno procesno rudarjenje bolje prikaze kontekstualne razlike v

uporabniskih poteh, medtem ko klasicni pristop ponuja $irsi pregled procesa.

1 Introduction

Customer Journey Maps (CIMs) are widely used to
analyze how customers interact with digital services
across multiple touchpoints [1]. However, many CJMs are
still built from workshops, expert assumptions, or
aggregated views of customer behavior, which may
obscure the diversity of real customer journeys [2].
Process mining addresses this limitation by reconstructing
process models directly from event logs, allowing
observed customer behavior to be analyzed from data
rather than assumptions [3].

Classical process discovery is useful for obtaining a global
view of customer behavior, but it usually produces a single
aggregated model when logs from multiple contexts are
combined. In customer journey analysis, this can hide
important context-specific differences, such as regional
delivery constraints, payment preferences, or service
configurations. As a result, behaviors that are valid only in
one context may appear together in the same model,
reducing interpretability for context-specific analysis.

Configurable process mining (CPM) offers a way to
represent shared and variable behavior within a common
process structure [4]. Instead of maintaining separate
models for each context or merging all behavior into a
single unrestricted model, CPM allows context-specific
alternatives to be enabled, hidden, or disabled. Although
CPM has been studied in general process variability
settings, its operationalization for customer journey
analysis remains limited.

This study examines whether configurable process mining
can improve the interpretation of customer journey models
when contextual variability is present. A controlled
simulation-based experiment is conducted using a
synthetic e-commerce event log with two regional
contexts and distinct delivery and payment rules. The
objective is to compare classical and configurable process
discovery in terms of fitness, precision, and
interpretability.

This study does not introduce a new configurable process
mining algorithm. Its contribution is methodological and
application-oriented. More specifically, it examines how
existing CPM techniques can be operationalized for
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customer journey analysis when contextual variability is
present. The paper should therefore be understood as a
proof-of-concept study focused on the problem—solution
fit between configurable process mining and customer
journey variability.

The study is guided by the following research questions:

RQ1. Does configurable process mining improve
precision compared with classical process discovery in
context-specific customer journey analysis?

RQ2. What fitness trade-off is introduced when context-
specific configured variants are derived from a shared
configurable process model?

RQ3. Does configurable process mining improve the
interpretability of customer journey models by explicitly
separating shared behavior from context-specific
behavior?

The contributions of this study are fourfold. First, it frames
customer journey variability as an explicit configuration
problem. Second, it operationalizes existing CPM
techniques through a structured workflow including
synthetic event log generation, classical/configurable
discovery, and comparative evaluation. Third, it provides
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a theoretical rationale for the expected precision
improvement of configured variants under behavioral
restriction. Fourth, it provides a proof-of-concept
comparison with classical process discovery in a
controlled e-commerce setting.

The remainder of the paper is organized as follows.
Section 2 discusses related work, Section 3 introduces the
necessary background, Section 4 presents the
methodological setup, Section 5 reports the results, and
Sections 6 and 7 discuss the implications and conclude the
study.

2 Related work

2.1 Comparative analysis summary

The following table presents a comparative analysis of 11
representative papers, highlighting how each addresses
process mining, variability dimensions, and treatment
approaches. This analysis systematically demonstrates the
research gap that our work addresses.

Table 1: Comparative synthesis of related work on process mining, customer journey mapping, and variability handling

Work | PM Method Variability Treatment Dataset / Key Results
Dimension Approach Domain
[5] Literature Customer journey = Review of PM @ Scopus Highlights the potential of
review variability applications for literature =~ PM for CJM and the need for
CIM review integrated approaches
[6] Conceptual /  Touchpoints, service Analysis of ' Customer | Identifies challenges such as
analytical contexts, and end-to- PM-CIM journey /  missing touchpoints, cross-
study end journey = challenges and = service organizational journeys, and
complexity opportunities systems subjective experience capture
[7] Process E-commerce visitor = Cart-state- E- Proposes a structured
discovery journey  variability aware process commerc = methodology to extract and
and cart-state = discovery e visitor understand e-commerce
transitions journeys | visitor journeys using PM
[8] Process Web customer = Discovery-to- Web /' Uses PM to analyze customer
discovery + journey  variability recommendatio @ clickstrea @ journeys and  generate
recommenda and user activity n pipeline m recommendations
tion sequences customer
journeys
[9] Process Web journey behavior = Process Web log Combines PM and
mining + and sequence = discovery, customer | recommender systems for
sequence- variability clustering, and @ journey customer journey
aware recommendatio = data optimization
recommenda n

tion
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[10] Discovery + Rehabilitation Stratified Healthcar = Demonstrates the value of
conformance | variability by clinical = journey e stroke PM for patient-centered
checking and demographic = comparison rehabilitat = journey analysis and

factors ion subgroup comparison

[11] Process Touchpoint, channel, PM-based CJM Customer Bridges process mining and
discovery stage, and experience | construction journey CJM  through event-log-

variability mapping  based journey modeling

[12] Process Variability between = Model Business | Provides a method for
model related process = consolidation /  process merging related  process
merging models merging models models

[13] Configurable =~ Workflow variant = Configurable Workflow = Represents multiple
workflow variability model design / process = workflow variants in one
modeling families configurable model

[14] Survey Business process Review of BPM Synthesizes business process

variability variability literature | variability modeling methods
modeling
approaches

[15] Configurable = Process fragment = Mining Business = Supports configurable
process variability configurable process process design from reusable
fragment fragments design fragments
mining

Table 1 summarizes the main methodological orientations
of prior work and serves as the basis for the analytical
positioning developed in Section 2.2.

2.2 Research gap & positioning

The studies reviewed in Table 1 can be grouped into three
research streams.

The first stream applies process mining to customer
journey or service journey analysis. This includes works
such as [5], [6], [7], [8], [10], and [11]. These studies show
that process mining can support data-driven journey
reconstruction, customer journey mapping, healthcare
journey analysis, and model-based interpretation of
customer behavior. Recent works, particularly [5], [6], [7]
and [10], confirm the growing interest in connecting
process mining with journey analysis. However, these
studies mainly focus on discovery, conformance analysis,
visualization, recommendation, or journey interpretation.
Contextual variability is generally identified, compared,
or used analytically, rather than explicitly encoded within
a unified configurable process structure.

The second stream addresses behavioral heterogeneity
through segmentation, clustering, recommendation, or
variant-oriented analysis. Journey-oriented studies such as
[8], [9], and [10] consider differences between user
sequences, customer paths, or behavioral groups. These

approaches are useful for identifying distinct journey
variants, predicting next touchpoints, or supporting
recommendations. However, variability is usually treated
as an analytical output. Trace clustering separates traces
into groups, while recommendation-oriented approaches
use observed sequences to guide future actions. In both
cases, the relationship between shared behavior and
context-specific alternatives is not represented as part of a
common configurable model.

The third-stream concerns variability-aware process
mining, process model merging, configurable workflow
models, and configurable process fragments. This
includes works such as [12], [13], [14], and [15]. These
contributions provide the conceptual and technical
foundations for representing process variability,
consolidating process models, and designing configurable
process structures. However, their primary focus is
general business process variability, workflow variants, or
process family management. They are not specifically
oriented toward customer journey mapping as an
analytical artifact, nor toward evaluating geographic or
context-specific customer journey variability against
classical process discovery.

The research gap should therefore be understood in a
narrow sense. The issue is not the absence of variability-
aware process mining, clustering, recommendation, or
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variant analysis. Rather, the gap concerns the limited
operationalization of configurable process mining for
customer journey analysis when contextual variability
must be represented within a common reference model.
This study addresses this gap by applying existing CPM
techniques to customer journey mapping and evaluating
whether configured variants can make region-specific
behavior explicit while preserving comparability across
contexts. This differentiates the study from trace
clustering, which separates traces into groups; from
recommendation-oriented approaches, which exploit
observed sequences for future action guidance; and from
general variability-aware process mining, which is not
specifically  oriented toward customer journey
interpretation.

3 Background

3.1 Customer journey maps: formal
foundations and process-oriented
perspective

Customer Journey Maps (CJMs) constitute visual and
analytical representation of customer interactions with a
service system across multiple touchpoints and temporal
stages. From a process perspective, a CIM can be
formalized as a sequence of activities (touchpoints)
ordered by time and context, where each activity
represents a moment of customer-brand interaction. This
process-oriented view aligns naturally with event log
representation in process mining: each customer journey
becomes a trace, and collections of journeys form an event
log recording the observed behavior of the service system
[16].

Key Insight: CIMs exhibit substantial variability across
customer segments, geographic contexts, or service
conditions. This variability representing different journey
paths followed by different customer groups parallels the
concept of process variants in business process
management. Traditional approaches either merge all
variants into a single aggregated model or maintain
separate models for each variant, both approaches having
significant drawbacks in terms of model comprehension
and analytical utility [1], [17].

3.2 Process mining foundations: scalability
and role for macro-level analysis

Process mining comprises three interrelated tasks: process
discovery (automatically extracting process models from
event logs), conformance checking (assessing model
quality against observed behavior), and process
enhancement (refining models based on performance
insights) [18]. In this work, we focus primarily on
discovery and conformance checking.

MacroLevel Effectiveness: Process mining has
demonstrated strong effectiveness for analyzing processes

|.E. Alama et al.

at the macro (global or organizational) level. Classical
process discovery techniques, when applied to aggregated
event logs encompassing all behavioral variants, provide
valuable overviews of overall system behavior and are
particularly effective for identifying global workflow
patterns, system-wide bottlenecks, and enterprise level
process optimization opportunities [2]. Process mining
remains a solid, validated methodology for understanding
aggregate business operations and has been successfully
applied across diverse domains including healthcare,
education, finance, and e-commerce [5], [19], [20].

Complementary Role of Configurable Process Mining:
The role of configurable process mining (CPM), as
presented in this work, is not to replace classical process
mining but to complement it by addressing a specific
analytical need: understanding process behavior at the
context-specific level. While process mining excels at
revealing global patterns, it can mask important context-
dependent variations that are critical for customer
experience optimization, service personalization, and
context-aware decision-making. CPM provides granular,
context-specific models while maintaining the advantages
of classical process mining for macro-level analysis.

3.2.1 Event logs and trace representation

An event log is a collection of execution traces recording
the observed behavior of a process. Formally, let  be a
finite set of activities. An event log is denoted L € B(X*),
where each trace ¢ € £* is a finite sequence of activities.
In the context of CIMs, each trace represents a single
customer journey, and the event log aggregates all
observed journeys within a given time period [18].

3.2.2 Conformance checking: fitness,
precision, and model quality metrics

Process discovery algorithms automatically construct
process models from event logs, aiming to extract the
underlying behavioral patterns [18]. Given an event log L,
a discovery function & maps the log to a process model M:
6L->M

The quality of discovered models is assessed using
conformance checking, which compares expected
behavior described by a reference model to actual
recorded behavior in an event log [21]. Four principal
dimensions assess model quality [21]:

Fitness (or Recall): Measures the degree to which the
model can replay the traces in the event log. High fitness
indicates that the model recognizes and accommodates the
ob-served behavior. Formally, fitness quantifies what
proportion of the observed traces are accepted by the
model without deviations [21]. A fitness value of 1.0
indicates perfect alignment between model and log, while
lower values indicate missing or incorrectly modeled
activities [22].

Precision: Measures the extent to which behavior allowed
by the model corresponds to behavior actually observed in
the event log. Low precision indicates that the model
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permits "too much" behavior beyond what was recorded,
potentially making it an overgeneralized representation
unsuitable for understanding actual customer patterns
[21]. This metric is particularly important for context-
specific analysis: a precise model for a specific customer
segment accurately captures only the behaviors relevant to
that segment, excluding irrelevant paths from other
segments that a global model might permit [18].

Generalization: Measures the model's ability to represent
correct but unseen behavior of the underlying real process.
High generalization indicates that the model is robust and
not overfitted to the training log [21].

Simplicity: Measures the structural complexity of the
process model (number of nodes, edges, branches). More
simple models are preferred as they are easier to
understand and maintain [23].

These metrics are central to model quality assessment and
directly motivate our approach to context-specific
configurability, as they enable quantitative comparison
between classical (global) and configurable (context-
specific) models.

3.3 Configurable process mining:
mathematical framework and
precision improvement

Configurable process models represent a family of related
process variants within a single coherent structure. Rather
than creating separate models for each customer segment
or context, or merging all variants into one large model,
configurable process mining dis-covers structural patterns
common to all variants while explicitly capturing con-
text-specific deviations [15].

3.3.1 Process tree as formal representation

A process tree is a hierarchical, block-structured formal
representation of process control-flow behavior. It
provides a comprehensive alternative to flat, graphical
represen-tations by organizing process logic into a tree
structure where each node represents either a control-flow
operator or an activity.

Formal Definition: A process tree PT is defined
recursively as follows: (1) An activity node a € X is a
process tree; (2) If PT1, PT, ..., PT, are process trees and
op € {—, x, A, V} is a control-flow operator, then op (PT1,
PTy, ..., PT,) is a process tree.

Control-Flow Operators:

e Sequence Operator (—): Activities are executed
in a fixed, deterministic order from left to right.
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e Exclusive Choice (XOR or x): Exactly one of the
child branches is selected at runtime.

o Parallel (AND or A): All child branches execute
concurrently without a fixed order.

e Loop (v): Allows a branch to repeat multiple
times before moving to the next activity.

Process trees are suitable for this study because they
provide a sound, block-structured representation of
process behavior. Their hierarchical structure makes it
possible to identify common fragments and context-
specific branches, which is necessary for merging regional
models and deriving configured variants.

3.3.2 Theoretical rationale for precision
improvement

Configured process models are expected to improve
precision because they restrict the behavior allowed by the
global model to the behavior relevant to a given context.
In a global model discovered from an aggregated event
log, alternatives from different contexts may be combined.
As a result, the model may allow paths that are valid
globally but not valid for a specific region or customer
segment.

In contrast, a configured model removes or hides context-
irrelevant branches. If this restriction does not remove
behavior that is actually observed in the corresponding
context-specific log, the model preserves coverage while
reducing the space of allowed behavior. Under this
condition, precision is expected to be non-decreasing.

This principle can be summarized as follows:

Proposition 1. Non-decreasing precision under behavioral
restriction.

For a given context-specific event log, if the configured
model restricts the behavior allowed by the global model
while still covering the observed traces of that context,
then the precision of the configured model is greater than
or equal to the precision of the global model for that
context.

This proposition provides the theoretical rationale for the
precision improvement observed in the experiments. It is
not specific to the synthetic dataset and applies to
synthetic or real event logs, provided that the stated
assumptions are satisfied. The detailed formalization and
proof are provided in Appendix A.
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4 Materials and methods

This section presents the data, tools, and methodological
choices adopted in this study. The research follows a
simulation-based experimental design, which enables
controlled comparison between classical and configurable
process mining under known business rules. The design is
aligned with the research questions stated in Section 1:
RQL1 is evaluated through precision, RQ2 through fitness,
and RQ3 through qualitative analysis of model structure,
context discrimination, and interpretability.

4.1 Research design

The study adopts a controlled simulation-based
methodology focused on one contextual dimension:
geographic region. This choice allows the underlying
process, regional rules, and expected variants to be known
in advance. It also ensures that both classical and
configurable process mining are evaluated on the same
event log under identical conditions.

The methodology consists of four steps. First, a customer
journey process is defined with common activities and
region-specific business rules. Second, a synthetic event
log is generated through stochastic simulation, including
temporal dynamics, regional variability, and controlled
noise. Third, classical process discovery and configurable
process mining are applied to the same log using the
Inductive Miner algorithm. Fourth, the resulting models
are compared in terms of fitness, precision,
interpretability, context discrimination, and structural
simplicity.

4.2 Synthetic event log generation

A synthetic e-commerce clickstream event log was
generated to support controlled feasibility evaluation. The
dataset contains 1,600 customer sessions, with 800
sessions per region, collected over 31 days. It includes
approximately 7,500 events and 13-14 activity types.

The event log was generated according to the simplified
simulation model shown in Figure 1. The model captures
the main stages of the customer journey, including arrival,
exploration, cart and checkout, shipping, payment, coupon
use, and final outcome. It also summarizes the main
simulation parameters, including Poisson-based arrivals,
bounded loops during exploration and coupon use, region-
specific shipping and payment rules, confirmation
probabilities, abandonment points, and controlled noise.

For readability, Figure 1 reports only the main parameters.
The complete Python script, including all branching
probabilities, temporal parameters, region-specific rules,
and noise settings, is provided as supplementary material
to support replication. The generated CSV event logs are
also provided, and the process mining experiments can be
reproduced in ProM by applying the Inductive Miner with
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the same settings and by following the classical and
configurable discovery pipelines described in Section 4.3.

Noise
missing=.03, duplicate=.01
jitter=+/-15s

-
Arrival
Poisson: 2.2/h
800 cases/region

Cart & Checkout

{,_,

Shipping
R1 5td=1.0 / R2 Exp=1.0

l

Payment
R1 Online=.92 / R2
Cash-.88

l

Coupon
p=.16/.12, loop max=2

I

Outcome
confirm=.90/.86

|

‘ Confirmed or End

T EY | 2

Abandonment points

Figure 1: Simplified simulation model for synthetic event
log generation.

The simulation parameters were selected to approximate
common properties of digital interaction logs while
preserving experimental control. Poisson-based arrivals
were used because Poisson models are commonly applied
to web browsing session arrivals [24]. Lognormal
interevent times were adopted because human interaction
delays are often skewed and heavy-tailed, and have been
studied using lognormal assumptions [25]. The injected
noise reflects well-known event-log quality issues in
process mining, including missing events, duplicated
events, and timestamp imperfections [26], [27]. These
parameters are therefore intended to define a realistic
controlled scenario rather than to reproduce a specific
operational platform.

4.3  Experimental workflow and tool
support

Figure 2 summarizes the workflow used in this study. The

workflow starts from a synthetic event log and applies two

analysis pipelines (classical and configurable). The results
are compared at the end.
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Figure 2: Workflow of classical and configurable process
mining discovery.

Classical Pipeline. The Inductive Miner algorithm is
applied to the complete event log without regional
stratification, producing a single global process tree
Mg,0p. Fitness and precision are then computed on the full

log Ly, as defined in Section 3.2.2.

Configurable Pipeline. The event log is partitioned by
region into L;and L,. Inductive Miner is applied
separately to each regional log to obtain process trees
T,and T,. These trees are merged in ProM into a
configurable process tree My,r, from which region-
specific variants are instantiated. Fitness and precision are
computed for each configured variant.

Configuration logic. The configuration procedure was
applied as follows:

Step 1 — Merge regional process trees: The process trees
discovered for Region_1 and Region_2 were merged into
a single configurable process tree.

Step 2 — Preserve shared behavior: Activities and
control-flow structures common to both regional trees
were retained as non-configurable elements.

Step 3 — ldentify configuration points: Structural
divergences between the regional trees were marked as
configuration points, especially when an activity or branch
appeared in one region but was absent or invalid in the
other.

Step 4 — Resolve regional alternatives: For each regional
variant, valid branches were enabled, while invalid region-
specific branches were hidden or disabled.

Step 5 — Instantiate configured variants: The final
regional variants preserved the shared customer journey
structure while restricting behavior not valid for the
selected region.

The Inductive Miner was applied with a noise threshold of
20%. The same threshold was used for both the classical
and configurable discovery pipelines to ensure a fair
comparison between the two approaches. This threshold
was selected to filter infrequent behavior and controlled
noise while preserving the main customer journey
structure and region-specific behavioral differences. This
choice is consistent with process mining literature, where
infrequent behavior filtering is used to reduce the
influence of noise and improve the readability of
discovered models [4], [28]. Region A, split into two parts
The objective was not to maximize the inclusion of all rare
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traces, but to obtain sound and interpretable block-
structured models suitable for comparing classical and
configurable discovery.

4.4 Evaluation: fitness and precision focus

The two approaches were evaluated using quantitative and
qualitative criteria. Fitness and precision were used as the
main quantitative metrics. Fitness evaluates the extent to
which the model can reproduce the traces observed in the
event log, while precision evaluates whether the model
avoids allowing behavior not observed in the log.

Interpretability, context discrimination, generalization,
and simplicity were assessed qualitatively. These criteria
were used to compare the ability of the classical and
configurable approaches to represent shared behavior,
context-specific  alternatives, and region-dependent
customer journey patterns.

5 Results

This section reports the results obtained from the
application of classical and configurable process mining
to the synthetic event log. The results follow the
experimental workflow presented in Figure 2, starting
with the global model discovered through classical
process mining and continuing with the configurable
models and their associated evaluation metrics.

5.1 Classical discovery: global model

Figure 3 shows the global process model obtained through
classical process mining and visualized using an Inductive
Visual Miner representation. This representation
emphasizes customer journey states and transitions,
providing a compact view of the overall control-flow
structure.

Figure 3. Global process model discovered from the
combined event log using the Inductive Visual Miner. The
model provides an aggregated view of customer behavior
across both regions; context-specific variability is
embedded in the same structure rather than shown
separately.

In this visualization, the green circle represents the start of
the process, while the red circle marks the end. The model
shows a coherent sequence of customer interactions, from
the initial access to the completion of an order. By
aggregating all observed executions into a single process
model, it captures the dominant behavioral structure
derived from the event log. From an analytical
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perspective, the Inductive Visual Miner provides a global
view of the discovered process. Behavioral variability is
therefore embedded within a unified structure and is not
explicitly distinguished according to context.

5.2  Process tree for each event log (Region
A and Region B)

In this step, the global synthetic event log is split into event
logs per region, and process discovery using the Inductive
Miner is applied independently to each log to obtain one
process tree per region. At this stage, no comparison
between regions is made, as the objective is solely to
generate intermediate process tree models. Figures 4 and
5 present the process trees obtained for each region, which
will be used as inputs for the subsequent process tree
merging step.

ssssssssss

Figure 4. Process tree discovered for Region A. split into
two parts for readability. The model represents the
control-flow behavior observed in the Region A event log
and is used as input for the subsequent merging step.
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Figure 5. Process tree discovered for Region B. split
into two parts for readability. The model represents the
control-flow behavior observed in the Region B event log
and is used as input for the subsequent merging step.

Figures 4 and 5 illustrate the process trees obtained for
Region A and Region B. In these trees, leaf nodes
correspond to activities, while internal nodes represent
control-flow operators that structure the execution logic,
such as sequence and branching. The black arrow denotes
the sequence operator, indicating that the connected
activities are executed in a fixed order from left to right.
In addition, the X node denotes an exclusive choice
(XORY): at runtime, exactly one of its children branches is
selected, meaning that the alternative behaviors connected
to this operator are mutually exclusive (only one path can
occur per case). This hierarchical, block-structured
representation ensures that each subtree forms a well-
defined fragment of the process. At this stage, no
comparison between regional variants is performed; the
process trees are used solely as formal representations of
region-specific control-flow behavior and as inputs for the
subsequent process tree merging step.

5.3 Merge of process

In this step, the process trees obtained for each region in
the previous section are merged using a process tree
merging plugin in ProM. The purpose of this operation is
to construct a single configurable process tree that
integrates the regional models into a unified structure prior
to configuration, as illustrated in Figure 6.

To improve readability, the merged tree should be
interpreted by focusing on the configurable nodes. These
nodes indicate the points where the regional variants
differ, mainly in delivery and payment choices.
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Figure 6. Merged configurable process tree obtained by
integrating the regional process trees before configuration.
Configurable nodes indicate variation points where
region-specific behavior can be enabled, hidden, or
blocked. These variation points mainly concern delivery
and payment alternatives.

Figure 6 presents the merged configurable process tree
obtained by integrating the regional process trees into a
unified structure. Leaf nodes correspond to observable
activities, while internal nodes represent control-flow
operators such as sequence and XOR. The configurable
nodes indicate the main variation points between regions,
especially delivery and payment alternatives. At this stage,
no regional configuration is applied; the merged tree
defines the configuration space from which region-
specific variants are later derived.

5.4 Configuration results

The configurable process model is instantiated for each
region using the Exhaustive Configurable Process Tree
Configuration plugin in ProM. In the remainder of the
paper, the term “configured variant” refers to the context-
specific process model derived from the configurable
process tree for a given region. This plugin evaluates the
configurable process tree against a context-specific event
log and determines, for each configurable node, whether it
is enabled (E) or hidden (H) in the corresponding
configured variant. The configuration outputs are reported
in Figures 7 and 8 for Region A and Region B,
respectively.

In Figures 7 and 8, the most important information is the
configuration state of each node. Enabled nodes remain
visible in the configured variant, whereas hidden nodes are
replaced by silent transitions.

|Couf01mance 0.912

fitness 0.902 |90 %

_ . precision 0.996 10 %

quality metrics —

generalization 0,788 |0 %

simplicity 0.935 0 %
Number of configurations 15

Select Online Payment E

Select Express Shipping H

Add to Cart E

Select Cash on Delivery H
Configured nodes

Search E

tau B

Select Standard Shipping E

Xor(tau, Search) E

Figure 7: Configuration output for Region A. The table
reports quality metrics and the configuration state of each
configurable node, where E indicates an enabled activity
and H indicates a hidden activity.
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|Conf01‘mance 0.912

fitness 0.902 |90 %

. . precision 0.998 |10 %

quality metrics —

generalization 0.816 |0 %

simplicity 0.967 |0 %
|Numbe1' of configurations 15

Select Online Payment H

Select Express Shipping E

Add to Cart E

Select Cash on Delivery E
Configured nodes

Search E

tau B

Select Standard Shipping H

Xor(tau, Search) E S

Figure 8: Configuration output for Region B. The table
reports quality metrics and the configuration state of each
configurable node, where E indicates an enabled activity
and H indicates a hidden activity.

The configurable process model is instantiated for each
region using the Exhaustive Configurable Process Tree
Configuration plugin in ProM. This algorithm applies
configuration semantics to a configurable process tree by
resolving each configurable element through selection or
hiding of branches [15]. Hiding replaces the
corresponding activity/branch with a silent (t) node,
meaning that the behavior can be traversed without
producing an observable event in the log. Each configured
process tree represents a restricted behavioral subset of the
original configurable model, obtained according to the
selected context.

Figures 7 and 8 report the configuration outputs for
Region A and Region B. Each table shows the quality
metrics and the state assigned to each configurable node.
Enabled nodes remain visible in the configured variant,
while hidden nodes are replaced by silent t-transitions.
The results reflect the expected regional constraints:
Region A retains Standard Shipping and hides Express
Shipping, whereas Region B retains Express Shipping and
hides Standard Shipping. Payment-related nodes may
appear more than once because the same activity label can
belong to different XOR contexts in the merged tree; this
does not imply repeated execution within the same trace.

In addition to these configuration tables, the algorithm
produces context-specific derived process variants, which
represent the concrete configured behavior for each
region. These variants are presented in Figures 9 and 10.
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Figure 9: Derived process variant for Region A visualized
using the Inductive Visual Miner.

J

Figure 10: Derived process variant for Region B
visualized using the Inductive Visual Miner.

Figures 9 and 10 present the derived process variants
obtained after configuration for Region A and Region B,
respectively, using an Inductive Visual Miner
visualization. This representation highlights the sequence
of activities that constitute the customer journey after
applying the region-specific configuration.

The derived model for Region A retains Select Standard
Delivery, while Select Express Delivery is removed;
conversely, Region B retains Select Express Delivery and
removes Select Standard Delivery. Hence, the two
variants mainly differ at the level of the configurable
activities, while the remaining structure stays unchanged,
illustrating how configuration activates/deactivates
branches to obtain context-specific variants.

In both variants, some payment activities may appear
duplicated (e.g., Select Online Payment or Select Cash on
Delivery). This duplication is a merge/configuration
artifact caused by the fact that the same payment label can
occur in different alternative subtrees (XOR scenarios) of
the merged configurable process tree. It does not mean that
payment is executed twice; it reflects two possible
contexts. For readability, the duplicate can be
removed/merged in the visualization without affecting
correctness.

5.5 Quantitative comparison: fitness and
precision

Table 2 presents the quantitative metrics (fitness and
precision) computed for both approaches evaluated on
region-specific logs. These metrics are defined formally in
Section 3.2.2 and provide primary evidence for comparing
the modeling efficacy of the two approaches.
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Table 2: Quantitative comparison of fitness and precision

metrics.

Criterion Classical Configurable
Approach | Approach

Fitness 0.9438 0.902

Precision 0.7129 0.996

Variability Variability | Variability is

representation is implicit | explicitly
and modeled and
embedded | resolved through
in a single | configuration.
global
model.

Evaluation Basis Full Region-specific
combined logs: L_regionA
log (L_all): | & L_regionB
1,600 (800  sessions
sessions, each)

7,500
events

Interpretation of the fitness—precision trade-off.

The results indicate a trade-off between behavioral
coverage and model specificity. The classical approach
achieves higher fitness (0.9438), which indicates that it
can replay most traces in the combined event log. This is
expected because the model is discovered from the
aggregated log and is therefore designed to cover behavior
observed across both regions. However, this broader
coverage reduces precision (0.7129), since the model also
allows behavioral combinations that are not valid within a
specific regional context.

In contrast, the configurable approach achieves higher
precision (0.996) with a moderate decrease in fitness
(0.902). This improvement in precision is explained by the
configuration step, which hides or disables region-
irrelevant branches. As a result, each configured variant
permits a narrower set of behaviors that better matches the
corresponding regional log. The slight loss in fitness
reflects the more restrictive nature of the configured
models, which may no longer replay some noisy,
infrequent, or borderline traces accepted by the global
model.

This trade-off supports the use of classical discovery for
global process understanding and configurable process
mining  for  context-sensitive  analysis,  where
interpretability and specificity are more important.

5.6 Model structure and interpretability
observations

Beyond the quantitative metrics in Table 2, the discovered
models show clear structural differences. The classical
model integrates all activities from both regions into a
single control-flow structure. As a result, region-specific
alternatives such as Standard Shipping, Express Shipping,
Online Payment, and Cash-on-Delivery appear together in
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the same model, which may allow behavioral
combinations that are not valid within a specific region.

By contrast, the configured variants reduce this ambiguity
by removing or hiding region-irrelevant branches. The
Region A variant excludes Express Shipping, while the
Region B’((( variant excludes Standard Shipping. This
makes the configured models structurally clearer and
easier to interpret as region-specific customer journey
representations.

5.7 Comparative evaluation of analytical
criteria

In addition to fitness and precision, Table 3 compares both

approaches using qualitative criteria related to variability

representation, interpretability, context discrimination,

and analytical use case.

Analytical Classical Configurable
Criterion Approach Approach
Variability Implicit in one | Explicit through
Representation | global model configuration

points
Model Medium; Higher; one
Interpretability | multiple configured variant
alternatives per context
mixed

Context Limited; High; direct
Discrimination requires post-hoc | context-specific
Capability analysis analysis.

Optimal Macro-level Context-

Use Case overview and | specific optimization
audit. and regional analysis

Table 3: Qualitative comparison of analytical criteria for
classical and configurable process mining approaches.

The evaluation presented in Tables 2 and 3 confirms that
the two approaches address different analytical objectives.
The classical approach prioritizes behavioral coverage and
is suitable for obtaining a global view of the process.
However, its broader structure may reduce precision and
make context-specific behavior harder to interpret. The
configurable approach prioritizes context-specific clarity
by removing or hiding irrelevant branches, which
improves precision and interpretability.

Generalization and simplicity were also considered
qualitatively.  Generalization was not measured
quantitatively in this proof-of-concept study because it
requires validation on independent event logs. At the
qualitative level, the classical model may provide broader
macro-level generalization because it includes behavior
from both regions. However, this broader scope may also
lead to overgeneralization by allowing activity
combinations that are not valid in a specific context.

The configured variants are more specialized. They are
designed to represent behavior within a specific context
rather than to generalize across all contexts. Their
generalization should therefore be assessed in future work
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using unseen logs from the same region or customer
segment. Regarding simplicity, the configured variants are
structurally clearer because configuration removes
context-irrelevant branches. This reduces the number of
alternatives to inspect and improves readability for
analysts and non-expert stakeholders.

6 Discussion

6.1 Added value of configurable process
mining compared to classical discovery

Classical process discovery produces a single global
model when event logs from multiple contexts are
combined. Although this correctly captures the overall
control-flow structure, it implicitly merges behaviors from
different regions, causing context-dependent alternatives
(e.g., delivery methods, payment options) to appear
together even when they never cooccur in reality. This
limits the granularity needed for analyzing context-
specific process behavior.

Configurable process mining addresses this by explicitly
separating shared behavior from context-dependent
behavior. Configuration points are inserted at divergence
points, allowing region-specific variants that reflect only
the behavior present in each context. This prevents the
artificial combination of mutually exclusive behavioral
paths and yields clearer, more interpretable models.

6.2 Comparative analysis of classical and
configurable approaches

The gquantitative comparison in Table 2 shows a clear
fitness—precision trade-off. The classical model achieves
higher fitness (0.9438) because it is discovered from the
aggregated log and covers a broader range of regional
behaviors. However, this broader coverage reduces
precision (0.7129), since the model may allow
combinations that are not valid in a specific regional
context.

The configurable approach shows the opposite pattern,
with higher precision (0.996) and lower fitness (0.902).
This is consistent with process mining evaluation
principles: more restrictive models may improve precision
by limiting allowed behavior, but they can lose some
fitness when fewer traces can be replayed. In this study,
the configuration step removes context-irrelevant
branches, such as region-specific delivery or payment
alternatives.

Compared with the works summarized in Table 1, the
added value of the proposed approach is the explicit
modeling of context-specific variability within a shared
process structure. Table 3 further shows that this improves
interpretability and context discrimination. The classical
approach remains suitable for macro-level process
understanding, while the configurable approach is more
suitable for context-aware analysis.
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6.3 Implications for customer analytics

and context-aware recommendation
systems

Configurable process mining opens a promising research
direction for context-aware recommendation systems. A
configured customer journey variant can represent valid
behavior for a given context, such as a region, customer
segment, or service configuration. In a future
recommendation pipeline, the customer context could first
be used to select the corresponding configured variant.
The active customer trace could then be compared with
valid paths in that variant to identify suitable next actions
or next touchpoints.

For example, if a Region A customer reaches checkout,
recommendations could be generated using behavior
consistent with Region A constraints, such as standard
shipping and online payment. This avoids recommending
actions that are inconsistent with the customer’s current
context and supports more context-aware journey
guidance. The implementation and evaluation of such a
recommendation pipeline is planned as part of future
work.

6.4 Implications and limitations

The exclusive use of synthetic event logs is a major
limitation of this study. Synthetic data enabled controlled
experimentation because the underlying process,
contextual rules, and expected variants were known in
advance. However, this restricts external validity, since
real customer journey logs may contain weaker contextual
separation, overlapping behaviors, incomplete sessions,
rare variants, and unexpected deviations.

Real event logs may also include bot-generated sessions,
web crawlers, repeated page refreshes, network-related
loops, duplicated events, timestamp inconsistencies, and
technical events that do not correspond to meaningful
customer behavior. Future validation on operational logs
will therefore require preprocessing to remove technical
noise, artificial loops, bot activity, incomplete traces, and
duplicated events before process discovery.

Consequently, the results should be interpreted as proof-
of-concept evidence rather than definitive operational
validation. Future work will test the approach on real
customer journey logs, additional contextual dimensions,
alternative discovery algorithms, different configuration
strategies, and larger-scale datasets.

7 Conclusions

This study examined the contribution of configurable
process mining to customer journey analysis in the
presence of contextual variability. The results indicate that
configurable process mining can distinguish shared
journey behavior from context-specific behavior while
preserving a common process structure. In the simulated
e-commerce setting, regional differences related to
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delivery and payment options were explicitly represented
through configured variants.

The comparison with classical process discovery
highlights a clear fitness—precision trade-off. The classical
model achieved higher fitness (0.9438), confirming its
suitability for macro-level process understanding.
However, the configured variants achieved substantially
higher precision (0.996), showing their ability to reduce
overgeneralization and avoid artificial combinations of
mutually exclusive regional paths. These results suggest
that configurable process mining is particularly useful
when the objective is to analyze context-specific behavior
and improve interpretability.

The study is limited by the exclusive use of synthetic event
logs. Although this choice enabled controlled
experimentation and access to known process rules, it
restricts the generalizability of the findings. Real customer
journey logs may contain additional sources of
complexity, including web crawlers, bot-generated
sessions, repeated page refreshes, network-related loops,
duplicated events, incomplete traces, and timestamp
inconsistencies.

Future work will validate the proposed approach using
real customer journey event logs from e-commerce or
digital service platforms. This validation will require a
preprocessing phase to remove technical noise, artificial
loops, bot activity, incomplete traces, and duplicated
events before applying process discovery.

Further experiments will assess whether the precision
advantage observed in the synthetic experiment is
preserved on real logs and whether the assumptions of
Proposition 1 hold under operational conditions. Future
work will also include statistical validation, noise
sensitivity analysis, quantitative simplicity measures, and
robustness tests using alternative discovery algorithms,
different configuration strategies, and larger-scale
datasets. The analysis will also be extended beyond
geographic region by considering additional contextual
dimensions, such as customer segment, device type,
product category, seasonality, marketing campaign
exposure, and service availability.

7.1 Appendix
Appendix A. Formal statement and proof of Proposition 1

Let X denote the finite set of activities. Let L;be a context-
specific event log and L,, = WJ;L;the aggregated log.
Classical discovery produces a global model M,, =
&(L,,). Configurable discovery produces a configurable
model Mc,,r, from which a context-specific model

Meongi = C(Meong, c;) is derived.

For a given context i, assume that:
H1. Mg,pcovers the context-specific log L.
H2. M, irestricts the behavior allowed by My, i.e.,
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L(Mconf,i) c L(Mglob)-
H3. M, ;cOVers the context-specific log L;.

Under these assumptions, the configured model allows a
smaller behavioral space while preserving the observed
behavior of L;. Since precision measures the degree to
which the behavior allowed by the model corresponds to
the behavior observed in the log, reducing the allowed
behavior while preserving coverage leads to non-
decreasing precision. Therefore:

precision(Mcony i, L;) = precision(Mgop, L;)
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