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ABSTRACT

Process mining analyzes process execution data to derive insights that support operational process improve-
ment. However, event logs often suffer from poor data quality, typically resulting from process deficiencies,
which can lead to inaccurate or misleading insights. To mitigate this risk, domain experts and process
analysts engage in data validation during event data preparation to assess whether an event log is fit for
its intended analytical purpose. Yet, current practices often fail to sufficiently align event logs with their
analytical objectives, commonly formalized as analysis questions. This misalignment impedes the detection
of data quality issues, which frequently vary across application domains and analytical contexts. Generative
artificial intelligence offers promising capabilities in this regard, including adaptability to diverse contexts,
the ability to interpret complex data, and the generation of context-aware recommendations. To leverage this
potential, we adopt the Design Science Research paradigm to iteratively develop Artificial Intelligence-Assisted
Data Validation For Domain Experts (AID4DE) that integrates domain knowledge — rooted in experts’ practical
engagement with operational processes — with generative artificial intelligence support to facilitate interaction
with complex event log data. We instantiate AID4DE as an open-source software prototype and evaluate it
through a three-phase approach: a competing artifact analysis, 14 semi-structured expert interviews, and a
user study involving 18 information systems researchers. Our results show that AID4DE is both applicable and
effective in supporting domain experts in data validation, enabling the systematic externalization of domain
knowledge and rigorous assessment of event log’s fitness for purpose.

1. Introduction

The quality of input data, particularly event logs, critically affects
the validity and usefulness of PM insights [4-6]. Event logs often con-

Effective business processes are fundamental to organizational oper-
ations, as they determine how value is created [1,2]. The field of Busi-
ness Process Management (BPM) provides methods, techniques, and
tools to model, analyze, automate, and monitor these processes [1-3].
Within this context, Process Mining (PM) has emerged as a data-driven
approach that extracts insights from event logs generated by informa-
tion systems (IS) [1,3]. Unlike model-centric BPM, PM offers empiri-
cal evidence of actual process executions, supporting decision-making
based on observed behavior [3,4].

tain irrelevant, imprecise, or missing data due to limitations in logging
practices [7]. Using low-quality logs can distort analysis and lead to in-
correct conclusions [5-9]. Consequently, event data preparation, which
identifies and corrects such issues, is essential but resource-intensive,
often accounting for up to 80% of PM project effort [5,6,10,11]. This
effort varies across domains and depends on analytical objectives,
frequently requiring context-sensitive approaches, stakeholder consul-
tation, and manual data manipulation [5,8,11-13]. To reduce this
burden, methods based on Artificial Intelligence (AI) are increasingly
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applied to detect and correct data quality issues adaptively, leveraging
data-driven learning mechanisms that surpass traditional rule-based
techniques [14,15].

Data validation is the final step of event data preparation and is
typically performed collaboratively by process analysts and domain
experts. This collaboration mitigates the risk of data quality issues
compromising PM outcomes by enabling a more context-aware evalu-
ation of data quality [5,9,16,17]. Analysts contribute expertise in data
preparation and PM tools [18,19], while domain experts provide prac-
tical knowledge of process execution that extends beyond the recorded
data [8,20,21]. Together, they ensure that event logs reflect real-world
processes and identify areas requiring further refinement [9,16].

Despite its importance, data validation in PM remains underex-
plored [19]. Logs can be assessed along two dimensions: fitness for PM
and fitness for purpose. The former evaluates technical and structural
suitability for analysis [22,23], while the latter assesses alignment
with analytical objectives and relevant process aspects [8]. Existing
approaches predominantly focus on fitness for PM, leaving fitness
for purpose challenging due to difficulties in translating tacit domain
knowledge into actionable assessments and bridging communication
gaps between domain experts and analysts [18,19,24]. Several methods
support expert interaction with event logs [25-27], and others detect
and correct log issues [28], often leveraging Al [29]. However, system-
atic evaluations of log alignment with project objectives, formalized
as analysis questions (AQs), are still lacking [5,13,30]. As a result,
undetected data quality issues can compromise PM outcomes [5,10,
11,28,31]. This study therefore focuses on fitness for purpose, aiming
to enable domain experts to evaluate event logs against analytical
objectives and improve the reliability and relevance of PM analyses.

To support this evaluation, we propose leveraging Generative Al
(GenAl), which can interpret complex patterns, generate comprehensi-
ble representations, and provide context-aware recommendations [32].
Our research question (RQ) is: How can GenAlI support domain experts in
validating the fitness for purpose of event logs for PM?

We adopt the Design Science Research (DSR) paradigm [33]
and conceptualize Al-Assisted Data Validation For Domain Experts
(AID4DE), a system designed to support domain experts in aligning
event logs with their intended analytical purpose. AID4DE integrates
visual and textual representations of event log characteristics, enables
interactive engagement, and offers context-sensitive guidance. Its ob-
jective is to improve data quality by enabling the identification of
discrepancies between the event log and the underlying AQ, serving
as a first step toward their resolution. The system is instantiated as
an open-source prototype and evaluated following the Framework for
Evaluation in Design Science (FEDS) [34]. Evaluation comprises three
stages: (1) benchmarking and refinement of the design specification
through seven semi-structured interviews with domain experts in the
PM field, (2) assessment of the conceptual model via seven additional
expert interviews, and (3) a simulated data validation session with 18
IS researchers.

This paper makes two primary contributions. First, it introduces an
artifact supporting assessment of event log’s fitness for purpose — an
underexplored aspect of PM data validation. Second, it facilitates the
externalization of tacit domain knowledge, improving data quality and
supporting subsequent PM analyses. To our knowledge, this is the first
approach combining domain expertise with GenAlI for this purpose.

The remainder of the paper is organized as follows. Section 2
reviews relevant literature. Section 3 outlines the research approach.
Section 4 presents AID4DE, followed by Section 5, which reports its
evaluation. Section 6 discusses implications, and Section 7 concludes
the paper.

2. Background and related work
2.1. Background

PM encompasses a set of data-driven analysis techniques that sup-
port BPM by leveraging event logs to gain insights into the actual

Information Systems 140 (2026) 102715

execution of business processes [1,3,4,35]. PM projects typically follow
a lifecycle, such as the PM? methodology proposed by van Eck et al.
[35], which begins with planning and data extraction. In this initial
phase, the project scope is defined, an AQ is formulated, and relevant
event data is extracted from source systems [10,35,36]. Subsequently,
projects iterate through event data preparation, mining and analysis,
and result evaluation [35]. These iterations apply PM techniques to
address the AQ, for example by discovering process models, assess-
ing conformance, or identifying improvement opportunities through
advanced analytics [35]. Once the AQ is sufficiently addressed, find-
ings are consolidated to support implementation, enable continuous
monitoring, and inform evidence-based decision-making [3,35].

During the planning stage, the processes to be analyzed are iden-
tified, and an AQ is formulated in alignment with the overarching
objectives of the PM project [35]. Typical motivations include improv-
ing process performance or verifying compliance with organizational
rules [35,37]. AQs may be descriptive, comparative, explanatory, or
suggestive and can focus on various process dimensions, such as qual-
ity, time, or cost [35,38]. As a critical input for subsequent stages, AQs
guide both the extraction of relevant event data and the selection of
suitable mining and analysis techniques [35-38]. Defining a clear and
feasible AQ is therefore essential for effective event data preparation
and analysis.

Before PM techniques can be applied, raw event data must be trans-
formed into an event log representing process executions as ordered
sequences of events [4,7]. Each event refers to a specific activity and
is associated with a case, i.e., an instance of the process [4,7]. Event
logs are commonly stored in the case-centric eXtensible Event Stream
(XES) format [39,40], which requires (1) a case identifier (ID), (2)
an activity reference, and (3) a temporal ordering of events, typically
based on timestamps [39]. In addition to these core components, event
logs may include contextual attributes, such as the resource executing
an activity, which enhance log richness and support multi-perspective
analysis [39]. As an alternative, the Object-Centric Event Log (OCEL)
format captures interactions between events and multiple objects, en-
abling more flexible representations without relying on a predefined
case notion [41,42].

Beyond structural correctness, event logs must also be of sufficient
quality, as analytical outcomes are directly influenced by the reliability
of the underlying data [4-6,10,43]. Poor data quality can compromise
PM insights, as emphasized by the ‘“garbage in, garbage out” principle.
Accordingly, event data preparation aims to transform raw data into
event logs of sufficient quality that are both structurally sound and
appropriate for addressing the defined AQ [5,10,35,39]. The first di-
mension, fitness for PM, captures the extent to which an event log fulfills
the structural prerequisites required by PM algorithms [5,22,39]. The
second, fitness for purpose, concerns the degree to which an event log
accurately reflects relevant aspects of the underlying business processes
and supports the analytical objectives formalized as an AQ [5,8,13,30].

Ensuring that event logs are both fit for PM and fit for purpose
requires a range of tasks during event data preparation, typically
executed by data engineers and process analysts. Data engineers are
responsible for extracting event data from source systems and ensuring
technical completeness, while process analysts guide preparation and
perform subsequent analysis using PM techniques [1]. Common tasks
include log filtering, abstraction, and transformation [44]. Log filtering
reduces complexity by removing irrelevant traces or events and facili-
tates the detection of noise and data quality issues through attribute- or
variance-based methods [5,35,45]. Log abstraction aggregates events to
an appropriate level of granularity, aligning event detail with analytical
objectives [39,46]. Log transformation modifies event data to enhance
its fitness for PM. Due to their diversity and complexity, these activities
are often time-consuming and require repeated interaction with domain
experts [5,8,11,13].

The involvement of domain experts is essential to ensure that event
logs accurately reflect real-world process executions and support the
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defined analytical objectives [1,8,35]. Their practical experience pro-
vides contextual knowledge that complements standardized prepara-
tion procedures, enabling a nuanced understanding of actual process
behavior and serving as a reference against recorded event data [7,8,
20,21,24,47,48]. Such knowledge may be explicit, having been exter-
nalized through communication or documentation, or tacit, residing in
internalized cognitive processes not yet formally articulated [18,49].
Incorporating domain knowledge supports accurate interpretation of
the AQ and enables the identification of data quality issues by con-
trasting expert expectations with event data, thereby reducing the risk
of biased analyses and misguided improvement decisions [8,10,11,20,
21,36,50].

Data validation usually represents the final step of event data prepa-
ration and is a domain knowledge-intensive activity aimed at de-
termining whether an event log requires further refinement before
applying PM analyses [9,16]. To support this decision, process analysts
and domain experts jointly assess whether the event log is valid for
its intended analytical purpose and adequately reflects actual process
behavior [5,9,16,17]. Analysts contribute expertise in data quality and
PM requirements, while domain experts provide the contextual under-
standing needed to interpret recorded data [11,51]. This collaboration
establishes trust in the event log’s quality and analytical relevance,
forming a robust foundation for subsequent mining and analysis [9,16].

The execution of data validation generally involves four iterative
tasks. First, the process analyst introduces the domain expert to PM
principles and outlines the objectives of the validation effort. To sup-
port contextual understanding, raw event data is presented along with
explanations of its provenance and structure, and the overarching AQ
is discussed [9]. Second, overview statistics are generated to help the
domain expert develop an initial understanding of the event log [9].
Depending on the technology stack, data validation dashboards may
provide automatically generated visual representations [52]. Third, the
analyst and domain expert collaboratively explore the data in greater
depth by applying filters or examining subsets to identify emerging
patterns [51]. When anomalies are observed, such as atypical process
paths, unusual case durations, or violations of known business rules,
specific instances are examined to uncover potential data quality issues
and their causes [9,16]. Fourth, insights regarding data quality are
systematically documented [51]. If the event log proves inadequate to
address the AQ, validation outcomes inform further iterations of event
data preparation [5,53].

The emergence of GenAl offers new opportunities to support data
validation due to its ability to learn from data, generalize to new con-
texts, and operate effectively in data-intensive environments. GenAl,
a subfield of AI grounded in Machine Learning, involves systems
that learn from data rather than relying on explicitly programmed
rules [54,55]. More specifically, GenAl is largely enabled by Deep
Learning, which employs multi-layered neural networks to model com-
plex data structures [56]. By learning patterns from large-scale datasets,
GenAl systems can autonomously generate new content, such as text,
images, or code, thereby supporting the automation and augmenta-
tion of knowledge-intensive tasks [32,47,57]. The technical founda-
tion of GenAl primarily rests on the transformer architecture under-
pinning most Large Language Models (LLMs), which relies on self-
attention mechanisms and embeddings to capture context, semantics,
and long-range dependencies [32,58]. Through extensive pretraining,
LLMs achieve strong generalization across understanding and genera-
tion tasks, positioning them as promising tools for data validation [47,
59].

2.2. Related work

Despite its importance for ensuring valid analytical outcomes, no
standardized framework for data validation in PM currently exists.
Outside PM, van der Loo and de Jonge [17] propose a validation
approach implemented in the R package ‘validate’, enabling analysts
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to specify and verify rules based on domain knowledge. In relational
databases, similar mechanisms are realized through integrity con-
straints, such as ‘CHECK’ constraints, which enforce consistency at the
schema level [60]. Within PM, Andrews et al. [53] propose a valida-
tion approach based on the Cross-Industry Standard Process for Data
Mining, iteratively combining data quality assessment, preliminary PM,
and evaluation to detect remaining issues. Complementarily, Martin
et al. [30] introduce an interactive preparation framework that con-
ceptualizes validation as a bidirectional process integrating data-centric
assessment with model-driven discovery.

In addition to the lack of an established framework, current data
validation practice in PM faces several challenges [19]. Effective val-
idation requires analysts and domain experts to understand the event
log within its business context [4]. However, asymmetries in expertise
often hinder collaboration, complicating assessments of whether event
data accurately reflects real process executions [18,19]. This disconnect
increases the risk of misaligned interpretations and misleading analyt-
ical outcomes. LLMs offer a promising means to bridge this gap by
reasoning about data without rigid rules, communicating findings in
natural language, and adapting to new domains through prompting or
fine-tuning [32,47,59]. In this context, Briitzke et al. [61] demonstrate
that GenAlI can support users in PM analyses. Accordingly, GenAl-based
support may enable domain experts to better assess whether event logs
are semantically aligned with analytical objectives.

Although the application of GenAl for data validation in PM re-
mains largely underexplored, initial studies demonstrate its potential
within event data preparation. Nguyen et al. [62] use autoencoders
to detect anomalies and repair missing attribute values, while Wu
et al. [63] employ masked transformer-based models to restore missing
activities. Schmid et al. [64] address identical timestamp errors using
a Generative Adversarial Network. Moving beyond fully automated
techniques, Zetzsche et al. [29] introduce a hybrid human-in-the-loop
approach that combines rule-based methods with transformer archi-
tectures to address the elusive case data quality issue. Beyond GenAl,
several approaches leverage domain knowledge to improve event data
preparation [65], including gamification-based correction of activity
labels [28], enrichment of event logs with unstructured text and ex-
pert feedback [50], and knowledge graph-based log construction and
enrichment [66]. Additional heuristics informed by domain knowledge
address missing events [67,68], incorrect timestamps [69], and deviat-
ing event sequences [70]. Despite these efforts, existing work primarily
targets structural detection and repair and does not enable domain
experts to evaluate the fitness for purpose of event logs.

3. Research design

To address the formulated RQ, we adopt the established DSR
paradigm, which focuses on creating purposeful artifacts that solve
real-world problems and contribute to design knowledge [71-73]. This
study addresses two main challenges: (1) asymmetries in expertise
between domain experts and process analysts during data validation,
and (2) the limited consideration of event log fitness for purpose
in current validation practices. To bridge these gaps, we propose a
conceptual model for Al-assisted event data validation that supports
domain experts. Following the notion of exaptation [71], existing
Al technologies are repurposed for a new application context. The
conceptual model represents the core solution artifact and is instan-
tiated through a software prototype, aligning with DSR’s emphasis on
artifact realization [72,74]. Given its socio-technical nature, develop-
ment proceeded through several iterative cycles [75], making DSR
an appropriate framework due to its iterative and problem-solving
orientation [72,73].

We follow the six-step DSR methodology proposed by Peffers et al.
[33], illustrated in Fig. 1. Section 1 introduced and motivated the
research problem (Step 1), while Section 2 reviewed related work to
refine the research challenge. Drawing on data validation practice and
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Fig. 1. Overview of the research activities based

literature on PM and visual analytics (VA), we derived three design
objectives (DOs) to delineate the solution space and guide artifact de-
velopment (Step 2) [72]. The artifact was designed iteratively (Step 3),
specified in Section 4, and instantiated as a software prototype (Step 4).
Design and evaluation activities (Step 5) were closely integrated using
the FEDS framework [34] to ensure practical relevance. To the best of
our knowledge, this is the first study to address Al-assisted data vali-
dation tailored for domain experts. Finally, this paper communicates
the results (Step 6) and makes the prototype’s source code publicly
available to support transparency and reproducibility.

3.1. Design objectives

The DOs guide artifact development and are derived from the
research problem and a systematic literature review [33]. A central
challenge in PM initiatives is eliciting and utilizing domain experts’
tacit knowledge [4,8]. Accumulated through experience, this knowl-
edge enables experts to contextualize and interpret event data [18,
24,47,76]. To support this process, the artifact provides meaningful
visual representations of event logs, enhancing cognitive processing and
insight generation [49,77]. As visualization effectiveness depends on
design quality and user familiarity [78], combining visual elements
with natural language annotations helps reduce cognitive load and
improve interpretability [76,78]. Accordingly, we define the first DO:

DO1 (visualize and describe): Al-assisted event data validation
should provide meaningful visualizations of the event log and its process
characteristics, alongside clear natural language explanations of relevant
terminology.

Data validation often involves analyzing samples of event logs to
develop a detailed understanding of their characteristics [9,51,77,79].
To support multi-perspective exploration, interactive mechanisms are
essential. Following the VA principle “overview first, zoom and filter, then
details on demand” [80], the artifact enables experts to drill down into
complex data while accessing supplementary details as needed. This
leads to DO2:

DO2 (interact): Al-assisted event data validation should enable inter-
action with both the event log and its visual representations.

Domain experts may lack clarity on how to perform validation,
which activities are involved, or what constitutes a satisfactory out-
come [81]. Providing context-sensitive guidance throughout the pro-
cess supports effective validation and mitigates potential obstacles [82].
Such guidance aligns with the prevailing AQ, helping experts assess
the event log in relation to its intended analytical purpose [5,30].
Leveraging intrinsic event log characteristics, including anomalies, the
artifact supports semantic evaluation, leading to DO3:

DO3 (guide): Al-assisted event data validation should provide context-
sensitive guidance based on the AQ and proactively highlight potential data
quality issues.

on the DSR methodology by Peffers et al. [33].
3.2. Design and development

The conceptual model constitutes the central solution artifact, syn-
thesizing insights from iterative build and evaluation cycles [71]. It
captures the interactive relationship between domain experts and the
system underlying AID4DE [83]. Conceptual modeling is well suited for
this purpose, as it represents application functionality through entities,
attributes, operations, and relationships while directly linking these
elements to user tasks [83].

We structured the model design using the six-step methodology for
empirically grounded reference architectures by Galster and Avgeriou
[84]. Initially (Step a), we developed an industry-agnostic model to en-
sure broad applicability. Drawing on conceptual models in VA [49,81,
85], we adapted existing structures to inform the design (Step b). Next
(Step c), insights from data validation literature (Section 2.1) and the
derived DOs guided construction of the AID4DE model. Empirical input
was obtained through expert interviews with academics and practition-
ers (Sections 5.1 and 5.2). We modeled expert-system interactions as
actions and states (Step d) and incorporated variation points to enable
reuse and customization (Step e). The resulting conceptual model is
presented in Section 4, with its evaluation reported in Section 5 (Step f).

Guided by the DOs, we developed the prototype through several
iterative cycles, summarized in Table A.6 in Appendix A. The first
iteration explored the potential of GenAl to support domain experts
during data validation, examining whether LLMs can bridge the gap
between complex event logs and non-technical users. Given the lim-
ited context windows of LLMs [86], the second iteration focused on
mitigating this constraint by generating visual representations that
extract representational semantics from the event log [86,87]. These
visualizations improved data accessibility for domain experts while
enhancing the LLM’s contextual understanding. Subsequent iterations
refined the GenAl-based support: iteration 3 addressed DO1 and DO2
by extending visualizations, analytical perspectives, and interaction
mechanisms, forming the basis for DO3 in iteration 4, where guidance
features informed by prior literature were implemented. During instan-
tiation, it became evident that combining representational semantics
from the event log with the specified AQ provides essential input for
the GenAl-based guidance mechanism.

3.3. Demonstration and evaluation

During the iterative build-and-evaluate cycles, we demonstrated the
artifact from the initial design specification to the conceptual model
and finally to its Python-based prototype.’ These demonstrations illus-
trate the artifact’s utility and suitability for addressing the identified
challenges [33]. To evaluate feasibility, we implemented the proto-
type using a ticket management event log from an Italian software
company [88].

! Link to the AID4DE source code: https://github.com/jul-dor/AID4DE
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The primary evaluation objective was to identify opportunities to
improve the conceptual model early, ensuring effectiveness and reli-
ability in practical scenarios. The greatest uncertainty concerned the
LLM component, whose behavior could not be fully anticipated dur-
ing design. We therefore adopted the Technical Risk and Efficacy
evaluation strategy [34], structured into three episodes.

Episode 1: Artificial formative evaluation. Conducted in a contr-
olled setting to refine the artifact during development. Semi-structured
interviews with seven academic and industry experts focused on the
design specification [89], namely leveraging GenAl to support do-
main experts in assessing event log fitness for purpose. A comparative
analysis of existing artifacts further informed design refinements (see
Section 5.1).

Episode 2: Artificial summative evaluation. Assessed the arti-
fact’s effectiveness and suitability for real-world scenarios [34]. Seven
additional experts evaluated the conceptual model through semi-struc-
tured interviews, focusing on completeness, consistency, and robustness
for supporting domain expert data validation (see Section 5.2).

Episode 3: Naturalistic summative evaluation. Involved a live
demonstration of the prototype using a publicly available help desk
dataset [88] for an audience of 18 IS researchers. Participants sub-
sequently completed a survey with six statements assessing perceived
usefulness and ease of use based on the Technology Acceptance Model
(TAM) [90], providing insights into behavioral intentions toward
adopting the AID4DE system (see Section 5.3).

4. Results

4.1. Conceptual model for Artificial-Intelligence-assisted event data valida-
tion for domain experts

Fig. 2 depicts the key operational components and their interre-
lationships within AID4DE. The model relies on two primary inputs:
AQ(s), defined during the planning phase of a PM project, and an
event log capturing process execution data. The validation process
comprises three interrelated components: (1) generation of event log
understanding, (2) interpretation of event log validity, and (3) provi-
sion of guidance. Their tight integration enables iterative validation
cycles and shared responsibilities between domain experts and the sys-
tem underlying AID4DE. The combined execution of these components
produces an analysis documentation supporting the evaluation of the
event log’s fitness for purpose.

Developing an understanding of the event log is fundamental to
Al-assisted data validation. To this end, fulfillment of DO1 (visualize
and describe) and DO2 (interact) is required. DO1 is addressed by
providing visual representations from multiple analytical perspectives,
complemented by natural-language explanations that clarify both vi-
sual content and terminology. DO2 is achieved by enabling domain

experts to manipulate the underlying event log data and corresponding
visualizations, for example through filtering, aggregation, or clustering,
while supporting the documentation of insights during exploration. In
parallel, the system underlying AID4DE extracts representational se-
mantics, i.e., core information embedded in the event log, to strengthen
comprehension and support expert interpretation.

This understanding directly informs the guidance component, rep-
resented by DO3 (guide). DO3 is achieved by offering context-aware
support that assists domain experts in executing data validation tasks
while ensuring alignment with the defined AQ. By integrating event
log understanding with guidance provision, the system supports expert-
driven interpretation of event log validity and promotes identification
of discrepancies between the prevailing event log and the AQs.

Because event log data must be validated from multiple perspec-
tives, interpretation of validity typically triggers further iterations of
the validation cycle. When no additional insights emerge, the system
generates an analysis report summarizing validation activities and find-
ings, facilitating evaluation of the event log’s fitness for its intended
purpose.

The following subsections introduce the core components of
AID4DE, each forming part of the conceptual model. To ensure clarity
and interpretative consistency, three foundational assumptions under-
pin the exposition. First, following Federico et al. [49], the model
distinguishes between two conceptual spaces: the perceptual space,
representing the cognitive activities and interactions of the domain ex-
pert, and the computational space, encompassing operations performed
by the system underlying AID4DE. Second, as a solution artifact, the
conceptual model provides an abstract representation of the system
architecture, explicitly highlighting expert-system interaction. Third,
the model assumes an analysis-ready setting in which the system has
already been provided with both the event log and the corresponding
AQs. The complete composition of all subcomponents is illustrated in
Fig. B.8 in Appendix B.

4.1.1. Generation of event log understanding

The generation of event log understanding constitutes the founda-
tional component of AID4DE. As illustrated in Fig. 3, it comprises two
interrelated processes: generation of event log understanding for the
domain expert (U1) and for the system (U2). Together, these processes
establish a comprehensive understanding of the event log. In all con-
ceptual model illustrations, circles denote components where input or
output is accumulated, squares indicate processing components, and
arrows represent logical flow. The left side depicts the computational
space (system), while the right side represents the perceptual space
(domain expert).

Event log understanding for both the domain expert and the system
is driven by the expert’s tacit knowledge (K*) and explicit knowl-
edge (K¢). These complementary knowledge forms inform exploration
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(E) of the event log, encompassing expert interactions with the data.
Exploration techniques include filtering, aggregation, and clustering.
Filtering narrows the focus to specific log segments, supporting targeted
validation [35]. Aggregation derives higher-level metrics to provide
condensed overviews [7], while clustering identifies structurally or
behaviorally similar groups [45]. The selected exploration method is
translated into a specification (), a machine-readable representation
— typically executable code — defining the intended data transfor-
mation or analysis. From this point, the generation of understanding
diverges into distinct pathways for the domain expert and the system.

In line with DO1, event log understanding for the domain ex-
pert (U1) is operationalized through representations (R) derived from
the current specification (S) and event log data (D). These include
visualizations, tabular views, and natural language descriptions [79,
91,92]. Visualizations span chart-based, network-based, matrix-based,
hierarchy-based, and timeline-based formats, encompassing both
general-purpose and process-specific techniques [30,79,91,92]. For
example, chart-based visualizations commonly used in PM include bar
charts, line graphs, and heatmaps, while network-based visualizations
may depict process models such as Business Process Model and Nota-
tion (BPMN) diagrams [79]. These representations encode facets such
as temporal patterns, spatial distributions, event relationships, and
attribute-specific characteristics [79].

The representations trigger iterative cognitive and perceptual pro-
cesses (P) within the domain expert, generating insights and fostering
the development of new tacit knowledge (K*) [49,93]. Effective com-
prehension requires alignment between visualization choices, encoded
data facets, and domain-specific characteristics [91].

The system complements these processes by providing supplemen-
tary explanations derived from learned knowledge (K'). Learned
knowledge denotes domain-specific and task-related knowledge ac-
quired through pretraining and, where applicable, fine-tuning of the
underlying LLM. In this study, no fine-tuning was performed; all
learned knowledge originates from pretraining. Unlike explicit knowl-
edge extracted from the analyzed event log, learned knowledge is not
dataset-specific but encodes general regularities, heuristics, and inter-
pretive conventions associated with event logs and process-oriented
data. Examples include typical data-validation heuristics (e.g., de-
tecting missing or inconsistent events), commonly observed activity
patterns (e.g., frequently observed sequences of activities), and stan-
dard interpretations of event sequences (e.g., loops, optional activities,
or parallel executions). In practice, this knowledge conditions the
system’s natural language explanations and guidance based on the cur-
rent specification and extracted representational semantics, enabling
contextualization of event log representations and directing expert
attention to relevant aspects, thereby reducing cognitive effort [49].
By providing this support, the system allows domain experts to focus
on higher-level reasoning rather than low-level operational details.

The tacit knowledge thus acquired guides further exploration of
the event log, leading to adjustments in the specification and rep-
resentations, as well as renewed cognitive and perceptual processes.

This feedback loop supports a closed cycle of cumulative knowledge
acquisition regarding the event log data [49].

From the system’s perspective (U2), event log understanding is gen-
erated through automatic analysis (A), which extracts representational
semantics from the event log based on the current specification (S).
This produces a condensed summary of key log features that adapts
as the specification evolves. The extracted semantics integrate into the
system’s explicit knowledge (K*¢), stored as contextual input within the
LLM embedding space, enabling the system to maintain an updated
internal understanding of the event log.

Overall, AID4DE supports the development of a shared understand-
ing of the event log between the domain expert and the system,
emerging from interactive exploration and interpretation of event log
data.

4.1.2. Interpretation of event log validity

Within AID4DE, the interpretation of event log validity builds on
the previously generated event log understanding. As illustrated in
Fig. 4, this component comprises two processes: the externalization of
domain knowledge (I1) and the extraction of exploration activities (I12).
Together, these processes enable domain experts to assess the validity
of the event log.

Both the externalization of domain knowledge and the extraction of
exploration activities rely on tacit and explicit knowledge. Tacit knowl-
edge (K7) stems from prior exploration cycles (Ul) and accumulated
experience in executing business processes, while explicit knowledge
(K¥#) refers to formalized business rules and domain conventions. Inte-
grating newly acquired tacit knowledge with existing tacit and explicit
knowledge may lead to differing perceptions of event log validity.
These perceptions inform an assessment of the log’s fitness for purpose,
i.e., the extent to which it accurately represents the underlying business
process and supports the analytical objectives defined during planning
(cf. Section 2.1).

The externalization of domain knowledge (I1) constitutes a key
mechanism for interpreting event log validity. Through externaliza-
tion (X), tacit and explicit knowledge regarding event log validity is
transferred from the domain expert to the system, either qualitatively
(e.g., free-text input) or quantitatively (e.g., Likert scales). Externalized
knowledge may capture, for instance, the expert’s judgment of the
event log’s fitness for purpose. As externalization occurs alongside
ongoing exploration, its content evolves throughout the validation
process. Within the system, this knowledge is stored as contextual input
in the LLM embeddings, thereby becoming part of the system’s explicit
knowledge (K¢).

During event log exploration and externalization, domain experts
may develop differing perceptions of the event log’s suitability for
the intended analysis. Specifically, they may assess how well the log
satisfies requirements derived from the analytical objectives. These
requirements can be evaluated along several dimensions characterizing
fitness for purpose, including:
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Variability, which reflects the degree of variation within the log,
such as structural and temporal differences [7];

Volume, referring to the total number of events and associated
attributes in the log [4,71;

Granularity, describing the level of detail captured, such as times-
tamp precision or the specificity of activity labels [4,39,46,94];
Temporal coverage, relating to time-related characteristics, includ-
ing overall duration as well as case- and activity-level durations
[78,79];

Contextual completeness, indicating whether the log contains all
necessary contextual information to support meaningful analysis [5,
6,39];

Behavioral validity, referring to how accurately the recorded events
reflect the actual behavior of the real-world process [5,7].

The extraction of exploration activities (I2) provides an additional
mechanism for interpreting event log validity. As shown in the system-
side generation of event log understanding (U2), the domain expert’s
tacit and explicit knowledge informs exploration (E), which guides
the derivation of updated specifications (.S). The automatic analysis
component (A) captures these exploration activities and stores the
resulting explicit knowledge (K¢) as contextual input within the LLM
embedding space. This enables the system to model the expert’s ex-
ploration behavior, revealing both considered and omitted analytical
perspectives. Since omitted perspectives may negatively affect validity
depending on the analytical objective, exploration activities constitute
a crucial input for the guidance component discussed next.

4.1.3. Provision of guidance

The provision of guidance by AID4DE supports domain experts in
both generating an understanding of the event log and interpreting its
validity. Guidance is particularly important because domain experts are
often only partially responsible for data validation and may lack full
awareness of its overarching goals or required steps [81]. As illustrated
in Fig. 5, the guidance mechanism comprises three components: two
inputs (G1 and G2) and an output component (G3) that captures how
the system actively supports validation activities.

The primary input for system-driven guidance (G1) is the explicit
knowledge (K¢) stored in the embedding space of the underlying LLM.
This knowledge is derived from event log understanding (U1), exter-
nalized domain knowledge (I1), and extracted exploration activities
(I2). Tt is complemented by learned knowledge (K*), acquired during
pretraining or, where applicable, fine-tuning of the LLM, and may
include general insights into the application domain and common data
validation patterns.

The input for AQ-based guidance (G2) consists of the set of AQs
defined for the PM project. As discussed in Section 2.1, these questions
shape event data preparation and subsequent analyses. To provide

context-aware guidance, the system must be informed about the pre-
vailing AQs, which may reflect diverse analytical perspectives or their
combinations [37,38,91]. For example, Klinkmiiller et al. [91] dis-
tinguish perspectives such as discovery, conformance checking, time
analysis, organizational analysis, case analysis, prediction, drift de-
tection, and familiarization. Milani et al. [38] further map AQs to
these analytical purposes, illustrating questions such as: for discovery,
“How are cases executed?”’; for drift detection, “How has process behavior
changed over time?”’; or for prediction, “What is the remaining time of an
ongoing case?”.

Because each AQ imposes different requirements on event log data,
integrating AQs into the validation process enables the system to re-
fine its contextual understanding and deliver more specific, relevant
guidance to domain experts.

The output of guidance (G3) can take various forms with differing
levels of influence on the domain expert. Orienting guidance provides
cues (C) about characteristics of the prevailing event log, for exam-
ple through natural language explanations that complement existing
representations, shaping the expert’s perception (P) [81]. Directing
guidance suggests potential next steps by presenting options (O), such
as specific exploration activities (E) that reveal alternative analytical
perspectives [81]. Finally, prescribing guidance bypasses human input
by directly modifying the specification (S) based on the system’s as-
sessment of promising next steps, for instance by generating targeted
visualizations to address underexplored perspectives.

Overall, system guidance emerges from the interaction of orienting,
directing, and prescribing mechanisms. It continuously adapts based
on explicit domain knowledge, learned knowledge, and the prevailing
AQs. As explicit knowledge evolves through ongoing expert interac-
tion, guidance is progressively refined to better support event data
validation.

4.2. Instantiation as a software prototype

To demonstrate the applicability of the conceptual model, we in-
stantiated the underlying system of AID4DE as a software prototype
operationalizing its core components. The prototype comprises multiple
interface pages, each offering a distinct analytical perspective on the
uploaded event log. After uploading an event log file, fit for PM, and
specifying the relevant AQs, domain experts can initiate an exploration
process to assess event log validity and quality.

Event log exploration is organized across three interface pages,
each supporting a complementary analytical view. The initial data
exploration page provides predefined visualizations for an overview of
the log. The initial process exploration page presents process-oriented
representations for detailed examination of process behavior. The inter-
active event log exploration page dynamically recommends additional
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Fig. 5. Conceptual model of guidance provision in AID4DE.

visualizations based on the uploaded AQs. After completing the anal-
ysis, experts can export a summary report of validation activities and
findings. The following subsections detail how these pages implement
the conceptual model’s components.

4.2.1. Initial data exploration

On the data exploration page, domain experts develop an initial
understanding of the event log (U1) through automatically generated
visualizations. In parallel, the system underlying AID4DE forms its
internal representation (U2) by extracting representational semantics
from these visualizations. To support interpretation, a chatbot pro-
vides contextual cues and explanations, guiding the expert’s cognitive
processing (U1, G3).

Uploaded event logs are converted into tabular form using the
pandas library and standardized via pm4py utilities to include es-
sential columns (Case ID, Activity, Timestamp, Resource). Descriptive
summaries, including activity frequencies, case variants, temporal pat-
terns, and resource associations, are computed and stored in structured
session objects that constitute the system’s internal knowledge base.

Visualizations are generated using the pm4py.vis, pm4py.
stats, and pmdpy.filtering modules [95] and rendered with
matplotlib [96]. They cover summary statistics, frequency and dis-
tribution, temporal, performance, and, if available, resource analysis,
using histograms, bar charts, heatmaps, and line charts.

Each visualization includes a free-text input field for expert observa-
tions regarding data validity. Experts can record whether observed pat-
terns align with real-world processes, noting discrepancies or anomalies
(I1). For example, an expert might note: “Activity B occurs more
frequently than expected, suggesting a logging error or exceptional
variant”. These annotations externalize tacit knowledge for assessing
the event log’s fitness for purpose. Future versions may incorporate
context-specific guiding questions for each visualization type.

The chatbot, powered by GPT-3.5 Turbo via Azure OpenAl [97],
responds to expert queries during exploration. Structured summaries
of event log features, such as activity frequencies, variants, and dura-
tions, are embedded into the prompt as explicit knowledge to ground
explanations in actual data, ensuring interpretability, efficiency, and
privacy. An example of such a textual representation is shown below:

Top activities: A(50%), B(30%), C(20%); Most fre-
quent variants: [A-B-C (25%), A-C-B (15%,)]; Average
case duration: 5.2 h; Resource-task associations:
R1(A), R2(B)...

4.2.2. Initial process exploration

The process exploration page enables domain experts to analyze
process behavior captured in the event log (U1). Semantic information
extracted from process representations is stored as structured, machine-
readable summaries (U2), including start and end activity frequencies,
case variants, and common sequences. These summaries support sub-
sequent analyses and contextualized LLM-based explanations, while
expert annotations externalize domain knowledge (I1).

Experts can interactively adjust a variant coverage threshold (de-
fault: 80%), defining the subset of cases used for process-centric vi-
sualizations. These include a BPMN model with natural language ex-
planations, start and end activity statistics, and both DECLARE [98]
and footprint models. Interactive filtering and model generation rely on
the pm4py.filtering and pm4py.discovery modules [95]. The
LLM interprets structured process summaries to provide data-grounded
insights rather than generic model descriptions.

4.2.3. Interactive event log exploration

The interactive event log exploration page presents system-gener-
ated analytical questions that introduce new perspectives on the event
log (G3). Generated visualizations support understanding for both the
domain expert (U1) and the system (U2). Experts externalize knowl-
edge about event log validity via dedicated input fields (I1), while the
system records interaction data as explicit knowledge (I2), including
selected questions, thresholds, and generated visualizations, to refine
adaptive recommendations and focus on unexplored aspects.

Analytical questions are proposed based on the uploaded AQs (G2)
and event log characteristics, targeting analytical perspectives not yet
explored. When a question is selected, the system generates the corre-
sponding visualization, enabling continued validation until no further
questions remain. This iterative process enriches the shared knowledge
base with structured summaries and tacit expert insights.
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Table 1
Overview of related artifacts and fulfillment of identified DOs.
Artifact DO1 DO2 DO3
(visualize and (interact) (guide)
describe)

Barbieri et al. [26]

Case Group Explorer [99]
InterLog [100]

Log to Model Explorer [45]
ProcessExplorer [101]

P2T [102]

RDB2Log [22]

VisProc [103]

VIT-PLA [104]

AID4DE

0000000000
0000000000
0e000OO0OOOO

5. Evaluation
5.1. Artificial formative evaluation

We began the evaluation with an artificial formative assessment to
explore the problem space, investigate potential solutions, and itera-
tively refine the design based on early feedback. This phase comprised
two activities. First, we conducted a competing artifact analysis to
compare the proposed design specification with related solutions from
the literature and highlight its added value [34]. Second, we carried out
seven semi-structured interviews with academic and industry experts to
assess the initial design specification.

5.1.1. Competing artifact analysis

Nine artifacts from the literature were selected as competing arti-
facts. Table 1 summarizes the extent to which these artifacts address
our DOs, using ideographs to indicate levels of support: @ (full), @
(partial), and O (none). Full support indicates alignment in objectives
and fulfillment of the respective DO; partial support reflects limited
alignment due to differing focus or incomplete coverage; no support
indicates the DO is not addressed. Detailed justifications are provided
in Table C.7 in Appendix C.

The competing artifacts address only specific aspects of the re-
search problem. For DO1, most provide either natural language descrip-
tions [26,102], visual representations [100,101,103,104], or tabular
formats [22]. Only Case Group Explorer [99] combines visualization
with textual descriptions; however, its language targets process ana-
lysts rather than domain experts. Effectively supporting domain ex-
perts requires an integrated combination of clear visualizations, natural
language explanations, and terminology clarification.

For DO2, several artifacts enable interactive exploration of event
logs, including filtering infrequent behavior [45,100], clustering
traces [45,99,101,104], and applying diverse filtering methods [100,
103]. In contrast, artifacts relying solely on textual descriptions [26,
102] substantially limit interaction and exploratory potential.

Regarding DO3, most artifacts provide limited guidance for data
validation. Notable exceptions include RDB2Log, which highlights data
quality issues through color-coding [22], and ProcessExplorer, which
offers dynamic recommendations based on selected event log sub-
sets [101].

While these artifacts offer valuable functionalities, none fully ad-
dress all DOs. In contrast, AID4DE comprehensively covers each DO
by supporting visualization with textual descriptions (DO1), interactive
exploration (DO2), and targeted guidance throughout the validation
process (DO3). Its guidance capabilities are particularly novel, provid-
ing contextualized support based on AQs, event log characteristics, and
the domain expert’s prior interactions.
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Table 2
Participants involved in the first semi-structured interview round.
ID  Sector Role PM experience (years)  Country
1 Industry ~ Vice President Value 8 USA
Engineering
2 Research  Professor 5 Switzerland
3 Industry Senior Consultant Data 5 Germany
Analytics
4 Research  Doctoral Candidate 4 Germany
5 Industry PM Consultant 2 Germany
6 Industry Business Excellence 4 Germany
Advisor Board Office
7 Research  Doctoral Candidate 4 Germany

5.1.2. Semi-structured interviews on the design specification

In parallel with the competing artifact analysis, the design specifi-
cation was evaluated through seven semi-structured expert interviews.
Participants were selected for their expertise in PM and BPM, repre-
senting both academic and industrial perspectives (cf. Table 2). All
participants routinely handled process data, including event-log extrac-
tion, cleaning, and validation. On average, they had 4.6 years of PM
experience, and interviews lasted approximately 54 min.

The interviews comprised two parts. The first began with an intro-
duction to the research problem, highlighting the expertise asymmetry
between domain experts and process analysts during data validation
and the limited attention given to assessing event logs’ fitness for
purpose. Interviewees then reflected on this research gap, discussed
comparable challenges from their experience, and rated the relevance
of the formulated RQ.

In the second part, the proposed DOs and resulting design specifica-
tion were demonstrated using illustrative examples. Interviewees pro-
vided general feedback and evaluated the specification using an end-
labeled unipolar seven-point Likert scale [105]. Following Sonnenberg
and vom Brocke [89], four criteria were assessed: novelty, understand-
ability, completeness, and applicability. Novelty examined whether the
design addressed a unique problem and advanced current knowledge;
understandability, whether it was clearly communicated and accessible;
completeness, whether it sufficiently covered the research problem;
and applicability, its potential for real-world implementation. Each
criterion was briefly defined and accompanied by a guiding question
to ensure consistent interpretation. Participants justified their ratings
qualitatively and provided additional feedback beyond the predefined
criteria. Quantitative results are shown in Fig. 6.

Interviewees, labeled ‘I’ followed by their IDs (cf. Table 2), ac-
knowledged the importance of the data validation challenges and the
associated research gap. I1 emphasized that recurring asymmetries be-
tween domain experts and technical stakeholders complicate validation
efforts. I5 noted that assessing an event log’s fitness for purpose is often
neglected, stating that “it can’t be proceeded with the next steps within
a PM project without properly validating the data”. I3 highlighted
the critical role of the information technology (IT) department, which
typically owns and understands the data. Overall, the RQ was rated
as highly important. More critical reflections included I2’s observation
that “GenAl is not a direct consequence of the problem” and I4’s
remark that “GenAl brings new potentials, but also limits the solution
space”. These insights informed refinements to the research motivation
in Section 1.

Interviewees generally found the design specification highly com-
prehensible. 16 suggested clarifying the specific value contribution of
the GenAl component and providing a more concrete depiction of
expected outputs, while also emphasizing greater focus on semantic
evaluation of the event log. I7 noted that although the abstract level
supports overall understanding, deeper insight into component inter-
actions requires a more integrated perspective, recommending illustra-
tions of component interrelations and their integration into standard
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Fig. 6. Average Likert scale ratings for artificial formative evaluation criteria.

data validation steps. While this feedback did not prompt immediate
revisions, it informed the more detailed exposition in Section 4.

Interviewees generally perceived the design specification as inno-
vative. I1 noted that while it does not introduce new technology, it
combines existing concepts in novel ways, particularly through the
active involvement of domain experts in interpreting event log validity.
I5 emphasized that visual representations enhance understanding and
highlighted the GenAl-enabled conversational interface as a distinctive
feature, “building a bridge between complex event log data and do-
main experts”. 17 agreed, while noting that VA-based data validation
approaches are not entirely new. Overall, both the competing artifact
analysis and interview feedback confirmed the contribution of a novel
solution to data validation.

Interviewees highlighted both human and technical factors influ-
encing applicability. I7 observed that “each modern company can
implement the approach” but questioned domain experts’ readiness
to adopt it. I1, 12, and I3 emphasized the importance of human en-
gagement, including motivation, workload, and the extent to which
domain experts’ perspectives are reflected in the event log, all of which
affect trust and analysis validity. Technical considerations included
context sensitivity, with 12 stressing alignment between visualizations,
AQs, and event data characteristics, and 16 warning that GenAI hal-
lucinations may undermine reliability. Overall, applicability largely
depends on domain expert engagement, a factor beyond full system
control. These insights informed refinements to enhance accessibility
and practical relevance (Section 4).

Interviewees generally considered the design specification suffi-
ciently complete for supporting domain experts in validating event
log data for PM, while identifying opportunities for improvement.
I5 recommended including summary statistics and visualizations but
cautioned that generating multiple in-depth explanations can be time-
consuming and subject to diminishing returns. I1 suggested a key
performance indicator (KPI) to quantify validation progress, poten-
tially expressed as a percentage. I5 also advocated system-generated
explanations clarifying the need for dedicated tools and specific valida-
tion actions, while 16 emphasized explainability, including translating
PM terminology and clarifying the AI component’s workings. Several
suggestions were incorporated into the final specification, such as tech-
nical term translation and detailed activity descriptions, while others
(e.g., validation progress KPI and enhanced Al explainability) remain
promising avenues for future research.

5.2. Artificial summative evaluation

In the second evaluation phase, we conducted a summative assess-
ment of the artifact in an artificial context [34] prior to real-world

10

Table 3
Participants in the second semi-structured interview round.
ID  Sector Role PM experience (years) Country
8 Industry ~ Center of Excellence 10 Germany
Lead PM
Industry  Head of Process Al 6 Germany
10 Industry  Chief Executive Officer 9 Germany
of PM Consultancy
11 Industry Head of Business 7 Liechtenstein
Process Excellence
12 Research Doctoral Candidate 6 Germany
13 Research Doctoral Candidate 2 Germany
14 Research Professor 5 Netherlands

application. During this phase, the design specification was refined
and the conceptual model finalized. The model was presented to seven
additional research and industry experts selected for their PM and BPM
experience (cf. Table 3). Participants had an average of 6.4 years of PM
experience, and each interview lasted approximately 57 min.

The interviews followed a two-part structure. First, participants
were introduced to the research problem and RQ, using materials
similar to the initial interview round, with a minor refinement of the
research gap based on earlier insights. In the second part, the revised
DOs, conceptual model, and its components were presented. The model
was introduced top-down, starting with its overall structure and ter-
minology, followed by detailed discussion of individual components
— generation of event log understanding, interpretation of event log
validity, and guidance of domain experts. The complete model was then
revisited, color-coded to illustrate component integration.

Following the introduction, interviewees evaluated the conceptual
model using end-labeled unipolar seven-point Likert scales [105]. Five
established DSR criteria were assessed [89]: completeness (extent to
which the model includes all necessary concepts and relationships),
fidelity with the real world (accuracy in reflecting actual practices),
internal consistency (logical coherence), level of detail (appropriate ab-
straction), and robustness (utility under minor contextual variations).
Each criterion was introduced with a brief definition and guiding
question. Participants provided quantitative ratings and qualitative
justifications, with results shown in Fig. 7. Interviews concluded with
an open-ended question on the model’s applicability and usefulness in
practice, summarized in Table 4.

Interviewees, labeled ‘T’ followed by their IDs (cf. Table 3), gen-
erally agreed on the conceptual model’s completeness. I8, 111, 112,
and I13 explicitly affirmed this assessment. I8 highlighted the role of
visualizations in enabling closed-loop communication between domain
experts and the event log, noting that similar approaches exist in their
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Fig. 7. Average Likert scale ratings for the conceptual model based on the artificial summative evaluation criteria.

organization but are currently manual and lack tool support. I10 sug-
gested making the integration of common knowledge from GenAl more
explicit, which we addressed by embedding learned knowledge in the
system underlying AID4DE. 19 recommended linking the model directly
to a PM environment, a valuable but out-of-scope implementation
consideration.

Interviewees emphasized the conceptual model’s internal consis-
tency. I8, 19, 110, and I11 reported no noticeable inconsistencies.
112 noted that consistency was not immediately evident in the top-
down presentation but became clear after individual components were
explained. 113 emphasized that the AQ originates from the domain
expert interacting with the system underlying AID4DE, appearing in the
model only once the analysis-ready stage begins; this aligns with our
design intent and was incorporated into the final model. 113 also noted
the absence of explicit start and end points for completing the iterative
loop. As discussed in Section 5.1.2, including a validation progress KPI
remains an area for future research.

Interviewees generally regarded the conceptual model as robust. I8,
110, and I14 noted that it maintains integrity under minor environ-
mental changes. 110 cautioned that future revisions may be required as
GenAl evolves, particularly with emerging paradigms such as agentic
Al which are beyond the scope of this study. 111 emphasized that iter-
ative refinement supported by the closed-loop design enhances robust-
ness. 19 suggested potential generalization beyond event logs to con-
ventional datasets. Considering hypothetical scenarios, 112 observed
that parallel validation by multiple domain experts may introduce
variation, while I13 highlighted that erroneous expert input naturally
leads to erroneous output, a limitation explicitly acknowledged in our
approach.

Regarding the level of detail, interviewees generally agreed that the
model’s abstraction is appropriate, while suggesting selective refine-
ments. I8, 112, and 113 considered the current level sufficient, with
113 noting that component relationships are clearly conveyed. 19, 110,
I11, and I14 suggested modeling additional interaction possibilities,
integrating knowledge of the underlying LLM more explicitly, and
representing iterative validation steps. In response, the final model
summarizes key interactions within the exploration activity and rep-
resents knowledge of the underlying LLM as learned knowledge in a
separate processing component. Individual iterations are not depicted,
as the closed-loop design better captures the dynamic nature of data
validation.

Interviewees generally agreed that the conceptual model is appli-
cable in practice, while noting its potential to alter existing validation
procedures. I11 and 114 observed that typical data validation involves
multiple iterative stakeholder interactions, whereas AID4DE follows a
more sequential structure. 111 added that deviations from expected

11

Table 4
Positive and negative comments (with participant references) on the concep-
tual model.

Positive comments Negative comments

« Closing the knowledge gap « Success dependency on the
between domain experts and domain expert (I8, 112)
process analysts (19, 110, 113, 114) « Neglect of the process analyst

« Identification of data quality (I13)
issues (I112) « Increased time investment for

« Extraction of domain knowledge data validation (I114)

(I8, 110)

« Enhancing trust in the data (I8)

« Appreciation of domain experts’
knowledge (111)

« Learning opportunity for domain
experts to do data validation
(111, 112)

process behavior often require additional consultation before validation
proceeds. 112 emphasized that effectiveness depends on domain expert
motivation and engagement. 19 noted that validation may be infeasible
in contexts with missing data or unavailable expertise. In contrast, I8
and I13 expressed strong confidence in the model’s practical utility.
I13 further highlighted that AQs are typically derived during planning
phases, an assumption reflected in the model.

Responses to the open-ended question on applicability and use-
fulness were predominantly positive (cf. Table 4). Interviewees high-
lighted the model’s potential to enhance data validation by bridging
the knowledge gap between domain experts and process analysts. They
also emphasized its value for future initiatives, noting that it recog-
nizes domain experts’ knowledge and provides a structured, systematic
approach to validation.

Interviewees identified several limitations of the conceptual model,
including its reliance on domain experts, potential increases in vali-
dation time, and the absence of the process analyst. We acknowledge
these concerns but argue that focusing on domain experts enables the
extraction of valuable tacit knowledge, improving event log quality and
the validity of subsequent insights. Although this approach may require
additional time, the anticipated benefits justify the investment, par-
ticularly given that non-automated data validation inherently requires
active domain expert engagement.

5.3. Naturalistic summative evaluation
The final evaluation phase was a naturalistic summative evaluation,

aimed at demonstrating the artifact’s proof of value, defined as its
ability to generate value across multiple domains [106]. We conducted



J.A. Dormehl et al.

Table 5
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Summary of participants’ ratings of statements on perceived usefulness (S1-S6) and perceived ease of use (§7-512)

of the prototype.

Statement Mean Median Std
Perceived Usefulness (S1-S6)

S1: Using the prototype in my job would enable me to 5.83 6.0 1.25
accomplish data validation tasks more quickly.

S2: Using the prototype would improve my data 5.56 6.0 1.38
validation performance.

S3: Using the prototype for data validation would 5.89 6.0 1.18
increase my productivity.

S4: Using the prototype would enhance my effectiveness 5.56 6.0 1.25
in data validation.

S5: Using the prototype would make it easier to do data 6.00 6.0 1.28
validation.

S6: I would find the prototype useful for data validation. 5.72 6.0 1.36
Perceived Ease of Use (S7-S12)

S7: Learning to operate the prototype would be easy for 6.33 7.0 0.91
me.

S8: I would find it easy to get the prototype to do what I 5.28 5.0 1.32
want it to do.

S9: My interaction with the prototype would be clear and 5.72 6.0 1.07
understandable.

S10: I would find the prototype to be flexible to interact 5.28 5.0 1.13
with.

S11: It would be easy for me to become skillful at using 6.28 6.0 0.75
the prototype.

S12: I would find the prototype easy to use. 6.17 6.0 0.99

a live demonstration of the conceptual model, instantiated as a software
prototype, for 18 IS researchers previously introduced to the research
gap and RQ. Although participants were not specialized in PM or BPM,
their extensive experience in data-driven IS research and industry col-
laboration enabled informed assessment of the prototype’s conceptual
soundness, analytical capabilities, and usability on real-world data.

For the demonstration, we used a publicly available XES event log
from an Italian software company’s help desk [88], comprising 21,348
events, 4,580 cases, and 14 activities. The guiding AQ was: “Where
do inefficiencies occur within the ticket management process?” Partic-
ipants assumed the role of domain experts responsible for processing
IT support tickets. While some had prior experience in this domain,
others approached the task from a broader IS perspective. Participants
were encouraged to propose interactions with the prototype, fostering
collaborative exploration and interpretation. Qualitative and quantita-
tive feedback was collected through a user study survey following the
session.

The live demonstration lasted approximately 35 min and concluded
with a discussion of how the prototype addresses the RQ. Participants
actively explored inefficiencies and proposed interactions with the
system. For example, when examining a bar chart of monthly events,
they observed a drop in August and hypothesized missing data rather
than reduced activity, annotating the visualization accordingly. Using
the chatbot, participants queried potential explanations related to the
AQ, which suggested seasonal factors such as vacation periods. This
interaction highlighted the potential benefits of integrating an organi-
zationally trained LLM into AID4DE to provide context-aware support
during complex validation scenarios.

During the demonstration, participants identified several notable
patterns in the event log:

1. Events occurred on Saturdays and Sundays, albeit less frequently
than on weekdays, suggesting potential anomalies or inconsistencies
in process logging.

2. Approximately 3% of tickets were opened but never closed, possibly
reflecting long-running cases with unclear ownership or tickets that
were closed but not properly logged.
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3. Two labels, “Closed” and “RESOLVED”, were used for resolved
tickets, representing a synonymous label imperfection pattern [5].

4. One resource, “Value 2”, exhibited substantially higher capacity uti-
lization than others. While potentially concerning for IT ticket han-
dling, participants noted that this pattern reflects analytical insights
rather than data validation issues.

All identified anomalies were documented using free-text annota-
tion fields linked to the corresponding visualizations. These annota-
tions, together with the analytical context, provide a traceable record of
the validation process and the interaction between domain experts and
the AID4DE system. This documentation supports subsequent conven-
tional data validation sessions between process analysts and domain
experts, facilitating assessment of whether observed patterns indicate
data quality issues. The collaborative use of AID4DE thus served as
an initial step toward comprehensive event log understanding and
activation of domain knowledge for validation.

After the demonstration, participants completed a three-part survey.
The first part collected background information on experience in IS,
BPM, and PM. The second part applied the TAM, which identifies
perceived usefulness and perceived ease of use as key determinants
of system acceptance [90]. Perceived usefulness refers to the “degree
to which a person believes that using a system would enhance job
performance”, and perceived ease of use refers to the “degree to which
a person believes that using a system would be free of effort” [90]. Par-
ticipants rated 12 statements on a seven-point Likert scale (1 = “I fully
disagree” to 7 = “I fully agree”), with S1-S6 addressing usefulness and
S§7-S12 addressing ease of use. Table 5 reports the mean, median, and
standard deviation (Std) for each statement. The third part consisted of
two open-ended questions soliciting qualitative feedback on strengths
and areas for improvement.

The quantitative TAM results indicate that participants evaluated
the AID4DE prototype favorably in terms of both perceived usefulness
and ease of use. The mean score for ease of use (5.84) was slightly
higher than that for usefulness (5.76). Median values were 5.94 and
5.78, respectively. Stds were higher for ease of use (Std = 0.49) than
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for usefulness (Std = 0.18), indicating greater variability in perceptions
of ease of use.

For perceived usefulness, S5 achieved the highest mean score (6.0),
indicating strong agreement that the prototype facilitates data val-
idation, while S2 and S4 showed slightly lower means (5.56). For
perceived ease of use, S7 scored highest (6.33) with low variability,
suggesting participants consistently found the prototype easy to learn.
In contrast, S8 and S10 received the lowest scores (5.28), indicating
limitations in interaction flexibility. Overall, ease of use exhibited
greater variability across statements than usefulness, explaining its
higher aggregate Std.

Qualitative feedback highlighted several strengths of the proto-
type. Participants noted its effectiveness in supporting domain experts
in developing foundational data-related skills. They emphasized its
suitability for users with varying expertise, citing interpretable visual-
izations, a clear structure, and minimal prior knowledge requirements.
Participants also valued the presentation of multiple analytical per-
spectives, which fostered a comprehensive understanding of the event
log.

Participants suggested enhancing guidance and explainability for
domain experts. They emphasized the need for clearer terminology
and more detailed explanations, particularly for users without a back-
ground in process science. For example, participants with expertise
in Data Science and Applied Al requested clarification of terms such
as cases and variants. Improved guidance could be achieved by fine-
tuning the underlying LLM on domain-specific data and by providing
explicit recommendations for next steps. Proactively posing context-
aware questions related to specific visualizations was also suggested as
a means to increase system support.

Participants also noted the need to improve system performance.
Although performance optimization was not a primary focus of the
prototype, noticeable latency occurred during backend LLM interac-
tions, such as generating process model descriptions or responding to
chatbot queries. These delays affected the demonstration experience.
Addressing such performance issues will be essential for real-world
deployment of AID4DE, ensuring a smooth and reliable user experience
while acknowledging inherent limitations of current LLMs.

6. Discussion

This paper conceptualizes the interaction between domain experts
and the system underlying AID4DE to facilitate validation of event logs
with respect to their intended analytical purpose. We leverage GenAl
to translate complex event log data into comprehensible visualizations,
enable interactive exploration, and provide context-sensitive guidance
throughout the validation process. The conceptual model was evaluated
through 14 semi-structured interviews, instantiated as a software proto-
type, and subsequently assessed in a user study with 18 IS researchers.
Overall, the results indicate that the model effectively supports domain
experts in assessing the fitness for purpose of event logs.

This study makes three key theoretical contributions. First, it pro-
vides a foundation for evaluating the fitness for purpose of event
logs through expert validation, extending prior work [49,81,85] by
explicitly conceptualizing knowledge generation processes across both
human and system spaces. Second, we introduce an extraction mecha-
nism that transforms raw event log data into representational semantics
via visualizations, addressing LLM context window limitations while in-
tegrating seamlessly into the overall model. Third, the artifact incorpo-
rates a guidance mechanism for validation that can be adapted to other
PM tasks requiring expert input. This mechanism combines event log
characteristics, particularly representational semantics, with the stated
AQ to direct meaningful validation actions, offering a transferable
blueprint for GenAl-powered systems.

We identify four primary practical contributions. First, AID4DE
enhances domain experts’ understanding of event logs and their ana-
lytical validity, thereby supporting more effective collaboration with
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process analysts. Second, it facilitates the externalization of tacit do-
main knowledge through visualizations and context-sensitive guidance,
generating richer insights for other PM stakeholders. Third, the artifact
improves usability and understanding of PM, addressing challenges
highlighted in the PM Manifesto [4]. Fourth, AID4DE demonstrates the
potential of LLM-based support in organizational settings, while also
highlighting risks arising from incomplete or inaccurate organizational
data that may affect validation reliability.

Several limitations suggest directions for future research. First, as
a DSR project, the results are context-specific and may not gener-
alize across different organizational settings, domains, or event log
types. Second, validation quality depends on the domain expert’s tacit
knowledge, which may vary in articulation and cognitive framing.
While automated approaches could complement expert input, they
may also limit the depth of knowledge extraction. Third, the artifact
does not explicitly balance validation certainty and time investment;
future work could introduce decision-support metrics, such as marginal
rates of return, to guide validation effort. Fourth, the use of GenAl
introduces risks related to biased or incorrect outputs and sensitivity
to prompt formulation, underscoring the need for systematic eval-
uation and reproducibility practices. Trust in Al-generated outputs
was not empirically assessed and remains an important avenue for
future research. Fifth, the approach assumes XES event logs that are
fit for PM and the availability of at least one AQ; future studies
could extend the approach to alternative formats, such as OCEL. Sixth,
the performance of the LLM in providing guidance and interaction
was not systematically evaluated, warranting further investigation into
handling domain-specific cues and explanations. Finally, the study does
not yet offer a quantitative framework for assessing an event log’s
fitness for purpose; future research may develop scoring models and
context-sensitive refinement strategies to complement expert judgment.

7. Conclusion

Event logs used in PM frequently suffer from data quality issues that
can lead to inaccurate insights and suboptimal process improvements
if not addressed during data preparation. Data validation is typically
performed collaboratively by domain experts and process analysts to
assess whether an event log is suitable for its intended analytical
purpose; however, this alignment is often insufficiently examined in
current practice. To address this gap, we investigated how GenAI can
support domain experts in evaluating the fitness for purpose of event
logs and identifying discrepancies between the prevailing event log and
the underlying AQs. We developed AID4DE, a conceptual and instan-
tiable artifact that enables domain experts to interact with complex
event log data and generate structured knowledge about its validity.
Following the DSR paradigm, AID4DE was iteratively designed and
evaluated through a competing artifact analysis, 14 semi-structured
expert interviews, and a user study with 18 IS researchers. The results
indicate that AID4DE enhances data validation by improving experts’
understanding of event log quality relative to its analytical purpose.
Moreover, the externalized knowledge produced during validation can
support subsequent data preparation activities, such as identifying and
repairing data quality issues.

To our knowledge, this study is the first to explicitly conceptu-
alize the knowledge generation processes involved in evaluating the
fitness for purpose of event logs during data validation. Its primary
contribution lies in offering an alternative to conventional validation
practices by enabling domain experts to develop an understanding of
event logs through visual representations, from which representational
semantics are extracted to guide interpretation and further analysis.
The conceptual model is instantiated as a software prototype that
operationalizes these mechanisms and supports experts in carrying out
validation tasks in a structured and interactive manner.



J.A. Dormehl et al.

Table A.6
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Overview of development iterations, evaluation outcomes, and key insights for the system underlying AID4DE.

Iteration Development activities Evaluation results Key insights
1 « Reviewed literature on various data o Identified context window size « Pre-processing of event logs is
exploration tools and GenAl constraints of LLMs as a limitation required to make them suitable for
applications in BPM and PM for directly uploading event logs consumption by LLMs
« LLM applications can transform
complex contexts into natural
language representations
2 « Reviewed literature from the VA « Extracting and transferring « GenAl can bridge the gap between
domain representational semantics enables complex event data and
« Developed an initial prototype the LLM to understand event log data understandable representations for
visualizing event log data and « LLMs can summarize event log domain experts
extracting representational semantics characteristics based on the provided
for LLM input semantic data
3 « Incorporated additional visualizations « Interactive functionalities facilitate « Interactive features combined with
in the prototype to provide more deeper analytical insights into the enriched semantic data enhance both
representational semantic data for event log domain experts’ and LLM’s
the LLM  Enriching the LLM with more understanding of the event log
« Enabled interactive features, such as semantic data improves its
filtering and annotations, to explore comprehension of the event log
the event log
4 « Implemented GenAl-based guidance « Representational semantic data and « GenAl can effectively support the

aligned with the stated AQ and
stored semantic data

Conducted extensive prompt
engineering to refine guidance quality

AQ are essential for delivering
effective guidance in data validation
Prompt engineering enhances the
specificity and relevance of guidance

interpretation of event log validity,
forming a basis for assessing their
fitness for purpose

provided

While the proposed model and prototype effectively support the
evaluation of event logs, several limitations remain. In particular, the
approach depends on domain experts’ ability to externalize relevant
knowledge and engage in exploratory analysis, which may vary across
individuals and contexts. Future research could investigate automated
and semi-automated validation techniques, including agentic Al, to
complement expert-driven processes and further scale validation efforts
while preserving the benefits of human judgment.
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Table C.7
Detailed comparative analysis of existing artifacts with respect to the defined DOs.
Artifact DO1 DO2 DO3

Barbieri et al. [26]

Case Group Explorer [99]

InterLog [100]

Log to Model Explorer [45]

ProcessExplorer [101]

P2T [102]

RDB2Log [22]

VisProc [103]

VIT-PLA [104]

@ Provides natural lan-
guage answers but lacks
visualizations

@ Provides visualizations
and explanations but lacks
terminology clarification

@ Provides control-flow-
focused visualizations but
lacks natural language ex-
planations

@ Provides control-flow-
focused visualizations but
lacks natural language ex-
planations

@ Provides visualizations
but lacks natural language
explanations

@ Provides natural lan-
guage answers but lacks
visualizations

[ Provides tabular
overviews but lacks natural
language explanations

@ Enables visualizations
but lacks natural language
explanations
@ Provides visualizations
but lacks natural language
explanations

@ Supports only natural
language interaction with
event logs

@ Supports interaction via
clustering of traces into
groups and linked visual-
izations

@ Supports interaction
through filtering functions

(O Does not provide user
guidance

(O Does not provide user
guidance

(O Does not provide user
guidance

@ Supports interaction
through clustering and
filtering functions

(O Does not provide user
guidance

@ Supports interaction @ Provides dynamic sub-

through filtering functions set and insight recommen-
dations

@ Supports only natural () Does not provide user

language interaction with  guidance

event logs

@ Offers limited interac-
tion by allowing selection
of specific event log at-

@ Provides color-coding
to indicate data quality of
event attributes

tributes

@ Supports interaction  (O) Does not provide user
through clustering  guidance

functions

@ Supports interaction () Does not provide user
through clustering and  guidance

aggregation functions
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