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1. Introduction: Process Mining and Ontologies

Process mining has fundamentally transformed how organizations discover, monitor, and optimize
operational workflows [1]. Despite its data-centric foundation, real-world process mining is not a
purely data-driven practice. For example, repeated patient intake events for the same patient may
be interpreted either as evidence of finer-grained clinical activities or as erroneous duplicates that
should be removed. Such decisions—alongside filtering event logs, correcting timestamps, re-labelling
activities or objects, resolving case ambiguities, and abstracting events [2, 3]—show that transforming
raw event data into meaningful insights inherently depends on interpretive commitments. Rather than
treating these interventions as auxiliary “pre-mining” steps [3], they reflect the continual application of
domain knowledge throughout the analytical lifecycle, where analysts iteratively refine both data and
assumptions through modelling, transformation, and validation.

This doctoral work argues that these actions are central to the analysis itself, constituting the active
construction of a data theory [4]. A data theory is a formal specification of the interpretive commitments
that govern how raw event data is transformed into a computable representation. Rather than remaining
an implicit by-product of ad hoc pre-mining decisions, this work provides a formalization of such theories
together with a computational mechanism for applying them in practice, enabling analysts to inspect,
apply, and revise interpretive commitments without requiring expertise in ontology engineering.

The challenge of combining process knowledge with event data is well-recognized within the process
mining community. Recent efforts have targeted classification of data quality issues [2], challenging
event log data formats [5], and introducing new paradigms like object-centric event logs [6, 7]. While
these initiatives represent important progress, they do not fully address the broader problem of formally
capturing the knowledge and assumptions that shape the analysis itself [8]. Consequently, many critical
analytical decisions remain external to, and unrecorded by, the process models and event data on which
conclusions are ultimately based.

In parallel, the applied ontology community has developed rich conceptual models for representing
complex process entities and relationships [9, 10, 11, 12]. While these are widely used as reference
models across domains such as biomedicine [13], criminal law [14], manufacturing [15], and satellite
telemetry [16], process mining requires more than referential models. For example, when identifying
hand-offs in an event log, an analyst may wish to exclude events which amount to a support ticket
sitting in a queue, as no work is being done by any human resource 1. Rather than obfuscating domain
knowledge or goals behind filtering steps, we wish for this interpretation of the data to be explicit.
Encoding such choices as part of a formal representation enables them to be applied consistently, reused
across analyses, and modified independently of other modelling decisions, while directly shaping the
resulting analysis.

Realizing this integration, however, presents a significant interdisciplinary challenge. Foundational
ontologies prioritize faithful, detailed representations of reality, resulting in highly granular concep-
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tualizations with vast and diverse entities and axioms. While semantically robust, their operational
realization [4] over high-volume enterprise event logs is often intractable.

On the more lightweight side, Semantic Web approaches such as OWL ontologies, RDF, and virtual
knowledge graphs [18, 19, 20, 21] achieve scalability by restricting expressive power and delegating more
sophisticated reasoning to external software. Consequently, ontology-based process mining approaches
[22, 23, 24, 25] have largely focused on semantic annotation, data integration, and vocabulary alignment
rather than representing the interpretative decisions that shape process mining analyses. More broadly,
prior evaluations show that the expressive restrictions of Description Logic formalisms limit the ability
of Semantic Web ontologies to capture fundamental process dynamics and relationships [26, 27].

As a result, much of the knowledge guiding process mining remains opaquely embedded within
scattered scripts and software. This lack of operational transparency is especially critical for enterprises
under regulatory scrutiny (e.g., healthcare, finance, and insurance), where a formal, verifiable record of
how data were transformed is just as critical as the conclusions themselves.

This doctoral work approaches these issues through a middle ground: a hybrid reasoning paradigm
that combines scalable ontology-based data integration techniques with expressive logical formalisms.
By formalizing the process data theories [4] that analysts iteratively construct, this research provides a
framework for integrating foundational process ontologies with real-world event data while balancing
semantic expressiveness, transparency, and computational tractability.

To guide this work, the following research questions are posed:

• RQ1: What are the most significant and common kinds of interpretative choices made in analyzing
event log data, and how might they be characterized through ontological commitments?

• RQ2: How can applied ontology be utilized to formalize the iterative, interpretative decisions
that shape process mining analyses?

• RQ3: What logical and architectural choices are needed to enable an implementation of expressive
ontology-driven process mining while maintaining computational tractability?

Substantial progress has already been made toward these objectives. Prior work during the PhD
established theoretical foundations of process data theories and their operational realization with
expressive ontologies [28, 4]. These contributions are supported by a working software implementation
2 that couples scalable data integration technologies [21, 29] with datalog and first-order logic process
ontologies [9, 30], demonstrating the practical feasibility of the proposed approach on real-world process
mining datasets.

The remainder of this paper outlines the research trajectory. Section 2 situates the project within the
broader literature. Section 3 presents the completed contributions and implementation status. Finally,
Section 4 discusses ongoing work regarding event abstraction and object-centric process ontologies,
outlining future directions toward a comprehensive ontology-driven process mining framework.

2. Identifying the Gap

Recent work has increasingly introduced formal and semantic techniques into process mining, ranging
from models based on temporal logics [31, 32] to ontology-driven querying of event data [33]. However,
these approaches remain structured around an onto/logical divide: formal mechanisms are used for
representation or reasoning, but the ontological commitments they encode about processes, events,
and objects are rarely made explicit or operationalised. As a result, what we refer to as a process data
theory—the structured interpretation of event data through domain assumptions—remains implicit,
with design decisions driven primarily by implementation concerns such as scalability or decidability
rather than explicit semantic commitments. This limits support for principled reasoning about process
knowledge across analytical workflows.

2GitHub repository: https://github.com/Ontology-Benchmarks/opal
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Event Knowledge Graph (EKG) approaches extend process mining representations by integrating
heterogeneous behavioural data into graph-based structures [34]. While this improves representational
flexibility, transformations are encoded directly in query logic rather than through explicit interpretive
mappings. For example, assumptions such as “a hand-off excludes transfers via system queues” or
“multiple intake events correspond to a single real-world patient admission” would be embedded
implicitly in queries rather than represented in a more formal and reusable manner. Object-centric
extensions (e.g., OCEL/OCED [35]) further improve structural expressiveness but remain schema-driven,
without an explicit mechanism to represent and reuse such interpretive assumptions.

Declarative and data-aware process models, such as DECLARE [31], provide a formal foundation
based on Linear Temporal Logic (LTL) [36], enabling specification of processes in terms of constraints
over event sequences. However, they rely on a rigid assumption of events being homogeneous and
totally ordered, which clashes with the messiness of real-world event logs. Extensions incorporating
data and objects [32, 37] partially address this limitation by enriching events with attributes or object
relations, but still rely on flattening heterogeneous domain interpretations into simple attribute-value
encodings, leaving the underlying interpretive commitments implicit.

Ontology-Based Data Access (OBDA) frameworks, exemplified by ONPROM in process mining
[33], use lightweight ontologies to mediate queries over underlying event data. While effective for
structured data access, OBDA is primarily a retrieval mechanism: it supports querying a fixed dataset via
an ontology, but does not support data transformation or the representation of alternative interpretations
of the data. As a result, interpretive operations such as filtering, correction, or re-labelling remain
external to the framework and must be handled outside the ontology layer.

Semantic Web vocabularies and event ontologies, including BPMO [38] and SUPER [22, 23],
primarily function as lightweight annotation or classification schemes. They are limited by the usage of
less expressive semantic web formalisms, prioritizing taxonomic relations over complex relations like
temporal structures or causal dependencies. Empirical evaluations against foundational ontologies such
as PSL [9] and UFO [10] highlight these gaps in the ability of these lightweight approaches to represent
competency questions about rich process concepts [26, 27].

Collectively, these paradigms illustrate a persistent limitation: existing semantic and formal ap-
proaches either scale by restricting expressive interpretive power or increase expressiveness at the cost
of computational feasibility, without providing a mechanism to explicitly represent and execute process
data theories as part of the analytical workflow.

3. Research Progress and Implemented Contributions

This PhD work has advanced the research questions with several key areas of focus: (i) the construction
of interpretive process knowledge, (ii) its formal representation, and (iii) its execution over event data.
Figure 1 illustrates the supporting architecture for this structure and the relationships between its
components.

Interpretive foundation: process data theories (RQ1). At the foundation of the approach is the
characterization of interpretive decisions involved in transforming raw event data into meaningful
process representations. These include decisions such as event filtering, activity and object identification,
case construction, and abstraction. This work formalizes these as elements of a process data theory,
a structured specification of how a dataset is interpreted through domain assumptions grounded in
a process ontology. The specifiation of data theories is partly explored in our previous work [4], but
an ongoing submission to the Applied Ontology journal aims to flesh this out in much greater detail.
While data theories themselves are not strictly a system component, they provide the conceptual basis
for all subsequent formalization.

Formalization through ontology mapping and patterns (RQ2). The second element oper-
ationalises process data theories through formal representations based on ontology mappings and
reusable templates. Our earlier work introduced a pattern-based methodology for constructing such
theories using ontology-driven knowledge patterns [28]. These patterns encode various interpretive



Figure 1: High-level architecture of OPAL

decisions—like event abstraction, or elements of a process model—as parameterized and reusable arti-
facts. These patterns are intended to make interpretive decisions explicit and reusable across analyses.
Take for example modelling causal dependencies: a practitioner simply instantiates a pattern like
Precedes(QualityCheck, Ship). While similar in usage to DECLARE constraints, these templates
are significantly more expressive; because they are grounded in a foundational ontology, they can
capture complex semantics like participation, occurrences over time intervals, and nested subactivities.
This mapping and templating is intended to enable the creation of data theories without requiring
practitioners to be experts in knowledge representation.

Execution layer: OPAL system (RQ3).
To address the challenge of balancing computational tractability with expressive process reasoning,

the Ontology-driven Process Mining Analysis Library (OPAL) employs a hybrid reasoning architecture.
Standard Semantic Web ontologies alone lack the expressivity required for deep process logic [26, 27].
We therefore leverages mature, highly scalable Semantic Web mapping tools (Ontop [21] and DuckDB
[29]) for efficient virtualisation, and utilize more an expressive Datalog engine (Soufflé [30]) for heavier
reasoning.

The system materializes these results as inferred process facts—such as state changes, and participation
constraints. Crucially, OPAL also outputs a metadata artifact that records the process data theory
applied, capturing all mappings, templates, and interpretive assumptions to enable reproducibility and
verifiability.

Integration and workflow. As illustrated in Figure 1, interpretive decisions (RQ1) are formally
encoded as data theories, instantiated via expressive ontology templates (RQ2), and executed through
OPAL’s hybrid architecture (RQ3). This strict modular separation ensures that explicit, formally verified
domain knowledge—rather than opaque analytical assumptions—drives process mining analysis.

Ongoing work. Our current efforts to extend this foundational architecture are advancing along
three targeted tracks:

• Process Data Theories: The core formalization of pattern-based data theories and interpretive



mappings is being expanded for submission to the Applied Ontology journal.
• Mereological Event Abstraction: To yield deeper insights into how raw data abstracts to

high-level behavior, we are formalizing event abstraction not as a pre-processing step, but as
ontological commitments grounded in process mereology (targeting ICPM 2027).

• Ontology Discovery: We are developing automated, implementation-focused methods to dis-
cover implicit ontologies from object-centric (OCEL) datasets by analyzing object co-participation
and synchronization patterns (targeting the Business & Information Systems Engineering (BISE)
journal).

Together, these contributions demonstrate a clear progression from formalizing interpretive structures
to executing them within a scalable, ontology-driven process mining framework.

4. Discussion and Conclusion

This doctoral project investigates how applied ontology can be used to make the interpretative knowl-
edge underlying process mining analyses explicit, reusable, and computationally tractable. While
process mining is often presented as a data-driven discipline, practical analyses depend upon numerous
assumptions and interpretations rooted in external domain knowledge. These assumptions frequently
remain embedded within software pipelines or analyst expertise, limiting transparency, reproducibility,
and verification.

The contributions completed to date establish the foundations for addressing this challenge. The in-
troduction of process data theories provides a formal mechanism for representing interpretative process
mining knowledge, while the OPAL architecture demonstrates how expressive process ontologies can
be connected to real-world process data. The accompanying software implementation further shows
that these ideas can be operationalized using existing data integration and reasoning technologies
without significant sacrifices to reasoning capabilities of practical process mining applications.

A central contribution of this work is the identification of a middle ground between two extremes
that have traditionally characterized ontology-based approaches to process analysis. At one extreme,
lightweight semantic technologies provide scalable data integration but offer limited support for
representing complex process knowledge. At the other, expressive foundational ontologies provide rich
conceptual models but often lack practical mechanisms for operational realization over enterprise-scale
datasets. The proposed framework combines the strengths of both approaches by maintaining explicit
ontological commitments while leveraging scalable data processing infrastructure.

Many process mining tasks, particularly those involving statistical analysis, machine learning, and
large-scale discovery algorithms, are better addressed through specialized computational methods.
We do not aim to replace these methods but to complement these approaches by providing formal
representations of the knowledge and assumptions that shape process mining analyses. In doing
so, ontology-driven process mining can improve transparency, reproducibility, interoperability, and
verification across the broader process mining lifecycle.

More broadly, this research contributes to both the process mining and applied ontology communities.
For process mining, it provides mechanisms to formally represent and characterize the knowledge used
to interpret process data. For applied ontology, it offers a means of grounded, data-driven application
of process ontologies through operational realization with real-world datasets. By bridging these
communities, this doctoral project aims to establish both ontology-driven process mining and data-driven
process ontology as practical and semantically rigorous paradigms for making process mining more
meaningful.
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