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Abstract
Decision Mining (DM) aims to explain process behavior by identifying the decision logic underlying routing
choices. However, conventional DM approaches rely on case-centric event logs, meaning they cannot fully
capture the complex multi-object interactions inherent in real-world business processes. In this thesis, I introduce
a novel DM framework for object-centric processes, which exploits the object relations present in object-centric
event logs (OCEL), while maintaining the interpretability and expressivity of the discovered decision rules. This
study follows the Design Science Research methodology. Early work included a systematic literature review,
accompanied by an ontology that formally captures the various aspects of DM. This initial work enabled the
identification of gaps and research opportunities in object-centric DM. Currently, multiple potential solution
approaches are being investigated, including inductive logic programming, graph-based learning, and knowledge
distillation. Subsequent phases will implement the framework and evaluate it empirically on synthetic and
real-world OCEL datasets.
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1. Introduction

Process Discovery is a well-developed area of Process Mining (PM) that aims to identify a process’s
behavior from event logs [1]. Based on sequences of events, it discovers a high-level representation of
process behavior, which enables identification of workflow variants, behavioral patterns, and alternative
process paths. Yet, it fails to explain the underlying reasons for the observed behavior—i.e., why objects
follow particular paths through the process [2, 3]. Decision Mining (DM) is a subfield of PM that identifies
criteria for choosing branches at Decision Points (DP). For example, at a triage DP, DM could determine
that “oxygen saturation below 90%” is a criterium for following the «Admission» branch. Rozinat et al.
[2] proposed the concept of DM in 2006 by describing each DP as a classification problem. Typically,
DM incorporates Machine Learning (ML) algorithms to derive decision rules.

In parallel, Object-Centric Process Mining (OCPM) has emerged as a novel PM paradigm that captures
the multi-object interactions inherent in processes [4, 5]. Compared to a conventional case-centric event
log, where each event is tied to a single case identifier, an object-centric event log (OCEL) allows an event
to be linked to multiple objects simultaneously [4, 6]. For example, a surgery process simultaneously
involves a patient, several physicians, and medical supplies. To explain behavior at a particular point
in the process, information (such as events) related to all these objects can thus be exploited [4].
Decisions rarely depend on a single isolated case, but rather on shared resource constraints, physician
workloads, and evolutions of object attributes [4]. Thus, it is vital to capture information across all
these interacting entities. In this thesis, I define the concurrent temporal evolution of object lifecycles
alongside their structural interdependencies—i.e., direct Object-to-Object (O2O) and Event-to-Object
(E2O) relationships—as multi-dimensional dynamics. To capture multi-dimensional dynamics, OCELs
inherently utilize a heterogeneous graph design—comprising distinct node types for events and objects,
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and edges representing O2O and E2O relations—thereby preserving object-relational information that
remains hidden in case-centric logs [6, 7].

It has been argued that decision-making in real-world processes is also object-centric [8]. For
instance, deciding a patient’s treatment pathway may depend not only on the patient object’s clinical
priority, but also on hospital resource objects, such as physician expertise and equipment availability.
Most research to date has been limited to case-centric DM, which recognizes process-spanning and
instance-spanning decisions [9, 10]; for instance, where a decision on an «ICU Admission» depends not
only on a patient’s condition, but also on instance-spanning priorities across concurrent cases and
process-spanning resource constraints (e.g., physician workload and equipment availability). Earlier
non-OCEL techniques attempted to incorporate such context by injecting related data into the event
log, for instance, as discrete attributes [3]. In general, however, case-centric event logs fundamentally
lack the structure required to capture this information natively [3, 4]. Such approaches thus ignore the
multi-dimensional dynamics found in OCELs as described earlier. Object-centric DM introduces a multi-
dimensional perspective for identifying complex decision rules driven by cross-object interdependencies
[3, 8]. Despite this potential, object-centric DM remains a less-explored area in PM research [8]. This
gap presents a significant research opportunity: to design and develop a novel DM framework that
directly leverages the complex relational information in OCEL to identify the distributed decision logic
among interacting process objects [3, 8].

2. State of the Art

Conventional DM considers each DP as a classification problem. First, related data for each DP is
collected and transformed into an attribute–value structure, where each row represents a case, and each
column represents a feature describing the state upon reaching the DP. Complex types of information
(e.g., time series data) are usually converted into discrete features and integrated into the tabular
representation [11, 12]. Each case is then labeled according to the associated choice, that is, the chosen
DP branch. The labeled data is subsequently employed to train an interpretable classification model
(typically a decision tree) from which decision rules can be derived. Collectively, these rules explicitly
represent the conditions that influence the selection of alternative process paths. Thus, conventional
DM requires transforming all relevant process and contextual data into a case-based tabular dataset.
Generally, reducing graph-structured data to a flattened, bi-dimensional representation has several
significant limitations, including the imposition of an artificial linear ordering, an inability to capture
dependencies and hidden relational semantics, and a heavy reliance on inflexible, hand-engineered
features [13].

To the best of my knowledge, the Integrated Object-centric Decision Discovery Algorithm (IODDA)
introduced by Goossens et al. [8] is the only current work on object-centric DM. This approach builds on
and extends the case-centric Variable-Activity Pair (VAP) method by De Smedt et al. [14] . Notably, this
work extracts decision rules by tracking how activity executions change process variables (i.e., variable
shifts), rather than by analyzing a predetermined DP. The authors aimed to adopt this algorithm for a
multi-object context without flattening the event log, and thus avoiding the effects of convergence (i.e.,
artificial duplication of events [7]) and divergence (i.e., loss of explicit object-instance assignments [7]).
To that end, they utilized a native multi-dimensional data structure termed Data-Aware Object-Centric
Event Log (DOCEL) [15]. Instead of the aforementioned bi-dimensional pairs, IODDA extracts Attribute-
Activity-Object Type Shifts (AAOTS), tracking attribute changes relative to multi-object lifecycles rather
than a case identifier. To capture correlations among different objects involved in a decision, the
algorithm cross-analyzes intersecting event paths across object traces. For instance, in the earlier «ICU
Admission» example, the decision logic could be dependent upon the attributes of both the Patient (e.g.,
severity score) and the Physician (e.g., previous decisions). Consequently, IODDA produces a holistic
Decision Requirements Diagram (DRD) that maps variables to their respective object types.

This approach has two critical limitations. First, at the data preparation layer, the DOCEL structure
was developed to formalize variable states and their changes with respect to object lifecycles, thereby



avoiding the OCEL 1.0 limitations in tracking dynamic object attributes [15]. The recent introduction
of the OCEL 2.0 standard natively incorporates Evolving Object Attribute Values [16], thereby removing
this requirement for intermediate formats. Moreover, because the DOCEL metamodel relies on explicit
E2O foreign keys, it can neither capture standalone O2O relationships independent of events, nor
process qualified semantic roles (i.e., Qualifiers) natively supported in OCEL 2.0. Instead, IODDA
heuristically extracts O2O dependencies from overlapping object traces rather than exploiting direct
semantic relations. As in the aforementioned «ICU Admission» example, the decision logic may depend
on a physician’s role as a Primary Surgeon or an Assistant (i.e., a qualifier), alongside a direct O2O link
between a specialized monitoring device and the ICU department. As DOCEL lacks native qualifiers and
relies solely on E2O links, IODDA treats all involved physicians identically and can only artificially infer
O2O relations from overlapping events. Consequently, the extracted rules may become overgeneralized
and fail to capture the exact decision criteria. Second, this pipeline relies on human domain experts,
who must manually configure parameter thresholds (e.g., minShift and minCorr) and filter out spurious
statistical correlations that lack substantive business semantics. These limitations point towards a
strong research opportunity to develop a native DM method that operates directly upon a standard
OCEL 2.0 relational structure.

3. Problem Statement and Research Questions

The following deficiencies have been recognized:
Challenge 1: Relational Blindness and Flattening Limitations: In OCEL 2.0, relationships are

no longer restricted to event-based connections (i.e., E2O relationships); logs natively include direct
O2O relationships (e.g., a connection between a doctor and a hospital), dynamic attributes (e.g., a doctor’s
evolving certifications), and relationship qualifiers [16]. Conventional DM methods do not consider
these rich, event-independent relationships. To interpret them with commonly used ML classifiers (e.g.,
decision trees), researchers must flatten the log into attribute-value tables. This causes a significant
limitation as it reintroduces the dimension-reduction problems that originally motivated the switch
away from case-centric logs [8].

Challenge 2: Temporal Evolution and Multi-Object History Modeling: Given that real-world
processes are highly dynamic and that object attributes change constantly over time, decisions often
depend on a combination of concurrent object conditions and their previous transaction histories [3,
9, 10, 11, 12, 17]. For example, when a doctor evaluates a patient at a DP to choose between «ICU
Admission» and «Surgery», this path choice does not depend solely on a static snapshot of the patient,
but also on the temporal evolution of their condition (e.g., changing vital signs over the past six hours)
and the cumulative historical profiles of all interacting objects up to that point (e.g., the availability of
the surgery room, and number of hours that the doctor has already spent in surgery). A substantial
challenge is that conventional DM models are not designed to capture such temporal evolution, nor do
they consider the independent historical profile of objects before they intersect at a DP [3].

Challenge 3: Dependency on Domain Experts and Manual Preprocessing: Previous work on
object-centric DM requires human domain experts; they rely on statistical correlation parameters that
require specific hyperparameter adjustments, such as defining precise thresholds for minimum variable
shifts [8]. Moreover, real-life event logs often include attributes with non-scalar, structured formats,
such as nested lists or dictionary elements (e.g., a patient’s treatment cost attribute containing a list of
values of physician fees, medication charges, and facility surcharges) that specify feature variations.
Although current DM approaches through feature engineering could extract object relations or flatten
such complex schemas for standard classifiers, they require extensive manual preprocessing and feature
normalization [8]. Such dependence on human expertise challenges the automated functionality of DM.

In light of this, the following research questions are presented:

• RQ1 (Object History and Temporality): How can the continuous temporal evolution and
historical lifecycles of interacting process objects be leveraged to discover decision rules that
capture their cumulative behavior over time?



• RQ2 (OCEL 2.0Relational Richness andComplexAttributes): How can an object-centric DM
framework natively leverage the relational topology and rich information of the OCEL 2.0 standard
to discover realistic, context-aware business decision rules? Note: OCEL 2.0 information includes
comprehensive multi-dimensional relationships, relationship qualifiers, evolving attribute values,
and complex non-scalar formats.

4. Research Methodology

This research adopts the Design Science Research (DSR) paradigm [18, 19] to address the research gaps
highlighted in Section 3. The research objective is to develop and evaluate a novel DM framework
for object-centric event data (main artifact). The study follows the DSR procedure through the stages
of Problem Identification, Objective Definition, Artifact Design and Development, and Evaluation. The
operational feasibility of the main artifact will be evaluated using both real-world and synthetic OCEL
datasets, in addition to domain expert evaluations, in accordance with the DSR paradigm.

5. Proposed Research Directions

This thesis proposes a novel DM framework leveraging the native relational topology of OCEL 2.0
and objects’ lifecycles to produce interpretable decision rules. The framework is designed around four
main stages: (i) identifying decision-relevant contexts by extracting multi-dimensional relationships,
relationship qualifiers, evolving attribute values, and objects’ temporal histories from OCEL (addressing
Challenge 1, Challenge 2, and RQ1); (ii) representing this heterogeneous graph and temporal information
without inducing dimension-reduction or flattening distortions (addressing Challenge 1 and RQ2);
(iii) discovering interpretable, context-aware business decision rules from the enriched representation
through automated learning (addressing Challenge 3 and RQ2); and (iv) evaluating the quality of the
discovered rules according to predefined criteria. To address stages (ii) and (iii), arguably the most
challenging stages, I plan to pursue the following directions:
Inductive Logic Programming (ILP): ILP is an ML technique that learns first-order logic rules

directly from multi-relational graphs and domain background knowledge (BK) [20, 21]. Unlike common
classification techniques that flatten graph data, ILP directly manipulates first-order clauses, hence
preserving the relational and topological integrity of the log [20, 22, 23]. Modern, state-of-the-art ILP
systems (e.g., Popper) can induce optimal, recursive logic programs by searching the hypothesis space
via a generate-test-and-constrain loop [21]. Natively incorporating BK allows the framework to encode
historical event sequences, evolving attribute values, and object lifecycle transitions. This support
for recursion and first-order relational reasoning contributes to RQ1, providing the formal modeling
foundation needed to capture the temporal history of interacting objects and to extract human-readable,
context-aware decision rules without the dimensional reduction or distortions of flattened datasets.
Graph-based Learning: By encoding OCEL data as graphs, graph-based ML techniques such as

Graph Neural Networks (GNNs) can be applied. Graph-based learning can directly learn from relation-
ships among events and objects, thereby exploiting the topological characteristics of object-centric
processes [13, 24]. Such models could represent complex dependencies, including relationships among
object types and object lifecycle interdependencies, which are difficult to model using conventional
tabular representations [4, 24]. For graph-based learning, OCEL can be transformed into suitable
structures, such as Event Knowledge Graphs [25], or represented directly in native graph formats (e.g.,
HOEG [24]). However, a significant obstacle here is that GNN-based models are often black-box, which
may limit interpretability and the extraction of explicit decision rules [4, 13]. This issue motivates the
subsequent direction.

Knowledge Distillation (KD): The third direction is to apply KD, where knowledge acquired by an
advanced teacher model (e.g., a GNN analyzing OCEL) is transferred to a simpler, interpretable student
model (e.g., decision tree) [26, 27]. This approach may facilitate the use of rich relational information
in OCEL through graph-based learning while maintaining the required interpretability of decision



rules [27, 28]. Developed frameworks, such as GraphChef [29] and Tree-Network-Tree [26], and logical
distillation via Iterated Decision Trees (IDT) [30], suggest the viability of extracting knowledge from graph
models to create interpretable learners, such as decision trees. Moreover, the IDT approach extracts
symbolic rules in first-order logic, thereby creating a connection between GNNs and ILP techniques [30].
Although proving that the student model accurately retains decision-relevant knowledge remains a
significant challenge [26, 27, 29], combining graph learning with symbolic rule extraction primarily
addresses RQ2, enabling the framework to exploit OCEL 2.0’s full relational richness while extracting
interpretable, context-aware decision rules.

6. Research Roadmap and Current Progress

The research completed the DSR phases (introduced in Section 4) of problem identification and objective
definition. A systematic literature review (SLR) [3] was conducted to identify the previous advancements
in DM and to highlight existing research gaps. The results of the review and DM concepts were
formalized by developing an ontology for the DM research [31]. Based on gap analysis, DM in object-
centric processes has been studied, including a detailed analysis of Goossens et al. [8] , to identify
current advancements and open research challenges. Several candidate solution directions have been
identified. The next DSR phases will be centered on artifact design, development, and evaluation.

An empirical evaluation methodology will be used to assess the proposed framework. The overall
quantitative capabilities of the framework will be evaluated using k-fold cross-validation on publicly
available event logs in the standard OCEL 2.0 format (such as Logistics or Order Management logs from
the official repository [32]). The performance of the proposed framework will be evaluated against the
IODDA algorithm by Goossens et al. [8] , the only object-centric DM framework (at the time of writing);
and traditional case-centric DM approaches, including those focusing on process-spanning constraints.
I will use standard statistical metrics (Accuracy, Precision, Recall, and F1-score). The discovered decision
rules will also be evaluated individually against rule-based criteria – specifically Interpretability, Effective
Complexity, Parsimony, and Remine Consistency – in line with Wais et al. [33] . In addition, for a real-
world dataset, the discovered rules will be validated by a domain expert, whereas for a synthetic log,
they will be evaluated against pre-designed ground-truth rules injected during log synthesis.

7. Conclusions

Existing DM approaches have mainly been developed for case-centric event logs, while limited research
has investigated how the relational information available in OCEL can be leveraged for DM. This
research seeks to exploit OCEL’s object-relational information while preserving the interpretability and
expressivity of the discovered decision rules. This study follows the DSR methodology. In the initial
stages, an SLR and an ontology have been developed to explore the state of the art and identify current
limitations of DM in object-centric processes. Future work will concentrate on the design, development,
and evaluation of a novel DM framework that leverages OCEL’s object-relational information to generate
realistic, interpretable decision rules.
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