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Abstract

Recent years have seen the emergence of object-centric process min-
ing techniques. Born as a response to the limitations of traditional
process mining in analyzing event data from prevalent information
systems like CRM and ERP, these techniques aim to tackle the defi-
ciency, convergence, and divergence issues seen in traditional event
logs. Despite the promise, the adoption in real-world process min-
ing analyses remains limited. This paper embarks on a comprehensive
literature review of object-centric process mining, providing insights
into the current status of the discipline and its historical trajectory.
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1 Introduction

Process mining, as outlined in van der Aalst (2016), forms an integral part
of data science, aiming to extract valuable insights about business process
executions from event data embedded in the supporting information systems.
Traditional process mining methods, encompassing process discovery, confor-
mance checking, model enhancement, and predictive analytics, hinge on a case
notion — a criterion that bundles events belonging to a single execution of the
business process.

Consider a ticketing management system; the ticket identifier consolidates
all events related to its closure. Yet, certain information systems, like ERP,
complicate the establishment of a single case notion. An invoice could link to
multiple orders, and the same order may result in multiple invoices. Likewise,
an order may be shipped through multiple packages, each of which may contain
items from different orders. Such one-to-many and many-to-many relations
make it unnatural, if not impossible, to view and analyze the process through
a single, pre-defined case notion.

This is where object-centric process mining enters the scene. Tailored to
analyze event data from such systems in a more intuitive manner, these tech-
niques have seen foundational advancements in recent years. Only recently
have they been implemented with publicly available tool support and event
logs, owing to events not being tied to a single case notion, necessitating new
data storage standards.

The discipline’s infancy saw the proposal of substantially divergent meth-
ods for extraction, storage, preprocessing, discovery, conformance checking,
and performance analysis. As such, navigating this wide range of approaches
without expert guidance is a daunting task. Through this paper, we embark
on a literature review journey to comprehend the primary research directions
of this research line, provide a reading list of key results for beginners in the
field, and offer insights into the open challenges and future steps. Furthermore,
we aim to assess the discipline’s maturity in terms of scalability and project
support for analyzing event data in real-world information systems.

Guided by the principles laid out in vom Brocke et al (2009), our literature
review follows five phases: defining the review scope, conceptualizing the topic,
literature search and evaluation, literature analysis and synthesis, and setting
the research agenda.

Following this introduction, the paper is structured as follows. Section
2 presents the search query and acceptance criteria (phases 1 and 3 of the
methodology). Section 3 delves into an analysis of the results. This encom-
passes Subsections 3.1, 3.2, 3.3, 3.4, and 3.5 that respectively summarize the
basic concepts and object-centric process models, propose a paper categoriza-
tion, propose paper analysis dimensions, and describe the discipline’s temporal
evolution (phase 4). Finally, Section 4 concludes the paper with a reflection
on the discipline’s history and future outlook (phase 5).
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Table 1: Refinement process of the search query.

Search Query Number of
results
TITLE-ABS-KEY (”process mining”) AND TITLE-ABS- | 73

KEY (”object-centric” OR ”artifact-centric”)
TITLE-ABS-KEY (”process mining” OR 7process discov- | 82
ery” OR 7conformance checking”) AND TITLE-ABS-
KEY (”object-centric” OR ”artifact-centric”)
TITLE-ABS-KEY (" process mining” OR ”process discov- | 89
ery” OR 7conformance checking”) AND TITLE-ABS-
KEY (”object-centric” OR ”artifact-centric” OR ”object-
aware” )

TITLE-ABS-KEY (" process mining” OR ”process discov- | 94
ery” OR ”conformance checking”) AND TITLE-ABS-
KEY(”object-centric” OR ”artifact-centric” OR ”object-
aware” OR ”multiple entities”)

TITLE-ABS-KEY (”process mining” OR ”process discov- | 114
ery” OR 7conformance checking”) AND TITLE-ABS-
KEY (”object-centric” OR ”artifact-centric’ OR ”object-
aware” OR "multiple entities” OR ”graph database”)
TITLE-ABS-KEY (”process mining” OR ”process discov- | 119
ery” OR 7conformance checking”) AND TITLE-ABS-
KEY (”object-centric” OR ”artifact-centric’ OR ”object-
aware” OR ”multiple entities” OR ”graph database” OR
" case notion”)

TITLE-ABS-KEY (" process mining” OR ”process discov- | 127
ery” OR 7conformance checking”) AND TITLE-ABS-
KEY (”object-centric” OR ”artifact-centric’ OR ”object-
aware” OR "multiple entities” OR ”graph database” OR
7case notion” OR "merging event logs”) OR (TITLE-
ABS-KEY (”object-aware”) AND TITLE-ABS-KEY (" petri
net”))

2 Search Query and Acceptance Criteria

In doing this literature review, we want to include any scientific paper on
object-centric process mining.

The refinement of the search query, illustrated in Table 1, utilized the
scopus search engine and incorporated an iterative approach with vari-
ous keywords related to process mining, object-centric, and artifact-centric
concepts.

Initially, we explored various synonyms of artifact-centric and object-
centric terms, including object-aware, multi-case, multi-instance, multiple
cases, multiple instances, and multiple process instances. However, only object-
aware and multiple entities significantly refined the search query, yielding
additional pertinent results.



Springer Nature 2021 BTEX template

4 Advancements and Challenges in Object-Centric Process Mining

The potential of graph databases for storing and querying object-centric
event data is noteworthy, given their capability for handling extensive inter-
connections (event-to-event, event-to-object, object-to-object). Despite testing
different synonyms such as event graph, knowledge graph, and property graph,
these terms did not supplement the original query with additional findings,
hence, they were omitted from the final search query.

Historically, before the advent of object-centric process mining techniques,
the choice of a case notion was a fundamental step in the analysis process.
Consequently, the inclusion of techniques assisting in the selection of the case
notion provides valuable historical context to this review.

Likewise, merging techniques that amalgamate event data from various
systems or organizations played a pivotal role before object-centric techniques
were available. By including log merging techniques in this review, we aim to
gain comprehensive insights into the handling of multiple event data sources
in the past.

Finally, we considered it necessary to include object-aware extensions of
the Petri net concept in our search query to shed light on those works that
infuse the control flow specification of processes (typically tackled with Petri
nets) with objects, relations, and their manipulation. This, in turn, serves as
a reference for forthcoming advancements in the field.

The final query is reported below:

(TITLE-ABS-KEY("process mining" OR "process discovery"

OR "conformance checking")

AND TITLE-ABS-KEY("object-centric" OR "artifact-centric"

OR "object-aware" OR "multiple entities"

OR "graph database" OR "case notion" OR "merging event logs"))
OR (TITLE-ABS-KEY("object-aware")

AND TITLE-ABS-KEY("petri net"))

The search query produced some spurious results, so we identified some
acceptance criteria to filter the results in agreement with the goals of this
review:

1. The reference should be properly inserted and mentioned in scopus. More-
over, for the duplicated entries, only one entry is kept. This reduces the
number of results from 127 to 96. An example of an entry excluded
with this criteria is 28th International Conference on Cooperative Infor-
mation Systems, CooplS 2022 because it (wrongly) reports the name of
a conference as a reference to a specific paper.

2. The event data or process model used in the paper should allow for
the interaction of an event with several objects of different types, the
interaction between cases of different event logs, the choice of a case
notion between many available possibilities, or being about advanced
object-aware processes on top of which process discovery or conformance
checking techniques are currently in the work. This reduces the number
of results from 96 to 71. Examples of entries excluded with this crite-
ria are Uncertain Case Identifiers in Process Mining: A User Study of
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the Event-Case Correlation Problem on Click Data' (because the event
correlation is done on data without any case identifier) and Graph-Based
Token Replay for Online Conformance Checking?® (because a traditional
token-based replay technique is applied).

3. The paper was published between January 2010 and June 2023 (this does
not reduce the number of results, but makes the review reproducible).

3 Analysis

In this section, we provide a general framework for classifying the reviewed
papers, on the one hand considering the modeling dimensions when captur-
ing object-centric event data and corresponding processes, and on the other
focusing on the different types of analysis. We start the required preliminaries
on the modeling dimensions. We continue with a categorization of the papers
obtained with the search query and with the core section that reviews the
papers using our classification scheme. We complete with a brief account of
the temporal evolution of the discipline.

3.1 Fundamental Definitions

The execution of business processes is supported by information systems,
such as database management systems. Such information systems contain rel-
evant information about different objects, also called entities. As customary in
every data modeling approach, objects belong to different object types (people,
places, documents), also called classes.

Also, information systems store information about the events related to
the creation / deletion / update of an object or a set of objects, resulting
from the execution of one or of multiple processes. We could group events in
event types, also called activities, based on their logical function (for example,
we could group all the events creating an object of type person into the class
create person record).

As customary in process mining, regardless of its specific type, every event
happens at a specific point in time, called the timestamp of the event. Each
timestamp belongs to a dedicated type T, which in turn is an infinite set
equipped with a total order. Concrete representations for T are, for example,
integer or real numbers.

The lifecycle of an object is the set of events related to the object (for
example, all the events going from the creation/birth to the deletion/death of
the person). Assuming a total order on the events of the information systems

1Peg0rar0, Marco, et al. ?Uncertain case identifiers in process mining: A user study of the event-
case correlation problem on click data.” Enterprise, Business-Process and Information Systems
Modeling: 23rd International Conference, BPMDS 2022 and 27th International Conference, EMM-
SAD 2022, Held at CAiSE 2022, Leuven, Belgium, June 6-7, 2022, Proceedings. Cham: Springer
International Publishing, 2022.

2Waspada, Indra, et al. ” Graph-Based Token Replay for Online Conformance Checking.” IEEE
Access 10 (2022): 102737-102752.
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(e.g., that induced by event timestamps), each object with a non-empty life-
cycle is associated with a start event and an end event. The term artifact is
also used to refer to relevant objects and their lifecycle.

Objects and events may participate in different types of (binary) relation-
ships, also stored inside the information system, and constituting an integral
part of (object-centric) event logs. Three categories of relationship types are
distinguished in the literature:

¢ E20 - relating events to possibly multiple objects. A pair (e, 0) concep-
tually indicates that event e is related to object o. In general, events may
be related to objects of distinct types. As an example, two E20 relation-
ships can be used to indicate that add item events relate to a container
order and to a target item (likewise for remove item).
¢ 020 - relating objects to other objects. A pair (01, 02) conceptually indi-
cates that the object o7 is related to 0s. An example is the containment
relationship connecting an order to its items.
¢ E2E - relating events to other events, e.g., to capture events with different
levels of granularity or to express control flow relations (such as start-
complete, directly-follows, ...) among events of the same granularity.
Additional key aspects, not discussed here, are needed to further detail the
aforementioned modeling elements. In particular, relationship qualifiers can
be used to specify the meaning of relationships, or, in the E20 case, to indi-
cate how events operate over their connected objects. For example, one may
want to capture that add item has the effect of creating an O20 containment
relationship between the container order and the target item (while remove
item has the effect of ceasing the containment relationship). Also, (timed)
attributes can be used to specify properties of objects/events and how they
vary over time. Furthermore, notice that additional modeling concerns (such
as n-ary relationships and properties of relationships) can be seamlessly cap-
tured using the elements introduced before by reifying relationship instances
into corresponding dedicated objects.

Traditional event logs record objects of a single object type and the events
are associated with exactly one object. We call case a set of events belonging
to the same execution of the process. A case notion is a criterion used to
group events into a case. Object-centric event logs drop these assumptions, so
objects of different object types are recorded. Different types of object-centric
event logs have been proposed in the literature, and we could identify some
interesting combinations.

For example, the popular OCEL format https://www.ocel-standard.org
covers E20 (where relationships are qualified at all), but not O20 nor E2E
relationships. The commercial vendor Celonis recently proposed the usage of
multi-event logs, which are collections of event logs and relationships between
the cases/objects of such logs. Therefore, multi-event logs belong to the cat-
egory 020. Celonis also proposed the signal link functionality exploiting
event-to-event relationships (E2E) to connect event data https://docs.celonis.
com/en/network-explorer-and-signal-link-explorer.html. Approaches based on


https://www.ocel-standard.org
https://docs.celonis.com/en/network-explorer-and-signal-link-explorer.html
https://docs.celonis.com/en/network-explorer-and-signal-link-explorer.html
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knowledge graphs Xiong et al (2022b) and so-called event knowledge graphs
Fahland (2022) capture a mixture of E20, 020, and possibly E2E relationships
in their full generality.
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Fig. 1: Object-centric directly-follows graph from Berti and van der Aalst
(2023). This process model belongs to the ET2ET (activities are connected by
arcs) and ET20T (arcs are colored according to the object type) categories.

The act of flattening an object-centric event log into a traditional event
log necessitates the selection of a case notion. This choice inherently leads to
three primary issues: deficiency, convergence, and divergence as articulated in
van der Aalst (2019). The problem of deficiency arises when certain events fail
to be encompassed within any case. For instance, events linked to a purchase
requisition that does not culminate into a purchase order may go unnoticed if
the order is selected as the case notion. Conversely, the issue of convergence
materializes when it becomes necessary to duplicate the same event across
various cases. A classic illustration of this would be the events associated with
an invoice comprising multiple orders when the order is elected as the case
notion. Lastly, the divergence problem emerges when multiple instances of the
same activity are presented within a single case. A case in point would be the
events correlated with different invoices belonging to the same order.

3.2 Object-Centric Process Models

Object-centric process mining techniques exploit object-centric event logs and
object-centric process models. Object-centric process models can be abstracted
as multigraphs in which the set of nodes are the activities or the object types
involved in the business process, and logical connections of different types
connect the nodes. To classify object-centric process modeling languages, we
mirror what is discussed for object-centric event logs, obtaining the following
categories:
e ET2ET: the model supports logical connections between event types/ac-
tivities. These connections can either be direct (e.g., two activities are
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connected in a directly-follows graph, see Fig. 1) or indirect (e.g., there
is a path in the Petri net between two visible transitions, see Fig. 2).

e ET20T: the model supports for logical connections between event type-
s/activities and object types/classes. These connections can be reported
as arcs (between event and object types) or as arc types (examples:
activity-to-activity arcs, see Fig. 1, Fig. 2 and Fig. 5).

e OT20T: the model allows for logical connections between object types/-
classes. These connections are often explicit (e.g., shown using conven-
tional representations from data modeling notations) and augmented with
conditions on the start/end/synchronization between object types (see
Fig. 3) or cardinality constraints (see Fig. 4).

A variety of modeling languages provide constructs within such three main

categories. We briefly describe the ones that are being tackled by process
mining techniques.
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Fig. 2: Object-centric Petri net from van der Aalst and Berti (2020). This
process model belongs to the ET2ET (activities are indirectly connected by
means of Petri net places) and ET20T (arcs are colored according to the
object type) categories.

Object-centric directly-follows graphs Berti and van der Aalst (2023) and
object-centric Petri nets van der Aalst and Berti (2020) extend DFGs and Petri
nets to the case where multiple objects flow through the process, and activities
may either operate on a single or different objects of possibly different types.
This is done by typing states/arcs with the type of objects that can reside
in/flow through them, which is graphically rendered with different colors used
for different types. Two examples are given in Fig. 1 and Fig. 2.

These two approaches provide ET2ET and ET20T constructs but do not
allow for object-to-object relationships, which in turn makes it impossible to
define conditions for execution requiring that the objects that simultaneously
flow through the same activity must be in a certain relationship. This is essen-
tial in Petri nets to realize object-centric forms of synchronization, e.g., the
fact that an order can only be shipped once all its contained items have been
validated.

More advanced modeling languages have been proposed to incorporate
OT20T constructs and, in turn, deal with such advanced forms of synchro-
nization - with the downside that they are more difficult to use within process
mining, and only a few process mining approaches have dealt with them up to
now.
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Fig. 3: A Proclet from Fahland (2019). This process model shows features of
all the three categories: ET2ET (activities are indirectly connected through
Petri net places), ET20T (each activity belongs to an object type and may
synchronize with activities in other object types), and OT20T (synchronized
activities implicitly establish relationships that can be used to constraint which
objects can simultaneously flow through them).

Proclet (in particular in the variant presented in Fahland (2019)) and
object-centric behavioral constraint (OCBC) models Li et al (2017); Artale
et al (2019b) do so through an implicit form of object manipulation, in the
sense that objects/relationships are implicitly created by activities, depending
on the constraints attached to them.

Specifically, Proclets are built starting from object-specific Petri nets, each
capturing the lifecycle of an object type in the process. Transitions from
different lifecycles are synchronized by introducing one-to-one and one-to-
many relationships, which indicate how many objects of each type can/must
flow together through the transition. This implicitly establishes a relationship
between such objects, which can be later used for different forms of synchro-
nization. For example, in Fig. 3, one can see that an order is split into multiple
packages. When this happens, the so-called correlation set O is initialized,
recalling the order identifier and all the package identifiers created therein.
Later, billing uses O to indicate that an order can be billed only if all its
packages are contingently billed as well.

Differently from Proclets, OCBC models employ declarative constraints
that co-refer through object and relationship types in a data model. Such
co-reference is used to scope the effect of each constraint. In the case of a co-
reference on an object type, the constraint is applied to activities executed on
the same object. In the case of co-reference on a relationship type, the con-
straint is applied to pairs of objects connected through that relationship type.
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Fig. 4: Object-centric behavioral constraints model from Artale et al (2019a).
process model shows features of all the three categories: ET2ET (activities are
connected by temporal constraints), ET20T (activities are linked to object
types), and OT20T (object types are linked by UML associations).

This must be substantiated in temporal semantics that simultaneously deals
with activities, objects, and their relationships Artale et al (2019b). For exam-
ple, in Fig. 4, the constraint insisting on the submit and register data activities
indicates that an application can only be submitted once the candidate owning
that application has registered their own data.
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Fig. 5: Petri net with identifier from van der Werf et al (2022). process model
shows features of all the three categories: ET2ET (activities are indirectly
connected through Petri net places), ET20T (activities manipulate objects
carried by tokens), and OT20T (tokens can carry tuples of objects).

A different approach to deal with all the three listed categories is by enhanc-
ing Petri nets with identifiers, on the one hand dictating that tokens can carry
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a single identifier (representing an object) or a tuple of identifiers (represent-
ing a relationship), and on the other providing inscriptions on arcs that are
used to create, consume, and manipulate tokens and the identifiers they carry.
For example, in Fig. 5, creating an offer requires a customer z in the cus-
tomer place and has the effect of creating a new offer y, and of establishing
a relationship (y,z) between the newly created offer y and the customer z.
The new offer y is inserted in place i, while the pair (y, z) is stored in place p.
This approach provides the backbone for different models of object-centric pro-
cesses where additional constraints are imposed on such identifiers Polyvyanyy
et al (2019); Ghilardi et al (2022). Notably, Ghilardi et al (2022) highlights
how this approach relates to Proclets and the different sychronization schemes
introduced in Fahland (2019).

As a final remark, we close by recalling that the term artifact-centric is
commonly used to refer to process models that explicitly deal with the ET2ET
and OT20T categories, and embed ET20T features inside the effects of
activities. Notable examples in this spectrum are GSM Hull et al (2011) and
BAUML Calvanese et al (2014).

3.3 Categories of Analysis

In this subsection, we categorize the results obtained from the search query
into different categories. Table 2 includes a synthetic representation of such
categories.

3.3.1 Extraction of Object-Centric Event Data

The techniques described in this subsection allow us to connect to a
relational /non-relational database and extract an object-centric event log.
Here, we distinguish between the definition of meta-models for the extrac-
tion (without any proposed implementation, e.g., Pajic and Becejski-Vujaklija
(2016); Pajic et al (2018, 2021)) or actual extraction techniques that have been
used to extract an object-centric event log. In Lu et al (2015), an approach for
artifact-centric process mining on top of SAP ERP is proposed, with an imple-
mentation (as a plug-in of ProM) allowing to ingest the artifact-centricity from
SAP and visualize the performance of the artifacts. According to the authors,
the implementation is tricky to configure and this makes the usage difficult for
the final user. In Berti et al (2021); Weber et al (2022), a generic approach to
extract event data from SAP ERP is proposed. This starts from the specifi-
cation of a starting object type/table of SAP and its progressive extension to
a bigger set of object types/tables through user interaction. Then, the tables
and the relationships between them are considered to automatically extract
an object-centric event log. This is user-friendly (no SQL query is asked to the
end user), allows to extract quickly different processes in SAP, and the tool
support is publicly available. However, the paper does not properly assess the
resulting object-centric event log. In Vugs et al (2022), Konetki, a tool offering
a structured approach to prepare event data for process mining, is presented.
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Konetki implements an object-centric data model from which object-centric
event logs can be extracted or different traditional event logs can be exported
using different case notions.

The extraction of an event log from the Dollibar ERP system is described
in Li et al (2018b). This log can be used with the object-centric behavioral
constraints techniques. Also, a log (always for OCBC techniques) has been
extracted starting from popular social media platforms (Facebook, Linkedin,
Twitter) in Li and de Carvalho (2019).

In Xiong et al (2022a,b), the Virtual Knowledge Graph (VKG) approach
to access data in relational databases is exploited to extract OCEL logs from
databases. The VKG approach is knowledge-based (and a similar approach,
OnProm, has been previously proposed to extract XES logs from databases).

3.3.2 Storage of Object-Centric Event Data

Here, we introduce the different formats that have been proposed for the
storage of object-centric event data.

For object-centric event logs satisfying E20, a tabular format has been
proposed in Berti and van der Aalst (2019) and van der Aalst (2019). Each
row corresponds to an event, the attributes at the event level are columns, and
also the object types are columns. Each cell corresponding to an object type
column contains the set of related objects to the event of such an object type.
Eventually, the OCEL specification has been proposed in Ghahfarokhi et al
(2021) with some implementations in JSON and XML. The standard allows
for attributes at the event and object level; moreover, each event is related to
a set of objects.

For object-centric event logs satisfying O20, the ACEL standard has been
proposed in Moctar-M’Baba et al (2022); Mbaba et al (2023) for the storage of
artifact-centric event data from blockchain applications. On a note, the ACEL
meta-model requires significant modifications of the OCEL meta-model.

The XOC format that has been proposed in Li et al (2018b) to store
object-centric event data satisfying E20 and O20. This can be exploited for
the discovery of object-centric behavioral constraint models. Every event that
changes the status of the database model (creation, update, deletion of rows
in the tables) is stored along with the entire status of the database (since the
discovery of object-centric behavioral constraint models requires such infor-
mation). This results in large logs even for small databases (because of the
persistence of the status of the database for every event).

Some alternative storages have been adopted in the context of object-
centric event data. In particular, graph databases Esser and Fahland (2019,
2021); Eldin et al (2022) have been used to store and query object-centric event
data. Also, document databases are used to store object-centric event data (in
particular, MongoDB Berti et al (2022)). The Parquet columnar format has
been proposed in Berti and van der Aalst (2019) for keeping object-centric
event data in-memory. As efficient compression algorithms can be used on
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the columns of a columnar database, the storage proves enormously competi-
tive in comparison to OCEL for basic object-centric event data but loses the
possibility to store nested attributes.

Limitations of the Current Formats: The importance of storing
dynamic object attribute values has been highlighted as a necessity in two
recent studies. In the context of Internet of Things (IoT), the study Bertrand
et al (2022) evidences the need for accommodating rapidly changing IoT
data within process mining techniques, underscoring the inability of existing
formats like OCEL to track dynamic attribute values effectively. The study
Goossens et al (2022), concentrating on data-aware process mining, points out
the ambiguity problems in linking attributes to events or objects in current
object-centric event log formats, emphasizing the importance of support for
dynamic object attributes.

3.3.3 Preprocessing of Object-Centric Event Data

We consider in this section only techniques that prepare/transform data for
the application of other techniques (not the internal preprocessing steps of
every algorithm).

In this section, we divide between merging techniques (some event logs
are provided as input, and an event log is obtained as output containing the
information of the different logs), the choice of a case notion (a criterion that
is used to group events together) and filtering techniques (allowing to get an
object-centric event log with a subset of the behavior of the original log).

Merging event logs: different approaches have been proposed to merge
the contribution of different event logs into one. In Raichelson and Soffer
(2014), an approach to merge event logs with many-to-many relationships is
proposed. A more user-guided technique is proposed in Claes and Poels (2014).
The usage of a hybrid artificial immune algorithm for event log merging is
proposed in Xu et al (2016). Since the merged logs may have different levels
of granularity, in Raichelson et al (2017) an approach to consider such gran-
ularity is proposed. Therefore, merging allows the application of traditional
process mining techniques to a set of interconnected logs. This is of partic-
ular importance for inter-organizational processes. In van der Aalst (2021),
federated process mining is proposed to create an event log out of event
data collected across organizational boundaries. Another approach for merg-
ing event logs in the context of inter-organizational process mining is proposed
in Hernandez-Resendiz et al (2021).

Case Notion: we assume that events can be extracted from an information
system with many different attributes and connections to objects, but it is
unclear which are the suitable case notions in order to use the event data
with traditional process mining techniques. Implementation of the OpenSLEX
meta-model de Murillas et al (2015, 2020) act as a bridge between the database
and the eventual event logs. The contents of the database are transformed into
a format that allows the user to easily query the data and retrieve a list of
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possible case notions. This can then be used to construct a traditional event
log.

Filtering: the tool proposed in Berti and van der Aalst (2023) allows some
basic filtering operations (activities occurrences, number of objects per object
type, sampling, activity - object type filtering). Also, the MongoDB support
for OCEL Berti et al (2022) naturally allows for many filters on the event
data. Graph databases usually have powerful query languages. In Eldin et al
(2022), the Neod4J graph database language Cypher is used to preprocess the
event data before other operations, such as the discovery of a process model,
are used.

Feature Extraction: in Adams et al (2022c), the interconnections
between different objects in an object-centric event log are used to define vari-
ants in the object-centric setting. In particular, the connected components of
the object interaction graph are used to identify clusters of related objects.
These clusters are used to identify correlated events in the object-centric event
log. The graph-related properties of these events and objects are then used
to identify events/objects with similar behavior (this is eventually called vari-
ant). These properties are also exploited in Adams et al (2022b) for feature
extraction on object-centric event logs. Different use cases (including predic-
tive analytics) and types of feature extraction (table-based, graph-based) are
proposed. In particular, the importance of the single features for the target is
identified using explainable AI techniques (including the usage of SHAP val-
ues). The assessment of the paper is done starting from a traditional event log
“adapted” as an object-centric event log. The related tool support is publicly
available and can be easily installed. The paper Galanti et al (2023) introduces
feature extraction on object-centric event logs for the goals of predictive ana-
lytics (prediction of the remaining time, activities occurrences, and customer
satisfaction). It shows how considering the interaction between objects (object
interaction graph) leads to an improvement in the quality of the prediction
on object-centric event logs, compared to only considering the flattened event
logs. This has been evaluated in a real-life case study. Also, Gherissi et al
(2022) considers predictive monitoring starting from object-centric event logs,
focusing on the prediction of the next activity and remaining time starting
from traditional and interaction-based features.

Alternative Approaches: in Rebmann et al (2022), an approach to
transform traditional event logs into OCEL(s) is proposed. In Kumar et al
(2023), an approach to normalize an object-centric event log to a STAR and
fully normalized database schema is shown. In Faria Junior et al (2022), an
object-centric clustering approach with the purpose of identifying alternative
“behavioral patterns” is proposed, helping the user to understand different
executions of the same process. Clustering is also proposed in Jalali (2022),
but with the different purpose of identifying object types that would produce
a similar flattened traditional event log.
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3.3.4 Process Discovery Techniques

Here, we divide between techniques discovering models satisfying
ET2ET4+0OT20T (but not ET20T), ET2ET+ET20T (but not
OT20T) and ET2ET+0OT20T+ET20T.

ET2ET+O0OT20T: in Nooijen et al (2012), a set of discovery techniques
is proposed starting from the relational database. First, the artifact schema
is discovered from the relational database. Then, the data is divided between
artifacts. This data is used to create event logs for the single artifacts, and to
discover the lifecycle of the artifacts. An approach for artifact-centric process
discovery specific to SAP ERP is proposed in Lu et al (2015). Moreover, a
meta-model that can be used to extract an event log from generic ERP systems
is described in Pajic and Becejski-Vujaklija (2016), with an application on
Dynamics NAV ERP.

A discovery approach for Guard-Stage-Milestone models is proposed in
Popova and Dumas (2012); Popova et al (2015), with an initial discovery of
Petri nets from the event data and its conversion to GSM models.

The discovery of composite state machines is introduced in van Eck et al
(2018), along with an implementation as a plug-in of the ProM framework
and an assessment on the popular BPI Challenge 2017 dataset. A refinement
is proposed in van Eck et al (2019), allowing the enhancement of the model
with performance metrics.

A user-guided approach for artifact-centric process modeling is proposed in
Nguyen et al (2022) (BAPE, bottom-up artifact-centric process environments)
with a process discovery integration that allows to construct the overall process
model from the event data of the fragments.

The discovery of object-aware processes in the PHILharmonicFlows plat-
form is described in Breitmayer and Reichert (2020).

ET2ET+ET20T: the basic idea of mainstream object-centric process
discovery algorithms is to flatten the object-centric event log into the single
object types, apply a traditional process discovery algorithm for such logs and
then collate the results together. This has been done in Berti and van der Aalst
(2019); Eldin et al (2022) (collation of directly-follows graphs) and van der
Aalst and Berti (2020) (collation of Petri nets). In Berti and van der Aalst
(2023), several new metrics (number of events, unique objects, total objects)
are proposed to decorate the diagrams. Also, MPM process mining proposes a
model as a collation of models for the single object types Meyer and Reimold
(2021). An alternative approach includes the event-to-object and object-to-
object relationships Berti (2019). The tool Adams and van der Aalst (2022)
offers object-centric process discovery capabilities (object-centric Petri nets;
visualization of variants).

Case studies on the discovery of object-centric Petri nets from manu-
facturing systems are proposed in Lugaresi and Matta (2021); Schuh et al
(2022).
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A tool for the discovery of process cubes on top of object-centric event data
is proposed in Ghahfarokhi and van der Aalst (2022), which uses object-centric
directly-follows graphs and Petri nets.

ET2ET+0OT20T+ET20T: several papers have been published on the
discovery of object-centric behavioral constraints models Li et al (2017) Li and
de Carvalho (2018) Xiu et al (2022). Based on the constraints of the object
model, an event correlation approach is also defined Li et al (2018a). Also,
some example applications of the discovery on top of event logs extracted from
the Dollibar ERP system and from popular social media platforms Li and
de Carvalho (2019); Das and Kalbande (2020) are proposed. Object-centric
behavioral constraint models are very sensitive to noise. Therefore, Xiu et al
(2022) introduces a technique to manage the noise during the discovery of such
process models. Tool support is available Li and de Carvalho (2018), but it is
not working with the current version of the ProM framework.

In Aali et al (2021), the care pathways for multi-morbid patients have
been visualized using event graphs. These graphs include activity-to-activity,
activity-to-entity, and entity-to-entity relationships.

In Fahland (2022), a process discovery approach for event knowledge graphs
is proposed, in which the relationships between the single events and objects
are represented. Interestingly, through querying and the construction of views,
different process representations can be obtained, from object-centric directly-
follows graphs to Proclets (without advanced synchronization mechanisms).

Finally, is, to the best of our knowledge, the first proposal to approach
the discovery problem for Petri nets with identifiers. Specifically, Barenholz
et al (2023) formally investigates the flattening approach used to deal with
ET2ET+ET20T, showing that it works for a class of Petri nets with
identifiers, in the sense that it preserves a key re-discoverability property.

3.3.5 Conformance Checking Techniques

Here, we divide between techniques performing conformance checking on mod-
els satisfying ET2ET4+0OT20T (but not ET20T) or ET2ET4+ET20T
(but not OT20T).

ET2ET+O0OT20T: the main idea to perform conformance checking, pro-
posed in Fahland et al (2011b,a), is to split the problem into behavioral
conformance of the single entities (this can be done using traditional confor-
mance checking techniques such as token-based replay and alignments) and
interaction conformance between different entities.

The approach proposed in Estafiol et al (2019) is based on checking dif-
ferent conditions (constraints over the maximum number of related entities;
conditions over the transitions in the lifecycles) starting from a BAUML model.

In Breitmayer et al (2022), conformance checking over object-aware pro-
cesses is done, with a formalism that allows for flexible lifecycle executions
(different workflow nets are created for different conformance categories).

ET2ET+ET20T: Object-centric Petri nets have been proposed in
van der Aalst and Berti (2020), which allow for conformance checking on
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object-centric event logs. On top of object-centric Petri nets, the concepts of
fitness and precision have been defined Adams and van der Aalst (2021).

In Park and van der Aalst (2022), object-centric constraint graphs are intro-
duced with the purpose of representing constraints considering the interaction
of objects. These constraints are checked on a live stream of events.

A tool support offering support for object-centric conformance checking is
described in Berti and van der Aalst (2023). This allows for the application of
standard conformance checking techniques on the flattened logs (e.g., the log
skeleton and the temporal profile), but also conformance rules based on the
interaction between different objects in the object-centric event log. The pro-
prietary tool of Meyer and Reimold (2021) also implements an object-centric
conformance checking approach, but the exact specification is unavailable.

3.3.6 Performance Analysis Techniques

Here, we collect some performance analysis techniques on top of object-centric
process models.

Among models satisfying ET2ET+0OT20T, but not ET20T, van Eck
et al (2019) allows for the decoration of composite state machine models with
performance metrics (are delays in the processing of an artifact correlated
with delays in another artifact?). Among models satisfying ET2ET+ET20T,
but not OT20T, we cite the tool OC-PM Berti and van der Aalst (2023).
Moreover, Park et al (2022) introduces the enhancement of object-centric Petri
nets with performance metrics.

Predictive analytics techniques are described in Galanti et al (2023); Adams
et al (2022b); Gherissi et al (2022). The prediction of variables such as the total
throughput time is possible thanks to learning a model out of the features of
the objects of the object-centric event log and their interactions.

3.4 Dimensions

In this section, we verify the dimensions of the papers under different crite-
ria (scalability, generalization, availability of tool support, and case studies
on real-life event data). We divide the analysis between techniques working
with process models belonging to the ET2ET and the ET20T categories
(but not OT20T), techniques working with process models belonging to the
ET2ET and the OT20T categories (but not ET20T); techniques working
with process models belonging to the three categories ET2ET, OT20T and
ET20T.

3.4.1 Scalability

In this section, we discuss the scalability of the techniques as a dimension
influencing the applicability of object-centric techniques in real-life contexts.
ET2ET+ET20T: since mainstream object-centric process discovery
techniques are based on: i) flattening the object-centric event log on the differ-
ent object types; ii) discovering a traditional process model on the flattened log;
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ili) collating everything together, the discovery techniques (Berti and van der
Aalst (2019); van der Aalst and Berti (2020); Berti and van der Aalst (2023))
have good scalability. However, the process enhancement phase (decorating
the model with frequency or performance metrics) requires a replay operation
that has lower scalability (considering the metrics described in van der Aalst
and Berti (2020) and Park et al (2022)).

ET2ET+O0OT20T: these models can be discovered from the event data in
three different phases: i) discovery of the lifecycle of the entities; ii) discovery of
the interaction between different entities; iii) for some models, the discovery of
the synchronization conditions between the entities. While for the first phase
process discovery algorithms on traditional event logs can be used, and good
scalability could be achieved, for the second and especially the third phase the
scalability is generally problematic.

ET2ET+OT20T+ET20T: the discovery of the declarative constraints
of object-centric behavioral constraint models Li et al (2017) scales poorly.
Moreover, also the event log format (XOC) proposed in Li et al (2018b) is of
difficult usage in real-life contexts due to the persistence of the status of the
database for every event.
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Fig. 6: Categories of event logs used in the considered papers.

3.4.2 Generalization

In this section, we discuss the generalization of the techniques as a dimension
influencing the applicability in different real-life scenarios.

ET2ET+ET20T: these techniques can be applied to object-centric event
logs, and some publicly available object-centric event logs can be downloaded
from http://www.ocel-standard.org/. Hence, most of these techniques are
generic and do not depend on the target information systems.

ET2ET+OT20T: composite state machines can be discovered starting
from XES event logs using the CSM miner plugin van Eck et al (2018). There-
fore, the technique can be applied to any event log. Other techniques are highly
dependent on the database (Nooijen et al (2012))/information system (Lu et al
(2015)), hence they cannot be generalized.

ET2ET+OT20T+ET20T: object-centric behavioral constraint tech-
niques Li et al (2017) start from XOC logs Li et al (2018b), hence they are
generic. However, due to the problems in the scalability and the lack of pub-
licly available XOC logs, the application of such techniques to mainstream
systems is difficult. The authors describe in a scientific paper the extraction
of event logs from the Dollibar ERP system Li et al (2018b) and from popular
social media platforms Li and de Carvalho (2019).
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3.4.3 Availability of Tool Support

Two prominent tools in the object-centric field are OC-PM and OC-w. OC-
PM, as detailed in Berti and van der Aalst (2023), provides a wide range of
capabilities such as process discovery, conformance checking, machine learning,
and filtering algorithms. On the other hand, OC-m, discussed in Adams and
van der Aalst (2022), specializes in process discovery and variants visualization.

Additional tools have also been developed to support object-centric process
mining analyses, such as:

® The 'Process cubes’ tool, according to Ghahfarokhi and van der Aalst

(2022), which is designed for process comparison purposes.

e A proprietary tool outlined in Meyer and Reimold (2021) that is

specifically created for object-centric process mining.

e A tool discussed in Berti et al (2021), which extracts OCELs from SAP

ERP systems.
e A Python library for object-centric process mining, as mentioned in
Adams et al (2022a).

Moreover, there is tool support for the discovery of object-centric behav-
ioral constraint models, as discussed in Li et al (2017). This tool exists as a
plugin for the ProM framework, although its usage can be challenging and
obtaining publicly available XOC logs can be difficult.
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Lastly, while other models can be discovered, as demonstrated in Lu et al
(2015), the associated tool support is somewhat dated and can be challenging
to initiate.

3.4.4 Case Studies using Real-Life Event Data

Here, we analyze which papers included in the review have applied their
techniques to case studies on real-life information systems. These would help
to prove the readiness of the discipline. This criterion excludes papers with
an assessment done on a publicly available real-life event log, because the
questions and the results have not been discussed with the business.

Unfortunately, only a few case studies have been proposed. In Lugaresi and
Matta (2021), the problem of modeling a production system including differ-
ent assembly stations (where every station records the event data singularly)
using object-centric process models is assessed, and a flow shop including the
assembly stations is successfully discovered. This allows for building a simu-
lation model with the desired behavior. In Schuh et al (2022), an end-to-end
object-centric process is extracted with different stages of the manufacturing
process (sales, manufacturing, shipping).

In Mbaba et al (2023), an application of artifact-centric process mining to
public Ethereum applications is proposed.
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3.5 Temporal Evolution of the Discipline

The discipline of object-centric process mining has experienced a fascinating
trajectory over the past years, which can be charted in terms of various aspects.
Four specific viewpoints have been instrumental in illustrating this temporal
evolution.

Primarily, the usage of different categories of event logs has undergone
a noteworthy change. As depicted in Fig. 6, event logs containing object-
to-object relationships were predominantly utilized between 2011 and 2016.
However, more recently, there has been a discernible shift towards event logs
where a single event can correspond to multiple objects of various object types.

Secondly, the choice of process models during the same timeframe presents
a similar pattern. As shown in Fig. 7, between 2011 and 2016, models illus-
trating ET2ET+OT20T interactions were favored. In more recent years,
however, the preference has steered towards process models that represent
ET2ET+ET20T interactions.

The classification in techniques provides insights into the evolution of the
discipline from a more operational perspective. From Fig. 8, it is observable
that in recent times, greater emphasis has been laid on aspects of storage, pre-
processing, and performance analysis. This underlines the increasing maturity
of the field, moving from the creation and understanding of models to more
practical aspects of process mining.
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Finally, some criteria have been used to evaluate the progress in the disci-
pline, as shown in Fig. 9. This includes criteria like scalability, generalization,
tool support, and case studies. Over the years, the availability of tool support
has noticeably increased, reflecting the discipline’s progression toward practi-
cal applicability. Additionally, there’s a growing focus on scalability, signifying
the rising interest in deploying these techniques in more extensive and complex
environments.

In summary, the temporal evolution of object-centric process mining, as
seen through these four viewpoints, paints a picture of a rapidly matur-
ing discipline. It is transitioning from a primarily theoretical field with a
focus on defining models and interactions to a more practical discipline
where the emphasis is increasingly on applicability, scalability, and perfor-
mance. Together with more scalable and practical techniques, we expect an
increasing number of papers dealing with richer process models that support
ET2ET+ET20T+0OT20T features and where discovery and conformance
checking consider advanced forms of synchronization as a first-class citizen.

4 Conclusion

As we conclude this comprehensive review, we briefly assess the current matu-
rity of the object-centric process mining discipline and identify the challenges
that remain to be addressed.

The discipline has been witnessing a steady surge in interest, as evinced
by the increasing number of publications annually. This speaks volumes about
the vitality and relevance of the field. Progress has been marked in terms
of standard formats for storing object-centric event logs. The first milestone
in this direction is constituted by the OCEL format, backed by numerous
implementations on scalable databases. This advancement has helped facilitate
the broader adoption and implementation of object-centric process mining
techniques.

Recent years have also seen the advent of several preprocessing techniques.
These are crucial for conducting real-life case studies of object-centric process
mining. Similarly, the pool of process discovery techniques that start from
object-centric event data has grown, with a few demonstrating a commendable
degree of scalability. The interest in object-centric model enhancement, too,
has been on the rise.

Another encouraging development is the emergence of open-source object-
centric process mining tools that are publicly available. The OC-PM tool and
OC-7 are notable examples. In tandem with this, some object-centric event
logs are also accessible on the OCEL standard website. Further enriching the
discipline are the real-life case studies of object-centric process mining that
have been carried out over the last few years.

Despite these strides, some challenges persist. The limited scalability of
many techniques, for instance, continues to be a roadblock. Other hurdles
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include the lack of support for extracting object-centric event data from main-
stream systems like ERPs and CRMs, and the challenge of effectively laying
out object-centric process models.

Finally, while many process models are essentially adaptations of tra-
ditional process models such as DFGs and Petri nets, a few innovative
contributions are worth mentioning. These include the OCBC models, event
knowledge graphs, Proclets, Petri nets with identifiers, and all the more
advanced process models discussed in Section 3.2. These models leverage more
advanced constructs and interactions between different object types, opening
up new avenues for exploration. However, enhancing the scalability of these
innovative techniques remains a significant area of investigation.

In conclusion, while object-centric process mining has certainly come a long
way, it is still a developing field with plenty of opportunities and challenges
ahead.
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