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Abstract. Background: Medical information systems frequently use event logging,
but these logs are not suitable for process mining as they are not logged in a
standardized format. Objectives: Our goal is to enrich medical event logs for use in
process mining. Method: We present an approach to convert events from standards-
based repositories into the XES and OCEL formats commonly used in process
mining. Results: We tested this approach using simulated data from the Austrian
breast cancer screening program. Conclusion: We aim to apply it to analyze care
guidelines and improve hospital processes in the future.
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1. Introduction

Process-oriented data analysis techniques such as process mining have become
increasingly popular in the healthcare domain in recent years, as it allows for the
identification and optimization of care delivery processes, leading to improved patient
outcomes, cost savings and enhanced care efficiency.

In their recent work, Munoz-Gama et al. [1] highlight the potential, the
distinguishing characteristics, and the challenges of process mining for healthcare
(PM4H). The ability of process mining techniques to answer process-related questions
in the healthcare domain has been proven in numerous case studies [2]. However, there
is no evidence of systematic adoption as of early 2022 [1]. To increase the adoption,
healthcare specific methods and techniques should be developed [1].

We want to contribute to this by showing how existing healthcare data standards can
be utilized to provide ready-to-use process mining data, i.e., standardized event logs. Our
previous work [3] has already had an impact on the development of HL7 FHIR? and we
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continue to strive to incorporate the process-oriented data science perspective in the
further development of the standard.

The process mining community defined a set of standard formats, that are used
within various tools to discover processes, like XES and OCEL [4]. However, healthcare
information systems do not provide data in these formats.

Munoz-Gama et al. [1] identified ten challenges for the further development of
process mining in healthcare. This paper aims to address two of those challenges: “C1:
Design Dedicated/Tailored Methodologies and Frameworks”, and “C9: Complement
HISs with the Process Perspective”. C1 defines that a framework developed in the area
of process mining for healthcare should guide researchers and practitioners through the
various phases of PM4H analysis [1]. C9 addresses the source of the data. Existing health
information systems (HISs), e.g., electronic health records (EHRs), should be
complemented with a process perspective [1].

The question we aim to answer here is: how can HISs provide their data to a process
mining tool, so that: (1) different perspectives on the processes are supported, and (2) the
data is provided in process mining suitable formats?

To overcome this challenge of data integration, some approaches focus on existing
HISs’ audit logs. In 2013, Cruz-Correia et al. [5] were the first to look at standardized
audit logs for process mining. Helm et al. [3], [6] and Murillas et al. [7] followed with
approaches to make these data sources more easily accessible for PM4H.

Recently, Jones et al. [8], Chen et al. [9], and Noshad et al. [10] also utilized audit
log data for process mining. All three applied unsupervised machine learning techniques
to analyze practitioners’ interactions with their HISs and to visualize complex care
pathways. They also highlight the usefulness of audit log data for process mining.

In 2020, Adler-Milstein et al. [11] concluded: “As researchers become aware of this
new source of data ... the tools for working with audit log data will improve. In parallel,
there will be pressure to develop common terminologies and data models for audit log
data, which will make it easier to work with these data across multiple institutions and
with different EHRs at scale.”.

2. Methods

The international standards development organization Health Level Seven (HL7)
produces the world’s most used standards for healthcare interoperability [12]. Their latest
addition to the HL7 standards family is called Fast Healthcare Interoperability Resources
(FHIR). FHIR-based APIs and implementations of EHRs become increasingly common.

Following up on the work of Helm et al. [3], who developed a simple transformation
approach, we focus on a solution for the mapping of audit log data to process mining
suitable formats, XES and OCEL. These two data formats enable the usage of process
mining suitable formats. In addition, we provide the means to query different
perspectives of the process.

2.1. HL7 FHIR AuditEvent

HL7 FHIR AuditEvent?® provides an information model that can be used for logging
events. The documentation specifies it as “a record of an event relevant for purposes such

3 https://build.thir.org/auditevent.html
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as operations, ... and performance analysis”. It allows storing relevant information about
an event, like the timestamp when it occurred, and the action that was performed during
the event. In addition, it can store relations to other “objects” that are involved in the
event, like the patient, medical devices, or practitioners.

While in [3], the authors had to extend this resource to be suitable for process
mining, recent additions allow us to use the standard as-is. This enables storing the type
of the event that occurred, or a workflow context for single events.

2.2. XES and OCEL

The 1849-2016 - IEEE Standard for eXtensible Event Stream (XES) [13] defines an
information model for “Achieving Interoperability in Event Logs and Event Streams”.
An XES event log has a hierarchical structure, comprising log, trace, and event. Log (the
process) contains a collection of traces (execution instances) and a trace contains a
collection of events [13]. XES is supported by most process mining tool vendors.

OCEL: A Standard for Object-Centric Event Logs [4] is a more recent standard that
aims to overcome the main shortcoming of XES. Modern information systems that
support processes cannot be reduced to a single case notion [4] (cf. trace in XES). Thus,
OCEL does not only store the identifier, activity, and timestamp to a certain event, but
also a list of relevant objects, that are associated with it. In contrast to XES, OCEL does
not group its events in traces, and thus has no hierarchical structure.

2.3. Transformation

Each model transformation starts with a given input model that is transformed into a
resulting output model. The input for our transformation is always a set of AuditEvent
elements called Bundle — a grouping resource in HL7 FHIR. They are transformed into
a single log element on the output model, independently of the used standard.

In contrast to a set of HL7 FHIR AuditEvent elements, the XES log consists of a
hierarchical data structure. Thus, we must perform grouping operations for the Bundle
of AuditEvents. Figure 1 depicts the mapping of an AuditEvent resource (left) to an XES
event log (right).

AuditEvent log
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Figure 1: Transformation between the HL7 FHIR AuditEvent (left) and the XES log (right). The lines indicate
which concepts are mapped to which. The XOR node indicates which alternatives can be used to map
log.concept:name in contrast to the default (AuditEvent.encounter.reference = log.trace.concept:name).



A. Pointner et al. / Multi-Perspective Process Mining Interfaces for HL7 AuditEvent Repositories 171

In contrast to the XES transformation, the mapping between AuditEvents and OCEL logs
is simple (cf. Figure 2). Both information models provide a similar approach to structure
an event log.
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Figure 2: Transformation between the HL7 FHIR AuditEvent (left) and the OCEL log (right). The lines indicate
which concepts are mapped to which.

3. Results

In this work, we simulate the mammography double diagnosis process and generate
events out of it. This process is part of the Austrian breast cancer screening program
“friih erkennen” (detect early) [14]. We use this example as an evaluation for our
approach and will show the transformation results in this chapter.

For each transformation concept, we provide a reference implementation written in
Java and openly available on GitHub, cf. [15], [16]. The implementation of the
transformation uses the Graph Transformation Framework presented in [17]. It is based
on autogenerated models for XES and OCEL [18], [19], that were also made publicly
available. The XML Schema specifications of the respective standards were used to
generate Java domain class models. For AuditEvents, we rely on the Hapi FHIR
Structures R5 [20].

<log xes.version="1.0"> <log>
. <events>
<trace> <event>
<string value="Enc/868" <string value="ATS" key="activity"/>
key="concept:name"/> <date value="2022-01-31" key="ts"/>
<event> <list key="omap">
<string value="ATS" <string value="CP2" key="obj-id"/>
key="concept:name"/> .
<date </list>
value="2022-01-31" </event>
key="timestamp"/> ...
<string </events>
value="complete" <objects>
key="transition"/> <object>
</event> <string value="CP2" key="id"/>
... </object>
</trace> A
A </objects>
</log> </log>

Figure 3: Simplified excerpt from the automatically transformed XES (left) and OCEL (right) logs.
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Figure 3 shows a part of the ®
resulting XES and OCEL documents,
after applying the transformation on
the AuditEventS. Appointment Time Scheduled
In addition to our actual goal, we 1o
show the reconstructed process using
the process mining tool Disco [21] to
create a Directly-Follows Graphs in Patient Arrived
Figure 4. It shows an application for =
our approach, which is reconstructing
the process from the AuditEvents
using the XES audit logs. FatentIn

119

4. Discussion

In this work, we showed a concept to
utilize an event log for process
mining. We made several assumptions Shidy Transierred :
to create a test setup and validated the 100
approach based on parts of the
Austrian breast cancer screening
process. However, the approach, and CorrelationReview
especially our assumptions, come i)
with some strengths and weaknesses.

The approach aims at a relevant
research direction. Adler-Milstein et
al. [11] and Rule et al. [22] highlight
the high potential in the analysis of
EHR audit logs. Even the simple event
log of our simulated process instantly bt
provides an overview and valuable
insights when visualized. The
approach is based on widely adopted,
open standards. HL7 FHIR is adopted - e
by all major EHR vendors. Microsoft,

Google, and Apple also provide

implementation  frameworks and ®
services for FHIR. XES is the de-facto
standard for process mining data, at
least in the scientific community.

We assume the event log to be a “flat” collection of AuditEvent resources, e.g., in a
text file or in a NOSQL database. In practice, this might not be the case. The data could
be stored, e.g., in a relational database. However, the concept of the mapping, i.e., which
elements should be mapped and how, remains relevant. The approach was only tested on
simulated data. While this suffices to validate our transformation, real-world data comes
with additional challenges. For example, Cruz-Correia et al. [5] already identified several
data quality issues when trying process mining on real-world audit logs.

Figure 4: Reconstructed process using the transformed XES
log and the process mining tool Disco.
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