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1. Introduction

Discovering and analysing business processes are important tasks for organizations. Process
mining bridges the gap between process management and data science by discovering process
models using event logs derived from real-world data [1]. Besides mandatory event attributes
like case identifier, activity, and timestamp, additional event attributes can be present, such as
human resources, costs, and laboratory values.

Event attributes represent a valuable data-source to understand the process under investi-
gation. For example, read/write operations of activities can be identified and visualized in a
discovered process model [2]. Additionally, event attributes can be used in the field of process
outcome prediction as additional features [3].

However, we see a lack in the analysis of the actual value behaviour of event attributes. We
argue, that event attributes can be associated to multiple events representing different activities.
How event attribute values differ among activities and how they change within the process is
what we define as value behaviour analysis.

Especially in healthcare processes, a huge amount of data is generated, such as vital signs
or laboratory measurements representing a patient’s wellbeing. When analysing treatment
processes, one might be interested in how these measurements develop depending on which
treatment activities were conducted. This can help to evaluate, for example, different treatment
paths in the sense, that one path might result in better patient wellbeing than others.

This problem leads us to the following research question: How can we analyse the value
behaviour of event attributes?

In this PhD project, I focus on healthcare processes extracted from the Medical Information
Mart for Intensive Care (MIMIC-IV) database, which provides a holistic representation of the
hospital treatment process of patients undergoing different treatments [4]. Nevertheless, the
developed methods can be applied to different domains, such as manufacturing, where event
attributes are available.
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2. Related Work

The analysis of event attributes has been approached from different perspectives in the literature.
A prominent application is the identification of decision rules, such as in data-aware heuristic

mining [2]. Regarding the exploration of event attributes, the multi-perspective process explorer
allows investigating the distribution of each event attribute at each activity [5]. In [6], the
access to event attributes is described and annotated to the process model, describing the data
object lifecycle of each event attribute. The field of predictive process analytics makes use of
event attributes as well, by incorporating them in different machine learning models, such as
process outcome prediction [3].

Event attributes have also been classified in several ways for different analysis purposes.
For instance, [7] classifies event attributes into controllable and non-controllable, where the
first one can be altered during a process execution and the other cannot. Another contribution
classifies event attributes according to a medical standard (openEHR) to find dependencies
within and between these categories [8].

Even though it has been identified, that event attributes can be altered during the process, its
analysis is limited to read/write access or distribution visualization at single activities. Therefore,
this PhD project aims to provide different methods to understand the value behaviour of event
attributes throughout the process.

3. Research Roadmap

The doctoral thesis will provide a framework for the value behaviour analysis of event attributes
following a design science approach. In this section, we present the current state of research
and plans for enhancing the methodology.

3.1. Data-Enhanced Process Models

The beginning of the value behaviour analysis of event attributes started with the question, if it
is possible to increase the visibility of event attributes in process models. To achieve that, we
designed Data-Enhanced Process Models, which allow calculating and displaying event attribute
aggregations for each activity in the process model. For example, if a patient is registered at the
beginning of treatment, an activity could include the patient’s age as an event attribute. One
can now calculate the mean age as an event attribute aggregation and represent it directly in
the process model.

As there might be lots of event attributes available in an event log, we further developed three
mechanisms to support event attribute selection in Data-Enhanced Process Models. These are
based on the data type, process characteristic, and degree of variability of event attributes [9].

3.2. Change Detection in Dynamic Event Attributes

With Data-Enhanced Process Models, we allow exploring the value behaviour of event attributes
over the process. However, it is not possible to make concrete statements regarding their value
behaviour. In the previous work, we defined the process characteristic dynamic for event
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attributes [9]. Dynamic event attributes change throughout the process and are associated to
multiple activities in an event log. These are especially interesting, as their changing behaviour
can be analysed. For example, when patients undergo a certain treatment, such as dialysis,
certain laboratory values are expected to change from beginning until end of treatment, such as
the creatinine value [10].

Therefore, we developed a method based on statistical significance tests, allowing to identify
changes of dynamic event attributes throughout the process [11]. It allows identifying changes
in three dimensions: the event attribute, directly and eventually follows relations, and trace
variants. Thus, we are able to provide detailed information about the location of changes in a
process-oriented way, so we can say, that an event attribute is changing between two activities
in certain trace variants.

3.3. Patient Discharge Classification based on the Hospital Treatment
Process

The analysis methods provided so far allow retrieving novel insights about the value behaviour
of event attributes. In addition to that, we wanted to demonstrate how the process behaviour of
the values can be utilized in the field of predictive process analytics in healthcare.

Predicting the discharge location of patients after hospital treatment is a popular research topic.
So far, the status of the patient at the end of treatment is used as input for most models. However,
the treatment process has not been considered yet. Our approach proposes to incorporate the
conducted treatment activities and development of the patient’s state in form of event attributes
to make the decision of the most suitable discharge location, such as home or skilled nursing
facility [12]. We could demonstrate, that the development of the patient’s state during the
process and the respective activities in the hospital have a considerable impact on the discharge
location prediction.

3.4. Validation Method

The approaches presented are validated on MIMIC-IV, providing real-world healthcare process
data. Thus, we generated reproducible event logs out of MIMIC-IV and applied the proposed
methods on them. In addition to that, we consulted medical experts to validate the correctness
of the findings. It is planned to validate the results on a second dataset with event attributes
available, such as the Sepsis event log. Furthermore, we want to demonstrate, that the approach
is able to solve concrete problems by conducting case studies.

3.5. Next Steps

Our plan is to extend the methods to analyse the value behaviour of event attributes. One plan is
to identify correlating event attribute changes, so we can say, that two or more event attributes
are changing together at the same location. It would also be interesting to cluster cases by their
changing behaviour, such that it is possible to characterize changing and non-changing cases.
Furthermore, we think that there is potential in the field of process variant analysis, where the
value behaviour can be compared between multiple process variants. As this thesis focusses on
healthcare processes, we also would like to cope with the challenges presented in [13], where
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we, for example, focus on dealing with reality by looking at real-world data and aiming to
provide white-box approaches which are understandable for medical experts.

4. Conclusion

In this doctoral thesis, we want to enable process analysts and domain experts to understand the
value behaviour of event attributes within a process. To achieve that, we propose a framework
with different methods to look at the value behaviour from different perspectives. This can help
to confirm expected behaviour, but also allows deriving novel insights about the data associated
to process activities. The results are validated based on real-world data and domain expertise.
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