
Department of Informatics
Technical University Munich

Master’s Thesis in Informatics

Discovering Clinical Pathways of an
Adaptive Integrated Care Environment

Simon Bönisch





Department of Informatics
Technical University Munich

Master’s Thesis in Informatics

Discovering Clinical Pathways of an Adaptive
Integrated Care Environment

Erkennen Klinischer Behandlungspfade einer
Adaptiven Integrierten Pflegeumgebung

Author: Simon Bönisch
Supervisor: Prof. Dr. Florian Matthes
Advisor: M.Sc. Felix Michel
Submission Date: June 15th, 2019





I confirm that this master’s thesis is my own work and I have documented all sources and
material used.

June 15th, 2019 Simon Bönisch





Acknowledgments

I would like to thank my advisor, Felix Michel, for his support and guidance during this
work and for the many circumstances he took on himself to make it possible. I would also
like to thank him and my supervisor, Prof. Florian Matthes, for giving me the chance to
work on this topic and allow me to discover my affinity for the area of process mining, and
for their support throughout.

I would like to extend my gratitude to all my fellow students, colleagues, flatmates, friends
and family who accompanied me and supported me during this time. A special thank you
is due to my parents who supported me financially and morally through all these years,
to my dear friend Jonas La Roche who endured many nerve-racking evenings filled with
lengthy conversations and to my friend Alina Götz who never hesitated to encourage me
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Abstract

The overall demographic trend of an increasingly aging population leads to more com-
plex chronic patients resulting in rising healthcare costs. Integrated care systems can re-
duce these costs and increase patients’ quality of life by replacing part of the necessary
hospital visits with home hospitalization and automated monitoring. However, classical
hospital information systems are not flexible enough to support these types of uncertain,
human-driven treatment processes, also called clinical pathways. Therefore, adaptive case
management systems have been developed. They are highly configurable, offer additional
runtime flexibility and are currently being advanced in multiple large research projects.
One such project is called Personalised Connected Care for Complex Chronic Patients or
CONNECARE and is currently being tested at three sites across Europe in two clinical case
studies each.

The goal of this work is to evaluate the usage patterns observed during the course of
the CONNECARE project in order to assert the degree of executional flexibility that was
employed while treating the patients. To achieve this, the web access logs of the underlying
Smart Adaptive Case Management (SACM) component, CONNECARE’s case execution
engine, will be analyzed using process mining techniques. Afterward, the generated visual
process maps for the different case studies will be compared and evaluated regarding their
contained execution flexibility. The expected high complexity of the maps is mitigated by
means of manual data clustering, the provision of models at different abstraction levels,
the use of the fuzzy mining algorithm and the employment of interactive visualization
techniques.

Results show that while professionals in both studies and at all sites made use of the
provided flexibility measures, the degree of flexibility that was used depends on the ex-
act site. However, the degree of employed flexibility correlates with the overall system
activity during each study. Additional features for collaboration and communication that
are provided by the SACM component were used at a varying degree, also depending on
the site. One site made extensive use of the user and role modeling capabilities but all
sites showed an accumulation of performed work for individual users. At the site with
the highest system activity, clinicians were shown to react to alarms based on automated
measurement threshold violations by contacting colleagues or the affected patient. As the
case studies are still being executed at the time of writing this work, the evaluation was
designed to be re-executable once the study period has passed.

Keywords: Integrated Care, Clinical Pathway, Adaptive Case Management, ACM, Pro-
cess Mining, Process Discovery, REST, Healthcare, CONNECARE
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1. Introduction

In this chapter, an overview of the research motivation is given, followed by some back-
ground information on concepts essential for understanding the research goals. After-
ward, the concrete questions to investigate are stated and explained in detail before the
thesis outline is presented.

1.1. Motivation

The overall demographic trend of an increasingly aging population leads to more com-
plex chronic patients (CCPs) resulting in rising costs in many areas of the healthcare sec-
tor [115 , 146 , 174 ]. This, in turn, creates incentives to optimize the processes in the health-
care sector and to increase the delivered service quality while reducing resource usage
and thereby minimizing costs. For this reason, Clinical Pathways (CPs) were developed
as a way for hospitals to streamline their processes, optimize their resource utilization and
reduce costs while also incorporating principles of evidence-based medicine to increase
patient outcomes and satisfaction [108 ]. CPs are an abstract representation of an idealized
treatment process that a patient with a certain condition should follow. In practice, it is
used as a guideline for medical professionals and can be adapted to the individual situa-
tion [26 ]. While CPs provide significant advantages in the treatment of acute conditions,
special challenges but also opportunities arise when trying to apply them for the treatment
of CCPs [29 ]. For example, as CCPs have chronic conditions, they are often monitored by
primary care physicians or unpaid relatives. Integrating with those carers opens up the
possibility of preventive monitoring to avoid a patient’s hospital visit in the first place,
freeing resources and saving costs [53 ]. On the other hand, treating CCPs is often more
complex, as the chance for the appearance of unforeseen conditions or comorbidities is
higher than for usual patients, possibly requiring ad-hoc treatment modifications. This
also poses special challenges to the supporting IT systems [91 , 109 ].

A project with the aim of meeting those challenges is Personalised Connected Care for
Complex Chronic Patients (CONNECARE) 

1
 . It integrates primary and clinical care with

medical devices for home use and offers CCPs the chance to self-manage their condi-
tion, reducing the number of hospital visits and increasing their quality of life [167 ]. For
medical professionals, the system also provides advantages like treatment guidance, in-
terdisciplinary communication or automated measurement validations and alerts. It is

1see http://www.connecare.eu/ 
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1. Introduction

designed as a multi-tenant system that can be adapted to the individual deployment lo-
cations and treatments that it should support. The EU-funded project is being evaluated
since July 2018 through two clinical case studies each performed in hospitals in three dif-
ferent countries [40 , 167 ]. CONNECARE is powered by the Smart Adaptive Case Manage-
ment (SACM) , a special kind of process engine that can be used for executing knowledge-
intensive processes (KiPs) like they are found in hospitals [104 , 105 ]. SACM offers ad-
ditional features like patient-professional communication, notifications and a role-based
authorization system. It can be invoked through a REST ful API that features full request
logging. The SACM needs to be configured by supplying a case model which is a CP that
has been transformed so the system can understand and interpret it.

As KiPs are inherently complex, modeling them in order to create a CP is difficult as
well [111 ]. This makes it necessary to evaluate the developed CPs in practice to ensure
they actually provide improvements before employing them on a larger scale. However,
this is a hard task in itself due to the nature of the KiP that was modeled. Often, the
only way to verify the developed models and the supporting IT system is to use it in a
productive setting like e.g. a case study.

Doing so is the goal of this thesis which is also shown in figure 1.1 . Based on the API 

logs that were generated so far during the execution of the developed case models, pro-
cess discovery techniques are applied in order to find a process model that represents the
actually performed activities. Process discovery is a Process Mining (PM) task that tries
to construct a process model based on an event log thus capturing the behavior seen in
the log [153 , 154 ]. The process models are then compared to the modeled CPs to gain
an insight if the execution time flexibilities that were built into the case model were actu-
ally used in practice. Apart from that, the process models will be used to evaluate if the
additional communication and collaboration functionalities that the SACM provides sig-
nificantly affected case execution. Finally, an organizational analysis will be performed to
check the overall usage of the user and role system as well as to verify the quality of the
modeled user and role assignments.

case model
case execution engine

(evaluate feature usage)
execution logs process map

execute
through capture discover

compare

SACM

Figure 1.1.: Using process discovery to evaluate a model-based case engine. Evaluation
goals are colored in blue, process steps that are necessary to enable them are
colored in gray. Based on [154 ].
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1.2. Fundamentals

1.2. Fundamentals

In order to fully grasp the motivation of this research, the following section will define and
explain some underlying concepts in more depth.

1.2.1. Knowledge-intensive Processes

KiPs can be defined as “processes whose conduct and execution are heavily dependent
on users (‘knowledge workers’) performing various interconnected knowledge intensive
decision making tasks” [147 , p. 151].

KiPs are quite common and found in many businesses, e.g. for managing campaigns or
providing technical support, but some business sectors like healthcare, research or emer-
gency management feature especially many of them [29 , 147 ]. Often, KiPs feature process
elements that are executed optionally or with dynamic order, making the resulting pro-
cess unstructured, unpredictable, emergent and non-repeatable. Besides, they are mostly
executed collaboratively in a multi-user environment and are constraint-driven, meaning
which action to take next may be defined by a set of explicit or implicit rules that the en-
acting user needs to comply with. These constraints can result in parts of the KiP being
structured, depending on the exact character of the rules and constraints that apply.

Concluding, one can say that the degree of structure inversely correlates with the knowl-
edge intensiveness that a certain process bears. The more rules that apply, the higher
the possibility of a structured process outcome but the lower the degree of freedom the
enacting user has when performing process decisions. This relation can also be seen in
figure 1.2 which shows the four color-coded, structural categories according to Di Ciccio
et al. [29 , 105 ].

In the context of healthcare, most clinical processes like diagnosis and treatment can be
classified as KiPs and bear only little structure. In contrast, organizational processes like
patient admission or scheduling of appointments are highly structured, overall rendering
the field of healthcare a hybrid regarding the degree of structure [28 ].

1.2.2. Clinical Pathways

The fact that evidence-based medicine is the primary paradigm in current healthcare prac-
tice lead to an increase in quality of care in a reproducible way [69 , 133 ]. CPs can be seen
as an instrument of clinical quality management and continuous quality improvement ac-
cording to the principles of evidence-based medicine [119 ]. By iteratively improving them,
CPs can act as a means of achieving the two goals of increasing the quality of care while
minimizing costs through process optimization.

While the term Clinical Pathway and the main concepts behind it are used internation-
ally, literature reviews showed that “there is no single, widely accepted definition of a
clinical pathway” [26 , p. 553]. Different terms are sometimes used to refer to the same
concept (e.g. critical pathway, care pathway, care map) [26 ]. For this thesis, the definition

5



1. Introduction

Figure 1.2.: The spectrum of structural degrees of a process according to Di Ciccio et al. [29 ,
105 ]

by Mosby’s Dictionary of Medicine, Nursing & Health Professions is used. It defines CPs quite
broadly as “a description of practices, usually in the form of an algorithm, likely to re-
sult in favorable outcomes for patients with a particular diagnosis that uses prospectively
defined resources to minimize cost” [108 , p. 382].

Put simply, CPs are an abstract, generic model of the treatment of patients with a certain
condition. They are developed by medical professionals and based on scientific publica-
tions and clinical studies but also professional experience [28 , 45 ]. The development of
a CP is hard as it needs to model real human behavior in an everyday healthcare setting
consisting of a large amount of KiPs with little structure. Therefore, CPs need to find an
abstraction that represents reality while still providing relevant process and cost optimiza-
tions. The possibility for variations and overall flexibility is then purposefully built into the
CP to allow for deviations from otherwise commonly followed paths, if necessary [111 ].
This generic CP is then adapted to the individual situation by the enacting knowledge
worker when put into practice.

As CPs are one of the major instruments for managing the overall quality of healthcare,
the developed CP ’s quality is of high relevance. This, in turn, is often hard to evaluate,
due to the highly dynamic nature of the KiPs that are modeled by CPs , in many cases
making the real world execution and an ex-post analysis the only way of assessing quality.
IT applications have been shown to be able to improve the process alignment and thereby
the CP conformance when they are integrated in the clinical routine [91 ].

6



1.2. Fundamentals

1.2.3. Hospital Information Systems and Adaptive Case Management

A Hospital Information System (HIS) is “the socio-technical subsystem of a hospital, which
comprises all information processing as well as the associated human or technical actors
in their respective information processing roles” [62 , p. 30]. This means that a HIS con-
sists of many components and subsystems, as every information processing facility that
the hospital incorporates is part of the HIS . Many of these facilities are expert systems,
often with very specific purposes for individual departments (e.g. web interface to an x-
ray scanner accessible to radiology specialists). But there are also integrative subsystems
that span multiple or all departments and provide more holistic functionalities like central
electronic health record management or applications for ordering medicine.

As HISs are very complex systems with large differences in implementation between
individual hospitals, it is hard to find a classification that is generally applicable to all
parts of a HIS . When only considering the information processing tools of a typical HIS ,
however, Mans et al. came up with such a classification, giving a good impression of the
types of technical subsystems to expect. The classification primarily considers properties
relevant to PM , but in the context of this work, this is a benefit rather than a limitation.

Administrative systems are responsible for tracking and billing which services were de-
livered to each patient. These could be surgeries, examinations, treatments, and the
like which are often entered manually into the system.

Clinical support systems are used in departments with such a particular set of needs
that they require a separate, highly specialized IT system, e.g. in an intensive care
unit.

Healthcare logistics systems are concerned with the general hospital logistics like staff
management, scheduling of appointments or ordering of medicine and supplies.

Medical devices are physical devices and their human-machine interfaces that are used
by medical professionals like x-ray or MRI scanners. They often capture low-level
data regarding their operational parameters.

A special kind of subsystem that can be found in an increasing number of hospitals but
does not exactly fit this categorization are case management systems. They can be classi-
fied as process-aware information systems (PAISs) . A PAIS can be defined as “a software
system that manages and executes operational processes involving people, applications,
and/or information sources on the basis of process models” [157 ]. Case management
systems can further be divided into two categories called production case management
(PCM) and adaptive case management (ACM) systems [61 , 109 , 142 ]. The former is used
for executing a pre-defined process that has been put in place by software engineers or
case modelers and cannot be modified at runtime. ACM on the other hand offers the ad-
vantage of providing users like knowledge workers the ability to modify the process at

7



1. Introduction

execution time, creating a very flexible system that can be used for supporting the execu-
tion of KiPs . What systems of both categories have in common is a so-called case folder
where all information relevant to a specific case is stored and from where all available ac-
tions are initiated. The case folder also contains a history of actions and changes that were
taken during the course of the case.

1.2.4. Case Management Model and Notation

CPs traditionally come in the form of documents (written guidelines, task lists, question-
naires) aimed to be understood by humans but not necessarily by machines. In recent
years, ACM systems are emerging as supporting tools for KiPs and ACM applications
are offered by an increasing number of commercial providers [85 ]. These, however, use
proprietary formats for expressing CPs , making the tools largely incompatible with each
other, amongst other drawbacks. This is why the Case Management Model and Notation
(CMMN) was developed in the year 2014, updated in 2016 and is now maintained as an
open specification by the Object Management Group 2

 [116 , 117 ].
CMMN is a metamodel and a notation for representing, graphically displaying and in-

terchanging case models for use in case management tools like ACM systems. Conceptu-
ally, it is quite similar to the Business Process Model and Notation (BPMN) but it is used for
more dynamic processes with a higher degree of human decision making like KiPs [101 ].
This also implies that it provides more flexibility and adaptability than the classical BPMN 

does, like the possibility to skip certain activities or to execute them in a dynamic order.
CMMN models can also aid in the process of decision making by providing next step sug-
gestions or automated state transitions based on pre-defined events. Overall, this results in
CMMN models primarily describing what can or cannot be done in a process while BPMN 

models define how to actually do it [100 ].
An example of a CMMN diagram can be seen in figure 1.3 . The main elements of a

typical CMMN diagram are explained in the following.

Case is an abstract representation of an optimized pathway a patient with a certain con-
dition is likely to follow. It mostly consists of multiple stages and often has a case
manager assigned. Graphical representation: rectangle (outermost)

Stage corresponds to an episode in a patients case. It groups together multiple tasks
and represents a subprocess in the overall CP . It can optionally have entry or exit
conditions and can be skipped or repeated if wanted. Graphical representation: box
with clipped off corners (octagon)

Task is a unit of work which is atomic in the context of the CMMN model. It provides
means for automatic activation when certain events occur as well as for manual acti-
vations by human users. It can be defined to allow repetitions or be required for the

2also responsible for BPMN , UML and others
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completion of a stage or the activation of another task. Tasks have a special subclass
HumanTask for tasks intended to be done by a human caseworker. Every task can
have pre-defined user roles that constrain who can be responsible for its execution.
Graphical representation: rectangle with rounded corners

Sentry is an optional watchdog linked to a certain task or stage waiting for pre-defined
events or conditions to occur. It controls activation and completion of tasks and
stages. Graphical representation: diamond shape on the dependent with dashed lines to
dependencies

Role acts as a restriction for limiting which users can perform a task. Does not have a
graphical representation

Figure 1.3.: CMMN diagram showing the second version of the CP for Groningen’s first
CONNECARE case study

1.2.5. The CONNECARE Project

As mentioned in section 1.1 , there is an overall trend towards an increasingly aging popu-
lation [115 , 146 ]. This leads to an increasing amount of CCPs , as the number of chronic dis-
eases increases with age [174 ]. CCPs can be defined as patients with two or more chronic
diseases, comorbidities or frail (due to social, economic and/or clinical factors), who are
usually elderly and consume a very high level of health resources [167 ]. They are a ma-
jor cost factor in the healthcare sector as they require a large chunk of the overall health
resources while their share in the total population is rather small [168 ]. In Catalonia for
example, CCPs were responsible for 35.8% of costs in the year 2014 while they only made
up 5% of the overall population [16 ]. Therefore, there is a strong incentive to unify and
optimize healthcare processes for CCPs to increase cost-effectiveness and reduce overall
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spending. Additional measures like home hospitalization can bring the costs down even
further while also increasing the patient’s quality of life [65 ].

Clinical Pathways for Complex Chronic Patients

One way to achieve this is to make use of CPs to guide clinical professionals when treat-
ing chronic diseases, as has been shown for patients with acute conditions [119 ]. But to
leverage the full potential of CPs , some additional requirements have to be considered, as
chronic conditions vary from acute ones. While most acute complaints are hard to pre-
vent, this is not the case for chronic problems, as the nature of the condition is normally
known in advance and steps can be taken to prevent rehospitalization [65 ]. This increases
the quality of life for CCPs as they can spend more time in their familiar surroundings and
need to spend less time in the hospital. However, these improvements induce extra system
requirements as most preventive measures are coordinated by primary care or by unpaid
carers (e.g. relatives or social workers), effectively enforcing the integration of primary,
secondary (i.e. clinical) and unpaid care. Medical professionals also profit from such in-
tegrated systems, as they simplify interdisciplinary exchange by providing a platform for
cross-organizational communication and data transfer. They can also provide profession-
als as well as patients with event notifications and incorporate components for automated
data checks based on pre-defined rules.

Integrated Care for Complex Chronic Patients

The integration of these systems is however not a trivial task and provides many chal-
lenges on its own, which has been shown in multiple studies trying to achieve such an
integration [15 , 53 , 91 ]. Further improvements can be achieved when medical devices for
home use are integrated as well, enabling patients to do simple, routine measurements by
themselves instead of having to visit the hospital [167 ]. Imagine for example an elderly
person with hypertension who regularly needs to visit a hospital or primary physician for
taking a blood pressure measurement. The integration of a personal blood pressure mea-
surement device with the HIS can completely eliminate the need for routine hospital visits
which can greatly increase the patient’s quality of life. This functionality can even be ex-
tended into a system for patient self-management, enabling the preponing of the hospital
discharge after acute episodes.

The EU-funded project CONNECARE aims to achieve that [40 ]. It offers an integrated
care environment for managing complex clinical cases and features an interface for med-
ical professionals of primary and secondary care as well as a self-management system
that can be used by patients, relatives or personal carers [4 ]. The system also connects
medical devices for home use and provides the patients with notifications and recom-
mendations based on the gathered data. Additionally, dedicated communication channels
are provided that can be used for interchanging patient-professional and professional-
professional messages, simplifying interdisciplinary collaboration. CONNECARE was
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developed as a multi-tenant system with the intention of productive use and is therefore
designed to be adaptable to individual deployment sites but also to scale well.

Since June 2018, it is used in everyday clinical life as part of two case studies executed
at three locations across Europe3

 which are described in more detail in section 1.2.7 . The
first study is concerned with the prevention of unplanned hospital-related events involv-
ing frail complex patients with high risk for hospitalization. The second study aims at
preventive, patient-centered intervention in CCPs undergoing major elective surgery. On
top of that, the system is being fully integrated into an existing, SAP-based HIS at a fourth
site, but will most likely not be actively used for managing CCPs there, as the primary goal
of that integration is a large-scale deployment that can be extended to provide services for
an entire country’s population.

System Architecture

CONNECARE ’s system architecture is divided into three major subsystems that commu-
nicate via a common message broker and can be seen in figure 1.4 . The message broker
relies on a JSON -based API for communication, enforcing this as the standard way for ex-
changing messages in the backend. The individual subsystems will be explained in detail
in the following.

SACM The SACM contains the central case management component. It houses the main
business logic expressed through a case model, is the primary data storage and of-
fers the web interface for medical professionals and case modelers. Access for the
latter is necessary as the SACM ’s backend is – in its capacity as an ACM system –
the process engine of the CONNECARE environment. Obviously, the case modelers
transforming the CPs into machine-readable form and adapting them to the indi-
vidual needs of the deployment locations need access in order to do their job. The
SACM is described in more detail in section 1.2.6 .

SMS The Self Management System (SMS) is the patients’ access to the overall system. It
does not feature a web UI but is rather used through an app for smartphones or
tablets. Apart from patient notification and communication functionalities, the inte-
gration of medical devices is accomplished through this subsystem. This is achieved
by integrating the medical devices with the smartphone application using whatever
means of communication both devices support (e.g. Bluetooth®). The app then trans-
mits the data to the SMS backend which in turn passes it on to the message broker
so that it finally reaches the SACM where it can be persisted.

3see https://clinicaltrials.gov/ct2/show/NCT02956395 ,
https://clinicaltrials.gov/ct2/show/NCT02976064 ,
https://clinicaltrials.gov/ct2/show/NCT03327233 and
https://clinicaltrials.gov/ct2/show/NCT03327246 
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UIM The User Identity Management (UIM) is responsible for managing users, roles and
active sessions. This is a critical task, as CONNECARE contains personal health in-
formation which needs to be properly secured in order to suffice European data pro-
tection regulations. Authentication tokens can be obtained from the UIM , which are
necessary for accessing any other services that the system provides. It contains the
user information for all tenants and features a role system for restricting the rights of
groups or specific users down to the individual case level. All user and role informa-
tion is mirrored and synchronized from the central SACM system for performance
reasons.

Figure 1.4.: Conceptual Architecture of the CONNECARE system [104 ]

1.2.6. Smart Adaptive Case Management

The SACM is CONNECARE ’s most central subsystem, provides the ACM functionality
and is the primary persistent storage [104 , 105 ]. It consists of two components, the Pro-
fessional Interface that acts as a web frontend and the SACM -Backend. Communication
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between both components is done directly using a RESTful, JSON -based API . For pro-
viding some functionality like patient messages, the frontend also communicates directly
with the message broker. Full API logging is supported and metadata on all incoming
requests is persisted to a separate logging database. The backend of the SACM is basically
a process engine with some extended functionality. As a second component, it will fea-
ture a decision support system in the final release that provides clinicians with statistical
probabilities and recommendations on how to proceed with a case. Such a system already
exists in a prototypical form, but it is not yet integrated into the SACM in any form. Ba-
sic case modeling support is backed by SocioCortex, a generic full stack modeling engine
that has been extended to fit the medical use case and the integrated care scenario. A de-
tailed description of SocioCortex was given by Hernandez-Mendez et al. [66 ]. Extended
functionalities include case-based communication for involved users, patient notifications,
automated validation and alerting for professionals, and an extended user and role man-
agement.

Due to its underlying generic case engine, the SACM backend is highly flexible with
regard to the case models that it can support during execution. All functionalities of the
system are configured through case models, making the modeling step a crucial part of
the development and a major factor in determining the quality of the operational support
when executing CPs . The models are expressed in an XML -based syntax that can – except
for some extended functionality – be transformed into CMMN , enabling simplified model
visualization and modeling by externals who are unfamiliar with the project or its exact
case model syntax. The extensions to CMMN include amongst others a differentiation
between serial and parallel repeatable tasks, the introduction of case notes as a means
of keeping completely unstructured information and the addition of extra task types like
DualTask to properly describe tasks that are partly done by a professional and partly by the
patient using an integrated system.

The described case modeling engine provides the SACM with a very high degree of
adaptability. This is a central requirement, as the multi-tenancy of CONNECARE requires
it to be adapted and deployed to different locations and patient treatments. As overall
organizational processes and CPs vary from site to site and from treatment to treatment,
adaptability has to be provided at design-time, in addition to the runtime adaptability that
is required for supporting KiPs .

1.2.7. Performed Case Studies

As the case studies that are carried out in the course of the CONNECARE project are cur-
rently still being executed, only little information has been published yet regarding the
performed treatments. In particular, no precise medical description of the exact hospital
procedures exists. For this reason, the following section will refer to published short de-
scriptions about CONNECARE ’s intended use, to example cases taken from the project’s
website and to the labels of the tasks modeled in the CMMNs to still give the reader an
impression of the medical cases that are supported by the system [22 , 40 , 74 , 75 , 76 , 167 ].
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However, the section’s goal is not a complete and fully correct description of the case stud-
ies from a medical point of view but rather to give a conceptual impression of the executed
processes. Furthermore, medical abbreviations like ASA or COPD will not be spelled out,
as this work is primarily targeted at information scientists without a deeper medical un-
derstanding who would not benefit from the complete terms anyways. Interested readers
can refer to the sources provided with each abbreviation for further information or check
the glossary at the end of this work to find the spelled out medical terms.

All case studies follow a similar overall structure consisting of the five stages Case Iden-
tification, Case Evaluation, Workplan Definition, Workplan Execution and Discharge that was
developed during earlier research projects [15 ]. It can be seen in figure 1.5 , colored accord-
ing to the structural degrees by Di Ciccio et al.  from figure 1.2 . This top-level conceptual
model also contains a specific, backward-facing path for unexpected events, enabling clini-
cians to react to unpredicted situations by re-defining the workplan stage. In the context of
CONNECARE , the definition of the workplan can be done continuously and at runtime,
reducing the number of stages that need to be modeled to four. This can be seen in the
CMMN diagrams included in chapter A of the appendix which are also colored according
to their structural degree. The only exception to this structure is the second case study in
Lleida, where the Workplan stage is split into Workplan before Hospitalization and Workplan
after Hospitalization.

Case Identification Stage collects patient information that is required to start the case [15 ].
Across all sites, it contains mandatory tasks for selecting the patient and the super-
vising medical professionals of a new case, checking the technological background
regarding internet and smartphone usage, as well as for documenting the patient’s
consent to taking part in the study. Apart from that, one or two additional indicators
can optionally be collected like the ASA index in Groningen for grading the overall
physical status or the Global Deterioration Scale in Lleida for assessing some forms
of dementia [125 , 132 ].

Case Evaluation Stage includes more specific assessments of the patient to determine
the eligibility through CONNECARE and to capture the information required in the
next step, the workplan definition, which is performed at runtime and is therefore
not modeled. The evaluation stage has the highest amount of available tasks that can
be used for assessing different aspects of the patient’s health. The stage also shows
the most differences from the first to the second case study but also from one site to
another and will, therefore, be described in more depth after the general case model
structure has been presented. Still, it contains some tasks that are shared across all
case models like the Charlson Comorbidity Index that was developed and refined
over decades and is a central instrument when determining the severity of a patient’s
conditions and how aggressively to treat them [18 , 19 , 124 ].

Combined Workplan Stage is the most flexible stage but, at the same time, its modeling
varies only very little across all sites and both studies. This can be seen by the fact
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that almost all tasks are optional, need to be activated manually and can be instan-
tiated multiple times in parallel. Additionally, all case models feature the same five
tasks, at least at later points in their version history: Physical Activity for personal ac-
tivity monitoring using fitness trackers, Monitoring Prescription for regularly checking
a value like blood pressure or weight, Patient Questionnaire for informally gathering
personal opinions4

 , Advice for giving the patient guidance by a professional, and
Drug for the intake of prescribed medicine. As mentioned, the second study per-
formed at Lleida constitutes a small exception to this as it splits up the stage and the
just mentioned tasks into two stages. Apart from that, both Lleida studies offer extra
tasks for social carers and primary nurses.

Discharge Stage is quite simple and mostly just documents the date that a patient was
discharged from hospital. Lleida also uses this stage to capture SF12 and EQ5D val-
ues, which are scales used to determine a person’s physical and mental health and
overall quality of life, respectively [41 , 170 ].

Case
Identification

Case
Evaluation

Workplan
Definition

Workplan
Execution

Discharge

unexpected events

Figure 1.5.: Conceptual model of the performed case studies, colored according to struc-
tural degrees from figure 1.2 . Developed by Cano et al. [15 ]. For CON-
NECARE , both workplan stages have been combined into a single stage.

First Case Study

The first case study aims to improve the monitoring and care for CCPs that went through a
not further specified acute episode after they have been discharged from hospital, in order
to reduce the readmission rate during the first 30 days at home [75 ]. Besides the common
goal for all three sites, there are implementation differences, especially when comparing
the amount and identity of tasks of the evaluation stage across the different sites. While
Groningen focuses heavily on COPD , both Lleida and Tel-Aviv take a more holistic ap-
proach, therefore requiring a higher number of possible activities. COPD is a general term
for chronic, progressive and irreversible lung diseases that are characterized by reduced
lung capacity like e.g. asthma [108 , p. 365]. COPD patients have been shown to have an
increased risk for developing comorbidities and to cause an over-proportional amount of
healthcare expenditure, so they can be characterized as CCPs [143 , 168 ]. Groningen’s eval-
uation stage is focused on the condition, as it features the tasks CCQ , ACQ and Spirometry

4e.g. “How do you feel today?”
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which can be used for diagnosing COPD [73 , 107 , 164 ]. Even the task Previous Exacerbations
is likely to be related to COPD exacerbations, which are a common problem during treat-
ment of such diseases [17 ]. As the amount of tasks in Groningen’s evaluation is not that
high anyway, this leaves only some generic tasks like Demographics or Medication Overview
and shows the focus on COPD -related conditions.

Lleida and Tel-Aviv, on the other hand, do not model these tasks, but rather evaluate
more generic aspects of the patient’s health. To name some examples, both sites feature
ways for measuring the basic and instrumental activities of daily living, like eating and
dressing (basic) or shopping and managing money (instrumental) [108 , p. 29/183/934],
through tools like the Barthel index [94 ]. Apart from that, the HADS can be employed to
check for depression, the patient’s overall quality of life can be assessed using the EQ5D 

and an indicator for physical and mental patient health can be calculated using the SF12 

task [41 , 170 , 177 ]. Even tasks for estimating a patient’s risk of fall exist.
But there are also some differences between Lleida and Tel-Aviv, though they are not

nearly as big as the ones between Groningen and the other sites. Lleida performs a GMA 

Evaluation, which classifies a patient as a member of one of six morbidity groups based on
the local population [106 ]. This is somewhat similar to Groningen’s Demography evaluation
and is not performed in Tel-Aviv. Instead, the MUST test as well as the Sweet 16 test can be
performed for measuring nutritional and cognitive health aspects [34 , 48 ].

Second Case Study

The second study tries to prevent perioperative complications5
 for CCPs undergoing ma-

jor elective surgery by providing improved post-discharge monitoring and by promoting
physical activity and prehabilitation [76 ]. The latter is a form of physical exercise that aims
to prevent injuries before they actually occur and can be employed prior to surgeries for
reducing the chance of injuries and complications [103 ]. For this purpose, the available
tasks are more generic for all three sites, while, in comparison, Groningen still stands out
due to its low amount of tasks. However, part of this effect can be explained by Groningen
having a mainly different set of tasks compared to the first case study while the other sites
kept most available tasks and only added some new ones.

At the same time, the differences regarding the captured medical indicators are not so
elaborate anymore with Groningen also capturing nutritional data through the NRS and
MNASF tasks, similar to Tel-Aviv’s MUST task [34 , 55 , 82 ]. Apart from that, all three sites
support evaluating the activities of daily living and determining a possible depression [94 ,
177 ]. Groningen also determines the GFI , an indicator that can be used to get an impression
of a patient’s frailty and therefore loosely relates to the tasks for measuring the risk of fall
that exist at the other sites [138 ].

Again, there are also some fully site-specific tasks. For Groningen, this is e.g. the Site
of Surgery task that is done to display the planned site of surgery in the case overview,

5i.e. complications before, during or after an operation
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though this task is actually part of the earlier identification stage. The evaluation in Tel-
Aviv primarily differs from the first case study in the presence of four additional tasks
that are all modeled to be executed by a physiotherapist and are a result of the focus on
physical checks and prehabilitation. In Lleida, the most apparent change is the split of the
workplan stage into a pre- and a post-hospitalization phase, to further facilitate activities
preparing the patient for the upcoming surgery. Apart from that, some additional tasks are
available, e.g. for capturing neuropathic pain using the S-LANSS score or for determining
the severity of arthritis on the WOMAC index [2 , 7 ]. A task for capturing the ASA index
value analogous to Groningen is also available.

1.3. Research Questions

Due to their highly dynamic and complex nature, KiPs are hard to understand and gener-
alize, making the design of a CP a non-trivial task. To promote the dissemination of CPs ,
guidelines like [111 ] have been created to assist medical professionals during the creation
process. Following the principles of evidence-based medicine and because CPs directly
affect the treatment procedure and thereby the patient’s health, they have to be assessed
before they can be put into productive use, to ensure that they provide meaningful advan-
tages over the status quo [111 , 133 ]. Because evaluating a developed CP on paper is next
to impossible, most guidelines recommend to execute it in practice through a small pilot
study before integrating it in the ordinary course of patient treatment. By doing so, possi-
ble issues can be identified and by measuring treatment costs and patient satisfaction, an
actual improvement factor can be determined that can then be used for comparison with
other developed CPs and the like. Afterward, the CP can be refined and, depending on
the changes, be put into clinical practice or re-evaluated through another pilot study.

But already the process of translating a paper-based CP into machine-readable form has
its challenges that need to be considered [102 ]. Supporting software systems with ad-
vanced functionality exacerbate the situation, as those features could (and are maybe even
designed to) impact the execution of the CP . The technical correctness and the fulfillment
of all functional requirements can be assessed using a set of automated software tests, but
this is not possible for conceptual validity, execution efficiency or ease of use. To gain
insights into these areas, the system has to be put into productive use, e.g. by perform-
ing a pilot study like it is done when introducing a paper-based CP . During the course
of the study, data on the system’s runtime behavior needs to be collected so it can later
be analyzed for evaluation purposes. This is exactly what is currently being done for the
CONNECARE project and, more specifically, its case engine SACM . Case studies are per-
formed at three hospital sites for two different treatments each, resulting in a total of six
evaluation scenarios. The gathered data comprises a complete technical log of all requests
to the engine’s REST ful API that is created by the engine itself and is persisted to a separate
logging database.
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1.3.1. Process Discovery as Enabler for System Evaluation

Process discovery, a PM technique, will afterward be applied to generate process models
(also known as process maps) for comparing the modeled CPs with the actual treatment
process that was executed using the CONNECARE system. PM is a research field that
emerged in recent years and is concerned with the analysis of processes based on event
data [144 , 153 ]. It combines techniques known from data mining with concepts of business
process analysis and consists of the three major tasks process discovery, conformance checking
and process enhancement.

Process discovery automatically constructs process models based on observed events,
thus capturing the behavior seen in the event log [154 ]. It features three prevalent perspec-
tives: the control-flow, the performance and the organizational perspective. The control-flow
perspective only analyses the ordering of events, is the base perspective and connects all
the others. It shows which activities followed each other, how often they occurred, and
gives a general impression of how the process under analysis looks like. The performance
perspective tries to give insights into how efficiently the process was executed and can be
used e.g. during process enhancement to identify bottlenecks. The organizational perspec-
tives focuses on resource usage and does not analyze what was done but rather by whom
or where it was done [136 ]. This is done to unveil social networks and other organizational
structures like room utilization.

For conformance checking, the modeled behavior (e.g. the case model/CP ) and the ob-
served behavior (i.e. event log/process map) are automatically compared in order to eval-
uate the existing model or as a starting point for future improvements [153 ]. Process en-
hancement, in turn, is concerned with aligning event log and process models, so that the
log can be replayed on the model, enabling further insights into e.g. the process perfor-
mance and the main bottlenecks. Additional information like event duration needs to be
available in the log for being able to perform this step.

In the first step, the goal of this thesis is to employ process discovery techniques for
generating process maps of the case studies performed at the different hospital sites in the
context of the integrated care environment of CONNECARE . The process models will be
generated based on API access logs created by the SACM backend system and can then be
compared with the underlying case models. Afterward, the findings identified during the
comparison will be used to answer three research questions regarding the evaluation of the
SACM system, the modeled CPs and the CONNECARE integrated care environment. Due
to the case studies still being performed until the end of 2019, all steps leading up to the
process discovery will be automated, so that the evaluation can be repeated with minimal
effort as soon as the studies are completed. As already mentioned, the overall evaluation
procedure, the process discovery step and the research questions can be seen in figure 1.1 .
In the following, each question will be explained in detail and some reasoning will be
given why it is relevant and worth answering.
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1.3.2. RQ1: How is the model-provided flexibility employed during the
execution of cases?

As described in section 1.2.1 , KiPs are shaped by knowledge workers and their human de-
cisions resulting in highly varying processes. This is necessary as KiPs are often executed
in a context with many unknowns where unpredictable and unforeseen events can occur,
possibly requiring some human action to account for the new situation. For this reason,
a CP is only a guideline for the treatment of a certain disease and needs to be adapted
and extended ad-hoc by medical experts when it is executed. Supporting IT systems need
to allow a similarly high degree of flexibility to properly support the execution of KiPs .
On the other hand, to still provide meaningful process optimizations, such a system also
needs to apply some kind of structuring to the executed processes.

Therefore, during the modeling phase of the CONNECARE project, elements support-
ing adaptability and flexibility were purposefully built into some areas of the case models
while others were kept more strictly structured. Figure 1.5 showed the different stages that
a typical case executed during the case studies consists of and also visualized their struc-
tural degrees that served as a basis for the implementation of the model-provided process
flexibilities. The flexibility is achieved through the use of case elements with certain prop-
erties. Stages and tasks can be executed optionally and possibly be repeated in serial or in
parallel. Apart from that, many of them are activated automatically when certain condi-
tions apply, but they can also be modeled to require manual activation by a human user.
Sentries exist for enforcing certain inter-task or inter-stage dependencies and can be used
in combination with the required property of tasks and stages to limit the possible flexibil-
ity of the overall case.

In theory, this results in highly dynamic process executions as knowledge workers can
modify and adapt the executed process to their liking, based on the unpredictable real-
world events that occur. Unfortunately, it is very hard to validate this hypothesis in the-
ory, as the executed KiPs are very complex to simulate because they integrated multiple
departments and therefore the major part of a whole hospital needs to be simulated which
is a non-trivial task [51 ]. Furthermore, unexpected events cannot be simulated in the full
variety that they have in real cases. Therefore, the system has to be used in a real-world
setting to generate valid data based on truly unforeseen events. The data can then be used
to discover process models of the real-world case executions and compare the flexibility
and variability of those execution maps with the abstract and generic case models that
were created based on the hospitals’ CPs .

1.3.3. RQ2: How do communication and notification features affect case
executions?

Beyond the fundamental IT-supported guidance through a case, the SACM offers addi-
tional functionalities designed to enhance the user experience of medical professionals
and patients or simplify everyday life. To be precise, the SACM offers alerts, notifications,
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case notes and communication features. Alerts notify a medical professional when an au-
tomated measurement was made but violated some threshold or other restriction that was
previously defined at design- or at runtime. Notifications remind patients when they need
to take a prescribed medication or encourage them to start or keep up with certain tasks
like e.g. physical activity. The messaging features allow patients to directly contact an
informed medical professional to resolve emerging issues or to get advice in unforeseen
situations and vice-versa. Messages can also be sent between the professionals without
access for patients, enabling case-based, interdisciplinary exchange and collaboration. The
notes feature offers a completely unstructured place for gathering case-based information
and collaboratively creating knowledge similar to what can be done with a wiki page [171 ].
The visual appearance of the notes section of a case can be pre-defined in the case model
using HTML and CSS , making it a flexible tool for keeping knowledge in a freely struc-
turable way that is unknown ex-ante.

Some of the features, like the team messaging functionality, have been requested by the
professionals of certain sites in the early stages of the case studies while others were al-
ready implemented in the initial version. However, it is currently unknown whether all
features have been used in the same way across all sites and case studies. At the same
time, occurring alerts or messages can be viewed as unforeseen events that potentially re-
quire ad-hoc process changes. The intention of the second research question is therefore
to generate further insights into how these additional SACM features are used by evaluat-
ing how they affect the execution of cases based on the process maps generated from the
captured log data.

1.3.4. RQ3: How are collaboration and organization features reflected in case
executions logs?

To support all possible deployment scenarios and conform with EU data protection regu-
lations, especially for person- and health-related data, SACM implements a configurable
user and role system. It will be explained in detail in the following paragraph and is also
shown in figure 1.6 .

Cases consist of stages which in turn are made up of tasks. Each task references a certain
role that is responsible for its execution. Roles are defined at the case level and restrict
which groups a user has to be part of for assuming the role. The assignment of users to
groups is done globally and users can be members of multiple groups. When the case
is executed, the case manager has to select a patient as well as a professional for each
role before work on the case can be started. To give an example, a case could define the
role Radiologist which is modeled to be responsible for all tasks related to radiology that
can be performed during the case. This does neither mean that the user actually has to
perform those tasks, nor that the tasks will be performed at all, but the user will be listed
as the responsible task assignee in the user interface. For restricting who can be chosen as
responsible radiologist, the case model could e.g. require membership in one of the two
groups Imaging Radiology and Therapeutic Radiology. These represent the corresponding
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Figure 1.6.: Conceptual data model showing the role-based task responsibility system. Re-
lations colored in blue are usually defined at runtime.

departments in the hospital and, as all department members actually have a membership
in one of the two groups, any of them can be assigned to perform the Radiologist role.

Nonetheless, this does not necessarily affect how tasks and cases are executed, as any
user with write access to a certain case can modify, complete and terminate all available
tasks. Write access is gained automatically as soon as a user is assigned to a case role or
through manual assignment. In the context of this work, the person actually completing
or terminating a certain task will be called the task processor, in contrast to the task assignee
who is responsible for it.

Due to this runtime flexibility, it is unclear if the modeled roles and the users perform-
ing them are actually used in practice and, if so, whether they pose significant advantages
or are simply ignored. It is also possible that some kind of organizational structure is
employed when the tasks are executed which the system could support if configured cor-
rectly through the case model. Therefore, the goal of this research question is to evaluate
this aspect of the modeled cases, determine how the user and role system is used across the
different sites and identify possible process improvements like the model over- or under-
fitting the real-world case execution logs.

1.4. Thesis Outline

The remaining thesis is structured as follows: The upcoming chapter 2 will first give an
overview of similar works and their results in section 2.1 , followed by a more detailed
description of more closely related research efforts in section 2.2 . Then, in section 2.3 , the
specific challenges that arise when performing PM in the healthcare sector are explained
in depth.

The next part of the thesis, part II , contains the conceptual approach as well as a de-
scription of the practical implementation. First, section 3.1 shows ways how to deal with
the challenges identified earlier while section 3.2.1 presents the consolidated methodol-
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ogy by Erdogan and Tarhan that is used in this thesis. Afterward, section 3.2.2 explains
what methodological changes and extensions were necessary in order to realize all project
goals. Then, in chapter 4 , the most relevant implementation details are given for each
step of the chosen methodology. Quite at the end, in section 4.4 , current PM tools are
compared and instructions for the configuration of Disco are given, the tool that was used
in this thesis. The chapter is concluded in section 4.5 by notes on the clinical deployment
that was performed in the context of this thesis.

The final part evaluates the generated process models and the calculated indicators and
interprets the findings for each site. The sites are then compared with each other to find
possible similarities or differences. This is done for all three research questions, starting
with the model-provided flexibility in section 5.1 , the effects of communication features in
section 5.2 , and the usage of the user and role system in section 5.3 . The first two questions
are analyzed using control-flow perspective process models while the latter one relies on
the organizational perspective. Having answered the research questions, a conclusion is
drawn in section 6.1 followed by the limitations of this thesis in section 6.2 and an outlook
on future work regarding the topic in section 6.3 .

22



2. Literature

2.1. Process Mining in the Healthcare Sector

2.1.1. Overview of the Research Area

PM emerged as a new research field bridging the gap between Data Mining and Business
Process Management over the last two decades [153 ]. It is gaining increasing attention and
has sparked the creation of over 25 commercial tools facilitating the employment of PM in
the industry [145 , 155 , 160 ]. Regarding the application areas of PM , a strong focus on eco-
nomic sectors like finance and insurance, public administration, healthcare and manufac-
turing becomes apparent [25 , 145 ]. Some of these industries are characterized by strongly
structured processes like closing a new contract in an insurance company, while others
are shaped by highly dynamic KiPs as they are e.g. found in the healthcare sector [29 ].
Structured processes can benefit from advanced PM techniques like conformance check-
ing and process enhancement [144 ]. KiPs on the other hand often lack a formal represen-
tation of the processes which is required for performing those advanced techniques [29 ].
Nonetheless, the field still provides significant advantages as it enables visually modeling
the dynamic processes based on the actual real-world execution events [56 , 150 ]. For this
reason, PM has been increasingly applied to sectors that heavily rely on KiPs with the field
of healthcare gaining special attention for various reasons [6 , 35 ].

In the six year period between January 2013 and January 2019, ten literature reviews
on PM in the healthcare sector have been published [6 , 35 , 42 , 50 , 84 , 96 , 120 , 126 , 127 ,
175 ]. Three of those were systematic/systematized literature reviews [6 , 35 , 50 ] with the
rest being traditional ones. The majority (n=6) of reviews is concerned with healthcare in
general, while some only consider certain areas of the sector, specifically oncology [84 ], the
support through CPs [175 ], the integration with primary care [126 ] and the analysis of care
for elderly frail patients [42 ]. The latter only reviewed the small number of eight studies,
but as the analysis area is so highly specialized while also being relevant for this work, the
review still provides significant value added to be considered in the summary.

2.1.2. Summary of Insights from Literature Review Studies

The following paragraph will give an overview of the most important findings relevant
to this work across eleven different analysis dimensions mentioned in the review studies.
Data will primarily be sourced from the systematic reviews [6 , 35 ] conducted in 2018 due
to their high comprehensiveness. Additionally, instead of the systematized review pre-
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sented in [50 ], data from [127 ] will be used, as it is the primary source of information for
large parts of the formerly mentioned publication. All given percentages have been aver-
aged across the available sources and mathematically rounded to integers for simplified
comprehension. Percentages not adding up to 100% for certain analysis dimensions are
due to studies employing techniques from multiple categories.

Date of Publication According to the years of publication evaluated in [35 ] and [50 ], it
becomes apparent that the research area of PM in general but also the scientific ap-
plication of PM in the healthcare sector is still gaining attention. About 70% (n=1503)
of all reviewed publications (n=2176) have been published in the five year period be-
tween 2010 and 2015 [50 ]. The five years before that account for another around 20%
of the overall publications, leaving only about 5% for the time before 2005. When fo-
cusing on work concerning the healthcare sector, an even more obvious trend can be
seen, with roughly 80% of publications being released between 2011 and 2016, only
20% being published in the five years before and only an insignificant share with
a publication date earlier than 2006. A quite similar conclusion is reached in [35 ]
where around 70% of PM studies in the healthcare sector were published between
2012 and 2017, 25% being released the five years before and 5% of studies that have
been published prior to 2007.

Place of Publication Most studies were performed in Europe (54%), followed by Asia
(18%), North America (17%) and Australia, the latter being on par with Latin Amer-
ica (each 5%) [35 , 126 ]. No studies from Africa have been reported across all reviews.
Results from [127 ] show a similarly strong position of Europe but were left out of
the calculation of average percentages due to the lack of precise numbers for other
continents. Similar conclusions are drawn by [42 ] which has also been omitted from
calculations due to the low count of reviewed studies (n=8). Regarding individual
countries, the special position of the Netherlands must be noted, being by far the
country with the most scientific studies and contributions [35 , 126 , 127 ].

Types of PM This is the review dimension with the highest support across all reviews,
being analyzed in seven of ten papers [6 , 35 , 50 , 84 , 96 , 120 , 175 ]. All publications
conclude that process discovery is the type most often applied with an average of
73% of studies making use of it and followed by conformance checking (25%) and
process enhancement (6%, sometimes also called evaluate and improve). This is no
surprise, especially for the area of healthcare, as the less used types require a formal
model which often does not exist for KiPs but can be generated using process discov-
ery, making it kind of a preliminary task before other types can be applied [35 , 89 ].
Process variant analysis is performed by 30% of studies as reported by [35 ], how-
ever, this is not an established type of PM (as defined in [153 ]) and therefore only
evaluated once.

Perspectives of PM A quite similar picture emerges when considering the use of the dif-
ferent perspectives of PM [6 , 50 , 120 , 127 ]. The control-flow perspective is the most

24



2.1. Process Mining in the Healthcare Sector

used one (61%), followed by the performance (26%) and the organizational perspec-
tive (10%). The dominance of the control-flow perspective is again quite natural, as
it is central to many PM activities and integrates all other perspectives by serving as
a common basis [152 , 153 ]. Apart from that, it shows the sequence of activities and
can be used to understand the flow of a certain process, as it is often the goal of PM 

projects in the healthcare sector or when applying PM to KiP in general [29 ].

Process Discovery Algorithm Three reviews investigate the algorithm used for the pro-
cess discovery step in greater detail [6 , 35 , 127 ]. Due to their robustness and ability
to deal with noisy, incomplete event logs like they are often found in the healthcare
sector [11 , 67 , 99 ], the three mining algorithms heuristic miner (25%), fuzzy miner
(17%) and alpha miner (7%) are employed most often, followed by the genetic miner
(4%) and hidden Markov models (3%). Studies proposing new discovery algorithms
were measured by [35 ] and make up 27% of overall studies. The reviews also cap-
ture the share of papers that apply trace clustering to be at 6%, though formally this
is not a process discovery algorithm but one used for automated data preprocessing
to reduce the complexity of the generated process models by grouping similar event
log traces and executing the discovery step for each homogeneous dataset [95 , 137 ].

Software Tools Regarding the software tools that are used for generating the process
models, the open-source solution ProM or one of its derivatives like RapidProM is
predominantly used in 50% of published papers [6 , 84 , 127 ]. ProM’s success is partly
due to its open, extensible and plugin-based architecture which allows for easy ex-
tension and adaption while already providing a great variety of implemented tools
and algorithms [97 , 165 ]. Second is the commercial tool Disco which is only em-
ployed in 7% of all cases. It uses a proprietary enhanced version of the fuzzy miner
algorithm and offers free licenses for academic persons and scientific projects[57 ].
The remaining 43% of papers rely on different, mostly commercial tools that each
make up only insignificant shares of the overall tool usage or implement the tools
themselves [6 , 84 , 127 ]. A survey done in 2013 reported similar popularity of ProM
and Disco, though it was only exploratory and non-representative as it only inter-
viewed 119 people from 26 countries and was biased towards the Netherlands [21 ].

Methodology The methodology that was applied for performing the PM studies was re-
viewed by [127 ] and showed that with a share of 88%, the majority of publications
did not use a methodology at all. Self-developed methodologies were employed in
9% of cases, leaving 4% to the process diagnostics method (PDM)  and 3% to the
L* lifecycle model. PDM and L* were both developed specifically for mining pro-
cesses [13 , 152 ]. In the context of care for the frail elderly, all reviewed studies made
use of a methodology they developed on their own [42 ].

Data Sources When analyzing where data was extracted from, Batista and Solanas [6 ]
report 14 different data sources identified across only 55 studies that were reviewed,
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showing the large spectrum of data types available in typical HISs [67 , 99 ]. The
source most often used was recorded logs about activities performed during pa-
tient treatments (44%), but CP data (25%), data from patient diagnostics (16%) and
electronic health records (15%) were used as well [6 ]. In 40% of the reviewed stud-
ies, other data was used additionally. Summing up all percentages returns 140%,
clearly showing that many studies use more than one data source. Of the mentioned
sources, only electronic health records are used in publications on care for the frail
elderly, making up 25% and leaving 75% to other sources [42 ].

Data Preprocessing Employed preprocessing techniques are described in 54% of all pa-
pers as found by [120 ]. The intended purpose of the preprocessing is roughly equally
distributed between the four categories standardization & semantics (28%), aggrega-
tion & generalization (25%), privacy protection (25%) and noise filtering (22%) [6 ].

Site Comparison Only one review [120 ] investigated the number of studies performing a
comparison between multiple hospital sites and found only one study (4%) doing so.
At least in 2015, the time of that review, the topic is clearly underexplored compared
to other appliances of PM in healthcare.

Implementation Strategy Regarding the implementation strategy that was used for real-
izing the PM project, Rojas et al. [127 ] report the majority of studies (89%) to perform
a direct implementation consisting of manual data extraction and manual model gen-
eration. A fully automated approach is chosen by 9% of studies, resulting in the use
of an integrated process modeling suite for automating all steps of the procedure,
from data extraction to model generation and even conformance checks. The re-
maining papers (2%) chose a semi-automated approach, automating the generation
of the event log through data extraction and preprocessing, but performing the actual
model generation step manually.

2.2. Related Work

In further consideration of higher specialized primary literature regarding the goal of this
thesis and related topics, three separate research areas can be identified. The following
sections will name those areas, refer to some of their most influential papers and point to
some recent publications.

2.2.1. Mining for Clinical Pathways

As explained in section 1.2.2 , many processes in the healthcare sector are KiPs (e.g. the
treatment of patients) and are therefore less structured and more complex. Using PM to
visualize and analyze them is therefore not as simple as with structured processes [152 ].
For this reason, it took ten further years until PM was first applied to discover medical
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processes, compared to the first applications of PM in general that were done around
1998 [23 , 95 ]. This first application showed that it was possible to model healthcare pro-
cesses using PM for generating new insights that would otherwise require a lot of effort
to create manually [95 ]. The study also already denoted “spaghetti-like” process models
to be a major challenge when mining KiP and identified the need for further research to
understand existing discovery algorithms and develop new ones better suited for dynamic
processes. This was done later the same year by performing a systematic evaluation and
comparison of the seven most-used algorithms for process discovery of CPs which showed
that no approach was particularly well-suited for the application, as they were unable to
properly deal with noise, missing or duplicated activities and high variation [87 ]. Fuzzy
mining, an algorithm better suited for dealing with dynamic processes and heavily used
nowadays, was already proposed a year before that [58 ] but was only applied to healthcare
a year later in 2009 [56 ].

The first clinical applications of PM that were primarily done to gain insight into CPs 

and not to e.g. prove the applicability of PM in healthcare, were done in 2010. In [43 ], the
technique was used in a hospital where the resulting models served as additional feed-
back for clinical experts evaluating the actual execution of certain CPs . The work of [121 ]
additionally applied formal concept analysis and trace clustering before performing the
discovery in order to improve the care process for breast cancer patients. The extra prepro-
cessing was done to reduce the high process complexity due to high patient heterogeneity
by grouping the patients according to their length of stay, reducing specialized concepts
to more generic ones and thereby generating more but simpler process models. Formal
concept analysis and clustering techniques are known from the area of data mining where
they are used for deriving concept hierarchies and for condensing large, high-dimensional
data sets to enable timely data processing [8 , 49 ].

This clustering-based approach is formalized into an own methodology in [24 ], which
focuses on process variants and infrequent behavior. Apart from that, the work showed
that the objective results generated through PM can differ from the reality as perceived
by medical personnel and developed the first fully automated software tool for PM to
reduce the costs of model generation. The methodology of [172 ] further refined the appli-
cation scenario by incorporating drilldown and drillup practices, consisting respectively
of filtering on specific activities and aggregation during preprocessing, to improve tangi-
ble process insights. The data occurring in a typical HIS was analyzed in [96 ]. Afterward,
an exhaustive healthcare reference model was created that spans most possible data types
and, based on this artifact, updated potentials of PM in the healthcare sector were iden-
tified. Four PM analyses were performed in a Maastricht hospital, each comparing two
groups of patients with the goal of gaining insights regarding the influence of the exe-
cution of a CP on its effectiveness [118 ]. The author also identified the use of additional
statistics and the repeated discussion of preliminary results with process owners as crucial
parts of the overall PM procedure. The work of [176 ] uses fuzzy mining as an enabler for
generating abstract workflow models to perform discrete event simulation on, a technique
predominantly used in clinical settings to simulate and evaluate “what-if” scenarios for
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optimizing efficiency and reducing costs [51 ]. The approach was picked up in [72 ] that
proposed an own methodology for performing PM in order to run scenario simulations.

In 2014, a literature review was performed evaluating the use of PM for gaining CPs 

insights that identified 37 relevant studies in the period of 2004-2013 [175 ]. Apart from the
general findings that were already mentioned in section 2.1.2 , it described some challenges
unique to PM for CP and named some trends in recent research. While the complex nature
of KiPs was still being treated as the main challenge, the list was extended by missing
explanations for process variants as well as a lack of systematic thinking when it comes
to improving the CPs . Main trends were further analysis of process variants, integrated
process management and process customization.

In more recent studies, PM was applied for increasingly advanced evaluations like cross-
organizational comparisons or social interaction analyses. The former mentioned was
done in [120 , 141 ] which compared patients with chest pain symptoms across four South
Australian hospitals while paying respect to extra requirements like population compara-
bility. The approach enabled improvements regarding patient health and treatment costs.
The social interaction was evaluated as the primary goal in [3 ] where PM techniques were
applied to find role interaction patterns based on event data from emergency room pro-
cesses, one of the highly interdisciplinary areas of a modern hospital. The study provided
tangible new insights into clinical collaboration and uncovered multiple opportunities for
process improvement.

2.2.2. Using Process Mining for Comparative Analysis

Multiple studies have been conducted where PM has been employed for carrying out com-
parative analyses. This section will give an overview of research on the topic which can ba-
sically be separated into visual and non-visual comparative analysis. The latter comprises
techniques like delta analysis that were proposed and applied quite early in 2005 [81 , 149 ].
Delta Analysis can be defined as “comparing the actual process, represented by a process
model obtained through PM , with some predefined process representing the information
system” [149 ]. Applications include e.g. the comparison of possible sequences of events as
given by the model to actual sequences of events as given by the log in order to understand
where and why humans deviated from the modeled process [81 ].

Conformance checking tries to quantify this approach by not comparing two models di-
rectly, but rather trying to replay an event log that is otherwise used for process discovery
on a given descriptive/prescriptive process model [163 ]. Afterward, the fitness (i.e. how
well the model describes the logs) and the appropriateness (i.e. how simple is the model)
are measured thereby quantifying how well a certain model describes the real processes as
represented by the event log. This can be achieved by e.g. converting the given model to a
Petri net and then checking whether it accepts the log’s events like it was done in [163 ].

In recent research, both delta analysis and conformance checking have gained increasing
attention, especially in the area of Business Process Management [38 ]. There it can be used
for quantifying how much a model that was developed in traditional ways using domain
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knowledge and expert interviews, fits its real-world execution. For this purpose, new
metrics were developed for delta analysis by converting the process graphs to a common
vector model form, enabling mathematical comparisons [38 ]. Methods and algorithms
from other areas are also transferred, like e.g. the Needleman-Wunsch algorithm that was
initially developed for aligning similar regions in protein sequences and can be used for
improving PM results by finding dominant behavior in event logs [37 , 113 ]. Apart from
that, improvements regarding the business dimension are also made, like the increased
understandability of results through the generation of natural language to describe delta
analysis findings [148 ].

The discipline complementary to non-visual means for comparing models is visual ana-
lytics. It combines the striking human capabilities for identifying patterns in unstructured
data with automated analyses and specialized, interactive visualizations to improve the
understanding of large and complex data sets [78 ]. In the context of PM , it can gener-
ate additional insights based on the generated models but also based on raw event log
data [144 ]. This can e.g. be seen in [10 ] where the authors present a new type of visual-
ization comparable to an interactive dotted chart analysis that can be used to find patterns
in raw event log data and demonstrate its usefulness. Dotted chart analysis is similar to a
Gantt chart and shows the events of an event log by plotting dots according to the event
time [135 ]. But while the combination of visual analytics and PM offers great possibili-
ties, it also poses some new challenges [54 ]. In 2016, a review of the most used discovery
algorithms was done regarding their capabilities to support visual analytics [83 ]. The au-
thors found that, with the exception of fuzzy mining, all widely spread algorithms have
some major shortcomings regarding visual analysis requirements and future research is
necessary to leverage the full potential of the technique.

The first applications of visual analytics to the healthcare sector could be observed in
the year 2017 when e.g. a generic, interactive visual tool was developed to better support
the analysis and optimization of CPs or other KiPs based on execution event logs [30 ].
Another research group addressed the problem from the clinical perspective, developing
a domain-specific tool for visualizing event logs related to the CP of supposed sepsis pa-
tients [14 ]. The tool abstracts away any strictly PM -related information, resulting in an
interactive, medical view on the executed pathway that can be used by domain experts
for understanding common and exceptional behavior. One of the central improvements
enabling visual analytics was developed some years before in [151 ]. The basic idea is to
use techniques known from cartography to create abstract views of processes in order to
cope with the high complexity of KiP , similar to how a road map aggregates and omits
parts of the real world in order to increase understandability1

 

When studies are conducted for evaluating the changes between two processes (intra-
or inter-organizational), typically a combination of visual and non-visual techniques is
used. The main reason for this is that metrics can easily be captured and updated during
preliminary phases of a PM project while the final results are usually better presented and

1think of road maps vs. satellite images as of process models vs. real processes
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understood when they are visualized, even though this requires more effort. An example
of this is the study of differences in the treatment of stroke patients between two hospitals
that was also one of the first applications of PM in the healthcare sector [98 ]. Due to the
early date of the study and the fact that the combination of PM and visual analytics was
not yet very mature, it relied quite heavily on metrics and only visualized the resulting
process models but no event log data.

This has changed in more recent publications. Two studies conducted in the years 2014
and 2015 show this. In [20 ], a comparison of the actual process of outpatient treatment
with the prescribed standard treatment model is performed. In the second study, four
South Australian hospitals are compared regarding their treatment of patients with chest
pain [120 , 141 ]. Both publications use similar visualizations. On the one hand, they use
process graphs of the different version with their changing parts highlighted in color and
place them in juxtaposition with each other so it is easy for the reader to recognize dif-
ferences. On the other hand, they also visualize the metrics they captured, thereby sim-
plifying the spotting of deviations. Similar observations can be made in non-healthcare
related sectors, as e.g. the work of [86 ] shows. The authors’ goal is to analyze the effects
of the introduction of a modified information system which they achieve in a reproducible
manner. One of their keys to success is the development of a visual tool that can be used
for comparing the available activities and additional resource data (like e.g. human users)
of the legacy system to those of the new system.

Finally, the 2016 work of [63 ] should be mentioned, as it introduces a new methodol-
ogy with the sole purpose of comparing CPs between hospitals which shows the high
research interest in the topic. The authors also released a follow-up publication, suggest-
ing a common data model that could be used to facilitate cross-organizational process
comparisons [64 ].

2.2.3. Service Mining and Software Analysis

Using PM for analyzing software and software-related processes has quite a long history.
One of the first applications of PM in general was in 1998 and had the goal of discovering
software development processes based on collected process event information [23 ]. Later,
when software had gotten more complex and often more distributed, researchers used PM 

to analyze the software systems themselves, e.g. like it was done in 2008 for analyzing
and optimizing the deployment of a distributed application to increase overall software
quality [59 ].

A special form of software analysis with the use of PM is service mining which quite
simply describes the application of PM to service-oriented architecture (SOA) -based web
services [158 , 159 ]. The goal of doing so could be e.g. to describe interactions between ser-
vices but also to analyze an individual service’s behavior or general service performance.
Web services are especially well suited for analysis, as they typically record quite extensive
trace logs that are used by service developers for maintenance purposes. When abstraction
and aggregation techniques are applied to these trace logs, an event log can be generated
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that can, in turn, be used for PM applications.
In the early years, service mining focused on SOA -based web services which were often

realized using SOAP . SOAP is a protocol for exchanging XML -based messages between
services [12 ]. It was widely used as it provided a standardized basis for developing dis-
tributed systems but in recent years has lost a bit in popularity due to the emergence of the
REST concept and REST ful web services [60 ]. An example of this is [163 ] where events are
extracted from inter-service SOAP messages and compared to manually created descrip-
tive models using conformance checking to evaluate expected against observed behavior.
Besides the development of new conformance checking techniques, the main challenge of
the paper was the extraction of events from the XML -based messages. This is also a ma-
jor challenge for many other works that evaluated SOA -based web services [79 , 134 , 161 ].
Regardless if they were evaluating a proprietary protocol by IBM (“Common Event Infras-
tructure” [161 ]), trace data of an SAP system (“SAP NetWeaver” [79 ]) or some proprietary
request log data [134 ], all works had to pay attention on how to extract the meaningful
event information from the XML -based documents describing the service-oriented sys-
tems. What the papers also have in common is their goal of either proving that PM is
applicable to software and services or to check if the service behavior and architecture
were implemented as specified. Additionally, in the most recent publication, not only the
services but also the processes themselves are evaluated, resulting in an in-depth analysis
with multiple abstraction levels [134 ].

In the years around 2014, an increasing number of publications were released trying
to use the techniques of PM not only to evaluate the runtime behavior of individual ser-
vices or components but to evaluate human-machine interaction. This results in a kind of
bottom-up behavioral analysis which can be integrated into an agile development lifecy-
cle. In [130 ], a concept for performing such an analysis is presented and its applicability is
demonstrated for a large touristic system that is already in productive use and was devel-
oped in an agile way. The work integrated the analysis in the agile development process
and discovered the great potential for optimizing software processes involving user inter-
action but also identified the need for more fundamental research in the area. The concept
was applied another time in [131 ] to produce similar results but this time incorporated
web access logs provided by a web server to understand the flow of events during a user
session. A more generally applicable approach was presented in [122 ] where the authors
also analyzed the behavior of users based on web access logs and therefore introduced a
mapping from the technical URLs to the conceptual process events.

With the rise of Web 2.0 and the increasing popularity of REST ful web services, new
opportunities arose for the application of PM . With the background of the generation of
complete event logs, REST -based web service requests provide the advantage of being
self-descriptive in that they transmit all information necessary to understand and process
a request within the request itself, at least when properly implemented [47 ]. This sim-
plifies the event log creation, as the web access log implementation can more easily be
extended to contain all information relevant for PM , reducing the number of data sources
that need to be integrated. This idea was proposed and demonstrated in 2014 when the
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authors also identified a lack of research regarding PM for REST ful systems, highlight-
ing the strong focus on service-oriented architectures as compared to resource-oriented
ones [139 ]. A follow-up work refined the PM by proposing a new discovery algorithm
that improves the problem of overly complicated process models by introducing a new
discovery algorithm [140 ]. The algorithm visually clusters a model’s activities into intra-
service and inter-service ones, thereby better differentiating service behavior from service
interaction. One of the latest works tries to simplify the application of PM to REST ful ser-
vices even more by providing a tool that can mine technical interaction patterns (“REST ful
conversations”) based on generic web access logs that every REST ful service should be
able to generate [71 ]. The tool provides interactive coloring, additional statistics and sup-
port for multiple ways of pattern specification to further enable the use of these techniques
by non-PM experts.

2.3. Challenges of Process Mining in Healthcare

Information systems for ACM face many challenges like ad-hoc tasks, case definition
changes or a strong focus on collaborative work [61 ]. Many of these challenges are due
to the characteristics of the underlying KiPs that are supported by the system. Therefore,
the majority of challenges to ACM also poses a challenge to PM in the healthcare sector
as it tries to discover and analyze the same KiPs that ACM systems are trying to sup-
port. But some challenges are also special to PM like issues with data quality, manifesting
e.g. in missing events or imprecise timestamps. In 2012, two papers have been published
that focused on the application of PM in the healthcare sector and the challenges that lie
therein [67 , 77 ]. The authors of [77 ] followed an applied research approach by employing
PM techniques for the discovery of treatment processes while observing and describing
the challenges that were encountered during the course of the project. In contrast, Homay-
ounfar followed a more formal approach, thoroughly reviewing the characteristics of HISs ,
CPs and PM before evaluating the existing work to identify the possible challenges [67 ].
In summary, the issues they identified can be classified as one of two major challenge
categories. On the one hand, there is high process complexity, leading to the so-called
“Spaghetti Effect” which describes models that are so overly complicated that they are
very hard to understand for humans. On the other hand, there are data quality problems
that can lead to incorrect process models that do not adequately represent the execution
reality In the following subsections, for both categories, the ramifications for this work will
be described in depth before an analysis of the different causes for each challenge will be
done that explains the context, illustrated by some real-life examples.

2.3.1. The Spaghetti Effect

The first and biggest challenge to PM in healthcare is the high process complexity that
will, if not accounted for, lead to overly complicated process models also called “Spaghetti
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Models” [44 ]. They got their name because they contain an excessive amount of transitions
between their activities, leading to large, chaotic models that look like a heap of spaghetti
and are too difficult to comprehend [150 ]. The effect can very easily be seen visually and is
illustrated in figure 2.1 that shows a process model of the case evaluation stage as executed
during the first case study in Lleida. The depicted model is a directly-follows graph that
was created using a fuzzy mining algorithm at the full level of detail and is based on 610
recorded process events describing 35 cases. A transition in the graph means that a certain
activity was observed to have directly followed another activity. This, in turn, means that
the overly complicated model is not a problem of the mining algorithm but actually reflects
reality as it is directly caused by the complex and varying process that was executed.
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Figure 2.1.: The spaghetti effect when discovering models of unstructured processes

In fact, such high complexity is actually expected for KiPs like they are found in the
healthcare sector [28 ]. However, as the issue primarily applies to unstructured procedures
and some parts like the initial patient registration are well-structured and always executed
in a similar way, the expected complexity is not equal for all stages of a typical treatment
process. The degrees of structuredness range from structured over structured with ad hoc
exceptions and unstructured with pre-defined segments to unstructured. This grading is also
called “spectrum of process management”, was explained in section 1.2.1 and can be seen
in figure 1.2 . Processes in the healthcare sector range over the full spectrum [28 , 29 ]. But
even though it is much easier to generate comprehensible models of structured processes,
there is still a strong incentive to cope with the spaghetti effect as less structured processes
tend to offer bigger opportunities for improvement [150 ].

To mitigate the extent of the spaghetti effect, the complexity of the underlying process
has to be reduced. In order to achieve this, first, the root causes of process complexity in
the healthcare sector need to be understood, of which there are four main ones [29 , 67 , 77 ].
The first reason is the high heterogeneity of processes due to changes in the execution con-
text [28 ]. Apart from that, modifications in the environment (i.e. changes to the process
definition) pose a big challenge as they lead to event logs containing historical data that
may not fit the current process model [67 ]. Additionally, during the execution of KiPs ,
human deciders dynamically shape the performed process based on unpredictable input
data. This leads to a high amount of process flexibility which makes processes even more
complex [28 , 77 ]. Another driver of process complexity is the strong focus on interdisci-
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plinary collaboration that exists in the medical context due to individual cases typically
requiring the expertise of professionals from multiple domains [67 ]. While this and two of
the other reasons apply to KiPs in general, healthcare processes still take a special position
as they combine the highest amount of challenges that can be encountered when applying
PM [29 ]. In the following, the four mentioned main causes will be explained in detail.

Cause S1: Process Heterogeneity

In the healthcare sector, process complexity is even higher than for most other areas where
KiPs are encountered [77 ]. Amongst other reasons, this is due to the high variability
between process executions. This is caused by changes in the execution context caused
mainly by high patient heterogeneity [67 , 112 ]. This heterogeneity affects the therapeu-
tic effect of certain drugs and treatments due to age, gender and genetic differences in
general, but also due to lifestyle issues like physical fitness. Patients also have a medical
history so e.g. commonly used pain medication could be less or even ineffective. Allergies
and personal preferences or prejudices could exist making certain treatments impossible.
A lack of proper health insurance could prevent high-cost treatments and can generally
affect process execution. Also of relevance are the location of the hospital, the person in
charge, the teams’ domain knowledge, the current hospital occupancy, the number of peo-
ple waiting for patient admission, etc. All of these factors can influence process execution.
Even cultural aspects like how much overtime a professional can do or does on average
can affect process executions. This makes it overall hard to find patterns, similar process
variants or even a standard treatment guideline.

Cause S2: Process Definition Changes

Another reason for highly complex processes is modifications in the environment, result-
ing in changes to the process definitions themselves [11 , 67 ]. This applies especially to
processes that are supported by ACM systems which require a formal model of the pro-
cesses being executed and the possible activities they consist of [29 ]. If the environment is
modified, e.g. because a new treatment is discovered and introduced that was not avail-
able before, the formal model describing the possible activities needs to be updated. This is
also the case if a simple typo was found or an activity is removed, e.g. because a treatment
was discovered to be ineffective so it should not be executed anymore. If not taken into
consideration, the formal model’s updates can lead to execution logs that describe real-
world behavior that seemingly violates the defined case model even though the observed
behavior was model-conform at the time of execution.

As healthcare is a field with high research activity, the formal models and clinical guide-
lines need to be changed quite often, as new treatments are frequently becoming avail-
able [67 ]. But there are many other reasons leading to process definition changes. Treat-
ment processes are being standardized and continuously improved across regions, coun-
tries and continents to enable comparability and improved means of quality assurance
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or ensure certain service quality levels [114 , 119 ]. New paradigms like evidence-based
medicine or CPs emerge and influence how processes are structured [69 , 114 , 119 ]. Newly
introduced or updated legal restrictions can enforce or forbid certain treatments. Exam-
ples include the obligation to help people seeking medical treatment (“duty to rescue”),
regardless of their financial or social situation but also the ban of genetic modifications to
humans that both exist in many countries [110 ]. Decisions of third-party stakeholders like
insurance companies can also affect process definitions – intentionally or unintentionally –
through financial incentives by paying, not-paying or over-paying for certain treatments.
Apart from that, the high cost pressure can also affect treatments and render certain activ-
ities impossible due to lack of economic viability. The same applies vice-versa when the
efficiency of treatments is improved. Even trends in society can affect processes in health-
care, as the cultural acceptance of smoking shows, which was once accepted in hospitals
while in many countries it is now banned from all public institutions [9 ]. Lastly, the intro-
duction of new supporting IT systems can also affect how processes are defined, e.g. due
to lack of technical capabilities, newly added features and modified behavior in general.

The large amount and thematic diversity of possible occurrences that require process
definition changes are characterizing for KiPs and especially for those in the healthcare
domain.

Cause S3: Flexible Process Execution

As just mentioned, processes in the healthcare sector tend to change more frequently than
in other industries. Additionally, often ad-hoc adaptions are necessary during process
execution due to unexpected and unpredictable events that occur [11 , 67 ]. For example,
hidden diseases or comorbidities could exist that are only uncovered when the case is al-
ready running, making the actual process and its complexity evolve dynamically. This is
also expected for KiPs as they describe a class of processes which are executed under un-
certainty by heavily relying on human decision makers employing their domain knowl-
edge to shape the executed process and dynamically react to unexpected events [28 , 29 ].
This leads to a high variance regarding the executed activities, raising the overall process
complexity.

But apart from those unstructured parts of the process, more well-structured activity
sequences exist as well and a typical medical case features the full range of process struc-
turedness [28 , 29 ]. To illustrate this, imagine a patient with certain acute condition seeking
help in a hospital. When the patient is identified the first time, the process is usually struc-
tured with the registration nurse giving each patient the exact same questionnaires regard-
ing their personal data, current medications or contact persons. In rare cases, for example
when there is a medical emergency, ad hoc exceptions might be necessary, but this is a rather
rare occurrence. The process for the initial evaluation is partly structured, as some tests
might or might not be necessary depending on the results of earlier tests. In other words,
the process is unstructured with pre-defined segments that describe the dependencies that ex-
ist between the available test activities. Afterward, the diagnosis and workplan phases

35



2. Literature

follow which are highly dynamic and flexible as they might feature repetitions, changes
or adaptions, depending on the course of the treatment and the occurrence of unexpected
events. If necessary, the evaluation stage could be repeated intermediately in order to
compare it to previous results. If the expected outcomes are observed, the well-structured
discharge procedure is executed, consisting of feedback questionnaires and some legal
forms.

As you can see, all types of structuredness can easily be combined in a single case, re-
sulting in an overall treatment process that is very complex and hard to understand for
humans. When PM is applied without accounting for this, spaghetti models are generated
that do not provide much insight and bear little added value [28 , 29 ].

Cause S4: Interdisciplinary Collaboration

The last reason for high process complexity in the healthcare sector is the high degree of
interdisciplinary collaboration that is required in many treatment processes [67 ]. Often,
multiple stakeholders with possibly diverging goals need to work together on the same,
single patient. This is due to the knowledge-intensive nature of healthcare processes that
require experts from multiple, different domains to collaboratively solve complex prob-
lems [29 ]. This can create conflicts of interest, e.g. when a physician is treating a certain
disease using a drug that has side effects when combined with some anesthetic and the pa-
tient needs to undergo a surgery [67 ]. Now, either the anesthetist or the physician is forced
to diverge from the traditional treatment behavior to prevent unwanted side effects. The
issue becomes more significant when primary care is taken into consideration and clinical
measures against acute conditions can conflict with the treatment of chronic diseases often
done in primary care.

Apart from that, hierarchies and complex social networks exist in hospitals and medi-
cal institutions at large, featuring department heads, medical superintendents, specialized
physicians like radiologists or surgeons but also case managers and nurses [29 ]. These hi-
erarchies and networks influence process executions due to social effects like people start-
ing tasks earlier that were assigned to them by their supervisor or the sickness of certain
specialists requiring temporary changes to medical procedures. Therefore the handover
of work within a certain case can easily get very complex. Again, this complexity is even
more an issue when primary care is taken into consideration, as this causes the number of
involved people to rise rapidly.

2.3.2. Data Quality Issues

Many original studies, as well as multiple literature reviews, have found that another big
challenge for the application of PM techniques to healthcare processes is the quality of the
event log that serves as input data to the discovery algorithms [11 , 99 ]. Of course, being a
discipline that is related to data mining, this is not a very surprising circumstance. Issues
related to data quality can be further split up into problems with incorrect or insufficient
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logging, the abundance and simultaneous redundancy of data and issues due to the data
extraction from multiple, different systems [67 ]. In the upcoming paragraphs, these three
areas will be defined and examples will be given for each.

Cause D1: Incorrect and Insufficient Logging

Earlier process discovery algorithms, like the α-algorithm or the region-based process
miner, required exhaustive input data completely noise-free [87 ]. This meant that no
events could be missing and all data properties of each event had to be provided. If not
the case, they either failed to generate a model at all or came up with a seemingly cor-
rect model, that had logical inconsistencies and did not reflect the reality on a closer look.
Newer algorithms like the fuzzy miner do not bear this problem anymore and can generate
correct models from noisy or incomplete data, but the quality of the resulting model and
the additional insights it grants are still vastly dependent on the quality of input data [11 ].
At the same time, many problems regarding data quality are due to documentation errors
originating from data that was entered incorrectly by humans [67 ]. Therefore, many po-
tential issues like missed events and missing or incorrect activity names are already solved
by modern case management systems that have largely replaced manual user input with
automated data collection and activity logging.

An issue that persists is the capturing of imprecise data. A typical example is wrong
timestamp data that is being recorded due to slightly differently running clocks in individ-
ual sub-systems of a distributed HIS . If the imprecision is only in the range of hundreds
of milliseconds, then the error might be hard to detect for humans. Even if it is detected, a
human could decide that the issue is not worth fixing, due to the low relevance of a devia-
tion of a couple of milliseconds compared to human processing speed. However, for a PM 

algorithm such imprecision can further increase the already high complexity of healthcare
processes but confusing the sequence of activities that are otherwise ordered, making it
even more difficult to understand the resulting model. Another example of imprecise data
are timestamps that are captured too coarse for various reasons. Sometimes this is done
in administrative systems where, due to space and cost restrictions or due to humans in-
putting the data, only day-based timestamps are recorded. This leads to a heavy loss of
precision for performing PM but can also lead to loss of information, when changes that
occur within one day are hidden as only the delta between two days is being recorded.

But even after ruling out these issues, there are still situations where data can be miss-
ing or wrong data is recorded, e.g. due to technical or usability issues with the HIS or
due to human errors when creating the specifications and models that drive these sys-
tems. Apart from that, logging is not always as hard a requirement as it is when legal
restrictions enforce it, e.g. for traceability reasons. Often, its primary use is for debugging
the software system in case of issues in a productive environment. This can create incen-
tives to implement a less reliable logging system that works in most cases and especially
in those relevant to the developer but occasionally drops a log message to avoid impact-
ing the overall system performance. The same applies when the software is changed and
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maintained, resulting in the constant need to monitor data quality in order to keep it at an
appropriate level.

Cause D2: Abundance and Redundancy of Data

Another issue often causing data quality problems is data abundance coupled with the
redundancy of data [11 , 67 ]. Most HISs are distributed systems consisting of multiple
subsystems [62 ]. In order to keep performance high, prevent loss of data, provide high
system availability and increase failure safety, copies of data are stored in multiple places
and key information is distributed across many services. This is a crucial property of
HISs to ensure the overall system can keep working even if some of its subsystems fail
which enables clinicians to still access critical patient information in such a case. The main
drawback of this solution is that changes to the redundant data need to be synchronized
across all components storing the data. If this is not done properly and no versioning
system for data exists, issues regarding data inconsistencies will arise. In turn, these can
lead to outdated process models being generated from freshly extracted data [11 , 67 ].

Apart from the data redundancy, the abundance of data in a typical HIS can lead to prob-
lems as well. As explained in section 1.2.3 , HISs consist of many different types of sub-
systems [62 ]. Typically, all of these systems have some logging capabilities and produce
a certain amount of data when they are used. The high count of individual subsystems
and their different level of abstraction and granularity is challenging as data needs to be
aggregated and filtered to get a single dataset with relevant information on the same level
of abstraction. For example, a HIS may contain a clinical administration system that is
used for manually documenting the general services that certain patients received. At the
same time, a more specialized system supporting patient treatments in an intensive care
unit could protocol the vital signs of patients as well as the exact medications they took
in. Very low-level events are often captured as well, especially in large medical devices
that are computer-controlled. For example, a robotic x-ray scanner featuring a movable
arm that can be controlled by humans through a computer interface could log all the mo-
tor movements in addition to the user input for legal protection and traceability reasons.
Clearly, the three given examples log data at vastly varying granularity and abstraction
levels.

In order to enable PM , the available data needs to be integrated, aggregated and fil-
tered [11 , 67 , 77 ]. This needs to be done in an efficient way so the HIS performance is kept
at roughly the same level and the work performed in the hospital is not impacted by the
procedure. At the same time, attention has to be paid to extract the correct version of the
data and prevent the generation of outdated models.

Cause D3: Cross-System Data Extraction

The last issue with a possible effect on data quality are complications related to the extrac-
tion of data from multiple components and across system borders [67 , 99 ]. This is neces-
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sary because of the mosaic-like nature of many HISs resulting in a situation where not all
data is present in every subsystem which in turn requires the extraction of data from dif-
ferent systems. Each system might use varying means of representing data conceptually,
apart from different protocols and technologies being employed to store data. This heav-
ily increases the complexity when extracting the data, as all employed concepts need to be
unified and a common conceptual data model needs to be developed that can then used to
perform PM and deviate meaningful insights. Creating the unified data model is a difficult
process that requires experts in modeling as well as in domain knowledge which increases
the costs to apply PM techniques. As the healthcare sector faces high cost pressure any-
ways, this further increases the inhibition threshold for introducing PM -based evaluation
techniques.

The work of [96 ] tries to mitigate the problem by developing a reference model for
healthcare data that they propose for broad use. The developed model is intended to be
used both in clinical and primary care settings for data representation purposes but also
as a common basis to facilitate PM efforts. It exhaustively lists all possible types of data
that may be captured during the medical care process of a patient, regardless of the treat-
ment duration. However, while it supports transforming the data after it was extracted, it
does not directly influence the extraction itself which could still require the integration of
different technologies and protocols.

Still, the impact of the extraction problem itself is expected to become less burdening in
the coming years due to increased research and development efforts regarding a standard-
ized way for exchanging information between HIS components but also between different
HISs . This was the conclusion of a recent literature review that was conducted in 2017 and
evaluated the knowledge representation in the common data model of the Observational
Medical Outcomes Partnership [129 ]. The study also reviewed the Health Level 7 Fast Health-
care Interoperability Resource standard that can be used to exchange information between
HISs . As soon as a critical share of hospitals has adopted the mentioned standards, evalu-
ation efforts can focus in these technologies and protocols which will greatly simplify the
data extraction problem by in most cases obsoleting the need to extract data from multiple
systems.
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3. Approach

This chapter will describe the approach that was taken for this work and the main concepts
that were employed for this purpose. It will first give details on the challenges mentioned
in section 2.3 with a focus on how they impacted this project and how they were miti-
gated. Afterward, the methodology that served as a foundation for the execution of this
study and the adaptions that were necessary to account for special circumstances will be
presented. Then, it will give an overview of alternative methodologies and briefly list their
shortcomings regarding the scenario at hand.

3.1. Mitigating the Challenges

Of course, the challenges identified and described in section 2.3 need to be addressed to
prevent negative influences on the model quality and the final PM analysis While some
of the challenges are mitigated by the employment of the CONNECARE system itself,
others are not and require dedicated countermeasures that need to be incorporated into the
formal approach of this work. This is what the upcoming section is about. In the following,
different means of mitigating the individual challenges will be presented. Apart from that,
the general improvements achieved by using the CONNECARE system will be described
and also put in context with the challenges identified earlier.

3.1.1. Preventing Data Quality Issues

A big factor influencing the PM procedure and the quality of the resulting models are is-
sues with data quality. As explained in section 2.3.2 , many of these issues are mitigated
by the use of CONNECARE , specifically in its capacity of an ACM system but also in its
role as an integrated care environment. Apart from that, the only way for clinical profes-
sionals to access the service is through its central JSON -based API . This provides further
advantages regarding data quality, as the interface adheres to principles of REST , which
in turn facilitate the use of PM techniques by enforcing e.g. self-descriptive messages and
consistent, well-structured identification of available resources. Additionally, a log analy-
sis system will be used for recording and preprocessing the log files in a continuous, near
real-time way. The log system will also feature a web frontend that can be used for con-
tinuous log inspection and event data analysis to ensure a once reached quality level can
be upheld across a longer timespan. The following sections will explain the mentioned
aspects in more detail, in order of appearance.
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Evaluating an Integrated Care Environment

CONNECARE is a modern and highly automated HIS subsystem that provides an inte-
grated care environment. It automatically captures many data points regarding the activi-
ties that were performed by users, amongst others e.g. the name of the activity, the case it
belongs to, by whom it was finished, who was responsible for the execution and the com-
pletion timestamp. Additionally, CONNECARE ’s backend, SACM , is an ACM system and
shares most of the commonly found properties.

The most fundamental one is the centralized case management that all ACM systems
feature. The main benefit of centralization of patient/case data into a single system is that
all professionals working on a case have full and easy access to all relevant data, not only
to the data that was captured by their department. This enables improved collaboration
as it allows professionals to better coordinate their treatment efforts, avoids unnecessary
patient checks and reduces the chance for unwanted side effects. From a PM perspective,
the centralized approach is also quite promising because, in order to analyze treatment
processes, data only needs to be extracted from one system. An implication of this is that
only one, consistent data model has to be integrated and it is furthermore quite likely
that this can be done using only one protocol and only a limited number of background
technologies.

Apart from that, central data management also solves some of the issues with data re-
dundancy, as the main source of truth is now the central ACM system that contains the
data storage. This forces all other HIS subsystems to synchronize their case-relevant data
to the ACM system. Even if some more specialized systems may choose to keep local
copies of the data for performance purposes, they are still forced to push the data to the
central ACM to ensure all professionals working on the case can access it. In turn, this en-
ables users employing PM techniques to focus data preparation efforts on the preprocess-
ing instead of having to integrate multiple data sources with possibly different protocols
just to extract the event data.

As mentioned in the beginning, CONNECARE also provides an integrated care envi-
ronment. This means that data of medical devices like e.g. fitness trackers is captured and
fed into the central SACM backend component. By monitoring all boundary interfaces of
the component, the complete data entering the system can be gathered and persisted for
later PM analysis. This is especially simple in the case of CONNECARE because it only
provides a single interface to the SACM which is its JSON -based REST ful API .

Mining RESTful Web Service Logs

When modern, HTTP -based web services are operated, usually, HTTP access logs are cre-
ated and stored for some amount of time. This is done for various reasons, the most promi-
nent ones being security concerns and performance analysis reasons. When the web ser-
vice is connected to an application server upstream, logs can additionally often be used
for debugging the application as they contain the data that triggered certain server action
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and that is needed for reproducing issues that occurred. Typically, data captured about a
request contains at least the source IP address, timestamp, processing time, HTTP method,
requested URL, HTTP status code, user agent and some authentication information. This
is at least true for the default configuration of the Apache and nginx web servers which
together make up around 85% of all web servers used today [169 ].

The data is very easy to collect in a complete and noise-free fashion, as it can be provided
in a standardized way by the web server and does not require a custom implementation
like it is the case for an application server. Apart from that, it can also be enabled after the
development of the application itself has finished, through the use of an additional web
server that is configured as a reverse proxy and forwards requests to the application server.
This way, centralized logging can be enabled through a simple configuration change of
the reverse proxy which in turn reduces the requirements to the logging capabilities of
the application. Fewer requirements generally simplify the development while leading
to cost savings and at the same time ensuring complete, noise-free and high-performance
logging that captures all interface interactions. If all interfaces of a system are web-based,
this enables full monitoring of all system interactions at low or even no cost, as many
operational deployments will already have access logging enabled by default.

As REST ful messages need to be self-descriptive, all information required for process-
ing the request is explicitly included. PM also benefits from this circumstance, as the event
already contains all data that is relevant to it. However, due to performance, data pro-
tection and storage restrictions, logging of the full request and response bodies is often
disabled and only the minimal information mentioned above is captured. Using the data
from the bodies, a complete reproduction of an observed interaction workflow would be
possible. But even if logging of the full request and response bodies is disabled, thanks
to the REST ful architecture, the captured access logs are still highly relevant and contain
much valuable data. A large part of it is encoded in the requested URL, as the REST prin-
ciples enforce URLs to contain a consistent, well-defined, hierarchical structure that can be
used for addressing individual resources or for filtering for specific request logs. In con-
junction with the HTTP method that specifies if the request was a read or a potential write
operation, the obtained information can be used to apply efficient, multi-layered filtering
for reducing the amount of data that needs to be persisted.

Other information like the identifiers of the entities that are modified are usually con-
tained in the URL as well and can simply be extracted from there instead of performing a
more expensive lookup. The user that performed a request can also often be determined
implicitly by parsing the request’s authentication information that is required in personal-
ized systems for security reasons. Alternatively, the source IP address can be used which
has some drawbacks like the inability to identify individual persons that used the same
device to access the system. On the other hand, IP addresses allow for geographical anal-
yses up to a certain degree of accuracy which is not easily possible otherwise. Alternative
user identification techniques like e.g. fingerprinting based on the supplied user agent are
also available and there is a high probability that this situation will continue as the online
advertising industry needs these techniques for tracking users and sessions.
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Preprocessing Events in Near Real-Time

In order to ensure that a certain level of data quality is sustained, the data needs to be
checked constantly so that degradations are detected and can be mitigated. Apart from
being tedious and time-consuming, repeated manual quality evaluations are an additional
cost factor that should be avoided. Additionally, a domain expert is needed for the analy-
sis, as the exact definition of quality depends on the current use case and the insights that
should be generated through the PM application. Therefore, to keep costs manageable, the
manual process needs to be as quick and easy as possible and the expert should be able to
perform it at any point in time.

The usage of a modern log analysis application like graylog1
 , loggly2

 or the elastic stack3
 

facilitates this. It enables the creation of one or more dashboards that provide all informa-
tion necessary to assess the overall data quality in a limited number of views while also
offering possibilities to deep-dive into the data for investigating possible issues. Often, a
frontend is provided for creating the dashboards, so this can be done by domain experts
as it does not require software engineering skills.

However, in order to yield reliable results, data quality needs to be assessed after the
preprocessing has been finished. Otherwise, issues that are eliminated or introduced by
the preprocessing step might lead to invalid conclusions. This requires the step to happen
in near real-time so that the expert’s ability to assess data quality at any point in time is not
limited. To achieve this, the preprocessing should also be done by the log analysis appli-
cation which is designed for this purpose of gathering and manipulating a huge number
of log entries like they are produced in many business and web applications.

Apart from that, filtering the logs is also quite performance demanding, as typically a
high number of log entries has to be parsed and discarded before a request that is relevant
to PM is found. This is due to the fact that many requests have no effect on the process to
be analyzed like e.g. most GET requests that should be read-only according to REST prin-
ciples. To give an impression, the quota of relevant to non-relevant requests for the CON-
NECARE system during the performed case studies was roughly 1:350. At the same time,
on average 1 300 requests arrived per hour with a peak value of 36 000 hourly requests
(or around 10 requests per second over the period of one hour). To enable the processing
with such a high throughput, the system needs to be implemented in an efficient, high-
performant way and provide good abilities for scaling horizontally and vertically. Most
established log analysis applications, like the ones mentioned before, fulfill these require-
ments. Using those not only enables near real-time preprocessing, but the tools can also be
employed for operational analysis, the purpose most of them were initially designed for.

1https://www.graylog.org/ 

2https://www.loggly.com/ 

3https://www.elastic.co/ 
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3.1.2. Dealing with the Spaghetti Effect

If not accounted for, the challenge of high process complexity can lead to complicated
models that are hard to understand for a human due to the spaghetti effect. It is caused
by the complex, varying processes like they are found in the healthcare sector and is char-
acterized by large models with many elements and even more transitions between them.
Fernandez-Llatas et al. dedicate an own section to the problem where they describe means
of reducing the spaghetti effect or at least mitigating its influence on process understand-
ability [44 ]. The measures that will be employed during this work will be described in the
following sections.

Fuzzy Mining

One of the biggest influences on the generated model’s complexity is the mining algorithm
used for process discovery. The reasons for this high complexity are two assumptions
that do not hold for flexible, real-life processes like KiPs [58 ]. The first problem is that
traditional mining algorithms assume that the event log is completely noise-free and all
events are on the same level of abstraction. This is not true for many use cases, as most logs
are not homogeneous but contain events that lack some kind of information or lack some
kinds of events at all. Also, the event log usually contains entries with a different level of
abstraction. The second assumption is that the logs exactly reflect a well-defined process.
As explained in section 1.2.1 , this is also not the case for KiPs . Based on these assumptions,
traditional algorithms like the heuristic miner aim at discovering complete, precise models
that correctly describe all executed processes and can ideally be used for executing the
process using a workflow engine. But because of the high complexity of KiPs , this leads
to equally complex process models that do correctly describe the observed behavior but
provide little insights as they are too difficult to understand. Consequently, traditional
discovery techniques are well-suited for descriptive but not for explorative modeling of
flexible processes.

These findings were described by Günther and van der Aalst in the course of a paper
and a follow-up dissertation that introduced the concept of fuzzy mining to improve the
results of PM in flexible environments [56 , 58 ]. The basic idea is to approach the issue of
high model complexity with techniques known from cartography. The field faces quite
similar challenges as it needs to simplify the highly complex and unstructured topologies
of the real world into maps that can be understood by the average reader. To achieve
this, four different techniques are available and commonly applied during the creation of
a map. The figure 3.1 shows an example of a motorist road map that was created using all
four concepts that will be described in the following.

Abstraction To improve the understandability of the map, the contained information
needs to be reduced to an appropriate amount. To achieve this, insignificant infor-
mation is intentionally left out. To give an example, in the case of a motorist map,
this information could be bicycle ways or hiking paths.
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Figure 3.1.: Example of a road map, showing the concepts available for complexity reduc-
tion and how they are applied. Taken from [56 ]

Aggregation Often times, similar map elements close of each other are aggregated into
one homogeneous cluster, reducing complexity. Examples include multiple houses
being visualized as a single colored area or an airport that is displayed as a single
icon instead of a collection of runways.

Customization As the real world is complex and topological features are of varying inter-
est to different people, maps are often designed with one specific group of persons
in mind. Depending on the intended use of the map, different elements can be in-
cluded in or excluded from the map. For example, a motorist map will not include
bicycle ways, while a map intended for bicyclists could even visualize hiking paths.
This often correlates to the map’s scale which to some degree determines the level
of abstraction. A naval map, on the other hand, will focus on a completely different
set of topological elements and abstract away most of the land-related features. All
kinds of maps could include additional information like the identifier of a highway
or the water depth at a certain point to make the map better suited for its intended
purpose.

Emphasis Most maps use colors, enhanced contrast and increased sizes to highlight map
elements that are of special importance. In the case of a motorist map, highways will
most likely be larger and of a different color than they are in reality so that a user of
the map is quicker in finding the relevant information.
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In the context of PM , a location on a map corresponds to an activity in a process model,
with the roads between them being comparable to connections in the model. The fuzzy
mining algorithm uses the two metrics significance and correlation to decide on the degree
of abstraction and what should be aggregated.

Significance measures the relative importance of an activity or a relation between two
activities and is used for hiding graph elements that occur at a low frequency. This assumes
that a reader is more interested in the frequent behavior a process model represents than
in edge cases and exceptional events.

Correlation, on the other hand, describes how closely related two events following each
other are. The metric is not concerned with the activities themselves but only evaluates the
directly-follows relation between two events (i.e. activity instances). It is determined based
on the similarity of activity names or on the overlap of additional data attributes. Closely
related events are assumed to belong conceptually together or to represent a common sub-
process which is why they can be aggregated into a single activity cluster. The resulting
clusters can also be seen in figure 3.2 where they are represented by the green octahedra.

Based on these metrics, the fuzzy mining algorithm uses the following approach to gen-
erate understandable process models that avoid the spaghetti effect:

• Highly significant elements are preserved, as they are important for understanding
the frequent process behavior

• Lowly significant elements with high correlation are aggregated into clusters represent-
ing sub-processes

• Lowly significant elements with low correlation are excluded from the final process
model

In addition to this simplification, an emphasis is employed through a color grading that
is used to indicate the relative frequency of how often a certain activity or the relation be-
tween two activities has occurred. Apart from that, the plugin developed in [58 ] that im-
plements the fuzzy mining algorithm offers some interactivity for setting the significance
thresholds that indicate whether a certain model element should be displayed or not. This
allows for the creation of customized models and will be explained in more detail later in
this section.

Mapping API Access Logs onto Process Events

Another way to mitigate the spaghetti effect is to reduce the complexity of the input to
the discovery algorithm by splitting up or shrinking the event log. The former is typi-
cally called clustering and will be explained in a later subsection. The latter, reducing the
event log size, can be achieved by mapping the low-level API access logs to more high-
level process events. This is commonly known as event mapping. Apart from the provided
complexity reduction, mapping techniques also offer semantic advantages when trying to
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Figure 3.2.: Example of a spaghetti model and two customized fuzzy models that were
generated from it. Taken from [56 ].

understand the generated process model as the level of abstraction where the case is mod-
eled is typically higher than the level where events are recorded. Studies in recent years
have shown the topicality of the approach and have proven that it is able to improve the
understandability of generated process models [46 , 92 ].

The authors of [46 ] developed an automatic, generic algorithm for finding a mapping
from low-level to high-level and demonstrated its usefulness by applying it to a big event
log of a car manufacturer’s incident management system. Using their algorithm, they
managed to create a high-level model that correctly represents all low-level behavior with-
out requiring the input of any additional information. However, this is not necessary with
the context of this work, as the API of the SACM system is REST ful and therefore well-
structured in a hierarchical way which can be exploited to deviate the mappings needed for
event log reduction. For this reason, an approach similar to that of [92 ] will be taken. The
authors use a knowledge-based ontology that is created in advance using expert knowl-
edge for mapping the events according to their activity name. Afterward, the mappings
are applied to a medical dataset from the

field of stroke management and results suggest that performing the mapping leads to
clearer process models that are easier to understand as unnecessary details are left out.
But still, proper integration into existing PM framework and the formal proof needs to be
done. Apart from that, the authors also developed an algorithm that can be used to apply
the mapping, but it only maps ordered sequences of low-level events onto higher-level
ones and takes extra steps to find the correct parent of ambiguous low-level events based
on the execution context.

Both of these properties are unwanted and unnecessary for the evaluation of the CON-
NECARE case studies. In addition, the top-level structure of the studies is known, was
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explained in section 1.2.7 and is illustrated in figure 1.5 . It basically consists of the four
stages case identification, case evaluation, workplan and discharge. Each stage again consists
of a fixed amount of executable tasks that can only be executed in the context of the stage.
Each task has a lifecycle as well which can be controlled using the endpoints that are avail-
able for this purpose on the API . They include actions like activate, get, draft, complete,
terminate and alert. Additional endpoints exist (e.g. enable) but are rarely explicitly called
by humans and will be excluded from this evaluation. The different events on each ab-
straction level and their relation are shown in figure 4.2 .

To make use of this hierarchy, a static mapping will be employed that maps low-level
API accesses to a higher conceptual level. During this process, read-only actions, as well
as write actions not affecting the task’s lifecycle, are discarded, while all events that do
affect the lifecycle are aggregated into one consolidated event that contains all relevant
information extracted from the different low-level events. This reduces all events related
to an individual task instance to one high-level event, reducing the number of events per
task from thousands to a single one. Being in the focus of the second research question,
alerts are an exception to this logic and passed on to higher levels without modification to
enable the evaluation of their influence on the process execution.

Providing Views at Different Levels of Abstraction

To further break down complexity, the consolidated event log can be exported at three
different levels of abstraction to allow for more or less detailed views on the same event
log. In the order of degree of abstraction ranging from high to low the available levels
are system view, case view and stage view. The abstraction level, the contained elements and
their use during the evaluation will be explained in the following.

System View The system view is the most abstract view of the recorded events. It does
not differentiate them at all and treats events from both case studies as well as from
all treatment sites as if they were equal. Tasks are not identified by the actual activity
that was performed but rather by the stage they belong to. Different tasks within a
stage are not differentiated. This results in an abstract view of tasks as some activity
performed in a certain stage. All case definitions are also treated equal and no respect
is paid to version changes or differences in the fundamental case model design (e.g.
the split workplan stage in Lleida’s second case study is ignored). The view included
all available event types and is used to analyze the overall feature utilization and the
structuredness of the system usage as a whole. It results in one process model when
visualized.

Case View For each site, the case view shows the behavior recorded for a certain case
model version and all compatible versions. It is similar to the system view in that it
includes all event types and does not differentiate between tasks within each stage.
However, it represents the stages according to the actual case definitions, meaning
Lleida’s second case studies has one more stage than the other executions. It can be
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used for evaluating feature usage and its impact on case execution but also for com-
paring how the system was employed at different sites and if the two case studies
were executed differently. When the visualization is generated with high precision
(i.e. little to no graphical elements are excluded), it can be used to judge the flexibility
applied during case executions. However, as the tasks of a stage are treated equal, it
can only be used to evaluate the overall case flexibility, i.e. the flexibility between but
not within stages. Nonetheless, this is a useful feature as such flexibility is expected
to occur according to the fundamental study design described in section 1.2.7 and
depicted in figure 1.5 . The view results in six process models when visualized, one
for each site and case study combination, plus an extra one due to non-backward-
compatible changes.

Stage View The most detailed view on the consolidated event log is provided by the stage
view which only shows activities within a stage. It is restricted to the event types of
tasks and alerts as other events cannot be related to an individual stage (i.e. notes
and messages are a property of the case instance, not of the stage instance). The stage
view provides insights into the flexibility within a certain stage and can be used to
evaluate if stages have really been executed as dynamic as they have been modeled.
Therefore, it needs to respect changes that are breaking the stage compatibility from
one case model version to the next. It can be used for evaluating the first research
question but not the second one, as not all features are included in the view. For
answering the third research question, this most detailed level of abstraction is used
as well, but it is viewed from the organizational perspective. When visualized, the
view produces one process model for each combination of stage, case study and site,
accounting for 24 models. With the addition of stage versions with non-backward-
compatible changes, roughly 35 process models are produced in total.

The different views and their relations are also depicted in figure 4.2 , however, the illus-
tration includes the task view which is not available because task-related events are aggre-
gated during preprocessing. Additionally, it lacks the system view which simply ignores
the location where the study took place and enforces the four stages from the fundamental
study design introduced in section 1.2.7 .

Clustering Data

Data clustering can be quite broadly defined as the general task of grouping objects similar
to each other [8 ]. It is the main task of exploratory data mining but has also been employed
in many other fields as it is a general approach for discovering knowledge in big data
sets. Many algorithms like k-means or DBSCAN exist for clustering data based on cer-
tain properties [39 , 93 ]. Clustering has also successfully been applied to PM where it was
shown to reduce the complexity of the resulting models [27 , 95 , 137 ]. This is mainly due
to the fact that it splits up the initial dataset into smaller ones that are more homogeneous
which results in more but less complex process models. More specifically, it was applied
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for discovering different CPs based on large datasets of observed behavior. The use of a
clustering algorithm allowed the classification of the data into patient groups without the
need to first understand the similarities and differences amongst the patients. Afterward,
a process model could be generated for each dataset, resulting in understandable models.

However, no algorithmic approach with general applicability will be taken in this work,
due to the comparably low number of study participants (n=210). Instead, a two-stage
classification of cases into fixed, pre-defined clusters will be done. The first classification
stage assigns the cases into clusters based on the site where the treatment was performed,
resulting in three clusters, each corresponding to an individual site. This is done to prevent
additional complexity being induced by social and cultural differences from one country
to the other. As a positive side effect, the clusters can be compared to each other to get
insights about whether the sites use the system differently.

The second classification is actually somewhat dynamic, as it changes based on the ab-
straction level of the process model to generate. It considers the exact case definition ver-
sion and assigns cases into clusters with versions compatible with each other. This is a
necessity to ensure that execution traces are always valid representations of the modeled
CPs , even if the model changed in a non-backward compatible way. The compatibility
analysis is required because otherwise too many clusters would be created leading to very
small datasets not suited for PM . However, which case models are compatible depends on
whether the system view, the case view or the stage view is chosen. This is because changes
affect varying parts of the model and could depending on the current view be irrelevant at
all. A simple example of this are changes that only correct typos in clinical questionnaires
and do not affect the execution of the process at all but still lead to an incremented version
number. If the change instead reduces the available tasks inside a stage but the interdepen-
dencies between stages do not change, then the new version is not backward compatible
when in the stage view, as it models the activities inside the stage. As less are available,
some older execution traces could be invalid in the updated context. However, when in
the system view, the new version is still compatible with the old one, as this abstraction
level ignores the activities within the stages and only focuses on inter-stage actions. An
exhaustive listing of all case model version and their compatibility based on the desired
view can be found in section C.3 .

Using Interactive Visualizations

As mentioned earlier this section, customized visualizations provide many advantages
over their generic equivalent, especially to domain experts. However, depending on the
nature of the evaluated KiPs and the questions that should be answered, many different
customizations may be required [57 ]. On top of that, answering certain types of questions
in a dynamic and highly complex environment may lead to new questions that also require
new, differently specialized visualizations. The domain experts involved in the evaluation
of the customized models need to request the new or updated visualizations from a PM 

expert who then needs to generate them. This leads to increased costs and the repetitive

53



3. Approach

nature of the procedure intensifies the problem.
To mitigate the issue, interactive visualizations can be used [30 , 44 , 57 ]. They enable the

PM expert to generate each model only once and decide for an initial, customized view
that is then handed over to the domain expert. When new questions emerge that require
different customizations, the domain expert can simply modify the existing customized
model in order to fit the new requirements. This reduces the need for a PM expert in later
stages of the process evaluation. At the same time, it allows for advanced customizations
as more domain knowledge is available when generating the customized visualizations.

While the exact features that make up the interactivity vary based on the implementa-
tion, a common set of customizable parameters can be found in most software that sup-
ports visualizing complex processes. For models generated using a fuzzy miner, usually
these types of interaction are available:

• Customization of the level of abstraction (i.e. significance threshold)

• Customization of the level of zoom

• Ability to incorporate additional metrics into the model (e.g. performance indicators)

• Display of a reduced amount of information with the ability to view all available
data when hovering over an element with the mouse

• Filtering for or excluding cases with certain data properties enables drilldown and
drillup techniques

• Visualizations of the raw event data allow further investigations of the event se-
quences leading to certain model behavior

An additional degree of interactivity is provided by animation features that some PM 

tools offer. These typically show the flow of each case through the discovered process
model based on the recorded timestamps that specify when an event occurred during case
execution. For this, the absolute timestamps are used, shifting the focus from the duration
between two events to the absolute timing of the whole process. This can be used to vi-
sually analyze its behavior across the full duration of the event log and greatly simplifies
spotting peak times when more process activity occurred than usual.

Focusing on Delta Analysis

Even after applying all proposed mitigations, when performing PM based on KiPs , the
generated models will always bear some degree of complexity. This is explained by the
nature of a KiP which is inherently complex and can therefore not be expressed as a per-
fectly structured model that is trivial to understand. Luckily, the research questions do
not focus solely on analyzing, understanding and visualizing the underlying CPs . Rather,
they aim at evaluating the impact of the case engine that was used supportively for exe-
cuting the modeled CPs . The evaluation part of this work is therefore primarily interested
in the comparison of the discovered process models with the underlying case models. In
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other words, the delta between the case definition and the process execution should be
evaluated.

This allows us to refine the process models up to a certain point and to then switch over
to identifying differences between the discovered models and the case definitions. Finally,
the differences can be evaluated to generate new insights not only about the processes
themselves but also about the engine executing them. When simply taking the inverse
of the delta, process similarities can be analyzed. Using the approach, complexities that
still exist in the models are not removed but can simply be ignored as maximizing the
understandability of the whole process is not the primary goal. Of course, a lot of attention
still needs to go into the complexity reduction. Otherwise, the differences are so vast that
no evaluation can realistically be performed.

The delta can also be generated for comparing the different sites of the study with each
other, giving insights into e.g. cultural or economic differences. This has already been per-
formed in [120 ] where a cross-organizational comparison was done to generate insights
about the execution of a CP for patients with chest pain symptoms in four public hospitals
across Australia. When applied in the healthcare sector from an organizational perspec-
tive, analyzing the delta between models can reveal differences in social interactions and
hierarchical structures. This was shown in [3 ] which discovered role interaction models
for different diagnoses and also evaluated differences and similarities in social behavior.
Comparing a descriptive organizational process model to a prescriptive organizational
case model was also already done and shown to generate valuable results in a study that
evaluated a role-based access control system which was configured through user and role
models [90 ]. This exemplifies that delta analysis of discovered process models can be used
to compare intended with observed social behavior, as it is required for the third research
question of this work.

3.2. Proposed Methodology

3.2.1. Consolidated Methodology for Process Mining in Healthcare

This work uses the consolidated methodology for process mining in healthcare proposed
by Erdogan and Tarhan in [36 ]. The authors did a systematic literature review to iden-
tify existing methodologies which found four generic methodologies and eight papers
employing healthcare specific approaches [35 ]. Based on these methodologies, they col-
lected PM features (like the definition of goals, process discovery, conformance checking
or trace clustering) and evaluated which methodology supported which feature [36 ]. As
they found that no single methodology was generic enough to support all the available PM 

features, they decided to develop a consolidated methodology that can be used for analyz-
ing arbitrary processes in the healthcare sector based on pre-defined goals and questions.
The proposed approach was evaluated in a case study that successfully managed to ana-
lyze and improve the surgery process of a Turkish university hospital while also lowering
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costs. The methodology consists of seven subsequent stages and can be repeated in an
iterative way. It is also shown in figure 3.3 .

Define Goals
& Questions

Data
Extraction

Data
Preprocessing

Log & Pattern
Inspection

Process Mining
Analysis

Process Model
Evaluation

Proposals for
Improvement

Figure 3.3.: Consolidated methodology for mining healthcare processes as proposed by
Erdogan and Tarhan in [36 ]

(1) Define Goals & Questions The first stage aims to define the scope of the project as
well as project goals and questions based on these goals. The scope specifies what
processes will be analyzed for which patients and from when to when the evaluation
will take place. The goals of the project may be things like optimizing one of the
hospital’s key performance indicators (KPIs) , reducing the execution time of a certain
surgery process or evaluating the process influence of a supportive tool that was
newly introduced. As the methodology follows a procedure similar to that of the
goal question metric approach known from software engineering, the defined goals
are translated into a set of concrete performance-driven questions [5 ]. The questions
are in turn mapped onto certain indicators which can be measured using one or more
PM features. By doing this, quantitative answers can be measured for each of the
posed questions, enabling an objective judgment if the desired goals were reached.
Output: Goal-Question-Feature-Indicator (GQFI) table

(2) Data Extraction In this stage, all relevant data is extracted from the HIS . Being mostly
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distributed systems, HISs tend to distribute their data across multiple sources, com-
plicating the extraction procedure. The extracted data may be noisy and incomplete
as long as every data entry contains information on the performed activity, the pa-
tient that was affected and the timestamp when it was performed. Apart from all
event related data, pre-existing process models are collected for later conformance
checking, together with other artifacts like CPs , the data models, patient feedback or
the KPI s defined in the GQFI table.
Output: Extracted dataset

(3) Data Preprocessing As described in section 3.1 , multiple measures can and have to
be taken to prevent data quality issues and a consequential impact on overall PM 

quality. Doing so is the purpose of this stage, which applies formatting, filtering and
abstraction techniques in order to transform the noisy and potentially unstructured
dataset into a well-formed event log. Additionally, clustering techniques can be em-
ployed to split the dataset into multiple, smaller but more homogeneous event logs.
Output: (Clustered) event log

(4) Log & Pattern Inspection The stage for log and pattern inspection is executed to eval-
uate the GQFI indicators, collect and create a statistical summary and gain a first im-
pression of the event log. The summary consists of generally available data like the
number of cases and events, the duration of events and their absolute and relative
frequencies. Most PM tools support this stage out-of-the-box and provide an ade-
quate summary by default.
Output: Evaluated indicators; log and pattern summary

(5) Process Mining Analysis Now that a proper event log has been created, different
types of PM analysis can be performed. Most projects include the application of a
process discovery algorithm, but there are many PM features available that can be
employed for different reasons, like the decision points analysis that aims to extend
an existing model with data related attributes like age or gender. The paper by Er-
dogan and Tarhan exhaustively lists the PM techniques broadly available today and
what they are generally trying to achieve [36 ].
Output: Discovered process models; most-followed paths, outliers and bottlenecks

(6) Evaluate Results This is the stage where all indicators that were captured in previ-
ous stages and the artifacts generated during the PM analysis are evaluated. Perfor-
mance problems and inefficiencies are identified and the most complicated or time-
consuming cases are evaluated in depth to uncover potential risks. The initial goals
and questions are answered but new ones may arise during the execution of this
stage.
Output: New process insights; probably new goals and questions

(7) Proposals for Process Improvement The stage for process improvement proposals
aims to increase the overall process quality by eliminating rework loops or bottle-
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necks, preventing unnecessary process elements, and understand complicated or
time-consuming activities. The knowledge generated up to this point is gathered,
reviewed and can then be used to first derive opportunities and lastly proposals for
process improvements.
Output: Proposals for process improvement

3.2.2. Conceptual Methodology Adaptions

In a recent paper, van der Aalst described his vision of using PM as technology for analyz-
ing event-based data similar to how spreadsheets are used for dealing with numbers [156 ].
Spreadsheets have been around since over 40 years, have wide-spread appliances in most
business areas and have been shown to be able to provide added value in an “almost
endless” amount of situations [156 ]. The author therefore argues that PM is similar to
spreadsheets in that both technologies provide generic operations to deal with arbitrary
input data while also offering means for customizing the generated visualizations to the
use case at hand. He also identifies the technology of PM to bridge the gap between data
science and business process management.

To support this vision and enable domain experts not familiar with PM techniques to
gain insights into the executed processes, a high degree of automation and little to no re-
quired configuration was desired to generate process models in the context of this work.
Apart from that, case studies are still running after the end of this evaluation project, of-
fering opportunities for creating additional scientific value if the analysis can easily be
repeated after the studies have been finished. RapidProM is a tool that provides such fea-
tures with a visual scripting environment that can be used to define automated processing
and analysis workflows without requiring programming skills [97 ]. The software relies
on ProM’s plugin ecosystem to provide implementations for the available PM algorithms.
However, these plugins have often been developed during scientific studies, are tailored
towards PM experts and require some non-trivial configuration effort to produce mean-
ingful results (e.g. users need to understand the concepts of significance and correlation in
order to run the fuzzy miner).

Therefore, a different approach is used and Disco is employed for an interactive discov-
ery of process models using a user interface that is intuitive to non-PM -experts [57 ]. The
drawback to this is that it requires a manual import of the dataset which in turn requires
manual configuration. In comparison to the ProM plugins however, the necessary config-
uration is limited to specifying the mappings of the individual columns in the event log
to import. As the mappings are static, this does not require advanced knowledge but is
still tedious. To mitigate the issue, Disco’s Airlift component could be used, which is a
server that can be used to serve up-to-date, pre-configured datasets to authenticated Disco
user, eliminating any manual import or configuration effort. In this work, however, as the
Airlift component is not available in the academically licensed version of Disco, the fea-
ture will not be implemented and a manual import & mapping will be used. Currently, no
other tools are available supporting a fully integrated PM approach for non-PM -experts
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without requiring any commercial licenses.
To still enable the repetition of the analysis procedure at low costs, all process steps prior

to the PM analysis need to be automated. Additionally, to prevent disrupting the domain
experts’ daily work and to further encourage the application of PM , performing the PM 

analysis should be possible at any point in time. Therefore, a log analysis application is
used to continuously extract and preprocess log data in near real-time. The resulting event
log is then persisted to an event log storage from where it can be retrieved to perform
online log and pattern inspection using the log analysis application’s user interface for
data exploration. Afterward, the automatically created event log data can be imported
into Disco to discover the process models and make use of the interactive visualization
features for creating specialized process visualizations. As mentioned, this manual import
could also be fully automated using an Airlift server if the feature was available under an
academic license.

To account for the continuous approach of this work, the original methodology by Erdo-
gan and Tarhan [36 ] had to be slightly modified. The adapted version of the methodology
is shown in figure 3.4 . It contains a new element, the event log storage, which holds an
always up-to-date version of all events that occurred so far and have already been pre-
processed. Furthermore, all stages have been automated and are executed continuously,
except for the definition of goals & questions, the evaluation of the generated models and
the proposal of process improvements. This is indicated in the figure by a self-looping
transition. The automation of the PM analysis stage that generates the models is reflected
in the adapted methodology but was not implemented due to licensing reasons. Apart
from that, the two-part nature of the approach is illustrated in the updated figure, with
stages on the left side leading towards generating the event log while later stages make
use of the event log in order to generate process insights.
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Figure 3.4.: Consolidated PM methodology adapted to the CONNECARE use case. Transi-
tions in gray have not been realized due to lack of academically licensed tools.

60



4. Implementation

4.1. Goal-Question-Feature-Indicator Table

The first methodology step when following the approach proposed in the previous section
is the creation of a GQFI table which is similar to a goal-question-metric table with an
additional layer for the type of PM analysis that is used to generate a certain indicator [5 ,
36 ]. To create the table, first, the scope of the project, its goal, and the questions that need
to be answered for reaching the goal are stated. Then, the appropriate PM analysis types
are chosen and indicators are defined that are suitable for answering specific aspects of the
questions in order to come up with an objective answer.

For this work, the usage of the CONNECARE integrated care system during two case
studies in the period of July 2018 through March 2019 is evaluated. The studies themselves
run for a total of one year, so the analysis will likely be re-executed when they have been
finished, after July 2019. One study evaluates the provision of integrated care services like
home hospitalization to CCPs with COPD and a recent acute episode, to avoid hospital
readmission and reduce the cost of care. The other study assesses enhanced pre- and post-
operational care to improve the quality of life for CCPs undergoing elective surgery while
also saving costs. The EU-funded studies are conducted at three hospital sites, namely
Lleida in Spain, Groningen in The Netherlands and Tel-Aviv in Israel. In the time period
under consideration, around 300 patients have participated in the studies. The exact num-
bers for each site and study are shown in table 4.1 .

Case Study Groningen Tel-Aviv Lleida

CS1 (COPD) 25 51 35
CS2 (Surgery) 35 29 35
Both 60 80 70

Table 4.1.: Number of participants in each study for all three sites

The goal of this work is to evaluate the CONNECARE information system for integrated
care and, more specifically, how it and its engine SACM was used to support the complex
clinical processes found in the healthcare sector. However, the project was not started
due to the general need to evaluate the system usage, but from three concrete research
questions that were described in detail in section 1.3 . The first question is concerned with
the SACM ’s runtime flexibility and evaluates how it was employed during the execution of

61



4. Implementation

the studies. The second question evaluates how its additional features for communication
and notification affected the case executions. Finally, the third question checks how the
collaboration and organization features were used in clinical practice.

As stated, the questions were not derived from the overall goal but the process was
rather the other way around, deriving the goal from the individual questions as a kind
of conceptual project summary. The three types of PM that will be applied to come up
with answers are (1) log and pattern inspection, (2) process discovery and (3) process ex-
ploration. The perspectives will mainly be the control-flow and the organizational per-
spective, but some metrics from the performance perspective will be incorporated as well.
The indicators used for evaluating the questions were recorded in a hierarchical GQFI ta-
ble that can be seen in table 4.2 . Their selection was based on the exhaustive list relating
PM features and possible indicators included in [36 ]. Additionally, discussions with stake-
holders of the SACM system and domain experts in the executed case studies were held
in an iterative way to ensure the relevance and validity of the selected indicators.

4.2. Data Extraction and Preprocessing

To enable the continuous, near real-time processing of access logs and keep the event log
always up-to-date, a log analysis tool has to be employed to realize the methodology steps
for data extraction, preprocessing and log & pattern inspection. For this purpose, the
elastic stack, formerly known as ELK stack, was chosen. The elastic stack describes the
combination of the three applications Elasticsearch, Logstash and Kibana. Elasticsearch is
a modern search engine that is based on the Apache Lucene search library and offers its
functionality via a JSON -based REST API [31 ]. It is amongst the most popular search
engines and often used for full-text search (e.g. in Wikipedia) but it can also be used for
application performance monitoring and log analysis [68 , 80 ].

The elastic stack is released under an open-source license and consists of 3 major com-
ponents, namely Elasticsearch, Logstash and Kibana. As mentioned, Elasticsearch is the
actual search engine that can be used to index documents and execute queries on the gen-
erated indices in a performant way. Logstash is a very flexible data preprocessor and log
shipper that can be used for importing documents into Elasticsearch. The third compo-
nent, Kibana, is a web application that can be used to explore the raw data in Elasticsearch
with the help of a strong and flexible filtering system that enables an easy-to-employ drill-
down process. Apart from that, it offers functionality to build custom visualizations based
on that data. The visualizations can then be aggregated into dashboards which provide
a comprehensive overview of the imported data. All components are developed as stan-
dalone projects but follow a common vision and a unified release cycle. Each component
can be scaled up both vertically and horizontally, providing the whole stack with good
overall scalability, as deployments can be tailored to the individual use cases. This keeps
cost low but performance and availability high.

In the context of this project, Elasticsearch is used for storing the raw API logs as well as
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Goal: Purpose To Understand
Issue The use of characteristic system features during
Object two different case studies at three sites each
Viewpoint from a case modeler’s or system analyst’s viewpoint

Research Question 1
How is the model-provided flexibility employed during the execution of cases?
PM Feature Indicator

Log and Pattern Inspection Number of cases/events/activities
Number of manually activated tasks
Share of manually activated tasks

Process Discovery Number of overall paths
Mean number of paths per activity
Number of bidirectional paths

Process Exploration Number of process variants
Maximum share of cases per variant

Performance Analysis Median/mean case duration
Standard deviation of case duration

Research Question 2
How do communication and notification features affect case executions?
PM Feature Indicator

Log and Pattern Inspection Number of notes update events
Number of alert events
Number of message events (with professionals/patients)
Share of feature-related events

Process Discovery Mean number of paths per alert activity
Mean number of paths per message activity
Mean number of paths per other activity

Research Question 3
How are collaboration and organization features reflected in case executions?
PM Feature Indicator

Log and Pattern Inspection Number/Share of tasks not done by their assignee
Number of task assignees/task processors
Number of roles

Organizational Analysis Maximum share of work for one person
Mean number of collaborators per person
Maximum number of collaborators per person

Table 4.2.: GQFI table for the CONNECARE case studies
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the consolidated event logs. Apart from that, it powers Kibana, which is used for log and
pattern inspection. To enable this, custom visualizations and dashboards were created to
provide the user with a quick, domain-related overview. Finally, in order to get the data
into Elasticsearch, Logstash is used to extract the data, preprocess it, derive the event log
and persist both the raw access logs but also the consolidated event log to different indices
in Elasticsearch. Due to the lack of a fully integrated PM tool under a suitable license,
Logstash is also used to export the consolidated event log from Elasticsearch into .csv files
that can then be imported in the PM tool.

4.2.1. Logstash and Logstash Pipelines

Logstash uses one or more pipelines to extract, transform and ship data. Each pipeline fol-
lows the internal structure of input → filter → output. The three stages are implemented us-
ing a plugin ecosystem that offers a vast amount of possible plugins for each stage. Custom
plugins can also be developed if necessary. The input and output plugins show Logstash’s
good integration capabilities, with plugins for integrating with Elasticsearch, local files,
JDBC -based databases, WebSockets and TCP or UDP sockets but also for proprietary so-
lutions like Amazon’s CloudWatch API, Google’s BigQuery or loggly, a commercial log
analysis service mentioned earlier. The filters are realized using the same plugin-based
architecture and offer a wide range of functionality. The plugins enable string manipula-
tion, looking up additional data, dealing with data types, encodings and time formats, but
also throttling pipelines or dropping, cloning and aggregating events, to name only some
examples. A full list of available input, filter and output plugins can be found in [32 ].

The overall processing structure for this project consists of multiple subsequent pipelines
that perform different conceptual tasks and exchange data via Pipeline-to-Pipeline Commu-
nication. An overview of the different pipelines and their interaction is given in figure 4.1 .
By following this structure, the size of each pipeline is kept small which simplifies the
change and version management and enables atomic redeployments, which is a great ad-
vantage during the initial pipeline development. Apart from that, splitting the processing
up into multiple pipelines and passing data from one to the other explicitly enables the
control of the flow of data. This, in turn, enables data to pass some pipelines but skip
other ones while also allowing for the persistence of data at different stages in the process.
Additionally, each pipeline is split up into multiple YAML-files so that every file only con-
tains one transformation step which also helps to keep the complexity of the overall data
processing code manageable. When the configuration is read, files belonging to a pipeline
are joined together, making the additional structure transparent to Logstash.

The logic implemented in Logstash is divided into two parts because there are two dif-
ferent databases acting as primary data sources for data extraction. One of them is part
of the SMS and contains the patient messages, while the other one is the logging database
where API accesses to the SACM backend are written to. The data is extracted from there
and preprocessed. During the preprocessing, the IDs of objects that are referenced but not
included are extracted into a common form. The data is then passed to the next pipeline
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that looks up the missing objects from the secondary source of information which is the
SACM backend database. The data gathered during the lookups is then postprocessed, de-
pending on the type of initial input data. Afterward, the data is persisted to Elasticsearch
in its current form, so that the result of the lookups and the processing can be checked for
data quality purposes. Apart from that, this enables the typical application performance
monitoring use cases of the elastic stack which require the complete web access logs to be
present in Elasticsearch. At the same time, the persisted data is also passed downstream, to
the transformation pipelines. These apply some heavy filtering and aggregating, followed
by the emittance of emulated events for lifecycle developments that are evident based on
the recorded information in the SACM database but are not included in the API access logs
for various reasons (e.g. due to predefined, automated actions performed by the engine).
The transformation pipelines reduce the number of individual data items being processed
by Logstash by a factor of roughly 500. After the data went through these pipelines, the
final, consolidated event log is created and can be persisted to Elasticsearch. From there it
can either be inspected to mitigate data quality issues once again or it can be exported to
comma separated value (CSV) -files for performing PM analysis.

In the upcoming subsections, first, the primary data extraction and preprocessing will
be described and technical details on the employed technologies will be given. Afterward,
the additional object lookups are explained and details on the necessary postprocessing
are given. Lastly, the transformation pipeline is described and details in applied filters,
aggregations and the emittance of emulated events are presented.

Extract Pre-
Process

Additional
Lookups

Post-
Process

Filter, Aggregate &
Emulate

Persist

Access
Logs

Patient
Messages

SACM

Elastic-
search

Figure 4.1.: Overview of Logstash pipeline components and their interaction. Arrows in-
dicate data persistence operations.

4.2.2. REST Log Extraction and Preprocessing

The database containing the largest part of the process-relevant data is the API access log
database. For the evaluation period from the 1st of July 2018 to the 30th of April 2019, the
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database contains roughly 13 million access logs. The only other data source that needed
to be integrated for data extraction was the database of the SMS which contains the mes-
sages between patient and professionals. This is due to the patient messaging feature not
being part of the generic SACM core, which is why it was modeled as a dependency to an
external service. However, as in the context of the CONNECARE project, the functional-
ity is implemented by the SMS which is part of the common infrastructure environment,
the database can directly be accessed from the elastic stack and the available data can be
extracted to gain additional insights. Nonetheless, this data source is of secondary im-
portance as it only contains the around 1 500 patient messages which is quite little data
compared to the around 13 million access logs. Apart from that, the flexibility, the social
interactions and even the largest part of the feature usage could still be analyzed if the
patient messages were unavailable.

When starting this project, the API access logs were stored in a MongoDB1
 using a cus-

tom logging implementation based on winston.js2
 . The reason for using a custom imple-

mentation rather than relying on one provided by the upstream reverse proxy is that extra
data from the execution context can be added this way without creating significant addi-
tional system load. For example, information on the user performing the request is looked
up based on the authentication information provided with the request. Thanks to the cus-
tom logger implementation, this user data can be logged and does not have to be looked
up again. In the case of logging through the reverse proxy, this information would not
yet be available and would have to be looked up again when the PM event log is created,
resulting in increased resource usage.

Unluckily, being a database that uses its own Java driver rather than relying on the
JDBC standard, MongoDB is not supported by Logstash except when using some un-
usual workarounds. Therefore, and to align the database technology across the CON-
NECARE project, a decision was made to migrate the contents of the MongoDB to a
MySQL3

 database. However, it was decided to stick with the existing custom implementa-
tion and not switch to logging through the reverse proxy, so that the mentioned advantage
of reduced system load was kept. To achieve this, the implementation was first adapted to
create the log entries in both databases. After ensuring that all information was persisted
correctly using the new implementation and no other issues arose, the existing content of
the MongoDB was migrated to the new MySQL-based system. This was implemented us-
ing a custom REST ful API endpoint that was created to facilitate a migration in multiple
smaller batches which ensured that the system stayed accessible during the time. After-
ward, the old database was switched off and the now obsolete endpoint was removed
again. All other databases were based on MySQL anyhow and did not have to be mi-
grated.

The input plugin used for extracting the data is the logstash-input-jdbc4
 plugin which

1https://www.mongodb.com/ 

2https://github.com/winstonjs/winston/ 

3https://www.mysql.com/ 

4https://github.com/logstash-plugins/logstash-input-jdbc 
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is based on the JDBC standard and run once a minute to import new data. It is config-
ured to persist the ID (or modification timestamp if unavailable) of the record that was
last imported, so only changes since the last run are picked up. A full import of the 13
million log entries takes about 6 hours under full system load. The one-minute interval
is a compromise between the timeliness of the processing and the additional load on the
database due to the increased amount of queries. The only way to further improve the
import promptness is to feed the logs directly into Logstash and persist them only in Elas-
ticsearch, eliminating the intermediate MySQL database. This could be done in the future
to reduce the data storage and memory requirements of the overall system. However, as
data was already captured before this PM project was started, the introduced elastic stack
is not yet an integral part of the CONNECARE environment and the promptness of sys-
tem was sufficient, the existing database was kept in place. As a positive side effect, the
database served as a backup for doing full re-imports in case issues were discovered in the
Logstash implementation. Additionally, decoupling the SACM backend and the process
analysis stack enabled the latter one to be shut down if negative effects on the main sys-
tem’s performance were identified, which was already in productive use at the time and
had some constraints regarding the available system memory.

The amount of preprocessing applied to the data after the extraction but before the ad-
ditional lookups is actually quite small. Primarily, based on the provided request URL and
the derived URL pattern, IDs contained in the URLs can be extracted. This is necessary to
find out which object (e.g. case or task instance) a certain activity refers to. Based on the
provided URL pattern, additionally, the corresponding API event is determined, which
describes the conceptual activity that is performed when the request is executed. All other
transformations applied in the preprocessing pipeline are done to reduce the noise in the
data and ensure data consistency, e.g. regarding field names. For achieving this, some data
like internal properties created by MongoDB or large fields with currently unused data
(e.g. request bodies in case of erroneous requests) are explicitly removed. Other properties
are simply renamed to ensure consistent naming in the context of this project.

4.2.3. Additional Lookups and Postprocessing

As mentioned, some objects are only referenced by their ID and need to be looked up in the
SACM main database. Examples include entities referenced in the requested URL but also
references in the returned objects. The lookups need to be done for various reasons, e.g. to
determine to which task a received alert belongs to, which definition version a certain case
is an instance of, or simply what the name of a referenced task is. Two special cases exist,
where the number of alerts for a specific task ID and the number of messages for a certain
case ID are counted using SQL queries. This is done so some additional data is available
during early log and pattern inspections when the consolidated event log, which could be
used to determine the same statistics, has not yet been created. An exhaustive list of all
entities that are looked up and the reason why the lookup is necessary can be found in
table 4.3 .
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Table Property to Lookup Data to Lookup

Task, Stage Task ID Task Metadata (Name, Assignee, etc.)
Case Case ID Case Metadata (Patient, Team, etc.)
Task Definition Task Definition ID Task Definition Version
Stage Definition Stage Definition ID Stage Definition Version
Case Definition Case Definition ID Case Definition Version
Group Membership Request User ID Groups a User belongs to
Group Membership Task Assignee ID Groups a User belongs to
Group Membership Message Author ID Groups a User belongs to
Alert Alert ID Reference to Task
Alert Task ID Number of Alerts for certain Task
Message Message ID Reference to Case
Message Case ID Number of Messages for certain Case

Table 4.3.: All data that is looked up, the property that it is looked up by and the table
where the data originates from

Once the lookups are done, some postprocessing transformations are performed in a
two-stage process. First, common transformations are applied that affect all data records,
regardless if they originated from the access log or the patient message database. Af-
terward, different record-specific transformations are applied, depending on the primary
data source. The common postprocessing consists of three basic operations, which are
time duration calculations, the flagging of requests and the mapping of certain request
properties to a form with improved human readability. Time duration calculations are
automatically applied when a related start and end timestamp are included in the data.
The resulting duration is used in the dashboards for log and pattern inspection but is not
relevant to the PM analysis as that only takes end timestamps into consideration for con-
ceptual reasons. Flagging of requests is applied to rule out irrelevant (test) requests, either
based on known, hardcoded test user IDs or because the request was received outside of
the fixed study period. Mapping is at this stage only applied to workspace IDs, which are
translated into human-readable site names using a static mapping.

The transformations only applied to the access logs are the flagging of finished tasks
based on the availability of a completion/termination timestamp and the parsing of the
user agent string using an external library. Additionally, to further increase the informa-
tion available during log and pattern inspection, the request’s source IP is looked up in
a GeoIP database5

 to enable geographical usage information to be displayed. The only
transformation applied to the patient messages is the flagging of messages that contain
an attachment based on the availability of an attachment reference ID, simplifying later

5GeoLite2 open source geolocation database, see https://www.maxmind.com/en/
open-source-data-and-api-for-ip-geolocation 
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analyses of this information.

4.2.4. Transforming API Logs into Event Logs

From a PM point of view, all pipeline logic so far was concerned with data extraction as
it primarily increased the amount of available information through additional lookups.
Therefore, what comes next is the main logic that preprocesses the access logs and patient
messages into an event log that is consumable by PM algorithms. This pipeline is the
most complex one and basically consist of seven phases: (1) filtered input, (2) data mini-
mization, (3) readability improvements, (4) clustering, (5) activity emulation, (6) sequence
order fixing and the (7) aggregating output. Once all data was processed by the pipeline,
the initial dataset of about 13 million entries is reduced to only around 25 000 records in the
consolidated event log. In the following, the pipeline will be explained in depth according
to the structure given by the seven subsequent stages.

(1) Filtered Input The input to the pipeline is like all non-database-related inputs based
on pipeline-to-pipeline communication. To keep the amount of data being processed
by this computation-intensive pipeline low, filtering is applied as early as possi-
ble. However, for technical reasons, filtering is not possible on the input side of the
pipeline-to-pipeline communication plugin and has to be done on the output side,
which results in slight code duplication that is acceptable in order to get the perfor-
mance advantages. Therefore, in the output stage of both preceding postprocessing
pipelines, only API access logs conforming to the following criteria are passed down-
stream:

• was created by a real user for a real case

• was created during the study period

• was issued from one of the study sites Groningen, Lleida or Tel-Aviv

• has a successful HTTP status code in the range of 200 to 299

• has a case instance associated

• was not issued by the UIM (which only requests details about users and is not
relevant to PM analysis)

• refers to an API event that is relevant for the PM analysis

An alternative input is also available but is disabled by default as it is only used for
development purposes. It offers the possibility to input the lookup-enhanced logs di-
rectly from Elasticsearch instead of passing them through preceding pipelines again.
This turned out to be useful during the development, as it enabled the re-execution
of the later pipelines based on the data that was already imported in Elasticsearch,
eliminating the need to perform the lookups again and reducing this overall import
time.
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(2) Data Minimization The first phase after the input is the minimization of the data that
is passed down the pipeline in order to reduce the memory footprint and the storage
requirements. Previous pipelines also removed some unused data but have only
explicitly excluded certain properties. However, Elasticsearch supports a dynamic,
flexible mapping of properties so that new, previously unknown fields can be added
and are picked up and persisted without any errors or warnings. This is helpful
in the case of raw application logs as it enables the extension of the logged data
without having to change the Elasticsearch configuration as well, in case e.g. new
debugging requirements arise. In a PM event log, by contrast, it is desired to only
include process-relevant data for keeping data quality high and noise low. New
fields should only be added to the event log if the PM expert makes an explicit choice
to do so. Therefore, this pipeline does not exclude unwanted fields but rather include
certain process-relevant fields using a whitelist. All other properties are dropped.
Apart from that, nested fields containing objects are flattened, so that the resulting
event log entry is of single depth which simplifies the export. Lastly, some fields
are renamed to increase consistency with the PM domain (e.g. all occurrences of the
technical term “request” are removed as it is not related to PM ).

(3) Readability Improvements In the next phase, the technical labels that are used in-
ternally by the SACM system are converted into formatted representations that are
easier to read for humans. This is done to increase the understandability of the re-
sulting process models. The conversion is done using Logstash’s translate filter plugin
which features a simple string replacement mechanism based on a static mapping
that is kept in CSV -files called dictionaries. Dictionaries exist for humanizing task,
stage and case names but also for mapping group IDs to the conceptual names of
the groups. The assignment of a generic user role for each professional is realized in
the same way. Apart from that, the previously determined API event is translated
into a readable activity type and name. Additionally, IDs of users (patients and pro-
fessionals) are translated into human readable random strings (HRRSs) . An HRRS 

is a randomly generated string that is pronounceable by humans and facilitates the
communication about data. The concept is similar to proquints but with a simpler im-
plementation based on pseudo-random number generators and a simple alternation
between vowels and constants [173 ]. The advantages, however, remain the same.

(4) Clustering As described in section 3.1.2 , clustering will be applied based on the com-
patible case or stage versions. Which versions are considered compatible with each
other depends on the view that is chosen for the PM step. To enable switching be-
tween the different views more easily, for each event log entry, the compatibility for
all available view levels is determined. This is implemented using the same CSV -
dictionary-based string matching approach known from the previous phase. Multi-
ple dictionaries exist that match all of the possible case and stage names to a com-
patibility group used for the analysis. The groups are persisted to different fields
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of the object, depending on the view that they are valid for. A full reference with
all compatible analysis groups for every view can be found in section C.3 of the
appendix.

(5) Activity Emulation As described earlier, the SACM logs request bodies only if errors
are encountered, for debugging purposes, and does not log response bodies at all.
This becomes an issue for POST requests that are used to create new objects (e.g. task
or case instances) in the system, as they are identified by their ID which is not avail-
able before the request has been completely processed. The only way to get the ID of
the created object is parsing the server response, which is not logged and therefore
not available. Furthermore, based on the case model, the SACM supports automatic
transitions if certain prerequisites are given which can trigger the implicit creation of
objects. Afterward, users may interact with these objects in a process-relevant way
making them suitable for inclusion in the event log. However, no request has ever
been received for the creation of the object, which is why this step of the object’s
lifecycle is not included in the access log as well. To still be able to depict the com-
plete lifecycle in the generated process models, the information needs to be extracted
from the SACM database, where timestamps about all important lifecycle events are
recorded. Using this creation timestamp information, an emulated access log can be
emitted, enabling the inclusion of all lifecycle events without having to modify the
remaining pipeline. This emulation is done for all object types that can be instanti-
ated (case, stage, task, alert, message).

(6) Sequence Order Fixing As just explained for phase 5, some objects can implicitly be
created by the engine. Apart from the problem of missing access logs, some other
issues are created by this behavior. One of them is timing problems that occur be-
cause the engine creates entities faster than the precision of the logging system and
the persisted timestamps allow. This leads to multiple entities being created with
the same timestamp. In the event log, the ordering of these objects is not well de-
fined and depends on the implementation of the export. This, in turn, can lead to
invalid sequences in the event log, e.g. when the first stage of a certain case is acti-
vated before the referenced case instance was even created. To counter this effect,
the timestamps of objects that are dependent on each other are slightly modified by
adding or subtracting one or two milliseconds. For example, creation timestamps
of case objects are always reduced by one millisecond while creation timestamps of
tasks are increased by one millisecond. This ensures that – even if the timestamps
were initially equal – an event for creating the case always occurs before an event for
activating the first stage or a contained task. The change does not affect the correct-
ness of the process models, as these are generated and used to gain insights into the
human behavior and the issue only occurs in fully automated situations where a hu-
man only triggers the process and is then not involved anymore. Moreover, humans
typically do not act in terms of milliseconds.
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(7) Aggregating Output Last but not least, internal fields that were used for holding tem-
porary transformation results are removed so that the remaining data can finally be
persisted to Elasticsearch. This final step is also the aggregation step that creates one
consolidated event based on information from multiple API access logs. The aggre-
gation is realized implicitly using Elasticsearch’s update mechanism. To enable it,
Elasticsearch’s default behavior had to be changed to make use of a custom, explic-
itly assigned document ID instead of using an automatically generated one, based
on the document content (document being Elasticsearch’s generic name for one con-
solidated event in the event log). The document ID that is used equals the ID of the
object in the SACM database and is therefore static and does not change. This allows
persisting the same document multiple times during its lifecycle, while Elasticsearch
cares about determining changes from one version the other and only persists new
or updated fields. This effectively aggregates all information about a certain object
that is created during its lifetime.

4.2.5. Exporting the Event Log

The consolidated event log that has been created by Logstash and persisted to Elasticsearch
now needs to be shipped to the PM tool to enable the process discovery. Unfortunately,
no PM tool supports direct Elasticsearch integration but most tools rely on file-based data
input. There are also some tools available that support a fully integrated approach from
data extraction to model generation but none of those is available under an academic li-
cense. Therefore, and to prevent vendor lock-ins in the early stages of the project, this
work exports the event log to text-based files. When combined with a small amount of
documentation, the files can later be used to import the data into the PM tool, even by an
untrained user. This will be done to enable the repetition of the analysis and evaluation
step after the case studies have been finished.

Multiple formats are available for representing the data in a text-based file with the most
prominent ones being mining eXtensible markup language (MXML) , eXtensible event
stream (XES) and CSV . MXML is the oldest of the three formats and was published in
2005 [166 ]. It was designed as a format for representing an event log based on the prop-
erties included in the first metamodel for PM that was presented in the same paper. It is
based on XML and quickly became the de facto standard for event log representation as it
was required for inputting data into the heavily used ProM toolkit.

However, it had some limitations, primarily due to its rigidness and lack of extensi-
bility. As PM started to be employed in new industry sectors with new types of data, a
more flexible format had to be found that allows for the custom extension of the data by
new and unpredictable data types while still offering PM algorithms a way of exchanging
data across system borders. This resulted in the development of the XES file format which
was accepted and published as IEEE standard 1849–2016 in late 2016 [1 ]. The format is
designed as a future proof way to represent event logs and streams to improve interoper-
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Figure 4.2.: Overview of process events at three levels of abstraction. Orange color indi-
cates the mapping from API events to stage and case activities.
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ability in the PM domain. However, not being native PM tools, neither Elasticsearch nor
Logstash support exporting data to the XES (or the MXML ) file format.

Therefore, the project exports all its event log data to CSV . CSV files are very easy to
generate programmatically as they rely on a simple table-like structure. Historically, CSV 

is still supported by many tools because it was one of the first formats that were used in
PM . Additionally, Disco, the tool that was chosen for the PM analysis and that will be
explained in depth in section 4.4 , has very strong CSV import capabilities [57 ]. In fact,
it was created based on Nitro, a tool that was very popular before the XES standard was
developed and that had the sole purpose of converting event logs from CSV to ProM’s
MXML . Logstash provides a plugin for exporting arbitrary data to CSV files [32 ].

The major drawback of using CSV is the lack of structure in the file, specifically the lack
of representing the content of each column in a way that the PM tool can correctly parse
it without needing an additional configuration. The required configuration needs to be
provided in the form of a mapping. The mapping needs to include at least the columns
containing the case instance, the activity and the completion timestamp and can optionally
include additional properties. In the context of this project, the mappings are actually
quite simple and an example for the case view can be seen in table 4.4 . The full list of
mappings is included in the appendix and shown in section C.2 .

Disco Type CSV Column

Case ID CaseID
Activity Activity

ActivtityType
Timestamp Timestamp
Other attributes ClusterGroup

DebugID

Table 4.4.: Mappings for the case view

For varying the visual complexity and the level of detail in the resulting models, the
event log can be exported at different levels of abstractions, called views. This was ex-
plained in section 3.1.2 . When exporting the event log for the evaluation period of this
project, nine months, at the highest level of detail (stage view), then the size of the result-
ing CSV file is only around 2 MB. As this small size will clearly not lead to storage issues
and to simplify the implementation of the export functionality, the decision was made to
continuously output the event log at all three levels of abstraction at the same time. This
allows PM operators to choose the desired view on the event log at import time, right
before the process models are actually generated.

When an individual event is exported, different properties are included depending on
the level of abstraction in the target file. Additionally, certain events can be excluded (like
messages in the stage view) and transformations can be applied to some values, e.g. for
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treating Lleida’s Workplan after Hospitalization stage as a simple Workplan stage.

4.3. Log and Pattern Inspection

The methodology’s stage for log and pattern inspection is performed to gain an early im-
pression of the data and created a comprehensive summary to improve process under-
standing [36 ]. It is usually done offline, based on the final event log and right before the
process discovery step is initiated. The log and pattern inspection procedure is supported
by many PM tools. ProM, for example, offers multiple plugins for generating data sum-
maries and visualizations like the dotted chart analysis which shows the distribution of all
events over time to gain an overview of the executed cases [21 ]. However, as the project
is implemented using the elastic stack, data is continuously imported and the event log
is also continuously exported, making online log and pattern inspection on the live data
feasible.

This is implemented using Kibana, the elastic stack’s browser-based analytics and vi-
sualization platform [33 ]. Kibana does not feature any explicit PM capabilities so some
metrics (e.g. the number of paths or the number of process variants) are hard or even im-
possible to evaluate at this stage. Additional PM -specific metrics could be calculated at
import time using Logstash, which features a filter freely programmable in ruby, but the
increased effort of re-implementing parts of the underlying PM algorithms was deemed
too high for the purpose of this project. After all, most data that is used in generic event log
summaries is readily available which is sufficient for determining roughly half of the met-
rics required by the GQFI table. The remaining indicators are either generated by Disco,
the PM tool used for the project (see the upcoming section 4.4 ), or they need to be evalu-
ated manually. Kibana also offers the advantage of letting users choose the Elasticsearch
data source (also called index) manually. Combined with the three-fold persistence mech-
anism explained in section 4.2 , this enables users to inspect the raw data that the event log
is created from, besides enabling traditional application performance evaluations.

Regarding application features, Kibana mainly offers discovery, visualization and dash-
board functionality. The discover view, shown in figure 4.3a , can be used for drilling
down into the data. It provides a text-based overview of the raw data points and allows to
view the persisted information for each data record in its entirety. The view also provides
a filter and query system that is very powerful but nonetheless quick and easy to use for
non-experts. The application also features a popularity metric for all document properties.
When a property is used in a filter or in a search query, its popularity is incremented. After
some time of use, this leads to useful filter and search property proposals which facilitate
collaboration in the analysis phase and provides a starting point for new users. The visu-
alize view can be seen in figure 4.3b and is used to create visualizations that can be shared
with other users. In addition to the search and filter functionality, which is available glob-
ally, the view features strong aggregation capabilities that can be used to group the data
into customized buckets and calculate metrics for those. Apart from sharing, the created

75



4. Implementation

visualizations can be grouped into dashboards, which are collections of multiple visual-
izations operating on the same data source and providing a customizable overview of the
analyzed data. Multiple custom dashboards have been created to facilitate the general ap-
plication performance monitoring and the log and pattern inspection in general but also
for this project. Screenshots of all implemented dashboards are available in chapter D of
the appendix and references are given in the corresponding descriptions which will follow
in the remainder of this section.

Application Performance Monitoring Not project specific. Works on the API access logs
and is therefore not even PM specific. Resembles a generic application performance
monitoring dashboard based on RESTful web access logs like it could be used for
monitoring the performance of arbitrary REST applications. Shown in figure D.1 .

Event Log Overview Not project specific. Works on the event log and is used to gain
an overview of the event log. Contains metrics like case count, task count, message
count, etc., and does not differentiate between sites or case model versions. Shown
in figure D.2 .

Case Inspection Not project specific. Works on the event log and is used to gain an
overview of one specific case. Contains e.g. the overall case activity displayed in
a dotted-chart-like visualization, the active tasks and their lifecycle, the number of
advanced feature usages, etc. Shown in figure D.4 .

Site Comparison Project specific. Works on the event log and on the API access log an
us used to gain a first impression of how the different sites use the system. Contains
visualization showing e.g. the history of case creations but also at which time of
day the system was used most actively. Does not differentiate between case model
versions. Shown in figure D.3 .

GQFI Evaluation Project specific. Works on the event log and contains all GQFI indicators
that can be determined without the use of a PM algorithm. Shown in figure D.5 .

4.4. Process Mining Analysis

4.4.1. Available Tools

Different tools are available for assisting in the PM analysis step. To mitigate all identified
challenges as described in section 3.1 , the tool needs to offer support for comprehensive
overview statistics, process discovery using the fuzzy miner algorithm and means of in-
teractively visualizing the generated models. Apart from that, it needs to be able to import
from CSV files. In general, two main categories of software solutions for performing PM 

exist: open-source and commercial software.
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(a) Discover view for raw data inspection

(b) Visualize view for building visualizations of the aggregated data

Figure 4.3.: Different views of Kibana, the application used for online log and pattern in-
spection. Screenshots of the implemented dashboards can be found in chap-
ter D of the appendix.
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The most popular open source solution is the ProM toolkit. It features a plugin system
that makes it very easy to extend, can be downloaded and used free of charge and is plat-
form independent [165 ]. This lead to ProM becoming very popular and widely adopted
amongst the PM research community [21 ]. Thanks to its plugin system, ProM offers the
most PM -related functionality and contains the most up-to-date version of the available
algorithms, as it is often used by researchers to develop new PM techniques. It is also
well adaptable to the most PM use cases. However, this flexibility comes at the price of
increased configuration effort. As plugins are often developed in the course of scientific
publications, many plugins exist that require a large number of input parameters which in
turn requires PM domain knowledge. In other words, the software needs to be properly
configured by a PM expert in order to yield meaningful results. The issue is worsened
by the fact that for producing process models, ProM requires the user to manually exe-
cute workflows that feature the subsequent application of multiple plugins. Each plugin
transforms the data in a certain way and each requires an own conceptual understanding
of the transformation and a correct configuration. Apart from that, development focus is
generally not put on features like the intuitiveness and the usability of the user interface,
but rather on the underlying algorithms that are usually the subject of scientific evalua-
tion. Some solutions like RapidProM exist that try to improve these aspects and offer a
visual workflow designer, enabling users to create the workflow once and then execute it
automatically in subsequent runs. But the tools still rely on ProM’s plugin ecosystem for
performing the actual PM tasks, which require the same amount of configuration as if they
were used conventionally through ProM.

As this project tries to support the vision of PM as a spreadsheet-like technology (see
section 3.2.2 ), the usability and understandability of the employed techniques to users
without expertise in PM were some of the focuses during implementation. Therefore, dif-
ferent commercial PM tools were evaluated regarding their suitability for this work. In
general, they aim to make PM available to non-technical users like business analysts or
CEOs. They usually do not require PM knowledge at an expert level, are designed to work
with little configuration and follow the general aim of offering an increased ease-of-use
compared to open-source solutions. Apart from that, they often offer additional means
of support which are usually not free but can be used to quickly resolve emerging issues
without requiring a dedicated PM expert to be hired.

However, many commercial tools can not be used in the context of this project as they
are part of a larger, costly business analytics suite and can not be operated as a standalone
solution. Another common reason for not being suited for the planned application are
products being sold as software as a service model. These are hosted externally by the
software vendor and can therefore not be part of a HIS , at least not physically. This leads
to data protection issues as medical health data would have to be transferred across HIS 

borders.
In the end, the commercial tool Disco was chosen for performing the PM analysis. It

provides the typical usability advantages of commercial PM tools but offers the option of
an academic license that can be used to import up to 5 million events and use Disco’s full
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functionality for scientific research projects at no cost [57 ]. This lead to the tool being used
for similar research projects that also dealt with KiPs -based PM [3 , 128 , 160 ]. The only
missing component is the server for automated configuration and import of the event log,
called Airlift, which can be replaced by a small amount of externally provided informa-
tion that documents the required CSV mappings. One of the creators of Disco is Christian
Günther, who is also a co-author of the original paper on the fuzzy miner and dedicated
his dissertation to the same topic [56 , 57 , 58 ]. This is important, as the fuzzy miner al-
gorithm is one of the main means of mitigating the challenge of high process complexity
that can be expected for healthcare processes. For the Disco application, the algorithm has
been developed further so that it is now able to determine the values for significance and
correlation by itself, eliminating the need for an explicit configuration once the event log
has been imported successfully [57 ]. Apart from the mentioned overview statistics that
can be used for log and pattern inspection as described in section 4.3 , it includes addi-
tional interactive visualization features. Examples are e.g. two simple abstractions sliders
for refining the generated process models, zooming capabilities, the display of additional
information on mouse hover and a very powerful filtering system that can be used for data
drilldowns. The interactive visualization features will be explained in more detail in the
upcoming section 4.4.2 . All these properties, combined with the CSV -based import that
does not require a PM expert if the mappings are provided (see section 4.2.5 ), makes Disco
a suitable tool for the use in this project.

4.4.2. Practical Application

The following section will describe the practical application of the Disco PM tool for the
analysis of the executed case studies. The process is split in two parts which will be de-
scribed separately. First, an explanation will be given on how to import the event log into
Disco and which additional settings to apply for generating useful process models. Then,
some details will be given on Disco’s capabilities for interactively viewing the generated
models, in order to deal with the potentially high process complexity.

Generating the Process Models

Disco, being a tool that follows the map metaphor wherever possible, calls the visualiza-
tions of the discovered process models process maps. In order to generate such a process
map in Disco, the event log needs to be imported, some filters applied, depending on
the selected view, and the resulting visualization needs to be exported again. Importing
the event log is done using CSV -files whose structure was previously described in sec-
tion 4.2.5 . All files have the common fields CaseID, Activity, ActivityType and Timestamp.

The case ID obviously refers to the individual patients’ cases and is used to determine
event sequences that belong together. The type of activity is appended to its name and
the resulting field is used as activity by the process discovery algorithm. The two fields
are not joined on export but only on import to allow higher granularity when interactively
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filtering and refining the model (enables e.g. the exclusion of certain types of activities).
The timestamp reflects the time when a certain task was finished, either by completing it
successfully or by terminating it. The timestamp when a certain task was opened is also
recorded but does not provide much extra value as tasks are often opened in bulk by the
case execution engine. Therefore, the duration that they are open does not correspond to
the time that work regarding the task was actually performed. All four fields are usually
picked up automatically by Disco’s importer interface. This means that the required map-
ping is applied by default and even the correct timestamp pattern is detected and used.

Depending on the view, four other fields exist in the exported event log that provide
additional information but are usually ignored by the process discovery algorithm. They
are however required for certain manual actions and their meaning will be described in
the following. Afterward, information regarding their usage will be given. The first addi-
tional field, ClusterGroup, is added for clustering the event log while still only dealing with
a single file. If instead one file was exported per cluster, this would result in roughly 30
files for the stage view, the lowest degree of abstraction. The Processor and Assignee fields
are used to swap PM perspective from the control-flow to the organizational one. The per-
formance perspective does not require additional information as it is calculated based on
the given timestamps. The last field, EventID is specified so records from the event log can
easily be retrieved in Kibana. This is done to enable advanced drill-downs and hypothesis
evaluations based on different metrics and was also heavily used while developing and
debugging the system. In case the mappings are not automatically picked up, they are
also documented in a separate text file that is provided with each exported CSV -file.

To realize the clustering based on a single file, an additional filter is needed that excludes
events based on a certain attribute, in this case, the clustering group. The label of the first
cluster group is chosen and only events belonging to this group are kept, all others are
excluded. An example of the filter configuration view can be seen in figure 4.4 . Then, the
process discovery is executed, resulting in a process map for this group only. Afterward,
the process map configuration is duplicated and the value of the exclusion filter is set to
the next group. A process map is generated and the procedure is repeated for every cluster
group, resulting in one process map for each cluster. This may seem tedious at first but
is much faster than importing and mapping around 30 individual files. Apart from the
filters for event log clustering, additional filters are available but those are not required to
be applied by default. Rather, they can be used optionally when a domain expert creates
a customized view on a process map and considers additional filters to be semantically
useful.

The export of the discovered process maps can be done by selecting all models and ex-
porting them in bulk. This saves some additional effort. Unfortunately, however, no such
bulk operation is available for importing multiple event logs or splitting a large one up
according to the value of some column, making the described manual process for sepa-
rating the cluster groups a hard requirement. Multiple formats are available for exporting
the final, customized process visualizations, like e.g. PDF, PNG or JPG but also text-based
formats like XML . Alternatively, the underlying, filtered event log can be exported to dif-
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Figure 4.4.: Screenshot of Disco’s filter configuration view

ferent formats so a different tool can be used to visualize the data. For this work, the PDF
format is chosen, as it contains vector-based representations of the exported process mod-
els. This enables the continuous scaling of the models in the PDF version of this paper,
which is useful for viewing especially complex models like they are included in this work
(see e.g. figure 2.1 showing the spaghetti effect based on real data from the study). After
the export is done, one additional step has to be performed in order to create the system
view. Because Disco does not allow the customization of colors used in the process mod-
els, the exported PDF for the system view needs to be postprocessed and the colorization
of the activities needs to be done manually, ideally using a vector graphics editor to keep
the image’s scalability.

All process maps that are created using Disco are automatically added to the current
project. The individual maps and the overall project can be given a name. Apart from
exporting the models into individual files, Disco also allows exporting the whole project
at once. This persists all process maps including all filters and abstraction settings so they
can be restored at a later point. The format they are stored in is proprietary and encoded
in binary which can lead to a vendor lock-in in the long term. However, this is the only
way to share the interactivity settings that are unique to Disco and the possibilities for
collaboration that are enabled by the feature outweigh the disadvantages and risks.

Interactively Viewing the Models

As just mentioned, Disco offers some unique features for interactively viewing the dis-
covered process maps. Most of them are included in Disco’s main view, the Map View,
which shows the visual representation of the event log using the given customization set-
tings. Most settings can be easily adjusted in the same screen and the displayed process
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map is updated immediately to enable a WYSIWYG6
 -style model creation. The view and

noteworthy details are depicted in figure 4.5 . The individual elements providing viewing
interactivity are explained in detail in the following.

Figure 4.5.: Screenshot of Disco’s Main View

1 Abstraction Sliders The most prominent feature of Disco’s interactivity system is the
abstraction sliders in the upper right corner. They do not reduce the significance or
correlation threshold, but rather refer to the number of activities and paths (transi-
tions between the activities) that is displayed at a time. Less frequent activities or
paths are hidden when a slider’s value is reduced. In combination with the zoom
slider, the controls can be used to increase the understandability of complex pro-
cess maps by refining the level of abstraction depending on the structuredness of the
modeled process. The scales used by the sliders are kept in percent, making their
value easy to understand by non-PM -experts.

2 Filtering System The next very important feature is the interactive filtering system
which can be accessed in the lower left corner. The available filters are very powerful
and configured on a separate screen that can be accessed using the funnel icon and
that also includes some filter suggestions based on the characteristics of the data
in the event log. Next to the icon, an overview is shown of how much percent of

6“What You See Is What You Get”
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the total number of cases and events are left after the filters have been applied. Upon
click, the currently configured filters are displayed in a shorthand form. All filters can
be configured to include or exclude matching elements and users can decide if the
filter should apply to whole cases or to individual events contained in different cases
(e.g. exclude certain events or include all cases containing such events). Creating
filters can either be done from the separate filter configuration screen or by selecting
an activity or a path in the map view and then creating a filter based on the selected
element. Six different types of filters are available: (1) timeframe-based filtering, (2)
filtering of process variants, (3) filtering based on performance metrics, (4) endpoint-
based filtering (e.g. for excluding incomplete cases), (5) filtering based on certain
attributes and (6) filtering of specific event sequences. Collections of filters can be
exported to so-called recipes that can then be used in other process models or other
Disco projects and can even be shared with other users.

3 Dynamic Display of Additional Information A lot of statistical information on activ-
ities and paths can be generated from an event log, e.g. the number of cases that
feature a certain activity or the number of times that a path (i.e. a sequence of two
events) was observed in a single case. Depending on the analysis context, differ-
ent information may be relevant or not relevant at all. To prevent overloading the
user with information and obfuscating the process map, the software hides most of
this information by default and only the absolute element frequencies are displayed.
When a map element is clicked on, the available additional data is displayed in a
pop-up menu that also allows creating a filter for the element.

4 Quick Context Switches Two different ways are available for switching the current
analysis context and both are included in the top of the application. The three tabs
labeled Map, Statistics and Cases can be used for switching between the process map
and less graphical views on the event log based on some calculated metrics. The
statistics view is used for log and pattern inspection and shows exhaustive overviews
information like the number of cases and events but also more detailed indicators
like the frequency distribution of individual activities and additional data attributes.
The distributions are included as graphs. The cases view is the most detailed view
and offers a look into the raw event data. It shows the actual execution traces for
a single case and tries to place the case in the overall context. Apart from that, it
displays similar cases together in a group, thereby showing the results of the variant
analysis that is performed during import. The aforementioned interactive filtering
features are available in all three views, not only in the process map screen. The
dropdown menu left of the tabs can be used to quickly switch between different
process maps. This is useful as the copy functionality allows to create deep-copies
of a process map, enabling the quick creation of multiple views on the same process,
which can then be shared with colleagues or be compared to each other using the
dropdown menu.
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5 Multiple PM Perspectives When an event log is loaded into Disco using the default
recommended mapping, the application generates a process model in the control-
flow perspective. However, as this requires timestamp information, Disco can ad-
ditionally calculate the metrics for the performance perspective. The lower right
section can be used for quickly switching between both perspectives. For both per-
spectives, the exact metrics to display can be chosen based on the current use case.
Options include the total, maximum, minimum, average or median duration for the
performance perspective and the total frequency, the frequency per case or the max-
imum number of repetitions for the control-flow perspective. Being able to quickly
switch between both perspectives is especially useful, as the frequency of activities
and paths is highly relevant for the understanding of average values and a mean-
ingful bottleneck analysis that leads to influential improvements. This is also facil-
itated by the possibility to display an additional metric from the performance per-
spective in the control-flow perspective and vice-versa. An automatically adjusting
color scale is available that shows the configured frequency and performance metrics
in a graphical way.

6 Animations Using the button on the bottom middle of the screen, animations can be
created that graphically replay the event log on the generated process map. Activities
light up briefly and slowly fade out afterward when they were performed and case
indicators travel across paths from one activity to the next activity. This can be used
to visualize the time-based sequence of activities better than a static image could. It
is also a nice way to evaluate the degree of concurrency the cases were performed at
and provides insights into things like peak system usage time. The animation speed
can be adjusted and the final animation can be exported to a .avi file.

7 Search in Process Map A search bar is available in the upper right corner that can
be used for finding activities by their name. Results are highlighted by zooming
in on them, graying out irrelevant parts of the process map and pointing big red
arrows on the matched activities. This is helpful for domain experts to navigate and
understand large, complex maps but can also be used for speeding up the filtering
and customization feature.

4.4.3. Notation of Generated Models

The visualizations Disco produces are called directly-follows graphs because they are graphs
where each transition from one node to the other represents a directly-follows relation as
also known by e.g. the α-algorithm [88 , 89 ]. The syntax is quite simple as the graph consists
of nodes connected by edges and both elements are annotated with one or two metrics.
However, the semantics vary depending on the input data, the current PM perspective and
the chosen metric. Animations, if viewed correctly, can further increase the understanding
of the process. This section will explain the graphical notation and the semantic meaning
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of the different types of models generated in this work. First, the traditional notation
of a directly-follows graph will be described and afterward, different perspectives and
notational extensions will be discussed.

Reading a Directly-Follows Graph

The default models produced by the case and the stage view are exported from Disco with-
out any modifications and contain regular directly-follows graphs for visualizing control-
flows. They show the sequence of activities as they are usually executed. Process map
examples for the case and the stage view are depicted in figure 4.6 . As mentioned before,
directly-follows graphs consist of nodes representing the activities and transitions between
them representing directly-follows relations [88 , 89 ]. Apart from that, they include two
special types of nodes, the start and the end node. Each element is annotated how many
times it was observed in the event log. When abstractions are applied to the graph, as
usually happens in the context of KiPs , these numbers do not add up anymore, i.e. activi-
ties occur more often as there exist in- and/or outgoing transitions. Therefore, a directly-
follows graph cannot be used to tell process-conformant from non-process-conformant
behavior but only shows the sequence of events as it was usually executed. The individ-
ual elements will be described in the following, giving details on their semantic meaning
when employed in either the case or the stage view.
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Figure 4.6.: Simplified examples of process maps in case and stage view
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Activity (Stage View) In the stage view, an activity signalizes that some explicit task was
performed for a certain case. This could be the filling of a questionnaire, the ex-
ecution of an image-producing procedure or a prescription of a certain amount of
medication or physical activity. Another possible type of event that can be contained
in a stage model are alerts from the workplan stage. Alerts represent exceptional sit-
uations where a certain pre-defined threshold was under or overrun. The threshold
is defined for the individual workplan tasks (like prescription or physical activity)
and incoming measurements are checked against it by the SACM system which also
emits the alerts at midnight if necessary. When a professional takes note of the alert
and marks it as seen, this activity will be included in the event log and the final
process map. The number below the name of the activity signalizes how often it
was observed across all cases. This frequency is also visualized using a color scale:
the stronger the color of the node, the more often it occurred in relation to all other
activities.

Activity (Case View) In the case view, however, tasks from multiple stages are included.
To keep complexity low, the view abstracts what the tasks represent in detail and
only treats each task as some not further specified activity that took place in a certain
stage. Alerts are treated the same way and only associated with their stage, not with
their exact task. Apart from these two types of activity, the case view also contains
activities for received messages from patients or other professionals or for when the
unstructured notes of a case were updated. The case creation and case termination
activities are also included, showing when a certain case was created or terminated
in the SACM system. Terminating a case prevents any further modifications to the
tasks and stages of the case, so the ratio of case termination to creation indicates the
share of cases that are still running.

Transition A transition from one activity to another means that the two elements were ob-
served to be directly followed by each other with the tip of the arrow pointing to the
activity that came second. The number next to the transition indicates how often the
directly-follows relation between the two activities was observed. It is also indicated
visually by varying the thickness and blackness of the transition arrow. As men-
tioned, when abstractions are applied and some transitions are hidden, the numbers
do not add up anymore which is not an issue if it is known by the reader. Addition-
ally, the ratio of the transition count to the count of the activities still bears relevant
information, even if some other transitions are not displayed. Self-transitions reveal
activity repetitions as they only occur when the same activity was observed multiple
times subsequently within a single case. In contrast, cycles in the graph, often called
rework loops, only suggest that the illustrated activity sequence could have been re-
peated but cannot be used as a proof, especially not when dealing with KiPs . This
is because every individual transition could have been observed in a different case
but the whole of the cycle has never been observed in a single case at all, meaning
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the rework loop is included in the map but was never actually executed. The high
flexibility of case executions in the context of KiPs makes this much more likely than
when dealing with more structured processes.

Start & End Nodes The green and red nodes at the top and the bottom of the process
maps are start and end nodes, respectively. They are artificial events added by Disco,
not contained in the event log and signalize the start and end of the cases. The tran-
sitions between the start node and the observed activities indicate which ones were
the starting activities that were first observed across all cases. The same principle
applies to the artificial end node. The numbers next to the transitions again show
how often the transition was observed, i.e. how often a case was started/ended with
a certain activity.

Understanding Additional Data Perspectives

Three additional perspectives on the data are available: the performance and the organiza-
tional PM perspective and the customized system view. How to read them and differences
to the already known process maps will be explained in the following paragraphs. Simpli-
fied examples for all three are shown in figure 4.7 .
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Figure 4.7.: Simplified examples of process maps in system view, in organizational, and in
performance perspective

The system view can be read similar to the case view as it also shows a process map
from the control-flow perspective, but it does so at a slightly higher level of abstraction
and without any data clustering. To increase its usefulness, especially when compared to
the two other views, additional information was added by coloring each activity accord-
ing to its structuredness. This visualizes the structuredness of different parts of the overall
treatment process and shows their interrelationship. The chosen colors correspond to the
ones known from the spectrum of structural degrees according to Di Ciccio et al.  which is
depicted in figure 1.2 . Every type of activity can be assigned to such a structural degree.
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For activities indicating work performed in a certain stage, the structural degree depends
on that of the stage. The structuredness of all modeled stages was described in section 1.2.7 

and can also be seen in figure 1.5 . Alerts represent unexpected measurements, messages
from patients or other professional indicate insecurities regarding the process execution
and notes are intended for persisting unstructured information that turned out to be im-
portant but was not included in the system model. Therefore, these types of activities are
exceptions to the usual process execution and are colored as unstructured process activities
in dark orange. On the other hand, the case creation and termination activities are actu-
ally technical procedures in the SACM and are therefore highly structured and colored in
green.

When using Disco, every process model can be viewed from the performance perspec-
tive. Activating it switches all metrics from frequency-based to performance-based and
changes the color scheme from blue and black to ocher and red. Different metrics like min-
imum, average or median are available for the user’s choice but they are not really useful
without considering the observation frequency they are based on, which can optionally
be included and is then given in brackets as the second number. In the performance per-
spective, the primary number next to a transition indicates the time it took for the second
activity to occur after the first activity had occurred. Activities also have a duration, how-
ever, for Disco to be able to calculate that, timestamps for start and end of the activity need
to be given, which is not the case for this project as the time when the actual work on a
task was started is not valid in most cases. Therefore, all activities across all process maps
included in this work will have the duration instant. Self-transitions indicate how long it
took for subsequent repetitions to occur.

The last perspective is the organizational perspective. It is very similar to the default
stage view and depends on the same dataset. It does, however, not show what work was
done in the process but rather who performed the work. The stronger a self-transition
is in the organizational perspective, the more the person is working alone. However, a
transition from one person to the other means that the work on a case was handed over
and the second person is now performing it [162 ]. If such a transition also exists the other
way around, this suggests that the two persons work together, e.g. by delegating tasks,
exchanging messages or by swapping cases. The start and end activities show who started
the cases and who last performed some work on them. Like usual for Disco’s control-flow
perspective, the frequencies of activities and transitions are indicated by a number but also
by coloring and emphasizing.
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4.5. Deployment for Continuous Data Collection

4.5.1. Artifacts to Deploy

For deployment and operation, the whole elastic stack is packaged into a single Docker7
 

container. While this will have to be changed to enable proper scaling in the long run, it
also allows for the simplified integration into the existing environment which is already
deployed using Docker Compose8

 . Using only one additional container centralizes all
necessary configuration and thereby keeps deployment complexity low. The compiled
container is pushed to Docker Hub9

 , a public online container repository that can be used
for easily distributing containers without access restrictions. Documentation on how to
integrate the container into an existing docker-compose.yaml file is also provided on
Docker Hub, further centralizing and simplifying the deployment. Most other artifacts
of the CONNECARE project are also distributed via this mechanism. This is safe to do
because the container itself contains no information relevant to data privacy protection
purposes.

Database connection strings, credentials and other configuration data can be passed to
the container via environment variables. The variables primarily include the configuration
data required to access the three databases as well as the username and password that is
required to access Kibana’s web UI. Apart from that, they also contain means for disabling
Logstash’s export or preventing the application from starting altogether. This allows for
read-only deployments which is useful during development and debugging but can also
be used to reduce the system load in a productive setting (e.g. after the case studies have
finished). The feature was also used during the database migration from MongoDB to
MySQL. An example of a docker-compose.yaml file can be seen in listing E.1 . The
listing also shows the available environment variables.

The container is based on the public sebp/elk image10
 with some minor adaptions to

its startup logic and cluster configuration as well as a large amount of customized Logstash
pipeline scripts [123 ]. The image is available as open source release at Github11

 and some
fixes with general applicability were contributed to the project12

 . The image is up-to-date
with the latest version 7.0.1 of the elastic stack that is also used in the context of this work.
Additionally, it provides a means for selectively starting individual applications. This
enables the use of one single, common image to realize a distributed elastic stack where
every application is running isolated in its own container. However, as no usage of the
feature was planned in terms of this work, this was not tested and is expected to require
some extra development effort, especially regarding cluster orchestration configuration.

7https://docs.docker.com/ 

8https://docs.docker.com/compose/ 

9https://hub.docker.com/r/connecare/sacm.analytics/ 

10https://hub.docker.com/r/sebp/elk/ 

11https://github.com/spujadas/elk-docker 

12https://github.com/spujadas/elk-docker/pull/275 
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4. Implementation

One drawback of using the open-source elastic stack for preprocessing the event log is
its lack of a proper user authentication system. Using a single, Docker-based deployment,
however, mitigates this issue as it enables the use of a reverse proxy for enforcing authen-
tication before the request even reaches the elastic stack itself. Therefore, the image was
extended by an nginx instance that acts as a reverse proxy in front of Kibana’s web UI. It
is configured to require HTTP Basic Authentication but more sophisticated security mech-
anisms like e.g. ModSecurity, a web application firewall, are also available. The creden-
tials that nginx expects are configured every time the container starts to enable changing
them via the environment variables and applying the changes using a simple container
restart without having to recompile the image. Nginx currently only accepts connections
on HTTP ’s port 80, as the whole CONNECARE environment uses HTTP for internal com-
munication and the external HTTP s connectivity is only made possible through an addi-
tional proxy that acts as a gateway and cares about translating between both protocols.
The only exposed port of the final container is the one where nginx is listening on. If the
correct credentials are given, requests are passed on to the Kibana instance, otherwise, they
are rejected.

4.5.2. Performing the Deployment

The deployment was performed quite early in the process to enable access to the real data
stored in the productive environment. This was the easiest way to mitigate data privacy
protection issues and avoid transmitting large amounts of raw data sets. Other reasons
were the strict resource constraints that existed in the productive environment like the
limitation to a maximum memory usage of 4GB which is also the minimum amount of
memory required to start the combined elastic stack container. To ensure the stack works
properly without negatively impacting the overall system performance and stability, the
decision was made to deploy a prototype as early as possible. A complete mirror of the
productive environment is available for testing purposes. It was used for evaluating that
the deployment worked and testing out various settings before moving on to the produc-
tive application instance. Both deployments did not encounter any problems, except for
the necessity to increase the vm.max map count on the productive Docker host to en-
able the start of Elasticsearch. This is required as Elasticsearch internally uses a mmapfs
memory-mapped file system for storing its indices and easily exceeds the limit to virtual
memory address space typical operating systems set [31 ]. Why the issue only occurred in
the productive environment is unknown. The initial import of the at the time around 3.5
million API access logs on the productive system took roughly 90 minutes.

One special activity which had to be done during the first deployment was the migra-
tion of the MongoDB database to a MySQL one, which had to be done as MongoDB does
not support the JDBC interface. Additional reasons are given in section 4.2.2 . For the
migration, most other applications were stopped to free up system resources and let the
migration process itself happen as fast as possible. The migration was performed using
a REST ful API endpoint that was created for this sole purpose and offered the possibil-
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ity to specify the values for the insert batch size and the number of concurrent database
connections to use. The endpoint also supported specifying values for the SQL LIMIT
and OFFSET parameters, which allowed the migration to happen in chunks of 1 million
records and prevented the process from completely starting over in case an error was en-
countered. Before the actual migration was started, some smaller ones were executed in
the test environment in order to find ideal values. Afterward, the process was triggered
in the productive environment using an insert batch size of 250 records and 10 concurrent
database connections. Logs were imported in chunks of 1 million. The API endpoint also
featured a simple timestamp-based security mechanism that included a timestamp in ev-
ery request that had to be incremented by one for the next request to be valid. This was
done to prevent the accidental triggering of the migration process and, besides its quite
simple design and implementation, turned out to be quite useful during the database mi-
gration.

When the historical data was imported into Logstash for the first time, some data quality
issues in older log records became apparent that were due to e.g. past logging implemen-
tation errors that were already fixed more recent versions of the application. To name an
example, the source IP field of requests temporarily included two IPs (the proxies and the
actual source IP) which lead to issues when trying to import those roughly 350 records
into Logstash. The issues were corrected by executing individually created SQL scripts
and thereby permanently correcting the log records in question. In total, around 11 000
records out of the 3.5 million records dataset or 0.3% were affected by such data quality
issues that had to be manually corrected once.
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5. Evaluation

As explained in section 1.2.7 , the performed case studies and the underlying case models
are derived from the work of Cano et al. where an abstract model is proposed for support-
ing integrated care services [15 ]. Multiple stages exist with varying degree of structured-
ness as defined by Di Ciccio et al. (see also figure 1.2 ) [29 ]. The developed case models can
mostly be expressed in CMMN . All case models used in the executed studies are included
in the appendix, starting at chapter A . The stages of the models are colored according to
their degree of structure.

This chapter will provide answers to the three initial research questions. For this pur-
pose, first, the case models will be analyzed to find elements and properties that affect
aspects of research interests (e.g. case model elements enabling flexibility like repeatable
tasks). Afterward, for each site and case study, the findings from the log and pattern in-
spection step will be presented and the first hypotheses will be developed. These will
then be checked and refined using PM and the generated models. The last two steps are
repeated for every site and study. Finally, a conclusion is drawn that tries to answer the
posed questions in a concise way. This approach sets the focus on the difference between
the theoretical case model and the actual case execution activities observed in the log. It is
repeated for every research question.

5.1. Usage of Model-Provided Flexibility

5.1.1. Flexibility in Case Definitions and During Case Execution

To produce meaningful insights and focus the evaluation efforts on relevant parts, the
case models need to be checked for elements that allow for flexibility. Different CMMN 

elements can be employed to enable extra adaptability or introduce additional structure.
Tasks are aggregated into stages that represent different logical phases that the case un-
dergoes. Sentries can be used to express dependencies between tasks, requiring one task
to be completed before the next one can be started. They can also be used to express de-
pendencies between stages, requiring all mandatory tasks of the stage to be done before
the follow-up stage can be activated. As just mentioned, tasks can be required or optional,
with the latter one still allowing a stage to be completed, even if some (optional) tasks
were not yet completed. The same applies for stages which can also be required or op-
tional. Undone but required tasks prevent users from successfully completing a case. The
more structured stages like the case identification stage bear a high amount of sentries
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while the less structured stages typically don’t. Tasks and stages can also offer the possi-
bility of being repeated, either serially after the previous instance has been completed or
in parallel where multiple instances can be started at the same time. Both variants require
manual activation by the users, at least according to the case models developed for the two
CONNECARE case studies.

The inter-stage sentries are employed in a similar way across all case models. With
only one exception, the case identification stage is the first stage to be executed and is a
prerequisite for all other stages. This is not true for Lleida’s first case study, where the final
discharge stage can be activated at any point in time. The evaluation and workplan stages
can be done in parallel in all case studies. When taking the historic case model version into
consideration, Groningen is an exception to this observation. For both Groningen’s case
studies, the first versions of the case model feature a strictly linear process that requires
the evaluation stage to be done before the workplan can be created. This was however
changed very soon and the other sites which started modeling some time after Groningen
apparently oriented at this change and modeled the two stages as parallel ones, to begin
with. Depending on the exact model version, the discharge stage can either be started in
parallel with the other stages, after the workplan stage has been completed or at any point
in time.

5.1.2. Log and Pattern Inspection Findings

To get an impression of the employed execution flexibility, let us first have a look at the
numbers known from the log and pattern inspection before taking a closer look at the
process models. The numbers are contained in the final GQFI table that is fully evaluated
and can be found in the appendix, in section C.1 . For the flexibility analysis, both the stage
view and the case view have been considered.

Groningen

In Groningen’s first case study, tasks from only three of four stages were activated and the
structured discharge stage was never executed. The discharge stage is modeled as required
on a case level, so no case was actually completed and all opened cases are still running.

The identification and evaluation stages are not flexible but rather structured which
shows in the lack of manually activated tasks and in the low quota of optional tasks (0%
and 33% respectively). The identification stage was completed successfully for all 25 cases
which is expected as it is required for any further action. Even though the order of three
tasks could have been swapped according to the case model, all cases were executed the
same way and therefore posses the same task order. Only one process execution variant
was observed for all 25 cases.

The evaluation stage was only executed for a single case and only one activity was per-
formed. A look in the case model shows that all tasks in the evaluation stage require
setting an evaluation date before starting the task, so this was the one activity that was
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performed and no actual work was done in a medical sense. Most COPD -related tasks are
contained in the evaluation stage, as both Groningen’s case studies share most tasks that
are contained in the other stages. This shows a low usage of the domain-specific tasks, at
least in the evaluation stage.

Out of the 25 initial cases, only 20 have some activity in the workplan stage. Both work-
plan definitions are exactly equal and contain five tasks, however, only two activities were
performed, limiting the maximum amount of different tasks that were performed to two,
provided that no alerts have been received. A detailed pattern inspection shows that this
is not the case and only tasks and alerts for PhysicalActivity were received. Still, in spite of
the limited amount of activities, 5 different variants exist for the 20 tasks. The most promi-
nent variant is supported by 75% of cases and consists of only one task and no alerts. In
turn, this means that 75% of cases consist of only one task in the workplan stage which
explains the median stage duration of zero. The duration of a task is calculated based on
the end times of two subsequent events, resulting in zero duration if only one task exists.

When examining the data in a more abstract way, from the case view, it becomes appar-
ent that the quota of manually activated tasks is the lowest across all sites and both case
studies. This suggests an under-usage of the more flexible stages which is supported by
the fact that this is the only study that has fewer variants than case studies, meaning some
case executions are non-unique. The study generally differs from the other studies with
regards to the overall activity. It has the lowest median case duration with around 14 days
which is half as long as the other median case durations. Apart from that, it showed the
lowest amount of completed tasks, falling behind after all other cases by more than a factor
of 10 (n=123). However, the case studies are still running and one can expect the study to
catch up with those at the other sites.

When considering the identification and evaluation stages of the second case study, a
very similar picture emerges. All 35 cases executed the identification stage in exactly the
same way, with the exception of a single case that employed a different task order. The
identification stage is quite short, with a median duration of around 75 seconds, which
can be explained by looking at the contained tasks: all of them are quite simple, don’t
take much time and only require the user to enter some simple data or choose between
a low amount of options. Like in the first case study, the evaluation stage was only ex-
ecuted for one case with a single task, resulting in questionable validity. Nonetheless,
the workplan stage is quite active and shows a high degree of flexibility with 100% man-
ual activations, 100% optional tasks and on average around 3.5 possible outgoing paths
(i.e. different follow-up activities) per activity. What shows the employed flexibility even
stronger is that each stage execution has its own process variant, meaning no executed
workplan is like the other. This also leads to multiple bidirectional relations between two
activities (n=5). That means there is no strong precedence which of the both comes first
which is again an indicator of process flexibility. Like in the first study, the discharge stage
was not yet executed.

From the case view, the second study shows a very high level of manual activations of
86% which suggests an under-usage of the structured and partly structured stages. When
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keeping in mind that these more automated stages make up a large part of the case model
and the available tasks, a discrepancy between modeled expectation and practical obser-
vation becomes apparent. Still, as in the first study, the CONNECARE project is still run-
ning and the numbers can change as more patients are admissioned towards the end of
the project. For the 35 cases that were recorded to follow the second study, none is like
the other and 35 different process variants exist. This shows that the provided flexibility
is actually employed. The median case duration of more than 50 days also seems more
reasonable and more like a productive use than that of the first case study. However, the
duration must be taken with a grain of salt, as all cases are still running and the number
only describes the time between the creation of a case and the last observed activity.

Tel-Aviv

With around 3 minutes, the first case study like it was executed in Tel-Aviv had a higher
median duration for the initial identification stage compared to Groningen with 30 sec-
onds. This is likely due to more complex tasks that have to be executed in Tel-Aviv like
Lace or InclusionCriteria. While the earlier versions of the stage allowed for a fair amount of
flexibility with only 2 sentries for 5 possible activities (see figure A.7 ), the most up-to-date
version of the case model contains 4 sentries arranged in two levels for the same five ac-
tivities of the identification stage (see figure A.8 ). This enforces additional structure in the
most recent versions of the stage which can also be seen in the log and pattern inspection
indicators. The versions prior to 8 contain a higher number of paths between activities
(n=9 vs. n=4), a higher number of bidirectional paths (n=1 vs. n=0) and the 34 cases dis-
tribute on 5 process variants. The versions equal or greater than 8 have been executed 17
times but all executions have been done the same way and no process variants exist. This
nicely shows how the CMMN elements for enforcing structure mentioned in section 5.1.1 

actually do so and how leaving them out creates executional flexibility and complexity.
However, when compared to Groningen’s first study, all versions from Tel-Aviv still bear
a higher complexity and flexibility even though the amount of sentries is higher.

The evaluation stage was executed for 47 out of 51 cases. It does not allow for any
adaptability as it contains no manually activated tasks and all tasks are required for the
completion of the stage but it still allows for a high amount of flexibility regarding the
order of the tasks. It has a high amount of paths (n=101), a high amount of paths per
activity (n=5.6) and is, with a median duration of around 46 hours, usually executed across
multiple days. For the 47 executions, 34 different process variants exist and the one with
the highest support is followed by 20% of the cases. This shows that most cases are unique
and only some follow a common path, unlike the executions of the identification stage
where most cases follow the same path but some exceptions occur. In the evaluation stage,
deviating from the common variant is already the norm. Upon further investigation of the
process variant with the highest support, it is discovered that the order in which tasks were
executed is equal to the order of tasks in the web interface. This suggests that clinicians
follow the order proposed by the system except they have a reason not to do so.
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The workplan stage is fully adaptable as it consists only of optional and repeatable tasks
that have to be activated manually. Besides its low amount of tasks (n=6), it has a simi-
lar amount of paths per activity as well as a likewise high amount of bidirectional paths
(n=10) and therefore bears a comparable amount of flexibility. One could even argue that
while the overall stage complexity is lower due to its reduced amount of tasks, the con-
tained flexibility is actually higher as the 42 workplan executions can be grouped in 41
process variants. The variant containing two cases consists of only two initial tasks, no
other activities and have been started recently, therefore the alignment of the cases is likely
due to the low complexity that exists at the beginning of treatments. The stage lasts for
a median duration of 57 days which makes up the largest part of the overall median case
duration of 68 days for Tel-Aviv’s first study. This means patients spend the main part of
their clinical journey in flexible stages but each case starts with more structured processes
and stages. Such behavior is expected and the CONNECARE project tries to exploit this
by enabling patients to perform the more flexible workplan stages from home and save a
big part of their stay at the hospital, increasing their quality of life.

Like in Groningen, the discharge stage has never been executed which is not surprising
as the case studies are still running and the subjects are CCPs that have multiple chronic
conditions and cannot be treated short-term. When viewing the overall case, it shows a
value of 60% manual activations and optional tasks. As expected after the high number of
variants for the workplan process, the number of variants of the overall case is maximized
at 51 variants for 51 cases, showing a high amount of flexibility. This can also be seen in
the high standard deviation regarding the overall case duration (around 42 days devia-
tion from average 63 days duration). On the case level, the study has a higher amount
of activities than Groningen’s first study which indicates a more wholesome use of the
CONNECARE system and the SACM ’s features.

In the second case study, the identification stage was executed very similarly to that of
the first case study but slightly less flexible. This shows in e.g. the lower amount of paths
per activity (n1=1.5, n2=0.75 vs. n1=1.8, n2=0.8). However, the effect is not very significant
as the stage’s flexibility is the lowest across all stages anyways. Apart from that, the low
number of activities contained in the stage allows for less flexibility (and complexity in
general) as well.

The evaluation stage differs from the one from the first study in that it contains a higher
number of activities and a higher number of paths but a lower number of paths per ac-
tivity. This means that potential complexity is higher in case of the second study while
actually observed flexibility is slightly lower. This is countered by the fact that there are
more execution variants in the stage of the second study (n=26 for 29 cases) which gener-
ally indicates flexibility. On median and average, the stage is also significantly longer than
its counterpart and has a higher standard deviation which also indicates flexibility. These
contradictory facts regarding flexibility could be explained by the low amount of execu-
tions, especially when compared to the first case study (n=29 vs. n=47). Overall, the stage
seems more complex and similarly flexible to the one from the first study but this is subject
to change when more patients are admissioned which will also increase the reliability of
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the findings.
The workplan stage has the same amount of activities like the one from the first case

study, slightly fewer paths overall but more paths per activity, indicating a more flexible
usage. Again, the effect could be slightly reduced when more patients are admissioned
and a comparable number of patients is treated in both studies. Almost every workplan
is unique and creates an own process execution variant. The duration of the stage is also
quite similar across studies, only the standard deviation is a bit higher in the second case,
which could also be mitigated by the admission of new patients. Overall, the similarity
between the two stages in both cases is actually expected, as when considering the case
models, no differences regarding the stage can be found, i.e. the stage definitions are basi-
cally equal.

From the case view, way fewer cases were executed in the context of the second study
than in the context of the first one (n=29 vs. n=51). If that is taken into consideration, no
definitely significant differences between the two case studies can be found. This can also
be seen in the case models which are exactly equal in large parts. The only exception is
the contents of the evaluation stage which change according to the planned system usage.
However, the changes are of domain-driven nature and primarily affect the identity and
the contents of individual tasks but not such much the overall stage and case execution.

Lleida

The first case study in Lleida features an identification stage that is quite similar to its
equivalent from Tel-Aviv. With the stage being very structured and the stage models of
both sites being quite similar, this is expected behavior that also reflects in the numbers
captured for the GQFI table. There are no significant differences between both sites with
regards to the number of cases (n=35), the activity count (n=5), the average number of
paths per activity (n=1.6) or the number of bidirectional paths (n=1). For 35 cases, there
exist only 3 process execution variants, with the largest one spanning 77% of cases and
following the task order displayed in the web frontend. This lets the stage seem a little
less flexible when compared to the one from Tel-Aviv, which is surprising, as Lleida is
the only site that features optional tasks in the identification stage, which are also actually
executed in some cases (n=41). The median stage duration is slightly higher for Lleida
(n=5.4 minutes) but the standard deviation is less (n=19.7 minutes). This suggests a more
homogeneous patient group than in other studies but could also be related to other aspects,
e.g. of cultural nature. Unfortunately, this hypothesis cannot further be investigated and
confirmed in terms of this work due to data protection regulations.

Analogous to the finding from the identification stage, Lleida is the only site that also
employs optional and even manually activated tasks in the evaluation stage. For the first
case study, the share for both types is around 18%. The activity count is also quite high
with 22 different activities that were observed during the executions. The same is true
for the indicators for the overall number of paths (n=185), the number of bidirectional
paths (n=57) and the average number of paths per activity (n=8.41). The mentioned val-
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ues are actually global maxima across all sites and studies, making the evaluation stage of
Lleida’s first case study the most complex stage as well as the one with the most flexible us-
age. However, the adaptability is greater in all workplan stages, based on the low amount
of 18% manual task activations compared to 100% manual activations in most workplan
stages.

As in the already considered case studies, the workplan stage features a manual task
activation quota of 100% which also applies to the share of repeatable and optional tasks.
With 34 executions, all but one case performed activities in this stage. It features the high-
est number of activities across all workplan models (n=12) which results in a similarly
high amount of overall paths (n=57) and the highest number of bidirectional tasks (n=15).
Nevertheless, the average number of paths per activity is also high but lower than those
of the Tel-Aviv workplans (n=4.75). With a median duration of 47 days, the stage duration
is quite similar to the duration of the stage at other sites. All in all, the stage offers the
highest potential for complexity and flexibility, though only some flexibility aspects are
actually employed. Still, the stage is amongst the most flexible ones which also shows in
the lack of common process variants.

Lleida is the only site that actually ever executed activities from the discharge stage.
Roughly a third of all cases have some completed discharge tasks (n=13). The stage con-
sists of only three activities which were completed in a highly flexible way, as 5 out of
the 6 possible paths are included which leads to an average number of paths per activity
of 1.67, a quite high indicator given the structured nature of the stage according to the
case definition. That the stage is structured can be seen at the comparably high number of
process variants (n=5 for 13 cases) and at the existence of two bidirectional paths out of a
maximum of three.

When viewing the case study as a whole, the similarity to the Tel-Aviv studies becomes
apparent once again. Lleida’s median case duration is quite a bit smaller, taking only 49.3
days instead of roughly 65 for the Tel-Aviv studies. Apart from that, the numbers are very
similar with a slight increase in flexibility observable in Lleida’s system usage. It shows
e.g. in the average number of paths per activity (n=4.8 instead of n=4.4), the number of
bidirectional paths (n=16 instead of n=10) or the higher quota of manually activated tasks
(n=61% instead of around 44%). The standard deviation of the average case duration is
around 45 days for all three case studies.

Amongst all executed case studies, the identification stage of the second case study in
Lleida has the highest degree of execution flexibility. It features the highest number of pos-
sible activities (n=6), executed paths (n=15), paths per activity (n=2.5), bidirectional paths
(n=5) and process variants (n=7 for 35 cases) across all identification stages. The median
duration of the stage is high but comparable to the other case studies (n=4.7 minutes).
However, the mean duration (n=9.7 hours) and the standard deviation (n=55.6 hours) are
exceptionally high which shows that the system was used in a more flexible way than in
other case studies. The variant with the highest support applies to 57% of all cases, which
shows that while there are many exceptions and high flexibility, there is still a common
path that can be followed for simple cases. As already observed earlier, this biggest vari-
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ant follows the order displayed in the frontend.
The evaluation stage, when compared to the first case study in Lleida, is less complex

and less flexible used but still has higher flexibility indicators than the other sites. Like in
the first case study, Lleida also offers the possibility to activate some additional evaluation
tasks manually. Professionals made use of this possibility, though at a lower rate of 6%.
There are multiple versions of the stage, with earlier ones offering one more task than later
ones (n=24 and n=23) but not all tasks were ever executed (n=23 and n=21 respectively).
The later versions also have lower execution flexibility in general, even though more cases
were executed using this version (n=19 instead of n=15) and both stages feature one pro-
cess variant for each case execution. The duration of the second version is lower as well
(n=24 days vs. n=66 days) and the same goes for the standard deviation (n=26 days vs.
n=53 days). Combined with the fact that there are hardly any differences between me-
dian and average duration, the data suggests that the later versions simply had a more
homogeneous patient base.

The biggest specialty of Lleida’s second case study is the workplan stage which is split
into the two parts workplan before hospitalization and workplan after hospitalization. The work-
plan before hospitalization stage is used for prehabilitation as described in section 1.2.7 .
Similar to the workplan after hospitalization stage, which is employed for rehabilitation
and similar to the generic workplan stages at the other sites, it features tasks like Moni-
toring Prescription that can be used to monitor e.g. the physical activity of a patient prior
to surgery while being still at home. According to the case model, both workplan stages
are unstructured stages with pre-defined fragments just like the generic workplan stages
in the other case study executions. The workplan after hospitalization stage behaves very
similarly to the workplan stages from other case studies. However, the flexibility of the
execution of the workplan before hospitalization stage is less than that of the one after
hospitalization. This can be seen as for the former stage, only half of the executed tasks
were activated manually (n=54%), the rest was activated by default by the SACM system.
In comparison to the other stage’s close to 100% manual activation quota, this is quite low.
The difference also shows in other indicators. While the later stage has only unique work-
plan executions, the earlier stage was executed in a similar way for multiple patients, i.e.
there exist fewer process variants than stage executions for the stage that comes before
hospitalization (n=23 for 32 cases). The stage duration is also significantly lower, with the
workplan before hospitalization stage being more than half as short as the latter stages.
Apart from that, the average number of paths per activity is lower than for the workplan
after hospitalization stage (n=2.57 vs. n=3.78 or n=4.77) which also applies to the stage du-
ration (17 days vs. 30+ days). Nonetheless, the standard deviation is higher which may be
explained by the fact that the before hospitalization stage is started – as the name says –
before the patient arrives at the hospital. This requires the stage to be active for a longer
duration, especially as there is no direct benefit from completing the stage, as it does not
serve as a sentry to another component.

The discharge stage was also executed in Lleida’s second study. Out of the 35 overall
patients, 13 cases feature tasks from the discharge stage. This means around 35% of pa-
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tients that have been admissioned, have already been discharged again. The other 65%
are still undergoing treatment or monitoring. In comparison to the other execution of the
discharge stage in Lleida’s first case study, the flexibility regarding the execution is even a
bit higher, with the maximum number of 6 paths between 3 activities, making every path a
bidirectional one. This results in 5 different process variants for the 13 cases, leaving room
for one additional variant until all combinational possibilities have been observed. This
leaves the stage at a very high degree of execution flexibility. However, the case model
defines the stage as a structured stage which shows in the low number of activities allow-
ing for only a low amount of complexity. One can see this when comparing the discharge
stage execution with all other stage executions, where it falls into line as more flexible than
the identification stages but less than the other, less structured ones.

From the case view, Lleida’s second study execution is the most flexible and thereby
most complex one. It shows one process variant for every patient case, making every
execution unique. Apart from that, it possesses a manual task activation quota of 55%,
the highest number of activities on the case level (n=12), the highest number of paths
(n=73), the highest number of bidirectional paths (n=26) and the highest average number
of paths per activity (n=6.08). The study bears the longest median and average duration
(n=98.7 days) but also features the largest standard deviation from that value (n=65.9),
again highlighting the employed flexibility. The same amount of 35 cases were executed
for both the first and the second case study in Lleida.

5.1.3. Control-Flow Process Map Analysis

Moving on to the analysis of the generated process maps, the following section will try to
evaluate the hypotheses that were developed in the previous section using visual analysis.
The text will refer to individual maps but a complete overview of all generated visual-
izations can be found in the appendix in chapter B . The section will follow the same
site-based structure as the previous one.

Groningen

The stage view process maps for Groningen’s first case study are included in the appendix
in section B.3.1 . They are quite trivial to understand visually, which is expected after the
log and pattern inspection phase due to the low amount of activities per stage and the
overall lowest activity amongst the case studies so far.

The case identification stage shown in figure B.14 is a simple, strictly linear process. All
activities and paths occur equally often and the stage was executed and completed for all
25 cases. For the evaluation stage, the GQFI indicators showed that it was only executed
once and with one activity. Therefore the visualization is rather the depiction of a single
activity than an actual map. Nonetheless, it shows the name of the task and confirms the
hypothesis that the executed task was just for setting the due date and did not feature any
medical tests or treatments.

103



5. Evaluation

The workplan stage’s process map is also quite simple. It consists of only two activities,
with a strong self-transition on the PhysicalActivity-Alert. This shows that alerts are often
acknowledged in bulk, possibly because clinicians check the cases they’re responsible for
in fixed intervals. The fact that 16 of the 20 cases have a transition from the PhysicalActivity-
Task to the end note confirms the presumption in the earlier section that the main part of
cases never received an alert, only 4 cases actually did. Also, the map does not contain any
outgoing, non-looping paths from the PhysicalActivity-Alert, meaning that no additional
workplan task was ever done as a reaction on an alert.

The second study’s process maps can be found in section B.3.2 . The identification stage
was executed very similarly to the one from the first study. Two variants of the stage
definition exist, with the case models prior to version 4 being exact copies of the stage
definition during case study 1. However, only one execution exists featuring such an early
case model. All other cases were executed using later versions that features an additional
SiteOfSurgery-Task. Except for one case which swaps the order of the last two tasks, all
cases follow the same path even though the could deviate from it. The execution of the
evaluation stage is just like the one from the other study at Groningen and consists only of
the one task for setting the evaluation date.

The workplan stage is split into three different versions, each containing more available
tasks and thereby enabling higher flexibility. The first version was executed only for one
case. Still, it shows 3 task events and a bidirectional path between the task and the alert
activity. This indicates some kind of reaction to the alert but that is hard to tell without
interviewing the clinicians. The intermediate versions of the case model featured a work-
plan stage that enabled 4 different tasks. The process maps show that only 3 of the 4 tasks
were actually ever completed and for 2 activities, alerts occurred at a later point in time.
The later versions of the workplan stage allowed for an additional, fifth task but that was
never executed and both process maps seem compatible. When considering the defini-
tions, however, the incompatibility becomes apparent. Both versions look quite similar
with the slight difference of the PhysicalActivity-Alert being way more prominent in the
earlier definition which is probably due to the cases being around for a longer time and
more alerts having the possibility to occur at any point in time. The median case duration
from the log and pattern inspection confirms this (n=68.8 days for earlier, n=26 days for the
later stage model). The same applies for the overall complexity, the number of paths and
the number of bidirectional paths which is slightly higher in the earlier workplan stage
definition versions, possibly due to historical reasons and the cases running for a longer
amount of time. Apart from that, no real structure can be found in the stage executions,
not even when turning down Disco’s path abstraction slider all the way to zero, which
results in a star-like structure without any linear process fragments.

Tel-Aviv

All process maps for the two case studies performed in Tel-Aviv are depicted in the ap-
pendix, in section B.3.3 and section B.3.4 . For the case identification stage of the first
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study, two non-compatible versions exist. The earlier stage models, up to version 7, al-
lowed some degree of flexibility but requiring the execution of all tasks with the only
restriction being the InclusionCriteria task to be completed prior to the ThechTest or the Pa-
tient’s Consent task. This also shows in the respective process map which clearly contains
a common path that is usually followed but also shows some amount of deviation and
modified task order. The map also includes a bidirectional path and 4 cases that started it
did not finish it but got stuck after the SelectPatient task. The next iterations, from version 8
onwards, prevent part of this flexibility by introducing two new sentries and thereby cre-
ating a layered stage with more restrictions regarding the task order. This can also be seen
in the process maps, which depict an extremely linear process without any exceptions or
special cases that was completed for every case that started it. The visualization of these
later versions of the stage results in a graph very similar to the one from Groningen’s first
case study.

The evaluation stage was executed for 47 cases, lacking exactly the 4 just mentioned
ones to reach the overall case count known from log and pattern inspection. The model
is highly complex and suffers under the spaghetti effect described in section 2.3.1 when
no additional Disco abstractions are applied. But even though the full, unfiltered model is
too hard to understand, one can still see a dominant path, even if no paths are abstracted
away. When the abstraction of paths is maximized, a very clear picture emerges that shows
a linear process execution that most cases follow. Only two backward facing paths exist, all
other paths are strictly directed into the same direction. The order of the activities follows
the order of the tasks in the web frontend. Some paths have lower transition numbers than
others which means they mark places where some exceptions occur, i.e. clinicians can and
do deviate from the commonly followed frontend order if desired.

According to the log and pattern inspection phase, the workplan execution is less com-
plex but more flexible than the execution of the evaluation stage. The reduced complexity
is due to the lower activity count with 6 instead of 18 activities that enables a maximum of
only 36 instead of 324 paths. However, while the stage also has a slightly lower count of
paths per activity, the overall occurrence of the paths is more evenly distributed. In other
words, this means that there is no common path in the model that can be seen visually
and that indicates a default path through the stage from which clinicians only deviate for
a reason. Instead, the stage resembles a highly individualized workplan that is heavily
adapted to fit the individual patient’s needs. This can also be seen visually as all paths
have roughly the same thickness and no dominant path exists. Increasing the abstraction
level does not result in a linear process but rather in a circular process. This could be re-
lated to the iterative combined workplan stage of the conceptual model of the case studies
depicted in figure 1.5 . The combined workplan stage consists of a workplan definition
and a workplan execution stage but does not define a hard border and allows transition-
ing back and forth between both phases, e.g. when unexpected events like alerts occur.
However, without interviewing a domain expert, this remains speculation.

The identification stage of the second case study in Tel-Aviv shows the same character-
istics and development as the one from the first study. Case model versions up to version
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6 enable some flexibility which is removed by the use of layered sentries in version 7 and
onwards. This results in a strictly linear process flow where all cases that started the stage
complete it successfully. Yet, the difference to the earlier versions is not that pronounced as
only one case deviated from the default task order that is displayed in the web application.

The next stage, the case evaluation, makes an impression that is very close to the one
just described in terms of the first case study. It is slightly more complex and slightly less
flexible. The complexity shows in the increased amount of activities and paths, resulting
in a larger process map. The reduced flexibility, on the other hand, becomes apparent
when Disco’s path abstractions are applied. While the first study showed quite a linear
process with two paths facing back to the start at the highest degree of abstraction, the
second study produces an execution model that is even more linear and does not feature
any backward facing paths spanning more than 2 activities.

Finally, the workplan stage of the second case study also produces a process map similar
to the workplan stage of the first study. This is not surprising, as the case models for
the stage are actually equal across both case studies in Tel-Aviv, at least regarding the
definition of the workplan stage. This visually confirms the impression gained during
the log and pattern inspection, based on the measured indicators. Increasing the path
abstraction level to the maximum results in a map that – similar to the first case study –
has a circular structure, highlighting the non-linear nature of the treatment stage.

Lleida

The execution of Lleida’s first case study lead to four process maps for the four different
stages which can be found in section B.3.5 . Like at the other sites, the case identification
stage is the most structured and least complex one. It possesses a main path through
the whole map that 27 of 35 cases (77%) follow. This is one of the results of the log and
pattern inspection but can also be clearly seen in the generated process visualization. Some
exceptional cases do not fully follow the main path and swap the order of the tasks. All
of them, however, choose the GlobalDeterioriationScale-Task as their second activity. The
first activity is always the SelectPatient-Task which is enforced through the use of sentries.
One bidirectional path gives an additional hint towards the flexibility of the stage that,
in contrast to developments at the other sites, was not removed by later changes but still
persists at the time of writing this work. Another possibility for adaption is provided
through the case model by making one of the provided tasks an optional one that could
have been skipped by the professionals. Together with Groningen’s first case study, this
is the only identification stage that features optional tasks. Interestingly, for both sites, no
task from the identification stage was ever skipped and professionals always performed
all tasks before completing the stage. For Lleida, this leads to all activities being performed
equally often. All cases that started the stage successfully completed it.

The evaluation stage of Lleida’s first case study is the most complex stage definition and
its execution event log produces the largest and most complex process map. Like the other
evaluation stages, it contains a prevailing path that many cases follow. Nevertheless, its
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complexity is so high and the spaghetti effect is so expressed that it is hard to find the
main path and understand its order of activities without applying abstractions. But when
doing so, in contrast to the other sites, no obvious, linear process emerges, even at the full
level of path abstraction. The resulting model contains structured parts, but it also features
less structured ones. Only when additionally applying an activity abstraction, the process
becomes linear. The reason for this is the optional tasks that the stage provides. In the
structured and more linear areas, all tasks are required and have to be executed, leading
to an execution sequence that orients at the web frontend like it is known from other sites.
However, the optional tasks have to be activated manually and actually only performed if
the professionals think it is appropriate. This leads to an activation quota of around 10% to
50%, depending on the exact task, and to the lack of any higher structure in the resulting
process map. Thanks to the difference in occurrence frequency, the distinction between a
required task and an optional task can also be made visually, by inspecting the color of
a certain activity. If its color is very saturated, the task was executed in every and it is
required, otherwise, it’s optional.

According to the log and pattern inspection, the workplan stage has the highest com-
plexity amongst all workplan stages but has lower flexibility than that of the Tel-Aviv case
studies. This can clearly be seen in the process map that is the most convoluted amongst
the studies but still way less complex than the evaluation stages, due to the reduced
amount of activities. It does not feature a dominant main path but the PhysicalActivity-
Alert activity is clearly the most observed one. When full path abstraction is applied, the
two-divided nature of the stage is revealed, as was already observed for Tel-Aviv’s work-
plan stages. In Lleida, the effect is even more expressed: while most tasks are grouped on
the right, the left side of the map consists mainly of alerts. Two paths connect both sides,
one in each direction. This shows that in the practical execution, professionals tend to per-
form the check and acknowledgment of alerts and the adaption of the running workplan
stage as two mostly separate activities. Exceptions exist with two tasks being on the left
side, but they occur very rarely.

As determined in the log and pattern inspection, Lleida is the only site that ever executed
tasks from the discharge stage. The stage is modeled as a structured stage but executed in
a quite flexible way. The process map shows 2 bidirectional paths out of a maximum of
3 and 5 paths in total out of a maximum of 5. This shows that the stage makes use of a
large part of its possible flexibility. However, thanks to its low activity count, the stage can
still be referred to as structured, as its definition enables so little complexity and only the
order of the 3 tasks can be varied. A total of 13 cases shows tasks from this stage but none
of the activities was executed 13 times. As all tasks are modeled as required in the stage
definition, this means that no case actually ever fully completed the stage.

The last and by definition most complex study is the second case study of Lleida. The
generated process maps for this stage can be found in the appendix in section B.3.6 .
Amongst all identification stage executions, the second study in Lleida employed the most
complexity and made use of the most flexibility according to log and pattern inspection.
This can also be confirmed when evaluating the process map. The stage starts quite struc-
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tured, with the SelectPatient-Task always being the first activity, which is enforced by the
use of the stage’s only sentry. In all cases, following that, the TechnologicalTest-Task is com-
pleted. Afterward, the stage is used very flexible regarding the task order but still has a
main path that can clearly be seen visually and that is followed by the main part of cases.
Nevertheless, in this later part, 5 bidirectional paths exist showing that many tasks are of-
ten swapped in order. However, all activities occur equally often (n=35), so all cases that
started the stage completed it and the only difference between the stage executions are
differences regarding the task order.

The case evaluation stage produces two process maps due to a breaking change with a
removed but previously required task that existed in the case model’s version 4 and before.
Both models are very complex and show a very expressed spaghetti effect. According to
the log and pattern inspection phase, the stage was used very flexible but bears slightly
lower flexibility than the evaluation stage observed in the first case study in Lleida. Visu-
ally with full path abstraction applied and based only on the process maps, this does not
actually seem the case, though two very similar maps to the first case study are created.
For the first case study, when abstractions are applied, one can identify multiple paths that
have very high support, with 80% of cases (n=28 of 35) showing an event trace where one
task follows the other. While other parts of the map are less structured and have worse
support, there are still combinations of tasks that are usually completed after each other.
This is no more the case during the second study where the highest support is 67% for the
earlier versions (n=10 of 15) and 58% for later versions (n=11 of 19). Usually, the support
is even lower, with the paths occurring between 2 and 6 times on average. This shows that
the stage was executed very flexible and the process contains only little structure. There
is one difference between the two versions: in the earlier version, most activities occur
roughly equally often (n=14), so most cases that started the stage already completed it.
This is different for cases that follow the more recently developed case model, where a
larger part of cases (n=6) has started but not yet finished the case. Visually, this manifests
itself in the lower half of the process map for later versions having a lighter color than the
upper half.

The process map for the workplan before hospitalization stage seems to fit the hypothe-
sis from the log and pattern inspection in that it is similar to the already known workplan
stages but bears less flexibility. This can be seen when the abstraction is increased, as
this produces a process map that is split in two like previously observed, although the
semantic interpretation is not as clear as in the previous studies. However, there are two
other signs for low employment of flexibility. One the one hand, the manually activated
MonitoringPrescription-Task activity has been executed 26 times, that is only one time less
than the occurrence of the BloodPressureControl-Task activity that is required. On the other
hand, some optional tasks only occurred once. When the activity abstraction is increased
until these activities are hidden, a very simple model consisting of only 5 activities is cre-
ated. This shows that while the map is complex without abstractions, it reveals structure
when abstractions are applied.

The workplan after hospitalization stage is once more split into two process maps due
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to a breaking change from version 7 to 8 where again a required task was removed. As
discovered in the log and pattern inspection, the complexity of the stage is high but the
flexibility falls below that of the Tel-Aviv case studies. This is similar to the workplan of
Lleida’s first case study. Comparing the two versions, one can see that the earlier stage def-
inition produces a bigger and more complex process map. They possess the same amount
of activities but the versions up to number 7 show more simple and bidirectional paths.
The occurrence per activity is also slightly increased compared to that of versions 8 and
above. Additionally, the alert count is heavily increased by a factor of more than 4 while
the increase in tasks is only up to a factor of 2. Possible reasons for this are the reduced
amount of cases that passed through the stage following the later definitions (n=10 vs.
n=17) but also the fact that the earlier definitions contain longer-running cases that had
more time to create exceptional situations that produce an alert. When path abstraction
is applied, both versions yield similar results. The PhysicalActivity-Alert activity is in the
center of the process map with the other elements being arranged around it in a star-like
structure. Like observed for the previous workplan stages, alerts are clustered together,
suggesting that they are acknowledged and checked in bulk. After applying full path ab-
stractions, an unusually high amount of paths remain and the model still has many circular
substructures.

The discharge stage is similar to the one from the first case study, but, even though it
is more complex and was used in a more flexible way, its execution bears more structure
than the previously discharge stage. This may seem counter-intuitive at first but is easy
to understand when Disco’s path abstraction is used. The stage from the first study has
quite equally distributed paths and abstracting away some of them still results in a kind
of circular model. The second stage, on the other hand, shows the maximum number of
paths and bidirectional paths but increasing the abstraction results in a more linear process
due to more cases following a single path. However, as only 13 cases show tasks from the
stage and two activities were only executed 7 times, only 7 cases have yet completed the
discharge stage. Therefore, the observation could also relativize when the stage is executed
by more cases.

5.1.4. Summary of Findings

In conclusion, one can say that the model-provided flexibility during case execution was
employed in a way that is very similar to the one expected by Cano et al.  in the study
that served as basis for the development of the CONNECARE case studies [15 ]. In other
words, the observed during the execution of the stages corresponds to the expected de-
grees of structuredness, as depicted in figure 1.5 . The identification stage was executed in
a very structured way while the evaluation stage showed a structured execution with ad-
hoc exceptions which result in a part of the cases following the same task order displayed
in the web interface. Additionally to this flexibility, the workplan stage, while bearing an
overall smaller complexity, was also used very adaptively, consisting mainly of repeatable
tasks that needed to be activated manually. This resulted in unique stage execution se-
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quences for all patients. The final discharge stage showed a relatively flexible usage but
was still used in a structured way when compared to the other stages. Structured execu-
tion was achieved either but low possible stage complexity (e.g. low number of tasks in
Discharge) or by using sentries which were also shown to increase execution structured-
ness when introduced at later points in time. Overall, the differences between case study 1
and case study 2 at each site were noticeably smaller than the differences between the sites,
even when comparing different case studies. Apart from that, an overall trend could be
identified that showed higher model complexity and higher flexibility, the higher the gen-
eral system activity was for a certain site, even for structured stages. The highest flexibility
and adaptability was observed in Lleida, followed by Tel-Aviv and then Groningen.

5.2. Effects of Communication and Notification Functionality

5.2.1. SACM Features for Communication and Notification

Apart from being an adaptive case execution engine, the SACM system offers additional
features which are not part of the case study design itself as it was described in sec-
tion 1.2.7 . Their availability cannot be configured through the case model but is a system
property and therefore enabled for all studies. The features are task alerts that signalize
unexpected conditions during automated measurements, case notes that can be used for
storing additional, unstructured information and messages that can be used for commu-
nicating with the patient or other professionals. The appearance of the case notes user
interface can be structured and styled using the case model to allow for flexible usage. All
of the features are only expected to be used in unforeseen situations, e.g. when a patient is
unsure about some instructions, when a certain test returns ambiguous results that need
to be discussed with a colleague or when new information not expected by the model
but relevant to the case needs to be documented. Therefore, according to the spectrum of
structural degrees depicted in figure 1.2 , these process activities can be characterized as
unstructured.

In the following section, first, the usage of these features and their occurrence in the
overall case flow will be evaluated on a system-wide level across all sites and case studies.
This will be done using the colored system view process map. Afterward, the results of
the GeoIP analysis will be presented to see how the overall usage distributes amongst
the individual sites. Finally, the indicators from the GQFI table and the case models for
the different studies will be analyzed in order to gain insight into behavioral differences
between the case study executions.

5.2.2. System-Wide Evaluation

The system view is the most abstract process map that is generated in this work. It is in-
tended for gaining an overview of the executed case studies and the overall feature usage
and can be found in the appendix in section B.1 where it is depicted in figure B.1 . Without
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any abstractions, it bears a very high complexity due to the diverse nature of the patient
cases across all sites and studies. Examples for this are e.g. the path from Create-Case to
Terminate-Case where a case is created and closed again without even selecting a patient,
probably due to a human error. Other examples include cases that are created and imme-
diately receive a professional message, but all of these cases are quite rare. To reduce the
spaghetti effect and create a more understandable model, the path abstraction needs to be
increased to get rid of rarely occurring activity relations. A nice, comprehensive overview
that neither over nor under optimizes is reached at an abstraction level of 28% remaining
paths. The resulting model is shown in figure 5.1 and will be analyzed in the following
paragraph.

From a distance, one can clearly see that the top-level structure resembles the struc-
ture from figure 1.5 that served as the basis for the development of the models for these
studies. It starts very structured, becomes structured with ad hoc exceptions and then un-
structured with predefined fragments. Afterward, exceptions occur and lead to unstruc-
tured activities before finally returning to the structured discharge procedure. The per-
formed CaseIdentification-Task and CaseEvaluation-Task activities show strong self-loops that
account for a large number of their total occurrence. This can be explained by profession-
als spending a longer amount of time in these stages and performing much of the required
tasks subsequently. In contrast, the Workplan-Task, Patient-Message and Professional-Message
activities also show self-loops but less expressed ones. This is due to a higher frequency
of other activities being performed in between the mentioned ones which is natural for
message-based conversations but also for the workplans which are usually created once
and then only adapted at a later point if special events made it necessary. The self-loop on
the Workplan-Alert activity is equally strong as those of the identification and evaluation
activities. However, it is more likely caused by the clinicians acknowledging the alerts
in bulk because they e.g. check the cases in fixed intervals. This was also found during
the evaluation of the first research question and is additionally backed by the intra-stage
analysis which shows similarly string self-loops for alerts.

When considering the position of the activities related to additional SACM features,
it becomes apparent that the case notes are commonly updated after a case evaluation
task has been performed and that afterward oftentimes a message to the colleagues is
sent. Temporarily turning the abstraction level back up to unfiltered reveals that notes
are also often updated after a professional message was received. This makes sense as
professionals need to somehow document the results of e.g. interdisciplinary discussions
following ambiguous test results which are usually captured during the evaluation stage.
Apart from that, when the notes page is updated, no notification is displayed in the web
interface. The messages following the UpdateNotes activity are therefore quite likely sent in
order to inform all colleagues about new case developments that have also be documented
in the case notes. The path from the Professional-Message to the Update-Notes activity was
hidden in the original abstraction level because it occurred only one time less than the
path from CaseEvaluation-Task to Update-Notes which highlights the importance of an easy-
to-use interactive visualization tool.
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Figure 5.1.: System view at 28% path abstraction level

112



5.2. Effects of Communication and Notification Functionality

Most patient messages are received during the workplan stage, after the initial creation
of the individualized workplan. This stands to reason as patients perform their workplan
from home and are encouraged to use the messaging functionality to communicate with
the clinicians in case any uncertainties regarding the execution or the overall state of health
arise. The same order applies for professional messages which could be explained by inse-
curities regarding certain workplan tasks but also by the necessity to inform collaborating
colleagues about workplan modifications. The Workplan-Alert activity is most often ob-
served to follow a CaseEvaluation-Task. This seems counter-intuitive as the reader might
expect the alerts to occur after the Workplan-Task activities that defined their threshold.
However this is not the case, as alerts tend to not occur immediately after they were de-
fined, otherwise, this would hint towards an issue regarding the developed workplan and
its alerting thresholds or the patient’s recovery motivation. Instead, alerts usually occur
sometime after they were initially defined. As the case evaluation stage can be repeated
and contains tests that can be done to assess the patient’s health, it is not implausible that
activities from this stage precede workplan alerts.

To see how the feature usages distribute onto the individual sites even before generat-
ing the process maps, the site comparison dashboard in Kibana can be used to gain an
early impression. Its main information, the maps visualizing a GeoIP analysis, is shown in
figure 5.2 and the full dashboard can be seen in the appendix, depicted by figure D.3 .

(a) Overall Activity (b) Alert Activity

(c) Message Activity (d) Notes Activity

Figure 5.2.: Heatmaps showing activity for various features by GeoIP location
(Maps © OpenStreetMap contributors, released under CC BY-SA 2.0, see https://www.openstreetmap.org/copyright )

The GeoIP analysis uses the source IP of the underlying request and looks it up in a
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GeoIP database that maps IP addresses to geolocations. While not being entirely accurate
down to the meter level, it is still useful to find out the country where a request originated
from and thereby determine the site that performed a specific activity. By filtering this
data for the desired activity types, an overview can be gained of which feature is used
how heavily in each site. The data is visualized using heatmaps which, when viewed
interactively, can also be used to determine the activity counts. For this work, however,
the heatmaps will only be used to visually determine a rank based on the indicated colors
as the numbers have already been captured for the GQFI table.

The GeoIP analysis shows that alerts occur at all sites, with the most activity at Lleida
in Spain, followed by both Tel-Aviv in Israel and Groningen in the Netherlands, which
visually can’t really be separated and seem equally active. The notes feature is primarily
used in Lleida and has some very rare usages in Tel-Aviv which occur so little that their
indication is very hard to spot without using the interactive viewer. The professional mes-
sage feature is also used the most in Lleida and is again followed by Tel-Aviv, this time
with a clearly visible indicator. The patient messages are handled by the SMS which does
not feature request logging. Therefore, this location-based analysis cannot be done for this
feature and the values from the GQFI table have to be used to gain an impression about its
usage.

5.2.3. Site-Based Evaluation

The evaluated GQFI table for the second research question is shown in table 5.1 and will
be explained in depth in terms of this section. One interesting finding that can be made
without interpreting the numbers in detail is that the sites show roughly similar indicator
values for both studies and the main differences are between the sites. The only exception
to this rule is the difference in the alert count between the two case studies at Groningen
which also affect some other indicators like the relative share of feature-related events.
Therefore, the table will be combined with the generated process maps in the case view
that show the predominant occurrence of each activity in the case flow. By doing so, each
site can be compared to the other sites but also to the system view map which enables a
thorough answer to the second research question. For the evaluation, all case models have
been configured to the highest degree of path abstraction, so only the most common cases
are considered.

Groningen

Amongst the three execution sites, Groningen used the advanced features of the SACM the
least. Both studies show no use of the notes and the professional functionalities whatso-
ever. This is not surprising as Groningen until now featured only very little collaboration
amongst users, which will be explained in depth in the upcoming section 5.3 that ana-
lyzes the employment of the user and role system. The patient messaging functionality
is primarily used in the first case study but the message counts still lack behind studies
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Groningen Tel-Aviv Lleida

Indicator CS1 CS2 CS1 CS2 CS1 CS2

Number of notes update events 0 0 2 2 31 29
Number of alert events 28 1 192 1 181 649 2 353 1 764
Number of message events (with patients) 57 6 342 201 641 523
Number of message events (with professionals) 0 0 106 97 230 106
Share of feature-related events 37% 79% 55% 48% 76% 69%
Mean number of paths per alert activity 3 2 6 6 7 7
Mean number of paths per message activity 2 3 6.5 6 7.5 8
Mean number of paths per other activity 2 2.25 3.2 3 4.4 5.14

Table 5.1.: Evaluated GQFI table for the second research question

at other locations by a factor of close to 4. As mentioned, the first case study has a very
small alert count with the next bigger count being more than 20 times as large. The second
study shows an average use of the alert functionality but, instead, even completely lacks
any other execution traces of additionally provided features.

When considering the case view process maps that are depicted in figure B.4 and fig-
ure B.5 of the appendix, both case studies show the Patient-Message activity at the same
position that it has in the system view map, namely after the Workplan-Task activity. The
Workplan-Alert activity is located directly following the Workplan-Task or the Patient-Message
and is thereby at a different location than in the system view map. When keeping in mind,
however, that both case studies featured only one activity execution of the case evaluation
stage, the chance for this activity being the predominant predecessor to the alert activity
is quite minimal. The other two features were not used and therefore no related activities
are present in the process maps.

Tel-Aviv

Similar to the findings during the evaluation of the first research question, Tel-Aviv has a
higher usage of additional, SACM -provided features than Groningen but falls behind the
study executions in Lleida. It employs all available features except for the notes function-
ality which is only used 4 times in a total of 70 cases and is therefore quite underused. A
very similar amount of around 100 professional messages is exchanged in both case stud-
ies. This is a little strange, as the second case study involved 9 professionals while the
first one only involved 3, with one of them performing hardly any work (see the upcom-
ing section 5.3 for further information). Therefore, 2 persons would have to exchange
roughly as many messages as 9 persons which is not very likely. An interview with a local
professional was conducted for this reason which showed that the notes functionality, not
implemented in the initial SACM design but added later on, was not known to the clini-
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cians. To compensate for the supposed lack of the feature, they came up with the idea of
repurposing the professional messaging feature and used it for the internal documentation
of the treatments each patient had received. This explains the equal professional message
counts as well as the close-to-zero amount of case notes. Communication amongst the
team was done via a preexisting third-party smartphone messaging application that was
already in use while the case studies were still in the design phase.

The other features were not affected by this change and were used as they were in-
tended. Case study 1 has an alert count that is similar to that of Groningen’s second study
(n=1 181). Close to 350 patient messages were exchanged, resulting in an average count
of around 10 messages per patient. Roughly speaking, both values are only half as large
for case study 2. Referring to the GQFI indicators for the first research question shown in
table C.2 , this correlates with the overall case and activity count which means both sites
actually used the features in a similar way. This fact also shows in the relative share of
the feature-related events compared to the overall events which is roughly equal for both
studies at around 50%. In Tel-Aviv, being a site that actually makes use of the additional
features, the dynamic nature of alerts, notes, and messages can also be seen. More specif-
ically, it shows in the average number of paths an alert or a message activity possesses in
comparison with the average number of paths that can be found on non-feature-related
activities. Both studies have similar values of around 6 paths per feature-related activity
versus only around 3 paths per non-feature-related one. This highlights the dynamic na-
ture of the unstructured activities that can occur at basically any point during a case and
are therefore better connected with all other activities.

The case view process map for case study 1 in Tel-Aviv shows a picture very similar to
the system view. The activities for Update-Notes, Professional-Message and Patient-Message
are at the same position they hold in the system view, following the CaseEvaluation-Task
and the Workplan-Task, respectively. The only exception is the Workplan-Alert activity that
follows the Professional-Message instead of the CaseEvaluation-Task activity. When temporar-
ily turning down the abstraction level, the missing path from the evaluation stage to the
alert becomes visible. However, it only occurs 7 times and is therefore not considered
dominant when compared to the alternative path that occurred 12 times. Given the over-
all low path occurrence count of around 10 (out of roughly 3 000 activities overall), this can
easily happen which again proves the importance of an interactive viewing mechanism
for process maps to dynamically change the abstraction level during the evaluation.

For case study 2 the just observed issue exists as well, for the Professional-Message and
the Update-Notes activities. Both are displayed at a different place than in the system view
but reveal additional paths connecting them to the expected activities when the abstrac-
tion is reduced. The Workplan-Alert activity that had this issue in the previously described
case study is now at the expected position. Seeming a bit strange, at full abstraction, the
Patient-Message activity is barely connected to other activities at all and does not have any
incoming paths. When reducing the abstraction factor the issue persists and is only miti-
gated when the abstraction is completely disabled. The reason for this strange behavior is
the strikingly high dynamic nature that this activity bears, as patient messages are exter-
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nal events that can occur at any point in time and, in contrast to the professional messages,
the patient messaging functionality is actually used as it was intended. In this case, their
occurrence is so well distributed, that most incoming or outgoing paths have a similar
occurrence frequency which is why they are all abstracted away as soon as the degree of
abstraction is raised.

Lleida

Both case studies in Lleida generated the most system activity with regards to the overall
event count as shown in the evaluation of the previous research question (see table C.3 ).
But this is also true in terms of the number of updates to the case notes, the alert count, as
well as the number of patient and professional messages. This shows that the site makes
full use of all features provided by the CONNECARE project and its SACM component.
Therefore, the relative share of the SACM -feature-related events is also the highest with
the only exception being case study 2 in Groningen that was presumed to have under-
used the more structured activities due to the over-proportionally high number of alert
events according to the preceding section 5.1 . With a value ranging between 7.5 and 8,
the average number of paths per message activity is extremely high for both case studies,
supposedly due to the involved persons using the features in their intended way for com-
munication which is an inherently unpredictable procedure, especially in KiPs . Therefore
it is highly questionable if the generated process maps will contain a significantly domi-
nant path connecting them with other activities or if they really occur at any point in time,
yielding a result similar to the Patient-Message activity of the just evaluated case study 2 in
Tel-Aviv. On the other hand, the average number of paths for non-feature-related activities
is also the highest amongst all case studies, so the overall more dynamical system usage
could also be an explanation for the extreme values.

Surprisingly, for the case view process map of the first study, a strong bidirectional rela-
tion between both message-related activities and the Workplan-Alert activity can be found.
For patient messages, the quota of message activities following an alert is more than a
third while for professional messages more than half directly follow a workplan alert. For
both message activities, the occurrence frequency of the reversed paths closely matches
that of the path coming from the alert. This suggests that clinicians working on a case
contact their colleagues and/or the patient if an unexpected condition occurs. In fact, this
suggestion was proven to be true using Disco’s interactive log and pattern inspection fea-
tures that allow isolating cases based on certain paths. Afterward, their event traces were
viewed and it was confirmed that the bidirectional relations are supported by individual
cases and not only occur when the process is viewed across all of them. Therefore, the
bidirectional relation is not only a sign of flexibility but an actual rework loop. Broadly
speaking, the traces show that one or multiple alerts occur, the acknowledging clinician
contacts a colleague, the patient or both using the provided communication features, some
messages are exchanged, some days pass, the alert occurs again and the procedure is re-
peated. Sometimes, the workplan is adapted in between the repetitions. This reflects ex-
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actly the model developed by Cano et al. that serves as a basis for the case studies and is
shown in figure 1.5 in the appendix [15 ]. The remaining features show the already known
behavior: notes are mostly updated after tasks from the case evaluation stage have been
performed and the workplan alerts often but not only occur at the same place. The latter
finding is initially hidden and must be made visible by temporarily reducing the degree of
abstraction.

For the patient messages of the second case study in Lleida, the same observation as
for case study 1 can be made. However, the case model splits up the workplan stage into
one that is performed before and one the is performed after the hospitalization. Rework
loops between patient messages and alerts only exist for the WorkplanAfterHospitalization-
Task activity. Nevertheless, this finding has limited validity as the WorkplanBeforeHospital-
ization activity occurs very rarely (n=37 versus n=1 727). When considering professional
messages, this observation is not true at all and the activity is placed somewhere in the
process, without significantly dominant relations to any other activity. As in all previous
studies, the Update-Notes activity occurs mostly after tasks from the case evaluation have
been performed.

5.2.4. Summary of Findings

Regarding the question how SACM ’s communication and notification features affected the
case executions, some noticeable impacts were identified. Again, the observed usage struc-
ture closely resembles the one expected by Cano et al. , shown in figure 1.5 [15 ]. All usages
of the features under evaluation can be seen as unstructured events that occur at later
points during the case executions, usually during the workplan or case evaluation stages.
Rework loops were observed that consist of receiving an alert, messaging a colleague or the
patient and optionally adapting the workplan to execute. Apart from that, it was shown
that alerts are acknowledged in bulk, suggesting that clinicians check their cases in fixed
intervals. Case notes were mostly updated before or after messages to colleagues were
sent or received. Patient messages were often received during the execution of the work-
plan stage, which is intended to be performed in self-management at the patient’s home.
When comparing the sites, similar observations to those of the first research questions can
be made with differences between the individual sites were larger than those between the
two case studies. Again, Lleida showed the highest usage numbers for the communication
and notification features, followed by Tel-Aviv and finally Groningen. These overall activ-
ity statistics can also be seen in the GeoIP analysis heatmaps depicted in figure 5.2 . The
notes were primarily used in Lleida and the professionals at Tel-Aviv did not even know
about the feature as was discovered during an interview with a local domain expert. To
mitigate the lack of the feature, they employed the unused professional messaging feature
as a tool for documenting performed treatments and to ensure all clinicians working on a
case were notified about the update.
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5.3. Usage of User and Role Management System

5.3.1. User and Role Management Concept

As already explained in section 1.3.4 , the SACM features an extensive user and role man-
agement system. Each case definition contains roles for the case instance that are restricted
to certain user groups. Each user can be a member of one or more groups and groups
themselves can also be group members. This enables the modeling of hierarchical struc-
tures. The system is also depicted in figure 1.6 . But roles only specify who is responsible
for a task, not who can and should actually execute it. Any user with write access to a
certain case can update, modify and complete arbitrary tasks.

The upcoming section will evaluate if the role model created by the individual sites was
used as it was intended or if the execution reality reveals a different collaboration pattern,
based on the generated organizational process maps and the indicators from the GQFI ta-
ble. The organizational process maps do not visualize, which tasks were performed but
rather who performed a task. This person is called task processor in the next sections. Addi-
tionally, a process map will be created for visualizing who was responsible for a task that
was performed according to the case model. This person is called task assignee. For each
case study, this work will compare both versions to find similarities and differences, after
getting a first impression using the numbers gathered during log and pattern inspection
that are shown in table 5.2 .

Groningen Tel-Aviv Lleida

Indicator CS1 CS2 CS1 CS2 CS1 CS2

Number of tasks not done by their assignee 0 110 1 003 551 634 715
Share of tasks not done by their assignee 0% 37% 80% 57% 63% 68%
Number of task assignees 1 2 5 8 10 29
Number of task processors 1 4 3 9 9 6
Number of roles 1 2 2 3 5 4
Maximum share of work for one person 100% 83% 53% 37% 95% 98%
Mean number of collaborators per person 0 1.5 0.67 2.67 1.78 1.67
Maximum number of collaborators per person 1 3 1 6 8 5

Table 5.2.: Evaluated GQFI table for the third research question

5.3.2. Organizational Process Model Analysis

Groningen

The process maps for Groningen’s organizational view can be found in the appendix in
section B.4.1 . The first case study is quite trivial to evaluate as it did not really make
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use of the user and role system: all activities were performed by a single user having a
single role. This seems to have happened on purpose, as the share of tasks not done by
their assignee is 0% which means that the observed behavior matches the modeled one
perfectly. The process maps that visualize these observations are exactly equal and trivial
because they only contain a single process activity. Interviews with the responsible case
study supervisor showed that a common workstation exists that professionals make use
of to access the system through a single user account, no matter what actual person is
operating the device. Of course, this inhibits the traceability features of the SACM but
from a technical perspective, this usage is not an issue.

With only 37% of tasks not done by their intended assignee, Groningen’s second case
study features the best-fitting user and role model with more than a single modeled user
across all studies. The fact is relativized because the model features a very central person
who performed 83% of the work. Apart from that, the average number of collaborators
per person is mediocre when compared to the other sites and only two responsible profes-
sionals are intended by the case model. The process map for the task assignees shows, that
the two involved users should work by themselves and not collaborate at all. In practice,
the distribution of work is quite similar to how it was modeled but some tasks initially
assigned to one of both professionals are performed by two student research assistants.
An interview with a local domain expert was performed to gain more insights about the
social structure and confirmed that the students were hired only recently to help with the
execution of the case study, simplify the admission process and improve overall patient
care. However, the collaboration between the involved persons is not that big and work-
ing in autonomy is still the way to go. This can be seen in the low occurrence count for
paths connecting the different persons. In addition, all collaboration is centered around
the main case manager.

Tel-Aviv

In general, the studies at Tel-Aviv make more intensive use of the user and role system,
featuring a higher count of involved users and roles. The generated process maps for both
studies are included in section B.4.2 of the appendix. According to the log and pattern
inspection, the first case study has the highest amount of tasks not done by their assignee,
both in absolute (n=1003) and in relative numbers (n=80%). Only relying on these indica-
tors, that means the study features the worst fitting user and role model amongst all case
studies. Instead of the 5 intended users, only 3 users actually ever performed work us-
ing the system. There is no real collaboration amongst users, which can be seen at the low
number of collaborators per person (n=0.67). The work is distributed quite good, however,
as the maximum share of work per person of 53% is not actually that much for three users.
Considering the process map showing the actual task processors, it becomes apparent that
the distribution of work is evenly split between two case managers. The third user and
second role, the operative research supervisor, performs only an insignificant amount of
work. The task assignee process map shows a similar picture, with the three users that are
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no case managers being responsible for only around 3% of the overall tasks. This means
that for reaching a quota of 80% of tasks not performed by their assignee, the two case man-
agers both need to heavily perform tasks that are assigned to their colleague. At the same
time, the collaboration is not very expressed, ascertainable at the low occurrence count of
one bidirectional path that exists. This means that the users often autonomously perform
large chunks of work in a case that is assigned to a different user. The exact reason for this
is unknown but could be related to issues regarding a missing password reset functional-
ity that existed at the site when the case study was started and that led to users sharing
their accounts due to forgotten passwords. However, the modeled user and role system,
apart from not being very complex, fits the actual use quite well, except for the swapped
responsibilities which do not show up in the log and pattern inspection indicators.

In contrast, the second case study in Tel-Aviv bears the highest amount of collaboration
with 2.67 collaborators (bidirectional paths) per user and a well-distributed workload that
leads to a maximum share of work per person of only 37%, the lowest value amongst all
studies. It is based on a moderately complex user and role model that ranks itself between
the already described models and the upcoming ones from Lleida. The number of task
processors is one bigger than the number of task assignees and 3 roles were involved in
executing the study. When taking a look at the task assignee process maps, one can see
that it features the new role Physiotherapist which is played by 5 different users, each with
quite a small share in the total workload. Apart from that, the map only contains one other
role, the case manager, which is assigned to the two users known from the previous study
and an additional one. The remaining workload is distributed amongst these users, with
the new case manager being assigned the least amount of work. The task processor map
draws a quite similar picture that has slight differences regarding the distribution of work.
All physiotherapist performed more work than they were responsible for, but due to their
overall low workload, this difference carries little weight. A more important change can be
observed regarding the other users: both case managers known from case study 1 perform
less work than what was modeled, while the new case manager performs more work than
intended by the model. Considering the high workload for the case managers regarding
the first study, this seems like an evident reality. The third role that is involved in the case
study is the operative research supervisor who is also already known from the previously
described study but again only performed an insignificant amount of work.

Lleida

The most complex user and role models are featured in Lleida. Their visualizations are
shown in section B.4.3 of the appendix. The first case study in Lleida is only slightly more
complex than the second one in Tel-Aviv as it features 2 additional task assignees (n=10).
The number of roles also increases from 3 to 5, yielding the highest value amongst all
studies and thereby making it the model with the highest degree of interdisciplinary col-
laboration. When consulting the process map showing the model, one can see two main
users, both clinicians for internal medicine. At the top of the map is a case manager who
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is only responsible for the third most amount of tasks but who works the most collabora-
tively, which can be seen at the high number of incoming and outgoing paths. According
to the model, the user acts as a kind of distributor of work, continuously performing some
work on the cases but delegating the main work to more specialized clinicians. However,
the numbers from the GQFI table also show that this distributed style of working is not ac-
tually reflected in the execution logs, due to the incredibly high share of work for a single
person of 95%. This becomes very apparent when looking at the process map for the task
assignees. It features 9 persons of which 5 performed less than 8 tasks and 3 other persons
who performed less than 80 tasks. The remaining 3 204 tasks have all been completed by
the central case manager. Apart from that, no collaboration is performed directly between
the specialized professionals, rather work is always handed over via the case manager.
Still, the collaboration during the first study in Lleida is highly interdisciplinary with clin-
icians for internal medicine and nurses but also physicians and nurses from primary care
being involved in the case executions. Therefore, while the modeled responsibilities seem
a bit over the top and the observed usage does not make much use of the collaboration
features, the collaboration that happens is highly interdisciplinary.
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Figure 5.3.: Task assignees of Lleida’s case study 2
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Figure 5.4.: Task processors of Lleida’s case study 2

The second case study in Lleida has very similar characteristics but is even more extreme
regarding its modeling and its execution. The underlying user and role system involves
29 different users while the number of observed task processors is only 6, lacking a total
of 23 users. At the same time, the observed centralization on a single case manager is also
more expressed, with a share of 98% of work for one person. As expected with 29 dif-
ferent activities, the process map that is generated for the modeled task assignees is very
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large, complex and has a heavily expressed spaghetti effect. Therefore, this is the only or-
ganizational process map that requires path abstractions to be applied in order to make it
understandable. But even at full path abstraction, the model is still quite complicated. A
structure that is visible on first sight is the central role of the case manager that is known
from case study 1 and that is also reflected in the observed system usage. Another clear
finding is the prominence of one of the physiotherapists who is modeled to be responsible
for the largest part of all tasks, close to 5 times as many as the central case manager. How-
ever, this is only true for the theoretical model but not for the practical observation, where
not a single user with the role of a physiotherapist does even show up. An interview that
was held with some of the professionals at Lleida confirmed that the individualized work-
plan is always developed by specialized physiotherapists. The only explanation for this
observation is that the physiotherapists develop the workplan using a third-party system
or pen and paper. Afterward, the developed workplan is passed on to the case manager
who enters it into the SACM system.

5.3.3. Summary of Findings

The user and role management system showed the largest differences between intended
(i.e. modeled) and actually observed behavior. The main finding from the analysis of the
practical case executions is that every site and every case study has one or two dedicated
case managers. These are heavily dominant regarding their share of performed work.
They are responsible for managing the cases, distribute certain tasks to professionals with
higher specialization and generally act like a hub for the handover of work on a case. Users
also working on the case usually cooperate exclusively with the case manager and only
very rarely directly with their colleagues. Like it was with previous findings regarding ac-
tivity, the number of professionals working on the studies is the highest for Lleida, again
followed by Tel-Aviv and then Groningen. For all studies except the first one at Groningen
(which only modeled a single user), the modeled user and role assignments were more
complex than the observed case execution reality. The differences between the theoreti-
cal model and the practical observation even tend to increase, the more system activity a
certain site produced. Apart from that, the share of work of the case managers is excep-
tionally high. For Lleida, an interview with local domain experts confirmed that patients’
workplans are always developed by a physiotherapist. However, during the practical ex-
ecution, no physiotherapists were involved in any case at all, showing that an alternative,
additional communication channel needs to exist (like e.g. pen and paper). The physio-
therapists use this channel for sharing the workplan information with most likely the case
manager, who then performs the corresponding tasks in the SACM system. This shows
that so far during the case studies, the task processor from the system’s point of view is
not necessarily the person who really performed the actual work.

123





6. Final Remarks

6.1. Conclusion

The main question of this work is if the flexibility that is provided by an ACM system and,
more specifically, by the SACM is actually employed in the clinical routine. The results of
the evaluation show that this is clearly the case, with the process maps that were generated
based on the observational data closely resembling the high-level study design that served
as a basis for the developed case models. Apart from that, the process maps, as well as the
indicators from the GQFI table, showed that the observed flexibility actually increased
with increasing system activity. The flexibility was also higher for case studies that made
full use of the additionally provided features for collaboration and communication and for
the sites that had a large number of professionals directly using the system. The latter was
often not the case as the sites tended to designate individual users to be responsible for the
system interaction which was also confirmed using expert interviews. This suggests that
a fully productive deployment without the background of a research project could yield
even higher flexibility measurements.

These findings were achieved by combining PM techniques known from process discov-
ery, process exploration, process comparison, performance analysis, and organizational
analysis. The event log that served as an input to the PM step was generated based on
web access logs of a REST ful API which were continuously extracted, preprocessed, aggre-
gated and persisted using the elastic stack. The application was deployed to a productive
environment by integrating it into a preexisting Docker-based infrastructure. To deal with
the high complexity of KiPs like the targeted CPs , manual clustering techniques were em-
ployed and the resulting data was exported at multiple levels of abstraction. Furthermore,
interactive visualization techniques were used to improve the analysis quality and enable
further insights. The work was implemented in a way that facilitates the repetition of the
evaluation.

6.2. Limitations

The main limitation of this work is that the system usage is evaluated while the case stud-
ies are still being performed. This leads to issues regarding the amount of participating
patients which varies from site to site. Therefore, it is hard to draw definite conclusions re-
garding the usage of the provided execution flexibility as low patient numbers may distort
the analysis results for certain sites. The same fact also causes issues regarding the fuzzy
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mining algorithm which was designed to work with much higher event counts. While
this work only analyzes 25 000 events, most PM tools like the employed Disco are capable
of handling millions of events. Additionally, the fuzzy mining algorithm was developed
specifically for the purpose of coping with large amounts of event data of varying quality
and can be expected to yield more meaningful results when bigger event logs are analyzed
and the abstraction features are used in their intended way.

Other limitations of the work are of more technical nature. The fact that the studies are
still running was accounted for by developing a continuous event log creation mechanism
that also enables log and pattern inspection at arbitrary points in time using a web-based
interface. However, the event log itself is created as a simple CSV -file that is simply placed
on the file system of the machine running the elastic stack. This is not ideal as it requires
users that want to recreate the process maps to have access to the deployment infrastruc-
ture which is usually not the case. Enabling it requires additional configuration effort to
ensure a smooth and reliable operation of all other applications that are executed in the
environment.

Apart from that, the manual effort for performing the evaluation is still quite high. This
expresses in the requirement to manually import the event log into Disco while also hav-
ing to configure the column mappings for the CSV -files that change depending on the
desired abstraction level. Furthermore, the GQFI table that is used for quickly judging the
main execution characteristics regarding the research questions contains indicators from
multiple tools that manually need to be aggregated. These circumstances impede the easy
repeatability of the system evaluation.

6.3. Future Work

Possibilities for future work comprise the facilitation of the repetition of the analysis pro-
cess on the one hand and the scientific deepening of the analysis itself on the other. The
first can be reached by improving the accessibility of the current approach, e.g. by recon-
figuring the already built-in nginx web server to provide the generated event log files
using static URLs. Additionally, the CSV -based files could be exported as XES files which
would render the import configuration-free at the cost of additional implementation ef-
fort, as it would require a new Logstash output plugin. Nevertheless, the plugin could be
contributed to the Logstash community, making the approach implemented in this work
available to a wider public.

An alternative would be to automatically generate the process maps at fixed intervals us-
ing ProM’s command line interface and making the results accessible via the web browser.
However, this would imply that the generated models are static pictures, effectively losing
the benefits of interactive visualization which turned out to be very useful during the final
evaluation phase.

Other possible improvements include the improved analysis of the system usage. For
preprocessing the web access logs, instead of using a custom implementation, a more
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6.3. Future Work

generic algorithm could be used. An example of this is the algorithm for the grammar-
based task analysis of web logs which was developed in 2004 and is capable of detecting
business tasks performed by users based on a series of web requests. Unfortunately, it is
also patented and currently assigned to Twitter Inc. [70 ].

Apart from that, research efforts could focus more on the deviations from the commonly
followed CPs or on the changes that happened from version to version like it was done
in [52 ]. Extending the capturing of data to include proper user session tracking could also
be used to gain further insights into how the clinicians make use of the system. One could
even think of implementing mouse tracking and generate frontend heatmaps showing
where users put their attention and generating advanced knowledge of how professionals
operate the system and its extended features.

127





Appendix

129





A. Case Models

A.1. Groningen

Figure A.1.: Case Study 1 Version 1

Figure A.2.: Case Study 1 Version 2
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A. Case Models

Figure A.3.: Case Study 2 Version 1-2

Figure A.4.: Case Study 2 Version 3
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A.1. Groningen

Figure A.5.: Case Study 2 Version 4-7

Figure A.6.: Case Study 2 Version 8
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A. Case Models

A.2. Tel-Aviv

Figure A.7.: Case Study 1 Version 1-7

Figure A.8.: Case Study 1 Version 8+
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A.2. Tel-Aviv

Figure A.9.: Case Study 2 Version 1-6

Figure A.10.: Case Study 2 Version 7
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A. Case Models

A.3. Lleida

Figure A.11.: Case Study 1 Version 1-4
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A.3. Lleida

Figure A.12.: Case Study 1 Version 5-6
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A. Case Models

Figure A.13.: Case Study 1 Version 7
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A.3. Lleida

Figure A.14.: Case Study 1 Version 9
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A. Case Models

Figure A.15.: Case Study 2 Version 1-4
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A.3. Lleida

Figure A.16.: Case Study 2 Version 5-7
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A. Case Models

Figure A.17.: Case Study 2 Version 8
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A.3. Lleida

Figure A.18.: Case Study 2 Version 9
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B. Process Maps

B.1. System View

210

1

3

2

49

37

3

187

138

1

12

134

7

18

40

80

6,550

455

20

185

15

10

802

126

63

8

6

2

6

1

1

2

2

7

26

2

1

54

67

469

998

5

142

3

12

2,340

191

67

54

13

46

1

3

4 1

4

18

6

8

21

7

114

467

109

129

6

47

1

7

220

5

8

36

58

37

1

4

16

55

Create-Case
220

CaseIdentification-Task
1,013

CaseEvaluation-Task
2,726

Workplan-Task
916

Workplan-Alert
7,413

Patient-Message
1,788

Update-Notes
66

Professional-Message
586

Discharge-Task
62

Terminate-Case
56

Figure B.1.: System view without any abstractions
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Figure B.2.: System view at 45% path abstraction level
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Figure B.3.: System view at 28% path abstraction level
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B.2. Case View

B.2. Case View

B.2.1. Groningen
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Figure B.4.: Case study 1 at Groningen without abstractions
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B. Process Maps
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Figure B.5.: Case study 2 at Groningen without abstractions
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B.2. Case View
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Figure B.6.: Case studies at Groningen at full path abstraction level
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B. Process Maps

B.2.2. Tel-Aviv
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Figure B.7.: Case study 1 at Tel-Aviv without abstractions

29

5

1

590

19

56

9

5

1

38

17

74

38

9

1

1

1

9

9

20

605

87

1

27

2 13

34

18

23

3

5

10

18

22

111

27

29

1

3

8

4

1

12

Create-Case

29

CaseIdentification-Task

116

CaseEvaluation-Task

680

Professional-Message

97

Workplan-Task

181

Patient-Message

201

Workplan-Alert

649

Update-Notes

2

Terminate-Case

12

Figure B.8.: Case study 2 at Tel-Aviv without abstractions
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Figure B.9.: Case studies at Tel-Aviv at full path abstraction level
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B. Process Maps

B.2.3. Lleida
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Figure B.10.: Case study 1 at Lleida without abstractions
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Figure B.11.: Case study 2 at Lleida without abstractions
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Figure B.12.: Case study 1 at Lleida at full path abstraction level
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Figure B.13.: Case study 2 at Lleida at full path abstraction level
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B.3. Stage View

B.3. Stage View

If not specified otherwise, maps do not have any abstractions applied.
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B. Process Maps

B.3.2. Groningen Case Study 2
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Figure B.17.: Case Identifica-
tion versions 1-3
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B.3. Stage View

B.3.3. Tel-Aviv Case Study 1
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tion versions 8+
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Figure B.25.: Case Evaluation
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Figure B.26.: Case Evaluation at full path abstraction
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Figure B.27.: Workplan
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Figure B.28.: Workplan at full path abstraction
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B.3. Stage View

B.3.4. Tel-Aviv Case Study 2
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tion versions 7+
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Figure B.31.: Case Evaluation
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Figure B.32.: Case Evaluation at full path abstraction
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Figure B.33.: Workplan

166



B.3. Stage View

53

7

10

14

13

10

1

1

14

15

4

18

12

SimpleTask-Task

96

PatientQuestionaire-Task

31

PhysicalActivity-Task

46

PhysicalActivity-Alert

570

MonitoringPrescription-Task

8

MonitoringPrescription-Alert

79

Figure B.34.: Workplan at full path abstraction
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B.3.5. Lleida Case Study 1
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Figure B.37.: Case Evaluation at full path abstraction
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Figure B.39.: Workplan at full path abstraction
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B.3.6. Lleida Case Study 2
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Figure B.44.: Case Evaluation versions 1-8 at full path abstraction
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Figure B.45.: Case Evaluation versions 9+
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Figure B.46.: Case Evaluation versions 9+ at full path abstraction
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Figure B.49.: Workplan after Hospitalization versions 1-7 at full path abstraction

179



B. Process Maps

8

1 1

12

2

3

5

6

1

1

1

4

1

3

2

2

287

10

1

1

5

1

1

1

2

1

3

1

4 1

1

1

2

3

5

2

1

1

8

PatientEducationAndTrainingToTheCaregiver1-Task

9

PatientEducationAndTrainingToTheCaregiver2-Task

8

PatientQuestionaire-Task

16

MonitoringPrescription-Task

12

MonitoringPrescriptionBodyTemperature-Task

5

PhysicalActivity-Task

5

PhysicalActivity-Alert

313

MonitoringPrescription-Alert

16

MonitoringPrescriptionBodyTemperature-Alert

2

Figure B.50.: Workplan after Hospitalization versions 8+
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Figure B.51.: Workplan after Hospitalization versions 8+ at full path abstraction
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Figure B.57.: Task assignees of Tel-Aviv’s case study 1

185



B. Process Maps

1,097

23 26

1,237

1

17

33

1

21

30

balo-Case Manager

1,141

ejuk-Case Manager

1,293

abec-Operative Research Supervision

1
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Figure B.63.: Task assignees of Lleida’s case study 2
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Figure B.64.: Task processors of Lleida’s case study 2
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C. Tables

C.1. GQFI Table Evaluation

C.1.1. Research Question 1

How is the model-provided flexibility employed during the execution of cases?

Case Study 1 Case Study 2

Indicator Id
en

ti
fic

at
io

n

Ev
al

ua
ti

on

W
or

kp
la

n

C
as

e
Le

ve
l

Id
en

ti
fic

at
io

n
v1

Id
en

ti
fic

at
io

n
v4

Ev
al

ua
ti

on

W
or

kp
la

n
v1

W
or

kp
la

n
v4

W
or

kp
la

n
v8

C
as

e
Le

ve
l

Number of cases 25 1 20 25 1 34 1 1 16 17 35
Number of events 100 1 49 232 4 170 1 126 1 048 121 1 511
Number of activities 4 1 2 6 4 5 1 2 5 5 6
Number of manually activated tasks 0 0 49 49 0 0 0 126 1 048 121 1 295
Share of manually activated tasks 0% 0% 100% 21% 0% 0% 0% 100% 100% 100% 86%
Number of overall paths 3 0 3 13 3 6 0 4 19 16 14
Mean number of paths per activity 0.75 0 1.5 2.17 0.75 1.2 0 2 3.8 3.2 2.33
Number of bidirectional paths 0 0 0 2 0 1 0 1 5 4 2
Number of process variants 1 1 5 16 1 2 1 1 16 17 35
Maximum share of cases per variant 100% 100% 75% 24% 100% 97% 100% 100% 6% 6% 3%
Median case duration 32 s 0 0 14.2 d 107 s 75 s 0 170.8 d 68.8 d 26 d 51.1 d
Mean case duration 46.7 h 0 33.7 h 20.7 d 107 s 3.6 m 0 170.8 d 77 d 29.4 d 55.4 d
Standard deviation of case duration 6.3 d 0 3 d 21.9 d 0 12.8 m 0 0 28.1 d 21 d 37.6 d

Table C.1.: GQFI table for the first research question for Groningen’s case studies
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C. Tables

Case Study 1 Case Study 2

Indicator Id
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ti
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Ev
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ua
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C
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Number of cases 34 17 47 42 51 12 17 29 29 29
Number of events 153 85 838 1 365 2 976 48 68 680 830 1 967
Number of activities 5 5 18 6 9 4 4 22 6 9
Number of manually activated tasks 0 0 0 1 365 1 365 0 0 0 830 830
Share of manually activated tasks 0% 0% 0% 100% 46% 0% 0% 0% 100% 42%
Number of overall paths 9 4 101 32 40 6 3 114 26 35
Mean number of paths per activity 1.8 0.8 5.6 5.33 4.4 1.5 0.75 5.18 6.5 3.9
Number of bidirectional paths 1 0 14 10 8 1 0 19 9 10
Number of process variants 5 1 34 41 51 2 1 26 28 29
Maximum share of cases per variant 76% 100% 21% 5% 2% 92% 100% 10% 7% 3%
Median case duration 2.8 m 3.7 m 46.4 h 57 d 68.1 d 3.4 m 2.8 m 5.9 d 48.8 d 63.9 d
Mean case duration 44.5 m 2.3 h 7.7 d 48.5 d 62.9 d 10.4 m 3.9 m 14.7 d 55 d 74.4 d
Standard deviation of case duration 3.76 h 5.83 h 17.7 d 34.1 d 41.6 d 13.6 m 3.2 m 24.6 d 45.1 d 49 d

Table C.2.: GQFI table for the first research question for Tel-Aviv’s case studies

Case Study 1 Case Study 2

Indicator Id
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C
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e
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Id
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n
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or
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v7

W
or

kp
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v8

D
is

ch
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C
as

e
Le
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l

Number of cases 35 35 34 13 35 35 15 19 32 17 10 13 35
Number of events 175 611 2 541 32 4 297 210 289 287 114 1 484 394 27 3 502
Number of activities 5 22 12 3 10 6 23 21 7 9 9 3 12
Number of manually activated tasks 0 74 2 541 0 2 615 0 16 16 61 1 462 369 0 1 924
Share of manually activated tasks 0% 12% 100% 0% 61% 0% 6% 6% 54% 99% 94% 0% 55%
Number of overall paths 8 185 57 5 48 15 156 125 18 43 34 6 73
Mean number of paths per activity 1.6 8.41 4.75 1.67 4.8 2.5 6.78 5.95 2.57 4.77 3.78 2 6.08
Number of bidirectional paths 1 57 15 2 16 5 37 30 5 10 7 3 26
Number of process variants 3 35 34 5 35 7 15 19 23 17 10 5 35
Maximum share of cases per variant 77% 3% 3% 31% 3% 57% 7% 5% 19% 6% 10% 46% 3%
Median case duration 5.4 m 70 h 46.5 d 3.1 d 49.3 d 4.7 m 65.9 d 23.9 d 16.6 d 93.1 d 29.8 d 22.9 h 98.7 d
Mean case duration 12.5 m 13.3 d 55.4 d 4.2 d 64.4 d 9.7 h 75.9 d 24.4 d 41.1 d 89.1 d 32.2 d 11.4 d 98.7 d
Standard deviation of case duration 19.7 m 29.8 d 34.4 d 5.6 d 45.2 d 55.6 h 53.4 d 25.9 d 60.9 d 27.1 d 15.9 d 22.2 d 65.9 d

Table C.3.: GQFI table for the first research question for Lleida’s case studies

192



C.1. GQFI Table Evaluation

C.1.2. Research Question 2

How do communication and notification features affect case executions?

Groningen Tel-Aviv Lleida

Indicator CS1 CS2 CS1 CS2 CS1 CS2

Number of notes update events 0 0 2 2 31 29
Number of alert events 28 1 192 1 181 649 2 353 1 764
Number of message events (with patients) 57 6 342 201 641 523
Number of message events (with professionals) 0 0 106 97 230 106
Share of feature-related events 37% 79% 55% 48% 76% 69%
Mean number of paths per alert activity 3 2 6 6 7 7
Mean number of paths per message activity 2 3 6.5 6 7.5 8
Mean number of paths per other activity 2 2.25 3.2 3 4.4 5.14

Table C.4.: GQFI table for the second research question

C.1.3. Research Question 3

How are collaboration and organization features reflected in case executions?

Groningen Tel-Aviv Lleida

Indicator CS1 CS2 CS1 CS2 CS1 CS2

Number of tasks not done by their assignee 0 110 1 003 551 634 715
Share of tasks not done by their assignee 0% 37% 80% 57% 63% 68%
Number of task assignees 1 2 5 8 10 29
Number of task processors 1 4 3 9 9 6
Number of roles 1 2 2 3 5 4
Maximum share of work for one person 100% 83% 53% 37% 95% 98%
Mean number of collaborators per person 0 1.5 0.67 2.67 1.78 1.67
Maximum number of collaborators per person 1 3 1 6 8 5

Table C.5.: GQFI table for the third research question
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C. Tables

C.2. Disco Mappings

Disco Type CSV Column

Case ID CaseID
Activity Activity

ActivtityType
Timestamp Timestamp
Other attributes DebugID

Table C.6.: Mappings for the system view

Disco Type CSV Column

Case ID CaseID
Activity Activity

ActivtityType
Timestamp Timestamp
Other attributes ClusterGroup

DebugID

Table C.7.: Mappings for the case view

Disco Type CSV Column

Case ID CaseID
Activity Activity

ActivtityType
Timestamp Timestamp
Other attributes ClusterGroup

DebugID
Unmapped AssigneeID

AssigneeRole
ProcessorID
ProcessorRole

Table C.8.: Mappings for the stage view
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C.2. Disco Mappings

Disco Type CSV Column

Case ID CaseID
Activity AssigneeID

AssigneeRole
Timestamp Timestamp
Other attributes ClusterGroup

DebugID
Unmapped Activity

ActivtityType
ProcessorID
ProcessorRole

Table C.9.: Mappings for the organizational view (task assignee)

Disco Type CSV Column

Case ID CaseID
Activity ProcessorID

ProcessorRole
Timestamp Timestamp
Other attributes ClusterGroup

DebugID
Unmapped Activity

ActivtityType
AssigneeID
AssigneeRole

Table C.10.: Mappings for the organizational view (task processor)
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C. Tables

C.3. Cluster Group Mappings

C.3.1. Case View

Cluster Case Model Version

GCS1v1 GCS1 Groningen 1
GCS1v2 GCS1 Groningen 2
GCS2v1 GCS2 Groningen 1

GCS2 Groningen 2
GCS2v3 GCS2 Groningen 3

GCS2 Groningen 4
GCS2 Groningen 6
GCS2 Groningen 7
GCS2 Groningen 8

Table C.11.: Cluster mappings for Groningen’s case view
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C.3. Cluster Group Mappings

Cluster Case Model Version

ICS1v7 ICS1 Assuta 1
ICS1 Assuta 5
ICS1 Assuta 6
ICS1 Assuta 7
ICS1 Assuta 8
ICS1 Assuta 9

ICS2v6 ICS2 Assuta 1
ICS2 Assuta 2
ICS2 Assuta 3
ICS2 Assuta 4
ICS2 Assuta 5
ICS2 Assuta 6
ICS2 Assuta 7
ICS2 Assuta 8

Table C.12.: Cluster mappings for Tel-Aviv’s case view

Cluster Case Model Version

LCS1v4 LCS1 Leida 2
LCS1 Leida 3
LCS1 Leida 4
LCS1 Leida 5
LCS1 Leida 6
LCS1 Leida 7
LCS1 Leida 9

LCS2v4 LCS2 Leida 4
LCS2 Leida 5
LCS2 Leida 6
LCS2 Leida 7
LCS2 Leida 8
LCS2 Leida 9

Table C.13.: Cluster mappings for Lleida’s case view
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C. Tables

C.3.2. Stage View

Cluster Case Model Version

GCS1v1 GCS1 Groningen 1
GCS1 Groningen 2

GCS2v1 GCS2 Groningen 1
GCS2 Groningen 2
GCS2 Groningen 3

GCS2v4 GCS2 Groningen 4
GCS2 Groningen 6
GCS2 Groningen 7
GCS2 Groningen 8

(a) Case Identification

Cluster Case Model Version

GCS1v1 GCS1 Groningen 1
GCS1 Groningen 2

GCS2v1 GCS2 Groningen 1
GCS2 Groningen 2
GCS2 Groningen 3
GCS2 Groningen 4
GCS2 Groningen 6
GCS2 Groningen 7
GCS2 Groningen 8

(b) Case Evaluation

Cluster Case Model Version

GCS1v1 GCS1 Groningen 1
GCS1v2 GCS1 Groningen 2
GCS2v1 GCS2 Groningen 1

GCS2 Groningen 2
GCS2v3 GCS2 Groningen 3

GCS2 Groningen 4
GCS2 Groningen 6
GCS2 Groningen 7

GCS2v8 GCS2 Groningen 8

(c) Workplan & Discharge

Table C.14.: Cluster mappings for Groningen’s stage view
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C.3. Cluster Group Mappings

Cluster Case Model Version

ICS1v7 ICS1 TelAviv 1
ICS1 TelAviv 5
ICS1 TelAviv 6
ICS1 TelAviv 7

ICS1v8 ICS1 TelAviv 8
ICS1 TelAviv 9

ICS2v6 ICS2 TelAviv 1
ICS2 TelAviv 2
ICS2 TelAviv 3
ICS2 TelAviv 4
ICS2 TelAviv 5
ICS2 TelAviv 6

ICS2v7 ICS2 TelAviv 7
ICS2 TelAviv 8

(a) Case Identification

Cluster Case Model Version

ICS1v7 ICS1 TelAviv 1
ICS1 TelAviv 5
ICS1 TelAviv 6
ICS1 TelAviv 7
ICS1 TelAviv 8
ICS1 TelAviv 9

ICS2v6 ICS2 TelAviv 1
ICS2 TelAviv 2
ICS2 TelAviv 3
ICS2 TelAviv 4
ICS2 TelAviv 5
ICS2 TelAviv 6
ICS2 TelAviv 7
ICS2 TelAviv 8

(b) Other stages

Table C.15.: Cluster mappings for Tel-Aviv’s stage view

199



C. Tables

Cluster Case Model Version

LCS1v9 LCS1 Lleida 2
LCS1 Lleida 3
LCS1 Lleida 4
LCS1 Lleida 5
LCS1 Lleida 6
LCS1 Lleida 7
LCS1 Lleida 9

Table C.16.: Cluster mappings for Lleida’s stage view of the first study
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C.3. Cluster Group Mappings

Cluster Case Model Version

LCS2v4 LCS2 Lleida 4
LCS2 Lleida 5
LCS2 Lleida 6

LCS2v9 LCS2 Lleida 7
LCS2 Lleida 8
LCS2 Lleida 9

(a) Case Evaluation

Cluster Case Model Version

LCS2v4 LCS2 Lleida 4
LCS2 Lleida 5
LCS2 Lleida 6
LCS2 Lleida 7

LCS2v8 LCS2 Lleida 8
LCS2v9 LCS2 Lleida 9

(b) Workplan after Hospitalization

Cluster Case Model Version

LCS2v9 LCS2 Lleida 4
LCS2 Lleida 5
LCS2 Lleida 6
LCS2 Lleida 7
LCS2 Lleida 8
LCS2 Lleida 9

(c) Other stages

Table C.17.: Cluster mappings for Lleida’s stage view of the second study
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D. Kibana Dashboards

Figure D.1.: Application Performance Monitoring Dashboard
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D. Kibana Dashboards

Figure D.2.: Event Log Overview Dashboard

Figure D.3.: Site Comparison Dashboard
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Figure D.4.: Case Inspection Dashboard

Figure D.5.: GQFI Evaluation Dashboard
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E. Listings

E. Listings

1 version: '3'
2 services:
3 sacm.analytics:
4 image: connecare/sacm.analytics:develop
5 container_name: sacm.analytics
6 ports:
7 # nginx reverse authentication proxy for kibana web interface
8 # ! should be the only exposed port in production use !
9 - "5601:5601"

10 environment:
11 # connection details for API logs database
12 - SACM_ANALYTICS_JDBC_LOGS=jdbc:mysql://<host>:<port>/<db-name>
13 - SACM_ANALYTICS_JDBC_LOGS_USER=<username>
14 - SACM_ANALYTICS_JDBC_LOGS_PASSWORD=<password>
15 # connection details for SACM database
16 - SACM_ANALYTICS_JDBC_DATA=jdbc:mysql://<host>:<port>/<db-name>
17 - SACM_ANALYTICS_JDBC_DATA_USER=<username>
18 - SACM_ANALYTICS_JDBC_DATA_PASSWORD=<password>
19 # connection details for PatientMessages database
20 - SACM_ANALYTICS_JDBC_MESSAGES=jdbc:mysql://<host>:<port>/<db-name>
21 - SACM_ANALYTICS_JDBC_MESSAGES_USER=<username>
22 - SACM_ANALYTICS_JDBC_MESSAGES_PASSWORD=<password>
23 # username/password for HTTP basic authentication provided by nginx
24 - SACM_ANALYTICS_KIBANA_USER=<username>
25 - SACM_ANALYTICS_KIBANA_PASSWORD=<password>
26 # base URL if Kibana can not be reached at the domain root
27 - SACM_ANALYTICS_KIBANA_BASE_PATH=/sacm/analytics
28 # prevent Logstash from starting for read-only deployments
29 - LOGSTASH_START=1
30 # prevent Logstash from exporting the event log during initial import
31 - LOGSTASH_EXPORT=1
32 volumes:
33 # Data directories, to prevent data loss when re-deploying
34 - home/data/elasticsearch:/var/lib/elasticsearch
35 - home/data/logstash:/opt/logstash/data
36 - home/data/kibana:/opt/kibana/data
37 # Logging directories
38 - home/logs/elasticsearch:/var/log/elasticsearch
39 - home/logs/logstash:/var/log/logstash
40 - home/logs/kibana:/var/log/kibana
41 - home/logs/nginx:/var/log/nginx
42 networks:
43 - "xcarebackend"
44 networks:
45 xcarebackend:
46 external:
47 name: connecare-network

Source Code E.1.: Example of a docker-compose.yaml file
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Glossary

ACM adaptive case management. 7 , 8 , 11 , 12 , 32 , 34 , 43 , 44 , 125 

ACQ Asthma Control Questionnaire. 15 

API Application Programming Interface. 4 , 11 , 13 , 17 , 18 , 43 , 44 , 49 –51 , 62 , 64 –67 , 69 , 70 ,
72 , 73 , 76 , 90 , 91 

ASA American Society of Anesthesiologists. 14 , 17 

BPMN Business Process Model and Notation. 8 

CCP complex chronic patient. 3 , 9 –11 , 15 , 16 , 61 , 99 

CCQ Clinical COPD Questionnaire. 15 

CMMN Case Management Model and Notation. 8 , 13 , 14 , 95 , 98 

CONNECARE Personalised Connected Care for Complex Chronic Patients. 3 , 4 , 9 –15 ,
17 –19 , 43 , 44 , 46 , 50 , 60 , 61 , 63 , 66 , 67 , 89 , 90 , 96 , 98 , 99 , 109 , 117 

COPD chronic obstructive pulmonary disease. 14 –16 , 61 , 97 

CP Clinical Pathway. 3 –6 , 8 –11 , 13 , 17 –19 , 23 , 26 –30 , 32 , 35 , 53 –55 , 57 , 125 , 127 

CSS Cascaded Style Sheet. 20 

CSV comma separated value. 65 , 70 , 72 , 74 , 76 , 79 , 80 , 126 

EQ5D EuroQol five dimension scale. 15 , 16 

GFI Groningen Frailty Indicator. 16 

GMA Adjusted Morbidity Groups. 16 

GQFI Goal-Question-Feature-Indicator. 56 , 57 , 61 –63 , 75 , 76 , 96 , 100 , 103 , 110 , 114 –116 ,
119 , 122 , 125 , 126 , 205 

HADS Hospital Anxiety and Depression Scale. 16 
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Glossary

HIS Hospital Information System. 7 , 10 , 11 , 26 , 27 , 32 , 37 –39 , 44 , 56 , 57 , 78 

HRRS human readable random string. 70 

HTML Hypertext Markup Language. 20 

HTTP Hypertext Transfer Protocol. 44 , 45 , 69 , 90 

IEEE Institute of Electrical and Electronics Engineers. 72 

JDBC Java Database Connector. 64 , 66 , 67 , 90 

JSON JavaScript Object Notation. 11 , 13 , 43 , 44 , 62 

KiP knowledge-intensive process. 4 –6 , 8 , 13 , 17 , 19 , 23 –29 , 32 –35 , 47 , 53 , 54 , 79 , 85 –87 , 117 ,
125 

KPI key performance indicator. 56 , 57 

MNASF Mini Nutritional Assessment Short Form. 16 

MUST Malnutrition Universal Screening Tool. 16 

MXML mining eXtensible markup language. 72 , 74 

NRS Nutritional Risk Screening. 16 

PAIS process-aware information system. 7 

PCM production case management. 7 

PDM process diagnostics method. 25 

PM Process Mining. 4 , 7 , 18 , 21 –32 , 34 , 36 –39 , 43 –47 , 49 , 50 , 52 –62 , 64 –70 , 72 , 74 –76 , 78 –80 ,
82 , 84 , 87 , 95 , 125 , 126 

REST Representational State Transfer. 4 , 17 , 31 , 32 , 43 –46 , 50 , 62 , 66 , 90 , 125 

SACM Smart Adaptive Case Management. 4 , 11 –13 , 17 –20 , 44 , 50 , 61 , 62 , 64 –67 , 70 –72 , 86 ,
88 , 99 , 102 , 110 , 111 , 114 , 115 , 117 –120 , 123 , 125 

SF12 Short Form Health Survey with 12 items. 15 , 16 

S-LANSS self-report Leeds Assessment of Neuropathic Symptoms and Signs. 17 

SMS Self Management System. 11 , 64 , 66 , 114 

210



Glossary

SOA service-oriented architecture. 30 , 31 

SOAP Simple Object Access Protocol. 31 

UIM User Identity Management. 12 , 69 

UML Unified Modeling Language. 8 

WOMAC Western Ontario and McMaster Universities Osteoarthritis Index. 17 

XES eXtensible event stream. 72 , 74 , 126 

XML Extensible Markup Language. 13 , 31 , 72 , 80 
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[110] Thérèse Murphy. New Technologies and Human Rights. Oxford University Press, 2009.

[111] National Council for the Professional Development of Nursing and Midwifery. Im-
proving the patient journey: understanding integrated care pathways. Technical re-
port, National Council for the Professional Development of Nursing and Midwifery
(NCPDMW), 2006.

[112] Nature Publishing Group. Embracing patient heterogeneity. Nature Medicine, 20(7):
689–689, July 2014. doi: 10.1038/nm.3632.

[113] Saul B. Needleman and Christian D. Wunsch. A general method applicable to the
search for similarities in the amino acid sequence of two proteins. Journal of Molecular
Biology, 48(3):443–453, mar 1970. doi: 10.1016/0022-2836(70)90057-4.

[114] C. R. Nicolay, S. Purkayastha, A. Greenhalgh, J. Benn, S. Chaturvedi, N. Phillips,
and A. Darzi. Systematic review of the application of quality improvement method-
ologies from the manufacturing industry to surgical healthcare. British Journal of
Surgery, 99(3):324–335, November 2011. doi: 10.1002/bjs.7803.

223

https://www.ebook.de/de/product/25867674/mosby_mosby_s_dictionary_of_medicine_nursing_health_professions.html
https://www.ebook.de/de/product/25867674/mosby_mosby_s_dictionary_of_medicine_nursing_health_professions.html
https://www.ebook.de/de/product/25867674/mosby_mosby_s_dictionary_of_medicine_nursing_health_professions.html


Bibliography

[115] Ellen Nolte, Cécile Knai, and Martin Mckee. Managing Chronic Condi-
tions: Experience in Eight Countries, volume European Observatory Stud-
ies Series. World Health Organization, 2008. ISBN 928904294X. URL
https://www.ebook.de/de/product/8311175/managing_chronic_
conditions_experience_in_eight_countries.html .

[116] Object Management Group. Case Management Model and Notation Specification
Version 1.0, May 2014. URL https://www.omg.org/spec/CMMN/1.0/ .

[117] Object Management Group. Case Management Model and Notation Specification
Version 1.1, December 2016. URL https://www.omg.org/spec/CMMN/1.1/ .

[118] Michael Overduin. Exploration of the link between the execution of a clinical pro-
cess and its effectiveness using process mining techniques. mathesis, Eindhoven
University of Technology, September 2013.

[119] M. Panella. Reducing clinical variations with clinical pathways: do pathways work?
International Journal for Quality in Health Care, 15(6):509–521, dec 2003. doi: 10.1093/
intqhc/mzg057.

[120] Andrew Partington, Moe Wynn, Suriadi Suriadi, Chun Ouyang, and Jonathan
Karnon. Process Mining for Clinical Processes – A Comparative Analysis of Four
Australian Hospitals. ACM Transactions on Management Information Systems, 5(4):1–
18, jan 2015. doi: 10.1145/2629446.

[121] Jonas Poelmans, Guido Dedene, Gerda Verheyden, Herman Van der Mussele, Stijn
Viaene, and Edward Peters. Combining Business Process and Data Discovery Tech-
niques for Analyzing and Improving Integrated Care Pathways. In Advances in Data
Mining. Applications and Theoretical Aspects, pages 505–517. Springer Berlin Heidel-
berg, 2010. doi: 10.1007/978-3-642-14400-4 39.

[122] Nicolas Poggi, Vinod Muthusamy, David Carrera, and Rania Khalaf. Business Pro-
cess Mining from E-Commerce Web Logs. In Lecture Notes in Computer Science, pages
65–80. Springer Berlin Heidelberg, 2013. doi: 10.1007/978-3-642-40176-3 7.
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