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Abstract

Objective: The aim of this study is to guide healthcare instances in applying process analytics on

healthcare processes. Process analytics techniques can offer new insights in patient pathways, workflow

processes, adherence to medical guidelines and compliance with clinical pathways, but also bring along

specific challenges which will be examined and addressed in this paper.

Methods: The following methodology is proposed: log preparation; log inspection; abstraction and

selection; clustering; process mining; and validation. It was applied on a case study in the type 2

diabetes mellitus domain.

Results: Several data pre-processing steps are applied and clarify the usefulness of process analytics in

a healthcare setting. Healthcare utilization, such as diabetes education, is analyzed and compared with

diabetes guidelines. Furthermore, we take a look at the organizational perspective and the central role

of the GP. This research addresses four challenges: healthcare processes are often patient and hospital

specific which leads to unique traces and unstructured processes; data is not recorded in the right

format, with the right level of abstraction and time granularity; an overflow of medical activities may

cloud the analysis; and analysts need to deal with data not recorded for this purpose. These challenges

complicate the application of process analytics. It is explained how our methodology takes them into

account.

Conclusion: Process analytics offers new insights into the medical services patients follow, how medical

resources relate to each other and whether patients and healthcare processes comply with guidelines

and regulations.

Keywords: Patient pathway, Process analytics, Healthcare processes, Electronic healthcare records,

Case study
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1. Introduction

Recently, patients and healthcare processes are increasingly more tracked in electronic healthcare

records (EHR) creating a vast amount of data [1]. These data can provide us with new insights in

applications such as

• discovering the most frequent and exceptional paths of medical services;

• comparing pathways of different patient groups;

• modeling medical resources, e.g. a GP, involved in treatments and analyzing potential bottlenecks

in the workflow;

• analyzing whether patients follow healthcare guidelines, e.g. the American Diabetes Association

(ADA) guidelines, and whether the process complies with healthcare regulations.

More specifically, process analytics (PA) techniques can help us acquire these insights because of

the dynamic perspective they offer on captured reality. This article focuses on the benefits PA can

present to the healthcare environment and more specifically the diabetes domain. Type 2 diabetes

mellitus (T2DM) is a growing and very present disease in our society [2]. Moreover, it raises additional

challenges both from a social and from an informatics viewpoint.

This research presents a novel guide for the application of PA in healthcare. It was applied on a

case study in the diabetes care sector and identifies the opportunities and challenges involved. Section

2 provides an introduction to PA. Consecutively, the case study is described in section 3 and the

specific challenges of applying PA in healthcare are discussed in section 4. The methods are explained

in section 5 and applied to the case study in section 6. Finally, the results are discussed in section 7.

2. Process analytics

Process analytics. This domain refers to the advanced analysis of time-oriented data to derive new

insights. In healthcare, one can define this process of a patient as the different steps, treatments and

drugs he takes, which is sometimes also referred to as the patient’s ‘care journey’. In general, there

are three main streams of application of PA: process discovery, conformance analysis, and process

extension [3]. The former relates to descriptive techniques to evaluate patients’ healthcare steps, the

timing and duration of medical services and possibly the medical resources involved. Conformance
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analysis can involve adherence to guidelines and regulations. Extension, on the other hand, enhances

an existing process model, e.g. a clinical pathway [4]. For each stream of applications, one can focus

on a control-flow, organizational or case (e.g. the patient) perspective. For more information on PA,

the reader is referred to van der Aalst [3] and Mans et al. [5]. The added value of process analytics

in healthcare was already illustrated by Yoo et al. [6] who specifically suggest its suitability for care

processes and performance analysis. Other healthcare applications can be found in Mans et al. [7] and

Mans et al. [5].

Tools. Two PA tools, Disco and ProM, were applied in this research. Disco [8] is a commercial tool

focusing on visualization and user-friendliness. ProM [9] is an open source tool that works with plug-ins

which implement PA techniques.

3. Case description

Our study is carried out on a dataset provided by the Independent Sickness Funds of Belgium

(MLOZ). In Belgium, health insurance is obligated for all its residents and is financed by means of

social contributions of employers and employees. All contributions and reimbursements are controlled

by the Rijksinstituut voor Ziekte- en Invaliditeitsverzekering (RIZIV) through several sickness funds.

MLOZ followed patients with T2DM in the context of a nurse-led telecoaching project [10] and provided

us with the medical services these patients received.

The data was received in the form of several csv files which were combined into one dataset and

prepared as an event log which captures all the activities in which patients are involved. Each row

in this file represents an event which is an occurrence of an activity, namely a medical service. This

event is characterized by a unique case number (the patient), an activity identifier, a timestamp and

optional additional case or activity features. For example, an event can be patient 1 (case) consulting

his GP (activity) on the 6th of June, 2011 (timestamp). We also retrieved various patient data such

as age and gender, as well as data on resource utilization and the costs of care. In total there are

571 patients. Patients range between 18 and 75 years old and were diagnosed with T2DM. They were

followed during one year, starting in 2011. The last registered event occurred in 2013. The granularity

of the timestamp is on the level of a day. This means that we cannot distinguish a sequence of events

in the same day. Arbitrarily, we assume the order of entry as the order of the events per day. Figure 1

provides an extract of the event log as an illustration. The activities in this context are all medical

4



services the patient received including but not limited to diabetic related services. Medical services

are identified by a 6-digit standardized nomenclature code defined by the RIZIV2 which captures the

events only for the purpose of the Belgian national reimbursement scheme of healthcare insurance,

e.g. code 102874 stands for an endocrinologist consultation. In this sense event codes can on the

one hand be very detailed (if different costs are associated) and on the other hand too generic (e.g.

not specifying the subject of a GP visit). All the services are subsequently divided into categories,

identified by Odnoletkova [11]. These categories can be general healthcare services or diabetes specific

healthcare services and are based on a protocol [11] and a report on diabetes by the ‘Intermutualistisch

Agentschap’. In an event log, one can follow a patient over time by filtering the events per case. This

path of activities a patient follows, a patient’s care journey, is referred to as a trace, see Figure 1.

4. Challenges

Rebuge and Ferreira [12] identified four challenges in healthcare PA: (1) highly dynamic processes;

(2) highly complex processes; (3) increasingly multi-disciplinary processes; and (4) ad-hoc processes.

Additionally, we encountered the following difficulties. Firstly, many researchers assume regular

behavior, complemented by process variants, but there is no such thing in our case study. Every

patient follows a unique path and is thus accompanied by a unique flow. This is common for chronic

diseases, such as diabetes, as patients undergo a variety of medical services during their lifetime. In

order to obtain comprehensible models, additional pre-processing of the data is required. Hripcsak

et al. [13] stated with regards to this topic that patients in EHRs tend to be heterogeneous, which

complicates analyses and increases variance. Secondly, there is an abundance of events since each event

is characterized by a numerical RIZIV code. This is a consequence of the fact that we work with data

from an administrative system with a low abstraction level [7]. Thirdly, although these nomenclature

codes are very detailed in one sense, they are not in another. Most of the codes are not linked to

a disease unless the event itself is linked to it. E.g. a visit to the ophthalmologist is not necessarily

linked to diabetes. Fourthly, each patient was only followed during one year, which means that we

cannot research the entire control flow of one patient.

2See Nomensoft database: https://www.riziv.fgov.be/webprd/appl/pnomen/Search.aspx?lg=N
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5. Methods

PA can deliver valuable insights into patients’ care journeys. However, besides existing challenges,

the healthcare domain brings along its own difficulties. Therefore, this research presents a methodology

consisting of six steps towards applying PA on healthcare data. This methodology aims to guide users

through the various challenges encountered while applying PA to EHRs. Moreover, the different steps

must be considered as an iterative process of actions towards well supported conclusions. Klimov

et al. [14], as such, explicitly mention the lack of iterative application as a shortcoming of previous

studies.

Log preparation

Log inspection

Abstraction

& selection

Clustering

Process mining

Validation

Log preparation. This phase involves the aggregation of event data from different data sources [12]

into one event log. Our case study starts with a prepared event log. The aggregation of EHRs brings

along its own challenges [15, 16, 17]. Nevertheless, PA techniques can help identifying and solving data

quality issues.

Log inspection. This phase relates to the first investigation of the data by means of statistics [12] and

simple PA techniques. The goal of this step is to fully understand the dataset and its limitations and

opportunities. Large abnormalities can already be discovered.
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As such, one can analyze which medical resources provided the most medical services and how many

medical services the average patient received. This already provides an abundance of information for

health insurances and medical instances. A common concept in PA is the process map which visualizes

the patient’s care journey. This could be linked to case frequency, i.e. how often a patient received a

service at least once, and absolute frequency, i.e. how often a service is received in absolute terms.

Abstraction and selection. The abstraction and selection phase is a necessary step for unstructured

processes.

Abstraction omits irrelevant details and helps to focus on the most significant aspects of the process.

One solution is to include expert knowledge. Based on a protocol [11] and on communication with

a medical expert, we extracted knowledge about the categories of interest and their nomenclature

codes. Hereafter, we replaced the activities with this abstraction. Remember, however, that one

can no longer discover paths between activities within these categories. Another solution abstracts

activities automatically. Preferably, expert knowledge is still needed to select the patterns of interest.

The pattern abstraction technique [18] groups activities that frequently appear together. The user

can decide to abstract these patterns into a new activity in the event log. This technique can also

be applied iteratively, when the new event log is used as input for the plug-in. Another technique is

activity clustering mining [19]. This technique identifies activities that always happen in series and

that share some characteristics such as identical medical service providers. Both automated abstraction

techniques were selected because of their applicability on healthcare datasets, as explained in Table 1,

and because of their focus on the dynamical aspect of the dataset.

Selection techniques are interesting to focus on a subpart of the event log which often leads to

more structured results. Event logs were filtered per subgroup for certain categories, such as education

in order to compare patients that follow certain guidelines with patients who do not, or such as

‘ophthalmology’ to focus on this aspect of the diabetes process.

Clustering. This phase divides patient traces into separate segments with their own characteristics. A

sub-log is created by clustering the traces in groups that have very similar characteristics. Patients are

thus clustered not (only) based upon the patient data but on the characteristics of their care journeys.

There are two important clustering methods from a process perspective [12], namely trace clustering

and sequence clustering. Trace clustering clusters care journeys based upon trace profiles [20]. A

trace profile contains certain characteristics of the trace that one finds important, e.g. activities,
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a certain sequence of activities, medical service providers, etc. ActiTrac [21] has implemented this

technique. ActiTrac is particularly useful because it explicitly considers fitness measures, because of

its visualization properties, and because of its promising results in a previous benchmark study [22].

Sequence clustering focuses only on the sequence of activities in traces and creates more simple models

than trace clustering [12]. Clustering not only allows to discover more comprehensible models but also

allows to identify or confirm subgroups based upon their behavior.

Process mining. Once the event log is abstracted and clustered, the actual process mining can start.

We refer to van der Aalst [3] for a detailed overview of process mining techniques. The techniques

presented in this paper are the dotted chart analysis [23] and the fuzzy miner [24] from a process

perspective, and the role hierarchy plug-in [[25] in [26]] and the social network miner [27] from an

organizational viewpoint. The dotted chart can provide a quick visualization of the spread of (a

category) of events. This technique was explicitly selected for its visual and comprehensible outcome

which, furthermore, enhances communication with healthcare experts. This may be used for checking

compliance to medical guidelines or for optimization of resources and processes. The fuzzy miner is

particularly useful, especially in a healthcare context, because it is able to cluster events in the process

map, thus providing a more comprehensive process model on a higher abstraction level. It answers

questions such as: ‘Which services are related (clusters)?’, ‘Which services are followed or preceded by

which other services (paths)?’ and ‘How frequently are services consumed?’ Moreover, in an earlier

benchmark study [22], the cluster clarity and cluster detection capabilities of this techniques were

already illustrated. The role hierarchy plug-in is very useful to observe which resources provide a

service the most and the technique is convenient for compliance to regulations. The social network

miner plug-in is interesting for analyzing the dynamics between the medical resources and to improve

the management of internal relationships.

Validation. Finally the results must be presented to the healthcare instance and validated by experts.

Moreover, close contact with experts during the execution of the previous steps is meaningful in order

to guide the analysis.

Techniques for each step of the methodology were taken from the literature and can be consulted

in Table 1. Except when explicitly mentioned, they are all implemented in the ProM toolkit. The

categorization of techniques is not entirely disjunct as some techniques can be applied with different
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goals in mind.

6. Results

6.1. Log inspection

We can visualize the activities by means of a process map. In Figure 2, for example, one can

observe a high use of ambulatory laboratory tests and ambulatory medication. Physiotherapy (22%),

orthopedic services (10%) and opthalmologic services (1%) are not consulted by many patients during

that year, although a yearly visit to an ophthalmologist is recommended by ADA for patients suffering

from T2DM. This process map was discovered on an event log with activities abstracted in general

healthcare activities [11], see Section 5 ‘Abstraction and selection’, and as such illustrates the impor-

tance of an iterative approach. The arcs in the process map represent the most commonly followed

paths and are weighted with the number of patients that have at least once taken the path. The

nodes represent the activities weighted by the number of patients that have at least once received a

service from that category. In general, the darker, the more common a node or arc is in a patient’s

care journey. The triangle symbol indicates the start of the process map and the rectangle signifies

the end.

Furthermore, we can visualize which drugs are frequently consumed and if they are often taken in

combination with other drugs. In Figure 3 one can observe that blood glucose lowering drugs (A10B)

are regularly succeeded by or taken concurrently with beta blocking agents (C07), ACE-inhibitors

(C09) or lipid modifying agents (C10). This process map was discovered on an event log filtered on

medication events, see Section 5 ‘Abstraction and selection’.

6.2. Abstraction and selection

We applied the pattern abstraction [18] plug-in on diabetes specific activities. This suggested,

for example, the pattern ‘Cholesterol in serum’, ‘Creatinine in serum’ and ‘HbA1c’. Furthermore,

the activity clustering miner [19] was applied. This provided minimal conflict-free sets3. As such,

one cluster aggregates the following activities: ‘fixed-rate honorarium radiology’; ‘mammography per

breast and armpit’; ‘ultrasound of one or both breast’; and ‘consult ambulant radiology’.

3Set is used to denote a group of clusters of events. Clusters are said to be in conflict if they share at least one

identical event. For more information the reader is referred to Günther and van der Aalst [19].
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6.3. Clustering

We applied ActiTrac [21] with the maximal amount of clusters set to 10. The result was 10 clusters

of which 9 contain one trace and the rest category contains the remaining 562 traces, an indication

that the degree of trace variants is extremely high. As such, ActiTrac aims at clustering the typical

behavior in the first 9 traces and the remainder in a final rest cluster. However, in this application no

typical behavior could be found, i.e. each trace is unique. This indicates that the discovered process

model is not well able to capture the behavior contained in the event log. We repeated this analysis

on the event log with a higher abstraction level which provided similar results.

6.4. Process mining

Diabetes education analysis. Given the complexity of T2DM, it is recommended by ADA that patients

follow diabetes education in order to prevent further progression. We applied a dotted chart analy-

sis [23] on education events of a specific group of patients. The dotted chart is represented in Figure 4.

In the dotted chart one can observe the patients on the vertical axis and the days on the horizontal

axis. The dots represent consumptions of education services. The following activities are relevant

(based on [11]): ‘Follow-up of the patient on insulin’; ‘Education of diabetes patients’; ‘Education in

case of complications’; ‘Yearly rate for education of care trajectory patients’; ‘Increased yearly rate for

patients who start self-regulation’ and ‘Yearly rate for general coaching’. The three latter activities

are billing activities. A relative time line was used, so every first service starts at time zero.

One notices that more than half of the patients follow diabetes education activities only once or

twice a year. Moreover, these events are often billing services. There are some patients who follow

diabetes education more frequently, but with not much days in between the activities. As such, the

average spread between education services per patient in this group is 11.18 days. These activities are

mostly education of diabetes patients.

Organizational perspective. The role hierarchy miner plug-in [[25] in [26]] illustrates which provider

delivers which services. As the system registers only legal provider-service combinations, no surprising

combinations are found. However, not all combinations make sense at first glance. For example, the

combination of provider ‘anesthetist and cardiologist’ with the activity ‘Orthopedic shoes and artificial

limbs’ activity seems curious. Drilling down on this service gives two times an event which stands for

special running shoes, an activity that should be under supervision of an orthopedist. As such, this

techniques proves its usefulness for conformance checking to hospital or regulatory policies.
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The handover of work between providers can be analyzed by means of the social network miner [27].

Figure 5 (a) shows the handover of work map which only includes connections with a weight of at least

10%. This weight represents the ratio of the total amount of times a transfer occurred and the number

of medical service providers that could have succeeded the provider of the transfer. One can observe

that the GP is a center point who refers to a lot of specialists and that patients return to their GP after

their visit to a specialist. Specialists are also handing over work to themselves or similar specialists,

as shown in Figure 5 (b).

Analysis of the event log by means of fuzzy miner. Fuzzy miner [24] was applied on a log which contains

no events related to drug intake and which was pre-processed by means of sequence clustering, see

Section 5 ‘Clustering’. The resulting fuzzy maps illustrate that the most important activities are

on one side basic healthcare activities like wound care or first aid and on the other side dosing and

counting activities, which are related to each other through various types of tests. For an illustration

of a fuzzy map we refer to Figure 6.

7. Discussion

The log inspection phase provided interesting visualization results. The process map already indi-

cates that the diabetes guidelines developed by ADA were not well followed regarding ophthalmology.

Another process map indicated that almost all patients took at least once blood glucose lowering

drugs, which is sensible for diabetic patients, and that they often take consecutively or concurrently

beta blocking agents, ACE-inhibitors or lipid modifying agents, which are often taken in combina-

tion (e.g. C10B). After the log inspection phase, the abstraction and selection phase follows. These

techniques mainly focus on pre-processing, but can already provide meaningful results. For example,

activity clustering mining aggregates services that happen closely together, such as a mammography.

Hence, one can investigate which services are performed on the same day and by the same department

in order to optimize workflow processes, an important part of modern health information systems [28].

The clustering phase aims to pre-proces the event log, but can also deliver promising results by sug-

gesting subgroups within patient behavior. For example, one could check if the patients of the different

clusters share some characteristics such as the stage of their disease. The process mining step sug-

gested interesting results for diabetes education services. A possible explanation is that patients are

mostly interested in an intense course of diabetes education in a short period of time. The social
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network miner takes an organizational perspective and visualized some medical resources who referred

to themselves. This could indicate that the specialists are following up on the patient’s condition.

Moreover, the GP seems to still be a center point in the care journey of the patients.

7.1. Contribution of the research: addressed challenges

The contribution of this research is the proposal of a guide designed to deal with the specific

challenges of PA in healthcare. The following challenges were met during the case study and it is

discussed how our methodology can contribute to each of them.

Addressed challenge 1: irregular behavior. There is not always a logical sequence in the services patients

consume due to patient-specific treatments. Especially for chronic diseases the paths of services become

very irregular and unique. This irregularity can be quickly spotted in the log inspection phase. Once

the problem is determined, an abstraction and selection step could be applied. The pattern abstraction

plug-in [18] or activity clustering miner plug-in [19] can be applied to abstract services and their internal

paths into higher level categories. Selection can be applied to focus on a subset of the behavior, e.g.

diabetes education behavior. An alternative or complementary step is to opt for a clustering phase in

order to cluster similar traces. If the traces are not similar enough, not much gain will be achieved

if one does not carefully apply abstraction and selection first. Moreover, it is advised to focus on

clustering traces based on other characteristics than the sequence of services as can be done by means

of trace clustering. Often patients do follow similar events, but in other sequences which makes their

behavior so unique.

Addressed challenge 2: data abstraction levels and time granularity. Data that is not collected for the

purpose of analytics can raise additional challenges. We experienced highly detailed data with a low

time granularity. If data can be prepared or registered in an adjusted way, this problem can potentially

be solved in the log preparation phase. Too detailed events can be abstracted or a filtering technique

can be applied. It is recommended to combine abstraction and selection with process mining plug-ins

such as fuzzy miner to improve results even further. Unfortunately, there has not been much research

done on low time granularity. Lakshmanan et al. [29] propose a solution which could potentially be

further generalized. Additionally, events can be modeled as a “series of sequential activities” [30] when

the ordering of these events is not of importance.
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Addressed challenge 3: an abundance of events. An abundance of events if often due to irregular

behavior and/or too low abstraction levels of the activities. If the problem continues after abstraction

and clustering techniques, further selection steps are recommended. Experts can consecutively apply

our methodology for each subgroup of either events or patients whereupon results can be aggregated.

Addressed challenge 4: data quality. Hripcsak and Albers [16] summarize four common problems

with EHRs: completeness, accuracy, complexity and bias and they, moreover, express a need for a

better understanding of these challenges. Also in our dataset we encountered these problems due

to the fact that the data is aggregated from multiple health institutions, the high complexity of the

processes, the high use of narrative notes and text data and, most importantly, the fact that the

data was collected for the purpose of reimbursement. Specifically in the T2DM domain there is some

disagreement on treatment practices, guidelines and comorbidities of the disease which leads to an

even higher complexity. For this purpose, the methodology can be applied in a different manner.

Instead of applying techniques on data to achieve new insights in patient processes, new insights in

the data and data quality can be obtained. The abstraction plug-ins can suggest similar services or

common paths of treatments to medical researchers. Clustering can offer additional insights to experts

regarding comorbidities indicating which treatments are frequently offered to patients. Finally, the

process mining step itself can offer new insights and suggest data quality problems. In addition, PA

techniques can help to develop and validate clinical pathways.

7.2. Recommendations for future work

First, some of the PA techniques could be further adjusted to healthcare processes. For example,

natural language processing techniques could improve abstraction techniques where event logs contain

highly textual data. Secondly, we remark some interesting features for enhancement of the process

maps. As such, it can be interesting to add a cost perspective of activities alongside the case and

absolute frequencies. Potentially this could be complemented by other customizable perspectives such

as a focus on drug consummation. Finally, literature suggests some data mining techniques to analyze

certain aspects of healthcare. There are techniques that were composed to deal with unstructured and

low abstraction level data [31]. Nevertheless, these techniques are not able to deal with the dynamic

nature of processes in the way PA does. A combination of these two fields could improve the results.

We believe a further elaboration of the use of case data in order to better predict medical services or

even costs would improve the results. The inclusion of the cost perspective in PA techniques, where
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one links costs to medical services and tries to predict medical services and their costs based on the

previous path of a patient (in addition with case data), could deliver promising results to the healthcare

and diabetes domain of today.

8. Conclusion

PA is a relatively new research field with already promising results for the healthcare environ-

ment [32, 31, 33, 29, 34, 7, 12, 6]. By obtaining deeper insights into medical processes, medical

instances such as hospitals and health insurance companies can focus on the optimization of processes,

predicting patient outcomes and costs, resource optimization and compliance to patient guidelines or

medical regulations. We highly encourage further research and application of PA in healthcare to

explore these opportunities. In the view of the aging population, an increasing demand of healthcare

services and a growing availability of data, PA has a good potential to support healthcare optimization.
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Figures

Figure 1: Extract from the event log. (This is a 1.5-column fitting image)
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Figure 2: Process map of general healthcare activities with case frequencies (in absolute terms and in percentages)

displayed. Only the top 20% most common traces are included. (This is a 2-column fitting image)
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Figure 3: Process map of drugs with only the top 50% of most common traces included. The darker, the more frequent

a certain drug is taken in a patient’s care journey. (This is a 2-column fitting image)
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Figure 4: Dotted chart of diabetes education activities. One can observe the patients on the vertical axis and the days

on the horizontal axis. The dots represent consumptions of education services. A relative time line was used, so every

first service starts at time zero. (This is a single column fitting image)

22



Figure 5: Handover of work: (a) GP performs a central role; (b) follow-up by specialists. (This is a 1.5-column fitting

image)
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Figure 6: Fuzzy miner map as an illustration of the frequent occurrence of wound care and first aid activities, and dosing

and counting activities. These two types of activities are connected through various testing activities. (This is a single

column fitting image)

Tables
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Table 1: Use cases extracted from previous research

Use case Description Limitations

Log preparation

Dealing with

events on the

same day [29]

For events with a too low time granularity. The

goal of this algorithm is to reduce the number of

events happening at the same time. This will help

to present processes correctly and deal with the

problem of “pattern explosion”. This method is

implemented as part of a BPI platform.

For the detection of clinical event packages expert

knowledge is needed. The algorithm was devel-

oped within the perspective of clinical pathways,

which are often hospital-specific and must be pre-

defined.

Sequentializing

events [30]

Suriadi et al. [30] observe that in some cases the

strict ordering of events is unimportant. As such,

the process model will show these events as “a

series of sequential activities”.

This technique requires expert knowledge to de-

termine in which cases the ordering of events is

unimportant.

Abstraction & selection

Pattern abstrac-

tions [18]

The technique includes pre-processing by means

of abstraction in order to reduce the number of

events and paths.

N.A.

Temporal ab-

straction [35]

Moskovitch and Shahar [35] applied data mining

techniques on a diabetes case with unstructured

processes and low abstraction levels.

It is in essence a data mining technique, which

means that it does not take advantage of the dy-

namics of processes. Abstraction events would

have to be defined beforehand since it is a classi-

fication tool and is meant to discover rules.

Activity

Miner [19]

Günther and van der Aalst [19] propose a clus-

tering technique to group low-level events from

the log in the actual activities by recognizing an

activity as a recurring pattern. There are three

stages: initial scan; aggregation pass; final selec-

tion.

As the algorithm is based on the notion of prox-

imity, the duration of activity executions must

be significantly larger or smaller than the wait-

ing time between distinct activities for a certain

trace [19].

Drill-down

and drill-up

approach [31]

The drill-up approach looks at a log from the or-

ganizational perspective. It shows the path be-

tween departments instead of the path between

activities. The drill-down approach looks at a

particular sample of the dataset and compares

the results of a mining plug-in with specialized

knowledge.

Drill-up is a broad approach. The result can give

you a view on the paths between departments.

For more detail, on the providers or activities, one

needs to drill down afterwards. The drill-down

approach requires expert knowledge to perform

data selection and rules or it requires guidelines

to perform compliance checks.

ViTa-Lab

framework [14]

This framework applies filtering mechanisms

based on regular expressions. It is a stand-alone

implementation.

N.A.
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Clustering

ActiTrac and

the application

of data and text

mining [21]

The authors present a novel approach for trace

clustering. They apply a separate cluster for

atypical behavior. To deal with this cluster they

propose a combination of data and text mining

on process and case data.

There is a need for clearly prescribed processes

and a limited amount of deviations. End goals

need to be defined in advance in order to apply

the data mining step. Text details are necessary

to apply text mining.

Sequence clus-

tering [36]

Clustering is based on the sequences of the traces

using first-order Markov chains. The plug-in also

contains several features for pre-processing.

The technique requires a limited amount of trace

variants.

Process mining

Fuzzy

Miner [24]

This technique creates a process map taking into

consideration significance and correlation of edges

and nodes. The process maps automatically clus-

ters activities. Only the most significant activi-

ties are shown.

Even with fuzzy miner incomprehensible models

can arise.

Discovering

data-aware

declarative pro-

cess models [37]

A combination of case and process data is used to

predict events. The goal is to discover conditions

on rules.

The technique requires a sufficiently large time

span.

Social network

discovery [27]

This technique mines social networks based on

‘provider’ information.

N.A.

Role Hierarchy

miner [[25] in

[26]]

This technique provides more information about

which resources perform which activities.

The comprehensibility of the produced graph

could be improved.

SCP-miner [33] This technique deals with diversity of traces look-

ing at the most frequent behavior as clinical path-

ways. The approach can be applied iteratively.

The approach is implemented in C#.

All events are assumed to be clinical events, which

are often hospital-specific. Moreover, it requires

a complete pathway for patients.

Decision

miner [38]

This approach analyses how data attributes in-

fluence the choices made in the process based on

part process executions. Decision point analysis

discovers which properties of a case might lead to

certain paths in the process.

The technique requires a limited set of trace vari-

ants.

Dotted chart

analysis [23]

The dotted chart is a fast tool to visualize the

spread of events.

The plug-in has no filtering abilities, so filtering

needs to be done beforehand.

Scatter dia-

gram [14]

This diagram represents visually specific mea-

surements of patients on a relative time scale.

This is extended by maximal, minimal and means

values of patients. The technique was imple-

mented in the ViTa-Lab framework.

N.A.
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