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a b s t r a c t

Process Mining focuses on extracting knowledge from data generated and stored in corporate informa-
tion systems in order to analyze executed processes. In the healthcare domain, process mining has been
used in different case studies, with promising results. Accordingly, we have conducted a literature review
of the usage of process mining in healthcare. The scope of this review covers 74 papers with associated
case studies, all of which were analyzed according to eleven main aspects, including: process and data
types; frequently posed questions; process mining techniques, perspectives and tools; methodologies;
implementation and analysis strategies; geographical analysis; and medical fields. The most commonly
used categories and emerging topics have been identified, as well as future trends, such as enhancing
Hospital Information Systems to become process-aware. This review can: (i) provide a useful overview
of the current work being undertaken in this field; (ii) help researchers to choose process mining algo-
rithms, techniques, tools, methodologies and approaches for their own applications; and (iii) highlight
the use of process mining to improve healthcare processes.

� 2016 Elsevier Inc. All rights reserved.
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1. Introduction

The provision of quality hospital services depends on the suit-
able and efficient execution of processes. Healthcare processes
are a series of activities aimed to diagnose, treat and prevent any
diseases in order to improve a patient’s health. These processes
are supported by clinical and non-clinical activities, executed by
different types of resources (physicians, nurses, technical special-
ists, dentists, clerks) and can vary from one organization to another
[1]. It is known that healthcare processes are highly dynamic, com-
plex, ad-hoc, and are increasingly multidisciplinary [2], making
them interesting to analyze and improve. Healthcare processes
improvement might have a high impact on the quality of life of
patients. However, improving them is not an easy task and several
challenges are always present. There is always the need to reduce
the cost of services and improve capabilities to meet the demand,
reduce patient’s waiting times, improve resources productivity,
and increase processes transparency.

The analysis of both clinical and administrative processes can
be useful in meeting these objectives, as well as helping to respond
any related questions posed by experts. In the past, different
strategies have been used to analyze hospital processes, including
Business Process Redesign [3], Evidence Based Medicine [4], and
Lean [5], among others. This research paper concentrates on the
progress made using an emerging discipline, known as Process
Mining [6].

Process mining is a relatively young research discipline; [7,8]
can be highlighted among the seminal articles. It focuses on
extracting knowledge from data generated and stored in the data-
bases of (corporate) information systems in order to build event
logs [6]. An event log can be viewed as a set of traces, each contain-
ing all the activities executed for a particular process instance.
Process-Aware Information Systems (PAIS) [9] are systems that
are readily able to produce event logs. Specific examples of such
applications include Enterprise Resource Planning systems (e.g.,
SAP1), Customer Relationship Management Systems (e.g., Sales-
force2), and Hospital Information Systems (e.g., HIS [10]). Event log
data are not limited simply to the data from these applications, as
many other systems can also provide useful data about process exe-
cution. Moreover, data relating to a complex process may come from
more than one single source of information.

Fig. 1 shows a general outline of the application of process min-
ing in healthcare. Normally, any activity executed in a hospital by a
physician, nurse, technician or any other hospital resource to give
care to a patient is stored in a HIS (compound of databases, sys-
tems, protocols, events, etc.). Activities are recorded in event logs
for support, control and further analysis. Process models are cre-
ated to specify the order in which different health workers are sup-
posed to perform their activities within a given process, or to
analyze critically the process design. Moreover, process models
are also used to support the development of HIS, for example, to
understand how the information system is expected to support
the process execution.

There are three main types of process mining: process discov-
ery, conformance checking, and enhancement. In [6], it is explained
how automatic process discovery allows process models to be
extracted from an event log; how conformance checking allows
monitoring deviations by comparing a given model with the event
log; and how enhancement allows extending or improving an
existing process model using information about the actual process
recorded in the event log.

Having an accurate model of the real behavior of a process
improves the capacity of specifying and implementing the process
requirements in the HIS that support the process, configuring any
additional requirements not included in the system, and support-
ing the process analysis. In addition, the author in [6] notes the
possibility of extending the analysis through other approaches,
such as organizational mining, automatic construction of simula-
tion models, model extensions, model repair, predicting process
behavior, and recommendations based on history.

Healthcare processes are seen as an area with complex models
and which are subject to significant variation over time [2]. Theses
variations are caused by multiple factors, including the different
conditions of patients and the multiple ways and sequences in
which activities can be performed by the resources (physician,
nurse, and other healthcare professionals).

The ability to use techniques for discovering process models
and analyzing their performance provides valuable opportunities
for taking advantage of information stored in HIS event logs. Using
process mining techniques in healthcare processes not only
ensures such procedures can be firmly understood, but can also
generate benefits associated with process efficiency. For example,
they can improve the quality of provided services as well as having
a positive impact on the management of medical centers.

Besides improving the management of medical centers, addi-
tional benefits can be obtained through the application of process
mining in healthcare. It can help to identify and understand the
real behavior of resources and the patients; to come up with sug-
gestions for redesigning the process; to analyze the performance
and to reduce waiting and service times; to obtain insight and
improve the collaboration between peers; to predict the behavior
of patients according to previous cases; to add additional informa-
tion to activities such as patient data; to identify which are the
activities causing bottlenecks in the process; and can help to iden-
tify decision rules applied in different cases.

In order to identify opportunities for applying process mining, it
is crucial to be able to understand frequently asked questions
posed by healthcare experts regarding such processes. In this study
several frequently posed questions were identified in Section 3.3.

The process mining research area has been used in the field of
healthcare processes for discovering process models from event
logs [11–13], for conformance checking [14,15], and analyzing
social networks [12,13,16], among others.

This study aims at identifying and characterizing the case studies
where process mining has been applied in the healthcare domain,
providing an overview of the state of the art of this field, helping
and guiding researchers on what path to followwhen applying pro-
cess mining techniques, methodologies, algorithms and tools; and
highlighting some of the advantages of using this discipline.

1 http://go.sap.com.
2 http://www.salesforce.com.
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2. Research method

2.1. Background and objectives

Previously, there have been only a few literature reviews about
data mining and process mining in the healthcare domain. We
have identified some reviews of the application of data mining in
several medical fields [17–23]. Regarding process mining in health-
care, there is only a short and specific literature review devoted to
case studies related to clinical pathways [24]. However, there is no
comprehensive study that collects, characterizes and contextual-
izes all case studies where process mining has been applied in
the healthcare domain.

This review has two main objectives:
Objective 1: Identify and describe existing case studies where

process mining has been applied to healthcare processes.
Objective 2: Generate a characterization of existing case stud-

ies, including a description of the most important aspects, such
as techniques applied, used tools, and data types, among others.

None of the previous objectives has been explored in detail in
the past, making this literature review a significant contribution
to understanding the overall context of the area and promoting
the future application of process mining techniques in the health-
care domain.

2.2. Review questions

A set of questions to guide the review were proposed:
Question 1: Are there any published case studies where process

mining techniques and algorithms have been applied in the health-
care domain?

Question 2: What are the main characteristics of the case stud-
ies where process mining techniques and algorithms have been
applied in the healthcare domain?

Question 3: What are the current results and future trends of
the case studies where process mining techniques and algorithms
have been applied in the healthcare domain?

2.3. Bibliographic search process

The strategy used for the comprehensive literature search was
conducted in three stages. Fig. 2 outlines the process implemented
for the search and selection of research material for this review.

The first stage covered the search for papers in three general
databases, PubMed, dblp and Google Scholar, using a combination
of the keywords ‘‘process mining” or ‘‘workflow mining”, and
‘‘healthcare”. These keywords were used to try to identify the high-
est amount of case studies where process mining has been used in
healthcare; they were very general so as to include any possible
case study. The search was done by the lead author and another
of the authors, independently. For the PubMed search the medical
expert was the other author involved. Table 1 shows the number of
articles found in each database. Notice that in PubMed, as the ini-
tial search did not provide any results and given the disciplinary
nature of this database, we also carried out a search only using
the keywords ‘‘process mining” and ‘‘workflow mining”. In Google
Scholar, the search was conducted in the incognito mode, using the
option ‘‘Search for English results only” and not including patents.
Google Scholar only allows access to the first 1000 results of the
search, but that seems enough since even in the last 10 pages
viewed (901–1000), no relevant items were found.

Afterwards, each reviewer revised the title, abstract, and key-
words of each of these papers looking for significant articles about
the application of process mining in healthcare. After this initial
screening, the articles were reduced to 23 from PubMed, 12 from
dblp and 68 from Google Scholar, for a total of 103 papers. After
removing the repetitions, 73 were left for the next stage.

The second stage consisted of analyzing articles contained in
the case studies repository of the Health Analytics using Process
Mining Team from the Department of Mathematics and Computer
Science at the Eindhoven University in the Netherlands.3 The goal
of this repository is to provide an overview of all scholarly publica-
tions about real-life application of process mining in healthcare, and

Hospital

Physicians

Nurses Pa ents

Family

Data

Protocols
Events

Supports / 
Controls

Records events

Discovery

Conformance

Enhancement

Models
Analyzes

Fig. 1. Process mining in healthcare (based on [6]).

3 http://www.processmining.org/health/papers.
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contains case studies from different research groups around the
world. This stage was executed by the lead author. 59 papers were
extracted from the repository.

In the third stage, first the articles from the web searches and
the repository were unified. The abstract of each of them was then
analyzed by all the authors, applying the inclusion/exclusion crite-
ria and deciding which papers were to be included in the final
review. A total of 90 case studies were selected to be analyzed in
full detail: 31 from the web searches only, 17 from the repository
only, and 42 from both of them. The 90 case studies were reviewed
in greater detail by at least two authors, selecting 74 to be included

in the synthesis and excluding 16 because they did not include pro-
cess mining techniques per se.

The source of the selected 74 articles was: 22 from the web
searches, 16 from the TU/e repository, and 36 from both of them.
They included journal articles, conference presentations, postgrad-
uate and doctoral theses, and a book specific to the area. A com-
plete list of the case studies analyzed in this review can be found
in Appendix A. For each one of the reviewed case studies, the most
important aspects were identified and analyzed. This included, for
example, the methodologies used, the techniques and tools
applied, and the medical field from which the data were acquired.
Additional aspects could be identified from the case studies, but
being this an exploratory analysis, only the main characteristics
were included (see Section 6 for Limitations of the study). These
main characteristics refer to the common aspects found in the case
studies analyzed.

2.4. Inclusion criteria

Following are the inclusion characteristics (IC) used to add a
case study to the analysis:

IC 1: All identified articles that include a case study where pro-
cess mining techniques or algorithms have been applied in the

Ar�cles included in the synthesis (n=74)

Ar�cles iden�fied from Web searches 
using keywords such as: 

“process mining”,
“workflow mining”
 and “healthcare”

(PubMed, dblp and Google scholar 
n=2093)

Results a�er General Screening of Title 
and Abstract (n=103)

PubMed = 23
Dblp = 12

Google Scholar = 68

Duplicates removed (n=73)

Stage 1

Ar�cles iden�fied from repository: 
Papers About Process Mining in 

Healthcare 
(www.processmining.org\Health\

papers n=59)  

Stage 2

Stage 3
Unified ar�cles from the web searches and the repository

Full-text ar�cles reviewed in greater detail (n=90)

Web Search 
only = 31 Both = 42Repository 

only = 17

Fig. 2. Search strategy diagram.

Table 1
Initial web search results.

Keywords PubMed dblp Google Scholar

‘‘Process Mining” ‘‘Healthcare” 0 13 1670
‘‘Workflow Mining” ‘‘Healthcare” 0 0 384
‘‘Process Mining” 26 NA NA
‘‘Workflow Mining” 0 NA NA

Totals 26 13 2054
Total = 2093

E. Rojas et al. / Journal of Biomedical Informatics 61 (2016) 224–236 227



healthcare domain. The degree of analysis is not significant as
inclusion criteria.

IC 2: All articles published until February 8, 2016.
IC 3: Only publications in English were included.

2.5. Exclusion criteria

Following are the exclusion characteristics (EC) used to discard
a case study from the analysis:

EC 1: Articles that do not include evidence of a case study of
process mining in healthcare were excluded.

EC 2: Case studies regarding Clinical Pathways were excluded.

2.6. Quality assessment

To guarantee the quality of the search process a series of activ-
ities were undertaken. The initial extraction, analysis and evalua-
tion of the case studies from the web searches in stage one were
done manually by the lead author and at least one additional
author. The search by keywords was performed in February
2016. All the web searches were done on an incognito mode with-
out cookies or login to guarantee the quality of the results and
avoid any impact of previous searches.

In stage three, all authors read the abstracts and verified which
article should be included or excluded. Any disagreements with the
inclusion/exclusion of a case study were resolved through discus-
sion. In addition to these activities, geographical and medical fields
analysis were undertaken to analyze the global representativeness
of the case studies analyzed. The geographical analysis of the arti-
cles matches with the location of leading research groups in the
process mining field around the world; the authors that more often
appeared through the different case studies also match with these
groups. The medical field could not be used as a quality assessment
characteristic because process mining, being an emerging disci-
pline, has not yet been used in all medical fields. However, it is a
relevant aspect to analyze. On one hand, the existence of authors
who have analyzed various data sets in specific medical fields,
allows identifying medical fields where process mining has proved
its effectiveness. On the other hand, identifying those medical
fields where no case study has yet been reported might encourage
other authors to explore the usage of process mining on them in
the future.

3. Results

By analyzing the literature addressing the application of process
mining in healthcare, a content study was performed. This study
identified and classified the relevant common aspects found on
those articles. Table 2 outlines a general view and a summary of
only the most significant characteristics of these aspects, which

are then explained in greater detail below. The complete list of case
studies is referenced in each corresponding section.

Sections 3.1 and 3.2 demonstrate the classifications according
to process type and data type. Section 3.3 outlines the most fre-
quently questions posed by experts. Section 3.4 identifies the anal-
ysis perspectives of process mining. Sections 3.5 and 3.6 outline
the tools and techniques used in each case study, while Section 3.7
demonstrates the methodology used for their application. Sec-
tion 3.8 outlines the implementation strategies of each case study,
while Section 3.9 shows the analysis strategies. A geographic clas-
sification of the case studies was undertaken in Section 3.10, while
an analysis according to the particular medical field in question
was conducted in Section 3.11.

3.1. Process types

Process analysts agree about the relevance of being able to iden-
tify different types of hospital processes. That way, process mining
techniques and algorithms can be applied correctly and appropri-
ately. Four papers of the 74 (5%) specify a classification of
processes.

Dumas et al. [9], Refuge et al. [25] and Kaymak et al. [26], spec-
ify the existence of two types of hospital processes: medical treat-
ment processes and organizational processes.

The Medical Treatment Processes are the clinical processes
responsible for managing patients, including tasks ranging from
diagnosis to the execution of actions for alleviating each patient.

The Organizational Processes focus on the organizational under-
standing of processes, capturing collaborative information from
professionals and their organizational units. For example, this
includes assigning tasks by shift and transferring medical informa-
tion and knowledge between the different types of resources.

Another classification arising from the studies analyzed has
been compiled by Mans et al. [1], whereby operational healthcare
processes are divided into two types: the first relates to non-
elective care, including medical emergencies; and the second
relates to elective care, which includes scheduled standard, routine
and non-routine procedures.

3.2. Data types

The types of data determine the processes able to undergo anal-
ysis. In addition, the content of these data is used to build the event
logs, which allow the process mining techniques to be executed.
These event logs relate to the information records containing data
from an event associated with an activity, executed through a pro-
cess, and within a particular case [6]. Only two case studies include
classifications of data (3%), which are described as follows:

The first classification is proposed by Kaymak et al. [26], based
on data used in their case study. It includes: the vital signs, which

Table 2
Main aspects in the reviewed studies.

Aspects Summary

Process types Two classifications: Medical Treatment Processes and Organizational Processes [9,25,26]; or Non-elective and Elective Care [1]
Data types Two classifications: Vital signs, events, bolus drugs, infusion drugs and inhalation drugs [26]; or Data from administrative systems, clinical

support systems, healthcare logistic systems, and medical devices [27]
Frequently posed questions Two types: Specific [27,28] (e.g., do we comply with internal and external guidelines?); or generic [1] (e.g., what happened?)
Process mining perspectives Four perspectives: Control Flow [11–13,16,25], Performance [11–14,29], Conformance [14,15,30,31] and Organizational [11–13,16,32]
Tools Three tools: ProM, Disco and RapidProM
Techniques or algorithms Three main techniques or algorithms: Fuzzy Miner [14,15,33], Heuristics Miner [14,16,34] and Trace Clustering [11,15,35]
Methodologies Three main methodologies: Clustering Methodology [25,35–37]; L⁄ life-cycle Model [38,39] and Ad Hoc Methodologies [40–42]
Implementation strategies Three implementation strategies: Direct [11,13,33,43,44], Semi-Automated [45] and using an Integrated suite [25,46–48]
Analysis strategies Three analysis strategies: Basic, without new implementation [11,16,29,34,49], with new implementation [12,15,34,50] or with analysis

from other fields [43,48,50–52]
Geographical analysis Two main countries: The Netherlands and Germany
Medical fields Two main medical fields: Oncology and Surgery
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relate to data subject to ongoing monitoring, such as heart rate; the
events, which are data relating to a series of steps taken in a pro-
cess, such as the emergency room process; and the personal data
of patients. This classification also includes data relating to doses
of bolus drugs, infusion drugs and inhalation drugs.

The second classification is introduced by Mans et al. [27] and is
established in accordance with the data source and its level of
abstraction, accuracy, granularity, directness and correctness. The
authors, in turn, establish four data sub-types: The first relates to
the data from administrative systems, which includes data from
the administration of accounting services, for example, payment
administration software. The second relates to the data from clini-
cal support systems, which includes any information system from a
particular department in a medical center, based on its specific
requirements. For example, this might include software used in
pediatrics. The third relates to the data from healthcare logistic sys-
tems, which includes all data that support the operational process
of the medical center, such as the administration of staff shifts. The
fourth and final type relates to the data from medical devices, such
as an X-ray machine.

Ensuring a clear understanding of the available data types helps
experts to build event logs and apply process mining in the correct
manner.

3.3. Frequently posed questions

Process mining techniques and algorithms provide specialists in
medical processes the ability to respond to frequently posed ques-
tions about these processes, thereby generating improvement
opportunities. According to the frequently asked questions posed
by experts, specific data and information should be compiled.
Two studies included classifications of frequently asked questions
(3%). Mans et al. [27] and Rojas et al. [28] outline five frequently
asked questions posed by medical experts: What are the most
commonly followed paths and what exceptional paths are fol-
lowed? Are there any differences between care paths followed by
different patient groups? Do we comply with internal and external
guidelines? Where are the bottlenecks in the process? And what
are the roles and social relationships between medical staff? These
questions are updated and established generically in [1] in order to
guide the different possible analysis types with process mining:

– What happened?: identifying the need to discover the process
executed and its activities (e.g., what is the typical working
day of a surgeon?).

– Why did it happen?: understanding the activities and circum-
stances characterizing the situation/action (e.g., what caused
the long waiting list?).

– What will happen?: identifying the circumstances of when or
how a specific activity will take place (e.g., is this patient likely
to deviate from the normal treatment plan?).

– What is the best that can happen?: identifying possible steps
towards specific improvements (e.g., which check should be
undertaken first to reduce flow time?).

In summary, these questions represent a guideline in the use
and application of process mining techniques, providing correct
and precise answers in line with the needs of experts. They can
be expanded in greater detail according to the medical specialty
and specific needs of a given process.

3.4. Process mining perspectives

According to Van der Aalst [6], there are numerous perspectives
in the application of process mining, of which four have been used
in healthcare: control flow; performance; conformance; and orga-

nizational. All identified case studies have applied at least one of
these perspectives.

The control flow perspective, based on discovering the execu-
tion order of process activities, has been applied in 60% of the case
studies [1,11–14,16,25,26,29,32–35,39–42,45,47,48,50,51,53–75].
The performance perspective, based on analyzing the execution
time of activities, identifying bottlenecks, idle time and synchro-
nization time, has been applied in 14% of the case studies [1,11–
14,29,39,42,56,59]. Conformance checking, which allows the
detection of process deviations in regard to a pre-determined
model, has been applied in 21% of the case studies [1,14,15,30,31,
38,43,44,46,74–80]. Finally, the organizational perspective, which
is based on analyzing the collaboration between resources, has
been applied in nine of the 74 case studies, just over 12% [11–
13,16,32,44,49,57,81].

3.5. Process mining tools

There are a series of software that enable process mining tech-
niques and algorithms to be applied to an event log in order to gen-
erate models, tables and data for analysis.

In healthcare, the most commonly used tool is ProM,4 which
consists of an extensible plug-in open source tool for process mining.
ProM has implemented a large number of techniques and algorithms
[82] and has been used throughout different case studies (42% or 31
of the 74 case studies) [1,11,12,14,16,29,30,34,37,39,42,47,51,54–5
7,59,61,62,67,74–76,79–81,83–86].

Additional tools used in case studies include Disco5

[39,60,63,71,73,80,81,87] used in 8 cases (10%), which consists of a
licensed tool with a friendly visual interface for process models
and an easy functionality to apply multiple and variable filtering
options in event logs, and RapidProM6 [1], which has a workflow def-
inition functionality based on the plug-ins implemented in ProM and
the data analysis solutions implemented in RapidMiner.7

3.6. Techniques or algorithms

The main techniques or algorithms used in the case studies are
outlined in Table 3. The most commonly used techniques are
Heuristics Miner [88], Fuzzy Miner [89] and Trace Clustering
[90]. Heuristics Miner is a discovery algorithm that can generate
process models and is very robust dealing with noise in event logs
[88]. Fuzzy Miner is a configurable discovery algorithm that allows,
through its parameters, the generation of multiple models at dif-
ferent levels of detail, helping to deal with unstructured processes
[89]. Trace Clustering technique allows the partitioning of the
event logs to generate simpler and more structured process models
[90].

These are characterized as techniques or algorithms that have
already been implemented and which are readily available in open
source environments such as ProM. They allow models to be
obtained in short execution times and use modeling languages that
are easily understood by business analysts (e.g., c-nets [6]). Fur-
thermore, they can help generate models for processes with high
variability, such as healthcare processes (e.g., the treatment of dif-
ferent patients with distinct ailments).

Additional techniques used in these case studies include: differ-
ent algorithms to discover process models (Alpha Miner [6],
Genetic Miner [91] and Inductive Miner [92]), verify conformance
(Conformance Checker [93]), execute performance analysis (Per-
formance Sequence Analyzer [94]), include expert knowledge

4 http://www.promtools.org.
5 http://fluxicon.com/disco.
6 http://www.rapidprom.org.
7 http://rapidminer.com.
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(Ontologies [95]) and perform organizational analysis (Social
Miner [96]).

3.7. Methodologies

When applying process mining techniques and algorithms, nine
papers (12% of the case studies) propose methodologies to be fol-
lowed. These establish the specific tasks that require completion,
for example: obtaining and pre-processing data; the application
of techniques and algorithms; and the analysis strategies.

The first methodology uses clustering techniques to conduct
analysis. It is based on a fast method for process diagnosis, outlined
in [36]. The original methodology executes a diagnosis process
through process mining techniques, based on five phases: log
preparation; log inspection; control flow analysis; performance
analysis; and role analysis. In [25], this methodology was
expanded to incorporate a new step after log inspection. This step
relates to Sequence Clustering Analysis [25], which incorporates a
series of activities for contending with unstructured or spaghetti-
type processes. These improvements incorporated activities that
helped to discover both typical and infrequent behavior, which
were previously undetectable in such complex processes. Subse-
quently, additional improvements have been made to this particu-
lar methodology in [100]. Specifically, these relate to the inclusion
of tasks which allow information about the activities executed in a
process to be added, as well as event log preprocessing to be
undertaken, according to the relevant type of analysis being con-
ducted. The case studies in which this methodology, or similar
approaches with clustering, have been applied are [25,35,37].

The second methodology is L⁄ life-cycle Model (Fig. 3). This
methodology or model divides a process mining project into five
stages: plan and justify; extract; create the control-flow model
and connect the event log; create the integrated process model;
and provide operational support. In [38], it is used as the suggested
methodology for guiding process mining projects, specifically in
the Evidence-Based Medical Compliance Cluster (EBMC2). The case
studies in which this methodology have been applied are [38,39].

Additional studies which establish or define their own steps or
guidelines for applying process mining are outlined in [40–
42,71,72,74,81]. None of the main methodologies are domain
specific; they can be applied in any other field besides healthcare.
The development of methodologies specific for healthcare would
be desirable, even for particular medical fields. They could help
to better respond to the specific needs of each medical field: mak-
ing easier to obtain data from information systems, defining speci-
fic data reference models for the domain, and proposing how the
available tools can be used to answer the frequently posed ques-
tions of healthcare experts.

3.8. Implementation strategies

Based on the different case studies uncovered in the healthcare
domain, we have compiled a classification of strategies used for
implementing process mining.

The first strategy is direct implementation, which consists of
applying process mining to a set of data gathered directly from
HIS sources for building an event log [1,11,13,33,43,44,49,57,60–
62,71,73–75,79,81]. A majority of the case studies use this strategy
and consequently obtain models, tables and diagrams for conduct-
ing analysis. This strategy poses two main challenges: first, data
extraction and building the correct event log; and second, the need
to understand the tools, techniques and algorithms available for
conducting the analysis.

The second strategy is semi-automated, in which data extrac-
tion and the building of the event log are undertaken by custom-
made developments [45]. These developments link one or more
data sources and extract the data required for building the event
log through the use of queries. However, knowledge of process
mining tools is still required for applying the available techniques
to carry on the correct analysis. This strategy has the disadvantage
of being defined in an ad-hoc manner for the extraction of data
from specific tools and environments. Only one case study applies
this approach.

The third strategy is the implementation of an integrated suite,
in which data sources are connected, data are extracted, the event
log is built and the implemented process mining techniques are
applied. This strategy is applied in 7 case studies (9%) and has
the advantage whereby the person using the suite does not require
detailed knowledge of how to connect to the data sources or of
how the process mining techniques, algorithms and tools work.
The great disadvantage of this type of suite is that it has been
developed for specific environments and its data sources failing
to provide a portable solution. Furthermore, it requires a signifi-
cant investment in resources in order to conduct the process of
implementing the desired algorithms.

Examples of these integrated suites are Medtrix Process Mining
Studio [25], Emotiva Tool [46], Careflow Management System Sup-
port PM [47], WorkflowManagement Schemata [48], Business Pro-
cess Insight Platform [41], Asthma Flow (Prototype Interactive
Visual Analytics Tool) [101] and PALIA ILS Suite Web Tool [72].

3.9. Analysis strategies

From the literature review and the case studies identified, the
use of three analysis strategies has been established. These strate-

Table 3
Techniques used in the different Case Studies.

Technique Usage
(%)

Heuristics Miner [1,14,16,26,33–
35,39,41,42,44,45,49,54,56,59,62,72,86]

26

Fuzzy Miner [1,11,12,14,15,33,37,42,55,56,63,67,73,75,87] 20
Trace Clustering [11,15,35,40,41,44,60,67] 11
Conformance Checker [1,14,40,56,78,80] 8
Performance [11,14,39,42,56,59] 8
Performance Sequence Analyzer [42,44,50,54,84] 7
Ontologies [30,31,73,78] 5
Alpha Miner [16,55,83] 4
LTL Checker [14,44,49] 4
Markov Models [25,53,97] 4
PALIA [46,72,98] 4
Trace Alignment with Tree Guide [12,77,79] 4
Decision Trees [1,80] 3
Dotted Charts [27,84] 3
Genetic Miner [16,54] 3
Parallel Activity-based Log Inference Algorithm Alpha plus Miner

[16]
1

Association rule Miner [34] 1
Comp. Miner [42] 1
Cross organizational Comparison [39] 1
Declare Analyzer, Checker, Diagnoser, Replayer and Miner [74] 1
DWS Algorithm [16] 1
Generic Process Model GPM [58] 1
Generic Surgical Process Model (gSPM) [52] 1
Inductive Miner [1] 1
Passage Miner [56] 1
Petri Net Complexity Analysis [75] 1
Prediction Algorithm [99] 1
Replay a log on a Petri Net [75] 1
Rule-Based Property Verificator [40] 1
Semantic Conformance Checker [31] 1
Sequence Clustering [25] 1
Similarity Metric between Two Traces [60] 1
Social Miner [81] 1
Theory of Regions Algorithm [16] 1

230 E. Rojas et al. / Journal of Biomedical Informatics 61 (2016) 224–236



gies are defined by the way in which they undertake the task of
applying process mining techniques and algorithms.

The first is the basic strategy. This consists of taking an event log
and applying the process mining techniques and algorithms preva-
lent in the available tools, without implementing any new tech-
nique or algorithm, or applying well-known techniques from
other areas, such as statistics. This can be the easiest strategy to
perform the analysis and the less resource consuming. It can be
performed by medical and process mining experts without requir-
ing the involvement of developers in the project. Examples of case
studies in which this strategy has been applied include [1,11,16,2
7,29,34,49,54,55,71,73,74,81,85] and correspond to 19% of the total
cases reviewed.

The second strategy, in addition to applying existing tech-
niques, implements a new process mining technique or algorithm,
in certain existing tools, with an objective particular to each speci-
fic case study. This requires additional analysis and time to develop
the new technique. The main objective with the new implementa-
tion is to discover novel ways to deal with processes that are flex-
ible, unstructured and complex, and also to handle large,
multidimensional datasets. The general conclusion is that even
after the new technique has been applied, the application and anal-
ysis through process mining is time-consuming, costly and needs
manual effort. There are six case studies (8%), in which this strat-
egy has been applied [12,15,34,50,70,72].

The third and last strategy, in addition to applying techniques
and algorithms present in current tools, incorporates analysis of
other areas, such as statistical analysis (13%) [12,43,48,50–52,75,
79,80,84], analysis that includes OLAP operations [102], such as

roll-up or drill-down (1%) [37], data mining (5%) [14,83,84,103],
ontologies (3%) [30,31] or simulation models (1%) [55]. This is a
noteworthy strategy because it allows new knowledge to be
obtained through a combination of existing techniques from differ-
ent areas. However, it is also more challenging because it requires
forming a team of analysts who manage the techniques of each
area.

3.10. Geographical analysis

The literature reports on different geographical areas in which
case studies of process mining in healthcare have been undertaken.
The greatest concentration of case studies is in Europe (around
73%), with a few additional examples in Australia, Asia and North
America. There are no records of case studies being undertaken
in Africa or Latin America. Specifically, in Europe, The Netherlands
is identified as the country with the largest amount of case studies,
followed by Germany and Belgium.

3.11. Medical fields

Following the review, it was possible to identify and classify
case studies according to the medical field in which data were
gathered, from which 22 different areas were recorded. Fig. 4 pro-
vides details of the 22 medical fields identified and the number of
case studies implemented for each of them. Oncology and Surgery
are the medical fields in which the greatest number of case studies
were undertaken, with 9 and 8, respectively. The aim of this anal-
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Fig. 3. L⁄ life-cycle model. Source: [6].
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ysis is to show the multidisciplinary character of process mining in
healthcare, and its potential application to all medical fields.

4. Discussion

Based on the literature review conducted and the eleven
aspects identified, discussion focuses on two approaches: first,
identifying the aspect most predominant in the case studies; and
second, identifying the main emerging trends.

Regarding the predominant aspects in the application of process
mining in healthcare, it is possible to highlight certain key issues.
Process mining is primarily applied in the control flow perspective.
The most commonly used techniques or algorithms are Trace Clus-
tering, Fuzzy Miner and Heuristics Miner, mainly due to the fact
that they adequately manage noise and incompleteness, and allow
models to be identified for less-structured processes, which is
often the case in healthcare. Furthermore, they allow similar cases
to be grouped together, as is the case of trace clustering. ProM is
the most commonly used tool, given that it is open source and it
is utilized by the leading academic groups in the area. Regarding
methodology, there is no predominant approach. It is more com-
mon devising an ad hoc methodology for each particular case
study. Moreover, the most commonly used implementation strat-
egy is the direct execution of the techniques and algorithms on a
manually built event log. It can therefore be identified the need
for a standard methodology, which allows medical experts to apply
process mining without the direct need of a specialist in the area.

Due to the existence of different HIS architectures (there is
almost one for every individual medical center, each with multiple
and diverse data sources), the most frequent solution in the use of
process mining is the implementation of a specific solution or
suite. This does not allow for scalability to other medical centers.
Therefore, it is necessary to establish data reference models which
help to define standardized data structures in HIS, facilitating the
building of event logs.

The countries where the largest amount of case studies have
been performed are The Netherlands, Belgium and Germany,
because the leading groups of researchers and practitioners in pro-
cess mining are located in these countries. In turn, the medical field
in which process mining has been most widely applied is
Oncology.

Seven emerging trends can be identified based on the analysis
of the case studies; especially, going over future work sections of
the articles reviewed. Below these emerging trends (in no particu-
lar order) are described.

First, it should be noted that the most recent articles have
tended to implement custom-made solutions for each case study
[101]. This has allowed the identification and linking of data
sources, the automatic generation of event logs, and the applica-
tion of process mining techniques and algorithms that have been
codified within the respective tool itself. This type of solution
allows healthcare experts to apply process mining without the
need to understand the technical details, thereby facilitating its
adoption.

Second, the establishment of data reference models for HIS, in
order they become process-aware information systems. This
means new HIS must include information on the activities exe-
cuted and the order thereof, facilitating the building of event logs
and the application of process mining.

Third, the emergence of new tools applied to healthcare, such as
RapidProM. These allow the same techniques can be applied to dif-
ferent datasets, facilitating analysis of the same process over differ-
ent periods of time, or the use of the same strategy for analyzing
other processes, which can even belong to other medical centers.
This facilitates the increased use of process mining.

Fourth, the increased use of process mining for conformance
checking and compliance with specific rules in executed processes.
This facilitates the monitoring of processes for verifying compli-
ance with best practices.

Fifth, the interest in benchmarking the performance of one hos-
pital with its pairs, through the comparison of the executed pro-
cess models. This allows gaps to be detected and best practices
and associated standards to be emulated.

Sixth, the inclusion of expertise knowledge in event logs,
increasing stored information and facilitating new types of analy-
sis. For example, including medical knowledge through the use of
ontologies, for the timely identification of cases requiring special
attention. Lastly, an important aspect has been the significant geo-
graphical expansion of case studies through time. They now cover
more countries, such as the United States.

The importance and growth of the application of process mining
in healthcare is causing increasing interest, mainly because it
allows making a meaningful usage of stored data. Data can be con-
sidered and utilized for analyzing processes, providing real knowl-
edge about their execution and facilitating the identification of
improvement opportunities.

5. Future challenges

The future challenges in terms of process mining in healthcare
illustrate its growth and importance. The most relevant of these
are outlined below.

Despite the significant increase witnessed in the amount of
specific developments, including process mining techniques and
algorithms for a defined technology environment in a specific med-
ical center, no portable solutions have yet been developed which
are capable of being adapted to hospital environments different
than those for which they were developed. Future work should
concentrate on the implementation of HIS which be process-
aware, with the analytical ability to manage data and apply process
mining correctly.

One of the negative aspects of current process mining tools is
the absence of a good visualization of the process models and
the results obtained, especially in complex and less-structured pro-
cesses, such as those found in the healthcare domain. Improved
visualization techniques and visual analytics are required to facil-
itate the interpretation of the results obtained.

Fig. 4. Case studies by medical fields.
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Table 4
Complete list of case studies included in the review.

Author(s) Title Ref.

Mans et al. Process Mining in Healthcare: Evaluating and Exploiting Operational Healthcare Processes [1]
Mans et al. Application of Process Mining in Healthcare – A Case Study in a Dutch Hospital [11]
Bose and van der Aalst Analysis of Patient Treatment Procedures [12]
Mans et al. Mining processes in dentistry [13]
Zhou Process mining: Acquiring Objective Process Information for Healthcare Process Management with the CRISP-DM Framework [14]
Kirchner et al. Embedding Conformance Checking in a Process Intelligence System in Hospital Environments [15]
Lang et al. Process Mining for Clinical Workflows: Challenges and Current Limitations [16]
Rebuge and Ferreira Business process analysis in healthcare environments: a methodology based on process mining [25]
Kaymak et al. On process mining in health care [26]
Mans et al. Process Mining in Healthcare: Data Challenges When Answering Frequently Posed Questions [27]
Mans et al. Process mining techniques: an application to stroke care [29]
Grando et al. Reusing a Declarative Specification to Check the Conformance of Different CIGs [30]
Grando et al. Semantic-based conformance checking of computer interpretable medical guidelines [31]
Mans et al. A process-oriented methodology for evaluating the impact of IT: a proposal and an application in healthcare [32]
Kim et al. Discovery of outpatient care process of a tertiary university hospital using process mining [33]
Gupta Workflow and process mining in healthcare [34]
Caron et al. Healthcare Analytics: Examining the Diagnosis–treatment Cycle [35]
Bozkaya et al. Process diagnostics: a method based on process mining [36]
Weerdt et al. Getting a Grasp on Clinical Pathway Data: An Approach Based on Process Mining [37]
Binder et al. On Analyzing Process Compliance in Skin Cancer Treatment: An Experience Report from the Evidence-Based Medical Compliance

Cluster (EBMC2)
[38]

Partington et al. Process mining for clinical processes: a comparative analysis of four Australian hospitals [39]
Caron et al. A process mining-based investigation of adverse events in care processes [40]
Lakshmanan et al. Investigating clinical care pathways correlated with outcomes [41]
Cho et al. A Systematic Methodology for Outpatient Process Analysis Based on Process Mining [42]
Rebuge et al. A process mining analysis on a virtual electronic patient record system [43]
Caron et al. Monitoring care processes in the gynecologic oncology department [44]
Helmering Process Mining of Clinical Workflows for Quality and Process Improvement [45]
Fernández-Llatas et al. Process mining for individualized behavior modeling using wireless tracking in nursing homes [46]
Quaglini Process Mining in Healthcare: A Contribution to Change the Culture of Blame [47]
Neumuth et al. Surgical workflow management schemata for cataract procedures [48]
Caron et al. Beyond X-Raying a Care-Flow: Adopting Different Focuses on Care-Flow Mining [49]
Perimal et al. Gaining insight from patient journey data using a process-oriented analysis approach [50]
Perimal et al. Health intelligence: Discovering the process model using process mining by constructing Start-to-End patient journeys [51]
Neumuth et al. Analysis of surgical intervention populations using generic surgical process models [52]
Poelmans et al. Combining Business Process and Data Discovery Techniques for Analyzing and Improving Integrated Care Pathways [53]
Fei et al. Discovering patient care process models from event logs [54]
Zhou et al. Process mining based modeling and analysis of workflows in clinical care—a case study in a chicago outpatient clinic [55]
Suriadi et al. Measuring patient flow variations: a cross-organisational process mining approach [56]
Caron et al. Advanced care-flow mining and analysis [57]
Peleg et al. Mining Process Execution and Outcomes – Position Paper [58]
Montani et al. Mining and retrieving medical processes to assess the quality of care [59]
Delias et al. Supporting Healthcare Management Decisions via Robust Clustering of Event Logs [60]
Rinner et al. Cutaneous Melanoma Surveillance by means of Process Mining [61]
Dagliati et al. Temporal data mining and process mining techniques to identify cardiovascular risk-associated clinical pathways in Type 2

diabetes patients
[62]

Boere An analysis and redesign of the ICU weaning process using data analysis and process mining [63]
Ramos Healthcare Process Analysis: Validation and Improvements of a Data-based Method using Process Mining and Visual Analytics [64]
Mans Workflow support for the healthcare domain [65]
Maruster and Jorna From data to knowledge: a method for modeling hospital logistic processes [66]
Günther et al. Monitoring deployed application usage with process mining [67]
Van Genuchten et al. Is your upgrade worth it? Process mining can tell [68]
Basole et al. Understanding variations in pediatric asthma care processes in the emergency department using visual analytics [69]
Fernandez-Llatas et al. Diabetes care related process modeling using Process Mining techniques. Lessons learned in the application of Interactive Pattern

Recognition: Coping with the Spaghetti Effect
[70]

Micio et al. RTLS-based process mining: towards an automatic process diagnosis in healthcare [71]
Fernandez-Llatas et al. Process Mining Methodology for Health Process Tracking Using Real-Time Indoor Location Systems [72]
Antonelli and Bruno Application of Process Mining and Semantic Structuring Towards a Lean Healthcare Network [73]
Rovani et al. Declarative process mining in healthcare [74]
Forsberg et al. Analyzing PACS Usage Patterns by Means of Process Mining: Steps Toward a More Detailed Workflow Analysis in Radiology [75]
Dunkl et al. Assessing Medical Treatment Compliance Based on Formal Process Modeling [76]
Bouarfa and Dankelman Workflow mining and outlier detection from clinical activity logs [77]
Dewandono et al. Ontology and Process Mining for Diabetic Medical Treatment Sequencing [78]
Kelleher et al. Effect of a checklist on advanced trauma life support workflow deviations during trauma resuscitations without pre-arrival

notification
[79]

Steeg Process Mining in Healthcare Mining for Cost and (Near) Incidents [80]
Rattanavayakorn and

Premchaiswadi
Analysis of the social network miner (working together) of physicians [81]

Riemers Process Improvement in Healthcare: A Data-Based Method Using a Combination of Process Mining and Visual Analytics [83]
Staal Using Process and Data Improving Techniques to Define and Improve Standardization in a Healthcare Workflow Environment [84]
Paster and Helm First Steps Towards Process Mining in Distributed Health Information Systems [85]
Montani et al. Improving structural medical process comparison by exploiting domain knowledge and mined information [86]
Overduin Exploration of the link between the execution of a clinical process and its effectiveness using process mining techniques [87]
Blum et al. Workflow mining for visualization and analysis of surgeries [97]

(continued on next page)
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There is still a great amount of reliance on experts at the
moment in which process mining is applied. Efforts should be
made to ensure that there are tools or solutions in place which
are straightforward to apply, without the need of detailed knowl-
edge of the tools, algorithms or techniques relating to the process
mining field. In addition, new methodologies should emerge,
which use reference models and be able to consider the most fre-
quently posed questions by healthcare experts.

It is also quite important to incorporate conformance checking
in future case studies, in accordance with internal standards or
external regulations established by medical institutions. The chal-
lenge is to use the latest techniques developed for conformance
checking in healthcare. These techniques need first to be improved
so as they are capable of working with less structured processes
and able to cover a greater number of activities.

Lastly, it is important that benchmarking studies are under-
taken between different hospitals, for identifying and emulating
success stories.

6. Limitations

It is important to note that the content of this article consists of
a methodological review of the current status of process mining in
healthcare. It does not go into further detail regarding the results
obtained in each case study.

This paper includes an exploratory analysis of the main charac-
teristics of the studies, however, additional aspects could be
included and will be considered as future work (data quality, data
volume, data issues, ethical and legal constraints, collaboration
patterns, etc.).

Searches for this study were undertaken in accordance with cri-
teria specified by the research team (keywords), as well as a gen-
eral review process of the abstract and the content of the
selected articles. There is a possibility that some publications
might have been omitted. Results may be subject to limitations
of the automated sources used in this work.

7. Conclusions

The application of process mining in healthcare allows health
experts to understand the actual execution of processes: discover-
ing process models, checking conformance with medical guideli-
nes, and finding improvement opportunities. This article provides
a literature review about the main approaches used to apply pro-
cess mining in healthcare. It includes a description of process
and data types; frequently posed questions; perspectives, tools,
techniques and algorithms; methodologies, analysis and imple-
mentation strategies; and a breakdown analysis by geographical
and medical field. Future challenges and trends have also been
identified.

The aim of this review is to serve as a reference guide by includ-
ing case studies previously conducted in the healthcare domain. It
also seeks to highlight the foundations for those aspects that
should be taken into account when implementing a process mining
project for analyzing healthcare processes.
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