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Abstract. Healthcare systems are facing challenges such as the increase
in the number of chronically ill patients and the reduction in the availability of resources. This often leads to poor quality of clinical outcomes
and increase of costs. One approach that contributes to minimizing the
impacts of these challenges is to increase the adoption of preventive care.
Population Health Management (PHM) develops and deploys healthcare
programs aligned to the Quadruple Aim that promote the improvement
of the population’s health, while trying to contain or reduce costs and
improve patient and clinician satisfaction. In this paper, we explore and
discuss the use of process mining techniques to support the development and evaluation of PHM programs. In addition, we discuss possible
challenges and recommend solutions, and we reflect upon using process
mining to support addressing the Quadruple Aim in PHM.
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1

Introduction

Over the last years, healthcare systems across the world have constantly been
affected by aging populations [32] as elderly people are more vulnerable to diseases and disabilities [33]. According to the United Nations [28], in 2017, the
global population of elderly people (60+) was 962 million and it is expected to
reach 2.1 billion by 2050.
Some of the challenges that healthcare systems face due to aging populations
include the increasing number of chronically ill patients and a reduction in the
availability of resources, resulting in inadequate measures to cover the populations’ needs. This often leads to poor quality of clinical outcomes and increase
of costs. One approach that contributes to minimize the impacts of these challenges is to increase the adoption of preventive care. This implies a proactive
attitude, considering the overall population needs instead of a reactive attitude
focused on the treatment of already diagnosed (ill) individuals and offering early
interventions to those who are at risk of being diagnosed in the future.

Population Health Management (PHM) aims to transform care delivery and
payment models for the purposes of improving the health status of a group of
patients whilst containing costs, using better the available resources and being
considerate for patient and clinician satisfaction [5, 21]. The Quadruple Aim
is a key framework [3] that supports PHM aiming at the optimization of the
healthcare system performance by simultaneously considering the following four
dimensions:
–
–
–
–

Enhance patients experience and satisfaction
Improve the populations’ health
Decrease healthcare costs
Enhance healthcare staff work life experience and satisfaction

PHM programs are often developed and deployed in order to promote the
improvement of populations’ health while taking into account the Quadruple
Aim. Some examples of PHM programs deployed in healthcare organizations
can be care management programs for chronic disease patients, looking into
individual patient’s needs, addressing them and following up on them in a timely
manner to prevent patient deterioration. Other PHM programs or initiatives
might have a more preventive goal such as smoking cessation programs.
The common iterative process of rolling out a PHM program includes the
following steps:
– Identification of population, understanding their needs and associated risk
factors and health goals
– Design and deployment of the program considering clinical interventions
and/or process (re)design
– Evaluation and program adaptation
Process mining (PM) is a relatively new discipline that supports the analyses
of business processes using data extracted from Information Systems [1]. PM has
a panoply of techniques that allows to automatically discover processes (process
discovery), check the adherence in the execution of a normative/prescriptive
process (conformance checking), identify performance measures (performance
checking), and optimize processes (process enhancement). The raw material to
execute most of PM algorithms is the event log, i.e. a repository of retrospective
events from an executed process. The minimal elements of an event log are: the
case id that represents a unique instance of the process, the step from the process
that was executed, and the date and time the step was performed. In most cases,
the event log is created using data extracted from Information Systems. PM has
been widely applied in the healthcare area as described in previous studies [26]
[19] [30] [12] [10].
Our hypothesis is that process mining techniques can support PHM in the
adoption of the Quadruple Aim. The objective of this paper is to explore and
discuss the use of PM techniques to support the development and evaluation
of PHM programs to accomplish the Quadruple Aim. In this paper, we focus
mainly in PM techniques. We acknowledge that other existing techniques and

methods can also contribute in the management of PHM programs and that PM
is not the exclusive way to address the open challenges.
The importance of this manuscript lies in the dissemination of traditional and
well known PM techniques and approaches to healthcare organizations, such as
Accountable Care Organization (ACO) and Integrated Delivery Network (IDN),
that are developing, deploying and evaluating PHM programs. To the best of our
knowledge there is no PM literature directed to guide the healthcare community
in the evaluation and optimization of PHM programs, even though there are
studies applying PM techniques to evaluate chronic diseases such as diabetes
and asthma.
This paper is organized as follows: first, we describe how process mining
analyses can support PHM programs; second, we discuss possible challenges and
recommend solutions; then we reflect upon using PM to support addressing the
Quadruple Aim in PHM; finally, we conclude the paper and present recommendations and future steps.

2

How Can PM Support PHM Programs?

In this section, we present different application opportunities on how PM can
support the design, deployment and evaluation of PHM programs. Subsections
2.1 and 2.2 are part of the “Design and deployment of the program considering
clinical interventions and/or process (re)design” step of the iterative process
of rolling out a PHM program. Subsections 2.3 and 2.4 are executed in the
“Evaluation and program adaptation” step.
We will present examples from a fictitious IDN titled “Good Health” (GH)
that wants to improve the management of their population of individuals older
than 17 years diagnosed with Asthma. They want to reduce the emergency
department utilization rate and improve their population satisfaction. GH is
composed of 7 hospitals, 6 laboratories, 50 primary care facilities distributed
in 5 cities (A, B, C, D and E). We intentionally kept the examples simple to
support the reader to better understand how PM can be applied in the process
of rolling out PHM programs.
2.1

Identify How a Population of Interest is Currently Being
Managed in Healthcare Organizations

There are guidelines written by medical associations which give directions on
how best to treat a number of clinical conditions (such as asthma and diabetes).
However, even when guidelines do exist, the way to manage the populations
in actual practice can vary due to factors such as resources availability, social
circumstances and individual behaviours (e.g. sleep and diet patterns, anxiety
level).
PM can be applied to identify how a population of interest is currently being
managed in healthcare organizations taking into consideration different process
perspectives [17], such as control flow, resource, time performance and data. The

control flow perspective provides information regarding the order in which the
activities of the process are executed. The resource perspective (also known as organization perspective) describes the required resources in the process and their
interactions. The time performance perspective describes time-related characteristics of the executed process (e.g. waiting time, time to execute an activity).
The data perspective shows how data objects are managed and used as input
for decision making during the execution of the process. The analysis of different process perspectives is useful to make healthcare organizations aware about
their current practice, to identify problems in their routine, identify gaps in care
and optimization opportunities and to find out differences in the management
of a population in different contexts (such as location).
For the control flow perspective, PM algorithms that aim to discover processes (such as fuzzy [9], heuristic [29], inductive miners [14]) can be used to
identify the current process that healthcare organizations are acting upon a
given population.
In our example, IDN GH has little insight into their asthma management
process and they would like to identify and understand their currently executed
processes. By applying process discovery individually to each of the 5 cities, GH
identified that city B executes a different management process comparing to the
other cities. They identified that 40% of city B population skips the lung function
tests (pulmonary function tests) after the yearly outpatient visit. In addition, city
B does not provide the yearly patient education activity, in which a specialist
checks if the patient is administrating correctly their medication and provides
proper guidance.
For the resource perspective, the use of organization mining techniques (such
as social network algorithms) [34] can support the identification of professionals
or units that are overloaded, the relationship between professionals and bottlenecks in social networks. It is important to note that, for the identification of
overloaded professionals, all activities executed by a given healthcare organization should be used since a healthcare professional may act in different treatment
processes.
With respect to our example, IDN GH identified applying organization mining
techniques that two physicians from city D are currently overloaded in their
activities. In addition, GH identified that only one nurse in city C executes the
patient education activity, which would affect the correct execution of the program
in case the nurse is not able to work.
For the performance perspective, performance checking algorithms can be
applied to get time indicators and to identify potential bottlenecks in the current practice. These indicators can support the identification of activities that
should be optimized to provide a better patient and/or professional experience
(e.g. reduce the waiting time to execute an exam or outpatient visit). Identified
bottlenecks should be analyzed to find and treat their root causes.
Regarding our example, IDN GH identified that the patients from city C have
to wait 1 month to execute the lung function test after the yearly outpatient visit,
which is a potential bottleneck in the program execution.

For the data perspective, PM can be applied for the identification of decision
rules (i.e. rules that support the process path selection taking into consideration
the available attributes) or contextual factors that can affect the performance
(i.e. data characteristics such as patient or organization attributes that affect
time indicators) [11].
In our example, GH could find out that if a medication of a patient is changed,
an educational activity is always executed (decision rule); and that the age of the
patient affects the follow-up visit time duration (contextual factor that affects
performance).
2.2

Design a New PHM Program for a Population of Interest

Often healthcare organizations are asked to improve their Key Performance Indicators (KPI) or the way they are managing a specific population. Payers, such as
health plans and health insurance organizations, are moving from fee-for-service
payment model (the healthcare organization is paid based on the quantity of services it provides) to value-based care model (the healthcare organization is paid
based on the outcomes and it is accountable for both quality and cost of care). As
stated in subsection 2.1, PM techniques such as process discovery, organization
mining, performance checking can be used to identify the current management
process of a given population. The output from these analyses provides valuable
insights and input to design new PHM programs allowing healthcare organizations to tailor the implementation plan according to the context (such as different
locations and population characteristics).
With respect to the GH example, the network would like to deploy their new
designed Asthma program. Using process discovery techniques, the IDN GH identifies that the current asthma management practice of city B is quite different
from the designed program which would possibly cause negative impacts to clinicians during its deploy. In this way, GH decided to create a different deployment
plan to city B, in which their current practice would be iteratively updated towards the designed program.
The utilization of process simulation models can support healthcare organizations to execute what-if analyses to test the newly designed PHM program
before deploying it, helping them to better evaluate its outcomes and impacts
(such as bottlenecks, clinical outcomes and costs) [2] [27]. Mans et al. [18] present
a process-oriented methodology in which PM techniques support the creation
and validation of these simulation models. Martin et al. [20] describe how PM
can support each of the process simulation modeling tasks. The designed program can be updated until the outcomes from the simulation are aligned to the
healthcare organization’s expectations. The combination of PM and simulation
techniques promote a smoother and easier program deployment, which possibly
contributes to better healthcare staff work-life experience and satisfaction.
With the utilization of simulation techniques, GH discovered that they should
review the current professional allocation in city E as the new designed program
would increase the waiting time for the execution of the yearly lung function
tests.

2.3

Program Evaluation

The application of the PM techniques described in subsection 2.1 provide the
different perspectives (such as the control flow, organizational, performance) of
the execution of the designed program, supporting the healthcare organizations
in its evaluation.
Conformance checking algorithms confront the designed program (process
model) with the event log (created using data from Information Systems). These
algorithms can be applied to identify deviations in the execution of the program.
The analysis of these deviations may support healthcare organizations to adjust
their program execution to be closer to the defined/designed program. Alternatively, these deviations can identify some populations or healthcare organization
constraints indicating the necessity to review and adapt the program for a specific context.
After 1 year of the implementation of their new asthma program, IDN GH
wants to check the adherence of each city’s current practice to the designed program. They found out that city A had a lower adherence to the program since
some patients did not execute the lung function test as prescribed. The reason
for low adherence was that the test was mainly scheduled during day time hours
when the patients were working. As a solution, GH decided to extend some of
the clinic hours to early morning and early evening.

2.4

Program Optimization

PM can support the optimization of PHM programs. The analysis of frequent
deviations and/or behaviours (e.g. the execution of certain activities or their
associated order) in the execution of a program combined with their outcomes
(e.g. clinical outcomes, cost, length of stay, patient and professional satisfaction)
can provide the identification of behaviors that can contribute to the improvement of the program. The PHM program can be updated to incorporate these
positive behaviors, or to remove the negative ones.
Regarding our example, IDN GH identified that the execution of an extra
activity that was not present in the original program (a.k.a., deviation), in which
they provide remote education to their patients by e-mail, was associated with a
lower emergency department utilization rate. GH decided to optimize the program
by including this extra activity in the overall program for all sites.
Another application of PM for optimization is to identify redundant or unnecessary activities in patient care, especially for multimorbid patients. Process
discovery techniques can support healthcare organizations to find out that patients are undergoing to the same tests and services (prescribed from different
specialists) twice within a short time while that could have been only done once.
As presented in subsection 2.2, simulation methods can be applied to perform
what-if analyses to check the expected outcomes and impacts of the proposed
adaptations in the PHM program.

3

Challenges

In this section, we discuss some challenges regarding the use of PM applied for
PHM programs. For the identification of these challenges, we considered our
own experience and the literature (i.e. looking for PM case studies associated to
chronic diseases such as diabetes, asthma).
Extracting the system data and creating the event log can be burdensome
[25]. One challenge is mapping the attributes from the activities of a given PHM
program to the system database. An incorrect mapping will result in the creation
of an erroneous event log. In addition, the extraction and creation of the event
log can consume more time than expected. The healthcare organization (or network) should have close interaction with the systems (e.g. hospital information
system) development teams to get further information regarding the database
model. Alternatively, each system could have a functionality to better facilitate
extraction of data. To make this challenge even more complex, healthcare organizations from an IDN may use disparate systems from different vendors. This
scenario requires different attributes mapping for each system (e.g. the execution
time for activity “lung function test” will have a mapping in system A that is
different in system B).
To illustrate the extraction of system data we will use the IDN GH example. One activity of their asthma program is the “lung function test”. For this
activity, GH needs the patient identification and the start and end time. To
extract and create this activity in the eventlog, GH needs to know in which table from their system this information is stored. They identified that the table TB EXEC PROCEDURE stores the date and times of the execution of the
exam in the fields dt start and dt end, that the exam code is stored in the field
id procedure, and the patient identification is stored in the field id person.
A second challenge is the aggregation of data to create the event log using data originating from disparate systems and organizations. This issue can
be quite common for PHM programs since they are performed across different
healthcare organizations and locations (such as the patient home). These organizations commonly use disparate systems with different patients and procedure/medicines identification codes. The adoption of interoperability standards
such as Fast Healthcare Interoperability Resources (FHIR) [8], OpenEHR [22]
and terminology services (that provide the mapping of different terminologies)
may contribute to support the aggregation of data from disparate sources.
Taking in consideration the IDN GH example, the asthma program is executed
in different locations, like the General Practitioner (GP) office to perform the
annually follow up visit, in a hospital to perform the lung function test, in an
educational center to teach the patient in how to correctly use their medication.
Patient John Smith (one of the individuals from the Asthma population) has the
identification code 54278 in his GP office, the identification 80008 in hospital A,
and the code 90921 in the educational center. The lung function test has the code
267364 in the GP office, and the code PC78768 in hospital A. The medication
Montelucast Sodium has the code 90897 in the GP office, and the code MS0982
in the educational center B. To extract and aggregate the data regarding the

execution of the program by the asthmatic population, IDN GH would need to
map all their patients, medicines and procedure codes from all their systems.
Some initiatives have been started to collect all data in one place regarding care management (i.e. Personal Health Records - PHR) but were not yet
successfully deployed. For example, when there is no interoperability between
healthcare systems (such Electronic Health Record and Laboratory Information
System) and a PHR, the clinical information needs to be registered manually
in the PHR which increases the likelihood of errors and missing data. Alternatively, systems that support healthcare organizations for population health
management focus in general on a particular condition of the chronic disease
and other relevant information associated to the individual are not collected
(such comorbidities or other acute care events).
A typical challenge in process mining analyses is guaranteeing the quality of
the extracted data. Some issues regarding data quality can be: missing events
(e.g. an activity of the program is not recorded in the system like education
efforts performed in workshops or medication adherence [6]); the timestamp of
an executed event is not properly recorded (e.g. the event was registered in the
system 20 minutes later than the real action occurred); missing event attribute
(e.g. the age or gender of patients is not recorded); how to guarantee that the
execution of a given event is directly related to a PHM program (e.g. a visit to
an ophthalmologist may not be associated to the diabetes treatment [15]). Jagadeesh Chandra Bose et al. [13] present a complete list of issues regarding data
quality, and Mans et al. [19] discuss a set of logging guidelines that contribute
to tackle this challenge. PHM programs in general happen across different environments such as hospitals, GP office, and even inside of the patient home.
Consequently, there is the potential for high availability of data, which from
one side can be positive as it can provide a richer view on each individual and
a better identification of their needs. On the other hand, some challenges like
lower data quality due to more noise factors and ethical considerations (such
as the privacy of the information) may be introduced. This highlights the need
for proper documentation of the source of the data and context in which the
measurement was performed and ideally also a quantification of the quality of
the measurement. Chen et al.[4] provide an overview of measures of quality of
data in the neighbouring field of Public Health that are also relevant for PHM.
Although, as explained previously, high quality log information is essential
for PM, one should always keep in mind that the most important aspect of
healthcare is the interaction between caregiver and patient. The challenge here
is to identify a way to better collect high quality events without adding extra
burden to healthcare professionals.
The execution of healthcare processes stores highly sensitive personal data,
thus, another challenge is related to protecting the privacy of individuals. Over
the last years, privacy regulations had been inserted such as the California Consumer Privacy Act and the General Data Protection Regulation. According to
Pika et al. [24] “ensuring high levels of privacy protection for such data while also
preserving data utility for process mining purposes remains an open challenge

for the healthcare domain”. Pika et al. propose a privacy-preserving framework
that supports dealing with this challenge.
The Spaghetti effect [1] is a common and challenging problem faced by PM.
This effect is associated with the identification of unstructured process models
that contain many connections, often presenting as long alternative (parallel)
task-sequences, making it difficult to be understood by humans. In the healthcare
domain this problem is common since many factors can affect the process execution (e.g. the severity of diseases, drug interactions, allergies and comorbidities)
thereby creating such alternative process execution sequences. Fernandez-Llatas
et al. [7] present some strategies they applied for the Diabetes treatment process
that contributed to the reduction of the Spaghetti effect, such as the selection
of the workflow model notation (e.g. Classical Finite Deterministic Automatons
and Timed Parallel Automaton produced better results) or, the usage of rendering algorithms for highlighting specific situations (e.g. frequent executed paths).
Litchfield et al.[16] display other strategies like aggregating and clustering the
events to create more abstracted events, and clustering traces to reduce the number of multiple process variants (unique sequence of activities). PHM programs
developed for chronic diseases such as Chronic Obstructive Pulmonary Disease
(COPD), diabetes and Alzheimer usually do not have a clear end point in the
process, contributing to the Spaghetti effect. This behavior happens since this
type of disease needs a frequent follow up and typically, the process presents an
infinite loop of specific activities. This provides a challenging environment for
PM but dividing and analyzing the event log based on the different stages of the
program (e.g. start of the program, diagnosis, treatment set up, maintenance,
acute event intervention) may support and simplify the analysis. This strategy
leads to a reduction in the number of activities and, as a consequence, may
reduce the number of connections in the discovered models.
Conformance checking algorithms can support the identification of deviations
in the execution of a PHM program, but the use of such type of technique may
be challenging when it is required (or accepted) to adapt care plans to the
patient’s needs (personalized care). We believe that two solutions can overcome
this challenge: 1. considering in the conformance checking analysis a process with
a level of abstraction that only presents the behaviours expected to be executed
correctly by most of the individuals (e.g. 80% or more of the population) or; 2.
not considering in the analysis deviations associated to personalized care.
The selection of individuals that compose a population (case-mix) is another
challenge. In other words, data from which individuals should be selected in the
event log for the PM analyses? One approach used in healthcare research studies
is selecting individuals based on their diagnostic codes (e.g. International Statistical Classification of Diseases and Related Health Problems - ICD). Considering
only the diagnosis is not the most appropriate method since the diagnosis information is not always present or correctly updated. In addition, some populations
may be composed of healthy individuals, that means that no diagnosis code will
be present. Moreover, the diagnostic information alone does not give a complete
picture of the health status of an individual. For that reason, we suggest to com-

bine this information with other sources, such as clinical parameters including
vital signs and laboratory and imaging exam results, and socio-demographic information. Finally, we can not ignore the fact of the existence of individuals that
avoid healthcare treatments. They are known as “care avoiders”. This fact poses
another challenge: how to increase the likelihood of considering care avoiders in
the case-mix definition as they probably have insufficient clinical data recorded
in systems?
There are several challenges associated on the use of PM techniques to support the creation of simulation models. Martin et al. [20] presents a broad list
of challenges identified from the literature, such as, determining the appropriate entity attributes and their abstraction level, finding the entity arrival rate
in the presence of queues, identifying the duration of the activities taking into
consideration the different determinants and the availability of timestamp data.
In addition, they provide suggestions to tackle some of these challenges.

4

Discussion

We have identified the potential for PM to contribute to PHM as well as challenges that need to be overcome for successful application of PM in this field. In
this section we will reflect upon our aim of using PM to support addressing the
quadruple aim in PHM.
One of the primary purposes of PM is to assess to which extent processes are
being followed in practice. Given that protocolized care has been shown to lead
to better patient outcomes [31], there is a direct link between process adherence
and the aim to improve the health of individuals and therewith the health of the
population.
Whilst protocolized care does not directly reduce healthcare costs, it provides narrower bound to the costs and it makes deviating choices more explicit.
Hence making, often costly, deviations from the protocol a conscious decision,
thereby likely reducing the rate of occurrence for deviation. As a consequence,
a reduction in healthcare costs can be anticipated. In addition, the analysis of
the combination of process deviations/behaviours and outcomes may support
the optimization of PHM programs to reduce costs.
By taking the learnings of PM (e.g. identification of bottlenecks and overloaded professionals) and optimizing the processes accordingly, processes and
daily practice have the potential to align better and create a smoother way of
working, which could lead to improved staff satisfaction. This, in turn will lead
to more motivated staff, which is likely to have a positive influence not only on
health outcomes but also importantly on patient experience.
PM can support healthcare organizations to increase the patient satisfaction.
One example is to support a better fit of necessary care into and around an individual’s life (such as extend some of the clinic hours to early morning and early
evening to give more time options for patients that work). A second example is
associated with the identification and optimization of high waiting times in the
execution of one of the activities of the program.

Nevertheless, patient and professional satisfaction might prove difficult to be
identified and/or quantified using exclusively data extracted from Information
Systems. In addition, even if the satisfaction could be well measured, it may be
difficult to link it to the process events. We suggest to add in the PHM programs specific activities to collect the patient and professional satisfaction using
questionnaires. The answer from such questionnaires would enhance the event
log and as consequence, provide better PM analyses and process optimization
aligned to the Quadruple Aim.
In summary, we see opportunities for direct and indirect impacts of PM in
all of the four dimensions of the Quadruple Aim.

5

Conclusions and Future Steps

In this paper, we provided a set of PM analyses that may be applied in PHM
and we discussed the associated challenges. We understand that PM is able to
support organizations in the development and evaluation of population health
programs to fulfill the Quadruple Aim.
Given that the healthcare area is mostly organized per disease, we believe that
a good starting point in applying PM to PHM is for managing and optimizing
chronic disease programs. Ultimately, the end-goal could be to follow any person
(healthy or not) throughout their life to reduce the likelihood of getting ill. This
might have severe ethical considerations, though, which go beyond the scope of
this paper.
We have recently started a PM feasibility study using data from a system
that supports healthcare providers in population health management (Philips
Engage [23]) in which so far we have gotten positive results (see more details in
the Appendix). As future steps, we foresee to expand our analyses to cover the
specificities of the different PHM programs related to chronic diseases such as
pre-diabetes, COPD and CHF. In doing so, the challenges identified need to be
faced and might lead to further insight into how to overcome these and how to
make optimal use of PM for the execution and improvement of PHM.
Acknowledgements. The authors thank Aleksandra Tesanovic, Helen
Schonenberg and Jennifer Caffarel for their support in the development of this
manuscript.

Appendix - Preliminary Results of the Feasibility Study
We have recently started a feasibility study to check if and how we can apply PM
to support the development and evaluation of PHM programs. We are conducting
our experiments using test/simulated data from Philips Engage (PE)3 . In this
section we present some preliminary/initial results.
3

Philips Engage is a healthcare platform that supports healthcare providers to work
remotely with their patients. It supports providers to monitor their patients, engage
patients in their treatment, and offer health and care programs [23].

As a starting point, we are working on one part of the remote patient monitor
process in which a patient provides their health data (such as weight and vitals),
and based on some rules PE generates tasks for the healthcare professionals to
act upon. When working on a task, the professional checks the patient’s health
data and if is necessary they can take actions such as interacting with the patient.

Fig. 1. Current executed process (AS-IS) of part of the remote patient monitor process.
ProM plugin used: inductive visual miner

Table 1. Time performance analysis of part of the remote patient monitor process.
The time is in hours. Empty cells indicate that there is no link between the 2 activities.
ProM plugin used: replay a log on petri net for performance/conformance analysis
Action Action
Close Open Register Workflow Workflow
From\To Contact No
Task Task Task
Finished Started
Patient Action
Action
Contact
0.00
Patient
Action
No
0.00
Action
Close
0.00
0.00
0.00
0.00
Task
Open
0.21
0.08
3.59 0.00
5.12
Task
Register
0.23
0.09 20.17 19.62
0.00
25.20
Task
Workflow
0.00
Finished
Workflow
0.23
0.09 20.27 19.76
0.07
25.33
0.00
Started

We created an event log composed of 289 cases and applied a set of PM
techniques. We could identify the executed process (AS-IS) (see Fig. 1), identify
the adherence in the execution of a normative process and related deviations,

identify time performance indicators (see Table 1) and potential bottlenecks. We
used ProM4 for the execution of the PM analyses.
We consider these initial results promising and the execution of this study is
supporting us to identify improvement areas to enhance the PM analyses (e.g.,
inclusion of complementary data related to a created task). As future steps, we
expect to expand our analyses to cover the different PHM programs specificities
(related to different diseases).
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