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4.1 Process Mining

Since medical processes are hard to be designed by consensus of experts, the use of
data available for creating medical processes is a recurrent idea in literature [3, 7, 8].
Data-driven paradigms are named to be a feasible solution in this field that can
support medical experts in their daily decisions [20]. Behind this paradigm, there
are frameworks specifically designed for dealing with process-oriented problems.
This is the case of process mining.

Process Mining [32] is a relatively new framework that is thought to provide use-
ful human-understandable information about the processes that are being executed
in reality. The process mining paradigm provides tools, algorithms and visualization
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instruments to allow human experts to obtain information about the characteristics
of execution processes, by analyzing the trace of events and activities that occurs in
a determinate procedure, from a process-oriented perspective.

Process mining has a close relationship with workflow technologies. Usually,
process mining algorithms represent their findings as workflows. Workflows are
the most commonly used representation framework for processes. Workflows are
not only used in enterprises to automate processes but also clinical guidelines
represent some decision algorithms using workflows due to their simplicity and ease
of understanding [14]. Besides, the use of formal workflows allows the creation
of engines that can automate flows in computer systems. Figure 4.1 shows a
possible use of process mining technology. Process mining algorithms use the events
recorded in each process and represent it as a workflow. This workflow represents
the real flow in an understandable and enriched way, for supporting experts in the
actual knowledge of what is occurring in reality. For that, this paradigm can offer a
high-level view to professionals, allowing a better understanding of the full process.

Process Mining algorithms are usually divided in three groups [32]

• Process Mining Discovery Algorithms [31]: these are systems that can create
graphically described workflows from the events recorded in the process. Dif-
ferent process discovery algorithms are used in several healthcare scenarios [5].
The selection of an adequate discovery algorithm depends on the quantity of
data available, and the kind of representation workflow desired. Figure 4.1 shows
the inference of a discovery algorithm. This algorithm graphically represents the
flow of the patient process from raw data coming from events and activities.

• Process Mining Conformance Algorithms: Process Mining Conformance Algo-
rithms [2] can detect if the flow followed by a patient conforms to a defined
process. This can be used to measure the patient’s adherence to a specific
treatment but allows also the graphical representation of the moments the patient
is not fulfilling the treatment flow, supporting the physicians in the improvement
process of patients’ adherence. These techniques can be also used to compare
processes to detect the differences in their executions. Conformance algorithms
can compare workflows and show the differences graphically, allowing experts
to quickly detect changes in different processes. For example, this technique has
been used to detect behavioural changes over time in humans [12].

• Process Mining Enhancement Algorithms: Process Mining Enhancement Algo-
rithms extend the information value of a process model using colour gradients,
shapes, or animations to highlight specific information in the workflow, providing
an augmented reality for a better understanding of the process. For example,
Fig. 4.1 shows an example of the enhancement of a workflow. In this case, the
workflow is representing the common flow of patients in the surgical area of a
hospital [9]. A workflow with colour gradients in nodes is shown, representing
the duration of the stay in each stage of the surgical process, and in arrows,
representing the change frequency among phases. With this information, experts
can have a better idea of the dynamic behaviour of the process and can perform
changes to improve the process and evaluate the effectiveness of actions by
comparing the current flow with past inferences.
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Fig. 4.1 Process mining discovery

The main issue to solve when applying an interactive pattern recognition problem
is that the experts should understand the model inferred to provide corrections and
infer knowledge from the models [11]. Process mining technology is data-driven
but with a focus on understandability. In this line, we can define process mining
as a Syntactic Data Mining technique that supports the domain experts in the
proper understanding of complex processes in a Comprehensive, Objective way.
This characteristic makes process mining one of the most suitable technologies for
applying interactive models.
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4.2 Process Mining in Healthcare

Recent reviews are analyzing the application of process mining techniques in
healthcare in detail [5, 27]. Some works analyze the change of hospital processes
[27], and management of emergencies [1], support the medical training in surgical
procedures [21], the flow of patients in specifically critical departments, like surgery
[9], or oncology [26], or even, this framework has been used to analyze the
behavioural change in humans to detect early dementia signs [12].

In [5], 447 Process Mining for Healthcare relevant papers were identified. 24
of these papers are indexed on PubMed. PubMed is the most used search engine
of the MEDLINE database, containing biomedical research articles offered for the
Medicine National Library of the United States. That means that only 5% of the
papers that are considered relevant in the Process Mining for Healthcare literature
are indexed in the clinical domain. That points to clear difficulties in the application
of process mining techniques in real domains. Figure 4.2 shows the trends in
publishing in PubMed Library since 2005. This histogram shows that, although
there are works about process mining technologies since the start of the century
[31], the penetration of these technologies are now starting to be applied in the
medical domain.

The difficulties to apply process mining in the healthcare domain are due to
distinguishing characteristics of the clinical domain. In this way, it is crucial to take
these particularities into account to create a successful process mining system in the
health domain:

Fig. 4.2 Number of Process Mining articles in PubMed library 2005–2018
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4.2.1 Variability in the Medical Processes

Medical processes are intended to holistically cover clinical treatments. Medical
processes do not only cover diagnosis, treatments, and clinical decisions but
also care prevention, patient preferences and medical expertise. That implies that
medical processes inherit the complexity of the treatments and diagnosis, as well
as the intangible know-how of healthcare professionals [25]. Moreover, patients are
usually involved in several health episodes at the same time which causes the co-
existence of a different set of pluripathologies and co-morbidities associated to the
same patient that can be related, or not, among themselves. This scenario requires
close collaboration where many different health professionals interact to define,
usually offline, a multi-disciplinary strategy for each patient.

Besides, medical paradigms, like evidence-based medicine [29], value-based
healthcare [15], or personalized medicine [16] put the patient in the centre of
the medical process. In these paradigms, the attitudes and beliefs of patients are
taken into account. This provokes different responses to the treatments, due to the
psychology and personal behaviour that take part in the decisions of the patient
in terms of the acceptation, or not, of the treatment proposed by the doctor. The
adherence of the patient regarding the treatment is one of the most important
problems when applying a new treatment to patients [23]. The adherence is key
dealing with a disease. The selection of the treatment not only depends on the
best option available according to medical evidence, but also on the beliefs, family
condition, fears, ambitions, and quality of life of the patient. We should not forget
that the real decision-maker in the medical treatment of the patient. In this way, it
is crucial to understand their psychological and physical situation before making a
clinical decision.

This variability in the medical processes increases the size of the model in
terms of arcs and nodes. This provokes one of the most well-known problems in
process mining literature, the Spaghetti Effect. The application of process discovery
algorithms on highly variable systems results in unreadable models. In this way, it
is important to select adequate tools for each problem that support the highlighting
of the interesting process structures and abstracting or splitting the model in simpler
protocols that show the relevant information for the doctors [10]. Process mining
researchers should be aware of this problem and provide solutions, tools and
frameworks to characterize and extract information about this variability, to extract
better and more understandable knowledge of real patients.

4.2.2 Infrequent Behaviour Could be the Interesting One

One of the most common solutions that process mining and other data mining
practitioners use to infer models is to discard outliers in the data. These outliers are
considered as noise and are removed from the data. This decreases the variability,
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which creates cleaner models that can provide better understandable solutions.
However, infrequent behaviour should not always be discarded from the system
like, for example, for the detection of adverse effects [30].

Outlier-free logs will produce clean models that produce views representing the
most common paths that are followed by the most common patients occurring in
most common cases. This implies that the inferred model should be close to the
standard clinical processes that are, generally, followed by the patient, and should
match with the perception of the medical experts which are providing care. That
means that these logs, formed by standard patients, will allow discovering the
standard process. However, the standard process is not always the most interesting
one. Health professionals usually are familiar with the standard case. The standard
patient is covered by the standard treatment. As a consequence, showing the
standard model inferred to the doctor does not provide any knowledge to him.

Infrequent cases are cases that do not follow the standard process properly. That
means that these cases are the patients that are usually out of the guideline and
require special treatment. In those cases, the medical doctor needs help, not as in
the standard case. Infrequent behaviour patients processes do not only provide a
view about the flow of non-standard cases, but can also provide help to understand
the different patient circuits, or even find non-standard similar patients that have
followed the same path [22]. This can be a real support to health professionals in
daily practice that can’t be offered by standard noise reduction techniques.

4.2.3 Medical Processes Should be Personalized

Since the appearance of the evidence-based medicine paradigm, there have been
attempts to automate the care provided to patients [29]. The idea of this paradigm
is to discover the best medical protocols that can be applied to take care of the
disease not only in terms of treatment but also in terms of diagnosis and prevention.
However, evidence-based medicine detractors criticize the lack of flexibility in the
definition of these protocols [13, 28]. Standard protocols produced by evidence-
based medicine has been perceived as incompatible with patient-centred care
[28]. Patient-centred care pleads for a more personal application of health where
individual’s health beliefs, values and behaviours are taken into account when
deciding on the best treatments.

All of this criticism on evidence-based medicine originates from the difficulties
in the application of clinical pathways due to different health deployment cultures
existing in health systems [6, 24]. That means that the application of health care
protocols to tackle the same illness can differ significantly from one centre to
another, depending not only on the culture of the local population but also on
time constraints, the level of staff involvement, the costs associated, among a
huge quantity of different factors [6]. Consequently, to replicate the best practices
based on medical evidence, it is crucial to iteratively adapt medical processes
based on continuous analysis and refinement of the deployed protocols, taking into
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account the cultural differences of the target population. Process mining techniques
should provide tools and paradigms that allow evolving iteratively the clinical
protocols using with the real information collected from target scenarios and led
by health professionals. This should be done not only for discovering the standard
processes but also supporting health experts in the understanding of the personal
characteristics of individual patients.

4.2.4 Medical Processes Are Not Deterministic

Differences in personal preferences of patients, their beliefs and attitudes affect
the effectiveness and efficacy of the treatments. That means that in healthcare,
cause-effect relationships are often fuzzy. Medical evidence is based on estimations
extracted from clinical trials that usually works in most of the cases. However,
The same treatment, provided to two different patients with the same illness and,
even, the same co-morbidities can result in totally different processes due to many
additional factors that cannot be observed or taken into account in the model. This
is because there is a gap between each patient and the medical model that represent
the clinical knowledge. Formal medical processes are supposed to be automatable
and unambiguous, but this is incoherent with the intrinsic nature of patients flow.

This uncertainty is critical in data-driven models. While knowledge systems
can offer semantic explanations and rules for describing the ambiguities. Data-
driven models can only offer statistical approaches that can inform about the
probabilities. The incorporation of process mining techniques, that allow dealing
with in-determinism in medical models, like the inference of semantics [4] or the
incorporation of information that can point to the ambiguity reasons should be taken
into account for better support of the medical decision.

4.2.5 Medical Decisions Are Not Only Based on Medical
Evidence, But Also on Medical Expertise

Although one of the most key features of evidence-based medicine is to extract
medical evidence, the final decision in medical treatments is always taken by
the health professional. Evidence-based medicine looks for the fusion of the best
medical evidence with the personal knowledge of medical professionals. This means
that medical processes are, in fact, guidelines, that might be followed by the
physician. Clinical guidelines aim to offer support to healthcare professionals, based
on insights from accumulated clinical evidence.

Data driven systems should focus on providing the most relevant information
in the most understandable way to support the practitioner in their daily practice.
The decisions taken by health professionals are determined by medical knowledge,
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represented by guidelines proposed in the medical models, and their personal
feelings obtained from the communication with the patient, which can be verbal
or not. The validation of these decisions should aim to provide a holistic value-
based healthcare analysis in order to provide medical indicators (like P-Value [18])
that allow professionals to trust the tools provided. These decisions, which can be
different from the ones recommended by the models, are registered in the logs
and can, consequently, be used in next iterations to improve the models through
interactive models [11].

4.2.6 Understandability Is Key

Given the difficulties of the manual definition of medical protocols, pathways and
guidelines, data-driven technologies are being called to support medical profes-
sionals in their formalization. Traditional machine learning techniques are thought
to provide the best accuracy in the models, but the interaction with professionals
is not available due to the lack of readability of these techniques. Consequently,
the resulting models are black boxes for health professionals. Machine learning
inferred models are based on statistical mathematical models. In this line, the more
patients we have in the dataset, the more precise models we can infer [19]. On the
contrary, the fewer patients we have the more probable is that the system fails in
their prediction. For that, machine learning models are accurate in the prediction of
standard cases, but, have a higher probability to fail in infrequent cases. The standard
case is usually covered by standard treatment and, in those cases, the expert does
not need support. The expert needs support for infrequent cases, where the machine
learning models have more problems. This creates suspicion amongst the experts
whether to trust a system that has a higher probability of failure for the cases when
they are more needed. This is pushing to a new way of explainable machine learning
for creating understandable models for health professionals [17].

In the healthcare domain, process mining algorithms should be thought to
maximize the understandability of the models inferred. While classical data mining
solutions are intended to provide accurate models, process mining enables health
professionals a better understanding of the processes and the correction of the
models based on their knowledge. Understandable data-driven systems, like process
mining, allow the expert to understand the reasons behind the system’s recommen-
dation, providing clues for better decisions in daily practice. Besides, it is key to
select the correct graphical models that allow the understanding of the processes.
Highly expressive models, like Petri nets, can be too complex for the understanding
of non-process experts like clinicians, that are used to define their models with more
graphically oriented systems as was explained in the previous chapter.
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4.2.7 Must Involve Real World Data

Due to the necessity to preserve the privacy of individuals, current laws impose a
high barrier for the creation of adequate data-driven models. One potential solution
is the use of simulated data for the creation of algorithms to create healthcare
solutions. However, the complexity of simulation models is bounded by their model
representation capability, which is always much lower than complexity in the real
world. Great algorithms and tools that have demonstrated impressive efficacy in
other application contexts, can be pointless in healthcare due to unexpected aspects
due to unknown variability in the health domain that cannot be simulated. Simulated
data cannot offer medical evidence, so, we cannot assume that techniques are
adequate for health if we have not tested them with real data.

4.2.8 Solving the Real Problem

The medical expert is the only one able to notice if discovered evidence is relevant
or not. Data scientists can find impressive results by creating algorithms to highlight
specific aspects of a process. However, if these results do not tackle a real medical
problem, or the discovered evidence is well known in the medical community, it
makes no sense to use these algorithms. The involvement of medical professionals
in the definition of problems and the interpretation of results is key in the creation
of useful tools and the discovery of new medical evidence.

4.2.9 Different Solutions for Different Medical Disciplines

Medicine is a huge field formed by several disciplines and specialities having very
different variables to measure. Health managers should have different views of the
process than clinicians, but even in a single clinical domain, different specialities
should have different views. For example, the key biomedical variables for an
endocrinologist can be different than the information relevant for a cardiologist.
The information available in the medical domain is so huge that it is mandatory to
provide the adequate tools and views for each problem to solve, taking into account
the real needs of the health professional at any moment. The information overload
provokes a paradox effect: the more information is accessible, the more difficult it
is to find the relevant one.

For that, the application of process mining technologies in the healthcare domain
should be completely adapted to the medical field, creating customized methods and
tools for supporting physicians in their daily practice, avoiding one-fits-all solutions
and creating adaptive and customizable frameworks for facilitating their real use
and highlighting the relevant information in each case.
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4.2.10 Medical Processes Evolve in Time

Medical processes are being improved every day due to the continuous appearance
of new clinical evidence in the literature. Also, as patients are humans, their person-
ality, beliefs and general behaviour evolve in time. That means that the treatment
response of a patient changes depending on several factors that can or cannot be
observable. A change in a medical process might suppose an indeterminate change
in the behaviour of the process in the next iteration. This is because the effects of
change in medical protocols are dependent on an unknown number of variables that
makes the result indeterministic.

In this way, process mining technologies should be not only focused on dis-
covering better processes for taking care of the patients but also to be constantly
aware of their continuous evolution. This requires tools to trace, measure and
analyze how patients adapt their life to the proposed treatments in each stage of
their disease. Within a process mining approach, the process can be continuously
tracked iteratively. In each one of the iterations of creating optimized and adapted
medical protocols, the experts can understand and correct the processes, allowing to
be resilient to the concept drift problem produced by the evolution in time of medical
processes via the utilization of interactive methods. This is because the interactive
paradigm ensures the convergence in the limit of the learning process by involving
the expert in the loop [11].

4.3 Conclusion

In the domain of data-driven technologies, process mining has acquired a certain
prominence in case of process oriented problems. Its capability to discover, analyze
and enhance graphical processes in an easy to understand way supposes a new
way to provide information to professionals by involving them in the process
of generating knowledge. This characteristic is especially valuable in healthcare,
were the expert usually has no engineering knowledge and no data science skills.
Unlike other data science paradigms, process mining can provide information to
the expert about what is actually occurring with their patients, allowing them in a
better understanding of the effectiveness of the treatments selected. This facilitates
close collaboration between the computer and the experts that might enable the
imbrication between the clinical evidence and the professional knowledge that is
required in the evidence-based medicine paradigm.

However, to ensure the applicability of process mining technologies to the
clinical domain, it is necessary to take into account their special characteristics.
Selected process mining algorithms, methods and tools should be specifically
designed to deal with this highly demanding field. In this chapter, we have analyzed
and stated the most important of these specificities. The selection of the best
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process mining technologies for each specific case is crucial for creating successful
deployments of intelligent systems in health centres.
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