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3.1 Introduction

Healthcare is one of the most challenging problems that our society is facing
currently. The population of the world is growing around 1% per year [33]. In
addition, the expectancy of life is increasing thanks to the new advances and the
better quality of health solutions. For this reason, people are reaching older ages,
which entails more chronic illnesses, with more co-morbidities. This supposes a
great increase in the complexity of the illnesses. In addition, thanks to the new age
of internet patients are more aware of their illnesses, having higher expectations
of the health system. Altogether, this causes a great impact in the sustainability of
healthcare, which should cover this scenario with the same budget. This juncture
is demanding a new paradigm that will be able to deal with the complexity and
continuous changes in the health domain in the coming years, in order to guarantee
the sustainability of the system.

From the 1990s, when the Evidence-Based Medicine paradigm emerged [35],
there has been an increasing interest in providing tools for empowering health
professionals in the application of new methodologies and paradigms that could
solve this problem. Sacket defined Evidence-Based Medicine as the “conscientious,
explicit, and judicious use of current best evidence in making decisions about
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the care of individual patients” [35]. This paradigm tried to unify knowledge
gathered from the best research evidence (what the literature says), with the clinical
experience (what the clinician knows), centered in providing the best experience to
the patient (what the patient wants). In this scenario, the idea of creating formalized
processes that support the daily clinical practice with the best evidence available
arises. In this scenario, the idea of creating formalized processes (or protocols)
that support the daily clinical practice with the best evidence available arises. It
promotes the formalization of clinical research results so that they can be applied
in daily practice by clinical professionals. This is done through the specification
of protocols that are thought to be well-defined standards of care. In this line,
these protocols can serve to improve the clinical effectiveness, provide solutions
for risk management, and trace the actual care process to reduce the variability of
the treatments in healthcare.

In the literature there are different approaches for the definition of such formal-
ized processes. The aim of this chapter is to analyse the most prominent approaches
for supporting clinical experts in the representation of medical processes. First, the
two process-related perspectives in healthcare (which we have named as patient &
process centered and clinician & knowledge centered, respectively) are presented
and compared. Moreover, the different instruments developed by the medical
profession related to this concept are described. After that, the two main approaches
available in the literature for building medical processes are reviewed: on one hand,
knowledge-driven Clinical Decision-Making technologies, and, on the other hand,
Clinical Process Management technologies, which rely on a data-driven approach.
Finally, the concluding section discusses new challenges towards the formalization
of medical processes leveraging the advantages of these two technologies.

3.2 Process-Related Perspectives in Healthcare

Health systems are struggling to meet the growing demand for healthcare services
from ageing population while maintaining consistent quality standards. As Peleg
and González-Ferrer point out, two strategies are being used for this purpose,
both sharing a process-based perspective [30]. One strategy focuses on improving
the management of the processes (e.g. interventions, interactions) that the patient
goes through in relation to a clinical encounter. The other strategy concentrates on
supporting decision making by the clinician at the point of care using specific-
purpose tools (i.e. dedicated to a specific medical condition) that incorporate
knowledge about clinical processes. This knowledge is mostly based on the best
evidence available that can be found in documents such as clinical practice
guidelines, but can also refer to medical background knowledge contained in
textbooks and manuals. The former strategy takes the perspective of the patient
journey and considers organizational issues of healthcare processes, including the
coordination of multidisciplinary teams and the allocation of resources, and thus can
be described as patient & process centered. In contrast, the latter strategy focuses
on the perspective of the clinician when managing an individual patient, with an
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Table 3.1 Summary of the features of the clinician & knowledge centered (CKC) and patient &
process centered (PPC) strategies in healthcare
��������Features

Strategies
CKC PPC

Main subject Health professional Patient

Main process Health professional’s actions Patient journey
and decisions

Patients Individual patient Multiple patients

Health professionals Individual health professional Multidisciplinary health team

Diseases Single disease Single or multi-disease

Main usage Prescriptive Analytical

Orientation Knowledge-driven Knowledge or data-driven

emphasis on knowledge-intensive decision tasks, therefore it might be considered
as clinician & knowledge centered.

There exist significant differences in how the previous strategies can be exploited
in the healthcare context. Most notably, the clinician & knowledge centered (CKC)
strategy, relying on the recommendations issued by medical experts, can be used
to determine what should be performed (or what is prescribed) given the specific
clinical circumstances of a patient, typically in the context of a single disease. On the
other hand, the patient & process centered (PPC) strategy can be applied to inspect
what has been performed and makes it possible e.g. to monitor the itinerary (or
itineraries) actually followed by patients with a particular clinical profile, possibly
involving multiple diseases. In other words, the usage of the CKC strategy would
be primarily prescriptive, whereas that of the PPC one would be analytical. Lastly,
the two strategies may differ in their positioning with respect to knowledge and
data. Although a knowledge-driven orientation can be taken in both cases, in the
case of the PPC strategy the use of process models obtained from clinical data in
the Electronic Health Record, i.e. a data-driven orientation, is a common practice.
Table 3.1 summarises the main characteristics (and differences) of these strategies.

The instruments developed by the medical profession to support the concept
of consistent and high-quality healthcare are very much related to what has been
exposed. Clinical Practice Guidelines (CPGs) are the core instrument. According
to the most recent definition, CPGs are defined as “statements that include rec-
ommendations intended to optimize patient care that are informed by a systematic
review of evidence and an assessment of the benefits and harms of alternative care
options” [15]. In line with the view of Evidence-Based Medicine, the development
of CPGs is usually commissioned to a group of experts who are responsible for
collecting and analysing the best and most up-to-date evidence about a particular
clinical condition, and for agreeing a set of general recommendations regarding the
main management aspects thereof.

Clinical Protocols are related yet distinct from CPGs. A clinical protocol is a
locally agreed statement about a specific clinical issue with steps based on CPGs
and/or organizational consensus [2]. Usually, clinical protocols are specific to a
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health organization. Care Pathways likewise adapt CPG recommendations to the
needs and particularities of a health organization. Thus, both clinical protocols and
care pathways can be regarded as instruments for the implementation at local level
of the evidence base from CPGs. However, care pathways differ in that they describe
many more aspects (and in more detail), including: an explicit statement of the goals
and key elements of care when solving one or several clinical issues, the description
of the communication among the care team members and with patients and their
families, and the specification of the coordination aspects of the care process (with
roles, sequencing of decisions and actions, etc.) [36]. Care pathways also define
the information to be recorded so that it is possible to monitor deviations of the
actual care with respect to the recommended procedure. Clinical Pathways (CPs)
in turn differ from care pathways in that they are confined to the paths within a
hospital, i.e. excluding outpatient clinic and follow-up activities. Common to most
of the concepts, it is possible to distinguish the general instrument (template) from
the versions adapted to the values and preferences of the patient, giving rise e.g.
to “personalised care pathways”. Figure 3.1 depicts the relationships among these
concepts.

As explained before, the CKC strategy strongly relies on knowledge about
clinical processes and decisions. Most typically, CPGs are used as source for such
knowledge. For their part, CPs (and pathways in general) are very well suited for the
purposes of the PPC strategy, due to their focus on the monitoring of care processes.
Naturally, CPGs have a knowledge-driven orientation, whereas either a knowledge-
driven or a data-driven orientation can be adopted for CPs.

Fig. 3.1 Relationships
between clinical practice
guidelines, clinical protocols,
and pathways, including
pathway variations. (Adapted
from Figure 1 in Benson’s
article [2])
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3.3 Technologies for Clinical Decision-Making

3.3.1 Computer-Interpretable Guidelines

CPGs have shown the potential to foster the translation of clinical research results
into practice, and to improve the quality and outcomes of healthcare. However, the
practical utility of CPGs is often hindered by the text-based format in which they
are predominantly disseminated. Another problem is their emphasis on the general
principles of care, rather than on the actual processes along the patient journey [30].
In this context, Computer-Interpretable Guidelines (CIGs) emerge as a tool to make
patient-customized CPG recommendations available to clinicians in an easier and
more immediate way, compared to text-based CPGs. Thus, CIGs can be defined
as formalized versions of CPG contents intended to be used as decision-support
systems. The beneficial effects of the use of CIGs in the clinical setting have been
documented in the literature, and include improved CPG adherence and increased
efficiency of the healthcare processes (e.g. thanks to the reduction of unnecessary
test requests) [20].

Several CIG representation languages have been proposed in the fields of
Artificial Intelligence in Medicine and Medical Informatics, the most prominent
of which are Arden Syntax, PROforma, Asbru, EON, GLIF, and GUIDE [5, 31].
CPGs contain a wealth of knowledge of diverse types. To accommodate this variety,
CIG languages provide a wide range of modelling constructs. Peleg et al. recognize
two main representational categories, namely structuring in plans of decisions and
actions, and linking to patient data and medical concepts, and identify a total of
eight dimensions within them [31]. These dimensions are: (1) organization of plans,
(2) goals, (3) action model, (4) decision model, (5) expression language, (6) data
interpretation/abstraction, (7) medical concept model, and (8) patient model.

Many of the CIG languages take an approach to the description of plans (above
dimensions (1) through (4)) which has been named Task-Network Model (TNM).
The TNM approach consists in describing guidelines in terms of a hierarchical
decomposition of networks of component tasks. The task types, as well as the
types of control-flow constructs (sequence, in parallel, etc.), vary in the different
TNM approaches. Still, all of them provide support for actions, decisions and nested
tasks. A highly distinctive feature of CIG languages lies in the decision model. In
this regard, PROforma’s decision model, which was subsequently adopted by other
CIG languages, deserves a special mention. In PROforma, decisions are described
in terms of the alternative options (or candidates) considered, each one with an
associated set of arguments. These arguments are logical conditions that, when they
are met, provide different kinds of support for the candidate, namely for, against,
confirming or excluding the candidate.

As an illustration, Fig. 3.2 shows a PROforma excerpt corresponding to the
algorithm for the diagnosis of heart failure in the non-acute setting [23], based on
the 2016 guidelines of the European Society of Cardiology. It comes as no surprise
that, although CIG languages were specifically geared for CPGs, they have also
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Fig. 3.2 PROforma model for the diagnosis of heart failure in the non-acute setting [23].
To the left, task tree representing the hierarchical decomposition of tasks; to the right, task
network corresponding to the plan Step_1_assessment_of_HF_probability (first step
of diagnosis), including action, enquiry and decision tasks

proven to be useful for modelling and supporting complex clinical processes from a
broad spectrum. This includes care pathways for different purposes, e.g. for the
management of triple assessment in breast cancer [28] or for the monitoring of
patients with multiple comorbidities [21].

3.3.2 Development and Maintenance Issues with
Computer-Interpretable Guidelines

The representational richness of CIG languages makes them difficult to use (not to
mention mastering them) for non-technical users like clinicians. Furthermore, it is
well recognized that CPG knowledge is intrinsically complex and hence difficult to
comprehend and formalize [19]. As a consequence of these factors, the encoding
of CPG knowledge in a CIG language is a difficult and labour-intensive task which
requires the joint collaboration of both clinical and IT professionals. On the one
hand, clinical expertise is essential for a complete and adequate understanding of
CPG recommendations. On the other hand, IT skills are required to analyse the
clinical processes they include, as well as to shape them in terms of the constructs
of the CIG language chosen [25]. This explains why the topic of CIG knowledge
acquisition and specification has been the focus of a large number of research works
in the literature. Concretely, in relation with the life-cycle of CIG development,
knowledge acquisition and specification is the topic to which more efforts have
been devoted, after CIG languages [29]. Noteworthy among these approaches are
the application of cognitive methodologies to guide the encoding of CPGs into
CIGs, and the use of pattern-based information extraction methods to support the
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translation of CPG texts into a semi-structured format. Despite these efforts, CIG
development tasks remain largely manual. This may lead to a significant delay
between the time when a CPG is issued and the time when a fully functional and
validated CIG is ready for its implementation, which could be unacceptable from a
clinical perspective.

Once implemented, CIGs necessitate some kind of quality control to determine
whether the impact they have on the healthcare processes is as expected. The aim
of clinical decision support systems in general, and of CIGs in particular, is to
improve the quality, safety and cost-effectiveness of care processes. A monitoring
of evidence-grounded quality metrics, together with an appropriate feedback to the
health organization, can serve as a stimulus for process improvement [8]. Quality
metrics provide a framework for comparison, e.g. to detect outlier cases in which
CPG recommendations have not been followed. Such cases may point to procedure
parts where modifications should be considered. CIG compliance analysis has been
the topic of a number of works in the literature [29]. There are two types of
approaches for evaluating compliance with CIGs: approaches directly comparing
the concrete actions performed by the physician, and those comparing the actual
processes discovered from clinical activity logs using Process Mining methods. The
former range from informal (manual) methods to more formal methods based e.g. on
model checking. The approaches based on Process Mining methods have recently
attracted growing interest because of their potential to recognize variations with
respect to the prescriptive process embodied in CIGs.

3.4 Technologies for Clinical Process Management

3.4.1 Process Discovery and Continuous Improvement

Due to the difficulties of the manual development process of CPGs, data-driven
approaches have emerged in the literature for supporting health experts in the
definition of guidelines. Data-driven models use the data available in healthcare
databases to infer the underlying processes and thereby provide Decision Support
Systems without the need for a purely manual development by clinical experts. The
idea is to develop algorithms that discover automatically such underlying processes.

Data-driven solutions have been used successfully for the automatic learning
of models that can support experts in different fields. With this aim, different
approaches within this paradigm have been applied to the medicine domain. One of
the most common approach is the creation of classifiers for supporting in the daily
decisions [40]. However, these tools do not provide a process view. These systems
only provide a statistical probability of the current status of the patient at a certain
moment in time. Other options, like Temporal Abstractions [4], offer a vision about
the trends in the biomedical signals that enable a dynamic measure of the patient
status. However, although these techniques can be incorporated in the CKC or PPC
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strategies, they do not allow to discover the rules behind the progression of the
disease in the patient.

Other works have tried to discover the behaviour of the medical processes by
inferring their inherent rules using information routinely collected in healthcare
databases [6]. However, from a process management perspective, these rules do not
provide the natural view of the process as it is provided by workflows. This fact has
a negative impact on the understandability of these systems, which as a consequence
usually appear as black boxes in the eyes of medical practitioners.

Process Mining appears in the middle of this juncture [38]. This paradigm uses
time-stamped events existing in healthcare databases to offer a workflow-based
view. Using these techniques, there are works providing tools to infer the underlying
medical process, offering partial patterns [18], general patterns avoiding infrequent
behavior [17], or complete views of CP [11, 39]. But Process Mining is not only
about the discovery of processes. Process Mining aims to provide a complete set
of technologies for supporting medical professionals not only in the process design
phase but also in the traceability, analysis and optimization of the process deployed.
Health systems produce continuous data flow that can be used for analyzing how
the processes behave in actual scenarios [9]. With that, it is possible not only
to show a snapshot of the pathway, but also to make a comparison over time to
discover any variation of the medical procedures, e.g. due to the application of new
protocols [3, 32].

Figure 3.3 shows an example of how Process Mining can represent the processes
inferred from data available in medical databases. This process represents the flow of
patients in a surgery area, and was automatically inferred from real data in existing
databases [9]. The model not only represents the flow of the process but, also,
colours represent the performance in their execution. This information can be crucial
for a better understanding of how processes are deployed in a real scenario.

These technologies can be applied in a iterative way allowing for a continuous
optimization of the process [12]. This allows the user not only an easier design of
the process, but also an iterative adaption of the process that converges to the best
optimized solution.

3.4.2 Workflow Inference Models

For achieving an adequate process standardization, algorithms should provide
formal models that can be used for standardize the care. In this line, The Business
Process Management (BPM) field [7] aims to offer solutions for supporting the
creation of those processes in a general-purpose way. In this way, the concept
of Workflow is proposed. The Workflow Management Coalition defines it as
“the computerised facilitation or automation of a business process, in whole or
part” [16]. In other words, a Workflow is a formal specification designed to
automate a process. Process Mining provides tools for building Workflows from
events existing in medical databases.
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Fig. 3.3 Process inferred using a Process Mining Discovery algorithm. The colours of the nodes
represent the average Length of Stay in each one of the stages, and the colours in the arcs represent
the percentage of patients that follows each path

Workflows are designed to deal with process standardization via the definition
of graphical structures, without ambiguities and focused on their automation, with
a view towards automatic guidance by computer systems or replication by human
experts. Workflows are devised for supporting the design of a process that: (1) needs
high-level legibility, intended to be understood by human experts, not only for its
creation but also for its optimization; (2) requires traceability, to make possible a
continuous analysis of the current status of the process flow; and (3) guides users
over a set of steps, allowing them to know the trace of the process flow to the current
status and showing the possibilities after it.

BPM techniques have been tested in the medical field for representing clinical
workflows. In this line, there are some works in the literature dealing with differ-
ent Workflow models. Some works use well known mathematical representation
languages like: Petri Nets [22, 32]; Deterministic Finite Automatons (DFA) or
graphs [26]; other more specific formal mathematical models like Timed Parallel
Automatons (TPA) [10]; and other models specifically created for increasing the
understandability like the Business Process Management Notation (BPMN) [27].
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To select an adequate Workflow Language for each problem it is necessary to
analyze its characteristics. In healthcare, three characteristics should be taken into
account [10]:

• Expressivity. It is the capability for representing all the dynamic flow behaviours
of the processes in the field. This characteristic can be measured thanks to the
so-called Workflow Patterns [34]. Workflow patterns are different situations that
are possible in a process (sequences, parallelism, milestones, etc.). The more
workflow patterns a language can express, the best expressivity it has. The
objective is to have the best language able to express all the possible patterns
in each medical field. Otherwise, the lack of expressivity can result in inaccurate
and ambiguous models.

• Understandability. It represents how easy to read and understand is a language.
Clinicians are not IT engineers and not all the languages are suitable for them
to comprehend. The lack of understandability increases the risk of rejection by
the clinician. Even worst, it can result in inaccuracies and errors in the models’
design that could not only make the system to fail but also lead to an inappropriate
recommendation for the patient.

• Complexity. The complexity of a language is related to the quantity of informa-
tion that it conveys and how computers can process it. This complexity depends
on the grammar on which the language is based. The complexity of a grammar
has an influence on its interaction with computers. It is well known in compilation
theory that the more complex a language of a specific grammar is, the more
difficult it is to process and interpret it [1]. A complex language is harder
to execute and to infer using data-driven techniques. So, the more complex a
language is, the more difficult it is to create applications to understand it and to
create data-driven accurate models without the use of heuristics.

Selecting the best language for a specific field requires a trade-off between having
the desired expressivity, while maximizing the understandability and keeping the
least possible complexity. For example, Petri Nets are probably the most expressive
language for representing any kind of process, but the difficulty for clinicians
to understand it and its complexity makes it necessary to use heuristics for the
inference algorithm. On the other hand, DFA has a very low complexity and this
allows an easy interpretation and very powerful techniques for inference. It is
also easy to understand, however its expressivity is very limited. There are mixed
solutions like TPAs, which are expressive as Safe Petri Nets and low complexity
as DFAs. Other specific languages, like BPMN, have been specifically created so
that the users can understand them, using graphical metaphors for adding semantics
to workflows in a human-understandable way. However, BPMN has a higher
complexity to be executed. In this line, all the characteristics of the problem to be
solved should be evaluated, for selecting an adequate solution in each case.
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3.5 Challenges of Clinical Decision-Making and Process
Management Technologies

Despite the hard work in research to leverage the advantages of clinical decision-
making and process management technologies in the medical domain, there is still
a big gap between the possibilities of these technologies and their joint application
in real scenarios.

On one hand, from the perspective of clinicians, there is a need for creating
safe, non-intrusive, adaptive and trusted tools that offer the confidence required for
their implementation in real scenarios. CPGs and CIGs can offer solutions in this
direction, but the problems associated to their development process, requiring a high
consensus of experts and the need for a continuous revision, make the judicious and
successful use of these instruments a challenge. On the other hand, from a cognitive
and perceptual computing perspective [37], there is a need for more data as well
as for better self-adaptive algorithms to provide a holistic approach from a data-
driven point of view [39]. However, this would imply reducing to a minimum human
intervention during the process of model creation and adaption. But, is there a real
need for completely self-adaptive tools? Why exclude the human in the process of
automatic learning? In the Interactive Pattern Recognition paradigm, it has been
demonstrated that the involvement of the expert in the loop not only provides better
and quicker results than classical Data-Driven approaches, but also ensures a better
understanding and improved confidence in each iteration [12].

The research community of the fields of CIGs and process mining for health
is claiming for the combination of these technologies, taking advantage of the
best of two worlds [14]. The importance of combining clinical decision-support
and workflow technologies to provide realistic support for complex processes, like
extended care pathways and multidisciplinary care, was identified more than a
decade ago [13]. Beyond that, the need for human expert participation is key for
ensuring the adequacy of the models inferred by data-driven approaches. With this
assistance experts could incorporate their background knowledge in the model,
e.g. to correct possible inference errors. This would allow the creation of models,
Workflow or CIG ones, of a better quality and error-free. Furthermore, in process
mining, the implementation of solutions to the problem of data denoising would be
more effective in an interactive way [24].

The involvement of the expert in the loop using an interactive paradigm mixing
data and knowledge-driven solutions opens a set of new perspectives with huge
potential. On one hand, process mining approaches could greatly benefit from
knowledge intensive models such as CIGs, e.g. using them as a layer for the purpose
of improving the explainability of their models to clinicians. On the other hand, the
application of interactive process mining methods could play a role of paramount
importance in the development and continuous adaption of CPGs (and CIGs), e.g.
enabling the integration of tried-and-tested procedures inferred from healthcare data
as a complementary source of knowledge in addition to evidence-based and expert
knowledge. The main challenge will be how to articulate the design of tools so that a
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perfect integration of these two technologies can be achieved and, at the same time,
their respective benefits can be leveraged to improve both the quality standards and
the management aspects of healthcare processes.
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