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Abstract: The COVID-19 pandemic has highlighted some of the opportunities, problems and barriers
facing the application of Artificial Intelligence to the medical domain. It is becoming increasingly
important to determine how Artificial Intelligence will help healthcare providers understand and
improve the daily practice of medicine. As a part of the Artificial Intelligence research field, the
Process-Oriented Data Science community has been active in the analysis of this situation and in
identifying current challenges and available solutions. We have identified a need to integrate the
best efforts made by the community to ensure that promised improvements to care processes can be
achieved in real healthcare. In this paper, we argue that it is necessary to provide appropriate tools
to support medical experts and that frequent, interactive communication between medical experts
and data miners is needed to co-create solutions. Process-Oriented Data Science, and specifically
concrete techniques such as Process Mining, can offer an easy to manage set of tools for developing
understandable and explainable Artificial Intelligence solutions. Process Mining offers tools, methods
and a data driven approach that can involve medical experts in the process of co-discovering real-
world evidence in an interactive way. It is time for Process-Oriented Data scientists to collaborate
more closely with healthcare professionals to provide and build useful, understandable solutions
that answer practical questions in daily practice. With a shared vision, we should be better prepared
to meet the complex challenges that will shape the future of healthcare.
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1. COVID-19 as an Eye-Opener

The COVID-19 pandemic has shaken the world [1]. In the healthcare domain, the
pandemic has led to fundamental changes in the way that healthcare is delivered to
patients [2], it has influenced the education of future doctors [3], and has highlighted the
importance of safeguarding the mental health of professionals when healthcare systems
are over-stressed [4], in addition to many other issues. Despite the seriousness of the
situation and the volume of resources invested in dealing with the pandemic, there remain
unsolved difficulties determining appropriate diagnostics, prognostics and better treatment
plans, as well as uncertainty over the best policies for preventing the harm caused by the
disease [5]. This situation has demonstrated that it is crucial to rethink the way that we use
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scientific evidence to solve real and urgent problems, including the scarcity of resources,
the economic and societal impact of mismanagement during the health crisis, and the need
for a better framework in research ethics in health data research [6,7].

The COVID-19 pandemic has worsened the situation, as overworked medical staff
struggled to follow protocols that frequently changed in response to unfolding events [2].
The introduction of new prevention measures prior to medical contact, the decrease of
face to face meetings in favor of consultations by telephone, the increase of psychological
issues and fears among medical staff, and the changing way in which doctors addressed the
diagnosis and treatments of patients are examples of how profoundly medical processes
changed. COVID-19 fundamentally influenced the processes by which healthcare was
delivered [2]. The prevention measures that were applied affected all the hospital services
protocols. For example, the increase in waiting lists in many non-urgent surgeries [8,9] is
expected to have a serious impact on the health of millions of patients worldwide.

Science has tried to provide responses to pressing problems caused by the pandemic
as quickly as possible. The number of scientific publications about COVID-19 over the last
two years has been impressive [10]. This is not only due to the large number of researchers
who have re-oriented their research to try to support the fight against the pandemic, but
also because publishers and reviewers have increased their efforts to shorten publication
times in order to get evidence published as fast as possible [10]. As a result, there is
a growing body of literature attempting to summarize the lessons learned during the
pandemic [6,7,11].

The extensive literature in the field of Information and Communication Technologies
(ICT) applied to healthcare supports a general consensus that ICT has the potential to
significantly improve healthcare delivery [12]. As ICT has become more widely adopted,
the quantity of data generated by ICT applications has grown exponentially. During the
pandemic, data-driven technologies were used to develop a clear view of the effects of
COVID-19 and learn the lessons from different national responses [11]. However, even
national governments struggled to assess the real impact of COVID-19, including the
apparently simple task of computing mortality [13]. Established ICT systems were often
inadequate and unable to quickly provide good quality data [14]. On one hand, laws
and privacy restrictions prevented researchers from using all the available data and, on
the other hand, data was gathered under stressful conditions, with frequent revisions of
protocols inevitably affecting data quality.

COVID-19 could be a game-changer with respect to the creation of awareness that data
is crucial to healthcare operations. It was a clear demonstration of how valuable data is in
order to optimize protocols that ensure the best quality of care beyond the economical and
societal frontiers. However, most problems regarding data gathering during the pandemic
were not new, the pandemic simply exposed the inadequacy of existing systems. One of the
key problems is the poor adoption and use of Electronic Health Record (EHR) systems that
are genuinely interoperability and available to support all stages of the patient care [15].
However, this is not the only critical problem. Data is gathered by doctors, nurses and other
healthcare professionals who have reported that the use of EHRs increases their workload.
It is argued that the use of EHRs can decrease the time available to spend with patients as
professionals are pushed to record data on the system [16]. This pressure has an impact in
data. In this scenario, the low acceptance of the EHR directly affects the quality of data [17]
and, consequently, all the intelligence and the evidence that are potentially achievable
from it.

If we want to take advantage of the Artificial Intelligence paradigm in the field of
medicine, it will be crucial to incorporate it into the medical workflow in a way that
doctors do not consider an additional burden. This requires providing added value to the
hospital information systems that doctors consider valuable for their daily practice. The
benefits of the EHRs should go beyond a simple evolution from a paper-based history to
the digitalization of documents. Real Digital Health transformation should have a deep
change on the organizational aspects of hospitals and healthcare [18]. This should include
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taking advantage of the benefits of having high-quality EHR data for research and enabling
a new era for supporting health professionals by collecting evidence from data.

2. The Process Oriented Data Science Solution for Healthcare

The Artificial Intelligence revolution in medicine is coming. There exists global con-
sensus that the use of Artificial intelligence will play an important role in the future of
medicine [19]. During the pandemic, lots of work appeared based on applying Artificial
Intelligence and data-driven techniques to analyze data and support health professionals
and citizens in the fight against COVID-19. However, although this demonstrated the
possibilities of Artificial Intelligence in healthcare, the real impact in COVID-19 was insuf-
ficient. The Artificial Intelligence systems have had serious limitations in the COVID-19
fight [20,21].

We should be aware that we are dealing with Real World Data (RWD) [22]. Real World
Data is data collected from routine, daily practice rather than research-focused Randomized
Controlled Clinical Trials (RCTs). This data eminently originates from heterogeneous data
sources; some is structured, some is not; some is of good quality and complete, some is
not; etc. There are many challenging quality problems associated with RWD that should
be addressed urgently, and these will certainly affect the future of Artificial Intelligence in
medicine [14].

Some of the most evident problems in the digital transformation of healthcare through
Artificial Intelligence are poor quality data, poor acceptance of Artificial Intelligence meth-
ods by medical professionals, and uncertainty over how these techniques should be applied
in the healthcare domain. Against this background, clinical methodologies like Value Based
Healthcare [23] or Lean Healthcare [24] focus on the continuous improvement of healthcare
processes. The aim of these methods is to improve the process of care by incorporating new
ways of thinking within the daily workflow of health professionals.

The Process Oriented Data Science community has actively been developing tech-
niques to support the data-driven improvement of healthcare processes. In recent years, the
Process Mining community has been very active in the analysis of healthcare workflows
and the identification of current challenges [25–28]. We have identified a need to bring
together the best efforts made by the community to ensure that promised improvements to
care processes can be achieved in real healthcare.

From the Artificial Intelligence perspective, it is necessary to provide appropriate
tools to support medical experts. To ensure that these tools are fit-for-purpose, interac-
tive communication between medical experts and data scientists is needed to co-create
solutions [29]. The active involvement of medical doctors is crucial.

Many of the problems regarding data quality are due to the lack of involvement of
experts. In our vision, there is a need to provide instant feedback in daily practice to
re-enforce the experienced value of correct data to the health professionals who create it.
If they don’t experience the utility of good quality data within their own work, they will
not be motivated to improve that quality. For that, it is not only needed to provide good
Decision Support Systems, but also, it is necessary to provide tools for supporting health
professionals in the correct classification and annotation of data, allowing them to detect
the data errors in daily practice [30]. Process Mining techniques can offer solutions for
the analysis of patient pathways, providing a useful visualization of current patterns of
care. The effective use of Process Mining tools can demonstrate that technology is not a
burden for health professionals, but a way to know more about their patients, at all stages
of the process.

The use of Artificial Intelligence in daily practice will help health professionals extract
evidence from data. However, to do this safely requires understandability of Artificial
Intelligence outcomes. That means not only the explainability of the decisions taken by
machines, but also helping experts gain an enhanced view of the care process so that
they can co-create alternative treatments and diagnosis methods, use tools to predict out-
comes, and evaluate the effects of new pathways. Process-Oriented Data-driven solutions
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should be focused on the process by offering the information necessary for understanding,
implementing, and adapting the process and continuously improve clinical protocols.

In our vision, Process-Oriented Data Science, and specifically concrete techniques
as Process Mining can offer an easy to manage tools that provide understandable and
explainable Artificial Intelligence solutions. Process Mining can offer data-driven solutions
that involve the expert in the process of the co-discovery of evidence in an interactive way.
The creation of tools that can cover the requirements of doctors’ daily practice is crucial to
create useful methods that will be fully accepted. Now is the time for Process-Oriented Data
Scientists to collaborate with health professionals to build useful, understandable solutions
that answer real questions in daily practice. With a shared vision, we should be better
prepared to jointly tackle the complex challenges that will shape the future of healthcare.
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