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Abstract

Background: Owing to the nature of health data, their sharing and reuse for research are limited by legal, technical, and ethical
implications. In this sense, to address that challenge and facilitate and promote the discovery of scientific knowledge, the Findable,
Accessible, Interoperable, and Reusable (FAIR) principles help organizations to share research data in a secure, appropriate, and
useful way for other researchers.

Objective: The objective of this study was the FAIRification of existing health research data sets and applying a federated
machine learning architecture on top of the FAIRified data sets of different health research performing organizations. The entire
FAIR4Health solution was validated through the assessment of a federated model for real-time prediction of 30-day readmission
risk in patients with chronic obstructive pulmonary disease (COPD).

Methods: The application of the FAIR principles on health research data sets in 3 different health care settings enabled a
retrospective multicenter study for the development of specific federated machine learning models for the early prediction of
30-day readmission risk in patients with COPD. This predictive model was generated upon the FAIR4Health platform. Finally,
an observational prospective study with 30 days follow-up was conducted in 2 health care centers from different countries. The
same inclusion and exclusion criteria were used in both retrospective and prospective studies.

Results: Clinical validation was demonstrated through the implementation of federated machine learning models on top of the
FAIRified data sets from different health research performing organizations. The federated model for predicting the 30-day
hospital readmission risk was trained using retrospective data from 4.944 patients with COPD. The assessment of the predictive
model was performed using the data of 100 recruited (22 from Spain and 78 from Serbia) out of 2070 observed (records viewed)
patients during the observational prospective study, which was executed from April 2021 to September 2021. Significant accuracy
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(0.98) and precision (0.25) of the predictive model generated upon the FAIR4Health platform were observed. Therefore, the
generated prediction of 30-day readmission risk was confirmed in 87% (87/100) of cases.

Conclusions: Implementing a FAIR data policy in health research performing organizations to facilitate data sharing and reuse
is relevant and needed, following the discovery, access, integration, and analysis of health research data. The FAIR4Health project
proposes a technological solution in the health domain to facilitate alignment with the FAIR principles.

(JMIR Med Inform 2022;10(6):e35307) doi: 10.2196/35307
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Introduction

Overview
FAIR4Health is a project that received funding from the
European Union’s (EU) Horizon 2020 research and innovation
program under grant 824666. This project started in December
2018 and ended in November 2021. The main objective of this
European project was to promote and encourage the EU health
research community to apply the Findable, Accessible,
Interoperable, and Reusable (FAIR) principles [1] in their data
sets derived from publicly funded research initiatives through
the implementation of an effective outreach strategy at the EU
level, the production of a set of guidelines to set the foundations
for a FAIR data certification road map, the development of an
intuitive platform, and the demonstration of the potential impact
on health research and health outcomes through the validation
of 2 pathfinder case studies. At a high level, this project aimed
to facilitate health research data sharing and reuse. This project
brought together expertise from the key stakeholders involved
in properly addressing this main objective: health research, data
managers, medical informatics, software developers, standards,
and lawyers. The FAIR4Health Consortium accounted for 17
partners from 11 EU and non-EU countries.

Despite strong concerns and challenges regarding data sharing
in health research [2,3] and following efforts to distinguish
between the concepts of open data [4,5] and FAIR data [6,7],
it is evident that data sharing is one of the pillars of scientific
progress. Cooperation between different countries and cultures
is the fastest way to gather valuable knowledge and address
challenges such as the current pandemic [8,9]. Given the strong
global focus on scientific research and international cooperation,
the adoption and implementation of a FAIR data policy in health
research organizations is a strong requirement. Therefore, the
implementation of FAIR data initiatives and lessons learned in
the FAIRification process in the health field is paramount to
support evidence-based clinical practice and research
transparency in the era of big data and open research publishing
[10].

The purpose of the FAIR4Health project [11] was to design a
workflow [12] and develop a framework to reach the
FAIRification of health research data sets addressing the relevant
legal, technical, and ethical considerations and requirements of
sensitive data. For that, FAIR4Health FAIRification tools were
implemented and deployed in different health research
performing organizations of the FAIR4Health Consortium.

Then, 2 pathfinder case studies were carried out to demonstrate
the potential impact of the application of a FAIR strategy on
health outcomes and health and social care research, making
use of a privacy-preserving distributed data mining (PPDDM)
architecture implemented on the FAIR4Health platform. The
PPDDM architecture used a federated machine learning
approach in which health research data do not leave its premises
while the models travel between the data-hosting sites. The
performance and validation of the FAIR4Health use case that
was focused on the development of an early predictive model
for 30-day readmission risk in patients with chronic obstructive
pulmonary disease (COPD) is described in this paper.

Background

FAIR Data Principles
The aim of the FAIR data principles [1] is to ensure that data
are shared in a way that enables and enhances reuse by humans
and machines. Although FAIR data emerged from a workshop
for the life science community, the FAIR principles are intended
to be applied to data and metadata from all disciplines.

Since its formal release via the FORCE11 community [13], the
FAIR data principles have been adopted by several funders and
governments worldwide. The European Commission’s data
management guidelines were updated in 2017 to introduce the
FAIR principles. Similarly, following the summit in June 2017,
the European Open Science Cloud Declaration was launched
[14]. In contrast, the recent staff working document proposed
an implementation road map for the European Open Science
Cloud [15]. These 2 relevant documents emphasize the central
role of FAIR data.

FAIR principles are being adopted by a diverse range of research
disciplines, such as economics, semantic web, and environment.
Several groups have assessed the uptake to date and the
challenges encountered. FAIR4Health [11] and other projects
add to the state-of-the-art by documenting good practices and
applying them to other domains, where possible, such as the
medical domain.

FAIR4Health adds to the analysis and experience of the
application of FAIR principles in the health research field,
specifically in health research data sets on COPD.

COPD and Readmissions
COPD is a respiratory disease characterized by persistent
symptoms and chronic limitation of airflow. This disease is
known to be underdiagnosed even though it affects almost 10%
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of adults worldwide [16] and its prevalence continues to increase
with the aging of the population. The study by Mannino et al
[17] showed that >50% of adults with impaired lung function
were unaware that they were diagnosed with COPD [17]. COPD
frequently presents itself with other comorbidities, such as
cardiovascular disease, hypertension, and diabetes [18,19]. It
has been shown that other comorbidities present in patients with
COPD are observed at a younger age [20]. The cross-sectional
studies conducted by Anecchino et al [21] and Holguin et al
[22] showed that 68% of patients admitted for COPD had at
least one comorbidity, 16% had 2 or more comorbidities, and
30% had 4 or more comorbidities. It is also the third leading
cause of death in the world [23]. This implies a significant need
for the use of health services [24,25]. Therefore, the need and
importance of using a FAIR strategy would facilitate data
sharing and, thus, scientific discovery, in line with the objectives
addressed in FAIR4Health.

Previous studies have shown that there are several risk factors
associated with readmission in patients with COPD, such as
significant deterioration of lung function, low oxygen saturation
in pulse oximetry, decreased activity levels, comorbidities, and
the absence of medication reconciliation during hospitalization
[26]. Hospital readmissions usually have a negative impact on
the quality of life of patients and their families and present a
considerable economic burden for health care systems.
Furthermore, previous findings support the recognition of high
readmission risks associated with patients who have been
hospitalized frequently in the past, along with other assessments
that may be useful in better predicting readmission risk over
the course of a patient’s stay [27].

Regarding the comorbidities, it is noted that several studies
agree that the greater the number of comorbidities, the greater
the risk of readmission for patients with COPD [28,29]. The
rate of readmission within 30 days of discharge is used on many
occasions to judge the quality of hospital care received. Using
data from Medicare beneficiaries, it is estimated that
approximately 1 in 5 patients discharged from the hospital
because of COPD are readmitted within 30 days [30,31]. A
recently published study by Gershon et al [24] analyzed 252,756
individuals hospitalized for COPD and showed that the risk
factors for readmission during this period were the number of
previous admissions, the modified Medical Research Council
dyspnea score, age, and chronic heart failure (both right and
left).

Therefore, COPD is a major health problem that must be
addressed and analyzed [32]. Several studies have evaluated
the risk of readmission rate for these patients [30,33,34], but
few studies have considered this risk for a period of 30 days.
In addition, few studies have succeeded in considering the
comorbidities and functional and care data of these patients.
For all these reasons, the FAIR4Health pathfinder case study
included the development of an early predictive model for
30-day readmission risk in patients with COPD. This study was
carried out to understand the impact of these data on the rate of
readmission within 30 days of discharge. Addressing these
aspects, which are of high risk during the planning of hospital
discharge, could help prevent readmission and develop a model

that helps predict which patients demonstrate greater frailty and,
therefore, a higher risk of hospital readmission.

Goal of This Study
In this paper, the clinical validation of the FAIR4Health solution
is described, including the development and selection of the
most appropriate model for predicting 30-day readmission risk
in patients with COPD and the assessment of such a model.
This study builds upon the FAIRification of health research
data sets of different health research performing organizations
and a federated machine learning architecture on top of the
FAIRified data sets of different organizations. The entire
FAIR4Health solution was validated in real-world settings with
the clinical use case described in this paper.

Methods

Study Design and Recruitment
The use case that was designed in this study to validate the
FAIR4Health solution was composed of two phases: (1) a
retrospective multicenter observational study, including the
training of the predictive models in the FAIR4Health platform,
and (2) an observational prospective study with a 30-day
follow-up.

Retrospective Study
In the retrospective study, the population included patients aged
>18 years diagnosed with COPD, considering that COPD-related
comorbidities are observed at a younger age [20]. Patients with
programmed admission in any hospital department within 30
days of discharge, patients with psychiatric disease, and patients
with neurodegenerative diseases were excluded from the study.
Following the clinical protocol defined in this study, this first
phase covered retrospective data collection from the relevant
data sources specified below.

In the first phase, which is to train the federated machine
learning models, three different organizations participated with
their health care (hospital, primary care, and nursing homes)
and health research data sets: (1) Universite De Geneve from
Switzerland provided health care data from the electronic health
record (EHR) of the University Hospitals of Geneva; (2) Virgen
del Rocío University Hospital as part of the Andalusian Health
Service (Servicio Andaluz de Salud [SAS]) from Spain provided
health care data from the EHR of the Virgen del Rocío
University Hospital in Seville; and (3) Instituto Aragonés de
Ciencias de la Salud and Instituto de Investigación Sanitaria
Aragón from Spain provided a health research data set based
on the EpiChron Cohort [20,35], a study carried out by the
Instituto Aragonés de Ciencias de la Salud.

For organizations contributing with health research data sets
from previous research projects, the sample size was defined
by taking into account the original size of the data sets in the
previous research, whereas for organizations contributing with
health care data sets from the EHRs, it was defined from the
number of patients fulfilling the inclusion and exclusion criteria.

The variables for the training and prediction processes were
related to demographic, multimorbidity, comorbidities,
polypharmacy, laboratory, and hospitalization data. The
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principal dependent variable was readmission, defined as
unplanned hospitalization for any cause related to COPD within
30 days of hospital discharge.

Prospective Study
Following the clinical protocol defined in the study, an
observational prospective study with a 30 days follow-up was
carried out after the retrospective study to assess the impact of
the early predictive model by collecting data from a cohort of
recruited patients. Patients aged ≥18 years with a diagnosis of
COPD who were admitted to the hospital for this disease
(unplanned hospitalization) and who signed the informed
consent form (ICF) were included in the observational
prospective study, complying with the same inclusion and
exclusion criteria as described for the retrospective study.

Two health care organizations participated in the observational
prospective study in which the trained predictive model was
tested: (1) Internal Medicine Department of the Virgen del Rocío
University Hospital in Seville as part of the Andalusian Health
Service (SAS) from Spain and (2) Clinic for Obstructive
Pulmonary Diseases and Acute Pneumopathies of the Institute
for Pulmonary Diseases of Vojvodina (IPBV) from Serbia. In
both cases, the sample size was defined by considering the
number of patients admitted to the hospital during the
prospective study period, thus fulfilling the inclusion and
exclusion criteria.

Regarding the study variables, the same variables were collected
at the time of inclusion of each patient during the prospective
study as in the retrospective study. As a monitoring variable,
aiming to assess the prediction performance of the model on
the patient’s risk of readmission, it was analyzed whether the
patient with COPD had a readmission within the 30 days of
discharge.

Ethics Approval
Ethical approval for this study was obtained from all
participating health research organizations based on regional
regulations before involving them in the execution of the case
studies (Universite De Geneve and University Hospitals of

Geneva from Switzerland: 2020-02683; Virgen del Rocío
University Hospital as part of the Andalusian Health Service
from Spain: 1269-M1-20; and Instituto Aragonés de Ciencias
de la Salud and Instituto de Investigación Sanitaria Aragón from
Spain , 1269-M1-20).

Technical and organizational measures were defined to
safeguard the rights and freedoms of the data participants,
including the data minimization principle. Informed consent
procedures were defined, including informed consent and
information sheets. A data protection officer was appointed at
each data owner institution. To reinforce the appropriate
coverage of these ethical aspects, at the beginning of the study,
an external ethics advisory board was made up, which involved
reviewing deliverables, generating reports, and performing
presentations to support the FAIR4Health Consortium.

FAIRification Workflow and Tools
Making health data FAIR opens up new horizons, especially
for the secondary use of health care and reuse of health research
data sets. The FAIR4Health project proposed a FAIRification
workflow [12] to be used for making existing health data sets
FAIR. This workflow includes a series of actionable steps and
a technological design and implementation guide for each step.

To address the challenges of the health domain, the proposed
workflow adapted the generic FAIRification process defined
by GO FAIR [36]. First, this workflow contextualizes the
generic steps. Second, the FAIR4Health workflow introduced
new steps with a strong consideration of the legal, technical,
and ethical implications that reusing health data sets may have.

These steps were (1) raw data analysis, (2) data curation and
validation, (3) data deidentification and anonymization, (4)
semantic modeling, (5) making data linkable, (6) license
attribution, (7) data versioning, (8) indexing, (9) metadata
aggregation, and (10) publishing.

Steps 2, 3, 7, and 8 were newly introduced in the FAIR4Health
FAIRification workflow. Figure 1 shows a visual representation
of this workflow.

Figure 1. The FAIR4Health FAIRification workflow (redefined from the study by Sinaci et al [12]). FAIR: Findable, Accessible, Interoperable, and
Reusable.
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The FAIRification workflow was based on the HL7 Fast
Healthcare Interoperability Resources (FHIR) [37]. Making
data FAIR by using a well-established standard such as HL7
FHIR not only contributed to FAIRification but also helped the
data owner organizations conform to a widely adopted standard.
The FAIR4Health project developed a set of software tools
around the HL7 FHIR as an implementation of the FAIRification
workflow, the so-called FAIRification tools. In addition to the
methodology and FHIR usage, these tools, namely, onFHIR.io
repository [38], data curation tool (DCT) [39], and data privacy
tool (DPT) [40], were deployed and used at each of the 3 data
source organizations for the retrospective study. A set of FHIR
profiles to serve as the common data model [41] of the
FAIR4Health project was developed to cover the data
requirements of the use cases. The onFHIR.io installations of
the FAIR4Health project were shipped with the FAIR4Health
profiles; hence, the FAIR4Health design led to uniform,
interoperable, and reusable data sets once FAIRification was
completed at each retrospective study organization.

Along with the onFHIR.io repositories, at each organization, a
DCT and a DPT were installed, and these tools were used by
the data managers and FAIR4Health researchers to FAIRify
their existing data sets, collaborating to appropriately treat the
databases. Following the FAIRification workflow, the raw data
were first transformed into HL7 FHIR by creating the associated
FHIR resources through the DCT. It was shown that the DCT
is a valid software tool that meets the challenges of raw data
analysis, curation, and validation steps [42]. Once the data were
migrated into the onFHIR.io repository, the DPT was used to
deidentify the resources with respect to the policy requirements

of the organizations. The use of FHIR resources and the
onFHIR.io repository helped us to successfully cover the other
workflow steps such as versioning, indexing, and license
attribution. At the end of the FAIRification process for each
organization, the FAIR data were ready to be consumed by the
federated machine learning algorithms so that predictive models
could be built on top of the retrospective data.

Federated Machine Learning Models
The FAIR4Health project implemented the PPDDM philosophy
by designing and implementing a federated machine learning
architecture. The ultimate aim of this architecture is to address
the challenging security and privacy concerns of health data
owners. The PPDDM architecture does not allow data to leave
their servers. Partial machine learning models were trained on
each FAIRified data set at each organization, and then these
partial models were used to develop a boosted machine learning
model on the central FAIR4Health platform. The platform
provides a web-based graphical user interface to the researchers
so that they can define their features, create distributed data
sets, and then train federated models. The PPDDM architecture
was composed of the agent implementation. Then, the agents
were deployed at each data source organization on top of their
FAIRified data sets. These agents communicated with their
associated onFHIR.io repositories at each deployment site. A
manager was deployed as a backend to the FAIR4Health
platform graphical user interface so that these agents can be
orchestrated to build distributed data sets and federated
predictive models on top of those distributed data sets. Figure
2 shows a graphical representation of the FAIR4Health federated
architecture.

Figure 2. The FAIR4Health federated architecture. GUI: graphical user interface; PPDDM: privacy-preserving distributed data mining.

During the retrospective study, the researchers of the data owner
organizations used the platform to train federated machine
learning models on the retrospective data sets that were
previously made FAIR using the FAIRification tools. The
PPDDM implementation provided a set of machine learning
algorithms to the researchers to be executed in a federated
manner. These algorithms were grouped as (1) support vector
machine, (2) logistic regression, (3) decision trees, (4) random
forest, and (5) gradient-boosted trees.

Results

Model Generation and Adjustment
During the retrospective study, a number of machine learning
models were generated by using the prediction algorithms listed

above as well as trying out various values for different
parameters (eg, imputation strategy, classification threshold,
maximum depth of a tree, and feature subset strategy). More
focus was given to the tree-based algorithms because the data
in the agents were skewed in one direction, and tree-based
methods produced better results than the others when the data
were unbalanced. In addition, k-fold cross-validation was used
to split the data into a set of nonoverlapping training and test
sets to obtain more accurate results.

In the experiments, better results were obtained with the
predictive models generated using the random forest algorithm.
An example screenshot of the platform is shown in Figure 3.
While creating the model, different values for the maximum
depth of a tree (range 5-15), minimum information gain
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(between 0.0 and 0.5), impurity (gini or entropy), and number
of trees (range 25-100) were provided. The FAIR4Health
platform tried all these values with the grid search functionality
to determine the best combination. Therefore, considering the
knowledge of the FAIR4Health researchers with an expert
background in this kind of algorithm, the best model with an
accuracy of 98.6% was generated and selected with the
following values:

• 3-fold cross-validation with area under the curve of the
receiver operating characteristic evaluation metric

• Imputation strategy: median—replaces the missing values
using the approximate median value of the feature

• Maximum depth of a tree: 5
• Minimum information gain: 0.0
• Impurity: gini
• Number of trees: 50
• Feature subset strategy: auto-calculates the number of

features at each tree node as the square root of the total
number of features in the classification algorithm.

Figure 3. Result of a random forest model.

Clinical Validation
After the parameters of the algorithm were selected, the
predictive model was generated using retrospective data sets of
4.944 patients with COPD. Subsequently, an observational
prospective study was conducted to validate and evaluate an

early predictive model for 30-day readmission risk in patients
with COPD.

In total, 100 patients were recruited and included in the
observational prospective study with a 30-day follow-up, from
April 2021 to September 2021, including recruitment and
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follow-up. During that period, the study participants were
recruited by performing weekly prevalence cuts in which all
patients hospitalized because of COPD conditions were
systematically evaluated, offering inclusion in this study to all
those who met the inclusion criteria and did not meet any
exclusion criteria.

Clinicians and researchers performed functional and clinical
validations of the FAIR4Health solution during the observational
prospective study. As this was a multicenter observational study,
the recruitment and inclusion of patients in the study were
carried out as mentioned below.

For SAS, the clinical team reviewed 711 hospitalized patients
during the study period, and 53 (7.5%) of them fulfilled the
inclusion criteria and did not meet any exclusion criteria. Finally,
22 patients with COPD signed the ICF and were included in
this observational prospective study. Out of the total recruited
patients in SAS, 18% (4/22) were female and 82% (18/22) were
male.

In the case of IPBV, out of 2070 hospitalized patients, 113
(5.46%) patients were hospitalized because of COPD
exacerbation, and 83 (73.5%) patients met all inclusion criteria
and did not meet any exclusion criteria and signed the ICF. A
total of 78 patients were included in this observational
prospective study.

Of the total patients recruited during the study period, 47%
(37/78) were female and 53% (41/78) were male.

All data gathered from patients with COPD were entered into
the FAIR4Health platform to obtain the prediction generated
by the predictive model for 30-day readmission risk and to
assess its performance.

Evaluation Outcomes
When the prediction was obtained using the FAIR4Health
platform, a concordance analysis was performed to compare
the real data with the predicted values. Concerning the reality
of readmissions among the 100 patients recruited, in both cases,
the patients were followed up during hospitalization, and the
follow-up was performed during the following 30 days. Out of
a total of 22 patients recruited from SAS, 3 (14%) were
readmitted within 30 days of discharge (ie, during the follow-up
period). Out of a total of 78 patients recruited from IPBV, 10
(15%) were readmitted during the follow-up period. Finally,
from the 100 recruited patients, (1) the accuracy of predictions
generated by the FAIR4Health platform was confirmed in 87%
(87/100) of the cases; that is, either the patient was readmitted
to the hospital because of COPD in real life and the algorithm
predicted that there was early 30-day hospital readmission risk
or the patient was not readmitted and the algorithm predicted
that there was no early 30-day hospital readmission risk and (2)
the prediction generated was not confirmed in 13% (13/100) of
the cases; that is, in real life, the patient was readmitted within
30 days and the platform predicted that there was no early
30-day hospital readmission risk or the patient was not
readmitted and the platform predicted that there was early
30-day hospital readmission.

Discussion

Principal Findings
The application of the FAIR principles in health research data
sets of health research performing organizations from different
countries allowed the federated data analysis to accelerate the
discovery of scientific outputs. Therefore, the analysis of legal,
technical, and ethical requirements of health research data were
addressed during data FAIRification. Furthermore, a clinical
decision support model for predicting 30-day readmission risk
in patients with COPD at discharge based on the risk factors
uncovered previously, using data mining approaches, was
implemented, deployed, and validated. Finally, through a
multicenter study in which the rate of readmission of patients
with COPD within 30 days after hospital discharge was
analyzed, clinical partners could reach use case objectives and
obtain an early 30-day hospital readmission risk predictive
model. Further details of the FAIR4Health pathfinder case
studies can be found in the FAIR4Health public report on the
demonstrators’ performance [43].

It is important to highlight that the FAIR4Health solution was
implemented following a practical extensibility capacity, so
that other research questions can be covered using the solution
without the need to perform adaptations. Furthermore, to
improve the reusability capacity of the study, using both the
open-source code and the generated metadata freely available
in GitHub [44], the study can be reproduced.

Limitations
First, significant cross-cutting data-related challenges were
addressed during data collection. Data extraction from EHRs
and other types of health care sources aligning this extraction
with a FAIR4Health common data model was not trivial and
required a lot of conceptual and technical efforts because of (1)
the complexity of the raw data (the sources of EHRs are
commonly very complex including the information in several
tables in the source databases), (2) free text used in some fields
in the raw data sources, and (3) differences between the types
of raw data sources. To address the complexity of the raw data,
each health research organization from different countries that
participated in the data extraction involved colleagues who were
experts in each source data model. To handle the information
in free text fields, natural language processing techniques were
assessed. Finally, in some cases, manual natural language
processing to extract structured information from unstructured
information was performed. To manage the differences between
the nature of the raw data sources, each raw data set was
analyzed in depth in a collaborative effort between each clinical
partner and the technical partners to reach the required
configuration in the FAIR4Health solution, achieving the
FAIRification of all raw data and finally achieving the PPDDM
models’ generation using all sources.

Second, concerning the predictive model generated in this study,
it can be stated that it is possible to generate more efficient
prediction parameters (with better accuracy, precision, and recall
values) if the distribution of the readmission variable in the data
sets is better adjusted. The readmission variable, which was the
dependent variable, was not balanced in the data sets of the
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retrospective studies (data sets used to generate the predictive
model for this prospective study), which resulted in the
generated results being good but not perfect as desired. For
more effective models, in the future, a better adjustment of the
distribution of the readmission variable using data sets with
more patients will be addressed to boost the application of
predictive models in clinical practice. Most studies of predictive
models based on machine learning show poor methodological
quality and are at a high risk of bias. The small study size, poor
management of missing data, and failure to address overfitting
are factors that contribute to the risk of bias [45].

In contrast, it is crucial to add that this study was carried out
while these 2 health care organizations were experiencing the
consequences of the COVID-19 pandemic, and clinical
researchers had to make significant efforts to properly conclude
the prospective study:

• IPBV as a health care institution was included in the
national COVID-19 system of health care institutions caring
for COVID-19 positive patients with severe clinical
difficulties. Owing to this reorganization of the Serbian
health care system, the likelihood of hospitalization of
patients with COPD has been reduced since March 2020.
Many of the researchers responsible for patient recruitment
in the prospective study were engaged in COVID-19
departments, and the remaining researchers were
overworked during the study period.

• On the side of SAS, this health care institution was involved
in the care of patients with suspicion of COVID-19 and
COVID-19–positive patients with severe clinical
difficulties. All health professionals in SAS had a higher
workload in health care. In fact, different clinical
researchers participating in this observational study were
transferred during the project to the COVID-19 Emergency
Hospital in Seville (Spain), relieving each other, with an
essential health care priority and looking after patients who
did not meet the inclusion criteria of this study and could
not be recruited. The clinical researchers identified a low
use of health care services (both urgencies and
consultancies) by patients with COPD; presumably, the
patients waited for more severe symptoms to go to the
health care centers because of the fear of having contact
with COVID-19–positive patients. In addition,
hospitalizations of patients with COPD were restricted,
similar to what has happened in other pathologies, to avoid
patient flow through health care centers.

Next Steps
Considering the final version of the FAIR4Health solution and
the main outcomes of this study, some future advances can be
taken into account:

• Both the FAIRification tools and the FAIR4Health platform
were validated using the FAIR4Health common data model.
The solution has been designed and developed by
considering the extensive capacity of other data models, so
it is appropriate to continue the validation and testing with
other data models in future clinical validations.

• The whole FAIR4Health solution covers alignment with
relevant standards: HL7 FHIR, International Classification

of Diseases, SNOMED Clinical Terms, Logical Observation
Identifiers Names and Codes, and the Anatomical
Therapeutic Chemical classification system. Other standards
such as other HL7 standards, epidemiological standards,
and W3C standards could be considered to be integrated if
viable.

• The FAIR4Health platform was validated using the
following machine learning algorithms: frequent pattern
growth, support vector machine, logistic regression, decision
trees, random forest, and gradient-boosted trees. Deep
learning algorithms such as neural networks can be
considered in future studies to improve the capabilities of
the FAIR4Health platform.

From a scientific point of view, some researchers of the
FAIR4Health Consortium contribute to the application of the
FAIR principles in the health research field, being involved in
international working groups part of the European Open Science
Cloud, the European Federation for Medical Informatics, the
Research Data Alliance, the GO FAIR initiative, and HL7
International.

Conclusions
Despite the limitations mentioned above, the objective of this
study was achieved: to validate the FAIR4Health solution
through the assessment of a federated model that was generated
by applying a federated machine learning architecture on top
of the FAIRified data sets of different health research performing
organizations for real-time prediction of 30-day readmission
risk in patients with COPD.

The clinical, technical, and functional validation of the
FAIR4Health solution was achieved through (1) the application
of FAIR principles through the FAIR4Health FAIRification
tools in health research data sets of different health research
performing organizations and FAIRifying data from 4.944
patients with COPD; (2) development and use of federated
machine learning architecture on top of the FAIRified data sets;
and (3) clinical, technical, and functional development and
assessment of a federated model for predicting 30-day
readmission risk in patients with COPD, with an accuracy of
0.98, a precision of 0.25, and a confirmed prediction in 87%
(87/100) of the cases.

In the retrospective study where 3 different organizations
participated with their health care (hospital, primary care, and
nursing homes) and health research data sets, the federated
model was generated with an accuracy of 98.6% and a precision
of 25%. In the observational prospective study in which 2 health
care organizations participated, 100 patients were recruited for
the federated model to predict their readmission risk to the
hospital within 30 days because of COPD. Therefore, the
accuracy of predictions generated by the model, and hence the
FAIR4Health platform, was confirmed in 87% (87/100) of the
cases.

Health research performing organizations are aware of the need
to implement a FAIR data policy to facilitate data sharing and
reuse following the discovery, access, integration, and analysis
of health research data. One obvious example would be the
COVID-19 pandemic, where international cooperation allowed
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the rapid sequencing and epidemiological studies to be carried
out, thus demonstrating the need and importance of data sharing
to accelerate health research [46,47]. For this purpose,
organizations are usually making efforts to align themselves
with the FAIR principles. This is the real and practical
consequence of the FAIR4Health project in terms of patient
management and health planning: to improve health research
in specific pathologies through the findability-, accessibility-,

interoperability-, and reusability-enhanced features in the case
of health data.

The FAIR4Health project proposes a technological solution in
the health domain to facilitate the use of larger and more
heterogeneous data sets, thus increasing the variability of the
data and the size of the data sets. Therefore, an increase in the
scope of the research will be obtained and a significant
improvement in the ability to generate more accurate predictive
models.
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