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1 Introduction 
The deliverable D5.5 is the last report to be submitted in WP5 - FAIR4Health Pathfinder 
Case Studies Design, Implementation and Demonstration, where FAIR4Health partners 
have worked on previous deliverables: 

- D5.1 - Case Studies design. Clinical partners (UNIGE, SAS, IACS, UCSC, UP and IPBV) 
worked on the description and design of the clinical protocols for the definition of 
two case studies: 1) Identification of multimorbidity patterns and polypharmacy 
correlation on the risk of mortality in elderly; and 2) Early prediction service for 30-
days readmission risk in Chronic Obstructive Pulmonary Disease (COPD) patients. 
Deliverable D5.1 included the objectives, study design, methodology and work plan 
related to the two FAIR4Health use cases. Likewise, it is important to note that the 
definition of the clinical variables mentioned in D5.5 was included in D5.1. 

- D5.2 - Local ethical approvals. In that deliverable, information concerning the local 
Ethics Committees approvals of each clinical partner were collected, that is of each 
site where the pathfinder case studies will be carried out, and complying with the 
European regulations, General Data Protection Regulation and regional legal 
frameworks on Data Protection. 

- D5.3 - Prototype of pathfinder case study #1. The development and 
implementation of the pathfinder case study 1 were gathered in that report, 
including technical aspects of the methodology, architecture, deployments, and 
implementation of the that first prototype. The prototypes were developed making 
use of Privacy-Preserving Distributed Data Mining (PPDDM) methodologies and 
algorithms implemented upon the FAIR4Health platform. Then, the predictive 
models are trained and validated with retrospective data in both use cases. Finally, 
the prospective demonstration is performed in the second phase of the second use 
case. 

- D5.4 - Prototype of pathfinder case study #2. As in D5.3, the development and 
implementation of the pathfinder case study 2 were gathered in that report, 
including technical aspects of the methodology, architecture, deployments, and 
implementation of the second prototype.  

 
During the Demonstration stage, FAIR4Health partners work on deliverable D5.5 in order 
to gather information concerning the demonstrators’ performance, including the 
retrospective studies with the training of the PPDDM models in the agents and FAIR4Health 
platform and the prospective study for the validation of the PPDDM models in a real clinical 
environment and analysis of the results. 
 
In addition, D5.5 - Report on the demonstrators’ performance includes the FAIR4Health 
platform intention to use: 1) A priori intention to use, assessed at the beginning of the 
training stage (month M29, April 2021), and 2) The actual intention to use, measured at 
the end of the demonstrators (month M34, September 2021). That information has been 
collected and analyzed through a survey to also measure a project indicator. 
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1.1. Preamble: Clarifications of ‘D5.1. Case studies design’ 
As clinical partners have continued to work on the case studies since the delivery of D5.1 - 
Case Studies design, in August 2021, some clarifications are necessary to be included in 
that report. In this way, this section is a preamble section called Clarifications of ‘D5.1. Case 
studies design’. 
 
In blue, clinical partners include the text with the added clarifications/details to be reviewed 
in D5.1, after analyzing these issues during the preparation and beginning of the case 
studies: 
 
Summary (D5.1, page 13): 
 
In section 1 – Summary, there are small errors corresponding to text that was not updated 
at the end of the description of the case studies: 
❖ Pathfinder case study #1: As a result, a multicentric observational study has been 
designed in which data will be collected from 5 different European cohorts. 
❖ Pathfinder case study #2: The population studied will consist of individuals over the age 
of 18 with a diagnosis of COPD who have been admitted to the hospital for this disease. In 
the study 5 health institutions across Europe will participate. 
 
Case study 1 - Time period (D5.1, page 16): 
 
In section 2.3.3 - Time period, for U. Porto, missing until when:   
❖ U. Porto: from 2017 up to 2020 
 
Case study 1 - Dependent variables (D5.1, page 23): 
 
In section 2.4.2 - Dependent variables, we add the description for the mortality variable: 
- Mortality at 6 months (Yes/No): In the last contact with doctor or researcher. 
 
Case study 1 - Responsibility for analysis and ethical aspects – SAS (D5.1, page 27): 

In section 2.8.1, there is an improvement that has been covered in the deliverable D5.2: 

b. Information sheet and consent form 

Being a retrospective observational study, we will submit the protocols to the Ethics 
Committees of each clinical institution respectively in order to get the official authorization 
to perform the study. For the retrospective study, due to the nature of the data, which are 
completely anonymized (no identities, no direct no indirect identifying information), a 
waiver will be asked to the Institutional Review Board (IRB) in order to use all patient data. 
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Case study 2 - Secondary Objectives (D5.1, page 36): 

In section 3.2.2 - Secondary Objectives, taking into account the detailed variables of the 
study, one of the secondary objectives needs to be updated. That is, the mortality word 
and the 'rate of follow-up consultations per subject within 30 days from discharge' are 
excluded because clinical partners will not analyse these variables (variables not included 
in the case study 2): 

❖ To analyze the impact of the FAIR4Health platform on Health outcomes: readmission 
rates per subject within 30 days from discharge. 

Case study 2 - Eligible population (D5.1, pages 37 and 38): 

In sections 3.3.1.2 and 3.3.3.2, to clarify, the eligible population must be completed to 
specify it is not an objective of the study working with planned hospitalizations. So, the 
eligible population has been updated, from “Hospitalized patients due to COPD conditions” 
to “Hospitalized patients due to COPD conditions (unplanned hospitalization)”. 

Case study 2 - Prospective Study (D5.1, page 38): 

For the inclusion and exclusion criteria to be the same as for the retrospective study of 
Case Study 2, we exclude the state of agony as exclusion criteria, but we still include it in 
the study as an ethical consideration. 
 
Section 3.3.3.3 - Inclusion criteria:  
❖ Patients ≥ 18 years old 

❖ Patients diagnosed with COPD (FEV/FVC <0.70) 
 
Section 3.3.3.4 Exclusion criteria:  
❖ Programmed admission in any hospital department within the next 30 days after the 
hospitalization 
❖ Patients with psychiatric disease 

❖ Patients with neurodegenerative disease 
Furthermore, in the prospective study, we must consider 2 ethics issues: 
❖ The patient must give informed consent. 

❖ The patient cannot be in a state of agony. 
 
Case study 2 - Dependent Variable (D5.1, page 39): 
 
In section 3.4.1 - Dependent Variable: 
Principal dependent variable is ‘Readmission’, it is defined as unplanned hospitalization with 
COPD as primary, secondary or tertiary diagnostics within 30 days after date of hospital 
discharge: Yes / No. 
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Case study 2 - Covariate (D5.1, page 40):  
 
In section 3.4.2 – Covariate: 
Regarding the Laboratory Variables, 1st value and last value available before discharge will 
be collected, that is at admission and at discharge. 
In the Laboratory Variables table: The laboratory variable 'Creatine' is actually 'Creatinine'. 
 
Case study 2 - Other variables (D5.1, page 42):  
 
In section 3.4.3 - Other variables, clinical partners agreed that they should include only 
unplanned admissions. To exclude urgencies. To exclude planned admissions. 
 
‘Total number of unplanned hospitalizations related to COPD in the last 12 months’. 
 
Case study 2 - Responsibility for analysis and ethical aspects – SAS (D5.1, page 46): 

In section 3.9.1, there is an improvement that has been covered in the deliverable D5.2: 

b. Information sheet and consent form 

Being a retrospective observational study, we will submit the protocols to the Ethics 
Committees of each clinical institution respectively in order to get the official authorization 
to perform the study. For the retrospective study, due to the nature of the data, which are 
completely anonymized (no identities, no direct no indirect identifying information), a 
waiver will be asked to the IRB in order to use all patient data. 

For the prospective study, only patients that have signed the information sheet and 
consent form will be included. 
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2 FAIR4Health Agents 
SAS Agent is related to the clinical site of the Virgen del Rocío University Hospital in Seville 
as part of the Andalusian Health Service (SAS), Spain. The Virgen del Rocío University 
Hospital has an Electronic Health Record (EHR) called Diraya Atención Especializada. This 
system has more than 2.44 million EHR with information on 21.62 million clinical episodes.  
Specifically, for both use case studies of FAIR4Health project, and following the approval 
of the regional Ethics Committee, the SAS team researchers have extracted and collected 
clinical variables from the EHRs related to demographic information, comorbidities 
variables, cognitive impairments variables, pharmacological and laboratory variables, and 
other clinical variables defined in the clinical protocols (see deliverable D5.1 for additional 
details). 
 
UP Agent is from University of Porto, Portugal. The dataset of UP is based on FRAILSURVEY 
is an app to self-assessment of frailty status, that collects data from elderly in community. 
This app integrates the Groningen Frailty Index, and a set of questions about 
sociodemographic data, social resources, mobility, physical shape, self-perception of 
health, vision, hearing, nutrition, medication, cognitive and psychosocial status and time 
occupation. The results obtained in terms of frailty status are important for healthy ageing 
among community-dwelling older people, as it can help lifestyles changes preventing or 
reverting their frail status. 
For Use Case 1, UP used data such as age, nationality, and gender for patient identification; 
polymedication, memory complaints, hearing difficulties, vision difficulties, unintentional 
weight loss, feeling down or depressed lately, feeling nervous or anxious lately, Groningen 
Frailty Index Frailty Score and domiciliary care. 
 
UCSC Agent is from Università Cattolica del Sacro Cuore, Rome, Italy. It is based on The 
Services and Health for Elderly in Long TERm care (SHELTER) data. The SHELTER study 
provides data from 4156 nursing home residents in 57 facilities of 7 European Union (EU) 
countries (Czech Republic, England, Finland, France, Germany, Italy, The Netherlands) and 
1 non-EU country (Israel). Data were collected using the interRAI instrument for Long Term 
Care Facilities (interRAI LTCF), a standardized instrument that has been validated to 
provide a comprehensive assessment of elderly individuals in nursing homes and their care 
needs. For the purposes of the present project socio-demographic data, cognitive and 
functional impairment data, clinical data including information on medical conditions, 
medications and other therapeutic interventions, according to the clinical protocol. 
 
UNIGE Agent is from the University Hospitals of Geneva (HUG), in Switzerland. HUG has 
an Electronic Health Record (EHR) called DPIData. This EHR counts 1.3 million patients, 90 
million encounters, 40 million order entries, 400 million medical acts scheduled, 120 million 
lab results and 200 million structured clinical facts. Following the approval of the cantonal 
Ethics Committee, the UNIGE team has extracted and anonymized the data for both use 
cases studies of the project, related to demographic information, comorbidities variables, 
cognitive impairments variables, pharmacological and laboratory variables, and other 
clinical variables defined in the clinical protocols (see deliverable D5.1 for additional details). 
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IACS Agent reuses data collected in the context of the project EpiChron Cohort from 
EpiChron Research Group on Chronic Diseases which belongs to Instituto Aragonés de 
Ciencias de la Salud and Instituto de Investigación Sanitaria Aragón in Spain. The EpiChron 
Cohort is a health register-based population cohort study investigating the clinical 
epidemiology, inappropriate health service use and health outcomes associated with 
chronic diseases and multimorbidity. 
The cohort includes 10 years of follow-up of all inhabitants of Aragon, a Spanish north-
eastern region, registered as users of the public health system (1.3 million individuals of all 
ages). The cohort integrates sociodemographic and clinical characteristics, health services 
use, drug prescriptions, and health outcomes information obtained from clinical-
administrative databases and electronic health records.  
Specifically, for both use case studies of the FAIR4Health project, and following the 
approval of the Ethics Committee, the IACS team researchers have extracted the variables 
defined in the clinical protocols. 
 
In conclusion, as defined in the overall FAIR4Health architecture in WP3 and WP4, 5 agents 
corresponding to 5 clinical research organisations (SAS, UP, UCSC, UNIGE and IACS) will 
connect to the FAIR4Health platform. The sixth clinical organisation (IPBV) involved in the 
project will not participate through an agent (therefore it is not included here), but will 
participate directly in the prospective study of Use Case 2 (described in section 4.3 of this 
deliverable). 
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3 Use Case 1 demonstrator 
The main goal of Use Case 1 is to analyze the impact of multimorbidity patterns and 
polypharmacy on the 6-months mortality rate and cognitive impairment among elderly 
individuals in different health care settings. 
 
In order to reach this objective, a retrospective observational cohort study has been carried 
out, including the training and generation of machine learning models with Association Rule 
Learning algorithms in the FAIR4Health platform. Finally, the results of the retrospective 
study of Use Case 1 have been shown in the FAIR4Health platform through association 
rules/patterns (as described in section 3.2.2). 

3.1 Retrospective Study 
To achieve the objective of Use Case 1, a retrospective study has been performed with 
data from 5 EU cohorts in different health care settings (hospital, primary care, nursing 
homes) and health research organizations:  

- UNIGE: provides anonymized health care data from the EHR of the University 
Hospitals of Geneva. 

- SAS: provides health care data from the EHR of the Virgen del Rocío University 
Hospital in Seville as part of the Andalusian Health Service. 

- UCSC: provides health research datasets from two research studies carried out by 
Università Cattolica del Sacro Cuore (SHELTER). 

- UP: provides a health research dataset based on FRAILSURVEY, an initiative carried 
out by University of Porto. 

- IACS: provides a health research dataset based on the EpiChron Cohort, a study 
carried out by the Instituto Aragones de Ciencias de la Salud. 

 
The study population aiming to achieve the objective of Use Case 1 had the following 
inclusion criteria: 
 
Inclusion Criteria 

- Patients ≥ 65 years old. 
- Patients with at least two chronic diseases/comorbidities (described in deliverable 

D5.1) 
 
During the retrospective study, researchers of the previous health research institutions 
have carried out the secondary use of retrospective data from all institutions, making use 
of Privacy-Preserving Distributed Data Mining (PPDDM) methodologies and algorithms 
implemented upon the FAIR4Health platform. In this way, for Use Case 1, association 
models have been trained and validated with retrospective data from EHRs and research 
datasets. 
 
Finally, through this multicentric retrospective study, clinical partners could reach Use Case 
1 objectives, obtaining the results of the characterization of the existence of associations 
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between chronic diseases, and their impact, together with polypharmacy on the 6-month 
mortality rate and cognitive impairment. 

3.2 Analysis of Use Case 1 results 

3.2.1 Algorithm and parameters used to generate PPDDM models 
Use Case 1 was tested with the federated FP-Growth [1] (frequent pattern tree association) 
algorithm, used for mining association rules, that allows to identify the most frequent 
patterns among a set of variables. 
 
FP-Growth algorithm was implemented by Han et al. in 2000 [1] as an efficient, scalable, 
and fast algorithm for mining complete set of frequent patterns, especially when there 
exist long patterns. Given a dataset, the algorithm finds the association rules in two steps. 
In the first step, item frequencies are calculated through the construction of a FP-tree [1], 
and frequent items are identified. Items are sorted in descending order based on their 
frequency and then the ones that are below the minimum support are removed. In the 
second step, for each item, the conditional frequent pattern tree is built in several sub-
steps, and the association rules are generated. To determine a valid association rule, the 
confidence is calculated and the ones with confidence greater than or equal to the 
minimum confidence value are kept in the result.  
 
In FAIR4Health, in line with the PPDDM objectives, federated version of the FP-Growth 
algorithm has been implemented. Like the traditional FP-Growth, the algorithm consists of 
two steps. In the first step, each agent calculates the item frequencies on their own data 
and sends the results to the PPDDM Manager in the FAIR4Health platform. PPDDM Manager 
merges the results of all agents, finds frequencies at global level, and removes the items 
that are below minimum support. In the second step, PPDDM Manager sends the global 
frequent itemset to each agent and asks agents to find association rules for this itemset. 
Agents execute the second step of traditional FP-Growth algorithm to find association rules 
for the given itemset. After the rules are found, they are sent to the PPDDM Manager as 
well. Similar to the process in the first step, PPDDM Manager combines the association rules 
retrieved from all the participating agents, calculates their confidence levels, and removes 
the rules that are below the minimum confidence value.  
 
The different parameters that are used to train federated FP-Growth model are described 
below: 

- Minimum support: the minimum support for an itemset to be identified as frequent 
(ranges from 0.0 to 1.0). For example, if an item appears 3 out of 5 transactions, it 
has a support of 3/5=0.6. By default, the minimum support used is 0.3. Support, in 
other words, is the parameter for frequency, and in case of a disease, it would be 
the prevalence. 

- Minimum confidence: The minimum confidence for generating association rule. 
Confidence is an indication of how often an association rule has been found to be 
true. For example, if in the transactions itemset X appears 4 times, X and Y co-occur 
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only 2 times, the confidence for the rule X => Y is then 2/4 = 0.5. The minimum 
confidence does not affect the mining for frequent item sets but affects the 
generation of association rules from frequent item sets. The default value of the 
confidence level used is 0.8. 

3.2.2 Presentation of the results 
After generation and completion of a model, the results are presented in the following way 
in the platform: 

  
 

Figure 1. Example of presentation of the results for Use Case 1 in the FAIR4Health platform. 

 
Figure 1 presents an example screenshot showing the association rules in “Antecedent => 
Consequent” format. The columns can be interpreted as following: 

- The “Antecedent” column represents the left-hand side of an association rule 
- The “Consequent” column represents the right-hand side of an association rule. For 

example, the first association rule indicates that female patients older than 80 years 
old and having diabetes and hyperlipidemia conditions also have hypertension 
condition. 

- The “Confidence” defines the likeliness of existence of consequent in a patient given 
that the patient already has the antecedents. That is to answer the question — of 
all the patients having say, {Diabetes, Gender female, Hyperlipidemia, Age over 80}, 
how many also have {Hypertension}? For an association rule A => C, the 
“confidence” is calculated as the ratio between patients having both A and C, and 
patients having A.  

- For an association rule A => C, the “Lift” controls for the frequency of C 
(consequent) while calculating conditional probability of occurrence of C 
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(consequent) given A (antecedent). It is calculated as the ratio between confidence 
of A => C and support of C. Some important remarks on lift are: 

o In cases where {A} actually leads to {C} for the patient, value of lift will be 
greater than 1. A value of lift greater than 1 vouches for high association 
between {C} and {A}. More the value of lift, greater are the chances of 
patient to have {C} if the patient already has {A}. 

o A value of lift equal to 1 indicates independence between {A} y {C}. So, we 
will search association patterns with a value of lift greater than 1 in our 
results. 
 

3.2.3 Scenarios identified to generate different PPDDM models 
 
Scenario 1: Agents from SAS, UNIGE, IACS and UCSC 
The first scenario identified to perform Use Case 1 consists of the agents of four partners 
participating in the retrospective study. The datasets of these four partners share a 
common data structure and information on the same clinical variables (described in 
deliverable D5.1). So, this first scenario aims to search for multimorbidity patterns 
generated from datasets from both hospitals and research institutes. The size of these 
datasets (number of records) following the criteria of this retrospective study are presented 
in the image below. 
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Figure 2. Dataset created for Use Case 1 using SAS, UNIGE, IACS and UCSC Agents. 

 
In this scenario, clinical partners, with the support of technical partners, have created and 
generated several different association models, setting and adjusting the parameters of 
the federated FP-Growth algorithm until finding relevant multimorbidity patterns for the 
Use Case 1. 
 
After generating different association models for Use Case 1, clinical partners include the 
following algorithm configuration in this deliverable to comment on some of the association 
patterns discovered in this retrospective study. The meaning of the parameters of this 
algorithm has been described in section 3.2.1. 
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Figure 3. PPDDM model created for Use Case 1 – Scenario 1. 

Then, clinical partners analyzed the results that are the association rules related to Use 
Case 1. For instance, relevant results of this use case are presented in the image below. 

 

 

Figure 4. Results of association model for Use Case 1 – Scenario 1. 

 

In figure 4, association rules representing the multimorbidity patterns discovered in Use 
Case 1 (for each row, when clinical variables of the Antecedent column happen in a subject, 
the clinical variable of the Consequent column occurs) are shown. For instance, in the third 
association rule (yellow box), taking into account that the value of confidence is high 
(0.977) and lift (1.298) is greater than 1 implies a strong association rule in that 
multimorbidity pattern: It means that, if a patient is female, older than 80 years old, has 
diabetes and heart failure conditions, and prescribed more than 4 drugs (polypharmacy), 
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then the patient suffers from hypertension with a probability of confidence of 0,977 (out 
of 1). 
 
In scenario 1, another configuration of the algorithm parameters was also set up, 
decreasing the value of confidence in order to discover other possible association rules. 
 

 

Figure 5. Another PPDDM model created for Use Case 1 – Scenario 1. 

 
Results of this configuration are presented in the image below. 

 

Figure 6. Other results of association model for Use Case 1 – Scenario 1. 

In that case, in the association rule shown in Figure 6, the high number of lift (1.663) value 
indicates that if a patient is male, has heart failure, hyperlipidemia, and hypertension 
conditions, and prescribed more than 4 drugs (polypharmacy), then the chance of a patient 
to suffer from Diabetes is significantly high (0.656 out of 1). 
 
Clinical partners also created new data sets focusing on specific variables. First, focusing 
on chronic conditions and polypharmacy, and then also including mortality. As in the 
previous examples, clinical partners initially set the minimum support at 0.3 and the 
minimum confidence at 0.8. Later, clinical partners set lower support and confidence 
values. Relevant results of these models are presented in the figure 7. 
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Figure 7. Other results of association model for Use Case 1 – Scenario 1. 

 
In the model from Figure 7 the association rule with highest lift (yellow box) was, if 
‘Atrialfibrilation, Chronic anemia, Chronic kidney disease, Coronary heart disease, 
Hypertension and Polypharmacy’ occur in a patient, that subject suffers from ‘Heartfailure’ 
with a probability of confidence of 0,864 (out of 1). In this model, the clinical partners also 
found a pattern with perfect confidence (red box), whose association rule was, if 
‘Atrialfibrilation, Chronic anemia, Chronic kidney disease, Coronary heart disease, Heart 
failure, Hyperlipidemia, and Polypharmacy’ occur in a patient, that subject suffers always 
from ‘Hypertension’ with a probability of confidence of 1 (out of 1). In this model, minimum 
support (0.2) and confidence (0.5) were lower than in previous examples, including more 
variables in the model and creating more detailed patterns. In this case, clinical partners 
added mortality in the dataset, but it was not included in any multimorbidity pattern, 
probably because of its low frequency.  
 
The results obtained are consistent with previous studies [2, 3], which show the clinical 
potential of this method. At the same time, some computational limitations were found 
when clinical partners decreased the minimum support and confidence values to include 
more variables such as mortality or low prevalent diseases and increasing the number of 
combinations.   
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Several results of multimorbidity patterns with different algorithm configurations were 
obtained in the same way. 
 
 
Scenario 2: Agents from SAS and IACS (Spanish agents) 
The two Spanish clinical partners are part of the second scenario identified as relevant in 
this research, with the aim of exploring patterns by analyzing data from one of Spain's 
major hospitals (SAS) and a leading research institute (IACS). The size of these datasets 
(number of records) following the criteria of this retrospective study is presented in the 
image below. 
 

 

Figure 8. Dataset created for Use Case 1 using SAS and IACS Agents. 

 
In the second scenario, partners generated different association models, setting and 
adjusting the parameters of the FP Growth algorithm. In this scenario, finding possible 
relevant multimorbidity patterns for Use Case 1 required further testing and adjustments 
to the parameter settings to find a relationship or association of the relevant clinical 
variables (analysing the value of the Confidence and Lift parameters). 
 

 

Figure 9. PPDDM model created for Use Case 1 – Scenario 2. 
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Results of the previous configuration are presented in the image below. 

 

Figure 10. Results of association model for Use Case 1 – Scenario 2. 

In that result, the association rule of the previous image (yellow box), taking into account 
that the value of lift (1.257) could be significant, would be: if ‘Atrial fibrillation, Diabetes 
mellitus, Gender_female, Heart failure, Hyperlipidemia and age_80+’ occur in a patient, 
that subject suffers from ‘Hypertension’ with a probability of confidence of 0,986 (out of 
1). 
 
 
Scenario 3: Agents from UNIGE and SAS (Hospitals agents) 
 
The third scenario identified to perform Use Case 1 consists of the agents of two hospitals 
participating in the retrospective study (SAS, UNIGE/HUG). The aim of this scenario is to 
assess multimorbidity patterns generated from datasets from two hospitals. The size of 
these datasets (number of records) following the criteria of this retrospective study are 
presented in the figure 11. 
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Figure 11. Dataset created for Use Case 1 using SAS and UNIGE agents. 

 
In this scenario, clinical partners, with the support of technical partners, have created one 
association model. 
 
Clinical partners include the following algorithm configuration in this deliverable, to 
comment some of the association patterns discovered in this retrospective study. 
 

 

Figure 12. PPDDM model created for Use Case 1 – Scenario 3. 

 
Then, clinical partners analyzed the results that are the association rules related to Use 
Case 1. Part of the results of this use case are presented in the image below. 
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Figure 13. Results of association model for Use Case 1 – Scenario 3. 

In the previous image, association rules are showed and represent the multimorbidity 
patterns discovered in Use Case 1 (for each row, when clinical variables of the Antecedent 
column happen in a subject, the clinical variable of the Consequent column occurs).  
 
For example, the first association rule of the previous image (yellow box), taking into 
account that the value of lift (1.449) is significant because it implies a dependence effect 
in that multimorbidity pattern, if ‘Diabetesmellitus, Gender_female, Hyperlipidemia and 
age_80+’ occur in a patient, that subject suffers from ‘Hypertension’ with a probability of 
confidence of 0,947 (out of 1). 
 
Scenario 4: Agents from UP 
The fourth scenario performed for Use Case 1 consists of the University of Porto agent. 
The aim of this scenario is to assess multimorbidity patterns generated from datasets from 
UP dataset, which consists in different variables including demographics (age, gender); 
polymedication; memory complaints; hearing and vision difficulties; unintentional weight 
loss and social variables. The size of UP data set is 1313 records. FP Growth (frequent 
pattern tree association) algorithm was used for mining association rules. 
 
The dataset cohort is displayed below, in the figure 14. 
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Figure 14. Dataset management of UP agent for scenario 4. 

 
The following parameters were chosen for FP Growth algorithm, as described in figure 15. 
 

 

Figure 15. PPDDM model created for Use Case 1 for UP agent – Scenario 4. 

 
Then, results from association model using FP Growth algorithm were analyzed for Use 
Case 1 (figure 16).  
 

 

Figure 16. Results of association model using FP Growth algorithm for Use Case 1 – Scenario 4. 

 
Part of the results of this use case are presented in figure 16, in which as mentioned before, 
association rules are showed below and represent the multimorbidity patterns discovered 
in Use Case 1. For instance, through the first association rule analyzed in UP dataset (figure 
15) we found that ‘Feeling nervous or anxious lately, Gender_female, Memory Complaints, 
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Polymadicated and Vision difficulties’ are related to patients that are “Feeling down or 
depressed lately”, with a probability of confidence of 0,878 (out of 1) and lift 1.787 (yellow 
box). 
 
More association rules of UP dataset are shown below in figure 17. We establish that 
‘Feeling down or depressed lately, feeling nervous or anxious lately, Gender_female, 
Memory Complaints, and Vision difficulties’ are related to ‘Polymadicated’ patients with a 
probability of confidence of 0,822 (out of 1) and lift 1.588 (yellow box). 
 

 

Figure 17. Results of association model using FP Growth algorithm for Use Case 1 – Scenario 4. 

 
Scenario 5: Agents from UCSC, UNIGE and IACS 
 
The fifth scenario identified to perform Use Case 1 consists of the agents of three clinical 
partners in the retrospective study (UCSC, UNIGE and IACS). The aim of this scenario is to 
assess multimorbidity patterns related to mortality data. Unlike scenario 1, we have not 
included the SAS agent dataset, as the data related to mortality are not well distributed 
and could affect the derivation of rules related to this variable. 
 
The size of these datasets (number of records) following the criteria of this retrospective 
study for scenario 5 are presented in the figure 18. 
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Figure 18. Dataset created for Use Case 1 using UCSC, UNIGE and IACS agents. 

 
In this scenario, clinical partners, with the support of technical partners, have created one 
association model. 
 
Clinical partners include the following algorithm configuration in this deliverable, to 
comment some of the association patterns discovered in this retrospective study. 
 

 

Figure 19. PPDDM model created for Use Case 1 – Scenario 5. 

 
Then, clinical partners analyzed the results that are the association rules related to Use 
Case 1. Part of the results of this use case are presented in the image below. 
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Figure 20. Results of association model for Use Case 1 – Scenario 5. 

 
The association rule of figure 20, taking into account that the value of lift (2.242) is 
significant because it implies a dependence effect in that multimorbidity pattern, if a 
subject has the following characteristics: Chronicanemia, Coronarheartdisease, 
Heartfailure, Hyperlipidemia, Hypertension, Mortality_6m (at 6 months), that subject 
suffers from “Diabetesmellitus” with a probability of confidence of 0.8 (out of 1). 
 

3.3 Achievement of Use Case 1 Objectives 
As it was described in deliverable D5.1, the Primary Objective of Use Case 1 includes the 
Secondary Objectives (SO) that are added in this section. Likewise, how the achievement 
of these objectives has been accomplishedis described below: 
 
SO1: Description of the socio-demographic characteristics of patients with 
multimorbidity. 
In order to reach the SO1, the FAIR4Health platform provides statistics of the datasets 
hosted in each clinical Agent. The following images show an overview of the information 
of the clinical agents. Clicking in the blue text ‘See distributions’, statistics of the datasets 
are available.  
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Figure 21. Description of the socio-demographic characteristics through statistics of the datasets. 

 

Figure 22. Gender information in SAS Agent. 

 

 

Figure 23. General information and statistics of the data of SAS Agent. 

In conclusion, we can know the socio-demographic characteristics of the data related Use 
Case 1, separately or by analyzing the statistics for several of the agents together. 
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SO2: Identification and description of multimorbidity patterns. 
The SO2 was achieved during the performance of Use Case 1 demonstrator, which is 
composed by a retrospective observational cohort study. The multimorbidity patterns that 
have been identified are described in section 3.2.3 of this deliverable (see figures 4, 6, 7, 
10, 13, 16, 17 and 20) and in the description of the following objectives. Parameters used 
and generated patterns are summarized in Table 1. 
 

Table 1. Summary of parameters used and generated patterns. 

Parameters used Generated patterns 
Minimum 
support 

Minimum 
confidence 

Antecedent Consequent Confidence Lift 

0.3 0.8 Diabetes mellitus 
Gender female 
Heart failure 
Hyperlipidemia 
Polypharmacy 
Age 80+ 

Hypertension 0.977 1.298 

0.3 0.6 Gender male 
Heart failure 
Hyperlipidemia 
Hypertension 
Polypharmacy 

Diabetes 
mellitus 
 

0.656 1.663 

0.2 0.5 Atrial fibrillation 
Chronic anemia 
Chronic kidney disease 
Coronary heart disease 
Hypertension 
Polypharmacy 

Heart failure 
 

0.864 2.796 

0.2 0.5 Atrial fibrillation 
Chronic anemia 
Chronic kidney disease 
Coronary heart disease 
Diabetes mellitus 
Heart Failure 
Hyperlipidemia 
Polypharmacy 

Hypertension 
 

1.0 1.329 

0.3 0.8 Atrial fibrillation 
Diabetes mellitus 
Gender female 
Heart failure 
Hyperlipidemia 
Age 80+ 

Hypertension 0.986 1.257 

0.3 0.8 Diabetes mellitus Hypertension 0.947 1.449 
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Gender female 
Hyperlipidemia 
Age 80+ 

0.3 0.5 Feeling nervous or 
anxious lately 
Gender female 
Memory complaints 
Polymedicated 
Vision difficulties 

Feeling down 
or depressed 
lately 

0.878 1.787 

0.3 0.5 Feeling down or 
depressed lately 
Feeling nervous or 
anxious lately 
Gender male 
Memory complaints 
Vision difficulties 

Polymedicated 
 

0.822 1.588 

0.2 0.8 Chronic anemia 
Coronary heart disease 
Heart failure 
Hyperlipidemia 
Hypertension 
Mortality 6m 

Diabetes 
mellitus 

0.80 2.242 

 
 
SO3: Estimation of the effect of multimorbidity patterns on 6 months mortality and 
cognitive status. 
In order to reach the SO3, we have used the scenario 5 (details in section 3.2.3). The figure 
24 shows the association model with the following antecedents variables representing the 
multimorbidity: ”coronaryheartdisease”, “diabetesmellitus” and “heartfailure” and the 
“mortality_6m” variable as consequent. 
 

 

Figure 24. Results of association model for SO3 with scenario 5. 

This association rule, taking into account that the value of confidence is high (0.549) and 
lift is greater than 1 (1.875) implies a strong association rule between multimorbidity and 
mortality at 6 months: If a patient has diabetes, heart failure conditions and coronary heart 
disease, then the patient has a risk of mortality at 6 months with a probability of confidence 
of 0,549 (out of 1). 
 
SO4: Analysis of the effect of polypharmacy on 6 months mortality and cognitive 
status. 
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In order to reach the SO4, we have used the scenario 5 (details in section 3.2.3). The figure 
25 shows the association model with the following antecedents variables 
including:”coronaryheartdisease”, “heartfailure” and “polypharmacy” and the 
“mortality_6m” variable as consequent. 
 

 

Figure 25. Results of association model for SO4 with scenario 5. 

This association rule, taking into account the value of confidence (0.473) and lift is greater 
than 1 (1.616) implies a strong association rule between polypharmacy and mortality at 6 
months: If a patient has coronary heart disease, heart failure conditions and polypharmacy, 
then the patient has a risk of mortality at 6 months with a probability of confidence of 
0,473 (out of 1). 
 
SO5: Estimation of the correlation between polypharmacy and multimorbidity. 
The SO5 was achieved during the performance of Use Case 1 demonstrator, due to several 
patterns obtained within different scenarios show the association between polypharmacy 
and multimorbidity defined as the presence of at least 2 chronic diseases (scenario 1 -figure 
7, scenario 4 -figure 17, and scenario 5 – figure 25). Parameters used and generated 
patterns are summarized in Table 2. 
 

Table 2. Summary of parameters used and generated patterns. 

Parameters used Generated patterns 
Minimum 
support 

Minimum 
confidence 

Antecedent Consequent Confidence Lift 

0.2 0.5 Atrial fibrillation 
Chronic anemia 
Chronic kidney disease 
Coronary heart disease 
Hypertension 
Polypharmacy 

Heart failure 
 

0.864 2.796 

0.2 0.5 Atrial fibrillation 
Chronic anemia 
Chronic kidney disease 
Coronary heart disease 
Diabetes mellitus 
Heart Failure 
Hyperlipidemia 
Polypharmacy 

Hypertension 
 

1.0 1.329 

0.3 0.5 Feeling down or 
depressed lately 

Polymedicated 
 

0.822 1.588 
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Feeling nervous or 
anxious lately 
Gender male 
Memory complaints 
Vision difficulties 

0.2 0.8 Coronary heart disease 
Heart failure 
Polypharmacy 

Mortality 6m 0.473 1.616 

 
The conclusion for this specific goal is that exist association between multimorbidity and 
polypharmacy. 
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4 Use Case 2 demonstrator 
The main goal of Use Case 2 is to develop, validate and assess the accuracy of a clinical 
decision support tool for predicting 30-day readmission risk in patients suffering from 
Chronic Obstructive Pulmonary Disease (COPD) at discharge. 
 
In order to reach this objective, Use Case 2 is composed of two phases: 1) Retrospective 
multicenter observational study, including the training and generation of prediction models 
in the FAIR4Health platform; and 2) Prospective observational study with 30 days follow-
up. More details have been provided in deliverable D5.1. 

4.1 Retrospective Study 
In Use Case 2, a retrospective study has been performed aiming to achieve the purpose of 
the second use case.  
 
The study population had the following inclusion and exclusion criteria: 
 
Inclusion Criteria 

- Patients ≥ 18 years old. 
- Patients diagnosed with COPD (FEV/FVC <0.70) 

 
Exclusion Criteria  

- Programmed admission in any hospital department within the 30 days after the 
hospitalization.  

- Patients with psychiatric disease. 
- Patients with neurodegenerative disease. 

 
Retrospective data were analyzed from 3 EU cohorts in different health care settings 
(hospital, primary care, nursing homes) and health research organizations:  

- UNIGE: provides health care data from the EHR of the University Hospitals of 
Geneva. 

- SAS: provides health care data from the EHR of the Virgen del Rocío University 
Hospital in Seville as part of the Andalusian Health Service. 

- IACS: provides a health research dataset based on the EpiChron Cohort, a study 
carried out by the Instituto Aragones de Ciencias de la Salud. 

 
During this retrospective study, researchers of the health research institutions listed above 
have carried out the secondary use of retrospective data from all institutions, making use 
of Privacy-Preserving Distributed Data Mining (PPDDM) methodologies and algorithms 
implemented upon the FAIR4Health platform. In this way, for Use Case 2, prediction models 
have been trained and validated with retrospective data from EHRs and research datasets. 
 
Finally, through this multicentric retrospective study in which the rate of readmission of 
COPD patients within 30 days after hospital discharge were analysed, clinical partners 
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could reach Use Case 2 objectives, obtaining an early 30-days hospital readmission risk 
prediction tool. 

4.2 Analysis of Use Case 2 results: retrospective study 

4.2.1 Algorithm and parameters used to generate PPDDM models 
Use Case 2 was tested with several algorithms including Logistic Regression, Decision Trees 
and Random Forest in a federated way, and also with different parameter values.  
 
The federated implementation of these algorithms, which was achieved in scope of the 
FAIR4Health project, has been explained in detail in “D4.2. FAIR4Health platform released”. 
 
The different parameters that are used to train federated Logistic Regression, Decision 
Trees and Random Forest models are described below: 

- Number of folds: The value of k in k-fold cross-validation. K-fold cross-validation 
performs model selection by splitting the dataset into a set of non-overlapping 
randomly partitioned folds, which are used as separate training and test datasets 
e.g., with k=3 folds, K-fold cross-validation will generate 3 (training, test) dataset 
pairs, each of which user 2/3 of the data for training and 1/3 for testing. In practice, 
3+ number of folds is used. 

- Maximum level of parallelism: It is to evaluate models in parallel. 2 means serial 
evaluation and is the most commonly used. 

- Metric: It is the metric used in cross-validation while evaluating models. Two 
modalities can be chosen areaUnderROC or areaUnderPR. 

- Handle invalid: Parameter for how to handle invalid data (unseen labels or NULL 
values). Options are "keep", "error" or "skip". "keep" puts unseen labels in a special 
additional bucket, at index numLabels. “error" throws an error when there is a null 
value. "skip" removes the row directly. 

- Imputation strategy: The imputation strategy used when handling invalid or 
missing data with "keep" option. Possible values are "mean" and "median". If 
"mean", then missing values are replaced using the mean value of the feature. If 
"median", then missing values are replaced using the approximate median value of 
the feature. 

- Threshold: The classification threshold to adjust the probability of predicting each 
class. It is in range [0, 1]. 

- Maximum number of iterations: Maximum number of iterations taken for the 
solvers to converge (>= 0). 

- Regularization parameter: The regularization parameter. 0 (zero) means Ordinary 
Least Square. When greater than zero, it is used with ElasticNet mixing parameter. 

- ElasticNet mixing parameter: ElasticNet (α) is a regularized regression method 
that linearly combines the L1 and L2 penalties of the Lasso and Ridge methods. α 
set to 1 is equal to a Lasso model (L1 penalty), while α set to 0 is equal to a Ridge 
regression model (L2 penalty). Between 0 and 1, it is a mix, i.e., the penalty is L1 + 
L2. 
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- Maximum depth of a tree: Maximum depth of the tree (nonnegative). E.g., depth 
0 means 1 leaf node; depth 1 means 1 internal node + 2 leaf nodes. (default = 5). 
Deeper trees are more expressive (potentially allowing higher accuracy), but they 
are also more costly to train and are more likely to overfit. 

- Minimum information gain: Minimum information gain for a split to be considered 
at a tree node. Should be at least 0.0. (default = 0.0). For a node to be split further, 
the split must improve at least this much (in terms of information gain). 

- Impurity: Criterion used for information gain calculation. The node impurity is a 
measure of the homogeneity of the labels at the node. Values can be "gini" and/or 
"entropy". 

- Number of trees: Number of trees in the forest. Increasing the number of trees will 
decrease the variance in predictions, improving the model’s test-time accuracy. 

- Feature subset strategy: Number of features to use as candidates for splitting at 
each tree node. Default is "auto". Supported options are: 

o "auto": Choose automatically for task: 
▪ If numTrees == 1, set to "all."  
▪ If numTrees greater than 1 (forest), set to "sqrt" for classification and 

to "onethird" for regression. 
o "all": use all features 
o "onethird": use 1/3 of the features 
o "sqrt": use sqrt(number of features) 
o "log2": use log2(number of features) 
o "n": when n is in the range (0, 1.0], use n * number of features. When n is in 

the range (1, number of features), use n features. (default = "auto) 

4.2.2 Presentation of the results 
After generation and completion of a model, the results are presented in the following way 
in the platform: 
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Figure 26. Example of presentation of the results for Use Case 2 in the FAIR4Health platform. 

Figure 26 presents an example screenshot showing the statistics of prediction model. The 
statistics are calculated on the test data at each agent. The different statistics can be 
interpreted as follows: 

- Total: Total number of test data in all the agents. 
- True positive: The number of values that are true and predicted true. 
- True negative: The number of values that are false and predicted false. 
- False positive: The number of values that are negative, but predicted positive. 
- False negative: The number of values that are positive, but predicted negative. 
- Accuracy: Fraction of predicted correctly. Higher accuracy value means better 

model. 
- Precision: Fraction of predicted positives that are actually positive. 
- Recall: Fraction of positives predicted correctly. 
- F-Measure: Harmonic mean of recall and precision. When two models are 

compared on the same data, higher F1 score means better model. 
 
More detailed information about the statistics have been provided in D4.2. 
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4.2.3 Scenarios identified to generate different PPDDM models 
The scenario selected to perform Use Case 2 consists of the agents of three partners 
participating in the retrospective study: UNIGE, SAS and IACS. The datasets of these agents 
share a common data structure and information on the same clinical variables (described 
in deliverable D5.1).  
 
In the scope of Use Case 2, a number of models using Logistic Regression, Decision Tree 
and Random Forest have been generated.  
 
During this process, different values have been used for different parameters. In the end, 
we always got models with high accuracy, that is greater than 98%. Although high accuracy 
means better model, it can also point unbalance in the data, hence overfitting, which is the 
situation in our case. When we analyzed the data, we observed that the dependent 
variable, “readmitted in 30-days”, was false in 99% of the cases. In fact, several tests were 
performed for Use Case 2, training prediction algorithms also for the agents individually. 
 
So, we can state that generating more effective models is possible in the future if we better 
adjust the distribution of the readmission variable incrementing the size of our dataset to 
achieve this.  
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Figure 27. Example of presentation of value distribution. 

 
Therefore, we focused more on generating models with tree-based algorithms, because 
tree-based algorithms can perform better than the others when the data is unbalanced. In 
our experiments, we received the best results with the Random Forest algorithm.  
 
 

 

Figure 28. Results of Random Forest model for Use Case 2. 

 
Figure 28 presents the result of a Random Forest model. While creating the model, we 
provided different values for maximum depth of a tree (5, 10, 15), minimum information 
gain (0.0, 0.2, 0.5), impurity (gini, entropy) and number of trees (25, 50, 100). The 
platform tried all these values, and found out that the best model is generated with 
following values: 

• Maximum depth of a tree: 5 
• Minimum information gain: 0.0 
• Impurity: gini 
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• Number of trees: 50 
 
As a result, we created a model with an accuracy value of 98.6%. However, the recall and 
precision values are due to the unbalance in the data sets of the readmission variable. 
 
In the case of Logistic Regression model, the situation was different as shown in Figure 29. 
In that case, the model was predicting everything as 0 (false). Therefore, we selected the 
model presented in figure 28 (Random Forest model) to be used in the Prospective study. 
 
 

 

Figure 29. Results of Logistic Regression model for Use Case 2. 

 

4.3 Prospective Study 
Finally, after obtaining in the retrospective study of the second use case an early 30-days 
hospital readmission risk prediction tool, an observational study with 30-day follow-up 
has been carried out to evaluate the impact of this tool on health by collecting data from 
a selected sample of subjects.  
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The population studied consisted of individuals over the age of 18 with a diagnosis of COPD 
who have been admitted to the hospital for this disease (unplanned hospitalization).  
 
Prospective validation of PPDDM models in a real clinical environment and analysis of the 
results take part in this phase of the Use Case 2. 
 
Two health care organizations across Europe participated in the prospective study as the 
real clinical environment: 

- SAS: hospitalized patients due to COPD conditions (unplanned hospitalization) in the 
Internal Medicine Department of the Virgen del Rocío University Hospital in Seville 
as part of the Andalusian Health Service (Spain). 

- IPBV: hospitalized patients due to COPD conditions (unplanned hospitalization) at 
the Clinic for Obstructive Pulmonary Diseases and Acute Pneumopathies of the 
Institute for Pulmonary diseases of Vojvodina (IPBV) (Serbia). 

 
The prospective study with 30 days follow-up observational study, from April 2021 to 
September 2021, including the recruitment and the follow-up. As the follow-up was 
established in 30 days, the patient recruitment phase was carried out from April 2021 to 
August 2021, continuing the prospective study until September 2021. During that period, 
COPD patients who meet the following criteria were recruited: 
 
Inclusion Criteria 

- Patients ≥ 18 years old. 
- Patients diagnosed with COPD (FEV/FVC <0.70). 

 
Exclusion Criteria  

- Programmed admission in any hospital department within the 30 days after the 
hospitalization.  

- Patients with psychiatric disease. 
- Patients with neurodegenerative disease. 

 
Furthermore, in the prospective study, two ethics issues were considered: 

- The patient must give informed consent. 
- The patient cannot be in a state of agony. 

 
The study subjects were recruited by performing weekly prevalence cuts in which all 
patients hospitalized in the participating centers were systematically evaluated, offering 
inclusion to this study for all those who meet inclusion criteria. In these patients, the 
developed tool was tested. 
 
In the prospective study performed by SAS and IPBV teams, a total of 100 (SAS = 22 and 
IBPV = 78) patients was recruited, and their data were entered into the FAIR4Health 
platform to obtain the prediction generated by the Use Case 2 prediction model.  
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At this point, it is crucial to add that the study was performed while these two hospitals 
were suffering the consequences of the COVID-19 pandemic: 
  

- Concretely, in IPBV planed recruitment of patient in prospective study for Use Case 
2 was performed with difficulties due to COVID-19 pandemic. In Serbia, IPBV as a 
health care institution was included in the national COVID system of health care 
institution caring for COVID positive patients with severe clinical difficulties. Due to 
this reorganization of the Serbian health care system, there was decreased 
possibility for hospitalization of COPD patients since March 2020, and it is still going 
on. Many of study investigators responsible to recruitment of patients in prospective 
study were engaged in COVID departments, and remaining researchers had a work 
overload during this period. 

 
- On the side of SAS, this health care institution was involved in the care of both: 

patients with suspicion of COVID, and COVID 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 and with an essential health care priority and looking 
after a profile of patients who do not meet the inclusion criteria of this study, to 
appropriate address this situation the SAS clinical team involved in FAIR4Health 
reorganized their team as soon as possible. The clinical researchers identified a low 
use of healthcare services (both urgencies and consultancies) from COPD patients, 
presumably the patients wait to more several symptoms to go to the healthcare 
centers, due to fear to have contact with COVID positive patients. In addition, 
hospitalizations of COPD patients have been restricted, similar to what has 
happened in other pathologies, in order to avoid patient flow through healthcare 
centers. 

 
In any case, SAS and IPBV teams have done their best to follow and conduct recruitment 
of patients for prospective study of the Use Case 2. 

4.4 Analysis of Use Case 2 results: prospective study 
As we described in section 4.2.3, we selected the model presented in figure 28 (Random 
Forest model) to be used in the Prospective study. Then, in this section, we present the 
analysis of prospective study results to validate the early prediction service for 30-days 
readmission risk in COPD patients. 
 
Firstly, the FAIR4Health platform allows the prospective study to be conducted in different 
ways, with the aim of facilitating the study and increasing usability. Therefore, readmission 
risk predictions for Use Case 2 can be generated through the inclusion of separate patient 
data or through the generation of predictions from a set or list of patients (see figures 
below). 
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Figure 30. Prospective Study Section of the FAIR4Health platform. 

 

 

Figure 31. Prospective Study Section: Make prediction for a patient. 
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Figure 32. Prospective Study Section: Make prediction for list of patients. 

 
Regarding the prospective observational study with 30-day follow-up, from April 2021 to 
September 2021, performed by SAS and IPBV teams, a total of 100 (SAS = 22 and IBPV = 
78) patients was recruited, and their data were entered into the FAIR4Health platform to 
obtain the prediction generated by the Use Case 2 prediction model. 
 

4.4.1 Recruitment in SAS 
In SAS, the first patient was recruited on June 8th, 2021. In the recruitment period, the SAS 
clinical team reviewed a total of 711 hospitalized patients, 53 of them fulfil the inclusion 
and exclusion criteria. Finally, 22 patients signed the Informed Consent Form (ICF) and 
finally were included in the prospective study. Out of total recruited patients, 4 (18.2%) 
were female and 18 (81.8%) male. Patients were followed during hospitalization and the 
follow-up was performed during following 30 days. Out of all recruited patients in this 
study, 3 (13.6%) patients were re-admitted in the period of follow-up. Recruitment was 
finished on August 26th, 2021. 
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Figure 33. SAS patients: Hospitalized vs eligible vs recruited 

 

 

 Figure 34. Sex distribution in SAS recruited patients 

 

 

Figure 35. Re-admitted and non-re-admitted patients in SAS among those recruited for the 
observational study 

 

4.4.2 Recruitment in IBPV 
The recruitment of patients in IPBV started on March 24th, 2021. Out of total 113 
hospitalized patients due to COPD exacerbation, 83 patients were eligible with all inclusion 
and without any exclusion criteria. After signing the ICF total of 78 patients were included 
in the prospective study. Out of total recruited patients, 37 (47.4%) were female and 41 
(52.6%) male. Patients were followed during hospitalization and the follow-up was 
performed during following 30 days. Out of all recruited patients in this study, 10 (14.7%) 
patients were re-admitted in the period of follow-up. Recruitment was finished on August 
1st, 2021. 
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Figure 36. IPBV patients: Hospitalized vs eligible vs recruited 

 

 

Figure 37. Sex distribution in IPBV recruited patients 

 

 

Figure 38. Re-admitted and non-re-admitted patients in IPBV recruited patients follow-up 
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4.4.3 Conclusions of the prospective study 
All gathered data were entered in a file (csv sheet) in accordance to the protocol variables. 
Prepared worksheet was uploaded, and the data were entered into the FAIR4Health 
platform to obtain the prediction generated by the Use Case 2 prediction model. Analysis 
was performed, and comparison between real data and prediction was performed. 
 
A set of summary info: 

- A sequential internal patients’ identifier. 
- Clinical center involved in the recruitment and follow-up. 
- Discharge date that is the start follow-up date. 
- End follow-up date that is the start follow-up date plus 1 month. 
- Readmitted yes/no 

Each recruited patient has been included in Annexe 1, including (last column) the prediction 
obtained by the FAIR4Health platform.  
 
Finally, from 100 recruited patients, the prediction was correct in 87% of cases (87 cases)  
(that is, in the real life the patient was readmitted and the algorithm predicted that there 
is early 30-days hospital readmission risk; or the patient wasn’t readmitted and the 
algorithm predicted that there is not early 30-days hospital readmission risk), and  the 
prediction was incorrect in 13% of cases (13 cases) (that is, in the real life the patient was 
readmitted (within 30-days) and the platform predicted that there is not early 30-days 
hospital readmission risk; or the patient was not readmitted and the platform predicted 
that there is early 30-days hospital readmission). 
 

 

 

Figure 39. Percentage of right prediction by the FAIR4Health platform 

 
Readmission variable is not balanced in the datasets of the retrospective studies (datasets 
used to generate the prediction model for this prospective study), which causes that, 
generated results are not as good as desired. For more effective models, in the future we 
will better adjust the distribution of the readmission variable using datasets with more 
number of patients. 
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4.5 Achievement of Use Case 2 Objectives 
 
As it was described in deliverable D5.1, the Primary Objective of Use Case 2 includes the 
Secondary Objectives (SO) that are added in this section. Likewise, how the achievement 
of these objectives has been accomplished is described below: 
 
SO1: To uncover significant relationships between potential risk factors and 30-day 
readmission risk in an international multicenter retrospective sample of patients with 
COPD making use of data mining approaches. 
The SO1 is achieved through the analysis of the results of the prediction models obtained 
during the retrospective study of Use Case 2. Concretely, we have generated a prediction 
model for 30-days readmission risk in COPD patients through datasets from different 
health research centers (described in section 4.1). The prediction model is explained in 
section 4.2.3, and the configuration of the selected model presented in figure 28.  
 
SO2: To implement, deploy and validate a clinical decision support tool for predicting 
30-day readmission risk in patients suffering from COPD at discharge based on the 
risk factors uncovered previously. 
This objective is achieved with the development and implementation of the FAIR4Health 
platform, which includes a section to carry out prospective studies that include early 
prediction of a COPD patient's risk of readmission. In that section of the FAIR4Health 
platform, users can make predictions for future by selecting an existing model, providing 
patient data and obtaining predictions of the FAIR4Health platform. 
 
 

 

Figure 40. Prospective Study section. 
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Figure 41. Prediction section. 

 
SO3: To assess the prediction risk accuracy associated with this tool with an 
independent multicenter prospective sample of subjects. 
Prospective validation of PPDDM models in a real clinical environment and analysis of the 
results was carried out after obtaining the early 30-days hospital readmission risk 
prediction tool in the retrospective study of the second use case. To reach this objective, a 
prospective observational study with 30-day follow-up with 100 recruited patients has 
been carried out to assess the impact of this tool on health by collecting data from a 
selected sample of subjects. 
 
Then, in section 4.4 of this deliverable, predictions generated by the FAIR4Health platform 
were compared with real data (see section 4.4).  
 
SO4: To analyze the impact of the FAIR4Health platform on Health outcomes: 
readmission rates per subject within 30 days from discharge. 
The health outcomes are measured through the readmission rates per subject within 30 
days from discharge. SO4 results has been analyzed in T6.4, and is directly related to this 
project indicator: KPI 8 - Improvements in health outcomes. This KPI measures the 
differences in 30-days readmission rates for subjects recruited for the second 
demonstrator. This task will be finished at the end of the project, so this KPI will be reported 
by November 2021. Also, it will be in-depth described in deliverable D7.7 - Scientific open 
access paper on the potential impact in health outcomes. 
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5 FAIR4Health platform intention to use 

5.1 Methodology 

5.1.1 Objectives 
To assess acceptance and intention to use of the end-users of the FAIR4Health platform, 
we have chosen to use the Unified Theory of Acceptance and Use of Technology (UTAUT) 
questionnaires from Venkatesh (2003) [4]. The survey (Annexe 2) was sent to end-users 
at two different times to assess and compare the a priori intention to use with the actual 
intention to use after 5 months. 

5.1.2 Description of the questionnaire  
Previously, in the FAIR4Health proposal, consortium added that KPI 5. FAIR4Health 
platform intention to use would be measured making use of the Technology Acceptance 
Model (TAM) [5,6] questionnaire. However, after analysis in practice and project progress, 
FAIR4Health consortium considered that the UTAUT [4] questionnaire is more recent and 
more complete than the Technology Acceptance Model [5, 6]. The UTAUT version of 2003 
suits more the context of our study than the UTAUT version of 2012 that is more consumer-
oriented [7]. For example, the dimensions “habit” and “price value” are very consumer-
oriented and are not relevant for our present study that is more end-users oriented. We 
then decided to use the UTAUT version of 2003 that contains dimensions more relevant 
for our goal. 
 
The UTAUT questionnaire allows to assess 8 dimensions linked to the acceptance and the 
use of a system. These dimensions were assessed by 35 items with a 7-point Likert scale, 
which were divided as follows: performance efficiency (4 items), effort expectancy (4 
items), attitude toward technology (4 items), social influence (4 questions), facilitating 
conditions (4 questions), self-efficacy (4 items), anxiety (4 items), behavioral intention to 
use the system in the future (3 questions), voluntariness of use (4 items). 
 
All items range with from the score 1=strongly disagree to 7= strongly agree. To analyse 
and report the results, the score of the anxiety dimension has been reversed. 

5.1.3 Procedure 
The questionnaire was sent to end-users through the online tool Google Forms [8]. A first 
round of the survey took place in April 2021 (month M29) to assess the a priori intention to 
use, and a second round took place in September 2021 (month M34) to assess the actual 
intention to use. The questionnaire was distributed anonymously to all clinical partners 
working with the platform. 
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5.1.4 Planning 
The planning to design the study and collect the data was the following: 
 
19th March 2021: Implementation of the UTAUT questionnaire (UNIGE). 
26th March 2021: SAS (as coordinator), ATOS and SRDC (as developers of the 
technologies) review and complete the UTAUT questionnaire.  
Round 1 31st March – 30th April 2021:  UNIGE distributes the final version of the UTAUT 
questionnaire to the clinical partners (SAS, UNIGE, IACS, UCSC, IPBV and UP) to be 
completed. 
Round 2 16th August – 15th September 2021: UTAUT questionnaire is sent again to the 
clinical partners to be completed again by clinical partners. Deadline for completion 6th 
September. 
End of September 2021: Evaluation and report of the results in M34 for deliverable D5.5, 
section 5.2. 

5.2 Results 

5.2.1 A priori intention to use (Round 1) 
The a priori intention to use was assessed from 31st March to 30th April 2021 by sending the 
survey to clinical partners that have used the platform. Eight participants (n=8) from all 
clinical institutions involved in the project responded to the survey. 
 
The demographic information of respondents is described below. The occurrence is defined 
as the number of time an “element” occurs. The percentage is related to the number of 
occurrences expressed as a fraction of 100. 
 

Table 3. Demographic information of respondents. 

Variables Occurrence Percentage % 
Sex   

men 2 25 

women 6 75 

Age   
18-30 4 50 

31-40 3 37,5 

41-50 1 12,5 
Job position   

researcher/investigator 6 75 

physician 1 12,5 

process Analyst 1 12,5 

Experience in this job function 
(years) 

  

2 1 12,5 
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3 2 25 

5 2 25 

10 1 12,5 

13 2 25 

   

Background/domains of 
expertise (several answer 
possible) 

  

psychology 1 7,69 

informatics and technology 3 23,08 

medicine 1 7,69 

epidemiology 1 7,69 

public health 2 15,38 

statistics 1 7,69 

health 1 7,69 

biomedical 3 23,07 

   

Experience of using the 
FAIR4Health platform (months) 

  

1 1 12,5 

2 2 25 

5 1 12,5 

6 3 37,5 

10 1 12,5 

   
 

Occurrence - 

Total number of participants 8 - 

 
The UTAUT results of the a priori intention to use are presented in the table below. The 
means are calculated out of 7, as 7 is the maximum on the Likert scale [4]. 
 

Table 4. Results of the a priori intention to use. 

UTAUT Dimension Mean Standard deviation Minimum Maximum 
Performance expectancy 5,28 1,57 1 7 

Effort expectancy 5,41 1,34 3 7 

Attitude toward using 
technology 

5,84 1,22 4 7 

Social influence 5,22 1,45 2 7 

Facilitating conditions 4,78 1,98 1 7 

Self-efficacy 5,31 1,47 2 7 

Anxiety (reverse item) 5,38 1,77 1 7 

Behavioral intention to use 6,21 0,83 5 7 

Overall 5.43 - - - 
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Users highlighted the good ergonomic (clear interaction, easy to use) of the system since 
they rated the effort expectancy with an average score of 5.41 (out of 7).  
  
This is further confirmed by the performance expectancy (usefulness in their job, increased 
productivity) that was rated with a mean of 5.28 (out of 7).  
 
Attitude toward using technology (enjoyability to use the system) also received a good 
score with a mean of 5.84 (out of 7), followed by the self-efficacy (ability to use the system 
autonomously) with a mean score of 5.31 (out of 7) and the social influence (positive 
influence from their peer or hierarchy) that was rated 5.22 (out of 7). 
 
The dimension regarding facilitating conditions (including the resource and knowledge 
necessary to use system) received a slightly lower score with a mean of 4.78 (out of 7). 
This score is still satisfactory but shows that it would be interesting to study areas of 
improvements to make it even easier to use (e.g. more resources or training).  
 
The anxiety when using the system was rated with a mean of 2.62 (score not yet reversed) 
showing that users don’t feel quite anxious when using the system and seem afraid to 
make mistakes. The reversed score is 5.38.  
 
The behavioral intention is the dimension that received the higher score with a mean of 
6.21 (out of 7). This result is very encouraging since most users intend to use the system 
frequently in the future. 

5.2.2 Actual intention to use (Round 2) 
The actual intention to use was assessed from 16th August to 15th September 2021 by 
sending the survey to clinical partners that have used the platform. Fifteen (n=15) 
participants from all clinical institutions involved in the project responded to the survey. 
 
The UTAUT results of the actual intention to use are presented in the table below.  
 
The means are calculated out of 7, as 7 is the maximum on the Likert scale [4]. The means 
are calculated out of 7, as 7 is the maximum on the Likert scale. A mean close to 1 
represents a negative assessment of the dimension, and a mean of 7 represents a positive 
assessment of the dimension.  
 
In order to obtain a consistent total average, the average of the "anxiety" dimension had 
to be reversed. Indeed, this was necessary to interpret the total average in the following 
way: a score close to 1 shows a low acceptance/intention to use of the technology, and a 
score close to 7 shows a high acceptance/intention to use of the technology 
 

Table 5. Results of the actual intention to use. 
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UTAUT Dimension Mean Standard 
deviation 

Minimum Maximum 

Performance 
expectancy 

5,47 1,32 1 7 

Effort expectancy 5,47 1,32 3 7 

Attitude toward 
using technology 

6,10 1,16 3 7 

Social influence 5,55 1,33 2 7 

Facilitating 
conditions 

5,00 1,79 1 7 

Self-efficacy 5,25 1,53 2 7 

Anxiety (reverse 
item) 

6,38 0,98 1 6 

Behavioral 
intention to use 

5,80 1,34 2 7 

Overall 5,63 - - - 

 
Users highlighted the good ergonomic (clear interaction, easy to use) of the system since 
they rated the effort expectancy with an average score of 5.47.  
  
This is further confirmed by the performance expectancy (usefulness in their job, increased 
productivity) that was rated with a mean of 5.47.  
 
Attitude toward using technology (enjoyability to use the system) received an excellent 
score with a mean of 6.1, followed by the social influence (positive influence from their 
peer or hierarchy) that was rated 5.55 and the self-efficacy (ability to use the system 
autonomously) with a mean score of 5.25. 
 
The dimension regarding facilitating conditions (including the resource and knowledge 
necessary to use system) received a slightly lower score with a mean of 5. This score is still 
satisfactory but shows that it would be interesting to study areas of improvements to make 
it even easier to use (e.g. more resources or training).  
 
The anxiety when using the system was rated with a mean 1.62 (score not yet reversed) 
showing that users don’t feel anxious when using the system or afraid to make mistakes. 
The reversed score is 6.38. 
 
The behavioral intention is the dimension received a high score with a mean of 5.8. This 
result is very encouraging since most users intend to use the system frequently in the 
future. 
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5.2.3 Comparison 

Table 6. Comparison of the results of the two rounds. 

UTAUT Dimension Round 1 mean Round 2 mean 
Performance expectancy 5,28 5,47 

Effort expectancy 5,41 5,47 

Attitude toward using technology 5,84 6,10 

Social influence 5,22 5,55 

Facilitating conditions 4,78 5,00 

Self-efficacy 5,31 5,25 

Anxiety (reverse item) 5,38 6,38 

Behavioral intention to use 6,21 5,80 

Overall 5,43 5,63 

 
Almost all dimensions have increased from round 1 to round 2, except for the self-efficacy 
that had a slight decrease (5.31 versus 5.25 (out of 7)) and the behavioral intention to use 
(6.21 versus 5.8 (out of 7)). Although there were two small decreases, results of the second 
round are positive and encouraging with an increase of the overall mean from 5.43 to 5.63 
(out of 7). The performance expectancy increases from 5.28 to 5.47 (out of 7), the effort 
expectancy from 5.41 to 5.47 (out of 7), the attitude toward using technology from 5.84 to 
6.1 (out of 7), the social influence from 5.22 to 5.55 (out of 7), and the facilitating condition 
from 4.78 to 5 (out of 7). Anxiety is the dimension that has increased the most with 1 point 
more in round 2 (5.38 versus 6.38 (out of 7)). 
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6 Conclusions 
FAIR4Health partners have worked on deliverable D5.5 in order to detail on the FAIR4Health 
demonstrators’ performance. This report has included information regarding the two use 
cases carried out in the project, taking into account the clinical protocols defined in 
deliverable D5.1. 

Use Case 1explains specific details on the retrospective study performed aiming to analyse 
and identify multimorbidity patterns and polypharmacy correlation on the risk of mortality 
in elderly. 

Use case 2 describes the early prediction service for 30-days readmission risk in COPD 
patients, consisting of a retrospective study and a prospective observational study with 30 
days follow-up in a real clinical environment. Finally, the analysis of the results of the 
prospective validation was included in section 4.4 of this deliverable. 

FAIR4Health partners have achieved the project’s objectives and the demonstrators have 
been successfully carried out thanks to the correct implementation of the technologies and 
performance of the complex FAIR4Health technical solution. As the main aim of the 
FAIR4Health project is to test the developed tools in the project: 1) application of FAIR 
Principles in health research through the FAIR4Health FAIRification tools (described in 
deliverable D4.1), 2) use of PPDDM techniques (described in deliverable D5.3 and D5.4), 
and 3) clinical, technical and functional validation of the FAIR4Heallth platform and agents 
(carried out and described in this deliverable D5.5). Therefore, FAIR4Health partners get 
positive conclusions of the FAIR4Health demonstrators. 

In both use cases, significant cross-cutting data-related issues and challenges have been 
identified and addressed. The task to extract data from EHRs and other kind of healthcare 
sources aligning this extraction with a FAIR4Health Common Data Model, is not trivial and 
require lot of conceptual and technical efforts, due mainly to: (i) complexity of the raw 
data (the sources EHRs are commonly very complex including the information in several 
tables in the sources data bases), (ii) free text used in some fields in the sources raw data, 
and (iii) differences between the nature of the sources raw data (i.e., one sources datasets 
could include information regarding encounters, and other not). To address the complexity 
of the raw data, each clinical partner participant in data extraction (health research 
organizations from different countries) involved colleagues very experts in each source 
data model. To address the information in free text fields, Natural Language Processing 
(NLP) techniques was assessed, and finally in some cases manual NLP to extract structured 
information from unstructured information was performed. To address the differences 
between the nature of the sources raw data, each source raw dataset has been in-depth 
analyzed in a collaborative effort between each clinical partner and the technical partners, 
to reach the needed configuration in the FAIR4Health solution, achieving the FAIRification 
of all raw data, and to finally achieving the PPDDM models generation using all sources.     
 
Regarding the association patterns obtained in Use Case 1 (section 3.2.3), we can state that 
it is possible to generate more efficient association rules (with better confidence and lift 
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values) if we will better adjust the distribution of the mortality variable in our datasets. In 
the same way, regarding the prediction model obtained in Use Case 2 (section 4.2.3), we 
can state that it is possible to generate more efficient prediction parameters (with better 
accuracy, precision, and recall values) if we will better adjust the distribution of the 
readmission variable in our datasets. 

In addition, it is relevant to add other significant conclusions here, related to the application 
of the FAIR principles in health research: 

- The implementation of FAIR principles [9] allows us the use of larger and more 
heterogeneous datasets in FAIR4Health, thus increasing the variability of the data 
and the size of the datasets, compared to specific research studies without applying 
FAIR. 

 
- We can reuse FAIR datasets from other clinical organizations in a secure way and 

we can use our clinical datasets in the PPDDM models. So, in the FAIR4Health 
project, we can take into account more demographic, environmental, clinical and 
social information. We have achieved greater variability of datasets and inclusion 
of more variables, compared to research where FAIR datasets are not reused. 

 
- We obtain an increase in the scope of our research and improvements in health 

research, facilitating the discovery of scientific knowledge through the data sharing 
and data reuse. Likewise, FAIR data reuse provides savings in data collection (where 
a lot of effort is currently invested). We reuse project results, but we are not reusing 
data. FAIR principles facilitate this. 
 

- The implementation of FAIR principles facilitates the reproducibility of the study and 
access to large volumes of data to make the research more robust. We obtain the 
increase in secondary use of datasets once FAIR policies have been implemented, 
related to the publication and sharing of FAIR datasets. 
 

- It is important to refer to the report issued by the European Union about the costs 
of NOT having FAIR data [10], whose main conclusions are the following:  

o The report states, that the cost of NOT having FAIR data is approximately 
€10.2bn per year for the EU. 

o In addition to these costs, the open data economy suggests that the impact 
on innovation of FAIR could add another €16bn to the minimum cost 
estimated. 

o That would make a total of at least €26.2bn per year.  

Finally, the welcome page of the FAIR4Health platform (Figure 42) shows a summary of 
the metadata regarding the different kinds of studies and algorithms covered by the 
complete FAIR4Health solution, and the number of sites and patients used in each case. 
The FAIR metadata related to the FAIRified datasets generated in the FAIRification process, 
has been currently published in the FAIR4Health GitHub [11], available to the scientific 
community, and the FAIR4Health consortium continues assessing the possibilities to open 
publish these metadata in other public repositories. 
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Figure 42. Welcome page of the FAIR4Health platform. 

 

 



Improving Health Research in EU through FAIR Data 
 
 

59 
 

7 References 
[1] Han, Jiawei, Jian Pei, and Yiwen Yin. "Mining frequent patterns without candidate 

generation." ACM sigmod record 29.2 (2000): 1-12. 

[2] Poblador-Plou B., Calderón-Larrañaga A., Marta-Moreno J., et al. Comorbidity of 
dementia: a cross-sectional study of primary care older patients. BMC Psychiatry. 
2014;14(1):p.84. doi: 10.1186/1471-244X-14-84. 

[3] Prados-Torres A, Calderón-Larrañaga A, Hancco-Saavedra J, Poblador-Plou B, van 
den Akker M. Multimorbidity patterns: a systematic review. J Clin Epidemiol. 2014 
Mar;67(3):254-66. doi: 10.1016/j.jclinepi.2013.09.021. PMID: 24472295. 

[4] Venkatesh V, Morris MG, Davis GB, Davis FD. User acceptance of information 

technology: Toward a unified view. MIS Q Manag Inf Syst. 2003;27(3):425–78. 

[5] Davis FD. Perceived usefulness, perceived ease of use, and user acceptance of 

information technology. MIS Q Manag Inf Syst. 1989;13(3):319–39. 

[6] Venkatesh V, Davis FD. Theoretical extension of the Technology Acceptance Model: 

Four longitudinal field studies. Manage Sci. 2000;46(2):186–204. 

[7] Venkatesh V, Walton SM, Thong JYL, Xu X. Consumer Acceptance And Use Of 
Information Technology: Extending The Unified Theory Of Acceptance And Use Of 
Technology. Vol. 36, Mis Quarterly. 2012. 

[8] Google Forms. https://www.google.com/intl/en-GB/forms/about/ 

[9] Wilkinson, M., Dumontier, M., Aalbersberg, I. et al. The FAIR Guiding Principles for 
scientific data management and stewardship. Sci Data 3, 160018 (2016). 
https://doi.org/10.1038/sdata.2016.18 

[10] European Commission. Cost of not having FAIR research data - Cost-Benefit analysis 
for FAIR research data. 2018. https://op.europa.eu/en/publication-detail/-
/publication/d375368c-1a0a-11e9-8d04-01aa75ed71a1  

[11] Open repository with FAIR metadata generated in the FAIRification process, in the 
FAIR4Health GitHub: https://github.com/fair4health/metadata 

 

  

https://op.europa.eu/en/publication-detail/-/publication/d375368c-1a0a-11e9-8d04-01aa75ed71a1
https://op.europa.eu/en/publication-detail/-/publication/d375368c-1a0a-11e9-8d04-01aa75ed71a1
https://github.com/fair4health/metadata


Improving Health Research in EU through FAIR Data 
 
 

60 
 

8 Annexe 1: List of recruited patients, including the 
prediction proposed by the FAIR4Health platform 

In SAS, the recruitment of patients started on June 8th, 2021. Out of total 711 hospitalized 
patients due to COPD exacerbation. 22 patients were included in the prospective study by 
complying with the study criteria and signing the informed consent form. Follow-up of 
recruited patients was during following 30 days after discharge. During follow-up period, 
3 (13.6%) patients were re-admitted. Recruitment was finished on August 26th, 2021. 
 
In IPBV, the recruitment of patients started on March 24th, 2021. Out of total 113 
hospitalized patients due to COPD exacerbation. 78 patients were included in the 
prospective study by complying with the study criteria and signing the informed consent 
form. Follow-up of recruited patients was during following 30 days after discharge. During 
follow-up period, 10 (14.7%) patients were re-admitted. Recruitment was finished on 
August 1st, 2021. 
 

Table 7. List of recruited patients in IPBV and SAS including the prediction 

ID Health care 
organization 

Discharge date End follow-
up date 

Re-
admitted? 

Prediction 

#1 IPBV 11.06.2021 11.07.2021 No False 
#2 IPBV 10.06.2021 10.07.2021 No False 
#3 IPBV 09.06.2021 09.07.2021 No False 
#4 IPBV 09.06.2021 09.07.2021 No False 
#5 IPBV 11.06.2021 11.07.2021 Yes False 
#6 IPBV 02.06.2021 02.07.2021 No False 
#7 IPBV 03.06.2021 03.07.2021 No False 
#8 IPBV 01.06.2021 01.07.2021 No False 
#9 IPBV 01.06.2021 01.07.2021 No False 
#10 IPBV 03.06.2021 03.07.2021 No False 
#11 IPBV 18.05.2021 18.06.2021 No False 
#12 IPBV 18.05.2021 18.06.2021 No False 
#13 IPBV 14.05.2021 14.06.2021 No False 
#14 IPBV 25.05.2021 25.06.2021 No False 
#15 IPBV 26.05.2021 26.06.2021 No False 
#16 IPBV 18.05.2021 18.06.2021 No False 
#17 IPBV 17.05.2021 17.06.2021 No False 
#18 IPBV 28.05.2021 28.06.2021 No False 
#19 IPBV 27.05.2021 27.06.2021 No False 
#20 IPBV 28.05.2021 28.06.2021 No False 
#21 IPBV 31.05.2021 30.06.2021 No False 
#22 IPBV 28.05.2021 28.06.2021 No False 
#23  IPBV 01.06.2021 01.07.2021 No False 
#24 IPBV 01.06.2021 01.07.2021 No False 
#25 IPBV 08.06.2021 08.07.2021 No False 
#26 IPBV 08.06.2021 08.07.2021 No False 
#27 IPBV 21.07.2021 21.08.2021 No False 
#28 IPBV 17.06.2021 17.07.2021 Yes False 
#29 IPBV 12.08.2021 12.09.2021 No False 
#30 IPBV 18.08.2021 18.09.2021 Yes False 
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#31 IPBV 21.07.2021 21.08.2021 No False 
#32 IPBV 15.07.2021 15.08.2021 No False 
#33 IPBV 08.07.2021 08.08.2021 No False 
#34 IPBV 16.06.2021 16.07.2021 Yes False 
#35 IPBV 09.07.2021 09.08.2021 No False 
#36 IPBV 08.07.2021 08.08.2021 Yes False 
#37 IPBV 14.07.2021 14.08.2021 No False 
#38 IPBV 13.07.2021 13.08.2021 No False 
#39 IPBV 05.07.2021 05.08.2021 No False 
#40 IPBV 02.07.2021 02.08.2021 No False 
#41 IPBV 01.07.2021 01.08.2021 No False 
#42 IPBV 29.06.2021 29.07.2021 No False 
#43 IPBV 25.06.2021 25.07.2021 No False 
#44 IPBV 30.06.2021 30.07.2021 No False 
#45 IPBV 29.06.2021 29.07.2021 No False 
#46 IPBV 24.06.2021 24.07.2021 Yes False 
#47 IPBV 02.07.2021 02.08.2021 No False 
#48 IPBV 25.06.2021 25.07.2021 No False 
#49 IPBV 25.06.2021 25.07.2021 No False 
#50 IPBV 02.07.2021 02.08.2021 No False 
#51 IPBV 06.08.2021 06.09.2021 Yes False 
#52 IPBV 10.08.2021 10.09.2021 No False 
#53 IPBV 29.07.2021 29.08.2021 No False 
#54 IPBV 13.08.2021 13.09.2021 Yes False 
#55 IPBV 11.08.2021 11.09.2021 No False 
#56 IPBV 16.08.2021 16.09.2021 No False 
#57 IPBV 09.08.2021 09.09.2021 No False 
#58 IPBV 04.08.2021 04.09.2021 No False 
#59 IPBV 22.07.2021 22.08.2021 Yes False 
#60 IPBV 19.07.2021 19.08.2021 No False 
#61 IPBV 10.08.2021 10.09.2021 No False 
#62 IPBV 26.07.2021 26.08.2021 No False 
#63 IPBV 29.07.2021 29.08.2021 No False 
#64 IPBV 30.06.2021 30.07.2021 No False 
#65 IPBV 23.06.2021 23.07.2021 No False 
#66 IPBV 05.07.2021 05.08.2021 No False 
#67 IPBV 03.08.2021 03.09.2021 No False 
#68 IPBV 09.08.2021 09.09.2021 No False 
#69 IPBV 11.08.2021 11.09.2021 No False 
#70 IPBV 06.08.2021 06.09.2021 No False 
#71 IPBV 18.06.2021 18.07.2021 No False 
#72 IPBV 17.06.2021 17.07.2021 No False 
#73 IPBV 16.06.2021 16.07.2021 Yes False 
#74 IPBV 15.06.2021 15.07.2021 No False 
#75 IPBV 22.06.2021 22.07.2021 No False 
#76 IPBV 18.06.2021 18.07.2021 No False 
#77 IPBV 15.06.2021 15.07.2021 No False 
#78 IPBV 22.06.2021 22.07.2021 No False 
#79 SAS 08.06.2021 08.07.2021 No False 
#80 SAS 15.06.2021 15.07.2021 Yes False 
#81 SAS 14.06.2021 14.07.2021 Yes False 
#82 SAS 12.06.2021 12.07.2021 No False 
#83 SAS 23.06.2021 23.07.2021 No False 
#84 SAS 28.06.2021 28.07.2021 No False 
#85 SAS 01.06.2021 01.07.2021 No False 
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#86 SAS 06.07.2021 06.08.2021 No False 
#87 SAS 29.06.2021 29.07.2021 No False 
#88 SAS 27.07.2021 27.08.2021 No False 
#89 SAS 15.07.2021 15.08.2021 Yes False 
#90 SAS 01.08.2021 01.09.2021 No False 
#91 SAS 09.08.2021 09.09.2021 No False 
#92 SAS 09.08.2021 09.09.2021 No False 
#93 SAS 12.08.2021 12.09.2021 No False 
#94 SAS 23.08.2021 23.09.2021 No False 
#95 SAS 18.08.2021 18.09.2021 No False 
#96 SAS 18.08.2021 18.09.2021 No False 
#97 SAS 08.08.2021 08.09.2021 No False 
#98 SAS 26.08.2021 26.09.2021 No False 
#99 SAS 24.08.2021 24.09.2021 No False 
#100 SAS 24.08.2021 24.09.2021 No False 
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9 Annexe 2: Adaptation of the UTAUT questionnaire for the 
FAIR4Health project 

Title of the survey: Evaluation of the acceptance and intention to use of the FAIR4Health 
platform 

Instructions: Please indicate your level of agreement with the following statements by 
checking the box that best reflects your opinion. 

1 = strongly disagree 

7= strongly agree 

Items: 

Performance expectancy 

• I would find theFAIR4Health platform useful in my job. 

• Using the FAIR4Health platform enables me to accomplish tasks more quickly. 

• Using the FAIR4Health platform increases my productivity. 

• If I use the FAIR4Health platform, I will increase my chances of getting a raise. 

Effort expectancy 

• My interaction with the FAIR4Health platform is clear and understandable. 

• It is easy for me to become skillful at using the FAIR4Health platform. 

• I find the FAIR4Health platform easy to use. 

• Learning to operate the FAIR4Health platform is easy for me. 

Attitude toward using technology 

• Using the FAIR4Health platform is a good idea. 

• The FAIR4Health platform makes work more interesting. 

• Working with the FAIR4Health platform is fun. 

• I like working with the FAIR4Health platform. 

Social influence 

• People who influence my behavior think that I should use the FAIR4Health platform. 

• People who are important to me think that I should use the FAIR4Health platform. 

• The senior management of this business has been helpful in the use of the 
FAIR4Health platform. 

• In general, the organization has supported the use of the FAIR4Health platform. 
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Facilitating conditions 

• I have the resources necessary to use the FAIR4Health platform. 

• I have the knowledge necessary to use the FAIR4Health platform. 

• The FAIR4Health platform is not compatible with other systems I use. 

• A specific person (or group) is available for assistance with FAIR4Health platform 
difficulties. 

Self-efficacy 

I could complete a job or task using the FAIR4Health platform... : 

• If there was no one around to tell me what to do as I go. 

• If I could call someone for help if I got stuck. 

• If I had a lot of time to complete the job for which the software was provided. 

• If I had just the built-in help facility for assistance. 

Anxiety 

• I feel apprehensive about using the FAIR4Health platform. 

• It scares me to think that I could lose a lot of information using the FAIR4Health 
platform by hitting the wrong key. 

• I hesitate to use the FAIR4Health platform for fear of making mistakes I cannot 
correct. 

• The FAIR4Health platform is somewhat intimidating to me. 

Behavioral intention to use the system 

• I intend to use the FAIR4Health platform in the next months. 

• I predict I would use the FAIR4Health platform in the next months. 

• I plan to use the FAIR4Health platform in the next months. 

Voluntariness of use  (1=non voluntary, 7=completely voluntary) 

• My superiors expect me to use the FAIR4Health platform. 

• My use of the FAIR4Health platform is voluntary (as opposed by my superiors or job 
description). 

• My boss does not require me to use the FAIR4Health platform. 

• Although it might be helpful, using the FAIR4Health platform is certainly not 
compulsory in my job. 

Demographic information 
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Please fill in the following information: 

Sex:   ☐ woman ☐ man ☐ Prefer not to answer 

Age:  

☐ 18-30 

☐ 31-40 

☐ 41-50 

☐ 51-60 

☐ 61-70 

☐ >70 

What is your job function/position? __________________________ 

What is your background/domains of expertise? (Several answers possible) 

Medicine 

Biomedical 

Pharmacology 

Psychology 

Data Science 

Informatics and technology 

Statistics 

Public Health 

Epidemiology 

Other: ___________ 

How many years of experience do you have in this job function? _____________ 

How long (in months) have you been using the FAIR4Health platform? ____________  

What is the name of your institution?____________________________ 

 


