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ABSTRACT

Introduction: With the expansion of available Information and Communication Technol-

ogy (ICT) services, a plethora of data sources provide structured and unstructured data 

used to detect certain health conditions or indicators of disease. Data is spread across 

various settings, stored and managed in different systems. Due to the lack of technology 

interoperability and the large amounts of health-related data, data exploitation has not 

reached its full potential yet. Aim: The aim of the CrowdHEALTH approach, is to introduce 

a new paradigm of Holistic Health Records (HHRs) that include all health determinants 

defining health status by using big data management mechanisms. Methods: HHRs are 

transformed into HHRs clusters capturing the clinical, social and human context with 

the aim to benefit from the collective knowledge. The presented approach integrates big 

data technologies, providing Data as a Service (DaaS) to healthcare professionals and 

policy makers towards a “health in all policies” approach. A toolkit, on top of the DaaS, 

providing mechanisms for causal and risk analysis, and for the compilation of predictions 

is developed. Results: CrowdHEALTH platform is based on three main pillars: Data & 

structures, Health analytics, and Policies. Conclusions: A holistic approach for capturing 

all health determinants in the proposed HHRs, while creating clusters of them to exploit 

collective knowledge with the aim of the provision of insight for different population 

segments according to different factors (e.g. location, occupation, medication status, 

emerging risks, etc) was presented. The aforementioned approach is under evaluation 

through different scenarios with heterogeneous data from multiple sources.
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1. INTRODUCTION
A plethora of sensors and ap-

plications for individualized 
care is widely available pro-
viding valuable information 
for certain health conditions 
and early detection of disease 
(1). Nonetheless, data is spread 
across different settings and 
stored in different systems. Due 
to the lack of technology in-
teroperability, large amounts 
of health-related data cannot 
be processed, and important 
health events can be missed 

(2). On the other hand, the large 
amount of data sources opens 
a window for opportunities in 
public health policy making, 
personalised medicine, preven-
tion of diseases and health pro-
motion. WHO mentions several 
health determinants that need 
to be considered (3) including 
the physical condition, socio-
economic status, occupational 
environment, genetics, and 
family relationships. According 
to a study (4), almost 80% of 
people believe that health is not 

The CrowdHEALTH project and the Hollistic Health 
Records: Collective Wisdom Driving Public Health 
Policies

Dimosthenis Kyriazis1, Serge Autexier2, 
Michael Boniface4, Vegard Engen4, Ricardo 
Jimenez-Peris2, Blanca Jordan1,2, Gregor 
Jurak7, Athanasios Kiourtis1, Thanos 
Kosmidis8, Mitja Lustrek9, Ilias Maglogiannis1, 
John Mantas10, Antonio Martinez5, Argyro 
Mavrogiorgou1, Andreas Menychtas11, Lydia 
Montandon12, Cosmin-Septimiu Nechifor13, 
Sokratis Nifakos14, Alexandra Papageorgiou15, 
Marta Patino-Martinez6, Manuel Perez12, 
Vassilis Plagianakos15, Dalibor Stanimirovic16, 
Gregor Starc7, Tanja Tomson14, Francesco 
Torelli17, Vicente Traver-Salcedo5, George 
Vassilacopoulos1, Andriana Magdalinou10, 
Usman Wajid18

1University of Piraeus, Piraeus, Greece
2Deutsches Forschungszentrumfür Künstliche Intelligenz, 
Bremen, Germany
3LeanXcale, Madrid, Spain
4University of Southampton, IT Innovation Centre, 
Southampton, United Kingdom
5Fundación para la Investigación del Hospital Universitario 
la Fe, Valencia, Spain
6Universidad Politécnica de Madrid, Madrid, Spain
7University of Ljubljana, Ljubljana, Slovenia
8CareAcross Ltd, London, United Kingdom
9InstitutJozef Stefan, Ljubljana, Slovenia
10European Federation for Medical informatics, Lausanne, 
Switzerland
11BioAssist SA, Athens, Greece
12ATOS Spain SA, Madrid, Spain
13Siemens SRL, Brasov, Romania
14Karolinska Institutet, Stockholm, Sweden
15National Organization for Health Care Services 
Provision, Athens, Greece
16Nacionalni Institut za Javno Zdravje, Ljubljana, 
Slovenia
17Engineering Ingegneria Informatica, Rome, Italy
18Information Catalyst, London, United Kingdom

Corresponding author. Dimosthenis Kyriazis, Assistant 
Professor, Department of Digital Systems, University 
of Piraeus, Gr. Lampraki 126, 185 32,Piraeus, Greece; 
E-mail: dimos@unipi.gr. ORCID ID: http//www.orcid.
org/0000-0001-7019-7214.

doi: 10.5455/aim.2019.27.369-373
ACTA INFORM MED. 2019 DEC 27(5): 369-373

Received:  Nov 25, 2019

Accepted:  Dec 30, 2019

ORIGINAL PAPER

© 2019 Article Authors

This is an Open Access article distributed under the 
terms of the Creative Commons Attribution Non-
Commercial License (http://creativecommons.org/
licenses/by-nc/4.0/) which permits unrestricted non-
commercial use, distribution, and reproduction in any 
medium, provided the original work is properly cited.



370 ORIGINAL PAPER / ACTA INFORM MED. 2019 DEC 27(5): 369-373

The CrowdHEALTH project and the Hollistic Health Records: Collective Wisdom Driving Public Health Policies

only the absence of physical disease but relies 
also on multiple everyday aspects, such as fit life-
style, nutrition and mental and emotional status. 
To gain deep knowledge about outcomes of pre-
vention strategies, health policies, and efficiency 
of care, accurate information deriving from Elec-
tronic Health Record (HER) and Personal Health 
Record (PHR) should be captured and linked with 
data from other sources. Hitech and Patient Pro-
tection and Affordable Care Act (PPACA) consider 
the adoption of such enhanced records of major 
importance (5). Records would become place-
holders of all types of information coming from 
multiple sources, including multi-disciplinary 
knowledge with the aim of facilitating interdisci-
plinary collaboration and capturing multi-mor-
bidity cases that may remain undetected. 

Furthermore, collective community knowledge 
could be significant in two phases: Collect, ag-
gregate and analyse information from different 
sources to extract and exploit useful information 
for the provision of useful insights, and provide 
the ground for targeted health policy making (5). 
Surveys (6, 7) also highlight the need and value 
of accurate information and efficient health in-
formation exchange with stakeholders and com-
munities. With respect to data sharing concerns, 
the acceptance of online platforms e.g. Patients-
LikeMe (8) suggests that concerns are deacreasing 
steadily. Thus, the challenge is to combine data 
from various sources in order to benefit from 
community knowledge. To this end, big data 
management can be combined with eHealth tools 
(e.g. causal analysis, evidence-based evaluation 
of strategies, risk stratification, etc) to achieve 
optimal results.  The CrowdHEALTH project, pro-
poses an integrated holistic platform that adopts 
big data management mechanisms including data 
acquisition, cleaning, integration, modelling, 
analysis, information extraction and interpreta-
tion (9). CrowdHEALTH explores mechanisms to 
provide extended health records and exploit col-
lective health knowledge (i.e. clustered records) 
produced by big data techniques (10).  The Crowd-
HEALTH vision is to make feasible proactive and 
individualized disease prevention and health pro-
motion, while enhancing policy making, through 
the provision of collective knowledge and intel-
ligence, following relevant paradigms (11). The 
outcomes of such milestone projects affect also 
health policy making, healthcare personnel (13, 
14), and educational curricula developments (15, 

(16) in Biomedical and Health Informatics.

2. AIM
The aim of this paper is to introduce a new par-

adigm of Holistic Health Records (HHRs) that in-
clude all health determinants defining health 
status by using big data management mecha-
nisms.

3. METHODS
CrowdHEALTH follows a hybrid research and 

innovation methodology, building upon a well-
known iterative approach used in several com-
plex R&D projects. The CrowdHEALTH platform 
includes several components providing solu-
tions for data manipulation, health analytics, and 
health policies.  In the context of data manipula-
tion components such as the “Data Converter”, 
the “Data Cleaner”, the “Data Aggregator”, or the 
“Data Anonymizer” have been implemented, each 
one serving different data processing purposes, 
including state-of-the-art technologies. “Data 
Storage” has also been included, because an ul-
tra-scalable database management system has 
been integrated, enabling to blend Online Trans-
action Processing (OLTP) and Online Analytical 
Processing (OLAP) workloads without compro-
mising performance and enabling real-time an-
alytical queries on operational data without the 
delay and cost of Extract-Transform-Load (ETL) 
from siloed operational and analytics data stores. 
Concerning the health analytics part, algorithms 
implementing “Clinical Pathway Mining”, “Mul-
timodal Forecasting”, “Causal Analysis”, or “Risk 
Stratification” have also been designed and in-
tegrated, serving multiple needs accordingly. As 
long as health policies are concerned, compo-
nents including “Results and Data Visualization”, 
“Policies Modelling” and “Policies Creation” have 
also been implemented to meet the needs of dif-
ferent stakeholders.

4. RESULTS
Holistic Health Records
CrowdHEALTH explores mechanisms to create 

extended health records, and benefit from col-
lective health knowledge (i.e. clustered records) 
produced by big data techniques. As highlighted 
by Cisco (9): “Humans evolve because they com-
municate, creating knowledge out of data and 
wisdom based on experience”. “extended” health 
records can evolve by following the human com-
munication pathway using technologies to in-
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corporate knowledge derived from other re-
cords. Therefore, the Holistic Health Records that 
CrowdHEALTH proposes can provide a reflec-
tion of the citizen capturing all health determi-
nants, and the HHRs Clusters can extract collec-
tive knowledge. As illustrated in Figure 1, an HHR 
consists of several components: (a) the personal 
component with health, social and lifestyle data 
collected by patients, relatives or informal carers, 
(b) the social component containing social care 
data collected from social care providers, (c) the 
medical device component containing health data 
from medical devices or sensors (e.g. home care 
systems or wearables), (d) the healthcare com-
ponent containing health-related data such as 
clinical observations, treatment, medication, di-
agnosis obtained by healthcare providers and (e) 
laboratory medical data. The HHRs clusters act as 
living entities, including properties such as ex-
perience (i.e. medication experiences of patients), 
relationships with other HHRs and classification 
of relationships (i.e. relationships with friends 
and family, and “classification” of relationships 
as for example patients with the same disease), 
events and trends that affect the citizen or citi-
zens with similar characteristics with the aim of 
forming networks in an automated way based on 
specific criteria (such as lifestyle choices or dis-
ease symptoms) and exchange information as ex-
periences. Up until now, the project has achieved 
an HHR structure for the next generation of 
health records, Fast Healthcare Interoperability 
Resources (FHIR) compliant (17), ready to include 
additional properties in health records.

Efficient health services through big data an-
alytics

As depicted in Figure 2, the overall Crowd-

HEALTH platform architecture presents three 
main pillars: Data and structures, Health an-
alytics, and Policies. Plug’n’Play (18) is imple-
mented in the context of Data and Structures as 
an approach for dynamic data acquisition from 
unknown heterogeneous sources in order to 
avoid the manual and ad-hoc integration of these 
sources. Sources Reliability enables adaptive se-
lection of sources based on the corresponding 
availability patterns and volatility levels. A 
FHIR-compliant Application Programming In-
terface (API) enables connectivity and communi-
cation, ensuring meaningful interpretation of the 
acquired data and the feasibility of their incorpo-
ration into HHRs. Data Anonymization facilitates 
compliance with privacy and confidentiality reg-
ulations and requirements. The project has im-
plemented Data anonymization techniques, trust 
and reputation modelling offering all the required 
mechanisms for enabling data anonymization, 
data protection and access control, while also 
ensuring that data sources/entities have the re-
quired profiles to account for their datasets.

Data Quality Assessment techniques are im-
plemented to improve the quality of the different 
sources’ data. Regarding HHRs, the project has 
implemented the HHR manager to facilitate the 
development and support of the HHR model. the 
HHR Manager provides the new structures as a 
basis for the compilation of the HHR. Context 
Analysis enables the identification of cluster sim-
ilarities based on the context obtained from the 
compiled HHRs. The HHR clusters are defined 
through the Clustering and Classification mech-
anism that detect correlations among similar 
HHRs. The HHRs and HHR clusters are stored into 
the Data Store, together with the data deriving 
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Figure 1. Holistic Health Records and Clusters of Records. 
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from the quality tools, which are made interop-
erable through the Interoperability Layer to pre-
vent heterogeneity issues of health data. These 
data are aggregated into HHRs through different 
data models and query languages. On the stored 
data (i.e. HHRs, clusters, historical citizen, health 
analytics results) real-time big data analytics are 
performed, in order to enable correlations and 
extraction of situational factors between biosig-
nals, physical activities, medical data patterns, 
clinical assessment and laboratory tests. The big 
data approach is able to process millions of events 
per second allowing the exploitation of real-time 
medical data from multiple sources.

 In the context of the Health Analytics, the Risk 
Models and Models Execution, Causal Analysis, 
Multimodal Forecasting, and Clinical Pathway 
Mining have been implemented. Regarding Risk 
Models and Models Execution, class-specific 
care plans and policies are created based on da-
ta-driven models. Causal Analysis is deployed 
for the identification of the properties that affect 
policies performance and care plans appropri-
ateness. Clinical Pathway Mining supports data 
analysis to identify similarities or differences in 
treatment options among groups of patients, re-
veal factors that affect several treatments and es-
tablish a supporting framework for ameliorating 
the treatment of patients with different diseases. 
Multimodal Forecasting estimates the applica-
bility and effectiveness of health policies, their 

variations and combinations to particular pop-
ulation segments taking into account social is-
sues and spatiotemporal properties. As long as 
the Policies pillar is concerned, Policies Creation 
obtains the modelled policies and the Cost-ben-
efit Analysis outcomes and proposes evaluated 
policies based on results obtained by experiments 
on Identified Populations. Health promotion and 
disease prevention policies are analyzed, while 
the integrated health policy making paradigm is 
refined and updated with data analytics outcomes 
and experiences. Meanwhile an evidence-based 
framework creates policy guides and detects in-
dicators in the development of public health pol-
icies, combined with leveraged knowledge from 
existing public health policies. All information is 
offered to support different actors in the health-
care network (e.g. healthcare providers, policy 
makers, care professionals, nutrition experts, 
etc) via the Visualization environment that en-
ables stakeholders to interact with the platform 
through analytical queries, while manipulating 
the results and visualizing them. Visualization is 
part of a Policy Development Toolkit that is cre-
ated to exploit policies, and health analytics re-
sults to advance the processes of policies co-cre-
ation and evaluation. Policies models reflecting 
a structural representation of policies including 
KPIs as parameters and outcomes what will be 
monitored, evaluated, adapted etc. Up until now, 
the project has achieved a policy development 
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Figure 2. CrowdHEALTH Conceptual Architecture. 
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toolkit (PDT) serving as a unique point of policy 
makers to visualize existing data in an interac-
tive way, trigger health analytics mechanisms 
on different datasets and obtain results, models 
and create policies. The Data visualization envi-
ronment integrated into the PDT offers adaptive 
and incremental visualization of the data to fa-
cilitate the analysis of the data by policy makers. 
Data cleaning approaches are also implemented 
to address cases of missing values in the datasets, 
or incorrect or incomplete Information from dif-
ferent scenarios /use cases. 

5. CONCLUSIONS
The health data coming from various informa-

tion sources makes a collection of patient profiles 
that may facilitate knowledge discovery and sup-
port research. To this end, a holistic approach for 
capturing all health determinants in the proposed 
HHRs, while creating clusters of them to exploit 
collective knowledge with the aim of the provi-
sion of insight for different population segments 
according to different factors (e.g. location, oc-
cupation, medication status, emerging risks, etc) 
was presented. The aforementioned approach is 
under evaluation through scenarios with hetero-
geneous data sources / devices, data to be included 
in HHRs, target groups (e.g. chronic diseases or 
youth obesity), and different environments (care 
centres, social networks, public environments, 
living labs, etc). The platform is expected to ex-
ploit the current 7.5 million measurements from 
1 million people with additional 200.000 / year 
being also analysed.
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