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ABSTRACT
Introduction: With the expansion of available Information and Communication Technology (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.
Keywords: Holistic Health records, Health Analytics, Public Health Policy Making.

1. INTRODUCTION
A plethora of sensors and applications for individualized
care is widely available providing 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 interoperability, large amounts
of health-related data cannot
be processed, and important
health events can be missed

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

(2). On the other hand, the large
amount of data sources opens
a window for opportunities in
public health policy making,
personalised medicine, prevention of diseases and health promotion. WHO mentions several
health determinants that need
to be considered (3) including
the physical condition, socioeconomic status, occupational
environment, genetics, and
family relationships. According
to a study (4), almost 80% of
people believe that health is not
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only the absence of physical disease but relies
also on multiple everyday aspects, such as fit lifestyle, nutrition and mental and emotional status.
To gain deep knowledge about outcomes of prevention strategies, health policies, and efficiency
of care, accurate information deriving from Electronic Health Record (HER) and Personal Health
Record (PHR) should be captured and linked with
data from other sources. Hitech and Patient Protection and Affordable Care Act (PPACA) consider
the adoption of such enhanced records of major
importance (5). Records would become placeholders of all types of information coming from
multiple sources, including multi-disciplinary
knowledge with the aim of facilitating interdisciplinary collaboration and capturing multi-morbidity cases that may remain undetected.
Furthermore, collective community knowledge
could be significant in two phases: Collect, aggregate 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 information exchange with stakeholders and communities. With respect to data sharing concerns,
the acceptance of online platforms e.g. PatientsLikeMe (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, proposes an integrated holistic platform that adopts
big data management mechanisms including data
acquisition, cleaning, integration, modelling,
analysis, information extraction and interpretation (9). CrowdHEALTH explores mechanisms to
provide extended health records and exploit collective health knowledge (i.e. clustered records)
produced by big data techniques (10). The CrowdHEALTH vision is to make feasible proactive and
individualized disease prevention and health promotion, while enhancing policy making, through
the provision of collective knowledge and intelligence, following relevant paradigms (11). The
outcomes of such milestone projects affect also
health policy making, healthcare personnel (13,
14), and educational curricula developments (15,
370

(16) in Biomedical and Health Informatics.

2. AIM
The aim of this paper 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.

3. METHODS
CrowdHEALTH follows a hybrid research and
innovation methodology, building upon a wellknown iterative approach used in several complex R&D projects. The CrowdHEALTH platform
includes several components providing solutions for data manipulation, health analytics, and
health policies. In the context of data manipulation 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 ultra-scalable database management system has
been integrated, enabling to blend Online Transaction Processing (OLTP) and Online Analytical
Processing (OLAP) workloads without compromising performance and enabling real-time analytical 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”, “Multimodal Forecasting”, “Causal Analysis”, or “Risk
Stratification” have also been designed and integrated, serving multiple needs accordingly. As
long as health policies are concerned, components including “Results and Data Visualization”,
“Policies Modelling” and “Policies Creation” have
also been implemented to meet the needs of different stakeholders.

4. RESULTS
Holistic Health Records
CrowdHEALTH explores mechanisms to create
extended health records, and benefit from collective health knowledge (i.e. clustered records)
produced by big data techniques. As highlighted
by Cisco (9): “Humans evolve because they communicate, creating knowledge out of data and
wisdom based on experience”. “extended” health
records can evolve by following the human communication pathway using technologies to in-
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Figure
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Figure 1.. Holistic Health Records
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Records and Clusters of Records.
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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 interactive way, trigger health analytics mechanisms
on different datasets and obtain results, models
and create policies. The Data visualization environment integrated into the PDT offers adaptive
and incremental visualization of the data to facilitate 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 different scenarios /use cases.

5. CONCLUSIONS
The health data coming from various information sources makes a collection of patient profiles
that may facilitate knowledge discovery and support 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 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 scenarios with heterogeneous 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 exploit the current 7.5 million measurements from
1 million people with additional 200.000 / year
being also analysed.
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