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Big data technologies are nowadays providing health care with powerful instruments to
gather and analyze large volumes of heterogeneous data collected for different purposes,
including clinical care, administration, and research. This makes possible to design
IT infrastructures that favor the implementation of the so-called “Learning Healthcare
System Cycle,“ where healthcare practice and research are part of a unique and synergic
process. In this paper we highlight how “Big Data enabled” integrated data collections
may support clinical decision-making together with biomedical research. Two effective
implementations are reported, concerning decision support in Diabetes and in Inherited
Arrhythmogenic Diseases.
Keywords: big data, learning health care cycle, data warehouses, data integration, data analytics

INTRODUCTION
Following a broadly recognized definition, Big Data is data “whose scale, diversity, and complexity
require new architecture, techniques, algorithms, and analytics to manage it and extract value and
hidden knowledge from it” (Harper, 2014). This definition embraces the multifactorial nature of
this kind of data, and the technological challenges implied. The integration of different sources
of information, from primary and secondary care to administrative data, seems a substantial
opportunity that Big Data provides to healthcare (Murdoch and Detsky, 2013; Etheredge, 2014;
Halamka, 2014; Krumholz, 2014; Zillner et al., 2014). Such integration may allow depicting a novel
view of patient’s care processes and of single patient’s behaviors taking into account the multifaceted
aspects of clinical and chronic care.
The interest in the collection of large and heterogeneous healthcare data sources finds a
distinctive application in the definition of novel data-driven Decision Support Systems (Kaltoft
et al., 2014; Kohn et al., 2014; Lupse et al., 2014). Several authors (Kohn et al., 2014; Lupse
et al., 2014; Zhang et al., 2016) define two main fields where researchers should address their
efforts to produce valuable results in this area: (i) the secondary use of data to create new
evidence and glean important insights to make better clinical decision or to reshape health care
organizational components and (ii) the detection of novel correlations from asynchronous events
to allow clinicians to promptly identify potential complications, timely adjust treatments, or help
analyze similar manifestations in clinical diagnoses. To pledge better renewed decision making, and
consequent successful clinical outcomes, Big Data enabled health care systems should effectively
integrate advanced computational tools, such as novel similarity measures for patients’ stratification
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quality of care. Specifically, EHR-based phenotyping uses data
captured in the delivery of care to identify individuals or
cohorts with conditions or events relevant to clinical studies
(Hripcsak and Albers, 2013; Newton et al., 2013; Richesson
et al., 2013). Some distinguishing aspects of the current
literature include: (i) considering the temporal nature of the
data, and explicitly including not only clinical information
from EHR, but also process information from administrative
databases; recent methods allow for example the extraction
of care-flows that highlight frequent patients’ trajectories in
terms of disease evolution but also in terms of patterns of
care; (ii) compute patients’ similarity by resorting to advanced
“multimodal” data fusion strategies, including deep learning and
tensor factorization; (iii) fully apply natural language processing
pipelines as enablers to integrate in the analytical process data
and knowledge hidden in textual reports.

and predictive analytics for risk assessment and selection of
therapeutic interventions (Moghimi et al., 2013; Suresh, 2014;
Yun and Hui, 2014; Wang et al., 2015).
The availability of new data sources is thus leading to the
development of a novel model of healthcare, able to fully
exploit the potentials of data-driven decision making. The main
consequence is that Big Data will not only be an important
enabler for research, but also for the clinical and organizational
decision making. We will discuss this perspective within the
context of the so-called “Learning Healthcare System Cycle”
(Grossmann et al., 2011; Skiba, 2011; Deeny and Steventon,
2015; Budrionis and Bellika, 2016; Harle et al., 2016; Lee and
Yoon, 2017). We demonstrate the importance of leveraging
on “Learning Healthcare System Cycle” solutions in developing
next-generation clinical and organizational decision system, as
follow: (i) we describe a possible formalization for the use of the
Learning Healthcare Systems, proposing a conceptual solution
based on state-of-the-art technologies for data production. (ii)
We present two systems implanted upon the Learning Healthcare
Cycle as proof of concepts of the validity of the formalized
concepts in different clinical scenarios.

Research Informs Care—Data Driven
Decision Making
Clinical decision support systems (CDSS) have been traditionally
defined as software designed to aid clinical decisions making
by adapting computerized clinical guidelines and protocols to
individual patient characteristics (Sim et al., 2001). While it is
recognized that developing and deploying CDSSs can be very
beneficial in contexts that require complex decision-making,
such as chronic disease management, their use in routine clinical
practice is currently still limited (Belard et al., 2016). Possible
causes are related to poor user interfaces, lacking integration
with EHRs, and limited analytics capabilities that do not allow
data-driven reasoning.
We believe that, in order to provide successful decisions
support, CDSSs should comply with basic requirements
including: (i) rich contents in terms of knowledge, references,
and data evidences, (ii) the capability of processing huge amounts
of data with fast response times, and (iii) implementations that
are intuitive, appealing, and able to catch users’ attention
while not delaying clinical actions. These features translate
into the fundamental CDSS components: data and knowledge
repositories, inference engines, and user interfaces. It is worth
noticing that IT infrastructures designed to support research can
be also used to assist clinical decision-making. An interesting
paradigm is represented by the so-called “sidecar” approach,
where the same data warehouse is used to analyze patients’
cohorts at a population level and as an instrument to enable
“case-based” reasoning in front of a complex clinical case by
extracting similar patients and potential treatments.

BIG DATA AND THE LEARNING
HEALTHCARE SYSTEM CYCLE
Novel and essential directions in the use of Big Data for health
care have been recently redefined within the medical informatics
community (Tenenbaum et al., 2016). Specifically, the wellknown conceptual approach of the “data, information, and
knowledge” continuum has been reconsidered as the so-called
Learning Healthcare System Cycle (LHSC), where healthcare
practice and research should be part of a unique and synergic
process. The first main novelty of this approach is to emphasize
that clinical practice and research are complementary agents in
the generation of data and knowledge.
The role of informatics is to provide the right tools to turn
data into information, and information into knowledge, helping
to understand deep data relations by retrieving and extracting
underlying patterns. Moreover, informatics is crucial for the
deployment of the acquired knowledge to support patient care
and ultimately to guide individual behavior.
Our prospective is that the use of Big Data in medical
informatics will be equally important in the different phases of
the LHSC: from research to data driven decision-making. LSHC
is indeed based on these two complementary actions, the first
one focused on the exploitation of medical generated data for
research purposes (Care Informs Research), and the second one
focused on the development of novel systems leveraging on Big
Data to guide clinical decision making (Research Informs Care).

USE OF BIG DATA FOR CLINICAL
DECISION SUPPORT: AVAILABLE
SOLUTIONS AND SYSTEMS

Care Informs Research—Research

Several conceptual design elements and software components are
nowadays available to support the construction of systems for
implementing LHSC.
Some well-known current initiatives and networks to support
Big Data research include NIH’s Big Data to Knowledge

In clinical practice, data is mostly collected from electronic
health records (EHR), which recent widespread adoption has
made available a unique source of clinical information for
research. The EHR can be used to extract and interpret clinical
data, to automatically support clinical research and improve
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(Mandel et al., 2016), and it has been recently exploited to
build an interface that serves patient data from i2b2 repositories
(Wagholikar et al., 2016). I2b2/SMART can thus effectively
implement the sidecar approach, which allows to continue using
existing clinical system (EHR) as-is while resorting to a secondary
database (the i2b2 instance) for decision making.
When Big Data are specifically exploited for CDS, visual
analytics enables hypothesis generation and facilitates real-time
clinical decisions (Ola and Sedig, 2014; Vaitsis et al., 2014; Simpao
et al., 2015). Visual analytics can be a powerful tool if used in
combination with longitudinal models to analyze long time series
(Mane et al., 2012; Gálvez et al., 2014) and to enhance pattern
visualization to focus attention in monitoring clinical actions
(Simpao et al., 2014; Cánovas-Segura et al., 2016), or to detect and
show patients’ behaviors to identify health-risk scenarios (Juarez
et al., 2015).
There are also several examples of CDSSs where visual
analytics methods combine evidence-based and datadriven approaches to improve clinical performances, for
example by retrieving drug interactions (Resetar et al.,
2005; Simpao et al., 2014), by combining analytics and
electronic guidelines (Slonim et al., 2012) or by gathering
EHR data and entering them into models able to perform
risk stratification (Gotz et al., 2012). There are attempts
to use visual analytics into field of epidemiology to
understand the interaction among time dependent variables
(Chui et al., 2011).

(BD2K) projects (Bourne et al., 2015), eMERGE (McCarty et al.,
2011), and PCORNet (Fleurence et al., 2014). BD2K is an
extensive funding initiative that encompass several aspect of
the enhancement of Big Data in biomedical research: from
accessibility and reusability of data, to the development of novel
methodologies and tools for analyzing Big Data. The eMERGE
network serves to develop and share high-throughput clinical
phenotyping algorithm in support of precision medicine. It
includes several tools, like PheKB, a collaborative knowldgebase
for phenotype discovery and validation. In the light of clinical
decision support, the eMERGE network proposed the use of
infobuttons (Cimino et al., 2007, 2013) as a decision support
tool to provide context specific links within electronic health
records to relevant genomic medicine content. PCORNet is
aimed at improving the capacity to conduct comparative clinical
effectiveness research thank to patient-centered common data
models. This data model leverages standard terminologies
and coding systems for healthcare (including ICD, SNOMED,
CPT, HCPSC, and LOINC) to enable interoperability with
and responsiveness to evolving data standards. Examples of
applications to chronic diseases include the use of PCORNet
(McGlynn et al., 2014) to create a common data model for
patients affected by metabolic diseases, or of eMERGE to
secondary data analysis for personalized medicine and phenotype
definition in Type 2 Diabetes (Yazdanpanah et al., 2013; Hall
et al., 2014).
One of the most widely used open source tools to collect
multidimensional data by aggregating different sources is the
Informatics for Integrating Biology and the Bedside (i2b2)
framework (https://www.i2b2.org).
I2b2 is one of the seven centers funded by the U.S.
National Institute of Health (NIH) Roadmap for Biomedical
Computing (http://www.ncbcs.org). The mission of i2b2 is
to provide clinical investigators with a service-based software
infrastructure able to integrate clinical records and research
data, and easily query them. To facilitate the query process,
data are mapped to concepts organized in an ontology-like
structure. I2b2 ontologies aim at organizing concepts related
to each data stream in a hierarchical structure. For example,
drug prescriptions can be represented through their ATC drug
codes in the Drug Ontology (Dagliati et al., 2014), or subset of
Laboratory test from Anatomy Pathology can be linked to the
SNOMED (Systematized Nomenclature of Medicine) Ontology
(Segagni et al., 2012a).Furthermore, i2b2 is linked to ontologies
available from BioPortal (http://i2b2.bioontology.org/) in order
to integrate the most common medical ontologies into the
system.
Since it was developed, i2b2 framework involved other parallel
projects. The interoperability project “Substitutable Medical
Applications and Reusable Technologies” (SMART) was devoted
to develop a platform that allows medical applications to be
written once and then run across different healthcare IT systems
(Mandl et al., 2012). SMART was lately updated to take advantage
of the clinical data models and the application-programming
interface described in a new, openly licensed Health Level
Seven (HL7) draft standard called Fast Health Interoperability
Resources (FHIR). The new platform is called SMART on FHIR
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BUILDING EFFECTIVE CLINICAL
DECISION SYSTEMS: CONCEPTS AND
METHODS TO “CLOSE” THE LOOP OF
THE LEARNING HEALTH CYCLE
Leveraging on the existing components described in the previous
section, an effective infrastructure to implement LHSC is shown
in Figure 1. There are three main activity classes:
1. The activities associated to gathering data from healthcare
delivery actions are represented in blue. This step
encompasses activities related to data integration,
standardization, and exchange, to support the translation of
the information gathered during clinical practice into relevant
knowledge that supports new scientific evidence.
2. Research efforts to develop analytical methods for knowledge
discovery from heterogeneous data are represented in red. In
particular, within the Big Data context, we suggest that one
of the main focus is the definition of new phenotypes which
are computationally manageable and able to describe disease
behaviors.
3. Informatics activities related to CDSSs implementation to
transfer research findings into medical and organizational
actions are represented in green. In this schema, we show
how is it possible to use the sidecar approach (in orange) as
suggested by the SMART on FHIR example.
Data should be gathered from heterogeneous sources and
contexts such as hospital EHRs and local health care agency
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FIGURE 1 | A conceptual framework to show how it is possible to enable the Learning Healthcare Cycle relying on a “Big Data enabled” architecture.

be important to implement of visual analytics strategies that
enable fast patient stratification. Mining algorithms and their
results have to be integrated into a Clinical Decision Support
System (CDSS) to make the concept of “Research informs Care”
effective.
The final delivered systems should fully exploit Big Data
technologies, ranging from distributed storage and computation
to schema-less data models, to allow novel decision-making
models. CDSS user’s actions to extract new insights on patients’
care flows must be conveyed by a process that integrates
methodological novelties into established clinical approaches.
For example, the usability experience might be structured to
guide temporal data exploration, where visual analytics solutions,
together with medical knowledge, facilitate the detection of risk
profiles.

information systems. The data warehouse structures have to be
implemented taking into account also clinical practice, since it
can also be exploited by the CDSS. Focusing on chronic disease
management, important steps include:
• the definition of a data model (e.g., an ontology) able to
represent the most important features of chronic populations
(i.e., diseases profiles, environmental, and behavioral factors);
• the secondary use of data originally collected for
administrative purposes (e.g., patients’ drug purchases);
• the retrospective collection of multivariate longitudinal data;
• the inclusion of modules for managing patients’ generated
data, provided by telecare services;
• the capability of providing decision support to both patients
and caregivers.
Researchers should focus on analytical methods able to
reconstruct diseases evolution from longitudinal and sparse data.
This underlines the importance of defining new phenotypes
which are computationally manageable and able to describe
disease behaviors. The main directions are focused on the use of
heterogeneous data structured data, text, images, and signals in
electronic phenotyping and on the exploitation of these findings
into a CDSS.
The consolidation of clinical decision encompasses two main
topics. The first one is related to the need of informatics
applications able to deliver comprehensive knowledge about
disease subtypes, diagnosis, therapies. The second topic is about
the development of tools that support custom workflows, novel
analytics, data visualization, and data aggregation. It regards
all the activities that allowed closing the Learning Health Care
System cycle while exporting the knowledge derived from the
research activities into real clinical actions. To this end, it would
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IMPLEMENTATIONS OF CDSSS, TWO
EXAMPLES BASED ON THE LEARNING
HEALTHCARE CYCLE
As effective examples of the implementation of LHSC, we
illustrate two CDSSs designed and implemented by the
University of Pavia and the IRCCS Istituti Clinici Scientifici
(ICSM) of Pavia: one to prevent Diabetes complications, and one
to support arrythmogenic diseases research and clinical care.

The Mosaic Project
The system has been developed within the EU “MOSAIC”
project, aimed at supporting Diabetes management by resorting
to advanced mathematical modeling solutions. As described in
(Dagliati et al., 2018), we have developed a system that integrates
data coming from hospitals and public health repositories. The
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data is collected into an i2b2 data warehouse, and exploited
via advanced temporal analytics tools focused on Diabetes
complications. Such tools include risk prediction models,
temporal abstractions, careflow mining and drug exposure
patterns detection. Different users have access to the model
results through a “dashboard” interface that allows: (i) clinical
decision support during follow-up encounters, and (ii) periodic
outcome assessment of the whole cohort.
The system has been validated in a pilot study on more
than 700 ICSM patients, showing a reduction in visit duration
(p << 0.01), an increased number of screening exams
for complications (p < 0.01), and an increase in lifestyle
interventions (from the 69% to the 77% of the visits).

In medical informatics, Big Data technologies are providing
new powerful instruments to gather and jointly analyze large
volumes of heterogeneous data collected for different purposes,
including clinical care, administration, and research. This
makes possible the effective implementation of the “Learning
Healthcare System Cycle," where healthcare practice and research
play a synergistic role. In particular, clinical decision support
can be strongly enabled by providing fast access to the
same set of heterogeneous data available also for research
purposes. The proper design of dashboard-based tools may
enable precision medicine decision-making and case-based
reasoning.
In this paper we have shown two successful examples of
the LSHC. The MOSAIC project has shown that decision
support tools can be effectively implemented by integrating
multiple-sources of data and by resorting to big-data oriented
visual and predictive analytics. The temporal dimension
of data has been used to deepen the insights on Diabetes
monitoring, allowing a better understanding of clinical
phenomena, recognizing novel phenotypes, and triggering
suitable clinical actions. The second example concerns a
molecular cardiology integrated system, where the combination
of different software tools is exploited to translate as fast
as possible the results of molecular research into clinical
decisions.
CDSSs that embed Big Data represent a novel opportunity
to support clinical diagnostics, therapeutic interventions, and
research. When information is properly organized and displayed,
it may highlight clinical patterns not previously considered. This
generates new reasoning cycles where explanatory assumptions
can be formed and evaluated. Therefore, the future design
of such novel CDSSs needs to support entailments among
events by properly modeling and updating the different aspects
of clinical care. Formal models of clinical guidelines and
care pathways can be very effective tools to compare the
analytics results with expected behaviors. This may permit to
effectively revise routinely collected data, to get new insights
about patients’ outcomes, and to explain clinical patterns.
All these actions are the essence of a Learning Health Care
System.

Integrated Molecular Cardiology System
LHSC is the basis of the current implementation of an integrated
system to support research and clinical care in arrythmogenic
diseases running at ICSM. Such system is based on a EHR linked
with a CDSS for genetic variant classification and on a registry
semiautomatically syncronized with the EHR.
Mantra is the EHR that collects the molecular and clinical
data about patients of the molecular cardiology unit at
ICS Maugeri (Segagni et al., 2012b). It collects information
on more than 20,000 individuals, mainly affected by Long
QT Syndrome (>9,000 patients), Brugada Syndrome (>6,000
patients), Arrhythmogenic Right Ventricular Cardiomyopathy
(>900 patients), and Catecholaminergic Ventricular Tachycardia
(>900 patients).
Mantra exports data to the Transatlantic Registry of Inherited
Arrhythmogenic Diseases (TRIAD). TRIAD is a prospective
registry of inherited arrhythmogenic diseases active at ICSM
since 2000. It serves as a platform to improve the knowledge
on genetic diseases causing life-threatening arrhythmias in the
structurally normal heart. Currently, the registry counts 9,700
patients and 29,000 visits. The main considered diseases are:
Long QT Syndrome (5,000 patients), Brugada Syndrome (3,000
patients), Catecholaminergic Ventricular Tachycardia (550
patients), Arrhythmogenic Right Ventricular Cardiomyopathy
(350 patients).The data stored in TRIAD are collected during
outpatient visits and phone follow-ups, and include the results
of instrumental exams and cardiac events related to the diseases.
An i2b2 instance of TRIAD has been implemented, too, in order
to allow fast querying and retrieval of the collected data (Segagni
et al., 2012b).
Mantra has been recently linked with the Variant Interpreter
software Cardiovai (http://cardiovai.engenome.com), which
implements a systematic approach to the classification of
variants according to American College of Medical Genetics and
Genomics–Association for Molecular Pathology (ACMG/AMP)
guidelines. Most of the ACMG/AMP criteria are implemented
relying on data integration of different omics-resources such
as ClinVar (https://www.ncbi.nlm.nih.gov/clinvar), MedGen
(http://www.medgen.co.uk), ExAC (http://exac.broadinstitute.
org), and PaPI (http://papi.unipv.it). However, other criteria
were tailored to cardiovascular diseases. The software was tested
on benchmark datasets reporting high concordance both for
pathogenic and benign variants (Limongelli et al., 2017).
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