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Abstract
Changes and transformations enabled by Big Data have direct effects on Translational Medicine. At one end, superior
precision is expected from a more data-intensive and individualized medicine, thus accelerating scientific discovery
and innovation (in diagnosis, therapy, disease management etc.). At the other end, the scientific method needs to
adapt to the increased diversity that data present, and this can be beneficial because potentially revealing greater
details of how a disease manifests and progresses. Patient-focused health data provides augmented complexity too,
far beyond the simple need of testing hypotheses or validating models. Clinical decision support systems (CDSS) will
increasingly deal with such complexity by developing efficient high-performance algorithms and creating a next generation of inferential tools for clinical use. Additionally, new protocols for sharing digital information and effectively
integrating patients data will need to be CDSS-embedded features in view of suitable data harmonization aimed at
improved diagnosis, therapy assessment and prevention.
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In this Editorial we announce a new section in the Journal of Translational Medicine.
A data-driven clinical decision support system (CDSS)
is commonly conceived as a tool for (a) Managing complex tasks, such as combining a chronologically ordered
variety of evidenced conditions, symptoms, tests and
other data types all available to the clinician, and (b)
Delivering snapshots of the patient’s health status either
at a given time or along a temporal trajectory. The tools
necessarily embed heterogeneous knowledge bases (of
genetic, omic, epigenomic, exposomic nature etc.) used
to cross-reference the patient’s characteristics by the
means of algorithms.
The goal is to optimize recommendations and decisions
to the benefit of the patient. To such purpose, screening
time, extension and frequency of measurements should
be suitably dilated while preserving accuracy and confidence. Despite limitations remain, say non-inclusion of
certain risk factors, lack of rare evidences, insufficient
variety of data types etc., the advantages are multiple for
the individual patient, especially in terms of intervention,
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and in particular to correct non-administered, ineffective, wrong or even unneeded treatments. When the
reference is a patient’s group, the expected advantages
assign centrality to cost-effectiveness data. The data must
be reported accurately to reflect health providers’ performance and leverage consistent study design and assessment of patient outcomes.
Systematic CDSS reviews have appeared (see for
instance [1]). CDSS are tools designed to enhance patient
care by consolidating patient profiles via repeated merging of clinical knowledge and patient information [2].
This therefore is a process whose multiple observations
or measurements or assessments cover landmark points
such as first consultation, then diagnosis, follow up, hospitalization etc. [3]. Past literature has associated CDSS
to Electronic Health Records (EHR) [4] due to the presence of clinical guidelines, alerts, reminders and similar.
However, a static view of a dynamic process is by definition just an approximation without specifying the mechanisms governing the dynamics.
Criticisms have also appeared [5, 6], sustaining that
the majority of studies have failed to demonstrate outcome improvements or highly significant results. The
clear indication is that in order to become components
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routinely adopted in clinical practice, CDSS should be
further developed for the sentiment around them being
also revised. To enable such changes, CDSS processed
information must leverage increasingly connected data
evidenced in disparate but integrable sources and digitalized environments (a starting point is offered by Informatics for Integrating Biology and the Bedside (http://
www.i2b2.org), one of 7 NIH Roadmap for Biomedical
Computing (http://www.ncbcs.org) funded centers, and
related parallel initiatives).
Some of the challenges ahead involve CDSS knowledge
bases, and posit questions such as:
i. How to improve widespread access to biomedical
data?
ii. How to lower barriers to the novel clinical trials
development and patient health records?
iii. How to transfer Big Data knowledge into point-ofcare systems?
iv. How to exploit Patient-Reported Outcome Measures in real time care through patient engagement
etc?
The relevance of these questions for Translational
Medicine is evident, as wells as it is necessary to shape
the ability to combine data-driven evidences, identify signals and find patterns that address questions from which
to test new hypotheses specific to the patient, and finally
define risk scenarios involving groups of patients sharing
features that once reconciled with new data types may
drive effective prevention and/or more timely targeted
therapies.
Other CDSS challenges [7, 8] are methodological, say
a. How to ensure accurate probability estimations for
risk assessment, diagnosis, therapeutic intervention
and prognosis?
b. How to optimize data calibration with discrimination
in predictive learning models?
c. What is the best possible complementary evidence in
support to validation for scopes of prognostic use of
CDSS?
Other challenges are of an ethical dimension [9, 10], in
view of:
a. What hierarchy of evidence can guide clinical decision making at reduced risk of bias?
b. Should expensive therapies be considered when facing marginal survival chances or to what extent an
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algorithm can influence decisions on probabilistically
determined critical conditions?
c. How to responsibly prioritize secondary findings in
the context of treatment?
This new section of the Journal of Translational Medicine aims to attract multidisciplinary research and promote scientific interactions, and expects to accelerate the
establishment of CDSS in the clinical practice.
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