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Decompensated heart failure patients: there are simple
parameters that could be integrated in a machine learning
process to improve our strategies
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Heart failure (HF) remains an extremely severe disease
despite pharmacological innovation (1) as well as devices
that are largely used. Still HF is a diagnosis associated
with a mortality greater than most cancers (2). A large
effort is thus, still, required to define best the strategies
and the individualized managements that are supposed
to improve the prognostic of the disease for any single
patient with his co-morbidities and specificities. Voors
et al. published a very impressive work based on the
BIOSTAT-CHF research program (3). BIOSTAT-
CHF is a large European project that was specifically
designed to develop and validate risk prediction models in
patients with HE. The work is European large work with
a derivation and validation cohorts. At the reading, this
paper is highly supposed to be representative of what is
found in most of our centers across Europe. Therefore,
this paper is extremely important to consider and perhaps
to integrate in a scoring system as we have and as we are
using in many clinical situation like the atrial fibrillation
or the pulmonary embolism (4,5).

The five strongest predictors of mortality were more
advanced age, higher blood urea nitrogen and N-terminal
pro-B-type natriuretic peptide, lower haemoglobin, and
failure to prescribe a beta-blocker. The five strongest
predictors of hospitalization owing to HF were more
advanced age, previous hospitalization owing to HF,
presence of oedema, lower systolic blood pressure and lower
estimated glomerular filtration rate.

These are simple parameters that could be computed
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and perhaps be used for best managing the indication of a
hospitalization stay and best managing the intensity of the
medical treatment and of the post-hospitalization follow-up.

"Tele-medicine is coming from everywhere as well as big
data (6). The parameters proposed by Voors et al. can easily
be obtained in most patients and then be integrated in large
predicting risk models that could help or guide non-expert
physician to decide for a more or less specialized medical
intervention of any single HF patient.

The risk stratification of HF patients could improve
clinical outcome and cost-effectiveness of our practices.
But, many clinical scores have been proposed based on in-
hospital and post-discharge cohorts. Most models show
a good capacity to discriminate patients who reach major
clinical end-points, with C-indices generally higher than
0.70, but their applicability in real world populations
has been non-extensively evaluated (3,7-9). The use of
risk score-based stratification might improve patient
outcome but are not underscored like others in current
HF guidelines (1). Variables proposed in Voors et al.
paper are recurrent in most scores and should always
be considered when evaluating the risk of an individual
patient hospitalized for acute HF. The remaining work
is even more important that the new treatment strategies
and agents have not been tested for their impact on the
predictive risk of death according to scores. That could
be something to look for and the question then would be
really to implement them in our reasoning in front of any
single patient as we do with other scores. That has to be
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tested and we shouldn’t limit our effort in computing large
databases for getting risk factors that are rather intuitive
and known.

Nevertheless, it is highly probable that this scoring
approach will have a limited impact on the quality of care
as the relevance of scores will probably be equivalent to
the relevance of the scores that we are using when deciding
for surgery or TAVI (10). We integrate the scores in our
multivariable decision making process. But the final decision
is frequently in inadequation with the score because
the statistical risk assessment cannot replace the clinical
expertise and the information obtained from the complexity
of the whole history of any single patient.

So, risk factors and risk prediction tools have to be
implemented in our daily clinical practice but not for their
own. The algorithms, the big data approaches should be
used to not underestimate the risk for any single patient
hospitalized everywhere. It will probably not affect the
prognosis of patients hospitalized in highly specialized unit
but it is will mainly affect the one of patients hospitalized
in non-cardiological units or primary care hospitals. So
according to the scores and big data approach, patients
could be re-oriented to specialized centers or physicians.
Then, prognostic factors like to ones highlighted by
Voors et al. should not be used alone (3). They should
help for selecting patients that require a heart team
multidisciplinary expertise for finalizing the decision
making process.

Scores for the risk stratification of HF patients are useful
tools that might support, not replace, clinical judgment
and supply a rational approach for prognostication of the
individual patient. Further prospective studies are necessary
to evaluate if the outcome of HF patients can be improved
with the use of these tools and their implementation in new
treatments or monitoring strategies.
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