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performed a cognitive ML using STE data and found

http://dx.doi.org/10.1016/j.jacc.2016.12.047

that a cognitive ML (15 STE variables and the 4 echo
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variables) was superior to e 0 (medial mitral annular
early diastolic velocity) and longitudinal strain for
differentiating constrictive pericarditis from restric-
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and support vector machines. Brieﬂy, ML can be
broken down into supervised and unsupervised. In
supervised learning, ML algorithms use a human
hand-coded dataset to predict the desired outcome.
In contrast, unsupervised learning seeks to ﬁnd
hidden patterns in the data to identify novel disease
mechanisms. For example, Shah et al. (4) performed
unsupervised learning to identify intrinsic structure
within
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fraction patients and they could identify 3 different
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phenotypes and subsequently performed supervised
learning to predict the difference of desired outcomes
(mortality and hospitalization) among those 3 groups.

REPLY: Deep Learning With Unsupervised
Feature in Echocardiographic Imaging

Deep learning (DL), which mimics how the human
brain works, can generate predictions from an input
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layers. DL has become a hot topic in ML because: 1) it

on introducing machine learning for artiﬁcial intelli-

can be very powerful in image recognition (i.e., facial

gence (AI)–aided interpretation of cardiac imaging.

recognition in Facebook or image search in Google);

The authors make an interesting proposition through

2) it can be trained in an unsupervised manner for

introducing the emerging concept of deep learning

unsupervised learning tasks; 3) there is no limit in

(DL) as a means of automating phenotyping and

working memory; and 4) it can work well with noisy

recommendation tasks in echocardiography and car-

data such as strain imaging and 3-dimensional STE.

diology more broadly.

However, the downside of DL is that: 1) overﬁtting

DL represents a class of algorithms based on arti-

might become a more signiﬁcant issue compared with

ﬁcial neural networks, and it can handle raw data

classical ML; 2) it requires large datasets to work well;

without deﬁning variables a priori—a technique called

and 3) it takes time to set up a neural network using

feature representation. This is particularly well suited

DL algorithms.

for large, diverse, and complex datasets with thou-

To date, the implementation of DL with unsuper-

sands of samples. However, our machine learning

vised feature in echocardiographic imaging is still

framework was constructed with the goal of both

in its infancy, but appears promising. Therefore,

optimal prediction and identiﬁcation of key inputs

we suggest that unsupervised DL with STE data

driving the classiﬁcation (1,2). As a model bench-

might identify novel phenotypes of cardiomyopathy,

marked using pre-determined speckle tracking vari-

with potential toward precision of cardiovascular

ables, supervised machine learning models were

medicine.

more appropriate for our particular tasks. Implementing DL on small samples (e.g., in our study <100

*Chayakrit Krittanawong, MD
Anusith Tunhasiriwet, MD, MSc
HongJu Zhang, PhD
Zhen Wang, PhD
Mehmet Aydar, PhD
Takeshi Kitai, MD, PhD

samples per class) may lead to overﬁtting—a phenomenon in which the model ﬁts your current data
well but does not predict well with unseen cases. DL
is ideal for studies with a large number of samples
and data points. For example, in a recent study by
Miotto et al. (3) using data from 700,000 patients with
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using 105 features (4). Thus, the choice of algorithms
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and the success of implementations depend on many
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elements including sample size, formulation of pre-
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DL has shown major success in learning from video
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data (e.g., echo data as a stream of images) in an
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active AI subﬁeld known as computer vision. As DL

http://dx.doi.org/10.1016/j.jacc.2017.01.062

capabilities improve with novel models including
generative adversarial networks and value iteration
networks, we envisage that DL can be applied to
diagnostic imaging and AI-based predictions at the
point of care in cardiology. However, all these
techniques, whether they fall under the broad categorization

of

machine

learning,

DL,

cognitive

computing, or computer vision, are all subsets of AI
and are an attempt to move closer to more widespread implementation of smart clinical decision
systems capable of either diagnosing or aiding the
clinician in making a diagnosis. We certainly agree
with the remarks about DL; however, in our example
of classifying physiological from pathological hypertrophy, a simpler learning approach using ensemble
learning with artiﬁcial neural networks and more
shallow classiﬁers was effective. In conclusion, as our
databases continue to grow in both sample size and
number of features, our models will continue to
increase in complexity.

Please note: Drs. Shameer and Dudley were supported by grants from the National Institutes of Health: National Institute of Diabetes and Digestive and
Kidney Diseases (R01DK098242); National Cancer Institute (U54CA189201);
Illuminating the Druggable Genome; Knowledge Management Center sponsored
by National Institutes of Health Common Fund; National Cancer Institute
(U54-CA189201-02); National Center for Advancing Translational Sciences
(UL1TR000067); and Clinical and Translational Science Award. Dr. Dudley has
received consulting fees or honoraria from Janssen Pharmaceuticals, GlaxoSmithKline, AstraZeneca, and Hoffman-La Roche; has served as a scientiﬁc
advisor to LAM Therapeutics; and owns equity in NuMedii, Ayasdi, and
Ontomics. Dr. Sengupta has served as a consultant for TeleHealthRobotics,
Heart Test Labs, and Hitachi-Aloka. All other authors have reported that
they have no relationships relevant to the contents of this paper to disclose.
P.K. Shah, MD, served as Guest Editor-in-Chief for this paper. Mr. Narula and
Dr. Shameer contributed equally to this work.

REFERENCES
1. Narula S, Shameer K, Salem Omar AM, Dudley JT, Sengupta PP. Machinelearning algorithms to automate morphological and functional assessments in
2D echocardiography. J Am Coll Cardiol 2016;68:2287–95.
2. Sengupta PP, Huang YM, Bansal M, et al. Cognitive machine-learning algorithm for cardiac imaging: a pilot study for differentiating constrictive
pericarditis from restrictive cardiomyopathy. Circ Cardiovasc Imaging 2016;9:
e004330.
3. Miotto R, Li L, Kidd BA, Dudley JT. Deep patient: an unsupervised representation to predict the future of patients from the electronic health records.
Sci Rep 2016;6:26094.

Sukrit Narula, BS
Khader Shameer, PhD
Alaa Mabrouk Salem Omar, MD, PhD
Joel T. Dudley, PhD

4. Shameer K, Johnson KW, Yahi A, et al. Predictive modeling of hospital
readmission rates using electronic medical record-wide machine learning: a
case-study using Mount Sinai Heart Failure Cohort. Pac Symp Biocomput
2016;22:276–87.

