Radiology:Cardiothoracic Imaging [

Radiomics in Cardiac MRI: Sisyphean Struggle or Close to

the Summit of Olympus?
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“Everything that can be counted, does not necessarily
count; everything that counts, cannot necessarily be
counted.”

— Albert Einstein (1879-1955)

he putative aim of radiomics—sometimes also referred
Tto as texture analysis—is to detect and quantify features
in images, most often not visible to the human eye, that
represent the underlying biology and pathophysiology.
Quantitative analysis of gray-scale pixel values, as well as
their arrangement, may hold important clues about the
pathophysiologic processes taking place in living tissues
and organs, and their study is expected to become an im-
portant adjunct to qualitative visual image interpretation
in the diagnosis and prognosis of various diseases. To date,
most of the radiomics studies have used CT images in pa-
tients with various types of malignancies as input. For ex-
ample, investigators have found that radiomic features can
be used with considerable success to differentiate benign
from malignant pulmonary nodules and local recurrence
from radiation therapy—induced damage (1). In contrast,
relatively little work has been done in cardiac imaging, al-
though encouraging studies on radiomics of atherosclerotic
plaques (2) and pericoronary fat (3) have highlighted the
potential of radiomics to obtain important and action-
able insights about cardiovascular diseases. Even less has
been published on radiomics in cardiac MRI, and impor-
tant questions remain regarding if, when, and in which
patients radiomic analyses add clinical value. One of the
most important issues in this regard is the reproducibil-
ity of radiomics. Reproducibility is especially important
in MRI because of the unique MR image acquisition and
formation process, which involves hundreds of modifiable
parameters, many of which influence image appearance.
Human observers are highly skilled at filtering out the re-
sulting small variations in signal intensity that influence

image contrast, texture, and delineation of anatomic de-
tails. However, these same variations can lead to detection
of spurious radiomics features that have no underlying
biologic correlate. To what extent this hampers applica-
tion of radiomics in clinical cardiac MRI is an important
knowledge gap.

The study by Jang et al (4), featured in this issue of Ra-
diology: Cardiothoracic Imaging, is an important attempt
to address this problem. To better understand the repro-
ducibility of radiomics of cardiac MRI, several insightful
experiments were carried out with a 3-T MRI unit of a
single vendor using multiple commonly used sequences in
cardiac MRI such as cine imaging, T1- and T2-weighted
imaging, as well as quantitative T1 and T2 mapping. A
phantom consisting of four different types of fruit, as well
as 10 healthy participants and 51 patients referred for
cardiac MRI for various clinical indications, were stud-
ied. The investigators also performed test-retest experi-
ments for the phantom as well as the healthy participants
and patients. Healthy participants were reimaged within
a 2-week period. Patients were reimaged in the same ses-
sion after all clinically required sequences were performed.
To investigate interobserver variation, data were analyzed
by three readers. For each imaging sequence and time
point, 1023 radiomics features were calculated by using
the PyRadiomics package. Eleven image filters and six
feature families were applied. Results were reported ac-
cording to the reporting guidelines recommended by the
Image Biomarker Standardization Initiative (IBSI). IBSI
is an international collaboration that works toward better
understanding the sources of variation in radiomics with
the goal of working toward a standardized and validated
radiomics toolbox for different imaging modalities (5). The
main findings of the study were that only a small minor-
ity of cardiac MRI radiomic features are reproducible—
typically less than approximately 10%-15%, especially
between different scanning sessions—and that the exact
set of features that can be considered reproducible varies
by sequence. These findings are not surprising. It has long
been known that MR image appearance can vary as a func-
tion of many variables encountered in the MRI acquisition
and image reconstruction process. A nonexhaustive list of
important factors, independent of the underlying patho-
physiology, that are known to affect MR image appearance
and therefore likely to influence the reproducibility of ra-
diomics are (z) the specific brand and type of scanner, (4)
the field strength, (¢) the type of pulse sequence used, ()
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the k-space sampling strategy (eg, Cartesian vs radial sampling),
(¢) the specific k-space undersampling strategy (eg, sensitivity
encoding vs compressed sensing vs fingerprinting or multitask-
ing), (f) choice of spatial resolution, (g) image reconstruction
settings, including any filters and interpolation schemes used to
alter image appearance, and (%) presence of artifacts (eg, due to
arrhythmia or susceptibility).

Furthermore, the specific radiomics software package used
may influence the results. Other factors that are specific for car-
diac MRI include manual versus machine learning—based con-
touring of the ventricular myocardium and whether contrast
agent was administered.

The strengths of this study were the amount and detail of
work aimed to investigate reproducibility in phantoms, healthy
participants, and patients. Furthermore, the investigators are to
be commended for making available both the data as well as the
software code to other investigators. The obvious limitation of
the study was that just one MRI system operating at a magnetic
field strength of 3.0 T from a single vendor was studied. Also,
because of the small sample size, a comparison of the value of ra-
diomics between different disease entities was not possible. More
work is therefore needed to understand the reproducibility of
cardiac MRI radiomics at different field strengths, as well as with
different types of MRI machines from different vendors and in
different disease entities.

Does this mean that radiomics in cardiac MRI is a futile
pursuit? Probably not. There is preliminary evidence that clini-
cally relevant manifestations of disease can be detected with car-
diac radiomics. Baessler et al demonstrated that radiomics can
identify the presence and transmurality of myocardial scar from
non—contrast-enhanced cine images with high accuracy (6), and
that it is capable of detecting myocardial tissue alterations from
native T1 maps in the setting of hypertrophic cardiomyopathy
with excellent accuracy (7). These findings underscore that even
if just a small percentage of radiomic features are reproduc-
ible, the technique can have a big clinical impact. On the other
hand, efforts to standardize MRI acquisition, reconstruction,
postprocessing, and analysis will be needed to bring radiomics
to routine clinical cardiac MRI. Another crucial part of good
radiomics practices is appropriate use of statistics to avoid over-
fitting and false-positive findings. Techniques such as cluster
analysis and principal component analysis including advanced
versions such as #-stochastic neighbor embedding (+~-SNE) (8)
are especially important to visualize high-dimensional data and
to identify redundant features. In this regard, it is also important
to underscore that current radiomics software packages contain
large libraries of pre-engineered features. It will be interesting to
see how deep learning with its capability of identifying struc-
ture in data without prespecifying the features to look for can
be exploited to find additional clinically relevant patterns in ra-
diomics data.

So, where are we now with radiomics in cardiac MRI and
what is needed to bring it to clinical practice? The key to

successful deployment is to identify canonical features of disease
irrespective of the settings used above. In addition to following
the IBSI recommendations, there are a number of additional
ways to achieve this aim. First, it is important to make large data
sets with known ground truth publicly available. This enables
different groups of researchers to benchmark their results against
one another. Conversely, it is of paramount importance that
promising radiomic markers are validated in independent data
sets that accurately represent the variety in image appearance one
is likely to encounter across different machines, hospitals, and
clinical settings. Finally, investigators should be encouraged to
make the source code of their algorithms openly available. This
not only promotes transparency about how an algorithm works,
but it also allows other investigators to independently study how
a particular algorithm performs in different settings.

In summary, Jang et al have performed an important study
in the reproducibility of radiomics in cardiac MRI. This field
is in its infancy, and their findings underscore the need for fur-
ther standardization of cardiac MR image acquisition, postpro-
cessing, and image analysis as well as the need for large publicly
available data sets. There is a long climb ahead, but the view from
the summit will be magnificent.
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