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ORIGINAL RESEARCH

A Deep Learning Approach for R
Assessment of Regional Wall

Motion Abnormality From

Echocardiographic Images

Kenya Kusunose, MD, PuD, Takashi Abe, MD, PuD,” Akihiro Haga, PuD,“ Daiju Fukuda, MD, PuD,"
Hirotsugu Yamada, MD, PuD,? Masafumi Harada, MD, PuD,” Masataka Sata, MD, PuD?

ABSTRACT

OBJECTIVES This study investigated whether a deep convolutional neural network (DCNN) could provide improved
jional wall motion abnormalities RWMAs) and differentiate among groups of coronary infarction
es compared with that of cardiologists, sonogra-

detection of reg
‘territories from conventlonalz dlmensmnal echocardla
resident readers.

rap hic ima

phers, and

BACKGROUND An effective intervention for reduction of misreading of RWMAs is needed. The hypothesis was that a
DCNN trained using echocardiographic images would provide improved detection of RWMAs in the clinical setting.

METHOD 'Atotal of 300 patlents gth a history of myocardial infarction were enrolled. From this cohort, 3 groups of
g TR R [ the left anterior descending (LAD) artery, the left circumflex (LCX) branch, and the
right coronary artery (RCA). A total of 100 age-matched control patients with normal wall motion were selected from a
database. Each case contained cardiac ultrasonographs from short-axis views at end-diastolic, mid-systolic, and end-
systolic phases. After the DCNN underwent 100 steps of training, diagnostic accuracies were calculated from the test set.
Independently, 10 versions of the same model were trained, and ensemble predictions were performed using those

versions.
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Kusunose K, Abe T, Haga A, Fukuda D, Yamada H, Harada M, Sata M. A Deep Learning Approach for Assessment of Regional Wall
Motion Abnormality From Echocardiographic Images. JACC Cardiovasc Imaging. 2020 Feb;13(2 Pt 1):374-381.

doi: 10.1016/j.jcmg.2019.02.024. Epub 2019 May 15. PMID: 31103590.



CENTRAL ILLUSTRATION Neural Networks for the Presence of RWMASs and the Territory
of RWMAs
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Kusunose, K. et al. J Am Coll Cardiol Img. 2020;13(2):374-81.

The fully connected layers transform the image features into the final scores by adjusting weights for neuron activations during training.
Echo = echocardiography; End-D = end diastolic (phase); LAD = left anterior descending artery; LCX = left circumflex artery; Mid/End-S =
mid-/end systolic (phases); RCA = right coronary artery; RWMA = regional wall motion abnormality.

Kusunose K, Abe T, Haga A, Fukuda D, Yamada H, Harada M, Sata M. A Deep Learning Approach for Assessment of Regional Wall
Motion Abnormality From Echocardiographic Images. JACC Cardiovasc Imaging. 2020 Feb;13(2 Pt 1):374-381.
doi: 10.1016/j.jcmg.2019.02.024. Epub 2019 May 15. PMID: 31103590.



FIGURE 1 Import Data

Original Data: N = 400, 1200 images

Normal wall motion: N = 100 (300 images) Asynergy (OMI): N = 300 (900 images)

Training Data Testing Data
N =320 (960 images) N = 80 (240 images)
(80%) (20%)
Training Data Validation Data Testing Data
N = 256 (768 images) N = 64 (192 images) N = 80 (240 images)

(64%) (16%) (20%)

There were a total of 400 cases from which 1,200 images were split with 256 cases (786 images) as the training set, 64 cases (192 images) as
the validation set, and 80 cases (240 images) as the test set. OMI = old myocardial infarction.

Kusunose K, Abe T, Haga A, Fukuda D, Yamada H, Harada M, Sata M. A Deep Learning Approach for Assessment of Regional Wall
Motion Abnormality From Echocardiographic Images. JACC Cardiovasc Imaging. 2020 Feb;13(2 Pt 1):374-381.
doi: 10.1016/j.jcmg.2019.02.024. Epub 2019 May 15. PMID: 31103590.



FIGURE 3 Diagnostic Ability to Detect the Presence of
RWMAs

100 A
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- -~ ResNet: AUC: 0.97

---- DenseNet: AUC: 0.95
—— Inception-ResNet: AUC: 089

— — Inception: AUC: 0.90

Xception: AUC: 0.85

—— (Cardiologists/Sonographers: AUC: 0.95

The area under the curves by several deep learning algorithms
for detection of territories of wall motion abnormality were
good. AUC = area under the curve; ResNet = residual neural
network; other abbreviation as in Figure 2.

Kusunose K, Abe T, Haga A, Fukuda D, Yamada H, Harada M, Sata M. A Deep Learning Approach for Assessment of Regional Wall

Motion Abnormality From Echocardiographic Images. JACC Cardiovasc Imaging. 2020 Feb;13(2 Pt 1):374-381.
doi: 10.1016/j.jcmg.2019.02.024. Epub 2019 May 15. PMID: 31103590.
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Circulation

ORIGINAL RESEARCH ARTIGLE

Fully Automated Echocardiogram
Interpretation in Clinical Practice

Feasibility and Diagnostic Accuracy

Editorials, see p 1636 and p 1639

BACKGROUND: Automated cardiac image interpretation has the potential

to transform clinical practice in multiple ways, including enabling serial
assessment of cardiac function by nonexperts in primary care and rural settings.
We hypothesized that advances in computer vision could enable building a
fully automated, scalable analysis pipeline for echocardiogram interpretation,
including (1) view identification, (2) image segmentation, (3) quantification of
structure and funct|on and (4) disease detec‘uon

METHOD§ Usm orams' panning a 10-year period, we
trained an& evaa edral network models for multiple tasks,
including automated identification of 23 viewpoints and segmentation of cardiac
chambers across 5 common views. The segmentation output was used to
quantify chamber volumes and left ventricular mass, determine ejection fraction,
and facilitate automated determination of longitudinal strain through speckle
tracking. Results were evaluated through comparison to manual segmentation
and measurements from 8666 echocardiograms obtained during the routine
clinical workflow. Finally, we developed models to detect 3 diseases: hypertrophic
cardiomyopathy, cardiac amyloid, and pulmonary arterial hypertension.
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Zhang J, Gajjala S, Agrawal P, Tison GH, Hallock LA, Beussink-Nelson L, Lassen MH, Fan E, Aras MA, Jordan C, Fleischmann KE, Melisko M,
Qasim A, Shah SJ, Bajcsy R, Deo RC. Fully Automated Echocardiogram Interpretation in Clinical Practice. Circulation. 2018 Oct
16;138(16):1623-1635. doi: 10.1161/CIRCULATIONAHA.118.034338. PMID: 30354459; PMCID: PMC6200386.



Image Ground CNN Image Ground CNN
Truth Truth

Figure 3. Convolutional neural networks successfully segment cardiac chambers.

We used the U-net algorithm to derive segmentation models for 5 views: A2c, A3c, A4c (left: top, middle, and bottom, respectively), parasternal short axis at the
level of the papillary muscle (right, middle), and PLAX (right, bottom). For each view, the trio of images, from left to right, corresponds to the original image, the
manually traced image used in training (ground truth), and the automated segmented image (determined as part of the cross-validation process). A2c indicates
apical 2-chamber; A3c, apical 3-chamber; A4dc, apical 4-chamber; CNN, convolutional neural network; and PLAX, parasternal long axis.

Zhang J, Gajjala S, Agrawal P, Tison GH, Hallock LA, Beussink-Nelson L, Lassen MH, Fan E, Aras MA, Jordan C, Fleischmann KE, Melisko M,
Qasim A, Shah SJ, Bajcsy R, Deo RC. Fully Automated Echocardiogram Interpretation in Clinical Practice. Circulation. 2018 Oct
16;138(16):1623-1635. doi: 10.1161/CIRCULATIONAHA.118.034338. PMID: 30354459; PMCID: PMC6200386.
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Figure 2. Convolutional neural networks successfully discriminate echocardiographic views.

A, t-Distributed Stochastic Neighbor Embedding (t-SNE) visualization of view classification. t-SNE is an algorithm used to visualize high-dimensional data in lower
dimensions. It depicts the successful grouping of test images corresponding to 23 different echocardiographic views. Echocardiographic still images indicate the
distinct clustering of images of Adc views without occlusions and those with occlusion of the left atrium. B, Confusion matrix demonstrating successful and unsuc-
cessful view classifications within the test data set. Numbers along the diagonal represent successful classifications, whereas off-diagonal entries are misclassifica-
tions. A2c indicates apical 2-chamber; A3c, apical 3-chamber; A4c, apical 4-chamber; echo, echocardiogram; LV, left ventricular; and PLAX, parasternal long axis.

Zhang J, Gajjala S, Agrawal P, Tison GH, Hallock LA, Beussink-Nelson L, Lassen MH, Fan E, Aras MA, Jordan C, Fleischmann KE, Melisko M,
Qasim A, Shah SJ, Bajcsy R, Deo RC. Fully Automated Echocardiogram Interpretation in Clinical Practice. Circulation. 2018 Oct
16;138(16):1623-1635. doi: 10.1161/CIRCULATIONAHA.118.034338. PMID: 30354459; PMCID: PMC6200386.
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A, t-Distributed Stochastic Neighbor Embedding (t-SNE) visualization of view classification. t-SNE is an algorithm used to visualize high-dimensional data in lower
dimensions. It depicts the successful grouping of test images corresponding to 23 different echocardiographic views. Echocardiographic still images indicate the
distinct clustering of images of Adc views without occlusions and those with occlusion of the left atrium. B, Confusion matrix demonstrating successful and unsuc-
cessful view classifications within the test data set. Numbers along the diagonal represent successful classifications, whereas off-diagonal entries are misclassifica-
tions. A2c indicates apical 2-chamber; A3c, apical 3-chamber; A4c, apical 4-chamber; echo, echocardiogram; LV, left ventricular; and PLAX, parasternal long axis.
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class Net(nn.Module):

def __init__(self):
super (Net, self).__init__()
self.convl = nn.Conv2d(3, 16, kernel_size=3, padding=1) # 32x32x3ch -> 16x16x16
self.conv2 = nn.Conv2d(16, 8, kernel_size=3, padding=1) # 16x16x16 -> 8x8x8
self.fcl = nn.Linear(8 * 8 * 8, 32) # 8x8x8 -> 32
self.fc2 = nn.Linear (32, 2) # 32 -> 2

def forward(self, x):
out = F.max_pool2d(torch.relu(self.convl(x)), 2)
out = F.max_pool2d(torch.relu(self.conv2(out)), 2)
out = out.view(-1, 8 * 8 * 8)
out = torch.tanh(self.fcl(out))
out = self.fc2(out)
return out

32
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class Net(nn.Module):

def

__init__(self):

self).__init__()

= nn.Conv2d(3, 16, kernel_size=3, padding=1)
= nn.Conv2d(16, 8, kernel_size=3, padding=1)
nn.Linear(8 * 8 * 8, 32)

nn.Linear (32, 2)

super (Net,
self.convl
self.conv2
self.fcl
self.fc2

akm = & < &5
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class Net(nn.Module):

def

def

__dnit__(self):

super (Net, self).__init__()

self.convl = nn.Conv2d(3, 16, kernel_size=3, padding=1)
self.conv2 = nn.Conv2d(16, 8, kernel_size=3, padding=1)

self.fcl = nn.Linear(8 * 8 * 8, 32) =
self.fc2 = nn.Linear (32, 2) gBI:IIJ%%(gBﬁ

forward(self, x):

out = F.max_pool2d(torch.relu(self.convl(x)), 2)
out = F.max_pool2d(torch.relu(self.conv2(out)), 2)
out = out.view(-1, 8 * 8 * 8)

out = torch.tanh(self.fcl(out))

out = self.fc2(out)

return out
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¥  EBEFTOILEDICIE requires grad = TrveTESDEN HYFT
¥ COFECIRNTEFIITCEET

for name, param in model ft.named parameters():

¥ printinane)

¥ printparamn

print (name, param.requires_grad)

convl.weight True
bnl.weight True
bnl.bias True

ayer
ayver
ayver

ayer
ayer

aver

O.convl.weight True
1.0.bnl.weight True
|.0.bnl.bias True
O.convZ.weight True
|.0.bnZ.weight True
1.0.bnZ.bias True
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¥ COD22FFFET HlixFailselllli LR

7 print (model ft.fc.weight.requires _grad)
7 print(model ft.fc.bias.requires_grad)

True
True

¥ OGO TLEF Falselc L FT

7 for name, param in model ft.named parameters():

param.requires_grad = False

¥ A SNGIseICh 2L DT

? for name, param in model ft.named parameters():

print (name, param.requires_grad)

convl.weight False
bnl.weight False

bnl.hias False
layer!l.0.convl.weight False
layer!.0.bnl.weight False

layer!.0.bnl.bias False
laverl N.conv? weisht Falee

False
False

True
True

¥ D22 EFEETT I a/seDkLITT
print (model ft.fc.weight.requires_grad)
print (model ft.fc.bias.requires_grad)

¥ GO TTruelc L THIFFET
model ft.fc.weight.requires grad=True
model ft.fc.bias.requires _grad=True

¥ BEI/ICTruelVELE

print (model ft.fc.weight.requires_grad)
print (model ft.fc.bias.requires_grad)
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U-Net: Convolutional Networks for Biomedical
Image Segmentation

Olaf Ronneberger, Philipp Fischer, and Thomas Brox

Computer Science Department and BIOSS Centre for Biological Signalling Studies,
University of Freiburg, Germany
ronneber@informatik.uni-freiburg.de,

WWW home page: http://1mb. informatik.uni-freiburg.de/

Abstract. There is large consent that successful training of deep net-
works requires many thousand annotated training samples. In this pa-
per, we present a network and training strategy that relies on the strong
use of data augmentation to use the available annotated samples more
efficientlv. The architecture consists of a contracting path to capture

https://arxiv.org/pdf/1505.04597.pdf
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Fig. 1. U-net architecture (example for 32x32 pixels in the lowest resolution). Each blue
box corresponds to a multi-channel feature map. The number of channels is denoted
on top of the box. The x-y-size is provided at the lower left edge of the box. White

boxes represent copied feature maps. The arrows denote the different operations.

https://arxiv.org/pdf/1505.04597.pdf



Fig. 2. Overlap-tile strategy for seamless segmentation of arbitrary large images (here
segmentation of neuronal structures in EM stacks). Prediction of the segmentation in
the yellow area, requires image data within the blue area as input. Missing input data

is extrapolated by mirroring

https://arxiv.org/pdf/1505.04597.pdf



Fig. 3. HeLa cells on glass recorded with DIC (differential interference contrast) mi-
croscopy. (a) raw image. (b) overlay with ground truth segmentation. Different colors
indicate different instances of the HeLa cells. (c) generated segmentation mask (white:
foreground, black: background). (d) map with a pixel-wise loss weight to force the
network to learn the border pixels.

https://arxiv.org/pdf/1505.04597.pdf




Fig. 4. Result on the ISBI cell tracking challenge. (a) part of an input image of the
“PhC-U373” data set. (b) Segmentation result (cyan mask) with manual ground truth
(yellow border) (c) input image of the “DIC-HeLa” data set. (d) Segmentation result
(random colored masks) with manual ground truth (yellow border).

https://arxiv.org/pdf/1505.04597.pdf
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“GrabCut” — Interactive Foreground Extraction using Iterated Graph Cuts

Carsten Rother®

Vladimir Kolmogorov'
Microsoft Research Cambridge, UK

Andrew Blake*

Figure 1: Three examples of GrabCut. The user drags a rectangle loosely around an object. The object 1s then extracted automatically.

Abstract

The problem of efficient, interactive foreground/background seg-
mentation n still images 1s of great practical importance in 1im-
age editing. Classical image segmentation tools use either texture
(colour) information, e.g. Magic Wand, or edge (contrast) infor-
mation, ¢.g. Intelligent Scissors. Recently, an approach based on
optimization by graph-cut has been developed which successfully
combines both types of information. In this paper we extend the
graph-cut approach in three respects. First, we have developed a
more powerful, iterative version of the optimisation. Secondly, the
power of the iterative algorithm is used to simplify substantially the

free of colour bleeding from the source background. In general,
degrees of interactive effort range from editing individual pixels, at
the labour-intensive extreme, to merely touching foreground and/or
background in a few locations.

1.1 Previous approaches to interactive matting

In the following we describe briefly and compare several state of
the art interactive tools for segmentation: Magic Wand, Intelligent
Scissors, Graph Cut and Level Sets and for matung: Bayes Matting
and Knockout. Fig. 2 shows their results on a matting task, together
with degree of user interaction required to achieve those results.

https://dl.acm.org/doi/10.1145/1186562.1015720




Magic Wand Intelligent Scissors Bayes Matte Knockout 2 Graph cut GrabCut
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Figure 2: Comparison of some matting and segmentation tools. The top row shows the user interaction required to complete the segmenta-
tion or matting process: white brush/lasso (foreground), red brush/lasso (background), yellow crosses (boundary). The bottom row illustrates
the resulting segmentation. GrabCut appears to outperform the other approaches both in terms of the simplicity of user input and the quality
of results. Original images on the top row are displayed with reduced intensity to facilitate overlay; see fig. 1. for original. Note that our
implementation of Graph Cut [Boykov and Jolly 2001] uses colour mixture models instead of grey value histograms.

https://dl.acm.org/doi/10.1145/1186562.1015720
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Figure 8: Results using GrabCut . The first row shows the original images with superimposed user input (red rectangle). The second row
displays all user interactions: red (background brush), white (foreground brush) and yellow (matting brush). The degree of user interaction
increases from left to right. The results obtained by GrabCut are visualized in the third row. The last row shows zoomed portions of the
respective result which documents that the recovered alpha mattes are smooth and free of background bleeding.

https://dl.acm.org/doi/10.1145/1186562.1015720
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loU (Jaccard) = TP/(TP+FP+FN)

Precision = TP/(TP+FP)
Recall = TP/(TP+TN)
F1(Dice) = 2/{1/Precision + 1/ Recall} = 2TP/(2TP+FP+FN)
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Intersection-over-Union (lolU) = —————_—_—_—
(Jaccard index) ‘
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(Jaccard index) | A L B|
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Seorensen-Dice index =

Simpson coefficient =

(Overl fficient) :
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loU < Dice < Simpson
2O0%EAD, EEa0Es |[AUB| =0
loU = Dice = Simpson =0
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loU # 1, Dice # 1, Simpson = 1
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