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1 Al Innovation Research Project (2018-2021) M2V

FEFMAILFTE L Y B %35 (107-110)
® supported by the Al Innovation Research Program of

| -3 Ministry of Science and Technology (MOST)
® Automated Breast Ultrasound Computer-aided

. Detection and Diagnosis Using Deep Learning
;“"f“’f”*' — Co-PI: Dr. Huang, and Dr. Chang
Univers| voLo Faster-RCNN Focal Loss U-Net AlexNet GoogleNet VGG

Texture

ABUS DL System

DICOM Server

2D BUS Cloud System

Deep Learning
CAD

Amazon Web Services
(AWS),
Microsoft Azure,
B Al Z 2hazoes
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‘J Technology Development Program for
s Academic (TDPA, 2011-2014)

= ® This TDPA project was supported by the
J’;) Ministry of Economic Affairs (MOEA) to develop

— a CADe system for ABUS
@ — a CADx system for B-mode US/elastography
i — breast US GPS/recoding System

=
g

g

niversity

® The Co-Pls are Dr. Chou from VGH, Dr. Huang,
and Dr. Chang from NTUH.

® 25 international journals and 12 international
conference papers
— Three IEEE Trans. Ml papers have been published.
® The CADe and CADx systems have been

transferred to TaiHao Medical Inc.
(http:/[tathaomed.com/)
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_1 ~Automated Breast US
7 Viewing System

® developed by NTU has been transferred to TaiHao Medical

Inc, Taiwan.
v’ 2016 FDA- K151075, BR-ABVS Viewer 1.0

v 2017 TFDA- 2% F £ ¥ 005760%(BR-Viewer), 2018 % 006147%.(BR-Viewer 1.2)

Taiwan ® to assist the physician to visualize 3-D ABUS images.

nfiereiy ® Changhua Christian Hospital, Taiwan will use this system
with CADe for dense breast screening.
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e

Free-hand Whole Breast US
Smart System

-3® developed by NTU has been transferred to
- TaiHao Medical Inc, Taiwan.
v' 2017 FDA Approvals

v' K171309 BR-FHUS Navigation 1.0

National v' K171709 BR-FHUS Viewer 1.0
Taiwan v/ 2018 TFDA Approval
Urlwerﬁit','

v ?i‘*‘%"? ® % % 005966%L(BR-FHUS Navigation 1.0, BR-FHUS Viewer 1.0)

® indicated for use to alert sonographer of
possible missing area during breast screening
and assists radiologists to review 2-D breast
ultrasound images efficiently
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- Collaboration with Japanese 3

g_)Company
= ® Our collaboration with a Japanese company
J’;) focuses on medical Al

® They have invested the TaiHao Medical Inc,
L Taiwan

TaFWBH

University .
® Also signed a 10- year agency agreement for
the free-hand whole breast US smart system

® They begin to apply for the Japan PMDA
regulation
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CNN vs. NN

” ® Conventional CAD
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Neural Network

® CNN CAD

\\hv‘“ﬂ"//

3
5
1|

Convolutional Neural Network °.



http://www.ntu.edu.tw/chinese/PageN.php

® Tumor RO, _tumor shape, and tumor

,_) region

Performance
| o Method Depth —— P
?amnai “ P Accuracy Sensitivity Specificity
i 88.72% 83.78% 92.59%
Ul'h"."{?'l'ﬁ!
ty VGG 16 (299/337) (124/148) (175/189)
— . 86.05% 80.41% 90.48%
(290/337) (119/148) (171/189)
86.65% 81.76% 90.48%
ResNet g (292/337) (121/148) (171/189)
86.05% 86.49% 85.71%
ResNet 20 (290/337) (128/148) (162/189)
86.05% 84.46% 87.30%
ResNet — (290/337) (125/148) (165/189)
87.83% 89.19% 86.77%
DenseNet 40 (296/337) (132/148) (164/189)
89.32% 87.84% 90.48%
DenseNet 121 (301/337) (130/148) (171/189) 5
(V) (1) o
SN -— 90.80% 89.86% 91.53% >

(306/337) (133/148) (173/189) ma
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-1 Comparison of Different'2’
_ Image Types

_|®
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86.35 77.70 93.12
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1

DenseNet-121

89.84 83.33

(291/337) (115/148) (176/189)
87.24 83.11 90.48
DenseNet-40 2 (294/337) (123/148) (171/189) 87.23 85.12
) 84.27 81.08 86.77
Hetinils 3 (284/337) (120/148) (164/189) OS>’ 2ok
DenseNet-161 4 S e Slate 89.26 89.56

(306/337) (133/148) (173/189)
1
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CNN Experiments

®1,512 tumors from 1,227 cases
s:) — 477 malignant tumors and 1,035 benign

J. tumors

Nationst @

@ The methods have the same
performance statistically (all p-values
> 0.05)

Wethod | uc_ | accp) | seNs(o | sPecid

. 83.73 74.00 88.21
CNN (VGG-Lite) 0.91 (1266/1512)  (353/477)  (913/1035)
0.90 83.60 75.47 87.34
' (1264/1512)  (360/477)  (904/1035)
) 84.39 73.38 89.47
VGG-Lite + RANK 0.92 (1276/1512)  (350/477)  (926/1035) 1
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_j Distant Metastasis Prediction'=”
J ® Distant metastasis: 147 cases
s-)o Control group: 147 cases

15 pixels 20 pixels

Accuracy [%] Sensitivity [%] Specificity [%]
Tumor 78.8 +4.2 89.6 + 10 69.6 + 11.2
Peritumor 20 px 84.4+5.7 91.2 +5.2 78.6 + 8.9
Peritumor 15 px 84.8 +3.5 88.8+5.2 81.3+7.1

12
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Detection and Segmentation

Average dice coefficient = 0.851 RN TE Y e
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National
Taiwan
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® Two 3-D CNNSs, texture CNN

and shape CNN, with different
architecture were used to 3D ABUS Image
obtain the texture and the

morphology features.
VOI Extraction

® The input of the shape CNN

was the mask image of the VOI Segmentation
generated from the fully by FCN
convolutional network (FCN).
Texture CNN and Shape
CNN
® Then, the features extracted
from the two CNNs were "

concatenated as the input of
an artificial neural network

(NN) for classification. B 5 & Wk
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expansion path.

contracting path.

® FCN contains contracting path and

— Contracting path is the typical architecture
of a convolution network.

— Expansion path is for increasing the
resolution of the feature maps from

I
|

Contracting path i

64 64

Expansion path

256 256
|

512 51

Conv, ReLU
Max-pooling
Up-pooling
Conv, Sigmoid
Copy
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.3 CNN Fe

ature Extraction'”

J_ ® Two different structured CNN models
o With Texture CNN and Shape CNN

....................

Texture [Texture Maps| shape Shape Maps ——
CN N : axPoolin

CNN

Concatenated Features

NN
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Experiments )

gJOA total of 77 tumors from 74 patients

™ (age: 50.06+13.9)
J") — 35 benign tumors (size: 12.1+8.92 mm)
— 42 malignhant tumors (size: 13.0+7.4 mm)

n..  ®Compared with the previous
k handcrafted features using the
proposed classification NN model.

Accuracy(%) Sensitivity(%) Specificity(%) PPV(%) NPV(%)

: 75.32 83.33 65.71 74.46  76.66

GLCM + Ranklet + Ellipse 0,2 (35/42) (23/35)  (35/47) (23/30)
Te"t”:e il 85.71 92.85 77.14 82.97  90.00
(66/77) (39/42) (27/35)  (39/47) (27/30

Shape CNN

17
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Lk - Our Previous |IEEE TMI ABUS Works

»® Computer-Aided Tumor Detection Based on Multi-

Scale Blob Detection Algorithm in Automated Breast
J,.:) Ultrasound Images

— |EEE Transactions on Medical Imaging, vol. 32, no. 7, pp.
1191-1200, July 2013.

ey @ Multi-dimensional tumor detection in automated whole
breast ultrasound using topographic watershed

— |EEE Transactions on Medical Imaging, vol. 33, no. 7, pp.
1503-1511, July 2014.

® Tumor Detection in Automated Breast Ultrasound
Using 3-D CNN and Prioritized Candidate Aggregation

— |EEE Transactions on Medical Imaging, vol. 38, no. 1, pp.
240-249, Jan 2019.

| 7.816
2016 1F=3.942 => 2018 7.816
18
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@’JO The sliding window approach with a fixed
J}__';) size window M and the shift step M/2 Is

employed for VOI extraction.
@ @ Inorderto detect tumors with different
e sizes, three different window sizes {M = 20,
Universiy 25, 35 mm} are used.

" g I
: R #

Shift step: M /2

Extracted gSee=
VOIs &
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.4 ,3-D Tumor Detection CNN

S @ The ensemble method is proposed
o for combining

2 — The simplified 3-D VGG-16
National
s, — The 3-D densely connected

convolutional network (DenseNet)

Input — Weight Output
The simplified 3-D o
E VGG-16 Averaging , O1— Tumor
. Ensemble (O+1— Background
Gl 3-D DenseNet 0.5

20
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_{ Focal Loss for Data Imbalance -

¥ ® There are 3,000-4,500 VOIs generated from
- an ABUS image, but only 3-5 VOIs covers or
J’;) overlaps with the tumor volumes.

— That Is, compared to the background samples,
o O the number of tumor samples is too small.

® This data imbalance problem will be
encountered during training and cause
Inefficient training and model degeneration.

® Therefore, the focal loss Is adopted as the
loss function in our networks.

FL(py) = -0 (1- p)? log(py)

— During training, the focal loss with y = 2 and a,
= 0.25 Is adopted in both the simplified 3-D
VGG-16 and 3-D DenseNet.

21
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.1 Experimental Results

@JOGE ABUS images from Seoul National
J,_.:) University Hospital are used in this

study
- 9 — 246 cases
University « Each case consists of 4-6 passes

— 333 pathology-proven tumors
e 254 malignant and 79 benign tumors.
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P ® Comparison of tumor detection with or without
W =, focal loss function at various sensitivity
j_-) — 3-D DenseNet is better than 3-D simplified VGG-16

— Focus Loss can reduce the FP numbers

e — Ensemble of two CNNs can reduce the FP numbers
Talwar:
it 2019 IEEE TMI paper FPs per pass (case)
3-D simplified VGG-16 3-D DenseNet Proposed
Sensitivity (%)
Cross Entropy Focal Loss  Cross Entropy Focal Loss Ensemble
84.8 12.7 (74.7) 9.4 (54.8) 4.9 (28.9) 4.2 (24.6) 3.7 (21.7)
90.9 19.6 (114.8) 15.6 (91.2) 9.8 (57.4) 5.5 (32.4) 4.6 (27.1)
95.3 36.4 (214) 34.3 (201.4) 16.3 (95.6) 13.9 (81.2) 6.0 (34.8)
98.1 69.8 (410.3) 42.3 (248.4) 32.7 (192.2) 19.9(116.8) 15.7 (91.4)
100.0 - - - - 21.6 (126. 2) 23
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Object Detection

- ® Object Detection
s =Object Localization + Feature Extraction +Image
« Classification

vw.. ® Two-stage vs One-stage
Taiw,

Usi » Two-stage = Region Proposal + Recognition
» R-CNN, fast R-CNN, faster R-CNN

» One-stage: YOLO (You only look once),
Single Shot Detector (SSD)

Classification Instance
Segmentation

Classification | Localization Object Detection

Multiple objects
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® YOLOvV3

" =)® Feature pyramid network (FPN)
— Multi scale for different tumor sizes

® The execution time is extremely fast (<1 second)

Notonss @ — Predicts with one take (640x160x640), instead of sliding
Taiwan window method
s — GeForce RTX 2080 Ti graphic card
_“““i _______ ;; > __prediction E
: —— [ prediction |

1

1 [}

1 1

1 4 11 _ ]
1 y £ 1] e

: = i / —*| prediction |!
e Al :
1 y Al | |

b b G o b
Original Image F:;E.:," Catput 2
Lpsnmpling 5‘,:“‘ * ’
YOLOv3 FPN “‘" |
Ipﬁmmlmgg‘i_m‘
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e Sun Yat-sen University Cancer Center, Guangzhou,

China, 523 tumors from 258 patients
o Sensitivity: 95%, FPs/Pass: 2.6

False positives per pass

Sensitivity _
(%) Proposed Chiang et al
Overall S M L |Overall S M L
70 0.3 0.4 0.2 0.3 22.5 27.4 6.6
76 0.4 0.6 0.3 0.4 38.2 88.8 - 9.7
81 0.5 0.8 0.8 0.5 59.1 59.1 13.6
85 0.7 1.5 0.5 0.6 176.1 88.8 20.2
90 1.3 2.4 1.1 1.1 127.0 243.7 1271 30.7
o5 — '—3.—9 T I8 T 29|61 - Ir6iT 888 |
98 .6 34.3 3.8 34.3 - 176.1
100 - 46.7 29.4 - - -
Execution | @ 0—————— =T ——— — — —
_ | 08s 11s | :
timeperpass| = @ — T — — — — — | —————— 2



http://www.ntu.edu.tw/chinese/PageN.php

3 D L un g CT CA D :;532'-:?:;,;.;*,-‘.“?';:

® YOLO and Capsule networks

- 1186 nodules from 888 CT
scans

® Sensitivity: 96.1%, FPs/Scan: 8

Naﬁnnal

Taiwan ® FR-% '4__—_%'; ;i“‘ £

Univers ity

°* FHIZTHALL

CT G
ConvCaps e T I R T a1 PA L
Feature Output 1 : B

»CN » Conv. » '

Featu re
ConvCaps. Output 2
psampig »cOnv.»'

Feature  ConvCaps
map Output 3

Upsampling »Convg
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Breast Tumor Biomarker =
Analysis for DCE-MRI

® 102 cases from National Taiwan University Hospital

- ER:
* ER Positive: 59
* ER Negative: 43

National « Accuracy: 74.5%
Taiwan - PR:
University * PR Positive: 38 ER-/HER2+

* PR Negative: 64
* Accuracy: 72.5%

— HER2:

e HER2 Positive: 47
» HER2 Negative: 55
 Accuracy: 84.3%

— TNBC: (ER- /PR-/ HER2-)
e TNBC Positive: 22
 TNBC Negative: 80
« Accuracy: 78.4% flatten ER+ / HER2-

SN\~
)\
O 4}(

=

Input Convlutionl  Convlution2 Convlution3 Convlution4 Max
32 x 32 32 kernels 64 kernels 64 kernels 72 kernels poolin 256 256 2
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3 | | T— ™
o @
National J

Taiwan
University
B CT image with EGFR+ - CT image with EGFR- .
Lo ) senstry 09 spesicny 9] PRV 09| NPV )
DL Method 78.5 77.6 79.4 78.8 78.3

Convolutipnal Max Pooling Convolutional

Layer
Layer N\ Y Fully

/' connected

Feature Extractor Classification LA
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-

Prostate Cancer Regions Detection in
Whole-slide Pathology Image
Multi-resolution

N ¥
DenseNet
National - -~
Taiwan
o Color Tissue Malignant
H&E Image Normalization Segmentation e

Accuracy Sensitivity Specificity PPV
90.0 97.8 83.9

Proposed o o 96.6

System
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