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Overview

Background

Radiology imaging applications

Data mining radiology reports and images
Challenges and pitfalls

We’ve Entered the Deep Learning Era

» Hand-crafted features less important
* Large annotated datasets more important

» Impact: More and varied researchers can
contribute, accelerating pace of progress

Deep Learning

Convolutional neural networks (ConvNets)

An improvement to neural networks

More layers permit higher levels of abstraction
Similarities to low level vision processing in animals

Marked improvements in solving hard problems like
object recognition in pictures
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JAMA | Original Investigation | INNOVATIONS IN HEALTH CARE DELIVERY

Development and Validation of a Deep Learning Algorithm
for Detection of Diabetic Retinopathy

in Retinal Fundus Photographs

I

] ErPACS-1 AU 39,15 95 L3R IN-9. %

Gulshan et al., JAMA 2016 [
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Mastering the game of Go with deep
neural networks and tree search

Silver et al., Nature 2016

Deep Learning Improves CAD

Dataset # Patients  # Targets

sclerotic lesions 59 532
lymph nodes 176 983
colonic polyps 1,186 252

Dataset Sensitivity!  Sensitivity?

sclerotic lesions 57% T0%
lymph nodes 43% 7%
colonic polyps;= =tmm) 58% 5%
colonic polyps;> =10mm) 92% 98%

Summers et al. Gastroenterology 2005; Roth et al. IEEE TMI 2015
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Deep Lea g prove 2\D)
Dataset # Patients  # Targets :
sclerotic lesions 59 532
lymph nodes 176 983
colonic polyps 1,186 252
Dataset Sensitivity!  Sensitivity? AUC!  AUC?
sclerotic lesions 57% T0% nfa 0.83
lymph nodes 43% 1% 0.76 0.94
colonic polyps==smm 58% 5% 0.79 0.82
calonic Polyps=imm 925 98% 094 099

* 90 CTs with
=l ) 388 mediastinal

LNs

» 86 CTs with

595 abdominal

LNs

« Sensitivities

scales 30 :;r;slln‘:lnns ilzr;zl::o:s 70%/83% at 3
; FP/vol. and

849%/90% at 6

FP/vol.,
respectively

H Roth et al., MICCAI 2014

Citariet

» Deeper CNN model performed best
» GoogLeNet for mediastinal LNs
* Sensitivity 85% at 3 FP/vol.

HC Shin et al., IEEE TMI 2016




I Nogues et al. RSNA 2016

Lymph Node CT Dataset
doi.org/10.7937/K9/TCIA.2015.AQIIDCNM
TCIA CT Lymph Node
176 scans, 58 GB
Also: annotations, candidates, masks

Pancreas CAD using CNN

H Roth et al., MICCAI 2016
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Pancreas CT Dataset
* doi.org/10.7937/K9/TCIA.2016.tNB1kgBU
* TCIA CT Pancreas
* 82 scans, 10 GB

Segmentation Label Propagation
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Manual labels

- ) Fully Connected
Constraints  Conditional
Random Field
(CRF)

Lung region
Gao et al. IEEE ISBI 2016

Original
labels

Propagated
labels

Verified
labels

Gao et al. IEEE ISBI 2016
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Colitis CAD

Wei et al. SPIE, ISBI 2013

Colitis CAD

3. Compute CNN features 4. Classify regions

2. Extract region proposals (~3k)

J Liu et al. SPIE Med Imaging 2016

Colitis CAD

« 26 CT scans of patients with colitis
« 260 images
« 85% sensitivity at 1 FP/image

J Liu et al. SPIE Med Imaging and ISBI 2016
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Colitis CAD

« 80 CT scans of patients with colitis
» 80 controls
* 93.7% sensitivity and 95.0% specificity

J Liu et al. Medical Physics 2017

Prostate
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Tsehay et al. SPIE MI 2017

Prostate

Cheng et al. SPIE MI 2017
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Prostate

Cheng et al. IMI 2017

Prostate

Cheng et al. JMI 2017

Prostate

Table 2 Quantitalive comparisans between proposed method and olher notable methods from the lieralure.

Methods DSC + St dev (%) _HDRFDIST (mm) _ AVGDIST {mmj Evaluation Tim (#:0.95)

Kiein et &l B4.40 £ 3.10 1020 £ 260 250+ 1.40 Leave-one-out Yes

Toth and Madabhushi* B7.66 £ 4.97 151£078 Fivefold validation

Lino et al” 86,70 £2.20 820250 190160 Leave-one-out

Guo et al” B7.10+4.20 8124289 166+ 0.49 Twofold validation

Milletari et al.* 86,90 £3.30 571120 Promise 12(80)  Train:50, test:30

Yuetal”? 89.43 554 195 Promise 12(80)  Train:50, test:30

Karsager et al = 88004500 1454041 &7 Leave-one-out

B1.78 4 5.88 3004150  Promise 12(80)  Train:50, test30

89.77 + 3.20 016+ 0.08 250 Fivefold validatior

Cheng et al. IMI 2017
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Data Mining Reports & Images

3

HC Shin et al. CVPR 2015

Data Mining Reports & Images

Trained on 216,000 key images (CT, MR, ...)
169,000 CT images

60,000 patient scans

Recall-at-K, K=1 (R@1 score)) was 0.56

HC Shin et al. CVPR 2015 & JMLR 2016

Data Mining Reports & Images

HC Shin et al. CVPR 2015 & JMLR 2016
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Topic: Metastases

btained,
130,retroperitoneal spleen.e.

HC Shin et al. CVPR 2015 & JMLR 2016

Data Mining Reports & Images

diameter
mass
kidney

“... and solid lobulated mass
arises from the anterior lower
pole of right kidney and

measures 1.6 cm in diameter
avg distance. "

0.33

7/31/2017

HC Shin et al. CVPR 2015 & JMLR 2016

Data Mining Reports & Images

P
T e oicsedgramoma. verioeor

HC Shin et al. CVPR 2016

11



Data Mining Reports & Images

HC Shin et al. CVPR 2016

Data Mining Reports & Images

Deep CNNfeatures |/ Clustering CNN feature )

( N | _extraction and encoding - messscr i)
Fine-tuned CNN madel

(with topic labels) or

generic imagenet NN

(" L2 on text reports for )
each Cluster

[ tmage Clusters with
semantic toxt abels

| Medical Image
| Annotation

o
~,|  Fine-tuning the CNN

Usingranewed clurar abais)

Randomly Shuffled
Images for Each
teration

Train 0% Val 10% Test 20%

Data Mining Reports & Images

Cluster #23

Word Frequency
liver | 524,
abdomen 337
enhancement | 217,

mass | 198
lesion | 168
lobe | 161
adenopathy

|ersloﬂ§"
segment
bulky

X Wang et al. WACV 2017
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Data Mining Reports & Images

Heatmap for localization

image / labels ) One of ImageNet pre-trained models

X Wang et al. CVPR 2017

ChestX-ray8

Atelectasis | Cardiomegaly | Effusion Infiltration

Mass Nodule Pneumonia | Pneumothorax

X Wang et al. CVPR 2017

Challenges and Pitfalls

» Network architectures are complex
» Well-annotated large datasets are few
+ Rapidly evolving hardware & software

13



Approaches

» Aggregate entire PACS image collections
from multiple institutions

» Use the radiologist reports as annotations
 Transfer learning from other trained datasets

/\IR§ e g
3 Progress in Fully Automated

2 Abdominal CT Interpretation

Ronald M. S,

ASRE 20118

Guest Editorial
Deep Learning in Medical Imaging: Overview and
Future Promise of an Exciting New Technique

Conclusions

Deep learning leading to large improvements in CAD and
segmentation

Pace of deep learning technology exceptionally fast

Big data permit new advances

Interest in deep learning and big data in radiology image
processing is soaring

7/31/2017
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