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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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Gulshan et al., JAMA 2016

Silver et al., Nature 2016

Deep Learning Improves CAD

Summers et al. Gastroenterology 2005; Roth et al. IEEE TMI 2015 
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Deep Learning Improves CAD

Hua, Liu, Summers et al. ARRS 2012; Roth et al. IEEE TMI 2015 

• 90 CTs with 

388 mediastinal 

LNs

• 86 CTs with 

595 abdominal 

LNs

• Sensitivities 

70%/83% at 3 

FP/vol. and 

84%/90% at 6 

FP/vol., 

respectively
H Roth et al., MICCAI 2014 

• Deeper CNN model performed best

• GoogLeNet for mediastinal LNs

• Sensitivity 85% at 3 FP/vol. 

HC Shin et al., IEEE TMI 2016
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Lymph Node Segmentation

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.tNB1kqBU

• TCIA CT Pancreas

• 82 scans, 10 GB

Gao et al. IEEE ISBI 2016

Segmentation Label Propagation

Gao et al. IEEE ISBI 2016

Segmentation Label Propagation
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Colitis CAD

Wei et al. SPIE, ISBI 2013

Colitis CAD

J Liu et al. SPIE Med Imaging 2016

Colitis CAD

J Liu et al. SPIE Med Imaging and ISBI 2016

• 26 CT scans of patients with colitis

• 260 images

• 85% sensitivity at 1 FP/image
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Colitis CAD

J Liu et al. Medical Physics 2017

• 80 CT scans of patients with colitis

• 80 controls

• 93.7% sensitivity and 95.0% specificity

Prostate

Tsehay et al. SPIE MI 2017

T2WI

T2WI

ADC B2000

ADC B2000
Kwak et. al. 

CADDL

Prostate

Cheng et al. SPIE MI 2017
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Prostate

Cheng et al. JMI 2017

Prostate

Cheng et al. JMI 2017

Prostate

Cheng et al. JMI 2017



7/31/2017

10

HC Shin et al. CVPR 2015

Data Mining Reports & Images

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

HC Shin et al. CVPR 2015 & JMLR 2016

Data Mining Reports & Images
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Topic: Metastases

HC Shin et al. CVPR 2015 & JMLR 2016

Data Mining Reports & Images

HC Shin et al. CVPR 2015 & JMLR 2016

HC Shin et al. CVPR 2016

Data Mining Reports & Images



7/31/2017

12

HC Shin et al. CVPR 2016

Data Mining Reports & Images

X Wang et al. WACV 2017

Data Mining Reports & Images

X Wang et al. WACV 2017

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

Data Mining Reports & Images

X Wang et al. CVPR 2017

ChestX-ray8

Challenges and Pitfalls

• Network architectures are complex

• Well-annotated large datasets are few

• Rapidly evolving hardware & software
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Approaches

• Aggregate entire PACS image collections 

from multiple institutions

• Use the radiologist reports as annotations

• Transfer learning from other trained datasets

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
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