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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 the 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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Deep Learning Improves CAD

Summers et al. Gastroenterology 2005; Roth et al. IEEE TMI 2015 



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



Lymph Node Segmentation

I Nogues et al. RSNA 2016 



Lymph Node CT Dataset

• doi.org/10.7937/K9/TC

IA.2015.AQIIDCNM

• TCIA CT Lymph Node

• 176 scans, 58 GB

• Annotations, 

candidates, masks



Pancreas CAD using CNN

H Roth et al., MICCAI 2016



H Roth et al., SPIE MI 2015



Data Augmentation

• During training, input images are sampled 

at different scales and random non-rigid 

deformations

• Degree of deformation is chosen such that 

the resulting warped images resemble 

plausible physical variations of the medical 

images

• Can help avoid overfitting



ConvNet training with scales and 
non-rigid deformations

TPS deformation fields

Data augmentation at each superpixel bounding box:

• Ns scales (zoom-out)

• Nd deformations

~800k training images from 60 patients

Roth et al. RSNA 2015



Pancreas CT Dataset

• doi.org/10.7937/K9/

TCIA.2016.tNB1kq

BU

• 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



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



Colitis CAD

J Liu et al. Med Phys 2017

93.7% Sensitivity

95.0% Specificity

0.986 AUC



Prostate

Tsehay et al. SPIE MI 2017

T2WI

T2WI

ADC B2000

ADC B2000
Kwak et. al. 

CADDL



Prostate

Cheng et al. SPIE MI 2017



Spine Metastasis CAD

J Burns, J Yao et al. RSNA 2011; Radiology 2013



Deep Learning Improves CAD

Roth et al. IEEE TMI 2015 



Vertebral Fracture CAD

Yao et al. CMIG 2014



Vertebral Fracture CAD

Burns et al. Radiology 2016

• 92% sensitivity for fracture localization 

• 1.6 FPs per patient 

• Most common FP: nutrient foramina 

(39% of all FPs) 



Posterior Elements Fracture CAD

Roth et al. SPIE Med Imaging 2016

• 18 trauma 

patients

• 55 fractures

• Test set AUC 

0.857

• 71% / 81% 

sensitivities at 

5 / 10 FP/ 

patient



H Roth et al., IEEE ISBI 2015 

Anatomy Classification Using 

Deep Convolutional Nets

• 1,675 

patients

• 4,298 images

• Test set AUC 

0.998

• 5.9% 

classification 

error



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



HC Shin et al. CVPR 2015 & JMLR 2016

Data Mining Reports & Images



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



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



X Wang et al. CVPR 2017

Data Mining Reports & Images



X Wang et al. CVPR 2017

ChestX-ray8



J Yao et al. MICCAI 2017



J Yao et al. MICCAI 2017



A Harrison et al. MICCAI 2017



A Harrison et al. MICCAI 2017



L Zhang et al. MICCAI 2017



L Zhang et al. MICCAI 2017



Challenges and Pitfalls

• Network architectures are complex

• Well-annotated large datasets are few

• Rapidly evolving hardware & software



Approaches

• Aggregate entire PACS image collections 

from multiple institutions

• Use the radiologist reports as annotations

• Transfer learning from other trained datasets



Imaging 3.0

• We can add value by making our reports 

more quantitative; AI & DL can help do this

• Doing so is a sure-fire way to add new useful 

information to improve patient care and 

maintain our clinical relevance

• It is important to be aware of the benefits of 

AI & DL, not just the risks





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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To Learn More …

www.cc.nih.gov/drd/summers.html
X Wang et al. RSNA 2016


