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18 months later83 y/o F, aortic valve replacement, CHF
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Definitions
AI: Artificial 
Intelligence

ML: 
Machine 
Learning

NN: Neural 
Networks

DL: Deep 
Learning

• AI: When computers do 
things that make humans 
seem intelligent

• ML: Rapid automatic 
construction of detectors 
and classifiers from data

• NN: New and extremely 
powerful “black box” 
form of machine learning



• 14 million images
• 21,841 distinct 

labels:
– 856 types of bird
– 993 types of tree
– 157 musical 

instruments

ImageNet

• Russakovsky O, Deng J, Su H, et al. ImageNet Large Scale Visual Recognition Challenge. Int J Comput Vis. 2015;115(3):211-252. 
• https://www.economist.com/news/special-report/21700756-artificial-intelligence-boom-based-old-idea-modern-twist-not
• http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/

http://www.image-net.org/



Karpathy, Andrej & Li, Fei Fei. Deep Visual-Semantic Alignments 
for Generating Image Descriptions, CVPR, 2015

http://www.radiologyassistant.nl/



“Deep” Neural Networks:

Tens of Millions of Parameters



Learning Object Recognition

Faces Cars Elephants Chairs

Andrew Ng
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Evaluation
Images and Health Data from 

Patients and Organizations

Deep Learning Research in Radiology

Image 
Transfer 

and
Labeling

Labeled
Training Data

New
Deep 

Learning 
Methods

Decision
Support
Systems

Deep 
Learning

Explanation 
Methods

Actionable
Advice

http://aimi.stanford.edu



Cohort Selection and Image Labeling

Hassanpour, S & Langlotz, CP. Artif Intell Med 23(1):84-9, 2016.

https://hazyresearch.github.io/snorkel/



83% accuracyCNN
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The Power of Weak Labeling

100,000
87%

1,000
Human expert

labels

CNN 85% accuracy



https://doi.org/10.1148/radiol.2017170236



Machine learning enables systems tailored to local demographics.

Saliency Maps

http://aimi.stanford.edu



Expert-Level Chest Radiograph Interpretation

Matt Lungren, MD, MPH and Andrew Ng, PhD. https://arxiv.org/abs/1711.05225

http://aimi.stanford.edu



Radiogenomics

• Gray level nonuniformity

• Run length non uniformity

• Cluster prominence

• Haralick correlation

• Cluster shade

• Inertia

• Inverse difference moment

• Long run low gray level emphasis

T1 post contrast T2
Features (Az=0.72):

Korfiatis, P et al. Med Phys. 2016 Jun; 43(6): 2835–2844.



Deep Learning to Improve MRI Image Quality

+
Enhao Gong
John Pauly
Greg Zaharchuk 
Stanford EE & 
Neuroradiology

High SNR ASL

Difference map
vs High SNR

Low SNR ASLT2 weighted Proton density

for regularized de-noising

Synthetic ASL

Difference map
vs High SNR



AI in Medical Imaging Opportunities

• Efficient image creation

• Image quality control

• Imaging triage

• Computer-aided detection

• Computer-aided classification

• Radiogenomics
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These are not stop signs?

Robust Physical-World Attacks on Machine Learning Models, Evtimov et al. https://arxiv.org/abs/1707.08945



Everything is a toaster.

https://gizmodo.com/this-simple-sticker-can-trick-neural-networks-into-thin-1821735479



Conclusions
1. Machine learning will revolutionize clinical imaging practice

a. Radiologists and pathologists must be trained how to use these new systems

2. Machine learning methods are needed for complex health data

a. Automated labeling

b. New machine learning model structures

c. Explanation and other forms of model transparency

3. Data-driven cancer care organizations will thrive

a. Data linked across types: EHR, genomics, clinical imaging

b. Learning cancer systems deliver care with precision

4. Sharing of training data sets will accelerate progress

a. Subset of cases with high-quality labels for validation
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