
7/30/2018

1

Radiation Oncology

Impact of Artificial Intelligence on 

Cancer Radiotherapy

Steve Jiang, Ph.D. 

Barbara Crittenden Professor in Cancer Research
Director, Medical Artificial Intelligence and 

Automation Lab
Vice Chair, Department of Radiation Oncology

Radiation Oncology

What is Artificial Intelligence (AI)

ÁMany definitions

ÁThe one l like: AI makes it possible for machines to 
learn from experience, adjust to new inputs, and 
perform human-like tasks

ðLearn from human

ðLearn by itself

ð5ƻ ƘǳƳŀƴΩǎ Ƨƻō

© Steve Jiang,Ph.D., MAIA Lab, 20182
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AI Is Changing The World

3 © Steve Jiang,Ph.D., MAIA Lab, 2018

ÁSelf driving cars
ÁComputer vision
ÁHealthcare
ÁFinance and economics
ÁΧ Χ
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Supervised Learning ïFrom A to B

DNN

© Steve Jiang,Ph.D., MAIA Lab, 20186
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AlphaGo Master

Á5/2017 

ðAlphaGo vs Ke Jie 9p (currently No.1 Go player in the world) 

ðThe final battle between man and machine in the board game 

ðResult: 3 to 0

ðAlphaGo: no more competitive Go playing

© Steve Jiang,Ph.D., MAIA Lab, 20177
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Deep Q-network (DQN) playing Breakout

https:// www.youtube.com/watch?v=V1eYniJ0Rnk

© Steve Jiang,Ph.D., MAIA Lab, 20179
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Artificial General Intelligence

ÁSystems that can learn to solve any complex 
problem without needing to be taught how 

ÁAgents should not be pre-programmed, but rather, 
able to learn automatically from their raw inputs 
and reward signals from the environment

© Steve Jiang,Ph.D., MAIA Lab, 201710
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Narrow AI = Electricity; AGI = nothing we have seen before! - Steve Jiang 
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Artificial Intelligence in Medicine (AIM)

ÁMedical imaging and diagnostics

ÁClinical decision support

ÁTreatment outcome prediction

ÁPrecision and individualized medicine 

ÁPrediction of chronic disease trajectories

ÁHealthcare delivery in resource limited regions

ÁCare delivery optimization, automation, safety

ÁComputational drug discovery and development

ÁMedical error detection and prevention

ÁAssisted care and chronic disease management with 
wearable sensors

12 © Steve Jiang,Ph.D., MAIA Lab, 2018
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AI in Radiation Oncology
ÁAI may greatly improve the treat outcome and reduce 

toxicity by providing

ðMore precise cancer detection, diagnosis, staging etc

ðMore personalized and precision treatment strategy 

ðMore accurate target delineation and organ segmentation

ðBetter and faster treatment planning and treatment delivery

ðMore convenient, frequent, and accurate patient follow up

ÁAI may greatly improve patient safety by 

ðAutomatically detecting and preventing medical errors

ðUsing wearable sensors and RTLS technologies

ÁAI may greatly reduce disparity by 

ðTransferring the high quality care from major academic centers to 
under-served patients via well trained AI software tools

13 © Steve Jiang,Ph.D., MAIA Lab, 2017
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UT Southwestern MAIA Lab
Medical Artificial Intelligence and Automation

© Steve Jiang, Ph.D., MAIA Lab, 201714

ÁWhat we are doing for AI in RO at UTSW MAIA Lab

ÁAAPM presentations

Radiation Oncology

AI for Medical Imaging

15
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CT Recon w/ Human -Like Auto Parameter Adjusting

16 © ChenyangShen, Ph.D.  and XunJia, Ph.D., MAIA Lab, 2018

pixel-wise parameters

Bad parameters Manual parameters

(image level)

Ideal parameters

{ƘŜƴΣ ΧΣ WƛŀΣ L999 ¢aL отόсύΥмполς1439, 2018
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CT Recon w/ Human -Like Auto Parameter Adjusting

17

Á A parameter tuning policy network 

(PTPN) is constructed and trained 

using end-to-end deep 

reinforcement learning (DRL)

{ƘŜƴΣ ΧΣ WƛŀΣ L999 ¢aL отόсύΥмполς1439, 2018

© ChenyangShen, Ph.D.  and XunJia, Ph.D., MAIA Lab, 2018
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Testing Results on Simulation Data

(a) Ground Truth CT

(b) Reconstructed 
low-dose CT with 
random initial 
parameters

(c) Reconstructed 
low-dose CT with 
PTPN tuned 
parameters (pixel-
wise)

(d) Reconstructed 
low-dose CT with 
manually tuned 
parameters (image 
level)

(e) PTPN tuned 
parameter map

(f) Optimal parameter 
map

{ƘŜƴΣ ΧΣ WƛŀΣ L999 ¢aL отόсύΥмполς1439, 2018

© ChenyangShen, Ph.D.  and XunJia, Ph.D., MAIA Lab, 2018
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Testing Results on Experimental Data

(a)Reconstructed low-dose CT 

with random initial parameters

(b)Reconstructed low-dose CT 

with manually tuned 

parameters (image level)

(c)Reconstructed low-dose CT 

with PTPN tuned parameters 

(pixel-wise)

(d)PTPN tuned parameter map

{ƘŜƴΣ ΧΣ WƛŀΣ L999 ¢aL отόсύΥмполς1439, 2018

© ChenyangShen, Ph.D.  and XunJia, Ph.D., MAIA Lab, 2018
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DCGAN - Deep convolutional generative adversarial network

CT Synthetization from MRI

ÁUnpairedCT and MR images from 77 brain patients who 
underwent brain tumor radiotherapy

ÁCT images were acquired with a 512x512 matrix and voxel size 
0.68mm×0.68mm×1.50mm

ÁMR images were acquired at 1.5T using a post-gadolinium 2D T1-
weighted spin echo sequence with TE/TR = 15/3500 ms

Radiation Oncology21

CT Synthetization 

from MRI
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CBCT to CT Translation using CycleGAN

22

Synthesized CBCT

DiscriminatorA

GeneratorA
CBCT to CT

CBCT

DiscriminatorB
Decision

[0,1]

GeneratorB
CT to CBCT

Decision
[0,1]

Synthesized CT

CT

Cycle CBCT Cycle CT

ÁGenerator

ð21 layers U-Net architecture

ÁDiscriminator

ð142×142 patch GAN

ÁLoss function

ðAdversarial loss

ðCycle consistency loss

ðIdentity mapping loss

Radiation Oncology23

ÁTraining and validation data

ð13 H&N patients with unpaired CBCT and CT images

ð80 slices/patient, totally 1360 slices

ð960 slices for training, 80 slices for validation

ÁTesting data

ð4 patients with CBCT and deformed CT images

ðTotally 320 slices 

CBCT to CT Translation using CycleGAN

Radiation Oncology24

ÁSCT is accurate in both spatial and intensity domains

ðAccurate in CT numbers like CT

ðAccurate in anatomic structures like CBCT

CBCT to CT Translation using CycleGAN

CBCT Synthesized CT CT
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Results: Line Profiles 

25

CBCT

SCT

CT
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From 4DCT Image to Ventilation Image

ÁGenerating functional lung ventilation image from anatomical 
4D CT images using CNN

26

Input Predicted Truth Predicted on CT

© YunchengZhong, Ph.D. and JingWang, Ph.D., MAIA Lab, 2018
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Super-Resolution of MR Spectroscopic Imaging (MRSI)

Hypothesis: 
Low resolution MRSI plus T1 weighted MRI should have 
sufficient information to reconstruct high resolution MRSI

© Zohaib Iqbal, Ph.D. and Steve Jiang, Ph.D., MAIA Lab, 2018

128 x 128

Low Resolution 

Glutamate Image

High Resolution 

Glutamate Image
Deep

Learning

Model

T1-weighted Image

128 x 128 32 x 32 (or less)

HD U-Net
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Super-Resolution MRSI: Testing Results (Simulation)

Low Res Reconstruction Gold Standard

Recon Error

D-UNet

Total MSE over 169 Test Subjects

Bicubic Interpolation Bicubic Int. Error

© Zohaib Iqbal, Ph.D. and Steve Jiang, Ph.D., MAIA Lab, 2018
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Super-Resolution MRSI: Testing Results (In Vivo)

Experimental

~40 min acq.
MSD Volunteer 1 ï0.00513 

MSD Volunteer 2 ï0.00390

MSD Volunteer 3 ï0.00674

Average for testing set: 0.00575

D-UNet

© Zohaib Iqbal, Ph.D. and Steve Jiang, Ph.D., MAIA Lab, 2018
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AI for Diagnosis and Prognosis

30
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ÁDigital Breast Tomosynthesis (DBT): better accuracy 
than mammography especially for dense breasts

Á496 cases with mass-like lesions

ÁGround truth for mass detection/segmentation

ð3 radiologists, each with > 5 years experience in breast screening

ÁGround truth for mass classification

ðMalignant cases were confirmed by biopsy surgical pathology

31

Mammography DBT

Breast Cancer Screening w/ DL and DBT

Radiation Oncology

ÁDetection 

ðDetection rate: 93%

ÁSegmentation

ðAverage Dice Coefficient : 81%

ÁClassification 

ðAccuracy: 0.79, sensitivity: 0.77, specificity: 0.77, AUC: 0.85

32

Mass Detection, Segmentation, and Classification

Green: Ground truth, Red: Model Output
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Cervical Lymph Node Malignancy Identification 

ÁLarge uncertainty in delineation of malignant lymph nodes in 

head and neck cancer

ÁAI-based clinical decision support tool for physicians to identify 

malignant lymph nodes using PET/CT

ÁAccuracy: 90%

Normal Suspicious

Involved

© Liyuan Chen and Jing Wang, Ph.D., MAIA Lab, 201733
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Ç The VGG-16 convolutional neural network (CNN) is used as the prediction model

Ç Pre-trained the VGG-16 CNN with a large natural image dataset ImageNet(1.2 million)

Ç 42 cervical cancer patients treated with combined brachytherapy and external beam 

radiotherapy, including 12 patients w/ ÓGrade 2 rectal proctitis(bleeding) 

Ç 58% accuracy for current clinical practice using logistic regression on D0.1/1/2cc rectal doses

Ç 88% accuracy for this work

CNN with Transfer Learning for Rectum Toxicity Prediction 

½ƘŜƴΣ ΧΣ DǳΣ Phys Med Biol. 2;62(21):8246-8263, 2017. 

© Xin Zhen, Ph.D. and XuejunGu, Ph.D., MAIA Lab, 2017
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Stratify high-risk NSCLC patients after SBRT

ÁSBRT (Stereotactic Body Radiation Therapy) is the standard of 
care for local control in medically inoperable NSCLC patients:

ð High local control rate (>95% in three yeas)

ð Relatively high distant failure rate (31% in five years, RTOG 0236 )

ÁStratify patients with high risk of distant failure

ð Additional systemic therapy may reduce the risk and improve overall 

survival

ð Predict patients with distant failure using machine learning methods

ð Accuracy: 88%, Sensitivity: 83%, Specificity: 94%

Zhou, ..., Wang, PhysMed Biol. 62(11):4460-4478, 2017.

35 © ZhiguoZhou, Ph.d.and Jing Wang, Ph.D., MAIA Lab, 2017
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Prediction of Local Persistence/Recurrence after RT

Á100 H/N cancer patients with definitive RT

ÁPost-treatment PET/CT images with FDG

36

Imaging Accuracy AUC Sensitivity Specificity

CT 72.0% 64.0% 70.0% 73.3%

PET 64.0% 62.7% 60.0% 67.7%

PET&CT 80.0% 72.7% 70.0% 86.6%


