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Image Reconstruction & Image Analysis

* Images reconstruction - low dose CT, fast MRI, unconventional
imaging and data acquisition schemes

¢ Image analysis - segmentation and refistration
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Sparse Data Image Reconstruction using U-net

¥ Wu et al, TMI, submitted, 2018

* Data Sampling

¢ Raw data are sampled point by point in Fourier
domain (k-space)

¢ Image Reconstruction

« Inverse Fourier transform is applied on the raw data
to generate output in the image domain

Inverse Fourier Transform

Volumetric deep learning for super-resolution MRI

Also see - Mardani M, Gong E, Cheng J.YY, Vasanawala
S.S, Xing L, and Pauly J. M, Deep generative adversarial
networks (GAN) for MRI, IEEE Trans Med Ima 37, in press,
2018.

Stanford University

‘School of Medicine.

Generative Adversarial Networks (GANS) fo/r/
Compressive Sensing and Real-Time MRI

k-space Image space

B k-space data model
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® Problem: Given the training data ++x...¥,1};".,, and the current k-space
data ¥,

> retrieve the image ¥
> in real-time when M << N

M. Mardani, L. Xing, J Pauly,
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Integrated MRI-Radiation
therapy Systems:
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Types of learning

Radiation therapy
trajectory optimization
(S. Kahn, B. Fahimian ....)
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Decision: A trajectory of stone positions ~ Decision: A trajectory of Gantry angle,
and Couch angle

% o) &7 Dong P & Xing L, Physics in
T, e Medicine & Biology, in press,
ke e 2018
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Compared with coplanai/

+ Heart mean dose: reduced from 15 Gy to
7 Gy Heart V30: reduced from 7.5% to
1.7%.

Left and right lung mean doses: reduced
from 16 Gy and 8 Gy to 11 Gy and 3 Gy,
respectively

Compared with 4pi:

MCTS spares spares more on ipsilateral
lung, heart and contralateral breast.
Contralateral lung is better spared in the
4pi plan.

2

coucn angle

Dong P & Xing L, Physics in
Medicine & Biology, in press,
2018
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Visualizing the invisible soft tissue target
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Zhao W, et al, RADIOLOGY,
Submitted, 2018




From population-average nomogram to ﬁ ?

deep learning-based toxicity prediction
— B. Ibrimbrov, D. Toesca, D. Chang, A Koong, L Xing

Current approach:
(i) radiomics;
(ii) NTCP/TCP types of modeling

Problems: biological heterogeneity, spatial information

Multi-channel deep dose analysis

Multichannel CNNs:
« First channel — 3D anatomy segmentation
« Second channel — 3D dose plan

« Third channel — CT image

Survival
Local progression
Regions progression
Distant progression
Liver toxicity
Portal vein toxicity

Channels

ROC curves for the deep Iearning-based and
existing DVH-based toxicity predictors

PO Durves B Gavret Lser Towciy Pradicine RO0 corven Sor Coraw Lves Tousciry Frasiones

(a) All SVM, RFs, FcNNs, CNNs and hybrid DNN predictors achieved AUC > 0.7. (b) The
hybrid DNN predictor with AUC of 0.859 outperforms the existing DVH-based predictors
Veep1030, Vaepiod0 and Vigepio30 U Vigep;p40. B Ibragimov et al, submitted, 2018
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Deep dose analysis: numerical features

s
Demographics n p
2ep Chronic cirrhosis

Cender Chronic HBV
Age Chronic HCV
Albumin
Bilirubin
Tumor resection O D Aspartate transaminase
Chemoembolization e o Alanine transaminase
Prior chemotherapy GIV Alkaline phosphatase
Post-RT PTV Alpha-fetoprotein
chemothera B
Bili " tPY Liver volume Sodium
iliary sten :
J Hepatobiliary tract Creatine
SRETjdose volume Platelets
# SBRT fractions
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Deep dose analysis: combined

Multi-path network: 1) 3D CNN for dose plan; 2) fully-connected path for
features
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Deep dose analysis: survival results ///
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Green — patients with positive predicted outcome, Red — patients with negative predicted outcome
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Deep dose analysis: survival results

ROC curves for Contsdt Lwer Tawc iy Precioion
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Magical deep learning box
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Image analysis|

Radiation-sensitivity atlas

Survival and local progression atlas:
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Hepatobiliary toxicity atlas:
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Resullts:

« Risks for left vein are 2-times
lower than risks for right vein

=

Results:

Atlases agree for primary cancer
(correlation coef. = 0.56)

Atlases agree for metastatic
cancer
(correlation coef. = 0.85)

Disagree between each other

(correlation coef. = 0.19)

Highest risks are for liver segment
I, where liver vasculature is
located

Lowest risks are for liver
segments II, V and VIII

Radiation-sensitivity atlas —
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Left vein supports 1/3 of the liver,
while right vein supports 2/3 of the
liver
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Summary=

Deep learning can greatly facilitate radiation therapy weorldlow
and clinfeal decision-maling process.
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