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Outline

 Machine learning in medicine 101  

 Image analysis & radiomics with machine learning 

 Image analysis in gastrointestinal tract.

 Liver cancer imaging and analysis.

 Brain tumor RT. 

 Machine learning and autopiloted and/or knowledge-
based treatment planning 

 Clinical studies

 Future outlooks and trends

Machine learning 101
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 Images are data!

 Imaging is one of the first choices for clinical diagnosis

 70% clinical decisions depend on medical images

ML for Medical Image Analysis

Endoscopy

Clinical Application
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Convolutional neural networks for segmentation

14

Taken from here: http://www.rsipvision.com/exploring-deep-learning/

Clinical Application
Image database 

15

72 pre-treatment CT images:

• PV with contrast

• Stents

• Tumors are 

close to PV

B Ibragimov et al, submitted, 2017

Central liver toxicity － B. Ibrimbrov, D. Toesca, A Koong, D. Chang, L XIng

16

Irradiation of hepatobiliary tract

will likely result in central liver 

toxicity if the isotropic 15mm 

expansion of portal vein (PV) 

receives:

• VBED1030 > 45 cc

• VBED1040 > 37 cc

Can we predict such toxicity 

without manually annotating 

portal vein?
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Clinical Applications
Diagnosis Treatment planning Prognosis

Ulcer?

Normal?

Bleeding?

Polyp?

Gastrointestinal tract disease Brain cancer Lung Cancer

Large scale

▪ MRI images 1000+

▪ CT images 1000+

▪ Endoscope images 50K+

ML for Medical Image Analysis

Variability

▪ Magnetic Resonance Imaging

▪ Computed Tomography

▪ Ultrasound 

▪ Endoscope images

Heterogeneity

▪ Different appearances

▪ Characteristics vary in 

different modalities

Subjective

▪ Clinicians’ experience

▪ Time-consuming and 

tedious

Medical Image + 

ML for 

substantially 

improved image 

analysis

Object 

detection

 Machine learning with hand-crafted features

Image 

classification

Ulcer?

Normal?

Bleeding?

Input

data

Feature 

representation

Learning 

algorithm
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Research on Medical Image Analysis

Integrative Biomedical 

Image Analysis

Diseases in 

Gastrointestinal Tract

Liver Cancers with 

CT images

Prostate & Brain 

Cancers with MRI 

images

Yuan et al, IEEE TASE 2017 Yuan et al, IEEE TCYB 2017Yuan et al, Med. Phys. 2017Yuan et al, EMBC 2015 Yuan et al, MICCAI 2017

Diseases in Gastrointestinal Tract

 Importance

 Gastrointestinal (GI) tract - 30 feet long structure

 2nd commonest cancer

Wireless Capsule Endoscopy (WCE)

 Wireless capsule endoscopy

 Introduced by Iddan et al. in 2000 

 Approved by the U.S Food & Drug 
Administration in 2001

 11x26mm

 Examination procedure

 Swallowed by patients

 Propelled by peristalsis

 Send images to data-recording 
device

 Downloaded for reviewing
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Illustration of WCE

 Enable direct, non-invasive and visual examination of the GI tract

Research on WCE

WCE Video

Frames

Polyp

Frame

Ulcer 

Frame

Bleeding 

Frame

 To automatically recognize abnormality for clinicians

Normal 

Frame

Polyp Recognition in WCE Images

▪ Proposed method: improved bag of words for polyp detection



7/31/2017

9

Yuan et al. "Improved Bag of Feature for Automatic Polyp Detection," IEEE Transactions on Automation 
Science and Engineering (TASE), 2016.

SIFT+UniLBP SIFT+LBP

SIFT+CLBP SIFT+HOG

Polyp Recognition in WCE Images

▪ Experiment results

Ulcer Recognition in WCE Images

▪ Proposed saliency detection method

Ulcer Recognition in WCE Images

Texture

Color

Original images         FT             CA               GBVS          MSSS            SDSP         Ours          Ground truth

▪ Experiment results for saliency detection

FT             CA               GBVS          MSSS            SDSP         Ours          Ground truth
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Stanford University

Ulcer Recognition in WCE Images

▪ Experiment results for saliency detection

Locality-constrained Linear Coding (LLC)

Ulcer Recognition in WCE Images

▪ Proposed ulcer recognition method

Yuan et al. "Saliency based Ulcer Detection for Wireless Capsule Endoscopy Diagnosis," IEEE Transaction 
on Medical Imaging (TMI), 2015.

Methods Accuracy (%) Sensitivity (%) Specificity (%)

Li et al., 2009 89.49± 0.12 87.06± 0.38 91.91± 0.13

Charisis et al., 

2013      
90.74± 0.07 86.62± 0.2 94.85± 0.15

Eid et al., 2013 85.44± 0.18 86.03± 0.65 84.84± 0.4

Yu et al., 2014 82.35± 0.93 91.18± 0.05 73.53± 3.89

Ours 92.65± 1.23 94.12± 2.47 91.18± 0.91

Comparison with state-of-the-art methods

Ulcer Recognition in WCE Images

▪ Experiment results for ulcer recognition



7/31/2017

11

Stanford University

Method
Overall 

Accuracy

Bleeding

Accuracy

Polyp

Accuracy

Ulcer

Accuracy

Normal

Accuracy

Hwang et al. 

2013 
83.69 ± 2.42 90.95 ± 2.60 81.33 ± 4.71 78.33 ± 1.08 83.56 ± 3.48

Nawarathna

et al. 2015
87.62 ± 1.24 93.33± 1.23 84.00 ± 2.02 83.33 ± 0.98 89.33 ± 2.03

Yao et al. 

2016
89.46 ± 1.08 95.24 ± 1.36 87.78 ±1.28 83.33 ± 0.83 90.67 ± 1.06

Ours 90.78 ± 0.53 97.14 ± 0.21 86.84 ± 0.61 86.67 ± 0.82 92.11 ± 0.28

Yuan et al. "Discriminative Joint-feature Topic Models with Dual Constraints for WCE Classification," Accepted by 
IEEE Transaction on Cybernetics (TCYE), 2017.

Comparison with state-of-the-art methods

Multi-abnormalities Classification

▪ Experiment results

Stanford University

Li et al. 2012        Silva et al. 2013     Hwan et al. 2012      Lim et al.2015     Yuan et al. 2016 Ours

Yuan et al. "Deep Learning for Polyp Recognition in Wireless Capsule Endoscopy Images," Medical 
Physics, 2017.

▪ Experiment results

Polyp Recognition with Deep Learning 

Stanford University

Liver Lesion Detection
▪ Importance 

▪ Important functions

▪ 4th common lesion in the world

▪ Computed Tomography (CT) scans

▪ Challenges

▪ Low imaging resolution (≈1×1×1mm3)

▪ Complex structure information 

▪ Some lesions are small

▪ Vessels exist in the liver

VesselsLesions

▪ Our solution

▪ Segment the liver → detect liver lesion
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Stanford University

Liver Segmentation
▪ Proposed method: superpixel-based boundary-sensitive 

convolutional neural network (SBBS-CNN) 

Entropy map 

guided 

sampling

Stanford University

Liver Segmentation

▪ Experiment results

Stanford University

Liver Lesion Detection

Liver

images

Multi-scale

image patch 

representation

Scale 1 

Feature saliency

Scale 2 

…

Scale 1 

Gray level saliency

Scale 2 

…

Stage 1: 

Final gray level 

saliency map

Stage 2: 

Final feature 

saliency map

Final

saliency map

▪ Proposed method: Two-stage saliency model with modified 

SAE Remove vessels: high 

homogeneity and 

high gray values

Highlight lesions: 

different values with 

surrounding areas
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Stanford University

Liver Lesion Detection

Images         ITTI        GBVS        SLTA          LFP           Ours Ground truth 

▪ Experiment results

Stanford University

Liver Lesion Detection

Yixuan Yuan, et al. " Liver Lesion Detection based on Two-Stage Saliency Model with Modified Sparse 
Autoencoder," Accepted by MICCAI 2017

▪ Experiment results

Stanford University

▪ Importance

▪ Different cancer levels (gleason score) lead to different therapy

▪ Reduce the core needle biopsy

▪ Modality for diagnosis

▪ Magnetic Resonance Imaging (MRI)

Prostate Cancer Classification

T2-weighted images 

(transaxial)

T2-weighted images 

(sagittal)

Apparent Diffusion    

Coefficient images

T1-weighted 

Contrast images 
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Stanford University

Different MRI sequences

Class 1

Class 2

CNN1

CNN1

CNN2

Cerebral 

Blood Flow
CNN1

T2 Sagittal

CNN1

… …

Multi-Sequence CNN architecture Output Class Prediction

Class 5

View 

Pooling

T2 Traverse

T1 Contrast

▪ Multi-sequence CNN architecture

Prostate Cancer Classification

Stanford University

▪ Multi-scale CNN

… …

…
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 Five categories

32*32 28*28

16*16

Prostate Cancer Classification

Stanford University

Method
Accuracy Precision Sensitivity

Traditional 

features
83.69 ± 2.42 90.95 ± 2.60 81.33 ± 4.71

SAE 87.62 ± 1.24 93.33± 1.23 84.00 ± 2.02

Multi-scale 89.46 ± 1.08 95.24 ± 1.36 87.78 ±1.28

Multi-

sequence
90.78 ± 0.53 97.14 ± 0.21 86.84 ± 0.61

Comparison with different methods

Prostate Cancer Classification

▪ Experiment results

Yixuan Yuan, et al. AAPM 2017 Challenge
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Imaging 

Modeling Treatment planning Pt setup and 

treatment delivery

Automation

Artificial intelligence 
 Data, imaging, image guidance & integration

Machine learning 101
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Machine learning 101

Artificial Intelligence (AI)-Based Non-Coplanar 
Rotational Arc Trajectory Design

Work supported by a Faculty Research Award from Google Inc.

TensorFlow framework for machine learning 
(Google, 2011)

49
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TensorFlow

50

Abadi, Martın, et al. "Tensorflow: Large-scale machine learning on heterogeneous distributed systems."

arXiv preprint arXiv:1603.04467 (2016).

 Google open-sourced API (Python, C++) 

 Expressing large-scale machine learning algorithms

 Implementation for executing such algorithms 

 Flexible modeling and parallelism for deep neural networks  

 Powerful visualization tool (Tensorboard)

 Tracks the graph evolution and model statistics

 Heterogeneous execution (E.G., mobile phones, CPU, 

multi-GPU)

Stanford University

Future Work

▪ Feature extraction with domain knowledge

▪ Multi-modalities data analysis

▪ Deep learning application and modification

1

2

3

Biomedical Informatics

▪ High-level semantic feature extraction 

▪ Feature fusion with image features

▪ RNN application

Medical Videos

▪ IGRT

▪ 3D reconstruction

▪ Surgical navigation

▪ Precision localization / Medical SLAM 

Medical Image Analysis

Provide automatic 

accurate diagnosis, 

treatment planning

and prognosis in 

health care
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Stanford University

Future Work

－ Big imaging data in medicine 


