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1. The problem

Tumours and heterogeneity

e cancerous tumours are characterized by an
increase in heterogeneity

*  heterogeneity - variation or

non'umform'ty In composmon normal vasculature tumour vasculature

CHANGE IN VARIATION

e—— 4
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1. The problem
Dynamic Contrast-Enhanced MRI .
3 ol
e capable monitoring and quantifying perfusion A (53)00 0 500
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Clinical

gancer .
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1 " The prOblem Imaging Intratumor Heterogeneity: Role in

C|inica| standards Therapy Response, Resistance, and Clinical
Outcome
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Geoff JM. Parker', and Alan Jackson'
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1. The problem

Clinical standards

e visual, qualitative or weakly quantitative assessment
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2. The question

Q1) Can we characterize tumour growth with the change in its perfusion heterogeneity?

Q2) Can we translate such change into clinical application of therapy assessment and prediction?

CHANGE IN VARIATION

Cee—— 8
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3. Trial study: methods

Shallow texture representations

1. allow for training from limited data - shallow representations
2. capable of characterizing variation - texture

3. some methods robust variation - patch

TEXTURE
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input
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feature detection feature extraction texture primitives encoding
global texture appearance classifier

local texture appearance
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3. Trial study: results

Shallow texture representations
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. Trial study: results
Shallow texture representations
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4. Methods

Shallow texture representations

e allow for training from limited data
e capable of characterizing variation

abhooON=

Feature detection: dense

Feature descriptors: Voxels, Gabor, Patch, LBP
Visual vocabulary: KMeans, GMM

Encoding: BoV

Classifier: SVM

TEXTURE
IMAGE

input

feature detection

feature extraction

7 ese *:\ — LABEL
% X%

texture primitives encoding

output

local texture appearance

global texture appearance classifier
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4. Methods: Gabor

Shallow texture representations

B 22 + ()2 v
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4. Methods: Patch

Shallow texture representations

b) patch
feature descriptor
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4. Methods: LBP

Shallow texture representations

xO x1 xz

Xl X5 X4

c) local binary pattern
feature descriptor
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4. Methods: feature descriptors
Shallow texture representations
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Xelxs|x
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b) patch
feature descriptor

c) local binary pattern
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4. Methods

Deep texture representations

allow for training from limited data
capable of characterizing variation
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Figure : The SegNet Architecture
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4. Methods

Deep texture representations

Deep Filter Banks for Texture Recognition and Segmentation

1. transfer learning: feature extra.ctor. Mircea Cimpoi
2. hand-crafted nets: random projections Kiniveisity af Oxfocd

image

PCANet: A Simple Deep Learning Baseline for
Image Classification?

Tsung-Han Chan, Kui Jia, Shenghua Gao, Jiwen Lu, Zinan Zeng, and Yi Ma
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4. Methods

T-UNet

Rand-UNet

convolution
+RelU

Deep texture representations

pooling
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5. Results: segmentations

Pre-clinical: tumour progression
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T-UNet+KM

Rand-UNet+KM

LBP+KM

Patch+KM

Gabor+KM

Vox+KM

confidence
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5. Results: classifications
Pre-clinical: tumour progression

Vox Filters Patch LBP UNet RandUNet

Acc. | DICE Acc. | DICE  Acc. | DICE Acc. | DICE  Acc. | DICE Acc. | DICE

KM 65% | 0.599 70% | 0.604 70% | 0.715  75% | 0.723 80% | 0.825 75% | 0.729

GMM 82.5% | 0.516  70% | 0.754  70% | 0.958 70% | 0.963 77.5% | 0.783 75% | 0.715

22
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5. Results: segmentations
Clinical: therapy response

baseline Vox Gabor Patch LBP T-UNet

Rand-UNet confidence
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5. Results: classifications -’—‘*‘”:i]Z},f"»-wrn_,.lu>—h.,._,[-i,;n
Clinical: therapy response =it
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Part 1: Results
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Cryo-EM?

e structure to function

e resolution revolution

e pharmaceutical
implications

eBIC facilities

Resolution : R
before 2013 T at present

Resolution

Illustration: ©Martin Hégbom/The Royal Swedish Academy of Sciences
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Cryo-EM?

Particle picking:
e noisy micrographs
e picking particles
e 2D classification




Cryo-EM?

Model building:
e density segmentation
e secondary structure
e side chains




Cryo-EM?

Model building:
e density segmentation
e secondary structure
e side chains

Ribosome: 100 000 atoms




Cryo-EM?

Pipeline automation:

e automatic parameter selection

e data model
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1. The problem

Tumours and heterogeneity

e cancerous tumours are characterized by an
increase in heterogeneity

*  heterogeneity - variation or

non'umform'ty In composmon normal vasculature tumour vasculature

CHANGE IN VARIATION

e—— )
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1. The problem

Dynamic Contrast-Enhanced MRI

Signal Enhancement

e capable monitoring and quantifying perfusion
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Clinical
Cancer
Research

1. The problem

Imaging Intratumor Heterogeneity: Role in
Clinical standards

Therapy Response, Resistance, and Clinical
Outcome

James P.B. O'Connor™?, Chris J. Rose', John C. Waterton*, Richard A.D. Carano?,
Geoff JM. Parker', and Alan Jackson'
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Derived BM Volume or Volume or Volume or Parameter value

Multispectral analysis
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© 20%4 American Assocation for Cancer Research
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1. The problem

Clinical standards

e visual, qualitative or weakly quantitative assessment

37
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2. The question

Q1) Can we characterize tumour growth with the change in its perfusion heterogeneity?

Q2) Can we translate such change into clinical application of therapy assessment and prediction?

CHANGE IN VARIATION

Cee—— )
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3. Trial study: methods

Shallow texture representations

1. allow for training from limited data - shallow representations
2. capable of characterizing variation - texture

3. some methods robust variation - patch

TEXTURE
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feature detection
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texture primitives

encoding
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output

local texture appearance

global texture appearance
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3. Trial study: results

Shallow texture representations
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. Trial study: results
Shallow texture representations
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4. Methods

Shallow texture representations

e allow for training from limited data
e capable of characterizing variation

abhooON=

Feature detection: dense

Feature descriptors: Voxels, Gabor, Patch, LBP
Visual vocabulary: KMeans, GMM

Encoding: BoV

Classifier: SVM

TEXTURE
IMAGE

input

feature detection

feature extraction

7 ese *:\ — LABEL
% X%

texture primitives encoding

output

local texture appearance

global texture appearance classifier
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4. Methods: Gabor

Shallow texture representations

B 22 + ()2 v
0,07 2,0(T,y) = €xp ( — g ) cos <2WX + go)

L2 (W) () z
Xl X1 |X — | L
XelXs|Xs 110]|1
110|1
a:'-l x
a) filter bank
feature descriptor y' | = RO) |y R(9) = R,RyR,
Z' z
1 0 0 cosf, 0 sin0y“ 0 cosf, —sind,

R, = r sin 6, 00502‘

R, =10 cosf, —sinf,| Ry= 0 1 0
0 sinf, cosé, —ginfd; 0 cosfy 0 0 1
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4. Methods: Patch

Shallow texture representations

b) patch
feature descriptor
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4. Methods: LBP

Shallow texture representations

xO x1 xz

Xl X5 X4

c) local binary pattern
feature descriptor
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4. Methods: feature descriptors
Shallow texture representations

Xo|X1|X2
X% |xs| X ; g ;
Xelxs|x
6|Xs5|X4 11017

a) filter bank
feature descriptor

Xo|X1[X2 Xol|x1|x2
X7|Xc|X3 X7|Xc[X3| S(X1-X.) —
X6|Xs5[X4 Xel|Xs|X4

b) patch
feature descriptor

c) local binary pattern
feature descriptor
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4. Methods

Deep texture representations

allow for training from limited data
capable of characterizing variation

emoead PCA finers convelution Banary quantizason & Concatenated image and
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Figure : The SegNet Architecture
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4. Methods

Deep texture representations

Deep Filter Banks for Texture Recognition and Segmentation

1. transfer learning: feature extra.ctor. Mircea Cimpoi
2. hand-crafted nets: random projections Kiniveisity af Oxfocd

image

PCANet: A Simple Deep Learning Baseline for
Image Classification?

Tsung-Han Chan, Kui Jia, Shenghua Gao, Jiwen Lu, Zinan Zeng, and Yi Ma
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4. Methods

T-UNet

Rand-UNet

convolution
+RelU

Deep texture representations

pooling

- upsampling

i l
]l

Input:
64x64x64x4

Encoder:

) 64 x 64 x 64 x 32
I 64 x64 x 64 x 64
[l 32x32x32x64

W 32x32x32x64
[ 32x32x32x128
W 16x16x16 x 128

M 16x16x16x128
B 16x 16 x 16 x 265
W 8x8x8x256

M 3x8x8x256
I 8x8x8x512

Decoder:

B 16x16x16x512

16 x 16 x 16 x 768
[ 16x 16 x 16 x 256
.16x18x15x256

M 32x32x32x256
32x32x 32 x 384
32x32x32x128

[ 32x32x32x128

M esxeaxeax128
[ 64 x64x64x192

64x64x64x64
. 64 x 64 x 64 x 64
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5. Results: segmentations

Pre-clinical: tumour progression
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T-UNet+KM

Rand-UNet+KM

LBP+KM

Patch+KM

Gabor+KM

Vox+KM

confidence
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5. Results: classifications
Pre-clinical: tumour progression

Vox Filters Patch LBP UNet RandUNet

Acc. | DICE Acc. | DICE  Acc. | DICE Acc. | DICE  Acc. | DICE Acc. | DICE

KM 65% | 0.599 70% | 0.604 70% | 0.715  75% | 0.723 80% | 0.825 75% | 0.729

GMM 82.5% | 0.516  70% | 0.754  70% | 0.958 70% | 0.963 77.5% | 0.783 75% | 0.715
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5. Results: segmentations
Clinical: therapy response

baseline Vox Gabor Patch LBP T-UNet

Rand-UNet confidence
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5. Results: classifications -’—‘*‘”:i]Z},f"»-wrn_,.lu>—h.,._,[-i,;n
Clinical: therapy response =it

NON-RESPONDERS RESPONDERS

ART_109_Before ART_112 Before ART_114_Before ART_120_Before
L " T T T Yk T T T Tkl T T T Tl T T ¢ ]
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10 410 +j10 410 E

0 s 0 - 0 s 0 :
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Part 1: Results

Question 2:
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% change in ADCMean
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Clinical application - therapy assessment
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Cryo-EM?

e structure to function

e resolution revolution

e pharmaceutical
implications

eBIC facilities

Resolution : R
before 2013 T at present

Resolution

Illustration: ©Martin Hégbom/The Royal Swedish Academy of Sciences
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Cryo-EM?

Particle picking:
e noisy micrographs
e picking particles
e 2D classification




Cryo-EM?

Model building:
e density segmentation
e secondary structure
e side chains




Cryo-EM?

Model building:
e density segmentation
e secondary structure
e side chains

Ribosome: 100 000 atoms




Cryo-EM?

Pipeline automation:

e automatic parameter selection

e data model

Consensus refinement optimiser.star: ﬁOO1/run_it032_optimiser.star]@|8mwse|

Motion correction

CTF estimation Continue from here: | @]gmwSeJ
Manual picking o ’ . -
Auto-picking Body STAR file: 3bodies_repairedmasks.star |[7](Browse|

Particle extraction
Particle sorting

Subset selection
2D classification
3D initial model
3D classification
3D auto-refine

Reconstruct subtracted bodies?| Yes |+ ]@

Movie refinement
Particle polishing
Mask creation
Join star files
Particle subtraction
Post-processing

L oo commana]

Current job:|Give_alias_here | Display: |

-
I':u' ]

| Finished jobs | |Running jobs | |nput to this job

|

PostProcess/evecl_ftm14_overall/ (4] | MultiBody/job039/
PostProcess/evecl_Itm14_overall/ |
PostProcess/multibody HEAD/
PostProcess/multibody_SSU/

PostProcess/multibody_LSU/

PostProcess/consensus_LSU/
PostProcess/consensus_SSU/

|Scheduled jobs | |Output from this job

PostProcess/consensus_HEAD/
PostProcess/consensus_overall/
LocalRes/job023/
Refine3D/evecl__Itm14/
Refine3D/evecl__gtm14/
PastProcessirenairedmask HFAD/ (X

[ stdout will go here; double-click this window to open stdout in a separate window
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Questions?

CCP-EM:
Tom Burnley
Colin Palmer
Agnel Joseph
Martyn Winn

SciML:
Tony Hey
Jeyan Thiyagalingam




