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Logistic Regression
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What is Deep Learning?

Logistic Regressions

Image credit Pascal Vincent
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What is Deep Learning?

Logistic Regressions







Automated pathology
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Tumor Segmentation

Automated detection of metatases in hematoxylin
and eosin (H&E) stained whole-slide images of
lymph node sections.

Reduce the workload of the pathologists and the
subjectivity in diagnosis!

Normal Patches

Determining the |
probability that an |
image patchisa |
tumour can be solved
using deep learning : o

Tumour Patches
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Image credit: Harvard Medical School, MIT, and EXB Research

https://camelyon16.grand-challenge.org/
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High accuracy screening and very reproducible!

S L

Harvard Medical School and MIT, Method 1

EXB Research and Development co., Germany

Independent participant, Germany

Middle East Technical University, Departments of EEE, NSNT and HS, Turkey

NLP LOGIX co., USA
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ROC curve - Harvard Medical School (BIDMC)
and Massachusetts Institute of Technology (CSAIL)

True Positive Rate

o7 i — ROC curve (AUC = 0.9250)

0.0 ! T T \
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

https://camelyon16.grand-challenge.org/
Image credit: Harvard Medical School, MIT, and EXB Research



How does it work?



Segmentation with Deep Learning
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[Ronneberger et al., U-Net: Convolutional Networks for 8
Biomedical Image Segmentation 2015] S—
[Honari et al., Recombinator Networks: Learning
Coarse-to-Fine Feature Aggregation 2015]




Segmentation training in progress
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Image credit: Lewis Fishgold and Rob Emanuele



How can the network learn?



Example

stretch pixels into single column

\ ,,

) :4‘ | . . 0.2 | -05 | 01 2.0 56 1 -96.8 No Tumor
ULIE S 15 | 13 | 21 | 0.0 3.2
o e £ . : : : 231 <+ : — | 437.9 Tumor
',,g!;,. ot
el s 0 025 0.2 | -0.3 24 -1.2 61.95 Necrosis
Image Patch
£Lj

Given a patch predict the class of the center pixel

Image credits: http://cs231n.github.io/linear-classify/



Softmax

)
Zc
Zczl €
No Tumor 3.2 24 .5 0.13
Tumor 5.1 exp 164.0 | normalize 0.87
— — >
Necrosis -1.7 0.18 0.0

f(mi; W7 b)

To predict multiple classes we project to a probability distribution



Simplex

Tumor )
0.13 No Tumor

1 . 0.33

J-L

Tumor Necrosis

0.87 Tumor

0.0 Necrosis

Tumor Necrosis

Tumor

Because it is on a simplex; the correction of one term impacts all

Image credits: http://gureckislab.org/



Necrosis [ 0.00
Tumor 0.00

No Tumor 0.00

Infinite ways to generate the same
output.

BN [0.33333333 0.33333333 0.33333333]

No Tumor

A correction of one sends gradients
to others

We can learn unseen classes
through a process of elimination.

Necrosis Tumor

https://github.com/ieee8023/NeuralNetwork-Examples/blob/master/general/simplex-softmax.ipynb



Softmax and Cross-entropy loss

e~J
. pRe
Zczl €
No Tumor 3.2 24 .5 0.13
Tumor 5.1 exp 164.0 | normalize 0.87
— —
Necrosis -1.7 0.18 0.0

f(mi; W’ b)

- Z yilog(pe)
C

0.0

loss 0.13
—_—

0.0

‘To predict multiple class we can project the output onto a simplex and

compute the loss there.







More segmentation tasks!
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More segmentation tasks!
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CT Pancreas Seg’rﬁéhtation MRI Brain Tumor Segmentation



More segmentation tasks!

Prediction GT Prediction GT
Prediction . GT TTPr T Prediction GT
@ - :
Sub-acute ischemic stroke Stroke Perfusion Brain tumor
lesion segmentation Estimation segmentation

Image Credit: Mohammad Havaei



Multi-modal MRI acquisition

Sub-acute ischemic stroke Stroke Perfusion Brain tumor
lesion segmentation Estimation segmentation

Image Credit: Mohammad Havaei



Multi-modal MRI acquisition

Sub-acute ischemic stroke Stroke Perfusion Brain tumor
lesion segmentation Estimation segmentation

Image Credit: Mohammad Havaei



HeMIS: Hetero-Modal Image Segmentation

Back End Abstraction Front End
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HeMIS: Hetero-Modal Image Segmentation

Back End Abstraction Front End
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Results (BRATS)
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Results (BRATYS)

FLAIR T2W T1W Tlc HeMIS Truth



Results (BRATYS)

FLAIR T2W T1W Tlc HeMIS Truth



Results (BRATS)

FLAIR T2W T1W Tlc HeMIS Truth



Brain tumor segmentation (BRATS2013 dataset)

Edema
Necrosis
Non-enhanced
Enhanced

Training data:
220 subjects with high grade and
54 subjects with low grade tumors

Dice Similarity  Leaderboard Challenge
; ‘W Method Complete Core EnhancmComplete Core  Enhancing

Tustison 79
Zhao 79 59 47

o ﬁ

[Havaei et al. HeMIS: Hetero-Modal Image Segmentation, MICCAI 2016]






Interpreting Chest X-Rays

Atelectasis Cardiomegaly Effusion Infiltration
e li ,I .

Mass Nodule Pneumonia Pneumothorax

Wang, ChestX-ray8: Hospital-scale Chest X-ray Database and Benchmarks on Weakly-Supervised Classification and Localization of Common
Thorax Diseases. 2017




Convolutional Neural Net Predictions

Setting Atelectasis | Cardiomegaly | Effusion | Infiltration | Mass | Nodule | Pneumonia | Pneumothorax
AlexNet 0.6458 0.6925 0.6642 0.6041 0.5644 | 0.6487 0.5493 0.7425
GoogLeNet 0.6307 0.7056 0.6876 0.6088 0.5363 | 0.5579 0.5990 0.7824
VGGNet-16 0.6281 0.7084 0.6502 0.5896 0.5103 | 0.6556 0.5100 0.7516
ResNet-50 0.7069 0.8141 0.7362 0.6128 0.5609 | 0.7164 0.6333 0.7891
AUCs for each class of a multi-target model
P;‘gec‘,ﬁs
32,717 patients

108,948 X-Rays

Text extracted using NLP from
doctors notes

uosnyd
oo 0008

7000 " o000 " 5000
Infiltration




Radiology report Keyword Localization Result

findings include: 1. left basilar at- | Effusion;
electasis/consolidation. 2. prominent | Infiltration;
hilum (mediastinal adenopathy). 3. | Atelectasis
left pic catheter (tip in atriocaval junc-
tion). 4. stable, normal appearing car-
diomediastinal silhouette.
impression: small right pleural ef-
fusion otherwise stable abnormal
study including left basilar infil-
trate/atelectasis, prominent hilum,
and position of left pic catheter (tip
atriocaval junction).

Table 8. A sample of chest x-ray radiology report, mined disease keywords and localization result from the “Atelectasis” Class. Correct
bounding box (in green), false positives (in red) and the ground truth (in blue) are plotted over the original image.



Radiology report Keyword Localization Result

findings: no appreciable change since | Effusion;
XX/XX/XX. small right pleural effu- | Nodule
sion. elevation right hemidiaphragm.
diffuse small nodules throughout the
lungs, most numerous in the left
mid and lower lung. impression:
no change with bilateral small lung
metastases.

Table 10. A sample of chest x-ray radiology report, mined disease keywords and localization result from the “Effusion” Class. Correct
bounding box (in green), false positives (in red) and the ground truth (in blue) are plotted over the original image.






Cell counting from images

Complicated cell structure

[Cohen et al. 2017]



Cell counting from images

Image input (/)

(256 x 256)
I
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Cohen et al., "Count-ception: Counting by Fully Convolutional Redundant Counting," 2017



Cell counting from images

Image input (7)

(256 x 256) g
I
32 Zero padding 32
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Cohen et al., "Count-ception: Counting by Fully Convolutional Redundant Counting," 2017
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100 {0

150

250 1

Regression target, 32x32 sliding window Predicted counts

MBM Cells (44 Images Total)
Method N=5 N =10 N =15

Predict Average Count 204+ 2.3 28.6 = 1.6 28.2 1.6

Cell Profiler -single —19.8+4.2 —

Cell Profiler -multiple —12.8+31—
FCRN-A, Xie (2016) 28.9:£22.6 2224 11.6 21.3+94
Count-ception (Proposed)  12.6 £ 3.0 10.7=% 2.9 8.8 2.3

““Cell Profiler results were obtained using a single pipeline (single) and using three dif-
ferent pipelines (multiple) to account for color differences in two of the eleven images.

[Cohen et al. 2017]



Regression target, 32x32 sliding window.

e Cells (200 Images Total)

Input |
) nput Image .
-
20 25
1 -" =
40 50
60 & 75
80 1 100
007 125
L :
120
; Adipocyt
140
, Method
0 20

N =10 N =25 N =50

Predict Average Count
Cell Profiler 150 x 150
Cell Profiler 299 x 299 '
Adiposoft (2012) 299 x 299 T#
Adiposoft (2012) 1700 x 1700 '+
Count-ception (Proposed) 150 x 150

33.84+3.1 33.6+x3.0 33.5x2.9
—40.0£3.9—
—25.06 £ 2.6 —
—45.4 £ 25.47 —
—14.8 £13.63 —

25.14+2.9 21.9x+28 | 194+ 2.2

"This evaluation utilized larger resolution images than then Count-ception evaluation.
+This analysis was computed on only 10 images because it must be manually processed.

Predicted counts

100 125 150 175

[Cohen et al. 2017]



prediction  target

adult_male

subadult_male

female

juvenile

pub

Kaggle sea lion challenge (37th/385 place)
Implemented by Robin Dinse (Universitat Koblenz-Landau)






Semi-supervised Segmentation with GANs

Images without segmentation labels

Images with segmentation labels



Semi-supervised Segmentation with GANs

. . . . . . Supervised
4:“: = training of SN

=N 5= -

training
between SN
an BN pg-EE-FE=ff]

! .Annotated image sample . Segmentation probability map Evaluation score
.Unannotated image sample . Segmentation ground truth =3 Emce = fbce

|
|
| : . .
, — Forward propagation <« Backward propagation <« == Backward propagation
Deep Adversarlal. Networks for Bmmedlcal : Wlth network Wlth no network
nee S Tagen - , parameters update parameters update

Yizhe zmng““m Lm Yung‘ Jianxu Chen‘, Mmdel Fredericksen?,
2

! Department of Comput uter Slence nd Engineeing, Univerity of Notre Dane,
otre Dame, IN 46556, USA
yzhang290nd. edu
* Department of Entomology and Department of Biology, Center for Infectious
Disease Dynamics, Pennsylvania State University, University Park, PA 16802, USA

Zhang et al., "Deep Adversarial Networks for Biomedical Image Segmentation Utilizing Unannotated Images," 2017




Input Image
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Ground Truth SSAN [6] Ladder Networks [9] DA
Method # images used | F1 Socre ObjectDice ObjectHausdorft
Anno. | Unanno. | part A | part B | part A  part B | part A | part B
SN (base model) 85 0 0.9071 | 0.825 |0.898 |0.826 |48.740 |126.479
SSAN [6] 85 0 0.9060 | 0.836 | 0.886 |0.818 |53.393 |128.385
Ladder networks [9] | 85 100 0.9047 | 0.833 | 0.893 |0.818 |45.418 |110.984
CUMedVision [2] 85 0 0.912 |0.716 |0.897 |0.718 |45.418 |160.347
Multichannell [16] | 85 0 0.858 | 0.771 |0.888 |0.815 |54.202 |129.930
Multichannel2 [15] |85 0 0.893 |0.843 ' 0.908 | 0.833 ' 44.129 116.821
DAN 85 100 0.916 | 0.855 | 0.903 | 0.838 45.276 | 104.982







Genomics - Gene Understanding
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Gene understanding

How can we represent different tissue types?
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[Trofimov et al. ICML WCB 2017]




Factorized Embeddings

OUTPUT

NEURAL NET

INPUT

Fully Connected 1 hidden layer (10)

tanh()
?

Concat

=

Tissues embedding space (R2) ~ Genes embedding space (R')

Factorized Embeddings
P
» B & ¥
- 3;53‘ g; ,,
R *
Fap Sy Qs
e >, 0. :
.c ',-’ (d
‘.\i,{; « 4

Dimension 1

t t

Gene expression is predicted given
(Tissue, Gene) pair

Genes condition Tissue Prediction
Tissues condition Gene Prediction

Embedding locations are updated
based on function

[Trofimov et al. ICML WCB 2017]



type
® Artery - Aorta
® Atrtery - Coronary
® Artery - Tibial
® Breast - Mammary Tissue
® Heart - Atrial Appendage

® Heart - Left Ventricle

type
® Breast - Mammary Tissue
® Heart - Atrial Appendage
® Heart - Left Ventricle

® Uterus



Dimension 2
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Factorized Embeddings
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Dimension 1

We can visualize an
expression level for every
tissue embedding
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What is this gene
involved in?
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Factorized Embeddings

MYHO6

"Muscle contraction”

[uniprot.org]
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Dimension 2
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KRT (Keratin)

Keratin is the protein
that protects epithelial
cells from damage or

stress
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