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Outline

e Deep dive into a specific Medical imaging problem (Diabetic retinopathy
screening)

e Overview of Neural networks (specifically Convolutional neural network) and
optimization.

e The zoo of ML models and applications




Diabetic retinopathy (DR) screening
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® Healthy, no follow up

Automated needed.

Diagnosis

Trained
technician

—_—
or a consumer
device (eye-
selfie)

@ Follow up with
Ophthalmologist.

Fundus image

Build an automated fundus image reading algorithm to refer ‘referable’ cases to an Ophthalmologist.




Fundus imaging to diagnose DR
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DR: 5 point scale




DR: 5 point scale
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DR: 5 point scale




DR: Referability thresholds

e

Refer if >= Moderate DR Refer if >= Severe DR




Building blocks of a ML system
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Building blocks of a ML system
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Images and metadata
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Data partners

eye

>

SANKARA

Eye Care Institutions

O

ARAVIND

biobank’

Improving the health of future generations

AREDS

2 Million+ images across diverse ethnicities, age groups,
gender, confounding diseases.

Some come with the partners DR grading as well.




Building blocks of a ML system
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Labeling tool for Ophthalmologists

Time : 0:0:52 Answered: 0
CONTRAST
MAGNIFIER

DR GRADE

. NO DIABETIC RETINOPATHY
MILD NPDR
MODERATE NPDR
SEVERE NPDR

PROLIFERATIVE DR

REFERABLE DME? (Q)
NO YES

PRP LASER SCARS? (A)
NO YES

FOCAL LASER SCARS? (S)
NO YES




Building blocks of a ML system
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Model: Deep neural networks
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299 x 299

Convolution
Pooling

Conv Network - 26 layers

Other

GoogleNet

—| Image Quality
—> DR Severity
> DME Grade
—> Gender
—> Left/Right




Building blocks of a ML system

7

Images +
Metadata

)
C

T

\ 4

Storage

infrastructure Training

—__

»

Labeling
infrastructure

Ophthal-
mologists

Serving infrastructure
(APIs and Apps)

Users




Measuring performance: Sensitivity and specificity
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-d isi -
grader ) CeCISION g visit ophtha

Sensitivity

® 30k .. Truepositives
100 referable patients @ —» Sensitivity = Total positives 97%
d @® 97 Visit ophtha
Specificity _
DR @ 900 Ok e True negatives
1000 healthy patients @ —» Specificity = I _ =90%
g @® 100 Visit ophtha Total negatives




ROC curves
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Moderate or Worse Diabetic Retinopathy, AUC: 0.986

DR

Specificity

Algorithm| 97.1%

92.3%

20 40 60 80 100
1 - Specificity, %

Full paper at: https://arxiv.org/pdf/1710.01711.pdf [Published in Ophthalmology]

Improvement of our original work published in JAMA: https://research.google.com/pubs/pub45732.html



https://arxiv.org/pdf/1710.01711.pdf
https://research.google.com/pubs/pub45732.html
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http://www.google.com/arda

Outline

e Deep dive into a specific Medical imaging problem (Diabetic retinopathy
screening)

e Overview of Neural networks (specifically Convolutional neural network)
and optimization.

e The zoo of ML models and applications




The function we want to learn
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A 4

Referable DR = Yes/No




Input representation
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Neural networks learn this complex function

If no referable DR

if referable DR
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Neural networks learn this complex function
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10, 1}
1

Feed raw pixels x into
model

Learn good values for
w over training data

Have to choose good
network architectures




What is inside the neural network?




A single neuron
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Non linear transformation
(called activation function) Linear transformation

/'

Output of neuron =Y= f(wl.X1+w2.X2 + b)

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/



https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/

Some commonly used activation functions
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Sigmoid

tanh

10

RelU

Output of neuron =Y= f(wl. X1+ w2.X2+b)

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/



https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/

A single neuron
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\
wl
X] —

.

X2

f(wl. X1+ w2.X2 +b)

Output of neuron =Y= f(wl.X1+w2.X2 + b)

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/



https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/

Composing neurons to represent more complex functions
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Input Layer Hidden Layer Output Layer

Output 1

Hidden
node 2

Output 2

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/
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Fully connected network on the image
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A fully connected layer

6666?6666

Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/



http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

A convolutional layer
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Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/



http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

Repeat this across layers

EEENENY

Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/



http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

Reduce dimensions by pooling (like a zoom out)

Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/



http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

2D version of the visualization
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Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/
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A more abstract version of CNN
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Even more abstract version of a CNN

7

Convolution
Pooling

Conv Network - 26 layers Other

GoogleNet




Back to the original abstraction




Loss functions for training the network

The parameters w are optimized to minimize a loss:

Wopt = argminZL(f(a:z, w), Y;)
/,zzl [ \

. h :
Index over training data set Inp'uf[ representgtlon of i !:)esw'ec_i outpgt for
training data point it" training point




Losses commonly used
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Cross entropy loss (used in classification)

L(f(z;,w),y;) = —(yilog(f(zi,w)) + (1 — y;) log(1 — f(z;, w))

These are either 0 or 1 (indicator variables
denoting presence/absence of membership to
a particular class)

L2 Loss (used in regression, when the predicted value is a
continuous variable)

L(f(zi,w),y:) = ||yi — fzi,w)|?




The optimization problem

N

L(w) = min Y L(f(zi,w), 3.

Use your favorite optimizer (Nesterov gradient, LBFGS, so on) to find the best w.

In practice N is very large, and x; has very high dimensionality: These computational constraints restrict
us to using Stochastic Gradient descent, which can be run in a distributed manner across several
machines.

See: https://research.google.com/pubs/pub40565.html



https://research.google.com/pubs/pub40565.html

Tensorflow abstracts out this complexity for you

Open, standard software for
general machine learning

¥ Tensor

Great for Deep Learning in
particular

http://tensorflow.orq/

First released Nov 2015

and

https://github.com/tensorflow/tensorflow  Apache 2.0 license



http://tensorflow.org/
https://github.com/tensorflow/tensorflow

Outline

e Deep dive into a specific Medical imaging problem (Diabetic retinopathy
screening)

e Overview of Neural networks (specifically Convolutional neural network) and
optimization.

e The zoo of ML models and applications




ML models and applications: Image classification

7

Steel drum 1
{ / i i : Scale Scale
//////é%l u : Steel drum T-shirt T-shirt
"' ! Folding chair steel druin Giant panda
V% ke : Loudspeaker Drumstick Drumstick
I : Mud turtle Mud turtle
|
|
Ground truth : Accuracy: 1 Accuracy: 1 Accuracy: 0

ImageNet challenge: https://arxiv.ora/pdf/1409.0575.pdf



https://arxiv.org/pdf/1409.0575.pdf

Image classification models

7

GoogleNet

Convolution
Pooling

Other

\ 4

Cat

Steel drum

Car

\ 4

People




Image classification performance
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* Human Performance based on analysis done by Andrej Karpathy. More details here.
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http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/

ML models and applications: Object detection
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Image credit: https://arxiv.org/pdf/1611.10012.pdf |



https://arxiv.org/pdf/1611.10012.pdf

Object detection: Model architecture

classifier
propoy /

Region Proposal Network

feature maps

conv layers /

———rre . L7

Image credit:https://arxiv.orq/pdf/1506.01497.pdf



https://arxiv.org/pdf/1506.01497.pdf

Object detection: Model performance

TODO: Get PR Curve and plot operating point




ML models and applications: Image segmentation
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Image from: http://cocodataset.org/#detections-challenge2017



http://cocodataset.org/#detections-challenge2017

ML models and applications: Image segmentation

7
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128 64 B4 2
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https://arxiv.org/pdf/1505.04597.pdf



https://arxiv.org/pdf/1505.04597.pdf

Image segmentation performance

7

Copy to Clipboard Export to CSV

mloU floU mAcc pAcc
€ ResNeXt-FPN 0287  0.560 0.423 0.694
O G-RMI 0.264 0522 0.403 0.656
U f::}ord Active Vision 0232 0505 0.339 0.653
€ Deeplab VGG-16 0200  0.479 0.280 0.649
© Viiab 0.124  0.394 0.176 0.581

Show 25 v entries

http://cocodataset.org/#stuff-leaderboard



http://cocodataset.org/#stuff-leaderboard

ML models and applications: Aerial image analysis

Google Project Sunroof WWW.google.com/sunroof

1234 Bryant St, Palo Alto, CA 94301, USA

v Analysis complete. Your roof has

1,658 hours of usable sunlight per year
Based on day-to-day analysis of weather patterns

‘(\' 708 sq feet available for solar panels
Based on 3D modeling of your roof and nearby trees

If your electric bill is at least $175/month, leasing
solar panels could reduce it.

FINE-TUNE ESTIMATE SEE SOLAR PROVIDERS

Wreng roof? Drag the marker to the right cne

: 5
2016 Google - Map data ®2016 Google | Terms of Use



http://www.google.com/sunroof

ML models and applications: Satellite image analysis

Forest Cover Loss 20002016

[ ]
Legend

Loss
No loss
Water or no data

Screenshot from live tool at:
§ http://earthenginepartners.appspot.co
g8 m/science-2013-global-forest



http://earthenginepartners.appspot.com/science-2013-global-forest

ML models and applications: Translation

7

“Hello,

how are you?”

» “Bonjour,

comment allez-vous?”




Translation model:

LSTMs

7

target output words

5> iloss layer

o

Je suis étudiant <

projection layer

Y

-

Y

hidden layer 1

Ihldden layer 2

S

embedding layer

|
1
i1

am a student <s> Je suis étudiant

«

> < >

source input words target input words

Image source:
https://www.tensorflow.org/tutorials/seg2seq

Other Useful resources:
http://colah.github.io/posts/2014-07-NLP-

RNNs-Representations/

http://colah.qgithub.io/posts/2015-08-

Understanding-LSTMs/



https://www.tensorflow.org/tutorials/seq2seq
https://www.tensorflow.org/tutorials/seq2seq
http://colah.github.io/posts/2014-07-NLP-RNNs-Representations/
http://colah.github.io/posts/2015-08-Understanding-LSTMs/

Translation model performance

7

Translation quality

perfect translation

neural (GNMT)

phrase-based (PBMT)

English
>

Spanish

English
>
French

English
>
Chinese

Spanish  French  Chinese
> > >
English  English  English

Translation model

Data from side-by-side evaluations, where human raters compare the quality of translations for a given source sentence
Scores range from 0 to 6, with 0 meaning “completely nonsense translation”, and 6 meaning “perfect translation."

Source: https://research.googleblog.com/2016/09/a-neural-network-for-machine.html



https://research.googleblog.com/2016/09/a-neural-network-for-machine.html

ML models and applications: Predicting molecule properties

7

DFT , Targets
~ 103 seconds |£,wp, .-

-

Message Passing Neural Net

.r,"x ,;'H
v—r %
N4

~ 1072 seconds

Figure 1. A Message Passing Neural Network predicts quantum

properties of an organic molecule by modeling a computationally

expensive DFT calculation.
https://research.googleblog.com/2017/04/predicting-properties-of-molecules-with.html



https://research.googleblog.com/2017/04/predicting-properties-of-molecules-with.html

Predicting molecule properties: Performance

https://arxiv.org/abs/1702.05532
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Predicting molecule properties: Performance

Lo cuowo cwo Ae (R ZPVE U, G e NVMAE «+—— V/grious molecular properties
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Figure 8. Forecast of the central India summer monsoon (June-September) by SLP, UWND and SLP+UWND during
2001-2014.
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