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Digital Pathology

Highly accurate
Time-consuming, Expensive, Dependent on experience
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Convolutional Neural Networks

An image is just a collection of numbers stored in the memory
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Convolutional Neural Networks

How to build a machine that recognizes objects?
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Convolutional Neural Networks
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Convolutional Neural Networks

A neural network

output layer

input layer

hidden layer



Convolutional Neural Networks
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Convolutional Neural Networks
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Convolutional Neural Networks
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Convolutional Neural Networks

Scale up the model
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Overfitting and Underfitting

Difficult to find the right depth
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Overfitting and Underfitting

Difficult to find the right depth
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CNN to Residual Network
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The First Prototype - Data Pipeline

Step 1: Separation of training and testing Data
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The First Prototype - Data Pipeline

Step 1: Separation of training and testing Data

Training

Testing

7 . SRS 2B PR,
i » i e L . 5 | ..‘,’.; 2 ,\
(BN - " 3 Pl A
¥ '3 < <
r Iy -
S . ’
P, ' 4 J 1
\ - or > é i,
! - ¢\ % e ‘
e } - / . e ’ N
i A Y Y% \ ¥ ~
9 ~a? b ‘ "; - -
NP s o . y -~ -
4 o g3 PR ) Gt r
L S o =3 N,
- . <N - 3
— ST \ Vo . -~ 7 o |
- - o #. X giii N
-~ s i a
.-t - e a t" LU U~ 4
s -
) \4’ } \ / % 3 -
. g ==hin % 2 »
= ‘, . > &N 7 \ -~ .
- P . ‘/\'. - * Sl -
I it ,” v« é £ N
W g o . Y
> » w7 \ * <Ny LR ” W
- g =" 5 Se ) e 4 *
\ YOS 4 H ‘ 5> \ s i
<& L w : - N !~
LA % St~ _J £,
‘o ES re 4 e O —n '] - i:"-". .
9 4 £ SRR to,
H o PN  SEEED S B ~4,
.‘_1 . ‘\ . o o ~

Smear Images of bacterial colonies

DN

e ¥

Smear Images from patients




The First Prototype - Data Pipeline
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The First Prototype - Data Pipeline

Step 2: Segmentation of images

> - .1 - - . -~
Ly i : 3 " o ,‘ - Ny ~ / - \ V7
- - » - -
“ Clnn ¢ f‘ Wi x Yo g ‘: B
A3 ¢ . "o 3 I ,
tA2 » - - : & .
. - S L
e = NN o ame ) 5 et =
&9 e g™ 4 P . & %1
- & Y/ N i {7
e P ' > - - < ¢ .
' 4 T o5 b VI ! » . ] 1
‘ ’ o 3 N > > “ 1
;. o \ o -,
£ i & M oY I/ "SR Ne\ g R Y 3
L &3 2T 4 Nhss A »'-4
- b | .l:’v’ e o o N \ o 7, S & -
o A g bovy /8- e W
v
L LTy A P 5 - \ Fhe
v v ’ & oo :'" S «L’ i
" o e 7 ) .', % < 2 AR :
it .
-~ - - \ h): A -~ -’i“ & ;.Q:P
: . V7 = ~ 7 $ v i * ¥ £ 1 g A
~ . / - N
=l 5 - A \":‘ ’,"! i -G ‘} -
b, A 107 4 “-
- PR e ‘r 4 - i -
A /’I p o PR y P
- gt 3 - /
' ‘ "" - ’,.‘ 7 b .\ ” £ v *,?‘ -
‘
‘ e ” " ,‘_!\ * “; b “ ‘ v w» ["‘-_-
2 - 7 F . LV <135 ) 2. 4
AR . ’ B . '\ 4 .-
’ J » Y- & L s ¢ !,
% -, hg S - N W,
- e g ) > - .“’ ~ - ', \_’
e o y | L S
Aah ‘.l | N [ ’ (Y WY -y ') A= (0‘,'; y
7 . \7 {‘ ‘ —\'c‘ R . g -
) N N i - . R, -1
b e ki A Areay ert a Mg

Gardnerella Vaginosis colony

-



The First Prototype - Data Pipeline

Step 3: Training using the images
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The First Prototype - Data Pipeline

Step 4: Testing using the patients images
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The First Prototype — Model Architecture
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The First Prototype - Performance

Hold-out validation of 30% of unseen training data:

98.7% accuracy

Prediction by the model

Lactobacilli Gardnerella Curved rods Other
Lactobacilli 499 6 1 2
Actual type of | Gardnerella 0 559 3 4
bacteria Curved rods 0 2 589 0
Other 2 5 0 63




The First Prototype - Performance

Testing on 31 patient images:
45.1% accuracy

Prediction by the model
Normal Intermediate BV Infection
Normal 8 0 0
Actual degree of _
Intermediate 5 3 0
infection
BV Infection 6 6 3
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Second Prototype — Data Pipeline

Step 1: Collection of Data by Customized Tool “Clicklable”

|£] Clicklable - 3.JPG ] X
File Edit Preferences About
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Second Prototype — Data Pipeline

Step 2: Regions of Interest (ROIs) Identification by Image Processing

] (5 IdentifyPrimaryObjects #14, image cycle #1, group #0, group index #0 O X
File Edit Test DataTools Window Help File Tools Subplots Help
E Images -~
C Metadata @ é é ‘{-’ Q
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200 . 10th pctile diameter 8.1 pixels
400 i N ‘ | Median diameter 10.7 pixels
90th pctile diameter 13.9 pixels
600 Area covered by objects 13%
Thresholding filter size 0.9
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Rcioutpni et A : ) Declumping smoothing filter size |3.4
7 Adjust modules: | + _ i v 0 500 1000 Maxima suppression size 15.0
B Run B Step
[ Exit Test Mode & Next Image Set
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Second Prototype — Data Pipeline

Step 3: Image Segmentation
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Second Prototype — Data Pipeline

Step 4: Training and Validating using the images
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Machine Learning Model




The Second Prototype — Model Architecture

1 Standard Convolutional Layer

L 7 Residual Blocks

1 Fully Connected Layer




The Second Prototype —
Performance (Provisionary)

Hold-out validation of 10% of unseen training data:

31.4% accuracy

Testing on unseen image data (not used in tuning):

/72.9% accuracy
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Future Direction

Validation accuracy < 90% -
Increase complexity, fine-tuning and further training
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Future Direction

Large number of unlabelled data =
Exploration of other learning algorithms / architecture

Semi-supervised learning YOLO algorithm for object recognition






