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- M.Sc. / Ph.D. Mayo Clinic (Rochester, US)

- Ph.D. Asistivni technologie (FBMI, CVUT, Praha)

- Head of Research and Software Development: Neurona Lab
- Technology Leader: Channel Lab
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/777 neurona

bezpecneéjsi a ucinnéjsi diagnostika a lécba
Alzheimerovy nemoci s podporou Al
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Neurona PET

Dokaze zpresnit diagnostiku AN a
sledovat progresi onemocneni

Vyuziva Al algoritmus ke stanoveni
mnozstvi a lokalizaci patologické
bilkoviny beta-amyloid, ktera
zpusobuje AN, pomoci fuze MRI

a PET.
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Neurona ARIA

Dokaze pomoci Al vCas a presne odhalit nezadouci ucinky
biologické leCby

Al detekuje nezadouci ucCinky biologické lecby AN jako jsou edemy
Ci mikrokrvaceni
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/ Neurona VOX
;‘ Dokaze presne a vcas odhalit AN v jejim pocCateCnim stadiu .
¢ Pomoci mobilni aplikace rozpozna rane priznaky A
V

neurodegenerativhich onemocneni diky analyze hlasu pacienta.
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Jak to funguje Diagnostika Media O nas Pro pacienty Kontakt

Diagnostika diabeticke
retinopatie umélou inteligenci
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&/ Hrazeno zdravotnimi pojistovnami
«/ |Intuitivni ovladani pro sestry i Iékare

W/ Vysledky diagnostiky do 60 vtefin

—d
%
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© Bap,

Vyzkouset Aireen® % Aireen je prvni CE-MDR lIb certifikovany
N zdravotnicky prostredek, zalozeny na umélé

inteligenci, vyvinuty v CR.
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Retina Scan
Capture

Standard fundus
camera scan

Step 1

Only 4 steps

Upload your scans
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Cloud Upload &
Data Validation

Al Analysis

Aireen performs Takes only 30 seconds to
instant quality check diagnose in Aireen cloud
and feedback to
operator

Aireen Cloud

Report Provided

Report indicating
presence or absence of
DR symptoms

Step 4



Eye offer Unique focus on Major Diseases

Diabetic
Retinopathy

-

Kidney
health
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Hypertensive
Retinopathy

- N
Parkinson’s
Disease

e >,

I =N
Atrial
Fibrilation

\_ y

4 ke
Alzheimer
Disease
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Biological Age
(Longevity)
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J Detfinice Al
,‘ ,Systém uméle inteligence” (Al systém) znamena system, ktery je ;
« havrZen tak, aby fungoval s urcitou urovni autonomie a ktery na ~
V

Zzakladé dat a vstupu poskytnutych strojem a/nebo ¢lovéekem
vyvozuje, jak dosahnout daného lidmi definovaného cile vyuzivajici
strojove uceni a/nebo pristupy zalozené na logice a znalostech a
vytvari systéemové generované vystupy, jako je obsah (generativni
systemy umelé inteligence), predpovédi, doporuceni nebo rozhodnuti,
které ovlivnuji prostredi, se kterymi system umelé inteligence
Interaguje.
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Umely neuron - perceptron
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Fungovani perceptronu

Inputs

Weights
Net input Activation

funtion funtion
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output

> -0.83193076
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Fungovani perceptronu

Inputs

¥/1

Weights

e
i
R

rF J i

Net input Activation

funtion funtion
output

> 0.99973345
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/ Perceptron
4 .
] - Schopny klasifikace do dvou trid — tridy musi byt linearne 5
separované .
' 100 @=0 100 @=1 ®=0. -
4 :
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Neuronove site

Inputs Hidden Layers Outputs
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Jak se neuronova sit uci?

FEATURES + — 2 HIDDEN LAYERS OUTPUT =

Which properties do Test loss 0.534
you want to feed in? (= L Training loss 0.508
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4 neurons 2 neurons
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( e
X . X " This is the output
from one neuron. ‘
Hover to see it 0
larger.

Colors shows
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data, neuron and ! |

weight values.
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Jak se neuronova sit uci?
> @

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT

Which dataset do Which properties do Test loss 0.495
you want to use? you want to feed in? Training loss 0.526
+ - + - 9

Epoch Learning rate Activation Regulanzation Regulanzation rate Problem type

000,000 0.03 - Tanh - None - 0 - Classification 5
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0
sin(X,)
REGENERATE =
Colors shows
° = B
v data, neuron and ! .
sin(X,) ! 0 !
: weight values
N [C] Showtestdata [[] Discretize output
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http://drive.google.com/file/d/1sbfJIvo0IYqK09YrIgSVz1OlGftOnPuN/view
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sit uci?

O Epoch Learning rate Activation Regularization Regularization rate Problem type
W 000,608 0.03 v Tanh v None v 0 - Classification -
DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.001
you want to use? you want to feed in? i - 0 = Training loss 0.001
4 neurons 2 neurons
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Batch size: 10 * This is the output
—@ from one neuron |
Hover to see it 0
larger.
REGENERATE 2UND4
Colors shows
data, neuron and F ' .
1P, 1 0 1

weight values,

[] Showtestdata [] Discretize output
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Jak se neuronova sit uci?

O Epoch Learning rate Activation Regularization Regularization rate Problem type .
4
OO0,000 0.03 v Tanh v None v 0 v Classification v

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT

Which dataset do Which properties do Test loss 0.494
you want to use? you want to feed in? Trai
L — o = raining loss 0.500
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Batch size: 10 N This is the output

_. from one neuron

Hover to see it 0
larger.
REGENERATE

Colors shows

|
data, neuronand ! | —
1

weight values.

[[] Showtestdata [] Discretize output
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DATA

Which dataset do
you want 1o use?

Ratio of training to
‘ test data: 50%

‘

Noise: 0

Batch size: 10

-

REGENERATE

Epoch

000,000

FEATURES

Which properties do
you want {o feed in?

r I F B

PRV &

Learning rate

0.03

Y, /T

Activation

v Tanh

+ -

1S is the oulput
Irom ona neuron
Hover 10 see it
.g.g"

WY , (/T

Regularization

None

2 HIDDEN LAYERS

mixed with varyf

weilghts. shown
by the thickness

of the Ines

Jak se neuronova sit uci?

4+ -

2 neurons

)
¥

g

Regularization rate

0

@ Show test data

E W\ 4 .

Problem type

- Classification -
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OUTPUT

Test loss 0.511
Training loss 0.512
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http://drive.google.com/file/d/14mnRWHx8L_BuembJlO0oTEvrznl7Z3pa/view
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Jak se neuronova sit uci?

Q-

DATA

Which dataset do
you want to use?

u “‘h‘=
I

PN

Ratio of training to
‘ test data: 50%
L J

Noise: 0
®

Batch size: 10

REGENERATE

i

Epoch

001,047

FEATURES

Which properties do
you want to feed in?

Learning rate Activation
0.03 - Tanh
+ !
+ -
4 neurons

1 F i -

2 HIDDEN LAYERS

L=l ] N T D SO GG GO I N N SN N N ONN S (N N S SN W e pmE G P2 S GOl U WS R O e
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Regularization Regularization rate Problem type

~ None - 0 ~ Classification -

OUTPUT
Test loss 0.466
4+ - Training loss 0.348
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,I The outputs are
,l' mixed with varying
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This is the output
from one neuron
Hover to see it
larger.
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DATA

Which dataset do
you want to use?

— ‘m“‘.

Ratio of training to
test data: 80%

| @

Noise: 0O

Batch size: 10

—o

REGENERATE

1 F B

Epoch

FEATURES

Which properties do
you want to feed in?

4+ -

8 neurons

1=

1

@
sin(X) 3
sin(X,) 3 \
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Seer

mix

Learning rate

000,000 0.03

4+ -

8 neurons

7
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g
HR000000

-

NN, (/T

Activation

RelLU v None
— 6 HIDDEN LAYERS
+ - + -
8 neurons 8 neurons

* The outputs are

Y , /(/\T

Regularization

Jak se neuronova sit uci?

4+ -

8 neurons

sfsfufsiuls]=]x

.

Hooooooc

0
7l

Regularization rate

0

4+ -

2 neurons

W\

Problem type

- Classification -

OUTPUT

Test loss 0.532
Training loss 0.506
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Activation

Jak se neuronova sit uci?

Regularization

Regularization rate Problem type

Epoch Learning rate
) >
OO0,000 0.01 - RelLU None - 0 v Classification v
M—
DATA FEATURES + — 6 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.501
you want to use? you want to feed in? Training loss 0.4
+ - + - + - + - + - + - 9 =
8 neurons 8 neurons 8 neurons 8 neurons 8 neurons 2 neurons |
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http://drive.google.com/file/d/1uWOrzsPugt7qPjkphUw189gzqNyPX4JU/view
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Jak se neuronova sit uci?

b Epoch Learning rate Activation Regularization Regularization rate Problem type
4
OOO ] 228 0.01 v RelLU v None v 0 v Classification v

DATA FEATURES + — 6 HIDDEN LAYERS OUTPUT
A Which dataset do Which properties do Test loss 0.011
you want to use? you want to feed in? o (2 & i = 1 & an = = Training loss 0.011
8 neurons 8 neurons 8 neurons 8 neurons 8 neurons 2 neurons
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- Ziskani datasetu
- Anotace datasetu
- Zpracovani datasetu
- Vyvoj Al modelu
| - Vyvoj grafickeho rozhrani
- Napojeni na nemocnicni systemy
- Preklinické hodnoceni
- Klinicka zkouska
- Nasazeni + provoz
- Sledovani po uvedeni na trh

F7 yF " J .
.
/ Vyvoj zdravotnického prostredku
j - Definice cile S
{ - Rizikova analyza S
|

-

/A /4

CA IR
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- pokryti vékovych skupin, pohlavi, etnika, klinické podminky
- GDPR
- nekompletni data

- Anotace datasetu
- spoluprace s odborniky
- casove a financne narocné
- neshody mezi anotatory

Y/ 4 M I F = N, A\ ™\ "N
f. .
/ Vyzvy: Dataset

i , , s =
,‘ - Ziskani datasetu

“ - potreba ziskani velkého, validni, kvalitniho, rtznorodého datasetu S
V

/A /A

CA IR
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Vyzvy: Vyvoj Al modelu

- Presnost
- Vysvetlitelny
- Duvéryhodny pro lékare

¥/1/

— “s“\‘.
rF J J
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Vyzvy: Napojeni na nemocnicni systém

- Problémy s kompatibilitou starsich systemu
- Ochrana pacientskych dat
- Kyberneticka bezpecCnost

¥/

r I y I 7 B WY, (/T W\ ___4 ~
4
V
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- prisny, ale i pruzny (rychlejsi proces schvalovani, prima komunikace s
regulatorem, flexibilita pro inovace, notifikované osoby)

7T S A x
i .
/ Vyzvy: Regulace 3
‘ - EU = MDR (Medical Device Regulation) -
¢ - US=FDA (Food and Drug Administration) N
!

/A /A

- - Ovlivnéna rychlost implementaci na trh
- rychlost vyvoje
- technicka dokumentace
- finance
- validace (klinicka zkouska)

CA IR
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Vyuziti Al v projektech Neurona Lab
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Neurona ARIA-H
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Neurona ARIA-H — anotace snimku
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Neurona ARIA-H — anotace snimku
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Neurona ARIA-H — nebalancovany dataset

- Negativni / Pozitivni pacient
- Pozitivni pacient - 1-2 rezu
- Na 1 rezu - par pixelu

I/

f F7 BB ) I 7 B WY, (/T W\ __4
.
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- Jak by se dal resit tento
problém?
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Y/ 4 1 F B ~

] .

/ Neurona ARIA-H — sliding window \

',‘ - Negativni / Pozitivni pacienti ‘

¢ - Pozitivni pacient 2 1-2 rezu S
y - Na 1 fezu - par pixelu
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Neurona ARIA-H, Al modely - SLFN

Architektura: Single-hidden layer feedforward neural-network (SLFN) &
Typ: Classifier

- One input layer
- One output layer
- One hidden layer with 10 neurons (optimized by grid searching)

¥/1/

S ———
i
-

rF g J

The best result with a sensitivity of 93.05%, a specificity of 93.06%, and an accuracy of 93.06%

\/ A /A

[Zhang, YD’, et al. Voxelwise detection of cerebral microbleed in CADASIL patients by leaky rectified linear unit and early stopping. Multimed Tools Appl 77, 21825-21845 (2018). ]
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Neurona ARIA-H, Al modely — CMB-Net

Architektura: CMB-Net
Typ: Deep Convolutional Neural Network (CNN)

Layers: 18 layers in total
- Convolutional Layers: 3 layers with kernel size of 3x3
- Max Pooling Layers: 2 layers

S ———
i
-

- Batch Normalization Layers: 3 layers, placed after convolutional layers and before
activation functions

4 - Activation Function: RelLU
- Dropout Layers: Used between fully connected layers to prevent overfitting
- Fully Connected Layers: Serve as the classifier
- Softmax Layer: Used for the final classification

Average testing accuracy reached 98.39 %
[Lu, Z., Yan, Y. & Wang, SH. CMB-net: a deep convolutional neural network for diagnosis of cerebral microbleeds. Multimed Tools Appl 81, 19195-19214 (2022).]
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Neurona ARIA-H, Al modely — U-Net
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Fig. 4. Proposed lightweight implementation of the U-Net architecture.

Achieves a mean intersection-over-union (loU) of 89 %

2
[Jason Walsh, Alice Othmani, Mayank Jain, Soumyabrata Dev, Using U-Net network for efficient I
brain tumor segmentation in MRI images, Healthcare Analytics, Volume 2, 2022]
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/ Neurona ARIA-H — kombinovani pristupu
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Neurona ARIA-H — vypocet presnosti
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S ¢im nam muze Al jesté pomoct?
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Neurona ARIA-H — zlepseni kvality dat

4
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/ Neurona ARIA-H — kvalita snimku \
’ - Deep Learning-based Super-Resolution s
¢ - Vyuziti neuronovych siti (napr. SRCNN, EDSR) k pfevodu snimku z -
| nizkého rozliseni na vysokée. Tyto modely mohou rekonstruovat detalily

ztracene pri snimani.

- SRCNN: 3-vrstva CNN

/A A

1y feature maps 12 feature maps
ow-resolution image of high-resolution image

___________

A”——

near mapping Reconstruction
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Neurona ARIA-H — kvalita snimku

Low Resolution mDCSRN mDCSRN-GAN Original Resolution
26.88/0.8112 35.563/0.9471 32.83/ 0.9065 PSNR / SSIM

¥/1)

/A A

.

A\

[Yuhua Chen, et. al, MRI Super-Resolution with GAN and 3D Multi-Level DenseNet: Smaller, Faster, Better,
https://arSiv.labs.arxiv.org/html/2003.01217]
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Kontrola kvality obrazku

anonymous Acq.: Apr 15, 2015 anonymous Acq.: Apr 15, 2015
Apr 15, 2015 Acq.: 9:53:45 AM Apr 15, 2015 Acq.: 9:53:46 AM
ID: 1 ID: 1

0 Days 0 Days

/A A

Frame: [24] 24 / 90 Frame: [30] 30 / 63

Zoom: 515.5% Zoom: 515.5%

Window/Level: 463/231.5 ADO2 Centiloid Centiloid-... Window/Level: 20,864/7,734 ADO3 Centiloid Centiloid-...
Pixel: 11 CNTS - (14,35) Thickness: 2 mm Pixel: No value - Outside image Thickness: 2.42 mm
PT (128x128) - AXIAL Location: 46 mm PT (128x128) - AXIAL Location: 70.32 mm




F7 BB ) I 7 B WY, (/T W\ w

r J v

Kontrola artefaktu
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Segmentace: DeepNAT: Deep Convolutional Neural Network for
Segmenting Neuroanatomy

Multi-task CNN Multi-task CNN

/
4
¢
|

g A
X%
@ |

|
Foreground- M ‘ . M  Segmentation
Background J W

[Christian Wachinger, Martin Reuter, Tassilo Klein, DeepNAT: Deep convolutional neural network for segmenting neuroanatomy,,
Neurolmage, Vol 170, 2018, 434-445,ISSN 1053-8119, https://doi.org/10.1016/j.neuroimage.2017.02.035.]
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Alreen

- Detekce diabetickeé retinopatie (DR)
- Detekce vekem podminene makularni degenerace (VPMD)
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Aireen DR - priznaky
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Aireen DR software

- Kontrola kvality snimku

- kvalitni snimek
- hekvalitni snimek

- DR klasifikator

- DR pritomna
- DR nepritomna

- Grading DR

- mirna

- stredni

- tezka

- proliferativni
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Aireen DR — kontrola kvality snimku

i/

— -

/A /A

A\

(d) (e) (f)
Lin,J., Yu,L.,Weng, Q. et al. Retinal image quality assessment for diabetic retinopathy screening: A survey. Multimed Tools Appl 79,16173-16199 (2020).
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Aireen DR — kvalita snimku

- Korektni format

- RGB barevny model (neni cernobily)

- Vhodna obrazova kvalita

- Obsahuje foveu a opticky disk a jejich skore je vetSi nez
pozadovany prah
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- Pomoci Normalized Cross-Correlation
- Vystupem je mapa korelacnich koeficientu

F7 -
1 -
/ Aireen DR — detekce artefaktu (kapky) \
’ - Prijimani nékolika po sobé jdoucich snimku — artefakty se na snimku s
/ opakuji a zustavaji na jednom misté N
!

|
carners i - ciig}f)v:)its,iee Nce | accumulate !
| o N
1
delay for | < §
o
m frames movement o 8
parameters %z
Y
signal |, e iy [ sum up ], oary [ 2000 NCC
artifact sum inary map map pixel-wise

[N. Einecke, H. Gandhi and J. Deigmoller, "Detection of camera artifacts from camera images," 17th International IEEE Conference on

Intelligent Transportation Systems (ITSC), Qingdao, China, 2014]
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Aireen DR — detekce artefaktu §

L4
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0 100 2d0 300 460 500 600 700 800 0 100 200 300 400 500 600 7OO 800

Prumérovana NCC mapa datasetu A (bez artefaktul). Binarni mapa datasetu A (bez artefaktu).
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Aireen DR — detekce artefaktu §
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50 50
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200 200 .
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0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400

Prumérovana NCC mapa datasetu D (s artefakty). Binarni mapa datasetu D (s artefakty).
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Aireen DR — DR klasifikator

EfficientNet V2-S pouziva se ke klasifikaci obrazovych dat

1. Vstupni vrstva:
« extrakce zakladnich rysu

2. Bloky Fused-MBConv

« zlepsenirychlosti a efektivnosti zpracovani dat

3. Bloky MBConv

« zpracovani komplexnéjsich rysu v hlubsich vrstvach

4. Pooling, Fully Connected, Softmax

I 7 B WY, /E/\T

W\ 4 .

Images

l

Conv3x3

l 2,24

Fused-MBConvl (k3x3)

l L, 24

Fused-MBConv4 (k3x3)

l 2,48
Fusced-MBConv4 (k3x3)

l 2, 64

MBConv4 (k3x3), SE 0.25

l 2, 128

MBConvé6 (k3x3), SE 0.25

l 1, 160

MBConv6 (k3%3), SE 0.25

l 2,256

Conv1x1, Pooling, FC

l none. 1280

Logits
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/ Aireen DR — DR grading :
4 - Pravdepodobnostni rozdeleni mezi 4 skupinami _
J - mirna E
- stredni
| . tézka

- proliferativni

4 (a) Grade 1 (b) Grade 2

/A A

(c) Grade 3 (d) Grade 4
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Aireen — vysvetlitelna Al
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Analyza velkého

datasetu
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Automaticka anotace

datasetu
A
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Efektivita a Uspora

nakladu
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Rychla a presna

diagnostika
A

‘ant\‘l'\
Automatické upozornéni

na abnormality
AT
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24/7 Dostupnost
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Proc pouzivat Al v medicine?
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Dostupnéjsi screening
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Personalizovana lécba

A

it

Telemedicina na dalku
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Kamila Dvorak
kamila.dvorak@neurona-lab.com
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www.neurona-lab.com
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Integrované reseni Neuronalab SW* a NIS **

Neurona splfiuje mezinarodni bezpecnosti protokoly a ochranu osobnich udaju. Komunikuje pres ePACs***,

(
On_premise HOSpital ........................................................................................ \

deployment network :
5 D [I «— — \{
v ol s & s
Hospital :
Producent (_\| Study
Cloud : Queue Consumer Al

-

deployment ) : 5
4 5 Analysis API Neurona App Network

{b:@Q

Neurona ~ .
Cloud Bridge @ S @ . %
; «— —

Hospital
Producent

Internet : DB Management API Management Ul

Hospital

network : \ ........................................................................................ J
\_

* SW = software
** NIS = nemocni¢ni informacni systém
***ePACs = bezpecna a standardizovana platforma pro vyménu zdravotnickych dat mezi poskytovateli zdravotnich sluzeb




	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58
	Slide 59
	Slide 60
	Slide 61
	Slide 62
	Slide 63
	Slide 64

