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If it Walks/Swims/Quacks like a

duck....Then it must be a duck!
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[Moaxoabl MaLLMHHOMO 0byYyeHUs

Oby4yeHune c NoaKpenaeHn

CamoynpasnaemMble aBTOMOOMAN
Pob60oTbl Nblnecocol

Ob6yyeHMe C yuntenem ObyueHue bes yuutens

Ob6y4yeHuMe C YaCTUYHbIM
npuUBAEYEHNEM YYNUTENS

_1Knaccndpumkaumsa JKnactepusauums
JPerpeccus dYmeHbleHune
dPaHxMpoBaHMe PasMepHOCTU



Knaccuopmnkaums

MeToabl:

dNornctnyeckan perpeccus

JMalmnHa onopHbIX BEKTOPOB
(Support vector machine, SVM)

(JHausHbINM Baiec

J Jepesbs peweHni

i JHelpocetn

pUMepbI:

. Cham-duabTp JAHcambaum (Random Forests,
« OnpegeneHne obbekTa Ha $GOTO Gradient Boosted Trees)

« OnpegeneHue A3biKa Qk-NN

e [lpeackasaHme NPOMOTOP-3IHXAaHCEPHbIX B3aMMOAENCTBUN
* AHann3 TOHA/IbHOCTH

* [lpeackasaHue adpPpeKkTa myTauum

* T[lpeackasaHme COCTOAHUA XPOMaATHUHA

* T[lpeackasaHmne BTOPUYHOM CTPYKTYpPbl Benka

* UT.A.
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HY%HO BbLINUTbL UTObbl TAHUEBATHL NyYwe BCEX

SVM (meToa onopHbIX BEKTOPOB)

Pa3pensem guabl ankorons

xopowee pasfenexHne
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https://vas3k.ru/blog/machine_learning/
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[Moaxoabl MaLLMHHOMO 0byYyeHUs

Oby4yeHune c NoaKpenaeHn

CamoynpasnaemMble aBTOMOOMAN
Pob60oTbl Nblnecocol

Ob6yyeHMe C yuntenem ObyueHue bes yuutens

Ob6y4yeHuMe C YaCTUYHbIM
npuUBAEYEHNEM YYNUTENS

JdKnaccudpukaums JKnactepusauums

Perpeccus dYmeHblueHne
HUe Pa3MepHOCTU
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Perpeccus

[eomeTpuyeckm onpeaensietT npsamyto (B cnyvyae IMHENHOM

100
perpeccumn), Hanbonee 6AM3KO NPOXOAALLYIO KO BCEM TOYKAM.

[Mpumepbl:

* [lpOrHo3 CTOMMOCTU LLEHHbIX Bymar

e T[lpeackasaHmne TpeXMepPHOM apXUTEKTYPbI XPOMaTMHA
* [lpepckasaHue TemnepaTypbl BO34yXa

* [lpencKkasaHne ypoOBHA IKCMPECCUM reHa

* UT.A.

20 30 40 50 60 70 80 90 100

11



[Moaxoabl MaLLMHHOIO 0by4YyeHUs

Oby4yeHune c NoaKpenaeHn

CamoynpasnaemMble aBTOMOOMAN
Pob60oTbl Nblnecocol

Ob6yyeHMe C yuntenem ObyueHue bes yuutens

Ob6y4yeHuMe C YaCTUYHbIM
npuUBAEYEHNEM YYNUTENS

dKnaccudpukaums JKnactepusauus
dPerpeccus JdYmeHrbwenne
dPaHxMpoBaHMe PasMepHOCTU
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RAaacTepumsaumd

[Mpumepbil:

Ob6beanHeHne BAN3KUX TOYEK Ha KapTe
AHann3 n pasmeTKkn HOBbIX AaHHbIX

[pynnmMpoBKa NOKynaTenen no notpebutensckomy
noBeAeHMto(4acToTa NOKYMNOK, BUAbl TOBAPOB B
KOP3UHe, CpeaHUN Yek,...)

[PyNNMpOBKa KNETOK NO NPOPUAI0 IKCNpECccUm
UT.na.
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[Moaxoabl MalLMHHOMO Oby4YeHUS

. . O6yyeHne C YaCTUYHbIM
ObyyeHue c yuutenem ObyueHne bes yuntens NnpPUBAEYEHNEM YUUTENS

Oby4yeHune c NnoaKpenneHnem

. Camoynpasnsaemble aBTOMO6UAM
. Pob60TbI Nblnecocsl

dKnaccudpukaums JKnactepusauums
dPerpeccus dYmeHbleHune
dPaHxMpoBaHMe PasMepHOCTU
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A mostly complete chart of

owwmece  Neural Networks ...
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Generative Adversarial Network (GAM) Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Netwark (ESN)
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OLI,EHKa TOYHOCTU TMPEeOCRAa3aHUNA

No cancer Has cancer

*

®
@

<
§ < FN
g Has cancer No cancer
-

E Predict cancer TP FP

Predict No cancer FN TN

TP

‘Iyecmeumeﬂbuocmb(TPR) = TP+ FN
+

_FP
TN +FP ™
0 False Positive Rate 1 Cneyuguunocmp =

TN + FP
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TaK yTo Tam HacyeT bBuonormm n meagmnumnHbI?
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YPHanNos

23



Chester the Al Radiology Assistant About

Chester the Al Radiology Assistant

NOT FOR MEDICAL USE. This is a web based (but locally run) prototype system for diagnosing chest X-ray images. The patient data remains on your computer and all computation occurs in
your browser. The goals of this system are:

1. Let people play with deep learning tools to know how they work and their limitations.

2. Show the potential of open data (needed to build a public system like this).

3. Create a tool to help teach radiclogy.

4. Demonstrate a model delivery system that can scale to provide free medical tools to the world.
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Example Image (00000001_001-Cardiomegaly-Emphysema.png)

Input Image Out Of Distribution reconstruction error Predictive image regions Disease Predictions
Heatmap where the image varies from the training Heatmap of image regions which influence the prediction. Probability of a disease.
distribution.

Name Healthy
Atelectasis
Cardiomegaly
Effusion
Infiltration
Mass
Nodule
Pneumonia
Pneumothorax
Consolidation
Edema
Emphysema
Fibrosis
Pleural_Thickening
Hernia

* %

'l . 4

recScore:0.27, ssim:0.39

Chester: A Web Delivered Locally Computed Chest X-Ray

Disease Prediction System, 2019 20
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Chester: A Web Delivered Locally Computed Chest X-Ray
Disease Prediction System, 2019
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MpeacKasaHme paka KoXu

a
Bullous Stevens- 10
Johnson
syndrome,
. . ¥ f n '
Rsoriasis ey : Genodermatosis;
G -
@ neoplastic
Rosacea @
: - O ERERINE
Skin disease lymphoma
Lipoma
Angiosarcoma
Fibromage Dermal Benign

Malignant Dermal

Cyst Merkel cell
carcinoma

EpidermalMelanocytic
Melanoma Epidermal

Milia

Solar
SeborrhoeicllentigolCafeé at) Squamous
keratosis Jait Spot cell

carcinoma

28

A Esteva et al.



Malignant

Epidermal lesions

[lpeackasaHue paKka KOXu

Melanocytic lesions

Melanocytic lesions (dermoscopy)

Train:

29,450 clinical
Images

21 board-certified
dermotologist




[MpeackasaHue paKa KOXu

Basal cell carcinomas ® Epidermal benign
. * Epidermal malignant
Melanocytic benign

® Melanocytic malignant

Squamous cell carcinomas

' a -- . e
' .“ v e hd - .s . ) Ka L
o . L] 4 -
Melanomas —L—.—} s® .’0 ° ® .4. : . = .T
. » 4

o |
T N Seborrhoeic keratoses

A Esteva et al. Nature 1-4 (2017)
doi:10.1038/nature21056 30



MpeacKkasaHme paka KoXu

Carcinoma: 135 images Melanoma: 130 images Melanoma: 111 dermoscopy images

1 . 1 oz T — i A
4 ol Eesasswerusispmass ¢
2 = - > :
2 | g . O  Fg
S o B o i P 1Y
Q L 8 V) o) Lo
) { 3 Z o Z [ A
— Algorithm: AUC =096 ' ! — Algorithm: AUC =0.94 | — Algorithm: AUC =091 | !
* Dermatologists (25) o ® Dermatologists (22) Lo ® Dermatologists (21) '
¢ Average dermatologist | ¢ Average dermatologist | ¢ Average dermatologist +
0 e 0 e 0 -
0 0 1 0

Sensitivity

A Esteva et al. Nature 1-4 (2017) doi:10.1038/nature21056

Sensitivity

Sensitivity




M peacKa3aHUe paKa KOXHU

GETTING STARTED

SkinVision Service: Keep your skin healthy with
regular self-checks

; ®
oee
1]
[skinvisionProgramStep2|
Take a photo of your skin spot Receive your risk indication Schedule your next check

Open the SkinVision camera and take a photo of the skin ~ SkinVision gives you a low, medium, or high-risk indication  Store your photos securely and set up reminders for your
spot that concerns you. You may need the help of within 30 seconds. In case of a high-risk indication, you get next skin checks. Stay on top of your skin health with
someone else if your skin spot is in a difficult place. free advice from our in-house dermatologists on the next regular checks.
steps to take.

32



[MpeacKasaHue paKa KoXU

1SION

> SkinV

< Assessment Result

Your assessment is

MEDIUM RISK

What does this mean?

Our algorithm performed a check on your

nhntn anA Aid nat finA cianc Af cl/in FanFar
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/ ,/Pa3pa60TKa NIEKapCTB

//

1) TeHepupyem rmnoTessi.
. onpeaensem 6enkm MULLEHU

2) Nepebunpaem coeanHeHns, cBA3bIBAIOLWMECH C MULLEHbIO.
3)Bbibupaem nyyiime BapuaHThbl

4) Tectupyem B 61M0N0OrMYecKom CUCTEMbI

5) KnnHnyeckme ncnbiTaHUS




Yem MmoXKeT NOMOYb UCKYCCTBEHHbLIN MHTENNEKT?

* BoisBneHne 6MoN0rmMyecknx MULLEHEN

e Co3aHMe HOBbIX MOJIEKY/ C onpeaeneHHbIM Habopom CBOMCTB.
* MMepebop moneKkyn, cBA3bIBAIOLLUXCA C MULLEHbIO

€9

Atomwise

AtomNet: A Deep Convolutional Neural Network for Bioactivity Prediction in Structure-based Drug Discovery

36



Hempé"ﬁleTe ce;mam nmxop;,u,Ka 360na B
2014 2015r * |1

- 28 183 cnayyas
11,306 cmepTeM

=N

*(40% cmepTHOCTDb)
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L N/

1SN PORADICE CETV

2014-2015r.

7,000 monekyn, npoweaLmnx
NCNbITaHWA Ha 6e30NacHOCTb U
MCNO/b3YIOLWUXCA ANA NeYeHUA
apyrnx bonesnen
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[lpeacka3aHume BCnbllWeK Manapum

e 2017 r1.219
MNJIJTIMOHOB C/Z1y4a€EB

e 2017 r. 435 000
CMepPTEN
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daKTOpbI, NpUBOAALLME K BCMNbILLKE

dKanmatnueckume

* TemnepaTypa

* Ocagku

* BnaXXHoOCTb

* HaBoaHeHuMe

* 3acyxa

* CTUXUNHbIE beacTBumA
dHe KnumaTtuyeckme

* PA3/INYMNA MEXKAY Nt0AbMUN-XO039€BaAMU
* MUrpauma nraeun

* CTPOUTE/IbHbIE PaboTbl




Max.Temperature | Min.Temperature Avg. Rainfall | Positive pf Outbreak
Humidity
29 18 49.74 0.00 2156 112 No
34 23 83.27 15.22 10717 677 Yes
40 23 50.74 0.00 1257 127 No
34 24 59.16 9.06 4198 211 No
34 27 73.23 0.00 11808 712 Yes
31 24 88.77 41.40 10881 648 Yes
33 24 77.94 23.88 8830 459 Yes
31 24 84.57 11.15 9693 482 No
36 24 53.40 212 9310 549 No
20 1 1 — 20 14 32 23 57.50 0.00 13154 838 Yes
34 18 59.40 0.00 2197 136 No
1680 Samp|es 42 24 49.43 219 | 3362 | 213 No
45 32 34.74 0.38 416 26 No
43 28 69.07 465 7514 410 No
33 23 80.97 6.92 10990 390 Yes
32 24 87.32 11.92 6536 338 No
40 27 63.97 0.00 11169 776 Yes
39 25 47.52 0.00 8131 312 No
36 26 72.78 3.54 5138 213 No
31 23 73.35 4.97 10659 612 Yes
30 23 86.81 7.21 9041 418 No
30 22 78.80 3.12 11265 404 Yes
33 22 73.71 1.75 9233 212 No

Table 1.1: Sample data collected from different sources.

Malaria Outbreak Prediction Model Using Machine Learning, 2016  **
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Digestive inspection Liver

Normal

No hepatomegaly.
Anderson
David
Digestive auscultation Rectal
S January 2009

Normal abdomen noises

i

|

| Sheets
-I Madting Dactol g :::crz:zrglc Digestive palpation
Assistant O Cardiac

Billing O: Respiratory

Reports
Statistics v Exams

S : z Radiology
SOAP Sum. [T | Surnmary ||

R-Y T.RPC Patient docurnents =
Agenda atte

Meetings |
" 2 month checkup 5 Mar 09 :I
1 month checkup 1m.0d
10 days chekup 13Jan 09 &d
Control for retum at home R 3 4d
SJan09 0d

Little pain on the right lower area

Diagnosis 3 New documents
ral - Abdomen palpat o
- 15 Sep 2009
- Cardiac auscul
- 15 Sep 2009 %
To Do

Send checkup

|

My Diagnosis

MNotes
Father ask many questions, add 10 minutes to
consultation

Current doctor Dr Herman

Search Previous page | Next page




[lomeHeHne B MUKPOCKONUU

Manually tuned
algorithm

(3 Team: Dmytro Fishman, Ardi Tampuu, William Jones, Elizabeth Bell,
H llya Kuzovkin, Tanel Parnamaa, Leopold Parts, Jaak Vilo, Raul Vicente
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[TouMeHeHne B MUKPOCKOMNN

Manually annotate Sample training image
training image to construct training data

» Train image classifier » Angr‘]n;:vgi;calgf:ﬁer

Cell boundary  Cell interior Background

images

image S ima ges Deep Learning Automates the Quantitative Analysis of Individual Cells in Live-Cell Imaging Experiments
David A. Van ValenTakamasa Kudo... Markus W. Covert
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https://journals.plos.org/ploscompbiol/article/authors?id=10.1371/journal.pcbi.1005177

Trainable
Classifier

Mid-Level
Feature

Low-Level
Feature

High-Level
Feature

1y
M/

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013] .



[TlomeHeHne B MUKPOCKOMNNA

* Gladstone Institute of
Neurological Disease in San
Francisco

In Silico Labeling: Predicting Fluorescent Labels in Unlabeled Images. Cell, 2018

Pairs of transmitted light z-stacks
and fluorescence image sets

Untrained
neural network

J

Traine

d

neural network

.
1]

T_

New transmitted

light z-st

ack

=

/4

%\

>

Predicted
fluorescence
images



APPLICATION

Challenged with
unlabelled images,
the network
assigns each cell
as alive or dead

Trained
CNN

Classifier

with high accuracy. New irhage
Images Convolutional Fully connected
of neurons layers layers

Live

In Silico Labeling: Predicting Fluorescent Labels in Unlabeled Images. Cell, 2018

Combining layers of different
structure lets the network adapt
to recognize images of varying
type and clarity.
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In Silico Labeling: Predicting Fluorescent Labels in Unlabeled Images. Cell, 2018



[lpyrne nonesHble MUHCTPYMEHTb!

CellProfiler is free, open-source software for quantitative analysis of
biological images.

CellProfiler”

cell image analysis software

Anne Carpenter
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[peacKka3aHMe TPEXMEPHOM apXUTEKTYPbI

XPOMATMHA
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[peacKka3aHMe TPEXMEPHOM apXUTEKTYPbI

XPOMATMHA

fRee =

End repair, Streptavidin purification
tailing, bridge T roximity ligation and NGS library
adaptor ligation preparation

Digestion by
leatlon DNase | dA-

MeTopa Hi-C
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[TpeacKa3aHme TpeXMEPHOU aPXUTEKTYPDI

XPOMaTUHA

[PYISHARN

IlfeHOMHOe paccToAHMeE

Chip-seq aaHHble benkKa
CTCF

JOpueHTauma CTCF

dpyrmne Chip-seq
NaHHble
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[TpeacKa3aHme TpeXMEPHOU aPXUTEKTYPDI

XPOMaTUHA

!experiment

Chip-seq gaHHble benKa
CTCF

JOpueHTauma CTCF
dpyrmne Chip-seq
NaHHble

E prediction
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[peackasaHme BTOPUYHOM CTPYKTYPbI benKa

. o-CMMPAAb . B-cAOM . NeTAU
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[MpeackasaHMe BTOPUYHOM CTPYKTYPbI 6enka

BuwHesckoro ..., 2012

Ilocneno- Komaposga Tuna
BATEILHOCTE AMMHOKHCIIOTE
t E ACDEFGHIKLMNPQRSTVWY-

[000000000000010000000
1000000000000000
000010000000000000000
000000000000000001000
000000000000100000000
100000000000000000000

Puc. 2.33. Cxema CTpOCHUA HEUPOHHOU CETH AJIs MPEACKA3AHUS BTOPHUYHOMI CTPY K-
Typsl (Quian, Sejnowski, 1988)

BeeaeHue B MHGOPMaLMOHHYIO Brnonoruo n 6uonHdopmatuky. MNoa pea. H.A.KonyaHosa, O.B.
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ObHapyXeHune Koa

ObbIYHbIN YenoBeK 23 %
IKcnepT 70 %




Example detection maps for a single image, and the combined results. (A) Input image, (B) Heat map for the F-RCNN; (C)

Heat map for YOLO detectors, (D) the previous accumulator image, (E) updated accumulator incorporating the new heat

map, and (F) the detected koala in the original image.
Automated detection of koalas using low-level aerial surveillance and machine
learning. Scientific Reports, march 2019



ObHapyXeHune Koa

P, — Kd;:ed

PR — K getected

(Kﬂbs + Kfﬂl&ﬂ)

aTomaTunyeckn 85% 60%

BPYYHYIO 52% 34%
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