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'POMKHUE 3AABJIEHUA

We develop an algorithm that can detect
pneumonia from chest X-rays at a level

exceeding practicing radiologists.

Chest X-rays are currently the best available method for diagnosing pneumonia,
playing a crucial role in clinical care and epidemiological studies. Pneumonia is
responsible for more than 1 million hospitalizations and 50,000 deaths per year in

the US alone.

READ OUR PAPER

CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays with Deep Learning

(a) Patient with multifocal com-
munity acquired pneumonia. The
model correctly detects the airspace
disease in the left lower and right up-
per lobes to arrive at the pneumonia
diagnosis.

(b) Patient with a left lung nodule.
The model identifies the left lower
lobe lung nodule and correctly clas-
sifies the pathology.

(c) Patient with primary lung ma-
lignancy and two large masses, one
in the left lower lobe and one in
the right upper lobe adjacent to the
mediastinum. The model correctly
identifies both masses in the X-ray.




OCHOBHbIE IIPUYMHBI PA/IMKAJIbHBIX
[TEPEMEH B [ U®POBOU PAANOJIOTUHU U
[MOABJIEHKA Al

= MHHOBALlMOHHbIE TEXHOJIOTUU
COBEPILIEHCTBOBAHUA BCEX
MEeTO/[0B JIy4eBOH
JAUArHOCTUKU
NPOU3BOAUTENAMU

= UHTepHeT

= KOMHbIOTeprIe ceTHu

= KoMnblOTEpHBIN aHAJIN3
M300paKeHUM U
MCKYCCTBEHHbIA UHTEJIJIEKT

= PocT 06'b€MOB UCCeJ0BaHUUN
M TPpeOOBAHUH K JUAarHOCTUKE

= [Iporpecc MmegUIIMHBI




Al Y IUDPOBAS JIVUEBAS
NUATHOCTUKA

20 s1eT Ha3aJ — B Y3KOM CMbICJIE — MbI
TOBOPHUJIN 0 006 OLIMPPOBKE PEHTTEHOBCKHUX
M300pakeHUU (IJIeHOK).

Bpauen yoexxaasu, 4To uuppoBas
pPaZIMOJIOT U — JIYUIIIE.,

[locnegHen «cganacb» MamMmorpadus
(moJsiroe BpeMs KaueCTBO aHAJIOTOBBIX
M300paXKeHUM Ha IJIEHKaX ObIJIO BhIIIE U3-
3a 60J1ee BBICOKOTO MPOCTPAHCTBEHHOTO
pa3pelieHus).

KT, MPT u II3T oT pox/JieHus OblIU
«IUPPOBBIMU»

[Iporsomio pa3BuTrHe MHGOPMALMOHHOH
I/IH(l)%aCTyKTypr paguosioruu (PACSHI,
CeTH

Bce 3T0 co3aaJi0 MOYBY A5
BHeipeHUs Al B IMarHOCTUKY




OCOBEHHOCTHU AHAJIN3A
JAHHDBIX B PEHTI'EHOJIOT'MHU U
PAJAOJIOTHU

B iesiom, B PO orpoMHBIN 00 b€M JIyY€EBBIX
ucciaenoBanuu (Tropun U.E.: 6os1ee 130
000 000 ¢parooporpadui B roa);

[Ipouecc «py4HOro» aHa/Jiu3a JaHHbIX
OYeHb TPYJ0EMOK

3HauMTe/JbHAsA BApruabeJbHOCTb JJaHHbIX
aHaJIn3a, OlepaTop-3aBUCUMOCTb

BoJiblioe 4Mc/10 OIIMO0K UHTEpHpeTaLir
Cc ¢paTaJIbHBIMU NOCJIEACTBUSIMHU

CeroaHsi 60J1bIII0€ 3HAYEHHUE YA EJISETCS
pPaHHEW IUArHOCTUKE U CKPUHUHTY,
OLIeHKe pPMCKa ¥ IIPOTrHO3a — KakK
Ba)KHEUIIUX UHCTPYMEHTOB JHS
CHU>KEHUSI 3a00J1eBAEMOCTU ¥ CMEPTHOCTH
HaceJsieHUd!
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OCHOBHbIE ObJIACTHU IIPUMEHEHWA
KOMIIbIOTEPHOI'O AHAJIM3A U30bPAKEHNHA
N UCKYCCTBEHHOTI'O UHTEJUUIEKTA CET'OAHA

O6paboTKa 60/1bIINX MACCUBOB JAaHHbIX (CKPUHUHT ¥ PAHHAA
JAUATHOCTUKA ) AJ1s1 BBIOOPA U300paKeHUM C IaToJIoruen AJis
aHaJ/iu3a Bpa4yoM. [Ipumepshr:

 Ouaru B jierkux Ha KT (CKpuHUHT paka)

« MamMMorpaMMbl (CKpUHUHT paka)

« AHa/IU3 peHTreHorpaMm

 BrisiByieHue KpoBousausaHuM Ha KT mo3ra

PelneHue y3KHX, ClleLiUAIM3MPOBAHHBIX, TPYA0EMKHX 3a4a4
(TpaguuoHHas o6Jsacthb A CAD)

- HanpuMep: aHa/M3 ¥ cCpaBHEHHE 00'b€EMOB 04aroB
- OueHka nepdysuu

[lomomb Bpady (yMeHbllIeHHE OIIUOO0K U YBeJIMUEeHHEe TOYHOCTHU
AUArHOCTUKH

HanucaHnue CTAHAAPTHU30BAHHbIX 3aK/II0YEeHUH
PekoMeHJallMU IO TAKTHKE BeJeHUA UIH JiedeHUd NaluueHTa

OpraHusanysa paéoThl OTAEJIEHUA JIy4eBO JUATHOCTUKU (IpUMeD:
pacrnpeze/leHUU Harpy3Ky Ha KaOMHETHI U ITEPCOHAJ B 3aBUCUMOCTH OT
[IOTOKA MalMeHTOB B TeyeHHe paboyero BpeMeHH) @



NHPOPMALUNOHHbBbIE TEXHOJ10T A —
MHCTPYMEHTbI B NMPAKTUKE PALVOJIOTA

- JKCNEepTHbIe CUCTEMbI U KOMNbLIOTEPHbLIN
aHanus nsobpaxeHnn (CAD) , kKoMnblOTEPHOE
3peHue

- PaboTtatlot no onpenerneHHomy anroputmy (Mouck
y3MnOB B JIerknx, aHanuna nepdysmm)

- He moryT ynydwaTtbca
- HeMpOHHbIe KOMMNbIOTEPHLIE CETU

- Camooby4vatoTca Ha bonbLUMX MaccuBax
(big data) pasmeyeHHbIX gaHHbIX Ha ocHoBe AU

- MoryT ynyduwaTb CBOK 3(PJEeKTUBHOCTL B
npouecce paboThbl

Ba3bl AaHHbIX, OCHOBaHHbIe Ha KITMHUYECKUX
crnyyvasx

- [porpamMmmbl NO 3agaHHbIM NapameTpam camm
NLWYT «NOXOXKME» n3odbpaxeHna ns bonbmnx 6as
AaHHbIX N300paXeHU C N3BECTHBIMU AnarHo3amm
— KaK Bpa4y MHpopmMmaLuto B UHTEPHETE




KOMMbIOTEPHbI AHATN3 LIM®POBbLIX M3OBEPAXKEHN




ABTOMATV3NPOBAHHAA
KOMIbOTEPHAA OUEHKA TOJIOBHOTO
MOS3I'A (KT

Tmax Hypoperfusion

Hounsfield Units Mean

Perfusion (Tmax > 10.0s) volume: 48 ml

Perfusion (Tmax > 8.0s) volume: 61 m|
SUCEUP - SUICEON RESETVIEW ) CLEAR ROIS Perfusion (Tmax > 6.0s) volume: 82 m|

Perfusion (Tmax > 4.0s) volume: 161 ml
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BblIABJIEHWE [IPU3HAKOB XCH HA
PEHTTEHOI'PAMMAX I'PYJIHOU K/IETKHA
C IIOMOIilb}O Al

J.C.Seah et al. Radiology 2018 O



[TpuMephbI

CEI'MEHTALNA YU BOJIIOMETPUA IIEHEHHU

[ Example with relatively low Dice || Example with relatively high Dice |
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[IOUCK U USMEPEHUE ObbEMA Y3JIOB B IIEHEHHA
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AL: TOUCK PAAUOMUYECKHX I[TPU3HAKGB OTBETA
PAKA JIETKOI'O HA XUMHWGTEPAIIHMIO

Patients with stage lll or stage

IV cancers who received platinum
based chemotherapy in the
frontline setting (N = 243)

Exclusion
criteria
(N=118)

|

Training set (n = 53)
Responders (n = 26)
Nonresponders (n=27)

Image acquisition

Feature Extraction Feature Selection

Khorrami M. et al. Radiology Al, 2019

Validation set (n =72)
Responders (n = 38)
Nonresponders (n=34)

Analysis and validation
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[IUPPOBAS PAIMOJIOT S -
HE TOJIbKO U30BPAYKEHUS

Radiologistat " 2arclogy Report
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| Anonymized Images —1

Consistent
Terminology

Shared on
myRSNA.org

E Imaging Clinical Trials Teaching Files
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Tools for Radiology Research and Education




AL CAMAA ObCYXXJAAEMAA B PAAWJIJIOTUNA TEMA HA
[TPOTAMEHWU ITOCJIEAHUX TPEX JIET




Al — HOBbIV LLAT BMNEPE[] U CAMAA
OBCYXXOAEMAA TEMA B JTYHEBOW
OUATHOCTKVIKE CEUNYAC
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IBM's Watson - Best Doctor In The World?

2 months, 3 weeks ago

fYyGrO&a

Related Articles

Posted on Jul 12,2017, 6 a.m. ® 28
BRAIN AND MENTAL PERFORMANCE
The supercomputer known as Watson will soon be the best diagnostician in the world, according to Andrew McAfee, Second Generation Al Possible After New

one of its creators Discovery About the Human Brain

The Watson supercomputer, created by technology company IBM, uses the power of artificial intelligence (Al) in ways
that benefit mankind. In 2011, the world was introduced to the potential of Al when Watson won the title of world
champion on the popular game show Jeopardy! In 2011.

Since then, Watson’s developers have focused on customizing the Al for medical use. Programmers have integrated

thousands of patient records, scores of medical texts, and all the content in the PubMed and Medline databases into BRAIN AND MENTAL PERFORMANCE
. HE RE e S5 g ® i GASNSLE S Your Brain Can Detect Diseases Before




IBM pitched its Watson supercomputer as a revolution
in cancer care. It’s nowhere close

By CASEY ROSS @byCaseyRoss and IKE SWETLITZ @ikeswetlitz / SEPTEMBER 5, 2017




IOPUANYECKAA OTBETCTBEHHOCTD

Insights into Imaging
October 2018, Volume 9, Issue 5, pp 745-753 | Cite as

Artificial intelligence as a medical device in radiology:
ethical and regulatory issues in Europe and the United
States

Authors Authors and affiliations

Filippo Pesapane [~], Caterina Volonté, Marina Codari, Francesco Sardanelli

[Toka 3TO 0AH M3 TJIaBHBIX CAEPXKUBAOUIUX PAKTOPOB BHEPEHUS
Al B paaguos10ruio

You can’t list your iPhone as your primary-care physician.”



MHCTPYMEHTDB! IJ14 ABTOMATHYECKOTO
AHAJIN3A JIYYEBBIX US0bPAZKEHNUHA B
CBOBOAHOM AOCTVYIIE ?

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. Probabiity of a disease
distribution.
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Atelectasis
Cardiomegaly
Effusion
Infiltration
Mass
Nodule
Pneumonia
Pneumothorax
Consolidation
Edema
Emphysema
Fibrosis
Pleural_Thickening
Hernia
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recScore:0.27, ssim:0.39




[MALUUEHTbBI U HUOPOBAA PA/IUOJIOTUA

= [[oTpeOHOCTHb CO CTOPOHBI NMAIlUEHTOR

= «BTOpoe MHeHue»

= [laiyMeHTHI: UMEIT NMOJIHbIU JOCTYIl K CBOUM
JlaHHBIM ¥ IPaBO HANPaBJIATh UX HA
KOHCYJIbTaLA0?

= [TaueHTHI CaMU UILYT B MHTepHeTe AUAarHo35bl
Y peKOMeH/Jaluu

= CMeHa MoJieJIU TeJieMeJUIMHbI

= OMacHOCTb «KKOMMOJUTU3ALIUN» U
«KOMMepIHaJIU3aluu» TeJepaguoJ0Truu




OTHOWEHWE K HOBbIM
TEXHONOIMAM — KPVBAA TAPTHEPA
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TECTUPOBAHHUE I1

PEJJTOAEHHBIX

AJITOPUTMOB Al HA BHEHIHUX BA3AX

JAHHDbIX - ITOKA ]

"0JIKO 6% ITYBJUKALUH

Al Articlas Articles Published Articles Published
Design Characteristic (n = 516) in Medical Journals in Non-Medical Journals feid
(n =437) (n=79)

External validation 1.000
Used 31 (6.0) 27 (6.2) 4 (5.1)
Not used 485 (94.0) 410 (93.8) 75 (94.9)

In studies that used external validation
Diagnostic cohort design 5 (1.0) 5(1.1) 0 (0) 1.000
Data from multiple institutions 15 (2.9) 12 (2.7) 3 (3.8) 0.713
Prospective data collection 4 (0.8) 4 (0.9) 0 (0) 1.000
Fulfillment of all of above three criteria 0 (0) 0 (0) 0 (0) 1.000
Fulfillment of at least two criteria 3 (0.6) 3 (0.7) 0 (0) 1.000
Fulfillment of at least one criterion 21 (4.1) 18 (4.1) 3 (3.8) 1.000

Korean J Radiol. 2019 Mar;20(3):405-410.




[MYBJIUKALIUU T10 Al

Number of Al papers on Scopus by subcategory (1998—2017)
Source: Elsevier

Machine Learning and
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m——— Neural Networks

Computer Vision

40,000 / e Search and Optimization
NLP and Knowledge
Representation

s FUZZY Systems

m— Planning and
Decision Making

20,000

Number of papers
~

Number of accepted and submitted papers — 2018 AAAI conference
Source: AAAI
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POJIb BPAYEW PEHTTEHOJIOI'OB

= YyacTBOBaThb B pa3paboTKe U P 5899 THE  octmeor
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= He 6051ThCsl, YTO OHH OCTABAT HAC
6e3 paboThI
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The EVOLUTION of

RADIOLOGY

UCKYCCTBEHHAINM MHTEJIJIEKT NIPULIEJI HA
CMEHY JIDAAM-BPAYAM..
OLIMBbKH NCKOPEHEHDI.. U JAJIBHIE?

BosTcsa i Bpayu Al ?
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B 3AKﬂIrOLIEHl/IE

= LiIngopoBble TEXHOMOMNU U
NCKYCCTBEHHbIN UHTENNEKT B

paanosiormm npnHeCyT Ham BCEM

OFPOMHYIO MOSb3Y — NpW
NpaBUNbHOM NPUMEHEHWUMN.

= B pagnonorun npumeHeHune Al
eLle TONIbKO Ha4YMHaeTcq.

= [1pn npaBunbHOM npumeHeHnn Al

CYLLLECTBEHHO YNy4dLmnT
BO3MOXXHOCTU ANArHOCTUKUN U
CBOEBPEMEHHOIO JIE4YEHMNS
3abonieBaHun, yBENNUUT

TBOPYECKUN NOTEHLUMAN Bpaven.

= B PO nmetrotca sce ocHoBaHUA
anst 6bICTPOro U ycnewHoro
Pa3BUTUA 3TOro HanpasneHus!

DEEP
MEDICINE

a 4
i’ 7
HUMAN AGAIN 2

ERIC TOPOL - ° &

HOW ARTIFICIAL

INTELLIGENCE

CAN MAKE

HEALTHCARE




g% PoccHitckoe OBLIECTBO
(><) PEHTrEHOAOTOB u PAAMOAOTOB

CIIACHUBO 3A BHUMAHMUE!

L
}
&

vsini@mail.ru

russian-radiology.ru




