Biosign 8l & | ej i1 ch zpr a

Strojov® ulen?2 s pSz2
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Proces zZpracov 8n?

PSedzprdodegg§nanin? B © i gnsiy
gumu v
. . . > Sedzpradqovgn2 dat
Detekce artefakt P ip
Segmentac e s | | u popisdai vi pol et p&=—anakT
Transformace klasifikace
Extrakce S2znak Klasifikace —
e <=| optimalizace
3 Klasifikace parametrT
Klasifikace
Shl ukov_g8n? l
kombinace r Tch Sege

visualizace



xPS2znakovl nebo struktqrn2 popi S

(klasifikovdombeknNDohjoelbtSTme o vyt

symbolicklch popi sT objektT
Snazliv8§me popi seobrasyhj ekt T jejich

x Tedy:Obr az objektu = symbolickIl poj

xStejnlD jako metody rozliguj eme |

obj ekt T)

§tvoSen® pS2znaky (vektory pS2znakT)
§strukturn?

x Obsathuj ©2br azrys loobgjeekk,t Tp a k vgechny
(kl asifikovan®) obrazy tvoS2 obr

xJednot!liv® klasifikaln2 tS2dy b
obrazov®ho pr oRktloarsu f¥lkoal yn 2ncah t S2 d
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PS2znakov® r o0z

x Objekttypu A aobjekttypu B] sou pops8ny 1
pS2znafplppP =

xPol et objektT typu A | B | e
xTzn. mnogina P m8 2 pologky

xPl ohb@a odl i1 git objekt A od o

xZaj2m8 n8s vz§8§jemn® aB§.poS§d
z8vislost pS2znakT zazmn armnionyyi
objektT typu B.



T PS2z7nakov® r 0z

xGrafi cky se tato z8visl ost

p2 % Objety typu B

Objety typu A

v

pl



x RozpozmrmhisdHreine

jako wW ohu, pSi Kkt

do tS2d podle jejich spolelnlch

S | podobn® zaSazujeme do stejn®
xRozI|l i guj eme:

§ Klasifikacii zaSazuj eme do pSedem zn&§m®ho,

SrozpozihgpuBat tS2d nen?2 pSedem zn§m

bNDhem vIastn?2ho

rozpozn8vsgn?
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Rozpozng8vsg§n? a kIl as

xObecns8§8 klasi fi kal n2 %l oha

V1 T
e T3
s g o E
Um bn
T ... transformace vstupnich charakteristik — vytvoreni obrazu

K ... klasifikator

. vektor vstupnich charakteristik
. obraz (symbolicky popis) objektu
w ... Indikator tridy
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Klasifikace

xV praxi se takto ide8ln2 pS
xBRgnl popis obsahuje des2tk
xJe tSeba pS2znaky selektova
xDTl egitl je vIibRr typu kI as
xCell proces je iteraln?z
NejdTl egithRD) g2 podm

nal ezem®d ode@ c nPaviged c h
(kl asi fi kaln2ch p
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Rozhodovac? ravil

x Rozhodovac?2 pravidlo

Skl asifik8tor pSi Sazuje obraz do kI

x MTgeme obecnhD definovat |jako ska
argumentu

R =(x)

xPSesnhNj g2 vyjs8§dSen2 rozhodovac?2h
nastaven? kgl asi fi k8toru

R =X q)
x Nastaven? klasifi k8toru se provs
xRozIligujeme ulen?2 s ulitelem, Km
obrazy, u nichg zn8me jejich pS2

ulitele, kdy spr8§vn® zaSazen?2 do
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\% . .k ALY Extrakce X = W
» Predzpracovani > Mk »  Klasifikace >
A
trénovaci 2 Trénovani
obrazy (uceni)

xObrazy objektT reprezentov8ny ve
zaSazovgn2 obrazT do tS2d

x kl asifikace deterministickIm neb
pravidlem ve tvaru

R & x) , rdsqg, R =
Skde x je klasifikovanl obraz objekH
Sq J e vektor nastaven? klasifi k8tor i
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Ul e n 2

xBez uliteloas

\
- \j’

xS ulitelem

T.FS‘E.I.IE :

vistup
V

ucitel

(g

rst

\

VS 'LIE; ?
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Nastaven?2 kIl asi fi k§ e

xM8@me Kk dispozici tr®novac2 mnogi

x Apriorn? pr avd)Dplozdeo bnnaohsrta dR (tw r e | a
viskytu vektoru pS2znak T z jednot

x PSi odhadu hustoty pravdRpodobno

§Zn8me tvar hustoty, ale nezn8§me nnhDI
SNezn8me tvar hustoty pravdBDpodobno:

xVychS8ktmee zn8m®ho tvaru hustoty
odhaduj eme pouze papraanaemertyr inel kulve2me

xVe druh®m pS2 pmadamd maer miec ol ¢ch me



http://home.zcu.cz/~friesl/hpsb/ml.html
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Tr ®Nnov ac? a

X Tr ®n ommc@Ei n a

§Mnogina objektT, u kterTch zn§8 klasi fik
Ul en2 prob2hg§ iterativnhi.
§Klasifik§toru jsou pSedkl §d&ny vzory z
pSedem detfn @ q@db@Ee®2Nn 0SSt i kl asi fi kace.

x Testovac2z mnogi na

§Mnogina objektT, u kterTch klasifik8tor
§Klasifik8tor pSiSad?2 objekty do tS2d a
§T2m je urlena testdsahopanlbbygbakklassiffiikiga
generalizovat.

xValidaln2 mnogi na

§PSi ulen2 mTge doj2t k jevu pSeulen? ki
§Znamen§ to, ¢ge klasifik8ttoor®msewma®3 Ihiyg ap
ztrati|l schopnost zobecnBhDn?2.,

SProto se poug2v8§ validaln2 mnogina, kte



Etror \ Validation

\ _

Traming cycles



Vstupy 6 L OO G

a

Model

eval

Uadce€

5éAT ph
OO0i 11T O6UI ¥ Model D

Predikce,
bl OLEOp | 0@hady modelu
6LDPI éAO0O| AEUAU Chyba na
modelu

OAOOI OAApA




ASIl oug?2 k vIibRru (vhodn®
modn}lll

Uplny postup pro vybér algoritmu kfiZzovou validaci, ziskani klasifikatoru a
odhad jeho kvality

© Rozdélime data na Train / Test

@ KfiZovou validaci na Train vybereme algoritmus

© Zvolenym algoritmem sestrojime klasifikator na Train

Jeho kvalitu odhadneme na Test

o



Senzitivita a specificita

Skutel nolst Senzitivita
= _a
VIisle dD(?L s D- | celkem =E a+c
testu AT
Specificita
T+ a b atb q
SP=
T- C d c+d b+d
celkem | a+c bd N Nespral\olna pozitivita
FP=
Skutel nost b+d
Visl ede Nespravna negativita
k testu Ho Hy EN=_C
a+c
H, Ok g:ﬁﬁ?”b Prediktivni honota pozitivniho tes
; o
Chyba I. PV'=—0-
H, . Ok a+b
druhu: a Prediktivni honota negativniho tes
hladina viznamnosti pies®u

s2| a testu c+d
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x Recelver Operating Characteristic
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ROC kSivka

xRozdRDtdeasdt ol ivek & ktulpa knu)

hypertoni kT

Nor mot oni

xWznal en® plochy ukazuj? pod?]| n
(nor motoni ka zaSad?2 me mezi hyper
negativn2ch z8vDrT (hypertoni ka
ROC kFlvka
manma tanic 10 05 00
ol DOClbdCy=B0mmbg | _
Fupantanic :r;:ﬂ:;;mmm
N o o
espravng negatn Bl respeavre pozitvn E -3 Y Ot SOOI AP
A
g Srectere




Kl asi fi k8t ory



K-NN



T INNinejbligg? soulikes

xTr ®novgaeherovsg§n?2 model u
SUl og tr®novac?2 dat a
x Klasifikacei pougi t 2 model u

SNajdi nejbligg2ho souseda a kil

?
o © /e
A °
O o ©O
@) 0) o

v


http://www.theparticle.com/applets/ml/nearest_neighbor/
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Met ri k a, EukI |

§ Je tSeba nhNjak wuriljiet ipgdd ovkzrd@d t
§ Vzd8l enost mus?2 spl Rovat ur]i-t
1. d(xy) > 0.
d(x,y) =0 iff x=y.

2.
3. d(x)y) =d(y,x).
4. d(xy) <dx,2)+d(zy)(t r oy “hel n2 kdvsE nerov

DvabodyvAr 0 z mRr n ® mP g (pops t.opf) UQ = (g1,2,-- - qn)

§ OdmocRovE&n2 nen2 nezbytnhD nutr
porovns8v_8me

b

Eukl i dovs kBaQuez/dp ao2m ops—ta)? + -+ (pn — ga)? = JZ(pt-—qf)?-

i=1
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V8 ha

atributT &\%

XProbliTm®mzn® rozsahy vzdS8l eno

xPSij

url ovg&§n?2 eukli dovsk® vz

rTznouinwappSi.e 100x dThegitN]

3,9,
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Nor mal il zace atr

x Probl ®m vySeg2me pSegk8Il ov!

atri:but.
—_ Vi- miny,
a

maxv, - minv

v, - Avgv,)
StDe\(V.)

nebo a =

x PTvodn? rozsahy sGl>transf ol
1 Kde pSesnh je rozh

1
O @)

o
O O
0
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KNN T k ne|

x Klasifikace

SNajdiknejbli gg2z2ch sousedT a kIl asi

x P S 2 IBNMakthsifikace: -
® /.O
% .
O O
O o) o

———rl d K Zvol iK? opti m81| n?2
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Klasifikace
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Generalizace
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ARozdRDIlI 1t na tr®novac
AModel vygenerovat na
AChybu pol 2tat na dat

mpg cyl disp hp wgt acc year Origin name

15 8 400 150 3761 9.5 70 us chevrolet._monte TRAIN
14 8 455 225 3086 10 70 us buick_estate_wac TEST
24 4 113 95 2372 15 70 JP toyota_corona_mi TRAIN
22 6 198 95 2833 15.5 70 us plymouth_duster TRAIN
18 6 199 97 2774 15.5 70 us amc_hornet TEST
21 6 200 85 2587 16 70 us ford_maverick TRAIN
27 4 97 88 2130 14.5 70 JP datsun_pl510 TRAIN
26 4 97 46 1835 20.5 70 EU volkswagen 1131 TRAIN
25 4 110 87 2672 17.5 70 EU peugeot 504 TEST
24 4 107 90 2430 14.5 70 EU audi_100 Is TEST

35



Diskuze k NN

xVel mi popul 8
xAl e pomal e g?2
SPSi klasifikaci

xPozor na VvS§8hy

N2 metody a

vybavov§gn?
mus?m proj 2t
atributT

Sfegen2zm je normalizace dat

xDTIl egi t ®

naj ?t vhodn® Kk

SAbychom minimali zoval. chybu
xPougitel n® i

Pro regresn?

C

n




Nai vBha2y esoks$lalsi fi k



Bavesovsk® ul en?

xBayes oauwsakg® v 8 n 2

8 e z8kl adem pro algoritmy

pravdhDpodobnost mi

8§ e n8strojem pro anall z
strojov®ho ul en?

xVI hodou brag/tes d vus| ke@h?o | e
kl asi fi kovat pS2kl ady
pravddDpodobnost 2.

x Metody B ay e s 0 vus| keRnh?o:

u

u |

a p

S Chi

do t

E§Bayesowstkiim8l n2 kl asifi k8tor

§Gi b b agbntmus
ENai bayes kisaksli f i k8§t or
§U| em&y es owkli2c h



xNai bayeskuysaksli fi k8§t or vych§

ge jednotl| iy ®Epspdbdepodm2nin

nez8visl|l ® pSi B/l aRalospgliath?yy p
P(H) A

P(H 1By B) = o EK)C) P(E |H)
..... =

xNai bayesdckuysaksli f i kK&t or :

R
Hyg =argmaxP(H;)Q P(E |H;)

H; =1
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PS2 kil mali vBayes

Pro 1lustraci tohoto postupu vezméme opét ulohu poskytovani uvéru, tentokrat ale pouze na zakladé
vyse piijmu. Prepokladeyme, Ze banka vyhovi u 2/3 Zzadosti o uvér; tedy apriorni pravdépodobnosti
budou P(pujcit)=0.667 a P(nepjcit)=0.333. Dile piedpokladejme, Ze vysoky piijem mélo 91% klientl,
kterym banka pujéila a nizky piijem mélo 88% klientt, kterym banka neptyjéila. Tedy
P(vysoky pojem |pucit) =091  P(nizky prijem |pujcit) = 0.09
P(vysoky_piyjem |nepujcit) = 0.12 P(nizky prijem | nepujcit) = 0.88.

Piedpokadejme, ze posuzujeme klienta s vysokym prijmem Bude vétsi pravdépodobnost, ze banka
pijéi nebo ze nepiyéi? Podle Bayesovy véty spoditame
P(vysoky_ptijem | poycit) x P{pujcit) = 0.607
P(vysoky_prijem | nepujcit) x P{nepujcit) = 0.040

Tedy Hawsr = pujcit. Vime tedy, ktera hypotéza je pravdépodobnési, pfestoze jsme primo nespocitali
aposteriorni pravdépodobnosti obou hypotéz. Tyto pravdépodobnosti ziskame, pokud budeme
uvedené hodnoty normovat tak, aby jejich souéet byl roven 1.

Vyhodou bayesovskych metod je pravé tato schopnost klasifikovat priklady do tfid s urcitou
pravdépodobnosti. Tuto pravdépodobnost mizeme interpretovat jako spolehlivost rozhodnuti.




Pravidla, stromy
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Pravidla

xprocedur 8l n2 s®manti ka

JESTLI GE situace PAK akce

xdekl arativnz s®manti ka
JESTLI GE pSedpoklad PAK z8§vDr

xsituace, pSedpoklad a z8vDr jsou



RI:
R2:
R3:
R4:
R5:

Pravidla a stromy

IF (age>38.5) AND (years-in-job>2.5) THEN y =0.8
IF (age>38.5) AND (years-in-job<2.5) THEN y =0.6
IF (age<38.5) AND (job-type='A") THEN y =0.4
IF (age<38.5) AND (job-type="B") THEN y =0.3
IF (age<38.5) AND (job-type="C’) THEN y =0.2
s Age

o
: Years in job
. Gender
- Job type

e e
B

0.6 0.4 0.3 0.2

Decision tree:
Ta <=547.6988:
... TmaxToff > 37:
: ....pozice_maxima_z_mapy03x <= 37: 1 (3)
. : pozice_maxima_z_mapy03x > 37: 2 (3)

: TmaxToff <= 37:

: ....pozice_maxima_z_mapy08x <= 59:
:....T_max_poz82 <= 0.78626: 2 (32.6/11.5)
. T_max_poz82 > 0.78626: 3 (15.4/2.9)

. pozice_maxima_z_mapy08x > 59:
:...T_max_hod01 <= 378.8304: 1 (2)

: T_max_hod01 > 378.8304: 2 (8)

Ta > 547.6988:

... Tw > 14.5955: 3 (2)

Tw <= 14.5955:

....T_max_hod46 > 148.9341: 2 (5)
T_max_hod46 <= 148.9341:
....T_max_poz75<=0.7622: 2 (2.1)
T_max_poz75 > 0.7622: 1 (14.9/1.9)

Size of decision tree : 10.
Accuracy: 79,5%
(@) (b) (c) <-classified as
18 (a): class 1
2 42 (b): class 2
16 10 (c): class 3

Rules:

Rule 1: (14/1, lift 4.3)

Ta > 547.6988

Tw <= 14.5955
T_max_hod46 <= 148.9341
T_max_poz75 > 0.7622
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Rozhodovac?i

x DI ferenci 8l n2 diagnosti ka

x  Algoritmus TDIDT (ID3 - Quinlan, 1986)

1. zvol jeden atribut jako k 0 S@& M| IstPorhuwy

2. rozdr] data v tomto uzlu na podmnoginy podle hodnot
zvol en®h o &degjuzellpro kagdougpodmnogdinu,

3. existuje-l i uzel, p8o vigteerhin anedfata, dpr
tento uzel opakuj postup od bodu 1, jinak skon | i.
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X

Pro koSenovi wuzel
atribut, kterl ob"~
maxi m8|l nhD odl i g?z. -
Vyug?vs8 se proto
i nformal n2 hodnot .
Entropie | S
H=—=-KZ PInP
n =1

Vypol|l Hpmmegech 8%y zaakly2pn®2 zma ki sn§ 1 n
ent rlhpi 2
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Rozhodovac2 stromi s
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ndukce stromu 7

xd&n®..t r ®namnaag2i na (mnogina klasifikovanl

1.Nal ezni "nejatbé¢pgi" atnrilbwt , jdeihsokgrihnmidnnyoj
me z i pondgt iw®2klaady) a t2m ohodnoS koSe

2. RozdnlI Bmag iprouw mB8XSP,i..n $n podle hodnot atributu at 0 a
prokagdou mnogiSnwy tpvS®*X lmaodvll uzel jako nS§
zpracov 8vzanu®h(ok o Senu)

3.Pro kagdl novhR vznikIlT uzedr sveNsi Sazeno
§ JestviSingeef sou g8§dn® pS2pady, pak je uzel |iste
Konec.

§ Jestvigiecehny pSbpektl @dydo stejn® tS2dy, pak je u
bude tS2da, do n2g pS2klady patS2. Konec.
§Jestn|eingeyl atribut, podle nNBipHese omPhesmd uj @z
v2ce tS2d (chyby v datech, gum), pak je uzel

z Si.
§ jinakpokraluj ve vDisen2m, jge 8Ba: bodSi .
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PS2ms k|l asifikacebED

xUk§8zka diagnostn&yxhaepovamt

v DC2 5 hAaliwiei EVARD nlIfanamith +CE\V15 2

FEVIFVC = 70%
fe At
restridetiond ano l l ne  béina
i +—— FEV1aFVC = 80% pred. hod. FEV1 < 80% pred hod ——— spirometrie
ne Ao
+ v slaba
bEfA spirometrie | ano FEV1 < 80% nred. hod FEV1 < 60% pred hc:d.ib o Tl et
redulcovans FEV1 Rren.tos
ne Ao
befnd spirometrie  ano M . ne  mirma
redukovang FVC & FVC <80% pred hod FEV1 < 40%pred hod—— e
biini ae ano i
spitommettie obstrukce



W, X W oW = 0




Dal g?

K |

as |

f

K
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Kri1 t ®r 1 um miI ni mS8|
xPorovn8§veg8n2 klasifikovanTch
obrazy1 tzv. etalony

xLze poug?t v % oh8ch s oddD
xNezn8§m® obrazy pak klasi fi k
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Kl asi fi k8t or S

xPro kagdou tS2du definujeme tako
vgechny obragw kdataS3i d3i kadad n?2 t S2d

9,%)>g9 (x)/r | <LR>, j= 1, éjl R,
/.
xRozhodovac?2 pravidlo pak nabTlvs
R,= max(@ ;(x), j= 1, é, R

x Rovnice rozdhDluj2c2ch nadpl och wu

ax)= g,(x) g/ i,j= 1, éjl R,
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Line8&m?2? di skri mi nal
xDi skriminaln? funkce ve tvaru

9(=A g% +b i E2,.,R

j

x A funkce g(x) m8§ tvar

g0 =q(® -a(¥ @, 9 xOg- g a4 x=¢

06

04r

oW ow N

02r

|:|_

-0.2F

04}

1 1 1 1 1 1 1 1 1
-0 -0.6 -0.4 -0.2 u] oz o4 (L1 0a



ﬂ_Klas.ifik§tor S

xStruktura klasi fi k8t or u

ot g1(x)
+ 92 (x) —\
\ - N
g;i (%) » porovnani -
/ =

- gr (x)




Li ne8r n? kl-aeceptronk 8t

X; T vstupy nueronu

Xl% wiTv8hy neur onu
X, 2, u f FHFH—  Q-pr&h neuronu
/ uivnit Sn2 potenci
X, i yivistup neur onu
a.:

y=faa Wx - CQ
Ci=1

Funkce f:

Sigmoida: f(u)= 1
T 1+e

o él pro u>0
Heavisideova funkce: f, =i
{0 pro u¢oO




T Perceptron a XOR

x Rozhodnut? nelze ap
|l ine8rn2 funkc?2.

x  Marvin Minsky & Seymour Papert
tyto autority =zast

NN na 12 ag 15 |

x  Rumelhart & McClelland sestavili neurony do vrstev.
xVisledky vipoltu byly pSed8ny dal g2 vr
x Tatomygl enka se op2r8 o éva prTlomov® n:

x Skokovou aktpercepttomu?n atfhuraldail a spojit§ f ui
sigmoida)

x Byl navrgen novlii melt@drai zphd n®heonnavr a
(backpropagation)



_II_

V2cevr stv® neur on

x Vr st veng8miskiRi L. iykoium
§sevstupn?2 vrsimmvou di menze

§svlistupn2 vrsntvou dimenze
§srskrytimi vrsty 7

L | S Y‘:/f’ﬂ N
XA NN S

4
SR/ =X

n—3

PS2kl ad:
S 2 $%-6-6-3 m=4

N ".
<X
Z5 YA

ﬁ@%ﬁmw@W%f@%
O IS NS /7 3
RN S JsX /),

%ﬁ%%mg%%%ﬁ?(
Ny AvAV

S QIR NI
O SN X L7
419‘1&@ e 20

xUmnNDj 2 reali zovat | i boovolzm®r aa®hjoi t
vstupn2ho verkrtozm¥reh®@haodovl stupn?2h
S |li bovolnou pSesnost 2.

xLze naj2t pS2slugn® skryt® vrstv)
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PS2 k| ad

Sprsvn®

t S2dy

=

Architek t ura s2t0

/

OprotS2 du

l1prot S2Bd u

t=50

Kroky ul en?

~

t=200
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Linear classifiers: Which Hyperplane ?

x Lots of possible solutions for a, b, c.

x Some methods find a separating
hyperplane, but not the optimal one

§ E.g., perceptron

x Support Vector Machine (SVM) finds an
optimal* solution.

§ Maximizes the distance between the hyperplant
and the fdifficult points 0 close to decision
boundary

§ One intuition: if there are no points near the
decision surface, then there are no very
uncertain classification decisions




= Support Vector Machine (SVM)

x SVMs maximize themargin
around the separating Support vectors
hyperplane.

x A.k.a. large margin classifiers

x The decision function is fully
specified by a subset of training
samples, the support vectors.

x Solving SVMs Is aquadratic >
programming problem MR e

margin _
margin

x Seen by many as the most
successful current classification
method*

*but other discriminative methods
often perform very similarly



Maximum Marqin:

Formalization

x W : decision hyperplane normal vector

X X ; data point /

x y: class of data point /(+1 or -1)

x Classifier is: f(x)) = sign(w 'x; + b)

x Functional margin of x;is: y. (W Tx; + b)
§ But note that we can increase this margin simply by scaling w, bé .

x Functional margin of dataset is twice the minimum
functional margin for any point

§ The factor of 2 comes from measuring the whole width
—of the margin
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Linear Su

wix +b=0

x  This implies:
WT(X,i X)) = 2
U= Xal Xpll 2 =

62



Classification with SVMs

x GGlven a new point X, we can score ItS
projection onto the hyperplane normal:

§l.e., compute score: W'X + b= &yxx+ b

x Decide class based on whether <or>0

§ Can set confidence threshold ¢.

Score > . yes

Score <- £ no

Else: dont know




Linear SVMs: Summar

x The classifier is a separating hyperplane.

x The most fimportanto training points are the support vectors;
they define the hyperplane.

x Quadratic optimization algorithms can identify which training
points X; are support vectors with non-zero Lagrangian multipliers
i

x Both in the dual formulation of the problem and in the solution,
training points appear only inside inner products:

Find Ué U,such that £(x) = Ev LX)+ b
QU =K] -1 E quiyjis maximized and 09 = Py '

(1) BUy,=0 ]

(2) 0OyOCforally

64
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Metody inference
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PseudopravdDpog

< Mira postacitelnosti

| P(E,H)
~ P(E,H)

<+ Mira nezbytnosti

P(E, H)

L= P(E, H)




< Mira ddvery (meassure of belief)

P(H,E) — P(H)

MB(H,E) = I

<+ Mira nedlvéry (meassure of disbelief)

P(H) — P(H,E)

MD(H,E) = PO

*%* Faktor jistoty CF(H,E) = MB(H,E) — MD(H, E)
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Case based reasonin

x CaseBased reasoning (CBR), broadly construed,
IS the process of solving new problems
based on the solutions of similar past problems.

x Reasoningby remembering
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Case based reasonin
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CBR cycle - Retrieve

x One or several cases from the case base are selected,
based on the modeled similarity.

x The retrieval task is defined as finding a small number
of casesfrom the case-base with the highest similarity to
the query.

x This Is a k-nearest-neighbor retrieval task considering a
specific similarity function.

x When the case base grows, the efficiency of retrieval
decreases => methods that improve retrieval efficiency,
e.g. specific index structures such as kd-trees, case-
retrieval nets, or discrimination networks.
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CBR cycle - Reuse

x Reusing a retrieved solution can be quite simple if the
solution Is returned unchanged as the proposed solution
for the new problem.

x Adaptation (if required, e.g. for synthetic tasks).

x Most practical CBR applications today try to avoid
extensive adaptation for pragmatic reasons
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CBR cycle - Revise

xIn this phase, feedback related to the solution
constructed so far is obtained.

x This feedback can be given in the form of a correctness
rating of the result or in the form of a manually corrected
revised case

x The revised case or any other form of feedback enters
the CBR system for its use In the subsequent retain
phase.
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CBR cycle - Retaln

x The retain phase is the learning phase of a CBRsystem
(adding a revised case to the case base).

x Explicit competence models have been developed that
enable the selective retention of cases (because of the
continuous increase of the case-base).

x The revised case or any other form of feedback enters
the CBR system for its use In the subsequent retain
phase.
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Sighal segmentation

We used constant or adaptive segmentation in our experiments (according to
the specific tasks)

Example of adaptive segmention of one EEGsignal

Amplitude [pV]
Amplitude [pV]

1
(%3]
[==]

Amplitude [pV]
5 oo

Amplitude [pV]
L s 0B
—

[=]
w
=
-
[ =)
[=]




_II_

amplitude [-]

Phase 3

Automatic classification of recording
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Example of incremental learning process on long-term sleep EEG data
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Expert annotation
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x Description of database

x Signal pre-processing
Example of FHR-baseline estimation on recording fram CTL-UHE db
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Context of the work



Intro: Current state of evaluation

x FHR is measured by US ofECG

x Signs of hypoxia are sought for

"% Decision are made based on FHR
and clinical data
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Intro: Automated
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fetal heart rate

ntrautering
pressure

transducer {IUP)

/I'Zx[w-rt annntatinnf

[

anal

Artifact removal

Fil

/LJItr.asnund SETISOT A

Homogenous
data-set
select on

/ Scalp electrode /ﬂ

[rata acqusitbion

Segment selection

Interpolation + Resampling

Detrend (nonlinear only)

Signal preprocessing

~Z

Tirme Frequency
Wavelet HREW J [
T ——
Mondinear

Inter/intra observer variability

Feature extraction

Feature correlation assesment

Feature statistical assesmient

v

Feature |'.1|1lxi|1.g

Feature assesment |

x Machine representation of FHR is used




Sources of motivation and

frustration

AWi sdom c oaermesgenck. Expenencei S

of t en

a result
- Terry Pratchett
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General

x Automated analysis?

x |l defined inputs

x Databases in generali small, and very difficult to compare
x CTG segment used for evaluationi how long, how far, which stage
x Other inputs 7 e.g. clinical, technical, etc.

x |ll defined outputs

x What type of outcome do we use as an indicator of CTG/FHR class

8 pH+BDecf (reason: Cerebral palsyi objective/statistical sound
outcome measure): not very useful (very few cases)

8 Apgar5 (reason: ?1 current CPR techniques are able to get over 7 in
5th minute in most cases): unreliable (subjective, not necessary related
to hypoxia)

8 pH alone (reason: it is easy): best (it does not relate to the long -term
outcome, about 20% of measurements are wrong, no clear threshold)

8 Expert evaluation (reason: that is how it is done in the hospital): -
(large variability, increased defensiveness in evaluation)



i .
Clinical

x Hard to assess reallife CTG evaluation

Interventions due to multiple factors
CS with normal objective outcome (how often was it necessary?)
Low-risk pregnancies not monitored

X
X
X
x Bad outcomes often related to very low quality or missing recordings

x Guidelines inintrapartum CTG not very good regarding:

8 Clear explanation of reasoning
§ Consistency, Repeatability
8 Reasons for use (cf. history of the CTG introduction)

x Increase of CS without impact on # of hypoxic babies
x Existence of many related confounding factors

x Variability among fetuses (e.g. male vs. female)
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Technical

x Majority of works done on static evaluation only

X One window (usually length < 40min, sleep episodes not considered)
x Often no prediction (evaluation of full data)

x Limits of technical methods not advertised

x Ultrasound or STAN recordingsi huge difference in terms of quality
x Some methods need certain length of recording without noise
x Tocographicdata 7 hardly usable

x Lack of pathological cases
x Preprocessing of the data is feature-dependant

x Almost none of the other information available in the
hospital is not considered




Pieces of our work

(addressing in part the general problems above )



Database
CTU-UHB cardiotocograpic database
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CTU-UHB database

14 492 deliveries

x Collaboration with
—| 571 non-singleton pregnancies excluded . . .
Y — Ob&Gyn clinic in Brno

13 621 singleton deliveries

7637 missing information/ excluded

- : :2 IL;ISII_::::::] CTG record X U S G an d STAN d ata

Y * no pH values

5984 deliveries
4352 clinical / excluded: x On Iy mature fetuses

* premature (gestational weeks < 37)

P + maternal age < 18
* pCO2 out of 95% CI for pH = 7.05

Y * length of II. stage = 30 min.
1632 deliveries with selected

clinical parameters. 514 CTGs parameters/ excluded:
* length of FHR < 30 min. in L. stage

i 90 min.precding delvery x First open-access CTG

= + length of FHR < 40 min. in I. stage

in 90 min. preceding delivery & pH = 7.15 d b
Y . atabase

no FHR signal more than 30 min.

1118 deliveries with selected before delivery

CTG parameters

x Common ground for
v Y v Y algorithm comparison

BOVAG 417 random (VAG 16 (CS 30 random (C5
& pH=7.15 & pH = 7.15) & pH < 7.15) & pH = 7.15)
x Avallable at Physionet
Y
552 records in CTU-UHB
database

Ch u d § letalk Open access intrapartum CTG database, BMC Pregnancy and Childbirth , 2014



T Outcome measures for CTU-UHB

X Subjective T expert evaluation

X Annotations acquired via CTG Annotator

X Majority voting, Latent class model based on 9 experts
X Apgar score

-
|/ CTG Annotator 2.0 | pokus1l (ID: 744174863) .

= | et
A il
e | Ll T
.selecredannozan':n:534 RETAN \WW ﬂ‘ W Wll Mwﬂrw 7 ,\ [{’
o e e »1 (R
x Objective ia - AR IR I A o
x pH, pCQ, BDecf BE = == )
x Mixture

x Majority, LCMs
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Educational SW using the db

Pr&béh porodu Priznaky z automatické figoanalyzy NaméFené hodnoty
Bazeline: 145 Bradycardia: 0
Matka: v&k 25, GRAV |, PARA |, tyden 40 + 5, indukovany porod ne Stress Ratio: 7 LTV: 19
9/6/2014 _04:00 Spont. odtok STV 7
plodové vody _21:45 C5=8; 5ml MNovorozenec: zena, 3230 g, pH 7.17

penicilinu ve T00mi FR iwv.

_10/6/2074 _02:00 2,5mi PNC ve
100ml FR iv. _04:00 Epidural _05:00
Epidural _06:00 2,5m! PNC ve 100 m/
FRiw

06:00 - 06:30
Progres = 3cm

06:50 - 07:20
Progres = 4cm

_08:30 500mi FR+5j Quytocin _08:45

Epidural —— — ——— ——

08:50 - 09:20 5 0306 09:08 0510 0311 03:13 0315 03:16 o318 03:20 0321 09:23 093:25 09:26

Progres = 5cm

_09:30 Epidural

5 05%:06 03:08 05:10 09:11 03:13 09:15 03:16 03:18 09:20 09:21 09:23 09:25 09:26

10:10 - 10:40
Progres = 8cm
= = £
'z""“‘*x==="xl:ﬂ*xx“*x“nuxxxx“ xx ow g * T ®  xXE L Lw * x‘xxlfx!x“,gxx’xx‘!""tx:\f"""x ="
5 05:06 03:08 05:10 05:11 03:13 059:15 09:16 09:18 09:20 093:21 09:23 05:25 09:26

10:40 - 11:10
Progres = LEM 14 [ 4

FIGO guidelines  TQRS guidelines






Signhal pre -processin

x Gap & Artefact detection

Gap removal (< 15s)
Artefact rejection
Bernardesinspired thresholds

X
X
X
x Adapted to 4Hz from beat to beat

samples [-]
1 1 1 1 T 1 T T T
150
—
‘s 100}
E
E
B sof :
ﬂ L L L L I L I I I
0 1000 2000 3000 4000 5000 S000 FODD =000 300]
samples [-]




T FIGO features

x Official obstetrics guidelines for CTG evaluation
x Circular definition of Acceleration/Deceleration

x Baseline detection based on histogram assessment

200

180 |

160 M\ b LA M3 . l il ﬂ .n .“ l : X ~ : kaV
140 . h ‘ |

&0
- “l

=

=

] T

50 L . . ‘s e aa : s fea s eauane s

0

3 T 8 9 w 1 12 13 14 15 16 117 18 19 20 29 22 23 24 I 2% 7 W 239 W 3 32 33 M 35 I 3T 38 ¥ 4 41 42 43 M4 45

ALV VA e 'V A st Ve Ve et W 0 W A WA W AR s WS\ B 2 Va0 VA AR Wall
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Features

X

X

X

X

Morphological features (FIGO

5

Correlation map

Time-domain (6)

baseMea
baseMed

wvedVLF

wved
wved
wved
Wy

wved
wye3
Wy

baseSD
ACC

Freg.-domain (13)

HRV (4)

Wavelet (15)

Nonlinear (12)

In total 55 features

scale gives value of R for each variable pair

0.6

0.5

0.4




Classification

data
(feature set,
class labels)
! 50 x 4 fold cross validation
50 times 4 fold cross validation
randomly 4-training/ .
divide for test sets training set SMOTE
4-fold CV x )
A
feature
selection
classifier
learning
test set perﬁ::rmc—ance |
evaluation J
|
performance
of 1 x 4-fold CV
|
¥
aqgregated
performance

of 50 x 4 fold CV
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Comparison of results

reference

100 = e

G—mean [%]
1

| 1 1 | 1
100 200 300 400 500

data size

(Chung et al.. 1995)
(Bernardes et al.. 1998)
(Cao et al.. 20006)
(Georgoulas et al., 2006)
(Goncalves at al., 2006)
(Salamalekis et al., 2006)
(Costa et al, 2009)
(Warrick et al., 2010)
(Helgason et al.. 2011)
(Spilka et al.. 2012)
(Georgieva et al., 2013b)

(this work)
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Shared database of path . cases

x We need a common ground to compare

x Getting the data is cumbersome and unrewarding job
x But most hospitals now have electronic CTG records

xThere is no Aperfect datab

x Experience shows that joining different approaches
brings improvement across the board (kaggle.com)

x Individual phase followed by joint effort phase

x Could we build one together?



Outcome measures

Man -machine comparison
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Comparison of results

reference

100 = e

G—mean [%]
1

| 1 1 | 1
100 200 300 400 500

data size

(Chung et al.. 1995)
(Bernardes et al.. 1998)
(Cao et al.. 20006)
(Georgoulas et al., 2006)
(Goncalves at al., 2006)
(Salamalekis et al., 2006)
(Costa et al, 2009)
(Warrick et al., 2010)
(Helgason et al.. 2011)
(Spilka et al.. 2012)
(Georgieva et al., 2013b)

(this work)



g . .
Classification (3

x Selected features

X Low spectral bands
x Decelerations
X Poincare plot SD2

Naive Bayes SVM
sensitivity | # | 60(53-67) w1 53 (47-60)
specificity i1 75 (72-77) | i1 78 (75-80)
precision [# | 23 (20-25) [ . 23 (20-26)
F-measure [ # | 33(29-36) [ # . 33 (28-37)




Results T obj. annotation (2

baselinesp Poincaresp> CNergyMF
W
o ¥ + 3
ﬁ _ + + — + — +
+ - + T s
v 1: e R | — Y
= - + = %,
T
g o i E - ' £ 4 i
| ";lE - g = | T
o — = = |
ik -1 8 ~1 8 &
o _ 1 _
| | | | | |
0 1 0 1 0 1
SampEn(2, 0.20) LZC FdBox
— + T E = +
- +
<+ e 4 | . _
= - ' T ¥ +
— + f = |
T tooe | T <] | T = T
[
= -1 | $ <+ | | 8 |
_ B - - | o J'_ B
£ ]
= | 1 L =1 ¢ 1 - 1
= | | I | | |
0 1 0 1 0 1
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Clinical evaluation vs. pH

x Reallife CTG evaluation
comparison vs. pH

60
50
40

30

proportion of classes [%]

x Variability

20

10

x Qverall poor sensitivity e

clinicians

normal ===  suspicious ——= pathological mmmm uninterpretable —=

x Sensitivity drops Step3 -> Step4
x Why?

- SE SP SE SP SE SP SE SP

pPH O 7. 0§n12.54) 92 (88-95) 41 (20-65) 86(81-90) 86 (45 -99) 86 (79 -90) 38 (18 -63) 94 (91 -97)

majority BD & 12

voting 30 (9-62) 92 (87-95) 50 (22-78) 86 (81-90) 50 (3 -94) 83 (76 -88) 22 (4 -56) 93 (89 -96)
Apgar <7 50 (10-90) 91 (87-94) 50 (10-90) 85(80-89) 100 (5 -100) 83 (76 -89)  75(25 -99) 93 (90 -96)
PH O 7. OP0-65) 94 (91-97) 41 (20-65) 94(90-97) 40 (15 -71) 93 (88 -96) N/A N/A

hospital BD O 12

records o 60 (29-85) 94 (91-97) 60 (29-85) 94 (90-96) 25 (1 -75) 92 (87 -95) N/A N/A
Apgar <7 0 (0-53) 92 (88-95) 0 (0-53) 92 (87-95) 33(2-86) 92 (87 -95) N/A N/A

Hruban etal. Agreementon CTG intrapartum recordings between expert  -obstetricians , J. of Eval. in Clinical Practice , 2015



Clinical evaluation vs. pH

x Reallife CTG evaluation [
comparison vs. pH

[%]

proportion of classes

x Variability

x QOverall poor sensitivity

clinicians

ormal ===  suspicious ——= pathological mmmm uninterpretable ==

x Sensitivity drops Step3 -> Step4
x Why?

end of st stage delivery
CTG evaluation, 30 min. CTG evaluation, 30 min. CTG evaluation, 30 min. Labor outcome prediction
Step 1 Step 2 Step 3 Step 4
1st stage 2nd stage

Hruban etal. Agreementon CTG intrapartum recordings between expert  -obstetricians , J. of Eval. in Clinical Practice , 2015
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Clinical evaluation vs. pH

x Reallife CTG evaluation
comparison vs. pH

60
50
40

30

proportion of classes [%]

x Variability

20

10

x Qverall poor sensitivity e

clinicians

normal ===  suspicious ——= pathological mmmm uninterpretable —=

x Sensitivity drops Step3 -> Step4
x Why?

- SE SP SE SP SE SP SE SP

pPH O 7. 0§n12.54) 92 (88-95) 41 (20-65) 86(81-90) 86 (45 -99) 86 (79 -90) 38 (18 -63) 94 (91 -97)

majority BD & 12

voting 30 (9-62) 92 (87-95) 50 (22-78) 86 (81-90) 50 (3 -94) 83 (76 -88) 22 (4 -56) 93 (89 -96)
Apgar <7 50 (10-90) 91 (87-94) 50 (10-90) 85(80-89) 100 (5 -100) 83 (76 -89)  75(25 -99) 93 (90 -96)
PH O 7. OP0-65) 94 (91-97) 41 (20-65) 94(90-97) 40 (15 -71) 93 (88 -96) N/A N/A

hospital BD O 12

records o 60 (29-85) 94 (91-97) 60 (29-85) 94 (90-96) 25 (1 -75) 92 (87 -95) N/A N/A
Apgar <7 0 (0-53) 92 (88-95) 0 (0-53) 92 (87-95) 33(2-86) 92 (87 -95) N/A N/A

Hruban etal. Agreementon CTG intrapartum recordings between expert  -obstetricians , J. of Eval. in Clinical Practice , 2015






Latent class analysis

x The latent class analysis (LCA) is used to estimate

the true (unknown/hidden) evaluation of CTG and to

Il nfer weights of 1 ndi vthedu al
latent class model (LCM).

x The LCM considers clinical evaluation as a finite
mixture of multinomial distributions.

x Finite mixture models have fixed number of
parameters and the standard method to estimate
these parameters is expectation maximization (EM)
algorithm.
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Latent class models

1.0 4 — — 1.0 4 — — ]
= ae # === | 5 1 =]
% 0.8 0.5 = -
—,g 0.6 5 s i 0.6
2 044 2 04-

i 4 5 6 71 % i 4 5 6 1 8 i 4 s 6 1 8
9 q q
model =3 MV B3 LCM model £33 MV B3 LCM model E3 MV E5 LCM
(a) normal (b) suspicious (c) pathological

1.X) =
.75 =
100 =
1,50 =
N7S=- Nna2s -
= o clinical evaluation
= = 00 - narmal
S ns0- kS .
=} ,2 - B suspicious
‘E:- S 1.0-g ]
o, pathological
75 =
1.5() =
0.0 =
|||||| Yot [ I B .25 -
23 S678 234<(~?' 23456789
clinicians DA% =
M i KON NN M QRN ENED SEEN B MORRRC (BN O VM NS PUNS PN GEED M |
1 Z % 4 §S 6 7 8 2 3 4 5 6 7 8 9
clinicians
|

Spilkaet a. Anal ysi s of obstetricians® deci,3 bfBomedalkformatics 0,201 T



Case studies 1 different
experiments / projects In
the field of CTG processing
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Mobile CTG

(with Siemens A.G. Austria )




T General schemaof mMCTG

o ¢ Signal (fHR) transfer Android 2

| ¢ MAS device information [ s cev. staue |

eB ¢ Phone info / Signal commands | CTG processing |
MAS device ¢ Recording settings I - |

w6 -ﬂ;-..l —— Inter n et @ ®‘ %

== | ﬁ App for Hospital/expert eval.

@ & g i Feedback!

Storage




Phonoagraphy signhal processin

signal processing
'“ ki il MAS mCTG D?

l
A1 ‘w HI

frequency domain

o1 RS-

time domain LR - gl g
input signal T [T T e s

04 }f------- beeeee .......

05

filtered

.760
155 393
0.92

fetal heart rate nega 2




@

BtMasApp2 - Assistive Tech

Statistics

Bluetooth

Server status

BT connection established

BtMasApp2 - Assi

Overview

Statistics  Overview

Bluetooth
Server status

BT connection established

Service
OFF .
Service
|
Connection
Service stopped
Connection
. Automatic Connection
Connect to
Add New Device

A CTG - Alarm!

Please, con

t your doctor!

Confirm Cancel

Overview

3) 2013-06-29 13:56:17 (2m 17s)

100,11
100,1,2
101,1,2
101,1,2
100,1,0
100,11
102,1,0
102,1,0
104,10
104,1,2
104,1,2
104,11
104,1,0
100,11
100,1,0
012
0,11
01,2
0,11
0,10
0,1,0
0,11
0,10
0,10

4

4] TG Anntator 20 | Viewes (D: 123456789

=T

Overview | settngs.

Date.
201304-09 08:39.15 00 0

20120526 17.59.16 9155

010

)

0030

P E—C———.y
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NCase 9BuUudy
OB information system |
The Delivery Book

(by Michal Huptych@CTU )
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Electronic delivery book

x The application has been deployed as pilot version.

: -y, /il ~ — — —
|£:] Elektronickd porodni kniha v0.99 = P4
. . § - § . Export . ; . Stranka . .
5] Novy /" Editovat G, Hledat S7 Filtr |ul statistiky e @ o programu PFedchozi e Nasledujici |2
€. rok €. mésic €.den Jmeéno a pfijmeni Pfijmeni ditéte Datum Bas Pohlavi Vaha Délka &islo nov. Tyden +den
1 1 1 Aa - 08.01.2014 11:23 e
2 2 1 bbb --- 09.01.2014 13:45 =p=
3 3 1 [ i C )
Editor =S
& & 2 L Jméno rodigky: Ert Ret I:
5 s 1 Ert-- ( Rodicka / Pfijem ” Porod [ DiagnézylOperace/Pracovnici ( Novorozenec ’/ Neonatologie ‘
3 e 2 W= -Porod |:
7 7 3 ee L RTEEERD | 13.01.2014 u T Kalendai | Poloha plodu ‘ -
den.mésic.rok
8 8 4 Rui Rui |:
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8 3 5 Fohj Foj S | 11:45 u porodu M
10 10 1 Cvb Cvb .
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pored
13 13 2 Vgh Jukl
14 14 3 Rasd Te ; WMisto
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Doproved Poloha matky -
16 16 2 Fasd Hjgk u porodu pfi porodu |:
17 17 3 HH
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19 19 5 Vbn Mnb
< Pfedchozi Nasledujici [» |7 Poznamky UloZit do databaze
20 20 1 Frk Mrk r

Prihlasen: as. Lukas Hruban, FN Brno Obilni trh Odhlasit AKtualizovat (Ctri+R) Rozéifena tabulka
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= . . .
Domain model in obstetrics
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Clustering of FHR using

SAX

(with
George Georgoulas@TEI

of Epirus)
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PSehl ed Sednggk

.LDbvod do-cddjetodrdce?
A Co S2kaj?2 encyklopedie
I.Srdce z morfol ogick®ho a f

A Anatomie srdce

A Elektrofyziologie srdce

A Akl n2 potenci §I

A Pacemakerov® buRky

A PSevodn? syst®m srdel n?

A AVzni ki EKG

1l. EKG

A Svodov® syst®my pro mRSen2 EKC
A EKG kSivky

A Pol2talovl popis EKG
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PSehl ed

V.Typy mDSemeri EKIGpy a pS2str

Too To T T Po To T I

Standardn?z 12t svodov® EKG
Holter

Aut omati ckl defibril 8§tor
Mul ti svodov® EKG ( BSPM)
Echokardiografie

A-EGM

Kardiotokografie a HRV

Tel emedi c?2 na

VNemoci srdce (patoel ektrof

A
A

Poruchy rytmu
Infarkt myokardu

VILUmRNDI|I ® sr dce
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PSehl ed Sednggk

.LDvod do-dcdd)je todrdce?
A Co S2kaj?2 encyklopedie
I.Srdce z morfol ogick®ho a f

A Anatomie srdce

A Elektrofyziologie srdce

A Akl n2 potenci 8§l

A Pacemakerov® buRKky

A PSevodn? syst®m srdel n?

A AVzni ki EKG

Il. EKG

VPS2stroje k mRSen2 EKG
VNemoci srdce (patoelektrof

VILUmRNDI|I ® sr dce



ncykl|l oped

aThe heart is the beginning of life; the sun of the microcosm, even as the sun in his turn might well be designated the
heart of the world, for it is the heart by whose virtue and pulse the blood is moved, perfected, made apt to nourish,
and is preserved from corruption and coagulation; it is the household divinity which, discharging its function,
nourishes, cherishes, quickens the whole body, and is indeed the foundation of life, the source of all action... The
heart, like the prince of a kingdom, in whose hands lie the chief and highest authority, rules over all .0
William Harvey, 1628

Srdce (lat. cor, Sec. kardia) u
terl g zvlI 8gtn2mi pSep8§gkami a c
ravou a |l evou | 8sS |i1li1 zkr8tka
enosum) a | ev® s. (cor sinistru
pRNtnhND na s2R | komor u.

Vel i kost jeho I podoba se srovn:
epravidelnhD oplogtnRDlIm, kterlg
ravo, otupenlm hrotem pak vpSed
eho Y%%der blvg8§ v 5. mezigebS2 u
Obj em s je promBDnl i vl ; pr TmBDrn:
bvod 250 mm

Um2 st NDno j e za kost?2 hrudn? v :
medi astinum) ve vaku srdeln2zm n
r § ni ce Reference: OottUv slovn2k nau

2003
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Anatomie srdce

Elektrofyziologie srdce
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Anatomie srdce

homi duta |
2ila 7
plicni
chlopen

leva predsin vétve plic
prava piredsin
aortalni chlopen
mitralni
chlopen

trojcipa chlopen —+
7

\id
Slasinky —

PR seatial Reference: Wikipedia -
septum b\‘ .
- v FNHK -
tuk eva
7 komora

dolni duta 3ila MCCK &

Sipky ukazuji tok krve srdcem


http://cs.wikipedia.org/wiki/Srdce
http://www.fingerland.cz/img/aktivity/srdce1.jpg
http://mcck.pardubice.cz/Srdce.jpg

g .
Anatomie srdce (2

homi duta
zila 7
plicni

chlopen

leva predsin vétve plic
prava predsin
aortalni chlopen
mitralni
chlopen

trojcipa chlopen

slasinky — : :
prava komora
septum X
sval
leva
tuk komora

dolni duta zila w —

sipky ukazuji tok krve srdcem

Reference: Wikipedia -

MCCK o



http://cs.wikipedia.org/wiki/Infarkt_myokardu
http://mcck.pardubice.cz/Srdce.jpg

_II_

Elektrofyziologie srdce

xSrdel n2 buRky
E§Membr 8novl potenci 8l kar diko myerctyr!
Nat, K", Ca>*,Cr vnR/uvnitS srdeln?2 buRky

S8V kli dov®&m stavu distribuce nmBebm?
rovnovs8gn8 (homogenn?2)

Kl idovl membr 8§novi +potnddygieklSek b
E§Na'>vnhD 140 mM:15mMni tS 10
SK'*vnh 4 mM, uvnitS 140 mM
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Ele ktrofyziologie srdce (2
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