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Uvod

Credit scoring je mnozina prediktivhich modeld a jim
prislusnych statistickych technik, které pomdhaji finan¢nim
institucim pri automatickém posuzovani zadosti o uvér.

Se znalosti pravdépodobnosti selhani zadatele, ocekavané
miry zamitani, oekavaného zisku/ztraty, popi. dalSich business
predpokladd, 1ze efektivné rozhodnout kdo uvér dostane, v jaké
vysi a jaké dalsi strategie maximalizuji profit plynouci z daného
zadatele/klienta.

Bad customers

Low risk High risk



Uvod
Efektivni vyuziti scoringovych modeld je nemoZzné bez znalosti jejich

kvality, a to jednak v okamziku vyvoje modeld, ale také po jejich nasazeni
do praxe.

Pti vyvoji je typicky k dispozici nékolik riznych modeli a je tieba vybrat
jen jeden. Samoziejmé ten nejlepsi (vzhledem k néjakému kritériu).

Kritériem kvality je vétSinou néjaky kvantitativni index jako Giniho
index nebo KS.

Jejich hodnota je ovSem silné ovlivhéna volbou parametri v definici
dobrého/spatného klienta.

Navic je zifejmé, Ze nejsilnéjsi by mél byt scoringovy model v oblasti
ocCekavané cutoff hodnoty. Odlisit dobré od superdobrych klienti nebyva
typickych cilem credit scoringovych modeld.



Uvod

Zatimco historie avéru saha 4000 let nazpét (prvni
zaznamenana zminka o uvéru pochazi ze
starovékého Babylonu - 2000 let pred n.l.),
historie credit scoringu je pouze 50-70 let stara.

Prvni pristup k feSeni problému identifikace
skupin v populaci predstavil ve statistice Fisher
(1936). V roce 1941, Durand jako prvni rozpoznal,
ze tyto techniky mohou byt pouzity k rozliSovani
mezi dobrymi a Spatnymi uveéry.




Uvod

Vyznamnym milnikem pfi posuzovani uvértt byla druha
svétova valka.

Do té doby bylo standardem individualni posuzovani
zadatele o uvér. Dale bylo standardem, Ze ve financ¢ni sfére
byli zaméstnani (témér) vyhradné muzi.

Odchod znac¢né c¢asti muzské populace do sluzeb armady

meél za ndasledek potfebu predat zkuSenosti dosavadnich
posuzovatelli Zadosti o tvér novym pracovnik@m.

Diky tomu vznikla jakasi rozhodovaci pravidla a doslo k
»2automatizaci“ posuzovani zadosti o uver.



Uvod

Prichod kreditnich karet ke konci Sedesatych let
minulého stoleti a rlist vypocetniho vykonu zptisobil
obrovsky rozvoj a vyuziti credit scoringovych technik.
Udalost, kterda =zajistila plnou akceptaci credit
scoringu, bylo prijéti zakontt ,Equal Credit
Opportunity Acts” (o rovné prilezitosti pristupu k
uvéram) a jeho pozdéjsich znéni prijatych v USA v
roce 1975 a 1976. Tyto stanovily za nezdakonné
diskriminace v poskytovani uvéru, vyjma situace,
pokud tato diskriminace ,byla empiricky odvozena a
statisticky validni”.



Uvod

V osmdesatych letech minulého stoleti zacala byt
vyuzivana logisticka regrese, dodnes v mnoha
oblastech povazovana za prtimyslovy standard, a
linedarni programovani. O néco pozdé€ji se objevily na
scéené metody umélé inteligence, napt. neuronové site.
Mezi dalsi pouzivané techniky lze zaradit metody
nejblizsiho souseda, splajny, waveletové vyhlazovani,
jadrové vyhlazovani, Bayesovské metody, regresni a
klasifikacni stromy, support vector machines,
asociacni pravidla, klastrovou analyzu a geneticke
algoritmy.



Default — definice cilové prom. (good/bad)

Obvykle je tato definice zaloZena na klientové poctu dnti po
splatnosti (Days Past Due, DPD) a castce po splatnosti. S
castkou po splatnosti je spojena potfeba stanoveni jisté miry
tolerance, tedy stanoveni co je povazovano za vyznamny dluh a
co nikoli. Napf. nemusi davat smysl povazovat za dluh castky
mensi nez 100 K¢.

Ddle je tfeba stanovit ¢asovy horizont (performance window),
na kterém jsou dva zminéné parametry sledovany.

Za dobrého klienta lze napft. oznacit klienta, ktery:
* je po splatnosti méné nez 60 dnt(s toleranci 100 K¢) v prvnich 6-ti
meésicich od prvni splatky,
* je po splatnosti méné nez 9o dna (s toleranci 30 K¢) v pribéhu celé
své platebni historie (ever).



Default — definice cilové prom.

Volba téchto parametr zavisi do zna¢né miry na
typu finan¢niho produktu (jisté se bude lisit volba
parametri pro spotrebitelské uvéry pro malé
castky se splatnosti kolem jednoho roku a pro
hypotéky, které jsou obvykle spojeny s velmi
vysokou financni ¢astkou a se splatnosti az nékolik
desitek let) a na dal$im vyuziti této definice (fizeni
rizik, marketing, ...).
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Default — definice cilové prom.

Dalsi praktickym problémem definice dobrého klienta
je soubéh nékolika smluv jednoho klienta. Napriklad je
mozné, ze zdkaznik je po lhGté splatnosti na vice
smlouvach, ale s rozdilnymi dny po splatnosti a s
rznymi ¢astkami. V tomto pripadé jsou vétSinou c¢astky
klienta dluzné v jednom konkrétnim ¢asovém okamziku
seCteny, a ze dni po splatnosti na jednotlivych
smlouvach je brana maximalni hodnota. Tento pristup
Ize uplatnit pouze v nékterych pripadech, a to zejména v
situaci, kdy jsou k dispozici kompletni ucetni data.
Situace je podstatné slozitéjsi v pripadé agregovanych
udaj, napt. na mésicni bazi.
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L

Default — definice cilové prom.

* Obecné uvazujeme nasledujici typy klientt:

e dobry (good),

e Spatny (bad),

e nedefinovany (indeterminate),

e s nedostate¢nou uvérovou historii (insufficient),
e vyfazeny (excluded),

e zamitnuty (rejected).

12



Default — definice cilové prom.

Prvni dva typy byly diskutovany. Tteti typ, tj. indeterminate, je na
hranici mezi dobrym a Spatnym klientem a pfi jeho pouziti pfimo
ovlivityje definici dobrych/Spatnych klientti. Uvazujeme-li pouze DPD,
klienti s vysokymi DPD (napf. 9o +) jsou typicky oznaceni za $patné,
nedelikventni klienti (jejich DPD je rovno nule) jsou oznaceni za
dobré. Za indeterminate jsou pak oznaceni delikventni klienti, ktefi
nepiekroc¢i danou hranici DPD.

Ctvrty typ klientt jsou typicky klienti s velmi kratkou platebni historii,
u kterych je nemozna korektni definice cilové proménné.

Vyrazeni klienti jsou klienti, jejichz data jsou natolik Spatna, ze by
vedla ke zkresleni modelu(napft. fraudy). Dal$i skupinu tvoii klienti,
ktefi nejsou standardné hodnoceni danym modelem (VIP klienti).
Posledni typ klientG jsou ti klienti, jejichz Zadost o uvér byla
zamitnuta.
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Default — definice cilové prom.

Customer
| Default || /Ea(rly deFauR
Accepted (60 or 90 DPD) /{| (2-4 delayed payment, 60 DPD
] Late default >
Rejected — \Swed paymel’W

.

‘~_Not default_

Insufficient

-  Excluded

. =

INDETERMINATE
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Default — definice cilové prom.

Only good and bad clients are used for further model building. If we do
not use the indeterminate category, and if we set up some tolerance level
for the amount past due and resolve the issue with simultaneous contracts,
there remain two parameters which affect the good/bad definition. They
are DPD and time horizon.

Usually it is useful to build up a set of models with varying levels of these
parameters. Furthermore, it can be useful to develop a model with one
good/bad definition and measure the model’s quality with another.
It should hold that scoring models developed on a harder definition
(higher DPD, longer time horizon, or measuring DPD on first payment)
perform better than those developed on softer definitions (Witzany,
2009).

Furthermore, it should hold that a given scoring model performs better if
it is measured according to a harder good/bad definition. If not, it usually
means that something is wrong.

Overall, the development and assessment of credit scoring models
on a definition that is as hard as possible, but also reasonable,
should lead to the best performance.
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Meéreni kvality modelu

Jakmile je k dispozici definice dobrého/Spatného klienta a klientovo skore
je mozné vyhodnotit kvalitu tohoto skore. Je-li skore vystupem néjakého
prediktivniho modelu (scoringové funkce), posuzujeme kvalitu tohoto
modelu. Uvazujeme dvé zakladni skupiny indext kvality. Prvni je zalozena

°*v/

na distribu¢ni funkci. Mezi nejpouzivanéjsi indexy patfi

e Kolmogorovova-Smirnovova statistika (KS)

e Giniho index (Somersovo D, Kendalovo t, , Goodman-Kruskal y)

o C-statistika

e Lift.
Druha skupina indexti je zaloZena na pravdépodobnostni hustoté. Mezi
nejznameé;jsi indexy patfi

e Stfedni diference (Mahalanobisova vzdalenost)

e Informacni statistika/hodnota (I,).

16



Indexy zalozené na distribucni funkci

0, jinak. Pocet Spatnych klientti: m

n
P dobrych/s$patnych klientt: = , =
roporce dobrych/Spatnych klientti: Pg am' Pr et m

5 {1, klient jedobry  Poletdobrych klienti: N
K =

m

Empirické distribu¢ni funkce: Kolmogorovova-Smirnovova statistika (KS)

1 n
Fgoop (@) == 1(s, <an Dy =1) KS = max |F, 5 (@)= F, 6000 (@)
i=1

a€[L,H]

T T
====:Bad clients
09} | == Good clients | -

1 zm: 7| |—k-s=0410
i=1 07|

m

FN‘ALL(a):%iI(SiSa) aec|[L,H]

1 A plati

4)= {O Jinak
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Indexy zalozené na distribucni funkci

Lorenzova ktivka (LC)

x=F, pp(a)
y Fn.GOOD (Cl), ac [LaH]

Tato definice a nazev (LC) je konzistentni s Miiller, M.,
Ronz, B. (2000). Stejnou definici kiivky, ovSsem pod
nazvem ROC lze nalézt v Thomas et al. (2002). Siddiqi
(2006) pouzivd nazev ROC pro kifivku s prohozenymi

osami a LC pro kiivkus F, ,  (a) na svislé ose a Fy_,,(a) na
ose horizontalni.
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Lorenzova krivka, Giniho index

Lorenzova kfivka (LC)

x=F,pp(a)
y=F, coop(a), a € [L’ H]

Giniho index

Gini = =2A

A+B

n+m

Glnl =1- Z(Fm.BADk — Fm.BAD k—1)' (I:n.GOODk + |:n.GOODk—l)
k=2

kde Fgao (Fn_GOODk) je k-td hodnota vektoru empirické distribu¢ni funkce $patnych (dobrych) klientt
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Somersovo D, Kendalovo 1,

Giniho index je specialni ptipad Somersova D (Somers
(1962)), které je pofadovou asocia¢ni mirou definovanou jako

Txy
D YX —
T xx
kde T Yy je Kendallovo 7 . definované jako 7,, = £ [Sign(X =X, )Sigﬂ(Yl -Y, )]

kde (Xl,Y1 ), (X,,Y,) jsou bivariantni, stochasticky nezavislé, nahodné vektory
nad touz datovou populaci, a E [] znaci stfedni hodnotu. V nasem pftipadé je
Y=1 jestlize je klient dobry a Y=0 jestlize je klient Spatny. Proménna X
reprezentuje skore.

Thomas (2009) uvadi, ze Somersovo D hodnotici vykonnost daného credit
scoringového modelu lze vypocitat pomoci Z g Z b, - Z g Z b,

j<i J>i
D /
S

n-m
kde g; (b;) je pocet dobrych ($patnych) klientdi v i-tém intervalu skore.

20



Somersovo D, Mann-Whitney U

Dale plati, Zze Dy mze byt vyjadfeno pomoci
Mann-Whitneyho U-statistiky.

e Sefad datovy vzorek ve vzestupném potadi podle skdre a secti
poradi dobrych klientti ve vzniklé posloupnosti. Ozna¢me tento

soucet jako R;. Potom

U:RG—%n(n+l) D, =2 v —1

21



Konkordantni, diskordantni pary

Konkordantni par (X,Y,), (X,,Y,):
sgn( X, — X,) =sgn(Y, —Y;)

Diskordantni par:

sgn( X, — X,) =—sgn(Y, -Y,)

V nasem piipadé X predstavuje skore a Y ukazatel dobrého
klienta (Dy). Protoze dobry klient ma hodnotu Y=1 a $patny
Y=o, je zfejmé, Ze u konkordantniho paru ma dobry klient
vyssi hodnotu skore nez klient Spatny.
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Somersovo D, Goodman-Kruskal gamma

"

e Konkordantni par (Concordant): S,>S,
e Diskordantni par (Discordant): S,<S,
e Vazany par (Tied): S,=S,

» Somersovo D:

#Concordant — # Discodrant

S~ #Concordant + # Discodrant + #Tied

» Goodmanovo-Kruskalovo Gamma:

_ #Concordant — # Discodrant
4 #Concordant + # Discodrant

Uvazujme tedy dva ndahodné vybrané klienty, pricemz jeden je dobry
(Y,=1) a druhy $patny (Y,=0), skore prvniho ozna¢me s, druhého s,. Pak

23



Indexy zalozené na distribucni funkci

C-statistika:

1+ Gini
2

c—stat = A+C =

Tato statistika je rovna pravdépodobnosti, Ze ndhodné vybrany
dobry klient ma vyssi skore nez nahodné vybrany Spatny klient, tj.

c—stat = P(s, = s, ‘DKI =1A Dy =0)

24



CAP — index AR

1

V tomto pfipadé mame na x-ové

o9 "+ ose proporci vSech klientd (F,;;) a
osr 7 na y-vé ose proporci Spatnych
o7 © klientt (Fz,p). Idedlni model je
o ' tentokrat reprezentovan lomenou
ud O3 7 ¢arou z bodu [o, o] pres [pB, 1] do

o4 7 bodu [1, 1]. Vyhoda tohoto obrazku
° CAP (Littchart): = je ta, e je mozné odedist proporci
zamitnutych Spatnych klientd vs.
celkova proporce zamitnutych
o o1 o2 s o+ s e o o oo+ klientd. Napf. vidime, Ze pokud
N chceme zamitnout 70% Spatnych

klienti, musime zamitat piiblizné

02r

01

0

AR (Accuracy Ratio)

B Plocha mezi CAP a diagonalou 0/ x y R
Plocha mezi CAP idealniho modelu a diagonalou 40 Yo vSech zadateld.
_ Plocha mezi CAP a diagonalou

0.5(1-pg)

= Gini o5



Indexy zalozené na distribucni funkci

Dalsi moznou mirou kvality scoringového modelu je Lift, ktery rika
kolikrat je dany model, pfi dané arovni zamitani, lepsi nez nahodny
model. Presnéji feceno jde o pomér proporce Spatnych klientti se skore
mensim nebo rovno dané hodnoté skore a, a<[L,H] , ku proporci
Spatnych klient( v celé populaci. Formalné jej 1ze zapsat takto:

ZI(SiSa/\Y=O) Z[(Sisa/\Y:O)
= i=1
I(s; < I(s. <
: CumBadRate(a) Zl (s;<a) Z‘ (s;<a)
L) === Rt & T
adrale
I(Y = -
217=0 v
M I(Y=0vY=1)
i=1
BadR
absLifi(a) = adRate(a)
BadRate

k)

“y

e
'™

i 1 i i i i 1 i i
1] 0.1 02 0.3 0.4 05 06 07 08 0s
FJ\LL

1
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Indexy zalozené na distribucni funkci

vSech a

Pro vypocet lze pouzit tabulku s pocty
Spatnych klientd v danych
intervalech skére (napft. decilech).

3,50

3,00 N

2:50 \\\

—&— abs. Lift
=O=cum. Lift

AN

absolutely cumulatively
decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift

1 100 16 16,0% 3,20 16 16,0% 3,20
2 100 12 12,0% 2,40 28 14,0% 2,80
3 100 8 8,0% 1,60 36 12,0% 2,40
4 100 5 5,0% 1,00 41 10,3% 2,05
5 100 3 3,0% 0,60 44 8,8% 1,76
6 100 2 2,0% 0,40 46 7,7% 1,53
7 100 1 1,0% 0,20 47 6,7% 1,34
8 100 1 1,0% 0,20 48 6,0% 1,20
9 100 1 1,0% 0,20 49 5,4% 1,09
10 100 1 1,0% 0,20 50 5,0% 1,00

All 1000 50 5,0%

[}
3 2,00
©
z \ \
£ 150
| \ \O\O\)\O
1,00 \ ]
0,50 ~e
1 2 3 4 5 6 9 10
decile
1
0,8 Gini:0,55
0,6
0,4 1
0,2 |
= lornz curve
——Base line
0 T T T T
0,2 0,4 0,6 0,8 1
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Indexy zalozené na distribucni funkci

Pokud bad rate neni monotonni:

absolutely cumulatively
14 decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift
¢ LC v ) pada OI( 1 100 8 8,0% 1,60 8 8,0% 1,60
111 4 hd 1y 2 100 12 12,0% 2,40 20 10,0% 2,00
e (G1n1 se mirne snizi : : : :
G S€ €s 3 100 16 16,0% 3,20 36 12,0% 2,40
o Llft Ovéem V‘ypadé 4 100 5 5,0% 1,00 41 10,3% 2,05
. v 5 100 3 3,0% 0,60 44 8,8% 1,76
pOleIle 6 100 2 2,0% 0,40 46 7,7% 1,53
7 100 1 1,0% 0,20 47 6,7% 1,34
8 100 1 1,0% 0,20 48 6,0% 1,20
9 100 1 1,0% 0,20 49 5,4% 1,09
10 100 1 1,0% 0,20 50 5,0% 1,00
All 1000 50 5,0%
1 3,50
—— abs. Lift
. 3,00 —0—cum. Lift
0sd  Gini=0,48 —
2,50
()
0,6 A = 2,00
> \ \
£ 150
041 - \O\O\O\O
1,00
021 = | 0rnz curve 0,50
—Base line \_‘—‘—‘
O T T T T T T T T T T T
0 0,2 0,4 0,6 0,8 1 2 3 4 5 6 7 8 9 10 28




Indexy zalozené na distribucni funkci

Pokud ma skore zcela opa¢ny smysl,
obdrzime ,,opacné” obrazky.

3,50
absolutely cumulatively =—o—abs. Lift /
decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift 3,00 —O— cum. Lift
1 100 16 16,0% 3,20 16 16,0% 3,20 : /
2 100 12 12,0% 2,40 28 14,0% 2,80 2,50
3 100 8 8,0% 1,60 36 12,0% 2,40 /
4 100 / 5\ 5,0% 1,00 41 10,3% 2,05 S 2.00
5 100 3 3,0% 0,60 44 8,8% 1,76 g /
6 100 \ 2 ) 2,0% 0,40 46 7,7% 1,53 £ 150
7 100 N1/ 1,0% 0,20 47 6,7% 1,34 - /
8 100 1 1,0% 0,20 48 6,0% 1,20 io00 +—7———7 O
9 100 1 1,0% 0,20 49 5,4% 1,09 / /
10 100 1 1,0% 0,20 50 5,0% 1,00 0,50
All 1000 50 5,0% O_O_O_QA&:O/O,
= T T T T T T
1 2 3 4 5 6 7 8 9 10
absolutely cumulatively decile
decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift
1 100 1 1,0% 0,20 1 1,0% 0,20 R
2 100 1 1,0% 0,20 2 1,0% 0,20 o
3 100 1 1,0% 0,20 3 1,0% 0,20 . Gini=- 0,55
4 100 1 1,0% 0,20 4 1,0% 0,20 '
5 100 2 2,0% 0,40 6 1,2% 0,24
6 100 \ 3 ) 3,0% 0,60 9 1,5% 0,30 8
7 100 N5/ 5,0% 1,00 14 2,0% 0,40 04l
8 100 8 8,0% 1,60 22 2,8% 0,55 '
9 100 12 12,0% 2,40 34 3,8% 0,76 os ]
10 100 16 16,0% 3,20 50 5,0% 1,00 ' —— Lornz curve
All 1000 50 5,0% ——Base line 29
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Indexy zalozené na distribucni funkci

*SC1: :
Gini= 0,42
decile # cleints # bad clients Bad rate 0,8 1
1 100 35 35,0%
2 100 16 16,0% 06
3 100 8 8,0% '
4 100 8 8,0%
5 100 7 7,0% 041
6 100 6 6,0%
7 100 6 6,0% 021 = Lornz curve
8 100 5 5,0% )
5 100 5 5.0% . ——Base line
ol : . . T
10 100 4 4,0% 0 01 02 03 04 05 06 07 08 09 1 0 02 0.4 06 0.8 1
All 1000 100 10,0%
*SC2: : !
91 Gini=0.42
decile # cleints # bad clients Bad rate 0,8 - 0,8 1
1 100 20 20,0% 071
2 100 18 18,0% 06 | 06
3 100 17 17,0% ' '
4 100 15 15,0% 051
5 100 12 12,0% 041 041
6 100 6 6,0% 03
! 100 4 4,0% 0.2 021 = Lornz curve
8 100 3 3.0% 0,14 ——Base line
9 100 3 3,0% 0 . i i -
10 100 2 2,0% 0 01 02 03 04 05 06 07 08 09 1 0 02 0.4 06 08 1
All 1000 100 10,0%

30
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Indexy zalozené na distribucni funkci

SC 1:

4,00
3,50
3,00
2,50
2,00

Lift value

1,50
1,00
0,50

| =—&—abs. Lift
K =O==cum. Lift
\ ~N
\ N\,
S
. N

1 2 3 4 5 6 7 8 9 10

decile

=

Lift, o, = 2.55

Lift oo, = 1.48

>
<

SC 2:

2,50

—e— abs. Lift
2.00 =O=cum. Lift
\50\%6?\
2 1,50 _\
g ‘\&J \
g 100 \\
o \\0—0\
1 2 3 4 5 6 7 8 9 10
decile
Lift, o, = 1.90
Lift oo, = 1.64

SC 2 je lepsi, pokud je predpokladand mira zamitani (reject rate) priblizné 50%.

SC 1jevyznamné lepsi, pokud je predpokladany reject rate ptiblizné 20%.
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Lift, QLift

Lift can be expressed and computed by formula:

Lift(a) =m0 @ o 1 ]

|:N ALL

In practice, Lift is computed corresponding to 10%, 20%, . . . , 100% of
clients with the worst score. Hence we define:

QLIft(q) =

m BAD (FN ALL (q)) 1

N ALL (FN ALL (q))

o 8ap (FN A (@), qe(0,1]

N ALL (q) mln{a < [L H] |:N ALL (a‘) 2 q}

Typical value of g is 0.1. Then we have

QLIift,

= QLIft(0.1) =10-F

m.BAD (FN ALL Ol))

32



Lift and QLift for ideal model

It is natural to ask how look Lift and QLift in case of ideal
model. Hence we derived following formulas.

e Lift for ideal model:

l/pB o

_ p%e' a < c
Liftigeal ((J_'.) — 1

Fn aLL(a)’ a = cC

QLift value

e QLift for ideal model:
{ L q € (0, pB]

PB’

QL?EfIL@'dea.J (Q) —

q € (pB,1]

1
q .
P I:N.ALL

- We can see that the upper limit of Lift
and QLift is equal to . 33



Lift Ratio (LR)

® Once we know form of QLift for ideal model, we can define

Lift Ratio as analogy to Gini index.

I
i
=}
o =
© o

p__ 4 _ Jo QLift(g)dg —1
A+B  [1QLiftigea(q) dq — 1

* [t is obvious that it is global measure of
model's quality and that it takes values from
o to 1. Value o corresponds to random
model, value 1 match to ideal model.
Meaning of this index is quite simple. The
higher, the better. Important feature is that
Lift Ratio allows us to fairly compare two
models developed on different data samples,
which is not possible with Lift.

QLift value
o | ol N w NN (6)] » ~ o

5
m— Actual model
= |deal model

— Random model ||
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Rlift, IRL

Since Lift Ratio compares areas under Lift function for actual and ideal models,
next concept is focused on comparison of Lift functions themselves. We define
Relative Lift function by

QLift(q)

1

0.9+

RLift(q) = = ,qe (0,1 7
\ QL?ftideaf(fI) | osl
In connection to RLift we define Integrated Zz e
Relative Llft (IRL): 0.1 :Ilgea(ljmodeld |
1 % 02 04 06 08 1
IRL = / RLift(q) dg
0

2
It takes values from 0-5+&, for random model, to 1, for ideal model.
Following simulation study shows interesting connection to c-statistics.
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Priklad

We consider two scoring models with score distribution given in the table below.

We consider standard meaning of scores, i.e. higher score band means better clients
(the highest probability of default have clients with the lowest scores, i.e. clients in score
band 1).

Gini indexes are equal for both models.

It is evident from the Lorenz curves, that the first model is stronger for higher score
bands and the second one is better for lower score bands.

The same we can read from values of QLift.

Scoring Model 1 Scoring Model 2 ! 7 emLC- Scoring Model 1 Gini =0.42
# cumul. # cumul.
bad |# cumul. bad |# cumul. ==IL.C - Scoring Model 2 Gini =0
score band | # clients q |#bad clients| clients |bad rate QLift  [# bad clients| clients |badrate| QLift
1 100 0.1 20 20 |20.0% 2.00 35 35 | 35.0% 3.50
2 100 0.2 18 38 [19.0% 1.90 16 51 | 255% 2.55
3 100 0.3 17 55 18.3% 1.83 8 50 | 19.7% 1.97
4 100 0.4 15 70 17.5% 1.75 8 67 |16.8% 1.68
5 100 0.5 12 82 [16.4% 1.64 7 74 | 14.8% 1.48
6 100 0.6 6 88 | 14.7% 1.47 6 80 13.3% 1.33
7 100 0.7 4 92 13.1% 1.31 6 86 12.3% 1.23
8 100 0.8 3 95 11.9% 1.19 5 91 11.4% 1.14
9 100 0.9 3 98 |10.9% 1.09 5 96 | 10.7% 1.07
10 100 1.0 2 100 | 10.0% 1.00 4 100 | 10.0% 1.00
All 1000 100 100
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Priklad

Since Qlift is not defined for g=0, we extrapolated the value by
QLift(0) = 3- QLift(0.1) — 3- QLift(0.2) + QLift(0.3)

10.00 =L ift - model 1 | 1.00
=== QL ift - ideal model
8.00 ===QLift - random model |
o =e=QLift - model 2 0,80
5 3
g 6,00 c_>u 0.60
£
3 =
4,00 -
a ’ x 040
ax=RLift - model 1
2,00 ====RLift - ideal model
0,20 ==RLift - random model
‘ . . . . . . . ‘ : am=R| ift - model 2
0 1 2 3 4 5 6 T 8 9 10 ' ‘ ' ‘ ‘ ‘
0 1 2 3 4 5 6 7 8 9 10
score band score band

According to both Qlift and Rlift curves we can state that:
> If expected reject rate is up to 40%, then model 2 is better.
> If expected reject rate is more than 40%, then model 1 is better.
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Indexy zalozené na hustoteé

Stiedni diference D=_28
(Mahalanobis distance): S

kde S je spole¢na smérodatna odchylka:
1

2 2 " IEIAD |
g nS .t mS,” |* o
n+m ol

M, ,M, jsou stiedni hodnoty dobrych (Spatnych) klientG °%

S, ,§, jsou pfislugné smérodatné odchylky.




Indexy zalozené na hustoteé

Informacni hodnota (I ,;) - spojity pripad (Divergence):
* jde o symetrizovanou Kullback-Leiblerovu divergenci zndmou také
pod nazvem J-divergence.

[ Joop (%)
L= _[O(fGOOD (X) = fpup (X)) ln( £ () j dx

Faire (X) = Taoop (X) = Taap (X)

_ fooop (X)
()= In[ Foap (X) j




Indexy zalozené na hustoteé

Pravdépodobnostni hustota:  fcoon (X)  fp (¥)

- n 1 - m 1

Jadrovy odhad: Jeoop (X, h) = Z_Kh(x_si) Sap (X, 1) = ZZK};(X_SZ')
i=1, i=1
D2 D=0

Optimalni $itka okna (pomoci principu

maximalniho vyhlazeni): st
1

h.. = (2k +1)1k(2k +5)*72 |
o (2k +3)!

1 0.4r

.5-.n2|(+l

03

kde: k jeftad jadrové funkce
(napt. 2 pro Epanechnikovo jadro)
N je pocet pozorovani Y
je odhad smérodatné odchylky

01r

S|



Indexy zalozené na hustoteé

Informacni hodnota (I,)) — diskretizovany spojity pfipad:

e Nahradime hustotu jejim jadrovym odhadem a spoc¢teme integral numericky (napf.
pomoci slozeného lichobéznikového pravidla).

3
e S pouzitim Epane¢nikova jadra, K(x)==(1-x")-I(xe[-11])
a optimalni sitky vyhlazovaciho okna h_.,k dostaneme

OS ,k
S oo (% hos 2)
fn/(x) (fGOOD(x hos )~ fBAD( hos ,))In
( fBAD(x Pos.2) ]
* Pro danych M+1 bodti X,,...,X,, dostavame
| X

i :2|\/|(flv (Xo)+22 f|v (X)"' fIV (X )j

5555555
sssss
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Indexy zalozené na hustoteé

Informacni statistika/hodnota (I ) — diskrétni ptipad:

e Vytvorime intervaly skdre - typicky decily. Pocet dobrych ($patnych) klientt v

i-tém intervalu ozna¢ime g, (b,).

* Musi platit g, >0,b, >0 Vi

e Potom dostavame

g b m
_ Z i 5 g,
I val In b
score int.| # bad clients | #good clients | % bad [1] | %good [2] | [31=[21- [ [21=[21/ []]_[51=In[4] | [6] =31 [5]

1 1 10 2,0% 1,1% -0,01 0,53 -0,64 0,01
2 2 15 4,0% 1,6% -0,02 0,39 -0,93 0,02
3 8 52 16,0% 5.5% -0,11 0,34 -1,07 0,11
4 14 93 28,0% 9,8% -0,18 0,35 -1,05 0,19
5 10 146 20,0% 15.4% -0,05 0,77 -0,26 0,01
6 6 247 12,0% 26,0% 0,14 217 0,77 0,11
7 4 137 8,0% 14.4% 0,06 1,80 0,59 0,04
8 3 105 6,0% 11,1% 0,05 1,84 0,61 0,03
9 1 a7 2,0% 10,2% 0,08 5,11 1,63 0,13
10 1 48 2,0% 5.1% 0,03 2,53 0,93 0,03
All 50 950 Info. Value 0,68
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Empirical estimate of |

The main idea of this approach i1s to replace unknown densities by their
empirical estimates. Let’s have n score values, of which ng score values
so;s © = 1,...,ng for bad clients and n; score values s, j = 1,...,n; for
good clients and denote L (resp. H) as the minimum (resp. maximum)
of all values. Let’s divide the interval [L, H| up to r equal subintervals

(g0, @1, (q1.42),- .- (@r—1,4r], where go = L, q, = H. Set

val

no; —ZI( € (gj-1,45])

ZI( € (g-1,q5]), J=1,....r

observed counts of bad or good clients in each interval. Then the empirical
Information value 1s calculated by

T
—_ ni; o, ni,;no
Ivaf,DEC = E In .
- n np ;1

j=1
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Empirical estimate of |

However in practice, there could occur computational
problems. The Information value index becomes infinite
in cases when some of n, Or n are equal to o.

Choosing of the number of bins is also very important.
In the literature and also in many applications in credit
scoring, the value r=10 is preferred.
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Empirical estimate with supervised
interval selection (ESIS)

We want to avoid zero values of N, Or 1, .

We propose to require to have at least k, where k is
a positive integer, observations of scores of both good
and bad client in each interval. This is the basic idea
of all proposed algorithms.
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Empirical estimate with
supervised interval selection

* The ESIS:
Set
go=L—-1
71 (ks
=F' (&) i=1,..., %)
qze)+1 = H,

where F;;!(-) is the empirical quantile function appropriate to the
empirical cumulative distribution function of scores of bad clients.
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Empirical estimate with
supervised interval selection

Usage of quantile function of scores of bad clients is motivated by the assumption,
that number of bad clients is less than number of good clients.

If n_ is not divisible by k, it is necessary to adjust our intervals, because we obtain
number of scores of bad clients in the last interval, which is less than k. In this case,
we have to merge the last two intervals.

Furthermore we need to ensure, that the number of scores of good clients is as
required in each interval. To do so, we compute n, for all actual intervals. If we
obtain n, < k for j* interval, we merge this interval with its neighbor on the right
side.

This can be done for all intervals except the last one. If we have n, < k for the last
interval, than we have to merge it with its neighbor on the left side, i.e. we merge the
last two intervals.
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Empirical estimate with
supervised interval selection

Very important is the choice of k. If we choose too small value, we get
overestimated value of the Information value, and vice versa. As a reasonable
compromise seems to be adjusted square root of number of bad clients given

by

k= [vno]

The estimate of the Information value is given by

-
~ UsP Q. 1110
Iyal,ESIS = E - ——]1In -

v nq ng ng, Ny

j=1

where n,, and n, correspond to observed counts of good and bad clients in
intervals created according to the described procedure.
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Simulation results

Consider n clients, 100p;% of bad clients with f, : N(#4,0,) and
100(1-pg) % of good clients with f,: N(z,0,).

2
Because of normality we know | _ = (Mj :
o)

Consider following values of parameters:
" N =100 000, N = 1000

K =0
"0,=0,=1
"L, =0.5,1, 1.5

" pg = 0.02, 0.05, 0.1, 0.2
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Simulation results

n=100000, 4 — 1, = 0.5 n=1000, 4, —u,= 0.5
%)
MSE = MSE Pz
0.02 0.05 0.02 0.05 0.1 0.2
IV_decil |0,000546 | 0,000310 WS 0,025574
WL 0,000487 0,000232 0,000131 0,000076 IV_kern 0,017547 0,009281 0,004737
IV_esis 0,000218 | 0,000127 IV_esis |0,038331|0,021980 |0,016280 | 0,008028
n=100000, /., —p, = 1.0 n=1000, My — 1= 1.0
MSE Ps MSE Ps
0.02 0.05 0.1 0.2 0.1 0.2
IV_decil IV_decil 0,043097 | 0,029788
IV_kern |0,003396 |0,001697 | 0,001064 | 0,000646 kb kt:rd 0,072381
VS 0,002146 0,000973 0,000477 0,000568 VST BT 0,071088 | 0,036503 |0,023609
n=100000, 4 —, = 1.5 n=1000, ., —u,= 1.5
MSE Ps MSE
0,020166 IV_decil
IV_kern |0,019561 | 0,010789 [0) 01y o) 001 b7 IV_kern |WrErirlyAl Err/el 0,266912 | 0,196856
IV_esis O ELWE LR ENY 0,007565 IV_esis  |0,609193(0,352151 [[1} b L5 M JF L /5

- » worst

* average
- * best performance
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Simulation results

log MSE; pB=0,2; D=1
T T

BIAS; pB=0,2; D=1 10 T g g " ’ ' ]
0.04 T T T T T T T T T decil ]
kern ]
—esis |
0.02
0
-0.02
-0.04
-0.06
-0.08
-0.1
_012 r r r r r r r r r
0 1 2 3 4 5 6 7 8 9 10 10 ‘ : . ; . . . . .
0 1 2 3 4 5 6 7 8 9 10
x 10
BIAS; pB=0,02; D= 15 . 800> De x 10
02 i i i : ’ } i i i o L L \ IogM‘SE, pB—LO,OZ, DL—1,5 L ‘ L ]
decil |1
kern |]
esis |1

,Klasicky”“ odhad
pomoci decilti
skore je znac¢né

vychyleny!!!

10° : : : : : : : : : 51

4
x 10 x 10°




Normalne rozlozené skore

Piredpokladejme, Ze skore dobrych a $patnych klientti je normalné rozlozeno, tj.
jejich pravdépodobnostni hustoty maji tvar

(xopg)” )

1 20’2 1 ZO'b
e g X)= e
fGOOD (X) Gg m € fBAD ( ) O'b /_272_

Odhady parametri f4, t4,,0,a 0, :
M ,, M, jsou aritmetické priméty skére dobrych (Spatnych) klientd

Sg , §, jsou smérodatné odchylky skére dobrych (Spatnych) klientt
1

Spolecnd smérodatna odchylka: { nS 2 4+ mS.> jz
g b

n+m

Odhady stifedni hodnoty a smérodatné odchylky skore vSech klientd g, , o, :

1

M, +mM, 5. :(nng +mS,> +n(M, —M)* +m(M, - M)* T

M=M,, =

n+m (n+m)
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Normalne rozlozené skore

Predpokladejme, ze smérodatné odchylky obou skore jsou rovny hodnoté o, pak:

D:’ng_’ub D—Mg_Mb
d S

o3 o2 aof2)

Gini =2-CI)(%)—1

QLif(@) =S ¢ 740 (@) + . D QLif(@) =0 40 (q) + p, D)
q \ o qg \S
I ,=D’
Kde @D(-)je distribu¢ni funkce standardlzovaneho normalniho rozloZeni, (D : () je

distribu¢ni funkce s parametry 4, 52 a®" '(")je standardizovana kvantilovi funkce.



Normalne rozlozené skore

Obecné, tj. bez predpokladu rovnosti smérodatnych odchylek skore:

*

_ M — M,
) )
w/Gg%—Gb

*

M,-M,

NG

KS:@(ﬁab-D*—la \/aZD*2+2b-cj—cp(ﬁa -D*—lab\/azD*2+2b-cj
b b ¢ b * b
kde a—1/6b+a b=o, — g, c-ln(G—J
Oy
S +8S2
ks=o| Ve g pr L g
;-S> SE-S2"¢
S +S2
-® 2b zg g 21
S7 -S> ;- S?

\/(S2+S )D" +2-(S2 - Sz)m[

)

D -——S \/(S2+S)D +2-(S2 - 82)In| £ ]

]
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Normalne rozlozené skore

Obecné, tj. bez predpokladu rovnosti smérodatnych odchylek skore:

Gini =2-®(D") -1

L1 ) R
Lﬁq:;®yb,dg(ﬂALL+GALL.® 1(Q)):gq{ ALL (? Hir ﬂb]
b

QLift(q) = éq{sm O (q)+M - Mb]

Sy

, O, ' (s> S
I =AD"+ -1, A=L% %] | =4+ DD+ A1, A=—| b4l
20, o, 2 Sg Sb




Normalne rozlozené skore

* KS i Gini reaguji velmi
silné na zménu y, , ale
zlstavaji  témeér 2 beze
zmeény ve smeru O, .

e Gini > KS

0.8 — KS

— Gini

0.6

04-

0.2-

O et
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Normalne rozlozené skore

V pripadé indexu
Lift, o, je evidentni
silna zavislost na p,
a vyznamneé vyssi
zavislost na o,> nez
v pripadé KS a Gini.

Liftlo%: M, = 0 ’ sz =1

Opét velmi silna
p, =0, o, = .. zavislost na .
| ] Navic hodnota I
mifi velmi rychle k
nekoneénu pokud
se o, blizi nule.

val*
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Financni dopad pouziti
scoringovych modelu

We considered the number of credit proposals to be 150,000
per year, the reject rate (RR) to be 40%, and the average
default rate (DR) to be 10.5%.

Furthermore, we considered that the average gain resulting
from rejecting a bad client (saved loss) in favor of accepting
a good client (earned interest) was €300.

For further comparison we considered the number of
proposals to be 450,000 per year, the reject rate to be 20%,
and the gain to be €1,500.
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Financni dopad pouziti
scoringovych modelu

We needed to estimate the number of bad clients who could be rejected
by a credit scoring model in addition to rejecting without any model, but
with the same reject rate.

Because Liftgy (i.e., Lift,, with ¢ = RR, where RR is the reject rate) is
defined as the ratio of the proportion of bad clients below a given
rejection level (RR) to the proportion of bad clients in the general
population, and given our assumptions, we are able to estimate the desired
number of bad clients.

Then, because we know the gain resulting from rejecting a bad client in
favor of accepting a good client, we can estimate the profit resulting from
using a credit scoring model. The profit is given by

profit =# proposals - DR - RR - (Liftgz —1)- gain
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Financni dopad ...

Quality indices

Portfolio parameters

proposals: 150 000/year

prop. : 450 000/year

gain: 300 € /credit

gain: 1500 € /credit

gain: 1500 € /credit

RR: 40%

RR: 20%

RR: 40%

RR: 20%

RR: 40%

RR: 20%

D

KS

Gini

c-stat

Ival

Profit

Profit

Profit

Profit

Profit

Profit

0,2500

0,0995

0,1403

0,5702

1,4422

1,3376

1,2197

0,0625

415318 €

319019 €

2076 589 €

1595095 €

6229766 €

4785284 €

0,5000

0,1974

0,2763

0,6382

1,9794

1,7156

1,4395

0,2500

830718 €

676 264 €

4153 588 €

3381320€

12460 764 €

10143959 €

0,7500

0,2923

0,4041

0,7021

2,5987

2,1187

1,6489

0,5625

1226474 €

1057182 €

6132 369 €

5285909 €

18397 106 €

15857726 €

0,8620

0,3335

0,4578

0,7289

2,8977

2,3028

1,7370

0,7430

1392838 €

1231152 €

6964 189 €

6155762 €

20 892 566 €

18467 285 €

1,0000

0,3829

0,5205

0,7602

3,2801

2,5294

1,8391

1,0000

1585984 €

1445248 €

7929919€

7226 240€

23789757 €

21678719 €

1,2500

0,4680

0,6232

0,8116

3,9988

2,9304

2,0041

1,5625

1897678 €

1824194 €

9488 388 €

9120970€

28465 165 €

27362911 €

1,5000

0,5467

0,7112

0,8556

4,7287

3,3068

2,1406

2,2500

2155813 €

2179903 €

10779 067 €

10899516 €

32337201€

32698 548 €

Firstly, we can see that a firm with 150,000 credit proposals per year, a 40% reject
rate, and a €300 gain per credit can earn approximately €1.4M per year when using
the given credit scoring model compared to the case of using no model.

Secondly, we can see that improving a model, by means of improving the quality

indices, leads to a situation where a smaller reject rate results in a higher profit.

And finally, we can see that a firm with an only three times bigger portfolio and five
times higher gain per credit, i.e., 450,000 proposals per year and €1,500 per credit,
and with an excellent model can increase its profit by more than €32M per year,
which is quite a noticeable amount of money.
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Financni dopad ...

Quality indices

Portfolio parameters

proposals: 150 000/year

prop. : 450 000/year

gain: 300 € /credit

gain: 1500 € /credit

gain: 1500 € /credit

RR: 40%

RR: 20%

RR: 40%

RR: 20%

RR: 40%

RR: 20%

D

KS

Gini

c-stat

Ival

Profit

Profit

Profit

Profit

Profit

Profit

0,2500

0,0995

0,1403

0,5702

1,4422

1,3376

1,2197

0,0625

415318 €

319019€

2076 589 €

1595095 €

6229766 €

4785284 €

0,5000

0,1974

0,2763

0,6382

1,9794

1,7156

1,4395

0,2500

830718 €

676 264 €

4153 588 €

3381320€

12 460764 €

10143 959 €

0,7500

0,2923

0,4041

0,7021

2,5987

2,1187

1,6489

0,5625

1226474 €

1057182 €

6132369 €

5285909 €

18397 106 €

15857726 €

0,8620

0,3335

0,4578

0,7289

2,8977

2,3028

1,7370

0,7430

1392838 €

1231152 €

6964 189 €

6 155762 €

20892 566 €

18467 285 €

1,0000

0,3829

0,5205

0,7602

3,2801

2,5294

1,8391

1,0000

1585984 €

1445248 €

7929919€

7226240 €

23789757 €

21678719 €

1,2500

0,4680

0,6232

0,8116

3,9988

2,9304

2,0041

1,5625

1897678 €

1824194 €

9488388 €

9120970€

28 465 165 €

27362911 €

1,5000

0,5467

0,7112

0,8556

4,7287

3,3068

2,1406

2,2500

2155813 €

2179903 €

10779 067 €

10899516 €

32337201 €

32698548 €

Furthermore, one can compare the values of the expected profit within the columns as well as
within the rows. This means that it is possible to compare the profit of the different portfolios
provided by a credit scoring model with a given quality.

But one can also compare the profit for a given portfolio according to the quality of the credit
scoring model. For instance, if a firm with 150,000 credit proposals per year, a €300 gain per
credit, and a 40% reject rate enhances the model and its Gini index increases from 0.4578 to
0.5205 (i.e., an increase of 0.06, which is an improvement of approximately 14%), the expected
profit is approximately €193K per year (€1,585,984 minus €1,392,838).

The typical potential for improving the Gini index is between 10% and 20% in the case of
scoring models for consumer credit, provided that the redevelopment is carried out once or
twice a year, which is usually the optimal time period. If a firm has credit-scoring-model
development costs of around €20K, obviously it is profitable to redevelop the model and to
maintain its quality, in the sense of the listed indices, at as high a level as possible. 61



Financni dopad ...

Odhad zisku pomoci uvedeného vzorce:

1600000 €

1400000 €

1200000€

1000000 €

800000€

600000 €

400000 €

200000 €

0€

—C
AN

prop. : 150 ooo/year
DR :10,5 %
gain : 300€

N\

AN

\4

A\

0,2

0,4

0,6
Reject Rate

0,8

u

1

Vyjadieni realného zisku na jiném
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Reject rate

| = Profit (per year)

RAROI Loss rate |

8 000 000 000

T 7 000 000 000
=+ 6 000 000 000
+ 5 000 000 000

4 000 000 000
3 000 000 000
2 000 000 000
1 000 000 000
0

Pomoci uvedeného vzorce pro odhad zisku lze také zkoumat zavislost zisku na hladiné zamitani

(Reject Rate).

Timto zptisobem lze pfiblizné urcit optimalni hladinu zamitani. V nasem ptipadé je to 34,85 %.

Obrazek odpovida modelu s charakteristikami kvality zvyraznénymi v pfedchozi tabulce (Zluté
zvyraznény fadek).

Zména ostatnich parametrt (#proposals, DR a gain) vede pouze ke zméné hodnot na vertikalni
ose. Tvar ktivky zisku, tedy i bod maxima, z{istava stejny a ovliviiuje ho jen a pouze pribéh kiivky

Liftu.
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Financni dopad ...

! ] ==LC- Scoring Model Lt -mode
cormns ogeHt 10.00 _\ _gtiﬁ_ide:.,'nl,de. """ scoring scoring
0,8 -~ ==LC- Scoring Model 2 £.00 =—QLift - random model | | model1 model 2
) =m=QLift - model 2
06 - S \ o GINI 0.420 0.420
E ) KS 0.356 0.344
0,4 - 3 400 QLift(o.1) 2.000 3.500
200 LR 0.242 0.372
0,2 ) IRL 0.699 0.713
o T ) o 1 2 3 4 5 6 7 8 9 10
[o) 0,2 0,4 0,6 0,8 1 score band
1o Profit
* Uvazujme piiklad scoringovych modelti ze str. 36 Model 1
v o . 10000
[
totoZny G.1n1, Model s
e podle KS je lepsi model 1 2000
e podle indexti zalozenych na Liftu je lepsi
model 2 6000
b4 v . 4 4 4000
* Vyjadiime zisk pomoci naseho vzorce
* absolutni aroven zisku je srovnatelna 2000
* max. zisku lze s modelem 1 dosdahnout pfi
0 T T T T T
— 0
RR = cca 50% 01 02 03 04 05 06 07 08 09 1

* max. zisku lze s modelem 2 dosdhnout pfi
RR = cca 20%
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Zaver

Efektivni vyuziti scoringovych modeli je nemozné bez znalosti jejich kvality.

Posuzovani kvality je silné zavislé na definici dobrého/sSpatného klienta.
Zavedeni typu ,indeterminate” vétSinou nepiindsi zadné zlepseni.

Je potfeba posuzovat scoringové modely podle jejich sily v oblasti skore, kde je
ocekavana cutoff hodnota.

Giniho index ani KS nestaci!

Vysledky tykajici se Liftu a informacni hodnoty lze pouzit k vybéru nejlepsiho
scoringového modelu.

Vysledky pro normalné rozlozené skore lze pouzit pro vypocet vsech
uvedenych index@i. Navic mohou pomoci v porozumeéni, jak se tyto indexy
chovaji v zavislosti na uvedenych parametrech.

Navrzeny vzorec pro odhad zisku plynouciho z pouziti scoringového modelu
lze pouzit nejen pro samotny odhad zisku, ale také pro ptiblizné stanoveni
optimalni (vzhledem k zisku) miry zamitani a pro porovnani danych modelt
vzhledem k takto urcené optimalni mife zamitani, pficemz je zfejmé, Ze model

generujici srovnatelny zisk s niz$i mirou zamitani je lepsi.
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