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Introduction

A It is impossible to use scoring model effectively
without knowing how good it is.

 Usually one has several scoring models and
needs to select just one. The best one.

 Before measuring the quality of models one
should know (among other things):

good/bad definition
expected reject rate



Good/bad client definition

d Good definition is the basic condition of
effective scoring model.
[ The definition usually depends on:

days past due (DPD)
amount past due
time horizon

A Generally we consider following types of client:

Good

Bad
Indeterminate
Insufficient
Excluded
Rejected.



Good/bad client definition

N

Customer

Accepted

Rejected

[Goop] ==

Default

| (60 or 90 DPD)

Early default

(2-4 delayed payment, 60 DPD)

o]

>

Insufficient

Late default

5+ delayed payment, 60 DPD/

>

INDETERMINATE




Measuring the quality

O Once the definition of good / bad client and client's score is available, it
is possible to evaluate the quality of this score. If the score is an output of
a predictive model (scoring function), then we evaluate the quality of this
model. We can consider two basic types of quality indexes. First, indexes
based on cumulative distribution function like

Kolmogorov-Smirnov statistics (KS)
Gini index
C-statistics
Lift.
The second, indexes based on likelihood density function like

Mean difference (Mahalanobis distance)
Informational statistics/value (I,)).



Indexes based on
distribution function

{1, client is good Number of good clients: »

0, otherwise. Number of bad clients: m . -
Proportions of good/bad clients: p; = , Py =
n+m n+m
Empirical distribution functions: Kolmogorov-Smirnov statistics (KS)
1 n
F, coop (@) = _Z](Si <anDy = 1) KS = mf% ‘F 340 (@)= F, Goop (a)‘
n P ae

-
P
s

1 m
F, pip(@) :Zzl(si SanDy = 0)
i=1

Fy (@)= Z[ s, < a ae [L,H] /
03} "/' :
1 A istrue ot /

1(4)= T

0 otherwise - | |




Indexes based on
distribution function

Lorenz curve (LC)

x=F, pa)
Y =F, co0p(@), aE[L H]
Gini index
Gini = 4 =24
A+ B

n+m

Gini =1- Z( m.BADk F, BAD k- 1) (Fn.GOODk + Fn.GOODk—l)

where F,, ;.p. (Fn.GOODk) is k-th vector value of empirical distribution function of bad (good) clients



Indexes based on
distribution function

C-statistics:

1+ Gini
2

c—stat=A+C =

It represents the likelihood that randomly selected good client has
higher score than randomly selected bad client, i.e.

c—smtzP(S1 > S, ‘DKl =1 A Dy, :O)



Indexes based on
distribution function

A Another possible indicator of the quality of scoring model can be
cumulative Lift, which says, how many times, at a given level of
rejection, is the scoring model better than random selection (random
model). More precisely, the ratio indicates the proportion of bad
clients with less than a score a, a<[L,HA] , to the proportion of bad
clients in the general population. Formally, it can be expressed by:

%I(SiSaAY:O) %I(SiSaAY:O) _ uuuuuuuu
i=1 i=1
, CumBadRate(a) Z:‘](Si =a ) ,Z::‘I(Si = )
Lift(a) = =20 ED - o = -
aarate _ il PR IS S SO B
2.1r=0) v e
I’H-Zm](Y _ 0 y Y _ 1) : : ]
~-r | %5T s 55 o¢ 05 o5 o7 o5 ©
absLift(a) = BadRate(a)
BadRate




Indexes based on
distribution function

A Usually it is computed using table with
numbers of all and bad clients in some
bands (deciles).

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%

3,50
C\ —o—abs. Lift
3,00 \\ —O—cum. Lift
2,50
E \ \
3 2,00
©
= \ \\m
£ 1,50
- \O\@\O
100 1 \\
0,50 ~$
1 2 3 4 5 6 8 9 10
decile
1
0,8 1 Gini=0,55
0,6
0,4 4
0,2 4
Lornz curve
—— Base line
0 T T T T
0 0,2 0,4 0,6 0,8 1




Indexes based on

distribution function

L When bad rates are not monotone:

LC looks fine
Gini is slightly lowered
Lift looks strange

0,8 - Gini=0,48
0,6 -
0,4 -
0,2 -
Lornz curve
—— Base line
0 T T T :
0 0,2 0,4 0,6 0,8 1

absolutely cumulatively
decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift
1 100 - 8 8,0% 1,60 8 8,0% 1,60
2 100 " 12 12,0% 2,40 20 10,0% 2,00
3 100 16 ¢ 16,0% 3,20 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%
3,50
A —o—abs. Lift
3,00 / \ —O—cum. Lift
2,50
S 2,0 /H\\A
2 \ \
£ 1,50
| \ \O\KQ
1,00 \
0,50

6 7

decile




Indexes based on
distribution function

O When score is reversed, we obtain
reversed figures.

3,50
absolutely cumulatively —— 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 o /
4 100 5 5,0% 1,00 41 10,3% 2,05 35 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 £ 1,50
7 100 1 1,0% 0,20 47 6,7% 1,34 - /
8 100 1 1,0% 0,20 48 6,0% 1,20 1,00
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% 0_0_0_04:@/0/
- T T T T T
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 ;
2 100 [ 1\ 1,0% 0,20 2 1,0% 0,20 N
3 100 1 1,0% 0,20 3 1,0% 0,20 bs) CiNI=-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 ’
7 100 5 5,0% 1,00 14 2,0% 0,40 0l
8 100 8 8,0% 1,60 22 2,8% 0,55 ’
9 100 \ 12 / 12,0% 2,40 34 3,8% 0,76
0,2 4
10 100 \16/ 16,0% 3,20 50 5,0% 1,00 —— Loz curve
All 1000 50 5,0% —— Base line

0,2 0,4

0,6

0,8




Indexes based on
distribution function

d The Gini is not enough!!!

.
SC 1 1
Gini= 0,42
decile # cleints # bad clients Bad rate 0,8 4
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%
Z 138 g 2,8:2 0.2 ——Lornz curve
2 ——Base li
9 100 5 5,0% o ‘ | | =
10 100 4 4,0% 0 o1 02 03 04 05 06 07 08 09 1 0 0.2 04 0,6 08 1
All 1000 100 10,0%
SC 2: ! 1
Gini = 0.42
decile # cleints # bad clients Bad rate 0,8 0,8 4
1 100 20 20,0% 071
2 100 18 18,0% 06 | 06
3 100 17 17,0% ‘ '
4 100 15 15,0% 51
5 100 12 12,0% 04 1 041
6 100 6 6,0% 0,3 1
7 100 4 4,0% 02 0,2 4 —
8 100 3 3 0% 4 0rnz curve
2 S 0,1 ——Base line
9 100 3 3,0% o - 0 ‘ ‘ ‘ :
10 100 2 2,0% 0 01 02 03 04 05 05 07 08 09 1 0 0,2 04 0,6 08 1
All 1000 100 10,0%




Indexes based on
distribution function

SC 1: SC 2:
| | [ ]
4,00 2,50
3,50 —&—abs. Lift —— abs. Lift
’ =O=cum. Lift 2’00 =O=cum.Lift| |
3’00 IMI
E 2,50 5 1,50 x
S 2,00 g
-l 1’50 - 1,00 HH i
1,00
0,50
0,50 \\0—\
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
decile decile

Liftypy, = 2.55 >  Lift,g, = 1.90
Liftey, = 1.48 < Liftey,, = 1.64

‘ SC 2 is better if reject rate is expected around 50%.
SC 1 is much more better if reject rate is expected by 20%.



Indexes based on
distribution function

A Lift can be expressed and computed by formulae:

Llfl‘(a) _ Fn.BAD (CZ) qc [L,H]

N \d

. F, Py (@) 1 .
Lljpt — _ n.BAD ]\Z.ALL — Fn (F (q))
" F w.arz (F N.IALL (q) ¢ Ap A

Fylu (@ =minlae[L,H], F, ,, (a)2q}

Liﬁlo% =10- Fn.BAD (Fz\;.lALL (0-1))



Indexes based on density
function

Likelihood density functions: Jfcoon (X)  fup (%)

-~ " ~ m

Kernel estimates: f;oop(X,h) = Z;Kh('x_si) Jpap (X, h) = ZiKh(x_Si)
i=1, i=1
DKZI Dk:()

Optimal bandwidth (maximal smoothing):
1
2k + 1)k +5) 7 P L
(2k +3)!

05t

O N

hOS,k _
03f

02r

where: & is the order of kernel function
(e.g. 2 for Epanechnikov kernel)
n is number of actual cases 0,
& is an estimate of standard deviation

01r




Indexes based on density
function

Mean difference M, -M,
(Mahalanobis distance): D =

where S is pooled standard deviation:
1

g nnganSb2 2
n+m

M,, M, are means of good (bad) clients

S g S, are standard deviations of good (bad) clients




Indexes based on density
function

Information value (I,,,) — continuous case (Divergence):

Jeoon (X) j dx

L, = —[O(fGOOD (%)= Jpap (X))ln[ S pap (X)

fdiﬁf (X) = foo0p(X) = f54p(X)

_ / GOOD(x) 02} :ff
fial¥) = ln( Spap (%) j 20

sssss



Indexes based on density
function

Information value (I,.) — discretized continuous case:

val

e Replace density functions by their kernel estimates and compute mtegral
numerically (e.g. by composite trapezoidal rule). 4 -

3
e Using Epanechnikov kernel, given by K (x) = Z(l—xz)'f(x e[-1,1)
and optimal bandwidth #,;, we have

J?GOOD (x, hos,z)}

N]V = NGOOD Nos ) — NBAD s hos o) )l ~
Jir () <f x 2= faao (% )) n[ fBAD(xahOS,z)

e For given M+1 points x,,...,x,, we obtain

I = (fW (xo)+22fw(x )+ Fi (xM>j




Indexes based on density
function

Information statistics/value (I,,) — discrete case:

e Create intervals of score — typically deciles. Number of goods (bads) in i-th
interval is marked by g (&,).

e It must holds g, >0,b, >0 Vi

e Then we have 7 :Z g b inl &

val
—\n m b.n
score int.| # bad clients | #good clients| % bad 1] | % good[2] |[3]=[2]-[1]|[4]1=[2]/[1]| [S]=In[4] |[[6]=[3]"[S]
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 2,17 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 97 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




Indexes based on densi

function

A Information value for our example of two scorecards:

SC1:
decile # cleints # bad clients #good % bad [1] %good[2] | [3]1=1[2]-[1] | [4]=[2]/[1] [5] =In[4] |[6]=[3]*[5]] cum.[6]
1 100 35 65 35,0% 7,2% -0,28 0,21 -1,58 0,44 0,44
2 100 16 84 16,0% 9,3% -0,07 0,58 -0,54 0,04 0,47
3 100 8 92 8,0% 10,2% 0,02 1,28 0,25 0,01 0,48
4 100 8 92 8,0% 10,2% 0,02 1,28 0,25 0,01 0,49
5 100 7 93 7,0% 10,3% 0,03 1,48 0,39 0,01 0,50
6 100 6 94 6,0% 10,4% 0,04 1,74 0,55 0,02 0,52
7 100 6 94 6,0% 10,4% 0,04 1,74 0,55 0,02 0,55
8 100 5 95 5,0% 10,6% 0,06 2,11 0,75 0,04 0,59
9 100 5 95 5,0% 10,6% 0,06 2,11 0,75 0,04 0,63
10 100 4 96 4,0% 10,7% 0,07 2,67 0,98 0,07 0,70
All 1000 100 900 Info. Value 0,70
SC 2:
decile # cleints # bad clients #good % bad [1] % good [2] | [3]=1[2]-[1] | [4]=[2]/[1] [5] =In[4] |[6]=[3]*[5]] cum.[6]
1 100 20 80 20,0% 8,9% -0,11 0,44 -0,81 0,09 0,09
2 100 18 82 18,0% 9,1% -0,09 0,51 -0,68 0,06 0,15
3 100 17 83 17,0% 9,2% -0,08 0,54 -0,61 0,05 0,20
4 100 15 85 15,0% 9,4% -0,06 0,63 -0,46 0,03 0,22
5 100 12 88 12,0% 9,8% -0,02 0,81 -0,20 0,00 0,23
6 100 6 94 6,0% 10,4% 0,04 1,74 0,55 0,02 0,25
7 100 4 96 4,0% 10,7% 0,07 2,67 0,98 0,07 0,32
8 100 3 97 3,0% 10,8% 0,08 3,59 1,28 0,10 0,42
9 100 3 97 3,0% 10,8% 0,08 3,59 1,28 0,10 0,52
10 100 2 98 2,0% 10,9% 0,09 5,44 1,69 0,15 0,67
All 1000 100 900 Info. Value 0,67




Indexes based on density

diff; —

Q Using markings 7 —(&_ﬁ
n

function

g
[,, =ln| &
m Hh [ b,

SC 1:

SC 2:

K-S
Gini
Lt
Lt
IvaI
Iva|20%
Iva|50%

K-S

Gini

Lift, g0,
Lifts o,
I
IvaI20%
Ival50%

val

=0.34
=0.42
=2.55
=1.48
0.70
0.47




Some results for normally
distributed scores

Assume that the scores of good and bad clients are normally distributed,
i.e. we can write their densities as

(x_n“g )2 (x_,uh )2

1 e 20,%

2 2
fGOOD(x): e

Jpap(¥) =———=
o V27 e o, N2

Estimates of parameters t;, 1,0, and O, :
M,, M, are means of good (bad) clients

S, ,§, are standard deviations of good (bad) clients
1

Pooled standard deviation: [,,,S 2 _,_mezjz
S — g

n+m

Estimates of mean and standard dev. of scores for all clients 4 412> O 411 :
nM, +mM, S _[nng +mS,’ +n<Mg —M)2 +m(M, M)zj2
ALL

M:MALL - (n+m)

n+m



Some results for normally
distributed scores

Assume that standard deviations are equal to a common value ¢ :

D:ug_ub D_Mg_Mb
° S

o2} o2l 2

Gini = 2-®[£j—1

V2
- 1 Our gy - 1 Sar gy
Lift, =—®| L. ®'(q)+ p; - D Lift, =—®| =L D (q)+ p; - D
q o q S
]val :D2

Where CD() is the standardized normal distribution function, ® . () the normal
distribution function with parameters u, &2 and ® ' (-) is the standard quantile function.



Some results for normally
distributed scores

Generally (i.e. without assumption of equality of standard deviations):

D= He — Hy D :—Mg M,
- 2 2
1/(Igz-l-(jbz \/Sg+Sb

Kqu)(ﬁGb-D*—lG Ja*D” +2b-cj—CD(ﬁG -D*—lab\/azD*2+2b-cj
b b ¢ b ¢ b

2 2 O
where a=,/o, +c.,b=0, -0, c= 1n[—gj

Oy
S192+Sg2 * 1 2 2\* 2 2 S
KS—@[VS;_S;S,,D —S;_Sgsg (57 +52)D +2-(Sb—Sg)lnS—j

SP-S2 ¢ S2_S ]

g

2 2
_q{‘\/sb e g -D*—%Sb\/(s,fw;)z)*z +2-(S§—S§)ln(§gn




Some results for normally
distributed scores

Generally (i.e. without assumption of equality of standard deviations):

Gini=2-®(D")-1

: 1 _ 1
Lift, :;(D#h,df (:uALL +0 P 1(Q)):_cp

q

O 1L 'q)_l(Q)‘i' Harp — Hy
O,

—1 .
Lmq:lq)[SALL o (Q)+M Mbj
q

S,

! o, - (s> S2
[ —(A4)D A1, A% O] f (44D + A1, A=—| b4 ’8
2 c, O, 9) Sg Sb




Some results for normally
distributed scores

KS: nub:O,szzl

d KS and the Gini react
much more to change of
H, and are almost
unchanged in  the
direction of G§ :

e Gini > KS

081 — KS i

— Gini

0.6

0.4f

0.2f




Some results for normally
distributed scores

Lift,go,: 4, =0, 0, =1 0 In case of Lift, g,

, it is evident strong
dependence on
and significantly
higher dependence
on o than in case
of KS and Gini.

0 Again strong
dependence on H,.
Furthermore value
of I, rises very
quickly to infinity
when Gé tends to
Zero.




ROC (Receiver operating
characteristic )

TN (true negative) - pocet spravné klasifikovanych negativnich piipadn
TP (true positive) —pocet spravné klasifikovanych positivanich pfipadn
FP (false positive) — pocet nespravné klasifikovanych negativnich pfipadi

FN (false negative) — pocet nespravné klasifikovanych positivnich pfipadn

Predikce
Skuted G0 Gl Celkem
(=0 ) FF 1]
B Fh A F

Celkem e FFos Ly



flx)

ROC -TPR, FPR

1

TPR= TP/ P= TP/ (TP + FN)
FPR = FP/ N = FP/ (FP + TN)

pr(c) =P(X >¢c|G)=1-F(c)

inric) =P(X <c|Gy) =F,(c)

or(c)=P(X >c|Gy) =1-F(c)

Jar(c)=P(X <c|G,) = F(c)
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Accuracy:

ACC=(TP+ TN)/ (P + N)

TP=63

FN=37
100

TPR =0.63

FPR =0.28

ACC=0.68

A

FP=28

TN=72

100

91
109
200

B
TP=77 = FP=T77 154
FN=23 = TN=23 46
100 100 200
TPR=0.77
FPR=0.77
ACC=0.50

ROC -

C

TP=24  FP=88 112

FN=76  TN=12 88

100 100 200
TPR =0.24
FPR =0.88
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FN=12 TN=76 88
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FPR or (1 - specificity)




ROC - AUC, Gini

The AUC is equal to the probability that a classifier will
rank a randomly chosen positive instance higher than a
randomly chosen negative one. It can be shown that the
area under the ROC curve is equivalent to the Mann-
Whitney U, which tests for the median difference between
scores obtained in the two groups considered if the groups
are of continuous data. It is also equivalent to the
Wilcoxon test of ranks. The AUC has been found to be

related to the Gini coefficient(G) by the following formula
G+ 1=2xAUC




Dalsi evaluacni grafy

Boxplot Histogram

T
@ o
o F




Probability of Default
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Dalsi evaluacni grafy

PD - absolutnée

— SC1
— SC2

| 1 1
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Score (relative) - the higher the better
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Dalsi evaluacni grafy

Lift chart:

Pg

I
0.1

|
0.2

|
03

I
0.4

!
05
ALL

I
0.6

|
0.7

I
0.8

|
0.9

In this case we have the
proportion of all clients (F,,) on
the horizontal axis and the
proportion of bad clients (Fg,5) on
the vertical axis. The ideal model
is now represented by polyline
from [0, O] through [pB, 1] to [1,
1]. Advantage of this figure is
that one can easily read the
proportion of rejected bads vs.
proportion of all rejected. For
example we can see that if we
want to reject 70% of bads, we
have to reject about 40% of all
applicants.



Postupy evaluace

evaluace na ucicich datech
Evaluace na ucicich datech pouzitych k ucicimu procesu neni ke zjisténi kvality
modelu vhodna a ma nizkou vypovidaci schopnost, protoze Casto mlze dojit k
preuceni modelu. Odhad predikéni kvality modelu na ucicich datech se nazyva
resubstituéni nebo interni odhad. Odhady ukazatell kvality modell provedenych
na ucicich datech jsou nadhodnocené€, proto se misto nich pouzivaji testovaci
data, ktera se v ramci pripravy dat pro tyto ucely vycleni.

evaluace na testovacich datech
Evaluace na testovacich datech jiz ma patficnou vypovidaci schopnost, jelikoz tato
data nebyla pouzita k sestaveni modelu. Na testovaci data jsou kladeny urcité
pozadavky. Soubor testovacich dat by mel obsahovat dostateCné mnozstvi dat a
mél by reprezentovat Ci vystihovat charakteristiky ucicich dat. Empiricky
doporuceny pomér ucicich a testovacich dat je 75%, resp. 25% pripadd. Zajisténi
patficné reprezentativnosti je realizovano pomoci nahodného stratifikovaného
vybéru.



Postupy evaluace

kiiZové ovérovani (cross-validation)
V pripadé nedostate¢ného poctu pozorovani, kdy rozdéleni datového souboru na ucici a
testovaci data za ucelem vyhodnoceni modelu neni mozné, je vhodné pouzit metodu
krizového ovérovani. Vyhodou této metody na rozdil od déleni datového souboru je, Ze
kazdy pripad z dat je pouzit k sestaveni modelu a kazdy pripad je alespon jednou pouZit k
testovani. Postup je nasledujici:
e Soubor dat je nahodné rozdélen do n disjunktnich podmnozin tak, ze kazda
podmnozina obsahuje priblizné stejny pocet zaznamd. Vybéry jsou stratifikovany podle
trid (prislusnosti k urcité tride), aby bylo zajisténo, ze podily jednotlivych trid
podmnozin jsou zhruba stejné jako v celém souboru.
e Z téchto n disjunktnich podmnozin se vycleni n-1 podmnozin pro sestaveni modelu
(konstruk¢ni podmnozina) a zbyvajici podmnozina (validacni podmnozina) je pouzita k
jeho vyhodnoceni. Model je tedy evaluovan na podmnoziné dat, ze kterych nebyl
sestaven a na této mnoziné dat je odhadovana jeho predik¢ni kvalita.
e Cely postup se zopakuje n-krat a dil¢i odhady ukazatelG kvality se zpr@imériuii.
Velikost validacéni podmnoziny Ize pfiblizné stanovit jako pomér poctu pripadt ku poctu
validacnich podmnozin.



Postupy evaluace

bootstrap metoda
Metoda bootstrap zkouma charakteristiky jednotlivych resamplovanych vzorkl, které byly
porizeny z empirického vybéru. Pokud plvodni vybér osahuje m prvkd, tak kazdy ma nadé;ji
objevit se v resamplovaném vyberu. Pfi uplnem resamplovani o velikosti vzorku n jsou
uvazovany vsechny mozné vybéry a existuje tedy m " moznych vybérl. UpIné resamplovani
je teoreticky proveditelné, ale vyzadalo by si mnoho cCasu. Alternativou je simulace Monte
Carlo, pomoci niz se aproximuje Uplné resamplovani tak, ze se provede B nahodnych vybérd
(obvykle se voli 500 — 10000 vybér) s tim, ze kazdy prvek je vzdy nahrazen (vracen zpét do
osudi). Jsou-li dana data X={X1, ..., Xn) a je-li pozadovan odhad parametru 6, provede se z
plvodnich dat B vybérll a pro kazdy vybér je spocitan odhad parametru 6 . Bootstrap odhad
parametru je urCen jako primér dil¢ich odhadd. V pripadé evaluace modelll bude
parametrem 6 zvoleny ukazatel predik¢ni kvality.

jackknife
Tato metoda je zalozena na sekvencni strategii odebirani a vraceni prvk@ do vybéru o
velikosti n. Pro datovy soubor, ktery obsahuje n prvkd, procedura generuje n vzorkd s
poctem prvkd n-1. Pro kazdy zmenseny vybér o velikosti n-1 je odhadnuta hodnota
parametru. Dil¢i odhady se nasledné zprliméruji podobné jako u metody bootstrap.



