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Basic hotations

O We consider following markings:

Number of all clients: N

D {1, client is good Number of good clients: N

0, clientisbad. Number of bad clients: m
Proportions of good/bad clients:
0. = n _ om
ST ham' PF T em
» Cumulative distribution functions (CDF): » Corresponding densities:
Fpla)=P(5=a|D=0) forfa

Fifa)=P(S<al|D=1), a € R

» Empirical cumulative distribution functions (CDF):
L

E(a)=—) I(s,ZanD=0)

E mZ I(A)—{l A istrue

Fita)=%zlr(sf£mw=ljj a € [L, H], 0 Ais false e
i=1
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Information value

A The special case of KuIIback—LelbIer divergence given by:

tai / fIV di

where  frv () = (fu(x) = fola ))m(f“‘f))
fo(i-)

The example of fry () for 10% of bad clients with fo ~ N(0,1) and 90% of
cood clients with f; ~ N(4,2)
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I . for normally distributed scores

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

()’

2
20'g

| C(x=1)°
fo)=——=e 7
’ o,N27

» Assume that standard deviations are equal to a common value o :

. 2
Ival_D

1
ﬂ(x)—%—zJ—ﬂe

1, — 1
where D=-%—""

O

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

* 1 (72 0-2 _
Ival = (A‘l‘l)D : +A—1, A — — b2 _|_ i Where D* _ lug :ub
O O,

2 2
VO, 0,

4/16
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I . for normally distributed scores

1 W1
1
2 3
3 1 4

55 &sigma;h
&sigma; g

™ m
ob: TV 0.9% pb v . 0,000

0g: | U= 4.510 | ug 3 . 4.000

» We can see a quadratic dependence on difference of means.
» [, takes quite high values when both variances are approximately equal and
smaller or equal to 1, and it grows to infinity if ratio of the variances tends to

infinity or is nearby zero.
y y 5/16
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Empirical estimate of I,

The main 1dea of this approach 1s to replace unknown densities by their
empirical estimates. Let’s have m score values sg.. ¢ = 1,..., m for bad
clients and n score values sy, j = 1...., n for good chents and denote L
(resp. H) as the minimum (rergp mammum) of all values. Let’s divide the

interval (L, H| up to r equal subintervals [qo. q1], (91, 42!, - - -, (gr—1, ¢r], Where
go = L,qr = H. Set

54 ‘SVW
CO"ENSYB

|
H

'Tllj —

no, = g: .5.[} c (Qj—thjD
X1

E(Qj_]-EQj])? J=10r

observed counts of bad or good clients in each iterval. Then the empirical
information value is calculated by

r
~ ny. N, ny.m
J— Z ( R — ) In J .
ve , n m no,; N 6/16
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Empirical estimate of I

d However in practice, there could occur
computational problems. The Information value index
becomes infinite in cases when some of ny, or ny; are
equal to 0. When this arises there are numerous
practical procedures for preserving finite results. For
example one can replace the zero entry of numbers of
goods or bads by a minimum constant of say 0.0001.
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.

7/16
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Empirical estimate with
supervised interval selection

» We want to avoid zero values of ny, or ny; .
» 1 propose to require to have at JIeast k, where k is a positive
integer, observations of scores of both good and bad client in each

interval.
q; = Fd;_-_l (E) A =1, .., l%J
Ugler =

where F;1(-)is the empirical quantile function appropriate to the
empirical cumulative distribution function of scores of bad clients.

8/16
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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 mis not divisible by £, it is necessary to adjust our intervals, because we
obtain number of scores of bad clients in the last interval, which is less than 4. 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 ny; for all actual intervals. If we obtain ny; < & for jtn
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;. < kfor the
last interval, than we have to merge it with its neighbor on the left side, i.e. we
merge the last two intervals.

9/16
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Empirical estimate with
supervised interval selection

» Very important is the choice of 4. If we choose too small value, we get
overestimted 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 = [vm]

> Set My, ﬂu.- Ty m .
wa] ( J)lﬂ( : ), j=1,..r

m g M

where Ny, and Ny, correspond to observed counts of good and bad clients
in mtervals created according to the described procedure.

» Then fmz — z }‘:-“W Uj
—1

10/16
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Simulation results

O Consider 10000 clients, 100pz% of bad clients with f:~(w,1) and
100(1-pg)% of good clients with fi: N(x,. 1) . Set u, = 0and consider
p;, = 0.5,1and 1.5 ,p; = 0.02,0.05,0.1 and 0.2 .

» The optimal number of bins is quite higher than 10.

MSE = E [(f ) ‘ Kyse = ﬂ?‘gmm MSE.
Kk Pe; avg. # of bins i
MSE 002 | 005 | 01 | o2 002 | 005 | 01 | 02
05 29 42 62 84 » 0.5 800 | 13,00 | 18,00 | 2490
o — 1 1 12 23 32 Hy — 1 18,00 | 2880 | 42,76 | 51,88
1.5 6 8 9 15 | 33,62 | 50,20 | 95,96 | 127,67
ik v/m] 15 32 | 45

11/16
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Simulation results

0 Dependence of I,,;and MSEon k, 1. —m, = 0.5,

-pE —] ZD"'I:I

» The highlighted circles correspond to values of k, where minimal value of the
MSE is obtained. The diamonds correspond to values of k given by k = Hﬁ] :

> We can see that T_, is decreasing when k is increasing. The speed of this
decreas is very high for small values of k, while it is nearly negligible for values

of k higher than some critical value. The similar holds for MSE. 12/16
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Simulation results

0 Dependence of I,,;and MSEon &, 1, —m, = 1.

» The speed of the decrease is lower compared to the previous case.
Furthermore MSE is not so flat, especially for pg =2%. But what is interesting
and important here, our choice of k is nearly optimal according to MSE.

Moreover, it is valid for all considered values of pg. 13/16
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Simulation results

0 Dependence of I,,;and MSE on &, 1, — 1y = 1.5,

30 40 50 60
k

30 a0 50 60

» The speed of the decrease of Tmi Is the lowest compared to the previous
two cases. The novelty, relative to the previous two cases, is the shape of
MSE. Especially for the highest considered value of proportion of bad clients,
l.e. pg = 20%, we can see that MSE has really sharp minimum.

14/16
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Conclusions

d The most popular method for the Information value
estimation is the empirical estimator using deciles of given
score.

4 But it can lead to infinite values of |,

d The proposed adjustment for the empirical estimate,
called the empirical estimate with supervised interval
selection, solve this issue. )

Q The simulation study showed properties of I,.; depending
on choice of parameter k and depending on proportion of
bad clients and difference of means of scores of bad and
good clients according to MSE.

15/16



o@qmw"w
SIMI: MASARYK UNIVE
% Gg Czech Republic
Ja?“iﬂhﬁ?‘

RSITY — /

Thank you for
your
attentation.



