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PPF a Home Credit Group




Howe l\ PPF Group

Expanze na Globalizace
regionalni trhy (SNS a Asie)
Rast na domacim trhu (Stfedni a vychodni Evropa) Od r. 2004 do soucasnosti
(Ceska republika) 1999 - 2003 _—

1991-98

_—
-
]

* Mezinarodni investiCni skupina ve stfedni a vychodni Evropé
 Aktiva > 10 miliard eur (ke dni 30. Cervna 2009)
* Oblasti zajmu:
« finanéni sluzby ( bankovnictvi, spotfebitelské financovani, pojisténi, ... )
* investice do nemovitosti
* vyhledavani investiCnich pfilezitosti na vznikajicich trzich
* Vice o PPF Group: www.ppf.eu



http://www.ppf.eu/
http://www.ppf.eu/
http://www.ppf.eu/
http://www.ppf.eu/
http://www.ppf.eu/
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How l\ Home Credit Group
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* Pfredni poskytovatel spotrebitelského financovani ve stredni a vychodni Evropé

e Strategie Home Credit Group
* disciplinovany rust
* dlouhodoby narust zisku

* stabilni sprava rizik

* Spole¢nost Home Credit International
* poradenstvi a sluzby v oblasti IT

* strategicke fizeni jednotlivych spoleCnosti skupiny



HowE l\ Skupina Home Credit

* Vyznamny poskytovatel spotrebitelského financovani
* 14 200 zaméstnancu, vice nez 5,7 milionu zakazniku (udaj ke dni 30. ¢ervna 2009)

* Pusobnost ve statech stfedni a vychodni Evropy a Asie :

- Ceska republika (Home Credit a.s., od roku 1997)

- Slovensko (Home Credit Slovakia, a.s., od roku 1999)

« Ruska federace (OOO Home Credit & Finance Bank, od roku 2002)
« Kazachstan (AO Home Credit Bank, od roku 2005)

« Ukrajina (OAO Home Credit Bank, od roku 2006)

« Bélorusko (OAO Home Credit Bank, od roku 2007)

- Cina (HC Asia N.V., od roku 2007)

« Vietham (PPF Vietnam Finance Company Ltd., od roku 2009)

* Vice o skupiné Home Credit: www.homecredit.net



http://www.homecredit.net/
http://www.homecredit.net/
http://cs.wikipedia.org/wiki/Soubor:Flag_of_Belarus.svg

l\ Home Credit po produktech

SPOTREBITELSKE UVERY
» Home Credit / 71 % populace CR
» konkurence ziskala napfiklad:

» Ceska spofitelna 34%

» Cetelem 42%

» GE Money Multiservis 52%

REVOLVINGOVE UVERY (KREDITNi NEBO UVEROVE KARTY)
Home Credit / 45 % populace CR
» konkurence ziskala napfriklad:

> Ceska spofitelna 76%

» Cetelem 28%

» GE Money Multiservis 34%

HOTOVOSTNIi PUJCKY
> Home Credit / 35 % populace CR
» konkurence ziskala napfiklad:

> Ceska sporitelna 74%,

» Cetelem 26%

» GE Money Multiservis 21%




HowE l\ Absolventi MU v HC

* Studijni obor: Matematika nebo matematika — ekonomie

* Pocty absolventti v HC a HCI.:

Matematika 10
Matematika — ekonomie 8
* Oddéleni:
- Rizeni rizik HC
- Rizeni rizik HCI

- Ostatni oddéleni

- Celkem : cca 20 zaméstnancu



HowE l\ Prednaska pro studenty

Prezentace HC a Odboru Fizeni rizik - posileni analytickych tymu o absolventy a
studenty poslednich rocniku vysokych Skol na pozice:

SPECIALISTA RIZENI RIZIK a
ANALYTIK ODD. VYMAHANI POHLEDAVEK

Kdy: 19.3.2009
Uéast: piiblizné 40 studentd PFirodovédecké fakulty
Program:

- predstaveni HC

- Risk management a druhy rizik

- Odbor Fizeni rizik



Scoring — obecneé principy




Risk Management a druhy rizik

Selhani procest a systémd,
podvody, prepadeni,
zivelné pohrom

Operacni Riziko

Kreditni Riziko

Trzni Riziko

Spatnd strategie,
povést spole¢nosti

10



HowE l | Why score?
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sum_points = 345+ 0.12 {is women) — 0.32 (is only 24 vears old) + 0.05 (married) ...

e Automatization of approval proces

¢ Cost — effective
e Less fraud possibilities

DISADVANTAGES

e Statistical based, not take in account client like individual

11



HouE l\ Score in approval process

Client (new)

Policy declines — low
age, unsufficient
length of employment,

rejection

terorrist etc.

Scoring on fraud
and default

cutoffs on RAROA

rejection rejection
What is the probability Is the number of
that client will pay? client's phone valid?
Will the contract be Etc.
profitable?

12



l\ Score development — which data do we use

' Behavioral data (for already

* Age * Price * Maximum days past due
* Sex » Term * Number of credits which he
« family status - Downpayment already had
« Income . . * Number of instalments past
« Profession due
26 years old, single,
@ non-smoker, car owner ’)
! I I I 1 1
a 1 2 3 4

13



Scoring - Data sample preparation
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HowE l\ Main reason for the scorecard development
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- to update the existing scorecard

- to reflect the latest available history for the scorecard development

( N

Data sources

Development sample

. J
|
| |

[ Explanatory variables ] [ Target variable 1

|
[ Selection of explanatory variables }

4 B N
Regression model

Validation tests

- J

[ Implementation to the business process ]

15



HowE l | Target variable

The target (or explained) variable is a two valued (dichotomous) variable which
indicates whether the loan was being repaid properly or not.

Definice dobrého / Spatného klienta:

Klient se nékdy v prubéhu prvnich M mésicl po poskytnuti avéru dostal do zpozdéni
se splacenim aspon o K mésicu, pfitom dluzna ¢astka byla vétsi nez tolerance.

“Good loans” — good payment morale
“‘Bad loans” — bad payment morale

“Unspecified loans” — neither good or bad payment morale, or the repayment history
IS too short to decide about payment morale

Requirements for target variable:
A sufficient number of bad loans should be provided.

The sharper contrast between the definition of a good and a bad loan, the better.

16



Howe l\ Development sample definition

Development time period:
Specify if you define this period by date of ratification or date of first due.

In order to reflect actual economic conditions, the data used for development should
be as recent as possible.

Application data are sufficiently homogeneous and similar to the most recent new
portfolio.

The chosen period provides enough data for scorecard development.

Development and validation sample:
The data sample was divided into development (70 %) and validation (30 %).

The development and validation of the scorecard should be done on distinct samples.
To test the performance of the model on data from the same period.

Tests should be performed on an out-of-time validation sample, too.

17
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Structure of the development and validation sample

Development sample Validation sample
First installment Bad Good TOTAL Bad rate Bad Good TOTAL Bad rate
prescription
N N N % N N N %

JUL2007 120 367 487 24.6% 54 139 193 28.0%
AUG2007 166 566 732 22.7% 67 237 304 22.0%
SEP2007 185 587 772 24.0% 74 235 309 23.9%
0CT2007 117 470 587 19.9% 48 199 247 19.4%
NOV2007 109 473 582 18.7% 48 187 235 20.4%
DEC2007 183 868 1051 17.4% 69 383 452 15.3%
JAN2008 189 860 1049 18.0% 52 399 451 11.5%
FEB2008 150 673 823 18.2% 61 282 343 17.8%
MAR2008 121 695 816 14.8% 52 268 320 16.3%
APR2008 88 0 88 100% 47 0 47 100%
MAY2008 66 0 66 100% 32 0 32 100%
JUN2008 41 0 41 100% 11 0 11 100%
JUL2008 4 0 4 100% 0 0 0

TOTAL 1539 5559 7098 21.7% 615 2329 2944 20.9%

18



Scoring - Analysis




HowE l\ Analysis

CATEGORIZATION OF CONTINUOUS PREDICTORS

Reasons for categorization

We prefer not to use continuous variables as explanatory variables in logistic
regression models for scorecard development. For usage in logistic regression
models, all continuous variables are categorized.

The goal of the categorization is to achieve categories which discriminates well
(there are the considerable differences in badrate ratio between categories) and
which are stable within the time.

Categorization algorithm

Each continuous variable is categorized separately.

20



HowE l\ Analysis

CATEGORIZATION OF CONTINUOUS PREDICTORS

60

50

40

Ratio of bad loans in %

10

Categorization of the final demographic scorecard variable “age”. On the left pictures, the dependence of
bad rate (smoothed using normal probability density function) on the variables is presented. On the right,
the cumulative distribution function is presented. Vertical lines represent the borders between categories,
horizontal red lines in the left picture represent the mean bad rate in categories, horizontal blue lines in the

30
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N=7098 (g=5559, b=1539)
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All loans: CDF, PDF and categories ratios
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right picture represent the relative distribution of observations in the categories.

o} i i I i i i i i
18 23 28 33 38 43 48 53 58 63 68
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HowE l\ Analysis

UNIVARIATE ANALYSIS
- to think out, create and assess possible variables for the logistic regression model.

- each analysed variable is examined individually as a predictor of the target variable

(good/bad loan).
The following statistics are considered:

- Weight of evidence
Information Value
Gini Coefficient

With help of the above mentioned statistics, it is possible to:

- Identify variables which are strong predictors for the target variable
- Create new or modify existing variables (mostly by re-categorization) to achieve even

higher predicting power

23
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Weight of evidence, information value

r ... number of levels (categories) of the categorical variable
g; ... number of "goods” the in i-th category

b; ... number of "bads” the in i-th category

G ;=2 g ... total number of "goods”

B :=2 b, ... total number of "bads”

Weight of evidence for the i-th category: woe; = In(g;/ G)—1In (b;/B)

Information value for the i-th category: Inf_val, =[(g,/G) = (b, / B)] - woe,

Total information value for the corresponding variable:  Inf_val = % inf_val

Incorporation Date

Raw RegVar Percant B G TOT G/BOdds %Good %Bad BadRate WoE \Y,
0 & NOI inc_1 12% 139 952 1091 7 11% 19% 12,7% -0,557 0,046116
1 inc_2 13% 133 1073 1206 8 12% 19% 11,0% -0,394. 0,023731
2-7 miss 42% 299 3601 3900 12 42% 42% 7,7% 0,007 2,04E-05
8-15 inc_3 22% 108 1942 2050 18 23% 15% 5,3% 0,408 0,030887
16+ inc_4 11% 39 1019 1058 26 12% 5% 3,7% 0,781 0,050288
Total 718 8587 9305 12 7.7% 0,151
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Scoring — model development




HowE l\ Model development
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MODELLING APPROACH

The modelling approach used for scorecard development is logistic regression.

Reasons for selection:
-based on well-developed mathematical background

-world-wide market standard for scorecard development integrated in SAS software
(statistical and data-mining software used in the HC Risk department)

Other approaches for scoring model development are possible, e.g. decision trees, neural networks, etc.
These methods were not selected, because of lower transparency and worse interpretability than logistic
regression.

p(X) =1/ [1 + exp(_:BO - :81X1 - IBZXZ - :ann)]

The parameters B,, B;, - . . , B, are the parameters of the model and represent score points. These parameters
are estimated from the observed data using the so called maximum likelihood method.

Assumptions: dichotomous target variable; independence of observations (for the maximum likelihood
estimates approach to be valid).

26
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HowE l\ Model development

We search coefficients for linear combination of predictors, such that bad guys
have low sum of points and good guys high sum of points

Comparing the LLP and Logit Models

¥=1

Logistic Regression Model

Y=0
/ear F'ra:n:»z‘ﬁ:nllt:.I Model

sum_points = intercept + E points from predictor

predictors

sum_points '5 women) 1'5 oniy 24 years old) ::}1 arried) ...

probability_of_default = 1+ exp (—sum,_points) We are Iooking for
these coefficients

HC: “score” = 1-probability of default (number in interval 0-1)

27
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HowE l\ Model development
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o Forward

- zaCina se s prazdnym modelem postupné pridavani promennych

o Backward

- zaCina se s plnym modelem (vSechny proménné) ,postupné odebirani proménnych

0 Stepwise

- zaCina se s prazdnym modelem, postupné se pfidavaji a odebiraji promenné

a Enter

- je pfedepsan seznam promennych v modelu



HowE l\ Model development

SELECTION = consists of finding a set of variables, which will result in a “best”
logistic regression model.

- The highest possible discriminating power (measured by Gini coefficient)
- Logical interpretability of all variables in model

- Stability of the Gini coefficient (the validation sample check)

Generally, the criteria could be summarized as the demand for simplicity and stability of
the model.

29



Scoring — Stability and validation




P ] stavility and validation

Discriminatory power
Gini coefficient, C-statistics

Gini coefficient and C-statistics are two equivalent measures of discrimination power for scoring
models.

-A :set of loans on which we want to measure the performance of the model

-For each loan, we know whether it is a good loan (non-delinquent) or bad loan (delinquent)
- A consists of N = k + | loans, k — number of good loans , | - number of bad loans

- card(X) : number of elements of a subset X

-B : subset of all possible pairs [good loan, bad loan]

-subset B consists of k - | such pairs (card(B) =k - )

Let’ s define three subsets of the set B:
X, : all pairs [good loan, bad loan] from B, where score(good) > score(bad)
X_ : all pairs [good loan, bad loan] from B, where score(good) < score(bad)

X, : all pairs [good loan, bad loan] from B, where score(good) = score(bad)

It is clear that card(B) = card(X,) + card(X_) + card(X,).

31



P ] stavility and validation

Discriminatory power

Gini coefficient is defined as follows:

gini :=[card(X,) = card(X_)] / card(B)

C-statistics is defined as follows:
C :=[card(X,) + 0.5 - card(X,)] / card(B)

There exist the following relationships between gini coeficient and c-statistics:
gni=2-C-1
C=(gini+1)/2

Examples:

Perfect model: gini=1, C=1

for all pairs [good loan, bad loan] from B score(good) > score(bad)

Random model: gini=0, C=0.5

there exist significant number of pairs [good loan, bad loan] in B for which score(good) < score(bad) or
score(good) = score(bad)

Reversed model: gini=-1, C=0

for all pairs [good loan, bad loan] from B score(good) < score(bad). Discrimination power is as strong as
for perfect model but model assigns high score to bads and low score to goods.

32



P ] stavility and validation

Lorenzova krivka, Gini a c-statistika:

* A: se zamitnutim 10%
dobrych zamitnu 55% Spatnych

* B se zamitnutim 20% dobrych
zamitnu pres 70% Spatnych

L= {[Fﬂ{s),FG(s)] ER?:s ¢ S}

Dob¥ Klienti - F&(s)

FB(s) — distribuéni funkce Spatnych klientd
F&(s) - distribu¢ni funkce dobrych klientt

» Giniho koeficient = 2* modra plocha

1

0.9

0.6

0.5

0.4

0.3

0.2

0.1

0 0.1 0.2 0.3 0.4 os 08 07 g 09 1

Spatni klienti - FB(s)

» c-statistika = modra plocha + Zluty trojuhelnik

33



oW %
j\l[{hm&}m

SN © g
¥

P ] stavility and validation

Discriminatory power
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Lift n%

Lift n% coefficient is an alternate measure of discrimination power for scoring models. It describes the
performance of the model with a cut-off in the n% quantile of the testing sample.

-Let’s have a set of loans A; like in the previous section.

-For each loan, we know whether it is a good loan or a bad loan. Let’s denote
-card(X) the number of elements of a set X

-b, number of bad loans in the set X

For each loan, we calculate the score using the model we want to evaluate. Then, we sort the set A
according to the score and define a set B of a n% quantile of A.

Example: For computing lift 10%, the set B is 10 % of loans from A with the lowest score.
card(B) = floor[n% - card(A)]
The lift n% coefficient is then defined as follows:

Lift n% :=[bg/card(B)] /[b,/ card(A)].

34



HowE l\ Stability and validation

12

10+

Cb

0’)

h

N

Distribucni funkce a K-S statistika:

* pfi skore <= 0.78 je
v populaci 40%
dobrych a 69%
Spatnych

* K-S je tedy rovno
29%

CDF

I Spatni klienti
I Dobyii klienti

nl\millﬂ

l

0.9

0.8

Spatni klienti
Dobii klienti
K-S = 0.289
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P ] stavility and validation
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VALIDATION SAMPLE TEST

The performance of the models was checked on the validation sample and the target variable

used during the model development .

Gini coefficients was compared on development and validation samples using the new and the

current score.

The comparison shows that the performance of the model is exactly the same on the
development and validation sample with substantial improvement from the old scorecard.

Gini

Development sample

Validation sample

New score

0.342

0.342

Old score

0.265

0.308

Comparison of the Gini coefficient on development and validation samples.

36



l\ Software used for development

« SAS 9.1.3 Servise pack 4 for Windows
« MATLAB 7.1.0.246 (R14) Service pack 3

» Microsoft SQL Server Management Studio
Express 9.00.2047.00

* Microsoft Office 2007

37
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Howe l\ 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—sz J (x=pzp

1 252 1 - 207
e — O f (x) = b

Estimates of parameters 4, 44, Oy and Oy, :
M ,, M, are means of good (bad) clients

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

Pooled standard deviation: ( nS.> +m szjz

n+m

Estimates of mean and standard dev. of scores for all clients #aLL: O aLL :

nM, + mM,

M=M,, = Su =

n+m (n +m)

Number of good clients: n
Number of bad clients: m

_ : L
Proportions of good/bad clients: Ps =——— Py =——

m

1
(nng +mS, +n(M, M +m(M, - M) ]2

39



Howe l\ Some results for normally distributed scores

Mean difference D= H, — Hy,
(Mahalanobis distance): o
Kolmogorov-Smirnov KS =sup |Faup (S) = Feoon (5)
statistics: selt
1
Gini coefficient: Gini=1- 2_[ Feoon (FBAD‘l(s))ds
0
1
Lift: I—lﬂ: CI BAD( Fal (CI))
Information value (1) — ., = j(fGOOD (s)— foro (s))InL foo0n (S))ds
continuous case (Divergence): b Fenp (S

Fero,Feoop and FaL are cumulative distribution functions of scores for bad, good and all clients.
40



Howe l\ Some results for normally distributed scores

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

/ng _Iljb
O

D=

Bl Pl

J-

Gini =2-®(Rj—1

2
Lift, :ECD(E-CI)l(qM Ps - Dj
g o
Ival :D2

D

M, - M,
S

Lift

q

g

ECD(%CD*(QF Pe Dj

Where ®(-) is the standardized normal distribution function, @ . () the normal
distribution function with parameters 1, &2and ®'(-)is the standard quantile function.
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Howe l\ Some results for normally distributed scores

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

* ll’lg_ﬂb

D = 2 2
VO, T0,

._M,-M,

JS: +S;

D

a

a

KSI(D(—Gb-D*—lO' \/azD*2+2b-cj—CD(—a -D*—lab\/azD*2+2b-cj
b b * b * b

2 2 O
where a=,/o, +0,,b=0, —0,, czh{—g]

1/Sb2+S; .
KS=® S.-D

S;-82 "

NAYES
—CD[ g .D'

SP-82 ¢ S?
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Howe l\ Some results for normally distributed scores

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

Gini =2-®(D")-1

OaL’ (D_l(q)"' Ha — My J

: 1 _ 1
Lift, :_(Dﬂbmf (/uALL +op D 1(q)):aq)( o
b

g

2 g2 . 1(s2 S
[, =(A+)D" +Ad=1, A= % % [, =(A+))D” +4-1, A=—|b4+-%
2\ 0. o 208, S,

g g
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Howe l\ Some results for normally distributed scores

KS: ll’lb:O,O-l:)2 :1

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

e Gini > KS

0.8 m— KS

— Gini

0.6

0.4r

0.2
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Howe l\ Some results for normally distributed scores

Lift,go,: 4 =0, 0 =1 0 In case of Lift,q,
T : it is evident strong
: oy ’ j dependence on
5 : g K and significantly
; AR higher dependence
e oo on o, than in case
-y of KS and Gini.
I.: 4 =0,0, =1 ) O Again strong

dependence on £L,.
Furthermore value
of I, rises very
quickly to infinity
when G§ tends to
Zero.
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Some results for Lift




o || Life

cumulative Lift 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,
ae|L,H], to the proportion of bad clients in the whole population. Formally, it

can be expressed by:

n+m

Z[(si Sa/\Y=0)

i=l1

n+m

Z[(Sl. Sa/\YzO)

i=l

n+m

n+m

Lifi(a) = CumBadRate(a) ZZZI:I(S; <a) IZZI:[(S[ <a)
P = g dRate nzﬂ:nl =) n
i=1 a N
’i”l (Y=o0vvy=1)
i=1
absLifi(q) = BA9Rate(a)
BadRate

045

| —curnul. Lift
.......... bs. Lift H

‘e,
" :
i
I’
- I

i i ; i ; i ; : ;
u] 01 0z 03 0.4 0s 0B 07 0.g 0
FaL
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Lift can be expressed and computed by formulae:

Lift(a) = om0 @) (17 g

BAD( IALL (Q)) 1
OLyig) = Fy i (Flu @ q "* ( (Q))

FZ\71ALL (q) = Imn{a (L, H], Fy 4, (@)= q}

OLift(0.1) =10-F, 5, (Fy',,. (0.1))
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- o Lift ratio as analogy to Gini coefficient:
1
A |, OLifi(q)dg 1
_ — 1
A+ B | OLiff1,(q) dg —1

Podstatnou vyhodou tohoto indexu je fakt, ze

P e e umoznuje korektni porovnani modeld vyvinutych na
riznych datech, coz neni mozné pomoci hodnot
funkce QLIft.

LR

SILiE value

Zatimco LR porovnava plochy pod funkci Liftu pro
dany model a model idealni, nasledujici mySlenka je
zalozena na porovnani primo téchto funkci samotnych. _*|
Definujme relativni Lift funkci pomoci

Q°Llﬁ(CI) ’ qe(O,l] |
QLlﬁideal (q) D —— Rarviom madsi

L L L L L L
] 01 nz 0.3 0.4 0E g L g 0.9 1
FM.EI.LL

RLift(q) =
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Spolecnost SAS Institute:

Vznik 1976 v univerzitnim prostredi

Dnes:nejvetsi soukroma softwarova spoleCnost na svéte (vice nez 11.000
zaméstnancu)

pres 45.000 instalaci

cca 9 milionu uzivatelt ve 118 zemich

v USA okolo 1.000 akademickych zakazniku (SAS pouziva vétSina
vySSich a vysokych Skol a vyzkumnych pracovist)
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Podpora studentu
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Statisticka analyza:
Popisna statistika
Analyza kontingencnich (frekvencnich) tabulek
Regresni, korelacni, kovariancni analyza
Logisticka regrese
Analyza rozptylu
Testovani hypotéz
Diskriminacni analyza
Shlukova analyza e p————
Analyza preziti Airks
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Analyza Casovych rad:
Regresni modely
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ARIMA
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Vice 0 SASu: http://www.sas.com/offices/europe/czech/

(neuplny) seznam komercnich spoleCnosti vyuzivajici SAS:
http://www.sas.com/offices/europe/czech/reference/list.ntml

o0 akademickém programu:
http://www.sas.com/offices/europe/czech/academic/index.html

o konferenci SAS forum:
http://www.sas.com/reg/offer/cz/2010 sas forum 2010
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SAS pouzivame na: ( Risk + CRM )

-import, preliti a transformaci dat
-tvorbu grafickych vystupu
-prediktivni modelovani (scoring)

-segmentaci dat (clustering — shlukovani)
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