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Introduction

Approach to mass retail portfolio management

@ Model with a good discriminating power (Complex set of data: demographic,
behavioral, external registers)
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Introduction

Approach to mass retail portfolio management

@ Model with a good discriminating power (Complex set of data: demographic,
behavioral, external registers)
)

Q Granular rating scale
l

@ Better client separation (Risk Margin assignment) and pricing

I

@ Cut-off criteria based on profitability, business and Cost of Risk plans,
recovery capacities

)
@ HIGHER NET INCOME OF THE BANK
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Introduction

Application scoring process

@ Application form (demographic data)

DATA COLLECTION (APPL|CAT|ON) J @ Internal KB Group databases (behavioral data in KB)

@ Credit history in external registers

miroslav _liska@kb.cz Modern i nastroje pro finan €ni analyzu a modelov ani 2009, Bratislava



Introduction

Application scoring process

@ Application form (demographic data)

DATA COLLECTION (APPL|CAT|ON) J @ Internal KB Group databases (behavioral data in KB)
@ Credit history in external registers
N

SCORE CALCULATION
(SCORECARD)

miroslav _liska@kb.cz Modern i nastroje pro finan €ni analyzu a modelov ani 2009, Bratislava



Introduction

Application scoring process

@ Application form (demographic data)

DATA COLLECTION (APPL|CAT|ON) J @ Internal KB Group databases (behavioral data in KB)

@ Credit history in external registers

N
SCORE CALCULATION
(SCORECARD) l
N

RISK PROFILE-RATING BAND
(Approval / Rejection) ’

miroslav _liska@kb.cz Modern i nastroje pro finan €ni analyzu a modelov ani 2009, Bratislava



Introduction

Application scoring process

@ Application form (demographic data)

DATA COLLECTION (APPL|CAT|ON) J @ Internal KB Group databases (behavioral data in KB)

@ Credit history in external registers

N
SCORE CALCULATION
(SCORECARD) l
N

RISK PROFILE-RATING BAND
(Approval / Rejection) ’

N

LIMIT CALCULATION y

miroslav _liska@kb.cz Modern i nastroje pro finan €ni analyzu a modelov ani 2009, Bratislava



Introduction

Application scoring process

@ Application form (demographic data)

DATA COLLECTION (APPL|CAT|ON) J @ Internal KB Group databases (behavioral data in KB)

@ Credit history in external registers

N
SCORE CALCULATION
(SCORECARD) l
N

RISK PROFILE-RATING BAND
(Approval / Rejection) ’

N

LIMIT CALCULATION y
N

RISK MARGIN CALCULATION )

miroslav _liska@kb.cz Modern i nastroje pro finan €ni analyzu a modelov ani 2009, Bratislava



Scoring Models

Model
Model outputs

9 Scoring Models
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Scoring Models Model architecture

Model outputs

ARCHITECTURE OF THE APPLICATION SCORING MODEL

Demographic Model Scorecard
(application form)

» Dem. SCORE \

Credit Register Model | “Scorecard”
(credit history in ext. registers)

» “CB SCORE" | FINAL SCORE

/

“
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Scoring Models Model architecture

Model outputs

BASIC INFORMATION ON SCORECARD DEVELOPMENT

Scoring model predicts default of a client in 12 months using different type
of data (demographic, behavioral, external credit register).

@ SCORE (number of points) is calculated from the data using SCORECARD

@ The score is mapped to 12-months probability of default (12M PD)

@ High score corresponds with low risk (low 12M PD)
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Scoring Models Model architecture

Model outputs

BASIC INFORMATION ON SCORECARD DEVELOPMENT

Scoring model predicts default of a client in 12 months using different type
of data (demographic, behavioral, external credit register).

@ SCORE (number of points) is calculated from the data using SCORECARD

@ The score is mapped to 12-months probability of default (12M PD)

@ High score corresponds with low risk (low 12M PD)

Example of fictitious scorecard and mapping to PD:

a: primary school 0
b: high school 28 +28
Education - -
c: university 65
d: Ph.D. 80
a: divorced 0
Family Status | b: single / widow(er) 25
¢: married 40 +40

SCORE=68 — 12MPD=1%
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Scoring Models

Model architecture
Model outputs

SCORING MODEL OUTPUT (1/2)

Once you have sufficiently strong data bases and scoring models have very good
discrimination power,

Unsecured CL — Development Sample — PD from Lin.sum

100
12 month Default Rate — 1% window
—— 12 month DR - cumulatively from O to 1
90| —— 12 month DR — from 1t0 0

12m DR (in %)
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Relative Order of Score
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SCORING MODEL OUTPUT (1/2)

Once you have sufficiently strong data bases and scoring models have very good
discrimination power,

Unsecured CL — Development Sample — PD from Lin.sum

100
12 month Default Rate — 1% window
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what should be the next steps?
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Scoring Models

SCORING MODEL OUTPUT (2/2): SCORE CATEGORIZATION

cutpaints = [221 207 352 335 465 559 708]

o 8 BANDS (ARL, AR2, ..., AR8) } i
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Marketing point of view

bility modelling

e Marketing point of view
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Risk Margin

Marketing point of view Profitability modelling

RISK MARGIN definition

Insurance concept

The (expected) Risk Margin (RM) is defined as a part of the client rate that is
charged to clients and should cover the expected loss  over the lifetime of given
production.
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Risk Margin

Marketing point of view Profitability modelling

RISK MARGIN definition

Insurance concept

The (expected) Risk Margin (RM) is defined as a part of the client rate that is
charged to clients and should cover the expected loss  over the lifetime of given
production.

Main principles

@ RM are calculated separately for each rating band x product x (maturity)

@ RM are fixed at the time of granting for the whole lifetime of a contract (in
case of Consumer Loans)

@ RM is paid (collected) only from non-defaulted contracts
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Risk Margin

Marketing point of view Profitability modelling

RISK MARGIN Calculation

RM calculation

RM calculation combines costs and revenues based on the following parameters:
@ Probability of Default (reflecting time to default)
9@ Loss Given Default (reflecting age of a contract)

@ Exposure At Default (reflecting the Outstanding Balance of performing and
non-performing contracts in time)
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Risk Margin

Marketing point of view Profitability modelling

RISK MARGIN Calculation

RM calculation

RM calculation combines costs and revenues based on the following parameters:
@ Probability of Default (reflecting time to default)
9@ Loss Given Default (reflecting age of a contract)

@ Exposure At Default (reflecting the Outstanding Balance of performing and
non-performing contracts in time)

py — 12 ¢ LGD: - PD; - OB,
2i(1 -2k PDy) - OB
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Marketing point of view

Profitability modelling

CUT-OFF SETTING UNDER PRICING BY CONSTANT CLIENT RATE

Gross Margin vs. Risk Margin has to be examined:

product Client Funding Gross RISK MARGIN
REIS Rate | Margin | ,py | ar2 | AR3 | AR4 | AR5 | ARG | AR7 ARB
Consumer
Loans 15.0%% 5.000 10.0% | 1.0040 | 2.00 | 3.500 | 5.000 | 7.000
Comment: White — the business is surely profitable, — small profitability, Red — the business is surely loss making

under the given level of client rate
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Marketing point of view

Profitability modelling

OFF SETTING UNDER PRICING BY FLAT CLIENT RATE

Gross Margin vs. Risk Margin has to be examined:

product Client Funding Gross RISK MARGIN
REIS Rate | Margin | ,py | ar2 | AR3 | AR4 | AR5 | ARG | AR7 ARB
Consumer
Loans 15.0%% 5.000 10.0% | 1.0040 | 2.00 | 3.500 | 5.000 | 7.000
Comment: White — the business is surely profitable, — small profitability, Red — the business is surely loss making

under the given level of client rate

Qptimal: Cut-o

Revenues

/]

AR1 ARZ2 AR3 AR4 ARS ARG
All possible applicants
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Marketing point of view

Profitability modelling

HOW TO SET UP "CORRECT” CLIENT RATE?

@ Besides rejected population, % of clients who were approved but did NOT take the loan is closely
monitored
@ The comparison of clients’ reaction on offered client rate can be measured for products

@ with flat client rate (Perfect Loans)
@ with "risk adjusted” client rate (Personal Loans)

40
35

o
o S

RATE [%]

NOT GRANTED
APPROVED |
APPROVED [%)]

-]

=
AVERAGE INTEREST

o

o

AR ARZ AR3Z AR4 ARS ARB ART ARS
AR BAND OF APPLICATION

mmm Personal Loans - approved but not granted mmmm Perfect Loans - approved but not granted
#—Personal Loans - average interest rate —m—Perfect Loans - average interest rate
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Marketing point of view

n
Profitability modelling

MONITORING OF ATTRACTED POPULATION

Structure of population of applicants for unsecured consumer loans

Distribution of the new and existing clients
on the new rating scale AR1, ..., AR8

30,0%
25,0%
20,0%
15,0%
10,0%

5,0%

0,0%

AR1 AR2 AR3 AR4 AR5 AR6 AR7 AR8 KO.

mNew clients H Existing clients

K. O. = Client is actually past due or last year was in default
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Risk point of view

e Risk point of view
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Default Rates

. N ities, Cost ¢
Risk point of view ‘ !

DEFAULT RATE MONITORING

For granted loans , each rating band and its population can be monitored
separately

12-Month Default Rate of Consumer Loans portfoliog  ranted via
Application Scoring Model (ASM)
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Monitoring of Default Rates
Collectic a t of R

Risk point of view

VINTAGE ANALYSIS OF DETERIORATING POPULATION

Each vintage in particular rating band is tracked and can be further analyzed in

detail.
Application Scoring - Consumer Loans, AR7

£

L

©

o4

=

8

|

a

> o Q S > o Q QS
@\& ¢ @\Q‘O g® ¢® e“\m% 0“\& & 0“\0 @\0 6”@ @’\& e‘z’\& & 0“’\& & 0‘5\0% 6*’\& & @’\0 e‘z’\& o) 0"’\& 0"’\&
FTELFETPTLTTLTLT T T T T TS & S
Date of Granting
—4—2006/Q4 ——2007/Q1 —&—2007/Q2 —#—2007/Q3 —M—2007/Q4 —®-—2008/Q1 —®-—2008/Q2 —A—2008/Q3

miroslav _liska@kb.cz

Modern i nastroje pro finan €ni analyzu a modelov ani 2009, Bratislava



Monitoring of Default Rates

Risk point of view Collection capacities, Cost of Risk

OTHER POSSIBILITIES CONNECTED TO GRANULAR RATING SCALE

Collection capacities

When thinking about cut-off / pricing policy (with granular rating scale)

impacts on inflow into recovery processes (on 12M or even longer horizons)
can be considered
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Monitoring of Default Rates

Risk point of view Collection capacities, Cost of Risk

OTHER POSSIBILITIES CONNECTED TO GRANULAR RATING SCALE

Collection capacities
When thinking about cut-off / pricing policy (with granular rating scale)

impacts on inflow into recovery processes (on 12M or even longer horizons)
can be considered

= necessary capacities can be estimated much more precisely

@ Components of provisions creation can be tracked and analyzed with
respect to possibility of immediate adjustment of granting process

@ Cost of Risk and its outlook can be budgeted and re-estimated much more
precisely
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e Annex
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Annex

ANNEX — EXAMPLE OF SCORECARD STABILITY TEST
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0.72 0.73 0.74 0.75 0.76 -0.04 -0.02 0 0.02 0.04
Gini for development sample Difference between development and reference sample
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