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Modelos de Riesgo en los ciclos crediticios



Objetivo:

Conocer “algunos” modelos de Riesgo Crédito



Recall... Financial Statements for Banks...

How the does a bank work? Balance Sheet Income Statement

Non-interest Revenue
Interest Revenue

Total Revenue

Credit loss provisions
Net gain on trading assets/liabilities

EBIT
Interest Expense

Income Before Tax (EBT)
Taxes

Net Income

Assets Liabilities & Equity

https://corporatefinanceinstitute.com/resources/knowledge/accounting/financial-statements-for-banks/



11.0 Common Loans Types in Banks

Retail / Minorista Non Retail
(Consumo y Vivienda) (Comercial)
* Residential Mortgages e Commercial Real Estate
e Home Equity Loans and e Commercial and
Lines Industrial
e  Personal Loans ¢  Small Business
¢ Automobile — Direct e  Agricultural
and Indirect
* Credit Cards

Secured = Con Garantia
Unsecured = Sin Garantia




I1.1 Credit Lifecycle

Recovery Models

Collection
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Credit application /
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Monitoring /
Behaviour
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Behaviour model, PD model,
transition matrix, LGD, EAD,
Collateral re assessment, reporting



1.2 Credit Lifecycle- Delinquency

Delinquent describes something or someone who fails to accomplish that which is required by law, duty, or
contractual agreement. Delinquency occurs as soon as a borrower misses a payment on a loan. In contrast, default
occurs when a borrower fails to repay the loan as specified in the original contract.

Retail Banking and Small Business

0dpd

Current Current

4 90+ dpd Default
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Vendors Vs Internal
models

Commercial Loans

Transition probabilities*
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Upper medium grade

" Lower madium grade

Current
State 1

Internal Grade
Rating

Default State=6%
Future date

*Migration Probabilities to Standardized Distances to Default



1.3 Types of data sources

Transaction
Data

Rating

C N

Decision Trees, neural
network, regression model,
cluster analysis,
multivariate analysis, etc....

)

agencies Credit Risk Transaction
(Moody’s, Models Data
S&P)

Sampling
~ Data And types
integration, 4\ od data
transforming Missing values,
data |/ | outlier, (impute,

Data
exploration
and statistical
analysis
And Model

A

Sociode_mogr Market data Delete, keep
__aphic and external
information

Bureau
Data



I1.4 Key Characteristics of successful Models

Statistical Accuracy

Interpretability

Operational efficiency

Economical cost

Regulatory Compliance



11.5 Target Variable or Bad definition

Determination the target variable is the crucial point in the whole development process of credit scoring models, which
are an essential part of risk management. Usually some Good/Bad definition is applied.*

Example:

* An account that is n+ days past due within 6 months after observation point is defined as bad (default);
* Anaccount that is 0-30 days past due within 6 months after observation point is defined as good (non-default);

* An account that is 31-60 days past due within 6 months after observation point is defined as indeterminate. The indeterminate
accounts are excluded from development process

*  Write-Off or k or more cycles delinquent at any time during the performance period

*R. Anderson, The Credit Scoring Toolkit: Theory and Practice for Retail Credit Risk Management and Decision Automation. Oxford University Press, Oxford, 2007.
https://pdfs.semanticscholar.org/cf6f/c3ca615000159dff84bf524aeb8bb9918a2d.pdf




11.6 Logistic Regression Model - example

1

S =
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Where

c: Value of the intercept returned by the regression.
Bj: jh-Characteristic estimate value.

WoE; ;= weight of evidence from the ith-Attribute of the j*-Characteristic.

The logistic regression function for this end is defined as:

logit(p;) = In (glno

) + Bo + Ble + BZXZ + o+ Ban
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kn
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Where

k = number of variable.

n = number of attributes in each variable.

o4 = intercept from the logistic regression (adjusted).
B; =regression parameter for each variable.

woe; ; =weight of evidence of the variable i attribute j.



11.7 Models - Data Sampling

Sample: Delinquent Accounts or other delinquent status

Observation Point: The month when a snapshot of account status is obtained

Observation Period: Past period up to observation point, which account and customer data is observed
Target Variable: Write-Off

Performance Window: 12 months after observation point

Dev Sample
Out-of- Sample

| ) ' ; —

6 Months Prior History Observation Point Performance Window

To minimize the seasonality effect, a separate observation points were considered for modeling



11.8 Modelling Goal

To identify the top 20% of delinquent accounts who are going to write off ...
capturing 80% of the write-off balances

... to decrease current Monthly Average Gross Write-off



11.9 Origination Retail models exposures

Sample: Origination models for new accounts

Observation Point: The month when a snapshot of account status is obtained

Observation Period: Past period up to observation point, which account and customer data is observed

Target Variable: Delinquent account

Performance Window:

Reject Inference problem in Credit Risk

Through-the-door

Rejects

Bads?

Goods?

Accepts

6,12,18,24, 36 + months after observation point

—

Logistic Regression
For credit Scoring



11.10 example of Behaviour Model

Account Behaviour

* The model has 8 inputs (30%)

* Using a dual matrix approach the
model identifies e
77% Of Write'Off dO"arS Wlthln Delinquency (27%) r

.

2 Account Type (20%)
the top 26% of accounts
Model Performance
Other Accounts..” "/ customer Level
Relation (13%) Utilization (10%)

KS 0.50

AR 0.67




High

Likelihood of default

Low

11.11 Strategy Illustration

High Outstanding Balance Low

Outstanding Balance
Score Band Stats et SRt
S2000+ 51500-2000 ; 510001500 ] 5500-1000 l <5500
% of Accounts 2 3% 1% 2 5% 7.3% 1.8
= B15 % of chgoff amount 17.9% 4, 856 4% 113% 1.1%
Avg %5 chgoff/ Account 52 g19 5520 S207
% of Accounts 175 0956 18% 5.3% 3084
615629 % of chgoff amount 10,756 2.5% 2.8% 4 6% 1.2%
Ave S chgoff/Account 5516
% of Accounts 2.3% 1.3% 2.5% 6.3% G.8%
620644 % of chgoff amount 8.85 19 2.5% 3.5% 1.3%
Avg5 chgoff/Account _ 5502 _ 5187 597
%% of Accounts 2 9% 1.2% 2.9% L.7% 8.6
645659 % of chgoff amount 6. 1% 13% 11% 1.8% 0,955
Aveg 5 cheoff Account _ 5158 538
% of Accounts 2 1% 1066 19% 4.7% 8.7%
6o/ % of chgoff amount 3.6% 0. 454 0656 0.8% 0,55
Ave 5 cheoff/ Account 5570 _ 554 518
% of Accounts 14% i 656 13% 3.0 =
B7o+ % of chgoff amount 1086 0.056 0.3% 0.1% 0.2%
Avg 5 cheoff Account 5234 522 570 _

With this approach
the top 26% of
delinquent accounts
is able to capture
77% of write off
dollars*

* Results based on Out-of-Time sample



11.13 Model Performance

Accuracy Ratio

To determine the methodology’s the predictive power a ROC
is used, the curve is constructed having in one axis the total
of credits (cumulative %) and the total of defaulted loans
(cumulative %). To this area under the curve (AUROC) the
Accuracy Ratio is associated with values ranging from 0.5 to
1.0 (from random to perfect model).

Kolmogorov-Smirnov Statistic
This measures the maximum vertical separation (deviation)
between the cumulative distributions of goods and bads.

100% F T % T T ™ - - — 100% -
80% 1 BO% 7
-
60% £ °0% 7
E
=
40% & 0% -
S0 Model
. _
= Random
0% ‘ . . | ; ‘ i - 0%
417 446 461 473 486 498 510 522 534 547 560 572 585 0% 20% 40% B0% BO% 100%
ScoreCard 1 (12_2_09)_Scoring 1 - specificity

— Cumulative percentages of good
— Cumulative percentages of bad
— KS



11.14 Variables

Some variables examples

Retail Exposures

Characteristics

Cycles Past Due (1,2,3) at the Observation
Maximum Delinquency in Past 6 Months

Combination of 1 Cycle and 3 cycles Delinquency lifetime

Account Type (secured-Unsecured)

Months Since Last Deposit into the Current Account

Payment in Months 1-6 over Balance in Months 2-7

Tenure in Months of type of account

Combination of Tenure and CA Balance

Maximum Utilization in Last 6 months

# of Months Payment is Less than Standard Installment Amount in Past 6 Months

Ratio of Current balance over the average balance of Past 6 Months

The Sum of Arrears Value of all segments Accounts in Current Month

Bureau external data

Months Since Last Cash Advance

Months Since Last Payment

Market data from Facebook, other, etc.

NonRetail Exposures

Characteristics

working capital / total assets

retained earnings / total assets

earnings before interest and tax / total assets

market value of equity / total liabilities

sales / total assets

Financials status




I1.15 Limitations

Data /11!






