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Develop risk models and perform risk simulation

Risk Management Toolbox provides functions and interactive workflows for mathematical modeling
and simulation of credit, insurance, and market risk. You can perform lifetime credit modeling of
probabilities of default (PD), exposure at default (EAD), and loss given default (LGD), as well as
expected credit loss (ECL) calculations. You can assess corporate and consumer credit risk, create
credit scorecards, estimate probabilities of default, perform credit portfolio analysis, and backtest
models to assess potential for financial loss. The toolbox lets you to identify important scorecard
variables using the predictor screening tools and use the Binning Explorer app to automatically or
manually bin variables for credit scorecards. It also includes mortality and unpaid claims models to
quantify and analyze insurance risk. Market risk can be assessed with backtesting and simulation
tools to evaluate value-at-risk (VaR) and expected shortfall (ES).
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Risk Modeling with Risk Management Toolbox

In this section...

“Consumer Credit Risk” on page 1-3

“Corporate Credit Risk” on page 1-3

“Market Risk” on page 1-5

“Insurance Risk” on page 1-6

“Lifetime Models for Probability of Default” on page 1-6
“Loss Given Default Models” on page 1-7

“Exposure at Default Models” on page 1-7

Risk Management Toolbox provides tools for modeling seven areas of risk assessment:

* Consumer credit risk

* Corporate credit risk

* Market risk

* Insurance risk

» Lifetime models for probability of default
* Loss given default models

* Exposure at default models

Consumer Credit Risk

Consumer credit risk (also referred to as retail credit risk) is the risk of loss due to a customer's
default (non-repayment) on a consumer credit product. These products can include a mortgage,
unsecured personal loan, credit card, or overdraft. A common method for predicting credit risk is
through a credit scorecard. The scorecard is a statistically based model for attributing a score to a
customer that indicates the predicted probability that the customer will default. The data used to
calculate the score can be from sources such as application forms, credit reference agencies, or
products the customer already holds with the lender. Financial Toolbox™ provides tools for creating
credit scorecards and performing credit portfolio analysis using scorecards. Risk Management
Toolbox includes a Binning Explorer app for automatic or manual binning to streamline the binning
phase of credit scorecard development. For more information, see “Overview of Binning Explorer” on
page 3-2.

Corporate Credit Risk

Corporate credit risk (also referred to as wholesale credit risk) is the risk that counterparties default
on their financial obligations.

At an individual counterparty level, one of the main credit risk parameters is the probability of default
(PD). Risk Management Toolbox allows you to estimate probabilities of default using the following
methodologies:

* Structural models: mertonmodel and mertonByTimeSeries
* Reduced-form models: cdsbootstrap and bondDefaultBootstrap using Financial Toolbox

1-3
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* Historical credit ratings migrations: transprob using Financial Toolbox

» Statistical approaches: credit scorecards using Binning Explorer and the creditscorecard
object using Financial Toolbox, and a wide selection of predictive models in Statistics and Machine
Learning Toolbox™

At a credit portfolio level, on the other hand, to assess credit risk, to assess this risk, the main
question to ask is, Given a current credit portfolio, how much can be lost in a given time period due
to defaults? In differing circumstances, the answer to this question might mean:

* How much do you expect to lose?

* How likely is it that you will lose more than a specific amount?

* What is the most you can lose under relatively normal circumstances?
* How much can you lose if things get bad?

Mathematically, these questions all depend on estimating a distribution of losses for the credit
portfolio: What are the different amounts you can lose, and how likely is it that you lose each
individual amount.

Corporate credit risk is fundamentally different from market risk, which is the risk that assets lose
value due to market movements. The most important difference is that markets move all the time, but
defaults occur infrequently. Therefore, the sample sizes to support any modeling efforts are different.
The challenge is to calibrate a distribution of credit losses, because the sample sizes are small. For
credit risk, even for an individual bond that has not defaulted, you cannot collect direct data on what
happens in the event of default because it has not defaulted. And once the issuer actually defaults,
unless you can pool default information from similar companies, that is the only data point that you
have.

For corporate credit portfolio analysis, estimating credit correlations so that you can understand the
benefits of diversification is also challenging. Two companies can only default in the same time
window once, so you cannot collect data on how often they default together. To collect more data, you
can pool data from similar companies and under similar economic conditions.

Risk Management Toolbox provides a credit default simulation framework for credit portfolios using
the creditDefaultCopula object, where the three main elements of credit risk for a single
instrument are:

* The probability of default (PD) which is the likelihood that the issuer defaults in a given time
period.

* The exposure at default (EAD) which is the amount of money that is at stake. For a traditional
bond, this is the bond principal.

* The loss given default (LGD) which is the fraction of the exposure that would be lost at default.
When default occurs, usually some money is recovered eventually.

The assumption is that these three quantities are fixed and known for all the companies in the credit
portfolio. With this assumption, the only uncertainty is whether each company defaults, which
happens with probability PDi.

At the credit portfolio level, however, the main question is, "What are the default correlations
between issuers?" For example, for two bonds with 10MM principal each, the risk is different if you
expect the companies to default together. In this scenario, you could lose 20MM minus the recovery,
all at once. Alternatively, if the defaults are independent, you could lose 10MM minus recovery if one
defaults, but the other company is likely still alive. Default correlations are therefore important
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parameters for understanding the risk at a portfolio level. These parameters are also important for
understanding the diversification and concentration characteristics of the portfolio. The approach in
Risk Management Toolbox is to simulate correlated variables that can be efficiently simulated and
parameterized, then map the simulated values to default or nondefault states to preserve the
individual default probabilities. This approach is called a copula. When normal variables are used,
this approach is called a Gaussian copula. Risk Management Toolbox also provides a credit migration
simulation framework for credit portfolios using the creditMigrationCopula object. For more
information, see “Credit Rating Migration Risk” on page 1-10.

Related to the creditDefaultCopula and creditMigrationCopula objects, Risk Management
Toolbox provides an analytical model known as the Asymptotic Single Risk Factor (ASRF) model. The
ASRF model is useful because the Basel II documents propose this model as the standard for certain
types of capital requirements. ASRF is not a Monte-Carlo model, so you can quickly compute the
capital requirements for large credit portfolios. You can use the ASRF model to perform a quick
sensitivity analysis and exploring "what-if" scenarios more easily than rerunning large simulations.
For more information, see asrf.

Risk Management Toolbox also provides tools for portfolio concentration analysis, see “Concentration
Indices” on page 1-15.

Market Risk

Market risk is the risk of losses in positions arising from movements in market prices. Value-at-risk is
a statistical method that quantifies the risk level associated with a portfolio. VaR measures the
maximum amount of loss over a specified time horizon, at a given confidence level. For example, if
the one-day 95% VaR of a portfolio is 10MM, then there is a 95% chance that the portfolio loses less
than 10MM the following day. In other words, only 5% of the time (or about once in 20 days) the
portfolio losses exceed 10MM.

VaR Backtesting, on the other hand, measures how accurate the VaR calculations are. For many
portfolios, especially trading portfolios, VaR is computed daily. At the closing of the following day, the
actual profits and losses for the portfolio are known, and can be compared to the VaR estimated the
day before. You can use this daily data to assess the performance of VaR models, which is the goal of
VaR backtesting. As such, backtesting is a method that looks retrospectively at data and refines the
VaR models. Many VaR backtesting methodologies have been proposed. As a best practice, use more
than one criterion to backtest the performance of VaR models, because all tests have strengths and
weaknesses.

Risk Management Toolbox provides the following VaR backtesting individual tests:

» Traffic light test (t1)

* Binomial test (bin)

* Kupiec’s tests (pof, tuff)

* Christoffersen’s tests (cc, cci)
e Haas’s tests (tbf, thfi)

For information on the different tests, see “Overview of VaR Backtesting” on page 2-2.

Expected Shortfall (ES) Backtesting gives an estimate of the loss in those very bad days when the VaR
is violated. ES is the expected loss on days when there is a VaR failure. If the VaR is 10 million and
the ES is 12 million, you know that the expected loss tomorrow, if it happens to be a very bad day, is
about 20% higher than the VaR.

1-5
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Risk Management Toolbox provides the following table-based tests for expected shortfall based on the
esbacktest object:

* unconditionalNormal
* unconditionalT

The following tools support expected shortfall simulation-based tests for the esbacktestbysim
object:

e conditional
* unconditional
* quantile

For information on the different tests, see “Overview of Expected Shortfall Backtesting” on page 2-
20.

Insurance Risk

The ability to accurately estimate unpaid claims is important to insurers. Unlike companies in other
sectors, insurers might not know the exact earnings during a financial reporting period until many
years later. Insurance companies take in insurance premiums on a regular basis and pay out claims
when events occur. In order to maximize profits, an insurance company must accurately estimate how
much will be paid out on existing claims in the future. If the estimate for unpaid claims is too low, the
insurance company will become insolvent. Conversely, if the estimate is too high, then the claims
reserve capital of the insurance company could have been invested elsewhere or reinvested in the
business

Risk Management Toolbox supports four claims estimation methods for actuaries to use with a
developmentTriangle for estimating unpaid claims:

* chainlLadder

* expectedClaims

* bornhuetterFerguson
* capeCod

For information on the estimation methods, see “Overview of Claims Estimation Methods for Non-Life
Insurance” on page 1-16.

Lifetime Models for Probability of Default

Regulatory frameworks such as IFRS 9 and CECL require institutions to estimate loss reserves based
on a lifetime analysis that is conditional on macroeconomic scenarios. Earlier models were frequently
designed to predict one period ahead and often with no explicit sensitivities to macroeconomic
scenarios. With the IFRS 9 and CECL regulations, models must predict multiple periods ahead and
the models must have an explicit dependency on macroeconomic variables.

The main output of the lifetime credit analysis is the lifetime expected credit loss (ECL). The lifetime
ECL consists of the reserves that banks need to set aside for expected losses throughout the life of a
loan. There are different approaches to the estimation of lifetime ECL. Some approaches use
relatively simple techniques on loss data, with qualitative adjustments. Other approaches use more
advanced time-series techniques or econometric models to forecast losses, with dependencies on
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macro variables. Another methodology uses probability of default (PD) models, loss given default
(LGD) models, and exposure at default (EAD) models, and combines their outputs to estimate the
ECL. The lifetime PD models in Risk Management Toolbox are in the PD-LGD-EAD category

Risk Management Toolbox provides the following lifetime PD models:

* Logistic
* Probit
+ Cox

For information on the different models, see “Overview of Lifetime Probability of Default Models” on
page 1-25.

Loss Given Default Models

Loss given default (LGD) is the proportion of a credit that is lost in the event of default. LGD is one of
the main parameters for credit risk analysis. Although there are different approaches to estimate
credit loss reserves and credit capital, common methodologies require the estimation of probabilities
of default (PD), loss given default (LGD), and exposure at default (EAD). The reserves and capital
requirements are computed using formulas or simulations that use these parameters. For example,
the loss reserves are usually estimated as the expected loss (EL), given by the following formula:

EL = PD * LGD * EAD
Risk Management Toolbox provides the following LGD models:

* Regression
* Tobit

For information on the different models, see “Overview of Loss Given Default Models” on page 1-30.

Exposure at Default Models

EAD is seen as an estimation of the extent to which a bank may be exposed to a counterparty in the
event of, and at the time of, that counterparty’s default. EAD is equal to the current amount
outstanding in case of fixed exposures such as term loans. For example, the loss reserves are usually
estimated as the expected loss (EL), given by the following formula:

EL = PD * LGD * EAD
Risk Management Toolbox provides the following EAD models:

* Regression
* Tobit

For information on the different models, see “Overview of Exposure at Default Models” on page 1-
33.

See Also
varbacktest | esbacktest | esbacktestbysim | mertonmodel | mertonByTimeSeries |
concentrationIndices | creditDefaultCopula | creditMigrationCopula |asrf |
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developmentTriangle | chainLadder | expectedClaims | bornhuetterFerguson | Logistic
| Probit | Cox | Regression | Tobit | Regression | Tobit

Related Examples

“Common Binning Explorer Tasks” on page 3-4

“Binning Explorer Case Study Example” on page 3-23

“creditMigrationCopula Simulation Workflow” on page 4-10

“creditDefaultCopula Simulation Workflow” on page 4-5

“Modeling Correlated Defaults with Copulas” on page 4-18

“Stress Testing of Consumer Credit Default Probabilities Using Panel Data” on page 3-36
“VaR Backtesting Workflow” on page 2-6

“Expected Shortfall (ES) Backtesting Workflow with No Model Distribution Information” on page
2-30

“Expected Shortfall (ES) Backtesting Workflow Using Simulation” on page 2-34
“Expected Shortfall Estimation and Backtesting” on page 2-44

“Value-at-Risk Estimation and Backtesting” on page 2-10

“Basic Lifetime PD Model Validation” on page 4-130

“Compare Logistic Model for Lifetime PD to Champion Model” on page 4-114
“Compare Lifetime PD Models Using Cross-Validation” on page 4-122
“Expected Credit Loss Computation” on page 4-125

“Economic Scenarios and Expected Credit Loss Calculations” on page 4-195

More About

“Credit Simulation Using Copulas” on page 4-2

“Credit Rating Migration Risk” on page 1-10

“Default Probability by Using the Merton Model for Structural Credit Risk” on page 1-13
“Concentration Indices” on page 1-15

“Traffic Light Test” on page 2-3

“Binomial Test” on page 2-2

“Kupiec’s POF and TUFF Tests” on page 2-3

“Christoffersen’s Interval Forecast Tests” on page 2-4

“Haas’s Time Between Failures or Mixed Kupiec’s Test” on page 2-4

“Overview of Expected Shortfall Backtesting” on page 2-20

“Overview of Lifetime Probability of Default Models” on page 1-25

“Overview of Claims Estimation Methods for Non-Life Insurance” on page 1-16

External Websites

Introduction to Risk Management Toolbox (26 min 24 sec)
Credit Scorecard Modeling Using the Binning Explorer App (6 min 17 sec)
Credit Risk Modeling with MATLAB (53 min 09 sec)


https://www.mathworks.com/videos/introduction-to-risk-management-toolbox-1493406805838.html
https://www.mathworks.com/videos/credit-scorecard-modeling-using-the-binning-explorer-app-121587.html
https://www.mathworks.com/videos/credit-risk-modeling-with-matlab-81728.html

Risk Modeling with Risk Management Toolbox

Forecasting Corporate Default Rates with MATLAB (54 min 36 sec)
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The migration-based multi-factor copula (creditMigrationCopula) is similar to the
creditDefaultCopula object. As described in “Credit Simulation Using Copulas” on page 4-2,
each counterparty’s credit quality is represented by a “latent variable” which is simulated over many
scenarios. The latent variable is composed of a series of correlated factors which are weighted based
on the counterparty’s sensitivity to each factor. The two objects differ in how the latent variables are
used for the remainder of the analysis. Instead of thinking in terms of probability of default for each
obligor, the creditMigrationCopula object works with each obligor’s credit rating. Credit ratings
are issued by several companies (S&P, Moody's, and so on). Each rating represents a level of credit
quality and ratings are changed periodically as a company’s situation improves or deteriorates.

Given enough historical data, the likelihood is calculated that a company at a particular rating will
migrate to a different rating over some time period. For example, this table shows the probabilities
that a company with credit rating "B" will transition to each other rating.

Mew Rating Probability (%)

ALA 0.001

Al 0.0062

A 0.1081

EEE 0.8697

=]] 7.3366

B 860.7215

CCC 2.5169
Default 2.43399

While the creditDefaultCopula object is concerned with the 2.4% chance of default exclusively, a
migration-based approach using an creditMigrationCopula object accounts for all possible rating
states. Given these probabilities, the cut-points are calculated for the distribution of all possible
latent variable values that correspond to each rating value.
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Probability of Credit Rating Transition

Migration Thresholds

For each scenario, the latent variable value determines the credit rating of the counterparty at the
end of the time period based on these cut-points. The cut-points are set such that the probability of
transitioning to each rating matches the probabilities in the provided transition table. You now have
not just correlated defaults for each counterparty, but correlated rating changes across the entire
range of credit ratings.

1-11
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CCC AA CCC AA

e
¥
TN

A. random variable A, random variable

Correlation between A; and A,

Each credit rating has a unique discount curve associated with it. As an obligor’s credit rating falls,
the obligor’s bond cashflows become more deeply discounted and the total bond value drops
accordingly. Conversely, if an obligor’s rating improves, the cashflows are discounted less deeply, and
the bond values will rise. After repricing the portfolio with all obligors’ new ratings, the total portfolio
value can be calculated as the sum of the new bond values. As with the creditDefaultCopula
object, various risk measures are calculated and reported for the creditMigrationCopula object.

See Also
creditMigrationCopula | simulate | portfolioRisk | riskContribution |
confidenceBands | getScenarios

Related Examples
. “creditMigrationCopula Simulation Workflow” on page 4-10

1-12
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Default Probability by Using the Merton Model for Structural
Credit Risk

In 1974, Robert Merton proposed a model for assessing the structural credit risk of a company by
modeling the company's equity as a call option on its assets. The Merton model uses the Black-
Scholes-Merton option pricing methods and is structural because it provides a relationship between
the default risk and the asset (capital) structure of the firm.

A company balance sheet records book values—the value of a firm's equity E, its total assets A, and
its total liabilities L. The relationship between these values is defined by the equation

A=E+L

These book values for E, A, and L are all observable because they are recorded on a firm's balance
sheet. However, the book values are reported infrequently. Alternatively, only the equity’s market
value is observable, and is given by the firm’s stock market price times the number of outstanding
shares. The market value of the firm’s assets and total liabilities are unobservable.

The Merton model relates the market values of equity, assets, and liabilities in an option pricing
framework. The Merton model assumes a single liability L with maturity T, usually a period of one
year or less. At time T, the firm’s value to the shareholders equals the difference A - L when the asset
value A is greater than the liabilities L. However, if the liabilities L exceed the asset value A, then the
shareholders get nothing. The value of the equity E; at time T is related to the value of the assets and
liabilities by the following formula:

E1 = max(Ar—L,0)

In practice, firms have multiple maturities for their liabilities, so for a selected maturity T, a liability
threshold L is chosen based on the whole liability structure of the firm. The liability threshold is also
referred to as the default point. For a typical time horizon of one year, the liability threshold is
commonly set to a value between the value of the short-term liabilities and the value of the total
liabilities.

Assuming a lognormal distribution for the asset returns, you can use the Black-Scholes-Merton
equations to relate the observable market value of equity E, and the unobservable market value of
assets A, at any time prior to the maturity T:

E = AN(d1) — Le "TN(dy)

In this equation, r is the risk-free interest rate, N is the cumulative standard normal distribution, and
d; and d, are given by

. In(Z) + (r + 0.503)T
. oaT

dy =dy - oaT

You can solve this equation using one of two approaches:

* The mertonmodel approach uses single-point calibration and requires values for the equity,
liability, and equity volatility (oz).
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This approach solves for (A,0,) using a 2-by-2 system of nonlinear equations. The first equation is
the aforementioned option pricing formula. The second equation relates the unobservable
volatility of assets g, to the given equity volatility og:
A
op = FN(d1)os

The mertonByTimeSeries approach requires time series for the equity and for all other model
parameters.

If the equity time series has n data points, this approach calibrates a time series of n asset values
Aj,...,A, that solve the following system of equations:

E; = AiN(d) - Lie” " TIN(dy)

E, = A,N(dy) — Lye” "N (dy)

The function directly computes the volatility of assets o, from the time series A;,...,A, as the
annualized standard deviation of the log returns. This value is a single volatility value that
captures the volatility of the assets during the time period spanned by the time series.

After computing the values of A and g,, the function computes the distance to default (DD) is
computed as the number of standard deviations between the expected asset value at maturity T
and the liability threshold:

_ logA + (us — 03/2)T - log(L)

oaT

The drift parameter y, is the expected return for the assets, which can be equal to the risk-free
interest rate, or any other value based on expectations for that firm.

DD

The probability of default (PD) is defined as the probability of the asset value falling below the
liability threshold at the end of the time horizon T:

PD =1 - N(DD)

See Also
mertonmodel | mertonByTimeSeries

Related Examples

“Comparison of the Merton Model Single-Point Approach to the Time-Series Approach” on page
4-53



Concentration Indices

Concentration Indices

In financial risk applications, concentration is the opposite of diversification. If all or most of your risk
is in one area, it is concentrated. Higher concentration is interpreted as a risk, although for someone
with a high tolerance for risk and who wants higher returns, that person might prefer concentration.

You can use concentration indices to measure and monitor concentration in a credit portfolio. Ad-hoc
concentration indices are typically computed by using exposures, and therefore do not usually take
into account other risk parameters such as probabilities of default. Ad-hoc concentration indices are
frequently included in comprehensive concentration reports, with other concentration measures and
concentration limits.

When you use the concentrationIndices function, Risk Management Toolbox supports the
following ad-hoc concentration indices or measures:

* Concentration ratio

* Deciles of the portfolio weight distribution

* Gini coefficient

* Herfindahl-Hirschman index

* Hannah-Kay index

* Hall-Tideman index

* Theil entropy index

See Also
concentrationIndices

Related Examples

. “Analyze the Sensitivity of Concentration to a Given Exposure” on page 4-48
. “Compare Concentration Indices for Random Portfolios” on page 4-50
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The ability to accurately estimate unpaid claims is important to insurers. Unlike companies in other
sectors, insurers might not know the exact earnings during a financial reporting period until many
years later. Insurance companies take in insurance premiums on a regular basis and pay out claims
when events occur. In order to maximize profits, an insurance company must accurately estimate how
much will be paid out on existing claims in the future. If the estimate for unpaid claims is too low, the
insurance company will become insolvent. Conversely, if the estimate is too high, then the claims
reserve capital of the insurance company could have been invested elsewhere or reinvested in the
business [1 on page 1-24].

Risk Management Toolbox supports four claims estimation methods for actuaries to use for
estimating unpaid claims:

* chainLadder

* expectedClaims

* bornhuetterFerguson
+ capeCod

Workflow to Estimate Unpaid Claims

For the different claims estimation methods, the basic workflow follows.

1 Create a development triangle with insurance claims data using developmentTriangle. The
claims data can be for either reported claims or paid claims. You can plot reported claims using
claimsPlot.

2 Use the development triangle to compute link ratios using linkRatios. You can plot link ratios
using linkRatiosPlot.

3  Use the development triangle link ratio for reported claims or paid claims to compute the link
ratio averages with linkRatioAverages.

4 UseultimateClaims to compute the projected ultimate claims based on the link ratio averages
for either reported claims or unpaid claims.

5 Using the projected ultimate claims for both the reported and paid development triangles, use
any of the following to compute incurred-but-not-reported (IBNR) values and the total unpaid
claims estimates:

* Chain ladder method — Create a chainLadder object with development triangles for
reported and paid claims, generate the IBNR values using ibnr, and compute the unpaid
claims estimation with unpaidClaims.

* Expected claims method — Create an expectedClaims object with development triangles
for reported and paid claims as well as the earned premium. By default, the initial claims are
calculated as the average of the reported ultimate claims and the paid ultimate claims.
However, you can specify custom values for the initial claims. Similar to the chain ladder
method, you can compute IBNR values using ibnr and the unpaid claims estimates with
unpaidClaims.

* Bornhuetter-Ferguson method — Create a bornhuetterFerguson object with development
triangles for reported and paid claims as well as initial expected claims values, generate IBNR
using ibnr, and compute the unpaid claims estimation with unpaidClaims.
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* Cape Cod method — Create a capeCod object with development triangles for reported and
paid claims as well as initial expected claims values, generate IBNR using ibnr, and compute
the unpaid claims estimation with unpaidClaims.

Estimation of Ultimate Claims Using Development Triangles

One characteristic of Development Triangles is that the ultimate claims are estimated from recorded
values assuming that the development of future claims resembles that in prior years — the past is
indicative of the future.

The steps for development triangles are demonstrated using simulated data:

1 Use developmentTriangle to generate the reported claims in what is called a development
triangle, where there is one row for each origin year and the columns depict how the claims
develop over time.

Origin Reported Claims as of (months)

Year 12 24 36 48 60 72 84 96 108 120
2010 3995.71 4635.02 4866.78 4904.1 5013.74 5038.82 5058.97 5074.14 5084.29 5089.38
2011 3968.04 4682.28 4963.22 506249 5113.11 5138.67 5154.09 5169.56 5179.89

2012 4217.01 506042 5364.04 5508.87 555845 5586.24 5608.59 562541

2013 4374.24 5205.34 5517.67 5661.12 5740.38 5780.56 5803.68

2014 4499.68 5309.62 5628.2 5785.79 584943 5878.68

2015 4530.24 5300.38 5565.4  5715.66 5772.82

2016 4572.63 5304.25 556947 5714.27

2017 4680.56 5523.06 5854.44

2018 4696.68 5495.11

2019 4945.89

2 Use linkRatios to calculate the age-to-age factors. These factors are also known as report-to-
report factors or link ratios. The link ratios measure the change in recorded claims from one
valuation date to the next. The standard naming convention is starting month-ending month. For
example, the age-to-age factor for the 12-month period to the 24-month period is often referred
to as the 12-24 factor.

To calculate the age-to-age factors for the 12-24 period, divide the claims as of 24 months by the
claims as of 12 months. Thus, the triangle of age-to-age factors has one less row and one less
column than the original data triangle.

Origin Age-to-Age Factors

Year 12-24 24-36 36-48 48-60 60-72 72-84 84-96 06-108  108-120
2010 1.16 1.05 1.02 1.01 1.005 1.004 1.003 1.002 1.001
2011 1.18 1.06 1.02 1.01 1.005 1.003 1.003 1.002

2012 1.2 1.06 1.027 1.009 1.005 1.004 1.003

2013 1.19 1.06 1.026 1.014 1.007 1.004

2014 1.18 1.06 1.028 1.011 1.005

2015 1.17 1.05 1.027 1.01

2016 1.16 1.05 1.026

2017 1.18 1.06

2018 1.17

2019

3 After calculating the age-to-age factors, use linkRatioAverages to calculate the averages of
the age-to-age factors. Actuaries use a wide variety of averages for age-to-age factors. Some of
the common ones are the simple average, medial average, geometric average, and volume-
weighted average.
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Averages
12-24 24-36 36-48 48-60 60-72 72-84 84-96 96-108  108-120
Simple Average 11767  1.0563 1.0249 1.0107  1..0054 1.0038  1.0030  1..0020  1.0010
Simple Average - Latest 5 11720  1.0560  1.0268  1.0108  1.0054  1.0038 1.0030  1..0020  1.0010
Simple Average - Latest 3 11700  1.0533 1.0270  1.0117  1..0057 10037 1..0030  1.0020  1.0010
Medial Average - Latest 5x1 1.1733 1.0567  1.0267  1.0103 1.0050  1.0040  1.0030  1..0020  1.0010
Volume-weighted Average 11766  1.0563 1.0250  1.0107 1.0054  1.0038 1.0030 1.0020  1.0010

Volume-weighted Average - Latest 5 11720 1.0560 1.0268 1.0108 1.0054 10038 1.0030 1.0020 1.0010
Volume-weighted Average - Latest 3 11701 1.0534 1.0270 10117 1.0057 1.0037 1.0030 1.0020 1.0010
Geometric Average - Latest 4 1.1700 1.0550 1.0267 1.0110 1.0055 1.0037 1.0030 1.0020 1.0010

4 Use cdfSummary to obtain the cumulative claim development factors (CDF), which are
calculated by successive multiplications beginning with the tail factor and the oldest age-to-age
factor. The cumulative claim development factor projects the total growth over the remaining

valuations.
Development Factor Selection
12-24 24-36 36-48 48-60 60-72 72-84 84-96 96-108 108-120 Ultimate
Selected 1.1767 1.0563 1.0249 1.0107 1.0054 1.0038 1.0030 1.0020 1.0010 1.0000
CDF to Ultimate 1.3069 1.1107 1.0516 1.0261 1.0152 1.0098 1.0060 1.0030 1.0010 1.0000
Percent Reported 0.7651 0.9003 0.9510 0.9746 0.9850 0.9903 0.9940 0.9970 0.9990 1.0000

5 All of the previous steps apply to the reported claims. In order to calculate the unpaid claims
estimates, you need the paid claims as well as the reported claims. Use developmentTriangle
to generate the development triangle for paid claims.

Origin Paid Claims as of (months)

Year 12 24 36 48 60 72 84 96 108 120
2010 1893.92 3371.18 4079.13 4487.04 4711.39 4805.62 4853.68 4877.94 4887.71 4892.59
2011 2055.52 3638.28 4365.93 4758.87 4949.22 5048.21 5098.69 5124.18 5134.43

2012 2242.45 3946.71 4696.58 5119.27 5324.05 5430.53 5484.83 5512.26

2013 2373.81 4130.43 4915.22 5357.59 5571.9 5677.76 5728.85

2014 2421.75 4189.62 4985.63 5434.34 5651.72 5759.1

2015 2484.05 4272.56 5084.35 5541.95 5763.62

2016 2481.74 4218.95 5020.54 5472.39

2017 2577.88 4382.38 5171.21

2018 2580.04 4386.07

2019 2764.81

Similar to the reported claims development triangle, you use the paid claims develop triangle to
calculate link ratios, average link ratios, and then you can select one link ratio and calculate the
cumulative development factors.

6 UseultimateClaims to project the ultimate claims. The ultimate claims are equal to the
product of the latest valuation of claims and the appropriate cumulative claim development
factors. The projected ultimate claims are displayed for both the reported claims and the paid
claims.
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Age of Origin Year at Projected Ultimate Claims
Origin Year 12312019 Claims at 12/31/2019 CDF to Ultimate using Dev. Method with
Reported Paid Reported Paid Reported Paid
(1) (2) (3) (4) (5) (6) 7) (8)
2010 120 5089.38 4892.59 1.0000 1.0000 5089.38 4892.59
2011 108 5179.89 5134.43 1.0010 1.0010 5185.08 5139.56
2012 96 5625.41 5512.26 1.0030 1.0030 5642.30 5528.81
2013 84 5803.68 5728.85 1.0060 1.0080 5838.57 5774.78
2014 72 5878.68 5759.1 1.0098 1.0178 5936.20 5861.87
2015 60 5772.82 5763.62 1.0152 1.0378 5860.78 5981.45
2016 43 5714.27 5472.39 1.0261 1.0810 5863.22 5915.85
2017 36 5854.44 5171.21 1.0516 1.1799 6156.35 6101.37
2018 24 5495.11 4386.07 1.1107 1.4070 6103.54 6171.19
2019 12 4945.89 2764.81 1.3069 2.4388 6464.02 6742.81
Total 55359.57  50585.33 58139.43 58110.27

Column Motes

(3) and (4) Latest Diagonals of the Reported and Paid Claims

(5) and (6) CDF to Ultimate from the Development Factor Selection tables of Reported and Paid Claims
(7) =[{3) x (5)]

(8) =[{4) x (6)]

7  After calculating the projected ultimate claims, use a chainLadder, expectedClaims, or
bornhuetterFerguson method for estimating the unpaid claims.

Estimation of Unpaid Claims Using Chain Ladder Method

The chain ladder method requires the Development Triangles for reported and paid claims. The chain
ladder method assumes that you can predict future claims activity for a given origin year (accident
year, policy year, report year, and so on) based on historical claims activity to date for that origin year.
The primary assumption of this method is that the reporting and payment of future claims resembles
the patterns observed in the past.

In addition, the chain ladder method requires a large volume of historical claims experience. It works
best when the presence or absence of large claims does not greatly distort the data. If the volume of
data is not sufficient, large claims can greatly distort the age-to-age factors, the projections of
ultimate claims, and the estimate of unpaid claims.

1 After calculating the projected ultimate claims using Development Triangles, create a
chainLadder object based on the reported and paid Development Triangles in order to compute
the unpaid claim estimates with unpaidClaims.

2 Actuaries calculate the unpaid claims estimate as the difference between the projected ultimate
claims and the actual paid claims. This value of the unpaid claim estimate represents total unpaid
claims, including both the outstanding claims cases and the IBNR claims. To determine estimated
IBNR values based on the chain ladder technique, subtract reported claims from the projected
ultimate claims. Alternatively, you can use ibnr to calculate the IBNR, which is equal to the
estimate of total unpaid claims less the outstanding cases.
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Unpaid Claim Estimate at 12/31/2019

Projected Ultimate Claims Case Outstanding at IBNR - Based on Dev. Total - Based on Dev.
Claims at 12/31/2019 using Dev. Method with 12312019 Method with Method with
Origin Year Reported Paid Reported Paid Reported Paid Reported Paid
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
2010 5089.38 4892.59 5089.38 4892.59 196.79 0.00 -196.79 196.79 0.00
2011 5179.89 5134.43 5185.08 5139.56 45.46 5.19 -40.33 50.65 5.13
2012 5625.41 5512.26 5642.30 5528.81 113.15 16.89 -96.60 130.04 16.55
2013 5803.68 5728.85 5838.57 5774.78 74.83 34.89 -28.90 109.72 45.93
2014 5878.68 5759.1 5936.20 5861.87 119.58 57.52 -16.81 177.10 102.77
2015 5772.82 5763.62 5860.78 5981.45 9.2 87.96 208.63 97.16 217.83
2016 5714.27 5472.39 5863.22 5915.85 241.88 148.95 201.58 390.83 443.46
2017 5854.44 5171.21 6156.35 6101.37 683.23 301.91 246.93 985.14 930.16
2018 5495.11 4386.07 6103.54 6171.19 1109.04 608.43 676.08 1717.47 1785.12
2019 4945.89 2764.81 6464.02 6742.81 2181.08 1518.13 1796.92 3699.21 3978.00
Total 55359.57 50585.33 58139.42767  58110.26703 4774.24 2779.8577 2750.697029 7554.0977 7524.937

Column Notes

(2} and (3) Latest Diagonals of the Reported and Paid Claims
(4) and (5) Developed in the previous sheet

(6) =[(2)- (3}

(7)=[(4)- (2}

(8)=I(5) -
(9)=1(s)

(10) = ({6

- 4

({
+(8)]

Estimation of Unpaid Claims Using Expected Claims Method

The key assumption of the expected claims method is that an actuary can better estimate unpaid
claims based on an initial estimate rather than existing claims observed to date.

The expected claims method requires the Development Triangles for reported and paid claims as well
as the earned premium. By default, the initial claims are calculated as the average of the reported
ultimate claims and the paid ultimate claims. However, you can specify custom values for the initial
claims. Using the initial claims, an actuary applies a claim ratio method, where ultimate claims for a
development period are equal to a selected expected claim ratio multiplied by the earned premium.
Using these calculated ultimate claims, the actuary can then compute the unpaid claims estimates.

1 Create an expectedClaims object to calculate the ultimateClaims.
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Projected Ultimate Claims  Initial Selected

Origin Year Claims at 12/31/2019 CDF to Ultimate using Dev. Method with Ultimate Earned Claim Ratio Ultimate

Reported Paid Reported Paid Reported Paid Claims Premium Estimated Selected Claims
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)
2010 5089.38 4892.59 1.0000 1.0000 5089.38 4892.59 4990.99 10000 49.91% 50.00% 5000
2011 5179.89 5134.43 1.0010 1.0010 5185.08 5139.56 5162.32 12000 43.02% 50.00% 6000
2012 5625.41 5512.26 1.0030 1.0030 5642.30 5528.81 5585.55 14000 39.90% 50.00% 7000
2013 5803.68 5728.85 1.0060 1.0080 5838.57 5774.78 5800.67 16000 36.29% 50.00% 8000
2014 5878.68 5759.1 1.0098 1.0178 5936.20 5861.87 5899.03 13000 32.77% 50.00% 9000
2015 5772.82 5763.62 1.0152 1.0378 5860.78 5981.45 5921.11 20000 29.61% 40.00% 8000
2016 5714.27 5472.39 1.0261 1.0810 5863.22 5915.85 5889.53 22000 26.77% 40.00% 8800
2017 5854.44 5171.21 1.0516 1.1799 6156.35 6101.37 6128.86 24000 25.54% 40.00% 9600
2018 5495.11 4386.07 1.1107 1.4070 6103.54 6171.19 6137.36 26000 23.61% 40.00% 10400
2019 4945.89 2764.81 1.3069 2.4388 6464.02 6742.81 6603.41 28000 23.58% 40.00% 11200

Column Notes

(2} and (3) Latest Diagonals of the Reported and Paid Claims
(4} and (5) CDF to Ultimate from the Development Factor Selection tables of Reported and Paid Claims
(6) =[{2) x (4)]

(7) =[{3) x (5)]
(8)=I{(6) (7)) / 2
(9) Earned Premium from Data

(10)=[(8)} /(9]

(11) Selected judgementally based on experience in (10)
(12) =[{9) x (11)]

2 Use the expectedClaims object to calculate the unpaidClaims.

Case Unpaid Claim Estimate based
Claims at 12/31/2019 Ultimate Outstandingat on Expected Claims Method
Origin Year  Reported Paid Claims 12/31/2019 IBNR Total
(1) (2) (3) (4) (5) (6) (7)

2010 5089.38 4892.59 5000 196.79 -89.38 107.41
2011 5179.89 5134.43 6000 45.46 820.11 865.57
2012 5625.41 5512.26 7000 113.15 1374.59 1487.74
2013 5803.68 5728.85 8000 74.83 2196.32 2271.15
2014 5878.68 5759.1 9000 119.58 3121.32 3240.90
2015 5772.82 5763.62 8000 9.2 2227.18 2236.38
2016 5714.27 5472.39 8800 241.88 3085.73 3327.61
2017 5854.44 5171.21 9600 683.23 3745.56 4428.79
2018 5495.11 4386.07 10400 1109.04 4904.89 6013.93
2019 4345.89 2764.81 11200 2181.08 6254.11 8435.19

Total 55359.57 50585.33 83000 4774.24 27640.43 32414.67

Column Notes
(2} and (3) Latest Diagonals of the Reported and Paid Claims
(4) Developed in the previous table

(5)=1(2)- (3)1

(6) =1(4) - (2}]

(7)=1(4) - (3}

Estimation of Unpaid Claims Using Bornhuetter-Ferguson Method

The Bornhuetter-Ferguson method combines the chain ladder method and the expected claims
method by splitting ultimate claims into two components, actual reported (or paid) claims and
expected unreported (or unpaid) claims. As the claim matures over development periods, more
weight is given to the actual claims and the expected claims become gradually less important.

The Bornhuetter-Ferguson method requires the Development Triangles for reported and paid claims
as well as initial expected claims values. The Bornhuetter-Ferguson method calculates its own
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projected ultimate claims, different from those calculated in the Development Triangle object. Using
these new projected ultimate claims, the unpaid claims estimates are computed.

1 Create a bornhuetterFerguson object to calculate the ultimateClaims.

Projected Ultimate Claims

Expected CDF to Ultimate Percentage Expected Claims Claims at 12/31/2019  using B-F Method with

Origin Year Claims  Reported Paid Unreported Unpaid Unreported Unpaid Reported Paid Reported Paid

(1) (2) (3) (4) (5) (6) (7) (8 (9) (10) (11) (12)
2010 5000 1.0000 1.0000 0.00% 0.00% 0.00 0.00 5089.38 4892.59  5089.38 4892.59
2011 6000 1.0010 1.0010 0.10% 0.10% 6.00 5.98 5179.89 5134.43  5185.89 5140.41
2012 7000 1.0030 1.0030 0.30% 0.30% 20.95 20.95 5625.41 5512.26  5646.36 5533.21
2013 8000 1.0060 1.0080 0.60% 0.80% 47.80 63.62 5803.68 5728.85  5851.48 5792.47
2014 9000 1.0098 1.0178 0.97% 1.75% 87.20 157.78 5878.68 5759.1 5965.88 5916.88
2015 8000 1.0152 1.0378 1.50% 3.64% 120.06 291.34 5772.82 5763.62  5892.88 6054.96
2016 8800 1.0261 1.0810 2.54% 7.50% 223.55 659.66 5714.27 5472.39  5937.82 6132.05
2017 9600 1.0516 1.1799 4.90% 15.25% 470.79 1463.53 5854.44 5171.21  ©325.23 6634.74
2018 10400 1.1107 1.4070 9.97% 28.93% 1036.72 3008.38 5495.11 4386.07  6531.83 7394.45
2019 11200 1.3069 2.4388 23.49% 59.00% 2630.42 6607.57 4945.89 2764.81  7576.31 9372.38
Total 83000 4643.50 12278.82 55359.57 50585.33 60003.07 62864.15

Column Notes
(2) Developed in the Expected Claims method

(3) and (4) CDF to Ultimate from the Development Factor Selection tables of Reported and Paid Claims
(5) =[1.00- (1.00/ (3))]

(6) =[1.00- (1.00 / (4))]

(7)=1(2) x(5)]

(8)=[(2) x(8)]

(9) and (10) Latest Diagonals of the Reported and Paid Claims

(11) = [(7) + ()]

(12) =[(8) + (10)]

2 Use the bornhuetterFerguson object to calculate the unpaidClaims.

Unpaid Claim Estimate at 12/31/2019

Projected Ultimate Claims Case IBNR - Based on B-F Total - Based on B-F
Claims at 12/31/2019  using B-F Method with  Outstanding at Method with Method with
Origin Year Reported Paid Reported Paid 12/31/2019  Reported Paid Reported Paid
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
2010 5089.38 4892.59 5089.38 4892.59 196.79 0.00 -196.79 196.79 0.00
2011 5179.89 5134.43 5185.89 5140.41 45.46 6.00 -39.48 51.46 5.98
2012 5625.41 5512.26 5646.36 5533.21 113.15 20.95 -92.20 134.10 20.95
2013 5803.68 5728.85 5851.48 5792.47 74.83 47.80 -11.21 122.63 63.62
2014 5878.68 5759.1 5965.88 5916.88 119.58 87.20 38.20 206.78 157.78
2015 5772.82 5763.62 5892.88 6054.96 9.2 120.06 282.14 129.26 291.34
2016 5714.27 5472.39 5937.82 6132.05 241.88 223.55 417.78 465.43 659.66
2017 5854.44 5171.21 6325.23 6634.74 683.23 470.79 780.30 1154.02 1463.53
2018 5495.11 4386.07 6531.83 7394.45 1109.04 1036.72 1899.34 2145.76 3008.38
2019 4945.89 2764.81 7376.31 9372.38 2181.08 2630.42 4426.49 4811.50 6607.57
Total 55359.57  50585.33 60003.07 62864.15 4774.24 4643.50 7504.58 9417.74  12278.82

Column Notes
2) and (3) Latest Diagonals of the Reported and Paid Claims
4} and (5} Developed in the previous table

9= H

(
(
(
U}[H
(
(
(10)=I(
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Estimation of Unpaid Claims Using Cape Cod Method

As in the Bornhuetter-Ferguson technique, the Cape Cod technique splits ultimate claims into two
components: actual reported (or paid) and expected unreported (or unpaid). As an accident year (or
other time interval) matures, the actual reported claims replace the expected unreported claims and
the initial expected claims assumption becomes gradually less important. The primary difference
between the two methods is the derivation of the expected claim ratio. In the Cape Cod technique,
the expected claim ratio is obtained from the reported claims experience instead of an independent
and often judgmental selection as in the Bornhuetter-Ferguson technique.

The Cape Cod technique requires the Development Triangles for reported and paid claims as well as
the earned premium. The key assumption of the Cape Cod technique is that unreported claims will
develop based on expected claims, which are derived using reported (or paid) claims and earned
premium. Both the Cape Cod and Bornhuetter-Ferguson methods differ from the development method
where the primary assumption is that unreported claims will develop based on reported claims to
date (not expected claims).

1 Create a capeCod object to calculate the ultimateClaims.

Estimated Reported Expected Reported Projected

Origin Year Earned Expected Expected CDF to Percentage Unreported Claimsat  Ultimate

Premium  Claim Ratio Claims Ultimate Unreported  Claims  12/31/2019  Claims

T O A T A O A U A A

2010 10000 31.0% 3101.86 1.0000 0.0% 0.00 5089.38 5089.38

2011 12000 31.0% 3722.23 1.0010 0.1% 3.72 5179.89 5183.61

2012 14000 31.0% 4342.60 1.0030 0.3% 13.00 5625.41 5638.41

2013 16000 31.0% 4962.97 1.0060 0.6% 29.685 5803.68 5833.33

2014 13000 31.0% 5583.35 1.0098 1.0% 54.10 5878.68 5932.78

2015 20000 31.0% 6203.72 1.0152 1.5% 93.11 577282 5865.93

2016 22000 31.0% 6824.09 1.0261 2.5% 173.36 5714.27 5887.63

2017 24000 31.0% 7444.46 1.0516 4.9% 365.08 5854.44 6219.52

2018 26000 31.0% 8064.83 1.1107 10.0% 803.94 5495.11 62599.05

2019 28000 31.0% 8685.21 1.3069 23.5% 2039.80 4945.89 6985.69

Total 190000 58935.33 3575.76 55359.57 58935.33

Column Notes

(2) Earned Premium from Data

(3) Based on total weighted estimated claim ratios
(4) =[{2) x (3)]

(5) CDF to Ultimate for Reported Claims

(6) =[1.00- (1.00/ (5))]

(7) =14 = (6)]

(8) Latest Diagonal for Reported Claims

(9) =07} +(8)]

2  Use the capeCod object to calculate the unpaidClaims.
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Claims at 12/31/2019 Ultimate Case Unpaid Claim Estimate
Origin Year Reported Paid Claims Outstanding IBNR Total
T T @ T e T m T s e M
2010 5089.38 4892.59 5089.38 196.79 0.00 196.79
2011 5179.89 5134.43 5183.81 45.46 3.72 49,18
2012 5625.41 5512.26 5638.41 113.15 13.00 126.15
2013 5803.68 5728.85 5833.33 74.83 29.65 104.48
2014 5878.68 5759.1 5932.78 119.58 54.10 173.68
2015 5772.82 5763.62 5865.93 9.2 93.11 102.31
2016 5714.27 5472.39 5887.63 241.88 173.36 415.24
2017 5854.44 5171.21 6219.52 683.23 365.08 1048.31
2018 5495.11 4386.07 6299.05 1109.04 803.54 1912.98
2019 4345.89 2764.81 6985.69 2181.08 2039.80 4220.88
Total 55359.57 50585.33 58935.33 4774.24 3575.76 8350.00

Column Notes
(2} and (3) Latest Diagonals of the Reported and Paid Claims
(4) Developed in the previous table

(5)=1(2)- (3)1

(6) =1(4) - (2}]

(7)=1(3) +(8)]

References

[1] Friedland, Jacqueline. "Estimating Unpaid Claims using Basic Techniques." Arlington, VA:
Casualty Actuarial Society, 2010.

[2] Wiithrich, Mario, and Michael Merz. Stochastic Claims Reserving Methods in Insurance. Hoboken,
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See Also
developmentTriangle | chainLadder | expectedClaims | bornhuetterFerguson | capeCod

Related Examples
. “Mean Square Error of Prediction for Estimated Ultimate Claims” on page 4-161
. “Bootstrap Using Chain Ladder Method” on page 4-168
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Overview of Lifetime Probability of Default Models

Regulatory frameworks such as IFRS 9 and CECL require institutions to estimate loss reserves based
on a lifetime analysis that is conditional on macroeconomic scenarios. Earlier models were frequently
designed to predict one period ahead and often with no explicit sensitivities to macroeconomic
scenarios. With the IFRS 9 and CECL regulations, models must predict multiple periods ahead and
the models must have an explicit dependency on macroeconomic variables.

The main output of the lifetime credit analysis is the lifetime expected credit loss (ECL). The lifetime
ECL consists of the reserves that banks need to set aside for expected losses throughout the life of a
loan. There are different approaches to the estimation of lifetime ECL. Some approaches use
relatively simple techniques on loss data, with qualitative adjustments. Other approaches use more
advanced time-series techniques or econometric models to forecast losses, with dependencies on
macro variables. Another methodology uses probability of default (PD) models, loss given default
(LGD) models, and exposure at default (EAD) models, and combines their outputs to estimate the
ECL. The lifetime PD models in Risk Management Toolbox are in the PD-LGD-EAD category.

Traditional PD Models Compared to Lifetime PD Models

Traditional PD models predict the probability of default for the next period (that is, next year, next
quarter, and so on). These one-period ahead models include a range of methodologies, such as credit
scorecards (creditscorecard), decision trees (fitctree), and transition matrices (transprob).
These models include different types of predictors. Some of them are simple, such as customer
income, and others are more complex, such as utilization rate, or some other metrics related to the
financial activities of the borrower. For these models, the latest observed values of the predictors,
possibly with some lagged information, are usually enough to make a prediction, and there is no need
to project or forecast the values of the predictors going forward.

In contrast, the lifetime PD models require forward looking values of all predictors to make a
prediction of the lifetime PD through the end of the life of the loan. Because the projected values of
the predictors are needed, these models can reduce the amount and complexity of predictors and use
either predictors with constant values, such as origination score, or predictors that can be projected
with little effort, such as loan-to-value ratio. One predictor typically included in these models is the
age of the loan. When used for regulatory purposes, macroeconomic predictors must be included in
the model, and multiple macroeconomic scenarios are required for the lifetime credit analysis.

Lifetime credit analysis also requires the cumulative lifetime PD, which is a transformation of the
predicted, conditional PDs. Specifically, the marginal PD, which is the increments in the cumulative
lifetime PD, is used for the computation of the ECL. The survival probability is often reported as well.
These alternative versions of the probability are recursive operations on the predicted, conditional PD
values for a single loan. In other words, the prediction data may include rows for the same ID a few
periods ahead, and the corresponding conditional PDs may show a time-dependent structure. But
these conditional PD predictions are "one-period ahead" predictions where the "period" is the same
time interval implicit in the training data. Conditional PD predictions are "row-by-row" predictions,
where one row of the inputs predicts a conditional PD independently of all other rows. However, for
the cumulative lifetime PD, the cumulative PD value for the second period depends on the conditional
PDs for the first and second periods, and all subsequent periods have an explicit dependency on the
previous period (a recursion). For the lifetime predictions, therefore, the software must know which
rows in the inputs correspond to the same loan, so some form of loan identifier is required for the
lifetime prediction. Moreover, consecutive rows in the lifetime prediction data must correspond to
consecutive time periods, the recursion is defined for consecutive, one-period ahead conditional PDs,
it cannot skip periods.
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The following table summarizes the differences between traditional PD models and lifetime PD

models.

Traditional PD Models

Lifetime PD Models

Predict one period ahead

Predict multiple periods ahead

Predict conditional PD only

Predict conditional PD, cumulative lifetime PD,
marginal PD, and survival probability

Predict for each row of the data inputs,
independently of all other rows

Predict for all rows of the data inputs that
correspond to the same loan; this is a recursive
operation that requires some form of loan
identifier to know where to start the recursion

Need only most recent observed information to
make PD predictions

Need the most recent information and projected,
period-by-period values of predictor variables
over the lifetime of the loan to make PD
predictions

Can use complex predictors that result from
nontrivial data processing or data
transformations

Typically use simpler predictors, variables that
are not hard to project and forecast

Besides loan-specific predictors, models can
include macroeconomic variables or an age
variable

Besides loan-specific predictors, models must
include macroeconomic predictors (especially if
used for regulatory purposes) and typically
include an age variable

Model Development and Validation

Risk Management Toolbox supports the modeling and validation of lifetime PD models through a

family of classes supporting:

* Model fitting with the fitLifetimePDModel

* Prediction of conditional PD with the predict function

* Prediction of lifetime PD (cumulative, marginal, and survival) with the predictLifetime

function

* Model discrimination metrics with the modelDiscrimination function

* Plot the ROC curve with the modelDiscriminationPlot function

* Model accuracy (or calibration) metrics with the modelAccuracy function

» Plot observed default rates compared to predicted PDs on grouped data with the

modelAccuracyPlot function

The supported model types are Logistic, Probit, and Cox models.

A typical modeling workflow for lifetime PD analysis includes:

1 Data preparation

The lifetime PD models require a panel data input for fitting, prediction, and validation. The
response variable must be a binary (0 or 1) variable, with 1 indicating default. There is a wide
range of tools available to treat missing data (using fillmissing), handle outliers (using
filloutliers), and perform other data preparation tasks.
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Model fitting

Use the fitLifetimePDModel function to fit a lifetime PD model. You must use the previously
prepared data, select a model type, and indicate which variables correspond to loan-specific
variables (such as origination score and loan-to-value ratio). Also, you can also include an age
variable (such as years on books) and the macroeconomic variables (such as gross domestic
product growth or unemployment rate), as well as the ID variable and response variable. You can
specify a model description and also specify a model ID or tag for reporting purposes during
model validation.

Model validation

There are multiple tasks involved in model validation, including

Inspect the underlying statistical model, which is stored in the 'Model' property of the
Logistic, Probit, or Cox object. For more information, see “Basic Lifetime PD Model
Validation” on page 4-130.

Measure the model discrimination on either training or test data with the
modelDiscrimination function. Visualizations can also be generated using the
modelDiscriminationPlot function. Data can be segmented to measure discrimination
over different segments.

Measure the model accuracy (also known as model calibration) on either training or test data
with the modelAccuracy function. Visualizations can also be generated using the
modelAccuracyPlot function. A grouping variable is required to measure the observed
default rate for each group and compare it against the average predicted conditional PD for
the group.

Validate the model against a benchmark (for example, a champion model). For more
information, see “Compare Logistic Model for Lifetime PD to Champion Model” on page 4-
114.

Perform a cross-validation analysis to compare alternative models. For more information, see
“Compare Lifetime PD Models Using Cross-Validation” on page 4-122.

Perform a qualitative assessment of conditional PD predictions by using the predict function
directly with edge cases. Note that model validation relies on the conditional PD predictions
generated by the predict function. The predict function is automatically called by
modelDiscrimination and modelAccuracy to generate metrics.

Visualize the lifetime PD predictions for model validation by using the predictLifetime
function with edge cases and then perform a qualitative assessment of the predictions.

Computation of Lifetime ECL

Once you develop and validate a lifetime PD model, you can use it for lifetime ECL analysis. The
“Expected Credit Loss Computation” on page 4-125 example demonstrates the basic workflow for
computing ECL.

The “Expected Credit Loss Computation” on page 4-125 example shows how to visualize the lifetime
PD predictions, for different macro scenarios.
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The “Expected Credit Loss Computation” on page 4-125 example also shows how to compute the ECL
per scenario and how to compute the final lifetime ECL for a given loan.

Severe Adverse Baseline Favorable Excellent
ECL 2020 595.58 507.16 430.44 364.11 306.97
ECL 2021 394.24 349.95 310.02 274.11 241.9
ECL 2022 235.53 215.4 196.75 179.5 163.57
ECL 2023 143.05 135.23 127.75 120.59 113.77
ECL 2024 85.219 83.517 81.816 80.118 78.429
ECL 2025 51.346 51.514 51.665 51.798 51.917
ECL 2026 33.162 33.271 33.368 33.454 33.531
ECL total 1538.1 1376 1231.8 1103.7 990.08
Probability 9.1 0.2 9.3 9.2 9.2

Lifetime ECL for company 1304 is: 1217.32

For more information on preparing the data for prediction (including joining loan data projections
and macro forecasts) and the additional parameters and computations necessary for the estimation of
the lifetime ECL, see “Expected Credit Loss Computation” on page 4-125 and portfolioECL.

Lifetime Credit Analysis Compared to Stress Testing

You can also use the lifetime PD models for stress testing analysis. However, lifetime credit analysis
and stress testing have several differences that the following table summarizes.
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Stress Testing Lifetime Credit Analysis

Focus on negative, pessimistic scenarios Must consider a range of scenarios, including
pessimistic, neutral, and optimistic ones

Models are often biased, calibrated to produce Models are expected to be unbiased
more conservative results

Spans a few quarters ahead Can span many years ahead

Macroeconomic forecasts for stress testing goa |Macro scenarios reach far into the future and are
few quarters into the future typically expected to revert to some baseline level
after a few quarters

The types of models used for both of these analyses are very similar. You can use lifetime PD models
for stress testing analysis with some additional considerations to account for the differences listed in
the previous table.
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[1] Baesens, Bart, Daniel Roesch, and Harald Scheule. Credit Risk Analytics: Measurement
Techniques, Applications, and Examples in SAS. Wiley, 2016.

[2] Bellini, Tiziano. IFRS 9 and CECL Credit Risk Modelling and Validation: A Practical Guide with
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See Also

fitLifetimePDModel | Logistic | Probit | Cox | predict | predictLifetime |
modelDiscrimination | modelAccuracy | modelDiscriminationPlot | modelAccuracyPlot |
portfolioECL

Related Examples

. “Basic Lifetime PD Model Validation” on page 4-130

. “Compare Logistic Model for Lifetime PD to Champion Model” on page 4-114
. “Compare Lifetime PD Models Using Cross-Validation” on page 4-122

. “Expected Credit Loss Computation” on page 4-125

. “Economic Scenarios and Expected Credit Loss Calculations” on page 4-195

. “Compare Model Discrimination and Accuracy to Validate of Probability of Default” on page 4-
145

. “Compare Probability of Default Using Through-the-Cycle and Point-in-Time Models” on page 4-
74

More About

. “Overview of Loss Given Default Models” on page 1-30

. “Overview of Exposure at Default Models” on page 1-33

1-29



1 Getting Started

Overview of Loss Given Default Models

1-30

Loss given default (LGD) is the proportion of a credit that is lost in the event of default. LGD is one of
the main parameters for credit risk analysis. Although there are different approaches to estimate
credit loss reserves and credit capital, common methodologies require the estimation of probabilities
of default (PD), loss given default (LGD), and exposure at default (EAD). The reserves and capital
requirements are computed using formulas or simulations that use these parameters. For example,
the loss reserves are usually estimated as the expected loss (EL), given by the following formula:

EL = PD * LGD * EAD

With increased availability of data, there are several different types of LGD models. Risk Management
Toolbox supports:

* Regression models — These are linear regression models where the response is a transformation
of the LGD data. For more information on the supported transformations, see Regression.

» Tobit models — These are censored regression models with explicit limits on the response values
to capture the fact that LGD can take values only between 0 and 1. Censoring on the left, right or
both sides are supported. For more information, see Tobit.

The “Model Loss Given Default” on page 4-89 example shows these two types of models, as well as
other models, are fitted using Statistics and Machine Learning Toolbox. Specifically, besides the
regression and Tobit models, this example also includes a non-parametric, look-up table type of
model; a Beta regression model; and a “two-stage” model where a classification model (cure-no cure)
and a regression model (predicted LGD conditional on no cure) work together to make LGD
predictions.

In addition, you can use the Regression and Tobit models to develop LGD models that include
macroeconomic predictors for stress testing or to support regulatory requirements such as IFRS 9
and CECL. For more information, see “Overview of Lifetime Probability of Default Models” on page 1-
25.

Model Development and Validation

Risk Management Toolbox supports the modeling and validation of LGD models through a family of
classes supporting:

* Model fitting with the fitLGDModel

* Prediction of LGD with the predict function

* Model discrimination metrics with the modelDiscrimination function and visualization with the
modelDiscriminationPlot function

* Model accuracy metrics with the modelAccuracy function and visualization with the
modelAccuracyPlot function

The supported model types are Regression and Tobit models.
A typical modeling workflow for LGD analysis includes:
1 Data preparation

Data preparation for LGD modeling requires a significant amount of work in practice. Data
preparation requires consolidation of account information, pulling data from multiple data
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sources, accounting for recoveries, direct and indirect costs, determination of discount rates to
determine the observed LGD values. There is also work regarding predictor transformations and
screening. There is a wide range of tools available to treat missing data (using fillmissing),
handle outliers (using filloutliers), and perform other data preparation tasks. The output of
the data preparation is a training dataset with predictor columns and a response column
containing the LGD values.

Model fitting

Use the fitLGDModel function to fit an LGD model. You must use the previously prepared data
and select a model type. Optional inputs allow you to indicate which variables correspond to
predictor variables, or which transformation to use for a regression model, or the censoring side
for a Tobit model. You can specify a model description and also specify a model ID or tag for
reporting purposes during model validation.

Model validation

There are multiple tasks involved in model validation, including

* Inspect the underlying statistical model, which is stored in the 'UnderlyingModel’
property of the Regression or Tobit object. For more information, see “Basic Loss Given
Default Model Validation” on page 4-132.

* Measure the model discrimination on either training or test data with the
modelDiscrimination function. Visualizations are generated using the
modelDiscriminationPlot function. Data can be segmented to measure discrimination
over different segments.

* Measure the model accuracy on either training or test data with the modelAccuracy
function. Visualizations are generated using the modelAccuracyPlot function. Also, you can
visualize the residuals.

* Validate the model against a benchmark (for example, a champion model). For more
information, see “Compare Tobit LGD Model to Benchmark Model” on page 4-134.

* Perform a cross-validation analysis to compare alternative models. For more information, see
“Compare Loss Given Default Models Using Cross-Validation” on page 4-141.

* Perform a qualitative assessment of conditional PD predictions by using the predict function
directly with edge cases. Visualize residuals using the modelAccuracyPlot function. There
are examples of additional visualizations using histograms and box plots in the “Model Loss
Given Default” on page 4-89 example.

Once you develop and validate a LGD model, you can use it for lifetime ECL analysis. The
“Expected Credit Loss Computation” on page 4-125 example and portfolioECL demonstrates
the basic workflow for computing ECL.

References

[1] Baesens, Bart, Daniel Roesch, and Harald Scheule. Credit Risk Analytics: Measurement

Techniques, Applications, and Examples in SAS. Wiley, 2016.

[2] Bellini, Tiziano. IFRS 9 and CECL Credit Risk Modelling and Validation: A Practical Guide with

Examples Worked in R and SAS. San Diego, CA: Elsevier, 2019.

[3] Gupton, G., and R Stein. "Losscalc v2: Dynamic Prediction of LGD Modeling Methodology".

Moody’s KMV Investor Services, 2005.

1-31



1 Getting Started

See Also
fitLGDModel | predict | modelDiscrimination | modelDiscriminationPlot |
modelAccuracy | modelAccuracyPlot | Regression | Tobit | portfolioECL

Related Examples

. “Model Loss Given Default” on page 4-89

. “Basic Loss Given Default Model Validation” on page 4-132

. “Compare Tobit LGD Model to Benchmark Model” on page 4-134

. “Compare Loss Given Default Models Using Cross-Validation” on page 4-141
. “Expected Credit Loss Computation” on page 4-125

. “Economic Scenarios and Expected Credit Loss Calculations” on page 4-195

More About

. “Overview of Lifetime Probability of Default Models” on page 1-25
. “Overview of Exposure at Default Models” on page 1-33

1-32



Overview of Exposure at Default Models

Overview of Exposure at Default Models

Exposure at default (EAD) is the loss exposure for a bank when a debtor defaults on a loan.

For example, the loss reserves are usually estimated as the expected loss (EL), given by the following
formula:

EL = PD x LGD x EAD

With increased availability of data, there are several different types of EAD models. Risk Management
Toolbox supports:

* Regression models — These are linear regression models where the response is a transformation
of the EAD data. For more information on the supported transformations, see Regression.

» Tobit models — These are censored regression models with explicit limits on the response values.
Censoring on the left, right or both sides are supported. For more information, see Tobit.

Model Development and Validation

Risk Management Toolbox supports the modeling and validation of EAD models through a family of
classes supporting:

* Model fitting with the fitEADModel
* Prediction of EAD with the predict function

¢ Model discrimination metrics with the modelDiscrimination function and visualization with the
modelDiscriminationPlot function

* Model accuracy metrics with the modelAccuracy function and visualization with the
modelAccuracyPlot function

The supported model types are Regression and Tobit models.
A typical modeling workflow for EAD analysis includes:
1 Data preparation

Data preparation for EAD modeling requires a significant amount of work in practice. Data
preparation requires consolidation of account information, pulling data from multiple data
sources, accounting for recoveries, direct and indirect costs, determination of discount rates to
determine the observed EAD values. There is also work regarding predictor transformations and
screening. There is a wide range of tools available to treat missing data (using fillmissing),
handle outliers (using filloutliers), and perform other data preparation tasks. The output of
the data preparation is a training dataset with predictor columns and a response column
containing the EAD values.

2 Model fitting

Use the fitEADModel function to fit an EAD model. You must use the previously prepared data
and select a model type. Optional inputs allow you to indicate which variables correspond to
predictor variables, or which transformation to use for a Regression model, or the censoring
side for a Tobit model. You can specify a model description and also specify a model ID or tag
for reporting purposes during model validation.

3  Model validation
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There are multiple tasks involved in model validation, including
* Inspect the underlying statistical model, which is stored in the 'UnderlyingModel’
property of the Regression or Tobit object.

* Measure the model discrimination on either training or test data with the
modelDiscrimination function. Visualizations are generated using the
modelDiscriminationPlot function. Data can be segmented to measure discrimination
over different segments.

* Measure the model accuracy on either training or test data with the modelAccuracy
function. Visualizations are generated using the modelAccuracyPlot function. Also, you can
visualize the residuals.

4 Once you develop and validate an EAD model, you can use it for lifetime ECL analysis. The
“Expected Credit Loss Computation” on page 4-125 example and portfolioECL demonstrates
the basic workflow for computing ECL.
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Related Examples

. “Compare Results for Regression and Tobit EAD Models” on page 4-151

. “Expected Credit Loss Computation” on page 4-125

. “Economic Scenarios and Expected Credit Loss Calculations” on page 4-195

More About
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. “Overview of Loss Given Default Models” on page 1-30
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Overview of VaR Backtesting
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Market risk is the risk of losses in positions arising from movements in market prices. Value-at-risk
(VaR) is one of the main measures of financial risk. VaR is an estimate of how much value a portfolio
can lose in a given time period with a given confidence level. For example, if the one-day 95% VaR of
a portfolio is 10MM, then there is a 95% chance that the portfolio loses less than 10MM the following
day. In other words, only 5% of the time (or about once in 20 days) the portfolio losses exceed 10MM.

For many portfolios, especially trading portfolios, VaR is computed daily. At the closing of the
following day, the actual profits and losses for the portfolio are known and can be compared to the
VaR estimated the day before. You can use this daily data to assess the performance of VaR models,
which is the goal of VaR backtesting. The performance of VaR models can be measured in different
ways. In practice, many different metrics and statistical tests are used to identify VaR models that are
performing poorly or performing better. As a best practice, use more than one criterion to backtest
the performance of VaR models, because all tests have strengths and weaknesses.

Suppose that you have VaR limits and corresponding returns or profits and losses for days t = 1,...,N.
Use VaRt to denote the VaR estimate for day t (determined on day t — 1). Use Rt to denote the actual
return or profit and loss observed on day t. Profits and losses are expressed in monetary units and
represent value changes in a portfolio. The corresponding VaR limits are also given in monetary units.
Returns represent the change in portfolio value as a proportion (or percentage) of its value on the
previous day. The corresponding VaR limits are also given as a proportion (or percentage). The VaR
limits must be produced from existing VaR models. Then, to perform a VaR backtesting analysis,
provide these limits and their corresponding returns as data inputs to the VaR backtesting tools in
Risk Management Toolbox.

The toolbox supports these VaR backtests:

* Binomial test

+ Traffic light test

* Kupiec’s tests

* Christoffersen’s tests
* Haas’s tests

Binomial Test

The most straightforward test is to compare the observed number of exceptions, x, to the expected
number of exceptions. From the properties of a binomial distribution, you can build a confidence
interval for the expected number of exceptions. Using exact probabilities from the binomial
distribution or a normal approximation, the bin function uses a normal approximation. By computing
the probability of observing x exceptions, you can compute the probability of wrongly rejecting a
good model when x exceptions occur. This is the p-value for the observed number of exceptions x. For
a given test confidence level, a straightforward accept-or-reject result in this case is to fail the VaR
model whenever x is outside the test confidence interval for the expected number of exceptions.
“Outside the confidence interval” can mean too many exceptions, or too few exceptions. Too few
exceptions might be a sign that the VaR model is too conservative.

The test statistic is

x—Np

Zbin = Np(T - p)
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where x is the number of failures, N is the number of observations, and p = 1 - VaR level. The
binomial test is approximately distributed as a standard normal distribution.

For more information, see “References” on page 2-5 for Jorion and bin.

Traffic Light Test

A variation on the binomial test proposed by the Basel Committee is the traffic light test or three
zones test. For a given number of exceptions x, you can compute the probability of observing up to x
exceptions. That is, any number of exceptions from 0 to x, or the cumulative probability up to x. The
probability is computed using a binomial distribution. The three zones are defined as follows:

* The “red” zone starts at the number of exceptions where this probability equals or exceeds
99.99%. It is unlikely that too many exceptions come from a correct VaR model.

* The “yellow” zone covers the number of exceptions where the probability equals or exceeds 95%
but is smaller than 99.99%. Even though there is a high number of violations, the violation count
is not exceedingly high.

» Everything below the yellow zone is "green." If you have too few failures, they fall in the green
zone. Only too many failures lead to model rejections.

For more information, see “References” on page 2-5 for Basel Committee on Banking Supervision
and tl.

Kupiec’s POF and TUFF Tests

Kupiec (1995) introduced a variation on the binomial test called the proportion of failures (POF) test.
The POF test works with the binomial distribution approach. In addition, it uses a likelihood ratio to
test whether the probability of exceptions is synchronized with the probability p implied by the VaR
confidence level. If the data suggests that the probability of exceptions is different than p, the VaR
model is rejected. The POF test statistic is

(1-pN ¥

(-3 G

where x is the number of failures, N the number of observations and p = 1 - VaR level.

LRpor = — 210g

This statistic is asymptotically distributed as a chi-square variable with 1 degree of freedom. The VaR
model fails the test if this likelihood ratio exceeds a critical value. The critical value depends on the
test confidence level.

Kupiec also proposed a second test called the time until first failure (TUFF). The TUFF test looks at
when the first rejection occurred. If it happens too soon, the test fails the VaR model. Checking only
the first exception leaves much information out, specifically, whatever happened after the first
exception is ignored. The TBFI test extends the TUFF approach to include all the failures. See thfi.

The TUFF test is also based on a likelihood ratio, but the underlying distribution is a geometric
distribution. If n is the number of days until the first rejection, the test statistic is given by

pl-p" "

(7)1 - %)"'1

LRTUFF = - 2109
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This statistic is asymptotically distributed as a chi-square variable with 1 degree of freedom. For
more information, see “References” on page 2-5 for Kupiec, pof, and tuff.

Christoffersen’s Interval Forecast Tests

Christoffersen (1998) proposed a test to measure whether the probability of observing an exception
on a particular day depends on whether an exception occurred. Unlike the unconditional probability
of observing an exception, Christoffersen's test measures the dependency between consecutive days
only. The test statistic for independence in Christoffersen’s interval forecast (IF) approach is given by

(1 _ H)HOO + nlOHHOI +nll

LRCCI = - 210g
(1- HO)nOOH801(1 _ Hl)nloﬂiﬂl

where

* nOO = Number of periods with no failures followed by a period with no failures.
* nl0 = Number of periods with failures followed by a period with no failures.

* n0O1 = Number of periods with no failures followed by a period with failures.

* nll = Number of periods with failures followed by a period with failures.

and

» 1, — Probability of having a failure on period t, given that no failure occurred on periodt — 1 =
n0l/(nGO + nO1)

» 11; — Probability of having a failure on period t, given that a failure occurred on periodt — 1 =
nll/(nl0 + nll)

* 11 — Probability of having a failure on period t = (n01 + n11/ (n00 + nO1 + n10 + nll)

This statistic is asymptotically distributed as a chi-square with 1 degree of freedom. You can combine
this statistic with the frequency POF test to get a conditional coverage (CC) mixed test:

LRcc = LRpor + LRccr
This test is asymptotically distributed as a chi-square variable with 2 degrees of freedom.

For more information, see “References” on page 2-5 for Christoffersen, cc, and cci.

Haas’s Time Between Failures or Mixed Kupiec’s Test

Haas (2001) extended Kupiec’s TUFF test to incorporate the time information between all the
exceptions in the sample. Haas'’s test applies the TUFF test to each exception in the sample and
aggregates the time between failures (TBF) test statistic.

i—1
LRrppr = — 2, _log p(l_—p)nl_
TR

In this statistic, p = 1 - VaR level and n; is the number of days between failures i-1 and i (or until the
first exception for i = 1). This statistic is asymptotically distributed as a chi-square variable with x
degrees of freedom, where x is the number of failures.
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Like Christoffersen’s test, you can combine this test with the frequency POF test to get a TBF mixed
test, sometimes called Haas’ mixed Kupiec’s test:

LRtgr = LRpoF + LRTBFI

This test is asymptotically distributed as a chi-square variable with x+1 degrees of freedom. For more
information, see “References” on page 2-5 for Haas, tbf, and tbfi.
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Related Examples
. “Value-at-Risk Estimation and Backtesting” on page 2-10

More About

. “Risk Modeling with Risk Management Toolbox” on page 1-3
. “Overview of VaR Backtesting” on page 2-2
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This example shows a value-at-risk (VaR) backtesting workflow and the use of VaR backtesting tools.
For a more comprehensive example of VaR backtesting, see “Value-at-Risk Estimation and
Backtesting” on page 2-10.

Step 1. Load the VaR backtesting data.

Use the VaRBacktestData.mat file to load the VaR data into the workspace. This example works
with the EquityIndex, Normal95, and Normal99 numeric arrays. These arrays are equity returns
and the corresponding VaR data at 95% and 99% confidence levels is produced with a normal
distribution (a variance-covariance approach). See “Value-at-Risk Estimation and Backtesting” on
page 2-10 for an example on how to generate this VaR data.

load('VaRBacktestData')
disp([EquityIndex(1:5) Normal95(1:5) Normal99(1:5)])

-0.0043 0.0196 0.0277
-0.0036 0.0195 0.0276
-0.0000 0.0195 0.0275
0.0298 0.0194 0.0275
0.0023 0.0197 0.0278

The first column shows three losses in the first three days, but none of these losses exceeds the
corresponding VaR (columns 2 and 3). The VaR model fails whenever the loss (negative of returns)
exceeds the VaR.

Step 2. Generate a VaR backtesting plot.

Use the plot function to visualize the VaR backtesting data. This type of visualization is a common
first step when performing a VaR backtesting analysis.

plot(Date, [EquityIndex -Normal95 -Normal99])
title('VaR Backtesting')

xlabel('Date')

ylabel('Returns')

legend('Returns', 'VaR 95%', 'VaR 99%')
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Step 3. Create a varbacktest object.
Create a varbacktest object for the equity returns and the VaRs at 95% and 99% confidence levels.

vbt = varbacktest(EquityIndex, [Normal95 Normal99],...
'"PortfolioID', 'S&P"',
'VaRID',{'Normal95' 'Normal99'},
'VaRLevel',[0.95 0.99]);

disp(vbt)

varbacktest with properties:

PortfolioData: [1043x1 double]
VaRData: [1043x2 double]
PortfolioID: "S&P"
VaRID: ["Normal95" "Normal99"]
VaRLevel: [0.9500 0.9900]

Step 4. Run a summary report.

Use the summary function to obtain a summary for the number of observations, the number of
failures, and other simple metrics.

summary (vbt)

ans=2x10 table
PortfolioID VaRID VaRLevel ObservedLevel Observations Failures

Expect
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"S&P" "Normal95" 0.95 0.94535 1043 57
"S&P" "Normal99" 0.99 0.9837 1043 17
Step 5. Run all tests.
Use the runtests function to display the final test results all at once.
runtests(vbt)
ans=2x11 table
PortfoliolID VaRID VaRLevel TL Bin POF TUFF ccC
"S&P" "Normal95" 0.95 green accept accept accept accept
"S&P" "Normal99" 0.99 yellow reject accept accept accept
Step 6. Run individual tests.
After running all tests, you can investigate the details of particular tests. For example, use the t1
function to run the traffic light test.
tl(vbt)
ans=2x9 table
PortfolioID VaRID VaRLevel TL Probability Typel Increase
"S&P" "Normal95" 0.95 green 0.77913 0.26396 0
"S&P" "Normal99" 0.99 yellow 0.97991 0.03686 0.26582

Step 7. Create VaR backtests for multiple portfolios.

You can create VaR backtests for different portfolios, or the same portfolio over different time
windows. Run tests over two different subwindows of the original test window.

Indl = year(Date)<=2000;
Ind2 = year(Date)>2000;
vbtl = varbacktest(EquityIndex(Indl),[Normal95(Indl,:) Normal99(Indl,:)], ...

'"PortfolioID', 'S&P, 1999-2000',...
'VaRID',{'Normal95' 'Normal99'}, ...
"VaRLevel',[0.95 0.99]);

vbt2 = varbacktest(EquityIndex(Ind2),[Normal95(Ind2,:) Normal99(Ind2,:)], ...
'PortfolioID', 'S&P, 2001-2002',...
'VaRID',{'Normal95' 'Normal99'}, ...
"VaRLevel',[0.95 0.99]);

Step 8. Display a summary report for both portfolios.

Use the summary function to display a summary for both portfolios.

Summary = [summary(vbtl); summary(vbt2)];
disp(Summary)

52.15
10.43

Obse
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PortfolioID VaRID VaRLevel ObservedLevel Observations Failures E;
"S&P, 1999-2000" "Normal95" 0.95 0.94626 521 28
"S&P, 1999-2000" "Normal99" 0.99 0.98464 521 8
"S&P, 2001-2002" "Normal95" 0.95 0.94444 522 29
"S&P, 2001-2002" "Normal99" 0.99 0.98276 522 9
Step 9. Run all tests for both portfolios.
Use the runtests function to display the final test result for both portfolios.
Results = [runtests(vbtl);runtests(vbt2)];
disp(Results)
PortfolioID VaRID VaRLevel TL Bin POF TUFF cC
"S&P, 1999-2000" "Normal95" 0.95 green accept accept accept accept
"S&P, 1999-2000" "Normal99" 0.99 green accept accept accept accept
"S&P, 2001-2002" "Normal95" 0.95 green accept accept accept accept
"S&P, 2001-2002" "Normal99" 0.99 yellow accept accept accept accept
See Also

varbacktest | tl | bin | pof | tuff|cc|cci|thf|tbhfi|summary | runtests

Related Examples

. “Value-at-Risk Estimation and Backtesting” on page 2-10

More About

. “Traffic Light Test” on page 2-3

. “Binomial Test” on page 2-2

. “Kupiec’s POF and TUFF Tests” on page 2-3

. “Christoffersen’s Interval Forecast Tests” on page 2-4

. “Haas’s Time Between Failures or Mixed Kupiec’s Test” on page 2-4
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Value-at-Risk Estimation and Backtesting

This example shows how to estimate the value-at-risk (VaR) using three methods and perform a VaR
backtesting analysis. The three methods are:

1 Normal distribution
2 Historical simulation
3 Exponential weighted moving average (EWMA)

Value-at-risk is a statistical method that quantifies the risk level associated with a portfolio. The VaR
measures the maximum amount of loss over a specified time horizon and at a given confidence level.

Backtesting measures the accuracy of the VaR calculations. Using VaR methods, the loss forecast is
calculated and then compared to the actual losses at the end of the next day. The degree of difference
between the predicted and actual losses indicates whether the VaR model is underestimating or
overestimating the risk. As such, backtesting looks retrospectively at data and helps to assess the VaR
model.

The three estimation methods used in this example estimate the VaR at 95% and 99% confidence
levels.

Load the Data and Define the Test Window

Load the data. The data used in this example is from a time series of returns on the S&P index from
1993 through 2003.

load VaRExampleData.mat
Returns = tick2ret(sp);
DateReturns = dates(2:end);
SampleSize = length(Returns);

Define the estimation window as 250 trading days. The test window starts on the first day in 1996
and runs through the end of the sample.

TestWindowStart
TestWindow
EstimationWindowSize

find(year(DateReturns)==1996,1);
TestWindowStart : SampleSize;
250;

For a VaR confidence level of 95% and 99%, set the complement of the VaR level.
pvVaR = [0.05 0.01];

These values mean that there is at most a 5% and 1% probability, respectively, that the loss incurred
will be greater than the maximum threshold (that is, greater than the VaR).

Compute the VaR Using the Normal Distribution Method

For the normal distribution method, assume that the profit and loss of the portfolio is normally
distributed. Using this assumption, compute the VaR by multiplying the z-score, at each confidence
level by the standard deviation of the returns. Because VaR backtesting looks retrospectively at data,
the VaR "today" is computed based on values of the returns in the last N = 250 days leading to, but
not including, "today."

Zscore
Normal95

norminv(pVaR);
zeros(length(TestWindow),1);
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Normal99 = zeros(length(TestWindow),1);

for t TestWindow
i t - TestWindowStart + 1;
EstimationWindow = t-EstimationWindowSize:t-1;
Sigma = std(Returns(EstimationWindow));

Normal95(i) = -Zscore(1l)*Sigma;
Normal99(i) = -Zscore(2)*Sigma;
end
figure;

plot(DateReturns(TestWindow), [Normal95 Normal99])

xlabel('Date')

ylabel('VaR")

legend({'95% Confidence Level', '99% Confidence Level'}, 'Location', 'Best"')
title('VaR Estimation Using the Normal Distribution Method')

VaR Estimation Using the Normal Distribution Method

0.04 o
0.035 ] b
- L b lIZLI
| i ) ray '].i"r'x_,-"‘ ! | |
0.03 . o 1
- | II|t noJ 1 "-I I
.“"'. H_.I | .' -;I.n ] ry I_’_.-'
0.025 f bt a f i
o o
[} o Jl\ §
s ) AL
T ) .__-"' L ! |
0.02 f [ J b
__..A.J' g, | l‘LJ,"\h\‘w_j1I | Hﬁ.
I} f N 1d
el
00151 f e i
o~ 95% Confidence Level
’ - e §9% Confidence Level
0017 b
J
D_ DDE 1 1 1 1 1 1 1
1996 1997 1998 1999 2000 2001 2002 2003

Date

The normal distribution method is also known as parametric VaR because its estimation involves
computing a parameter for the standard deviation of the returns. The advantage of the normal
distribution method is its simplicity. However, the weakness of the normal distribution method is the
assumption that returns are normally distributed. Another name for the normal distribution method is
the variance-covariance approach.

Compute the VaR Using the Historical Simulation Method

Unlike the normal distribution method, the historical simulation (HS) is a nonparametric method. It
does not assume a particular distribution of the asset returns. Historical simulation forecasts risk by
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assuming that past profits and losses can be used as the distribution of profits and losses for the next
period of returns. The VaR "today" is computed as the p th-quantile of the last N returns prior to

Iltoday n
Historical95 = zeros(length(TestWindow),1);
Historical99 = zeros(length(TestWindow),1);

for t = TestWindow
i =1t - TestWindowStart + 1;
EstimationWindow = t-EstimationWindowSize:t-1;
X = Returns(EstimationWindow) ;
Historical95(i) = -quantile(X,pVaR(1));
Historical99(i) = -quantile(X,pVaR(2));

end

figure;

plot(DateReturns(TestWindow), [Historical95 Historical99])

ylabel('VaR")

xlabel('Date")

legend({'95% Confidence Level', '99% Confidence Level'}, 'Location', 'Best')
title('VaR Estimation Using the Historical Simulation Method')

VaR Estimation Using the Historical Simulation Method
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The preceding figure shows that the historical simulation curve has a piecewise constant profile. The
reason for this is that quantiles do not change for several days until extreme events occur. Thus, the
historical simulation method is slow to react to changes in volatility.
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Compute the VaR Using the Exponential Weighted Moving Average Method (EWMA)

The first two VaR methods assume that all past returns carry the same weight. The exponential
weighted moving average (EWMA) method assigns nonequal weights, particularly exponentially
decreasing weights. The most recent returns have higher weights because they influence "today's"
return more heavily than returns further in the past. The formula for the EWMA variance over an
estimation window of size Wg is:

1 &
~2 i-1.2
0r =5 > ATy
i=1
where c is a normalizing constant:

WE _ L WE
C=EA'_1=11_AA —>11AasWE—>oo
i=1

For convenience, we assume an infinitely large estimation window to approximate the variance:
~2 2 < ,i-12 | _ 2 ~2
Of =(L-)Wf-1+ D A7 yf_) = (1= A)yi—1 + 207 -1
i=2
A value of the decay factor frequently used in practice is 0.94. This is the value used in this example.

For more information, see References.

Initiate the EWMA using a warm-up phase to set up the standard deviation.

Lambda = 0.94;
Sigma2 zeros(length(Returns),1);
Sigma2(1) Returns(1)"2;

for i = 2 : (TestWindowStart-1)
Sigma2(i) = (1l-Lambda) * Returns(i-1)"2 + Lambda * Sigma2(i-1);
end

Use the EWMA in the test window to estimate the VaR.

Zscore = norminv(pVaR);
EWMA95 = zeros(length(TestWindow),1);
EWMA99 = zeros(length(TestWindow),1);
for t = TestWindow
k =t - TestWindowStart + 1;
Sigma2(t) = (1-Lambda) * Returns(t-1)"2 + Lambda * Sigma2(t-1);
Sigma = sqrt(Sigma2(t));
EWMA95 (k) = -Zscore(1l)*Sigma;
EWMAQ9 (k) = -Zscore(2)*Sigma;
end
figure;

plot(DateReturns(TestWindow) , [EWMA95 EWMA99])

ylabel('VaR")

xlabel('Date")

legend({'95% Confidence Level', '99% Confidence Level'}, 'Location', 'Best"')
title('VaR Estimation Using the EWMA Method')
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VaR Estimation Using the EWMA Method
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In the preceding figure, the EWMA reacts very quickly to periods of large (or small) returns.
VaR Backtesting

In the first part of this example, VaR was estimated over the test window with three different methods
and at two different VaR confidence levels. The goal of VaR backtesting is to evaluate the
performance of VaR models. A VaR estimate at 95% confidence is violated only about 5% of the time,
and VaR failures do not cluster. Clustering of VaR failures indicates the lack of independence across
time because the VaR models are slow to react to changing market conditions.

A common first step in VaR backtesting analysis is to plot the returns and the VaR estimates together.
Plot all three methods at the 95% confidence level and compare them to the returns.

ReturnsTest = Returns(TestWindow) ;
DatesTest = DateReturns(TestWindow) ;
figure;

plot(DatesTest, [ReturnsTest -Normal95 -Historical95 -EWMA95])
ylabel('VaR")

xlabel('Date")

legend({'Returns', 'Normal', 'Historical', 'EWMA'}, 'Location', 'Best')
title('Comparison of returns and VaR at 95% for different models')
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Comparison of retums and VaR at 95% for different models
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To highlight how the different approaches react differently to changing market conditions, you can
zoom in on the time series where there is a large and sudden change in the value of returns. For
example, around August 1998:

ZoomInd = (DatesTest >= datetime(1998,8,5)) & (DatesTest <= datetime(1998,10,31));
VaRData = [-Normal95(ZoomInd) -Historical95(ZoomInd) -EWMA95(ZoomInd)];

VaRFormat = {'-',"'--',"'-."'};

D DatesTest(ZoomInd);

R
N

ReturnsTest(ZoomInd);
Normal95(ZoomInd);

H Historical95(ZoomInd);

E EWMA95 (ZoomInd) ;

IndN95 (R < -N);

IndHS95 (R < -H);

IndEWMA95 (R < -E);

figure;

bar(D,R,0.5, 'FaceColor',[0.7 0.7 0.7]);
hold on

for i = 1 : size(VaRData,?2)
stairs(D-0.5,VaRData(:,1),VaRFormat{i});

end

ylabel('VaR")

xlabel('Date")

legend({'Returns', 'Normal', 'Historical', 'EWMA'}, 'Location', 'Best', 'AutoUpdate','0ff")
title('95% VaR violations for different models')

ax = gca;

ax.ColorOrderIndex = 1;
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plot(D(IndN95),-N(IndN95), 'o',D(IndHS95), -H(IndHS95), ‘0", ...
D(INdEWMA95), -E(IndEWMA95), ‘o', 'MarkerSize',8, 'LineWidth',1.5)

x1im([D(1)-1, D(end)+1])

hold off;

95% VaR violations for different models
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A VaR failure or violation happens when the returns have a negative VaR. A closer look around August
27 to August 31 shows a significant dip in the returns. On the dates starting from August 27 onward,
the EWMA follows the trend of the returns closely and more accurately. Consequently, EWMA has
fewer VaR violations (two (2) violations, yellow diamonds) compared to the Normal Distribution
approach (seven (7) violations, blue stars) or the Historical Simulation method (eight (8) violations,
red squares).

Besides visual tools, you can use statistical tests for VaR backtesting. In Risk Management Toolbox™,
a varbacktest object supports multiple statistical tests for VaR backtesting analysis. In this
example, start by comparing the different test results for the normal distribution approach at the 95%
and 99% VaR levels.

vbt = varbacktest(ReturnsTest, [Normal95 Normal99], 'PortfolioID', 'S&P"', 'VaRID', ...
{'Normal95"', '"Normal99'}, 'VaRLevel',[0.95 0.99]);
summary (vbt)

ans=2x10 table

PortfolioID VaRID VaRLevel ObservedLevel Observations Failures

Expecte

"S&P" "Normal95" 0.95 0.94863 1966 101

98.3
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"S&P" "Normal99" 0.99 0.98372 1966 32 19.66
The summary report shows that the observed level is close enough to the defined VaR level. The 95%
and 99% VaR levels have at most (1-VaR level) x N expected failures, where N is the number of
observations. The failure ratio shows that the Normal95 VaR level is within range, whereas the
Normal99 VaR Level is imprecise and under-forecasts the risk. To run all tests supported in
varbacktest, use runtests.
runtests(vbt)
ans=2x11 table
PortfolioID VaRID VaRLevel TL Bin POF TUFF cC (
"S&P" "Normal95" 0.95 green accept accept accept accept r
"S&P" "Normal99" 0.99 yellow reject reject accept reject a
The 95% VaR passes the frequency tests, such as traffic light, binomial and proportion of failures
tests (t1, bin, and pof columns). The 99% VaR does not pass these same tests, as indicated by the
yellow and reject results. Both confidence levels got rejected in the conditional coverage
independence, and time between failures independence (cci and tbfi columns). This result
suggests that the VaR violations are not independent, and there are probably periods with multiple
failures in a short span. Also, one failure may make it more likely that other failures will follow in
subsequent days. For more information on the tests methodologies and the interpretation of results,
see varbacktest and the individual tests.
Using a varbacktest object, run the same tests on the portfolio for the three approaches at both
VaR confidence levels.
vbt = varbacktest(ReturnsTest, [Normal95 Historical95 EWMA95 Normal99 Historical99 ...
EWMA99], 'PortfolioID', 'S&P', 'VaRID',{'Normal95', 'Historical95"', 'EWMA95"', ...
"Normal99', 'Historical99', 'EWMA99'}, 'VaRLevel',[0.95 0.95 0.95 0.99 0.99 0.99]);
runtests(vbt)
ans=6x11 table
PortfolioID VaRID VaRLevel TL Bin POF TUFF CcC
"S&P" "Normal95" 0.95 green accept accept accept accept
"S&P" "Historical95" 0.95 yellow accept accept accept accept
"S&P" "EWMA95" 0.95 green accept accept accept accept
"S&P" "Normal99" 0.99 yellow reject reject accept reject
"S&P" "Historical99" 0.99 yellow reject reject accept reject
"S&P" "EWMA99" 0.99 red reject reject accept reject

The results are similar to the previous results, and at the 95% level, the frequency results are
generally acceptable. However, the frequency results at the 99% level are generally rejections.
Regarding independence, most tests pass the conditional coverage independence test (cci), which
tests for independence on consecutive days. Notice that all tests fail the time between failures
independence test (tbfi), which takes into account the times between all failures. This result
suggests that all methods have issues with the independence assumption.

To better understand how these results change given market conditions, look at the years 2000 and
2002 for the 95% VaR confidence level.

2-17



2 Market Risk Measurements Using VaR BackTesting Tools

Ind2000 = (year(DatesTest) == 2000);
vbt2000 = varbacktest(ReturnsTest(Ind2000), [Normal95(Ind2000) Historical95(Ind2000) EWMA95(Ind20
'PortfolioID', 'S&P, 2000', 'VaRID',{'Normal', 'Historical', 'EWMA'});

runtests(vbt2000)

ans=3x11 table
PortfolioID VaRID VaRLevel TL Bin POF TUFF CC
"S&P, 2000" "Normal" 0.95 green accept accept accept accept z
"S&P, 2000" "Historical" 0.95 green accept accept accept accept z
"S&P, 2000" "EWMA" 0.95 green accept accept accept accept z

Ind2002 = (year(DatesTest) == 2002);
vbt2002 = varbacktest(ReturnsTest(Ind2002), [Normal95(Ind2002) Historical95(Ind2002) EWMA95(Ind20
'PortfolioID', 'S&P, 2002','VaRID',{'Normal', 'Historical', 'EWMA'});

runtests(vbt2002)

ans=3x11 table
PortfolioID VaRID VaRLevel TL Bin POF TUFF CcC
"S&P, 2002" "Normal" 0.95 yellow reject reject accept reject
"S&P, 2002" "Historical" 0.95 yellow reject accept accept reject
"S&P, 2002" "EWMA*" 0.95 green accept accept accept accept

For the year 2000, all three methods pass all the tests. However, for the year 2002, the test results
are mostly rejections for all methods. The EWMA method seems to perform better in 2002, yet all
methods fail the independence tests.

To get more insight into the independence tests, look into the conditional coverage independence
(cci) and the time between failures independence (tbfi) test details for the year 2002. To access the
test details for all tests, run the individual test functions.

cci(vbt2002)

ans=3x13 table
PortfolioID VaRID VaRLevel CCI LRatioCCI PValueCCI Observations
"S&P, 2002" "Normal" 0.95 reject 12.591 0.0003877 261
"S&P, 2002" "Historical" 0.95 reject 6.3051 0.012039 261
"S&P, 2002" "EWMA" 0.95 reject 4.6253 0.031504 261

In the CCI test, the probability p 01 of having a failure at time t, knowing that there was no failure at
time t-1 is given by

___Non
P01 = N1 + Noo

The probability p 11 of having a failure at time t, knowing that there was failure at time t-1 is given
by

= _Nu
P11 N11+ Ny
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From the NGO, N10, NO1, N11 columns in the test results, the value of p 01 is at around 5% for the
three methods, yet the values of p 11 are above 20%. Because there is evidence that a failure is
followed by another failure much more frequently than 5% of the time, this CCI test fails.

In the time between failures independence test, look at the minimum, maximum, and quartiles of the
distribution of times between failures, in the columns TBFMin, TBFQ1, TBFQ2, TBFQ3, TBFMax.

tbfi(vbt2002)

ans=3x14 table
PortfolioID VaRID VaRLevel TBFI LRatioTBFI PValueTBFI Observation
"S&P, 2002" "Normal" 0.95 reject 53.936 0.00010087 261
"S&P, 2002" "Historical" 0.95 reject 45.274 0.0010127 261
"S&P, 2002" "EWMA" 0.95 reject 25.756 0.027796 261

For a VaR level of 95%, you expect an average time between failures of 20 days, or one failure every
20 days. However, the median of the time between failures for the year 2002 ranges between 5 and
7.5 for the three methods. This result suggests that half of the time, two consecutive failures occur
within 5 to 7 days, much more frequently than the 20 expected days. Consequently, more test failures
occur. For the normal method, the first quartile is 1, meaning that 25% of the failures occur on
consecutive days.

References
Nieppola, O. Backtesting Value-at-Risk Models. Helsinki School of Economics. 2009.

Danielsson, J. Financial Risk Forecasting: The Theory and Practice of Forecasting Market Risk, with
Implementation in R and MATLAB®. Wiley Finance, 2012.

See Also
varbacktest | t1 | bin | pof | tuff|cc|cci|thf|tbhfi|summary | runtests

Related Examples
. “VaR Backtesting Workflow” on page 2-6

More About

. “Traffic Light Test” on page 2-3

. “Binomial Test” on page 2-2

. “Kupiec’s POF and TUFF Tests” on page 2-3

. “Christoffersen’s Interval Forecast Tests” on page 2-4

. “Haas’s Time Between Failures or Mixed Kupiec’s Test” on page 2-4
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Expected Shortfall (ES) is the expected loss on days when there is a Value-at-Risk (VaR) failure. If the
VaR is 10 million and the ES is 12 million, we know the expected loss tomorrow; if it happens to be a
very bad day, it is 20% higher than the VaR. ES is sometimes called Conditional Value-at-Risk (CVaR),
Tail Value-at-Risk (TVaR), Tail Conditional Expectation (TCE), or Conditional Tail Expectation (CTE).

There are many approaches to estimating VaR and ES, and they may lead to different VaR and ES
estimates. How can one determine if models are accurately estimating the risk on a daily basis? How
can one evaluate which model performs better? The varbacktest tools help validate the
performance of VaR models with regards to estimated VaR values. The esbacktest,
esbacktestbysim, and esbacktestbyde tools extend these capabilities to evaluate VaR models
with regards to estimated ES values.

For VaR backtesting, the possibilities every day are two: either there is a VaR failure or not. If the VaR
confidence level is 95%, VaR failures should happen approximately 5% of the time. To backtest VaR,
you only need to know whether the VaR was exceeded (VaR failure) or not on each day of the test
window and the VaR confidence level. Risk Management Toolbox VaR backtesting tools support
“frequency” (assess the proportion of failures) and “independence” (assess independence across
time) tests, and these tests work with the binary sequence of "failure" or "no-failure" results over the
test window.

For expected shortfall (ES), the possibilities every day are infinite: The VaR may be exceeded by 1%,
or by 10%, or by 150%, and so on. For example, there are three VaR failures in the following example:

Failure Data Severity Ratio
Observed Expected
Date Return VaR ES [-Return/VaR) (Es/VaR)
26-Feb-96 -1.308  1.078 1.364 1.21 1.27
8-Mar-96 -2.051 1110 1404 1.85 1.27
10-Apr-96 -1.353 1.218 1541 111 1.27
Average 1.39 1.27

On failure days, the VaR is exceeded on average by 39%, but the estimated ES exceeds VaR by an
average of 27%. How can you tell if 39% is significantly larger than 27%? Knowing the VaR
confidence level is not enough, you must also know how likely are the different exceedances over the
VaR according to the VaR model. In other words, you need some distribution information about what
happens beyond the VaR according to your model assumptions. For thin-tail VaR models, 39% vs. 27%
may be a large difference. However, for a heavy-tail VaR model where a severity of twice the VaR has
a non-trivial probability of happening, then 39% vs. 27% over the three failure dates may not be a red
flag.

A key difference between VaR backtesting and ES backtesting is that most ES backtesting methods
require information about the distribution of the returns on each day, or at least the distribution of
the tails beyond the VaR. One exception is the “unconditional” test (see unconditionalNormal and
unconditionalT) where you can get approximate test results without providing the distribution
information. This is important in practice, because the “unconditional” test is much simpler to use
and can be used in principle for any VaR or ES model. The trade-off is that the approximate results
may be inaccurate, especially in borderline accept, or reject cases, or for certain types of
distributions.
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The toolbox supports the following tests for expected shortfall backtesting for table-based tests for
the unconditional Acerbi-Szekely test using the esbacktest object:

* unconditionalNormal
 unconditionalT

ES backtests are necessarily approximated in that they are sensitive to errors in the predicted VaR.
However, the minimally biased test has only a small sensitivity to VaR errors and the sensitivity is
prudential, in the sense that VaR errors lead to a more punitive ES test. See Acerbi-Szekely (2017 and
2019) for details. When distribution information is available, the minimally biased test
(minBiasRelative or minBiasAbsolute) is recommended.

The toolbox supports the following Acerbi-Szekely simulation-based tests for expected shortfall
backtesting using the esbacktestbysim object:

* conditional

* unconditional

* quantile

* minBiasRelative
* minBiasAbsolute

For the Acerbi-Szekely simulation-based tests, you must provide the model distribution information as
part of the inputs to esbacktestbysim.

The toolbox also supports the following Du and Escanciano tests for expected shortfall backtesting
using the esbacktestbyde object:

* unconditionalDE
e conditionalDE

For the Du and Escanciano simulation-based tests, you must provide the model distribution
information as part of the inputs to esbacktestbyde.

Conditional Test by Acerbi and Szekely
The conditional test statistic by Acerbi and Szekely is based on the conditional relationship
ES; = —EX;| Xy < — VaRy]
where
X; is the portfolio outcome, that is, the portfolio return or portfolio profit and loss for period t.
VaR, is the estimated VaR for period t.
ES; is the estimated expected shortfall for period t.
The number of failures is defined as
N
NumPFailures = tglIt

where
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N is the number of periods in the test window (t = 1,...,N).
I, is the VaR failure indicator on period t with a value of 1 if X; < -VaR, and 0 otherwise.
The conditional test statistic is defined as

N Xl

_ 1
Zeond = NymFailures tzl ES;

+1

The conditional test has two parts. A VaR backtest must be run for the number of failures
(NumFailures), and a standalone conditional test is performed for the conditional test statistic Zqpg.
The conditional test accepts the model only when both the VaR test and the standalone conditional
test accept the model. For more information, see conditional.

Unconditional Test by Acerbi and Szekely

The unconditional test statistic by Acerbi and Szekely is based on the unconditional relationship,

Xily
Pvar

ESt = _Et

where

X; is the portfolio outcome, that is, the portfolio return or portfolio profit and loss for period t.
Pvar is the probability of VaR failure defined as 1-VaR level.

ES, is the estimated expected shortfall for period t.

I, is the VaR failure indicator on period t with a value of 1 if X, < -VaR, and 0 otherwise.

The unconditional test statistic is defined as

1 gﬁ
Npvar <4 ESt

+1

Zuncond =

The critical values for the unconditional test statistic are stable across a range of distributions, which
is the basis for the table-based tests. The esbacktest class runs the unconditional test against
precomputed critical values under two distributional assumptions, namely, normal distribution (thin
tails, see unconditionalNormal), and t distribution with 3 degrees of freedom (heavy tails, see
unconditionalT).

Quantile Test by Acerbi and Szekely
A sample estimator of the expected shortfall for a sample Yy,...,Yy is:
1 INpvaR|

~ [Npvarl i21

ES(Y) = Yii

where

N is the number of periods in the test window (t = 1,...,N).
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Pvar is the probability of VaR failure defined as 1-VaR level.

Y4,...,Yy are the sorted sample values (from smallest to largest), and [Npy4r]| is the largest integer
less than or equal to Npy,g.

To compute the quantile test statistic, a sample of size N is created at each time t as follows. First,
convert the portfolio outcomes to X; to ranks U; = P1(Xy), ..., Uy = Py(Xy) using the cumulative
distribution function P;. If the distribution assumptions are correct, the rank values U,...,Uy are
uniformly distributed in the interval (0,1). Then at each time t:

1 Invert the ranks U = (Uy,...,Uy) to get N quantiles P; '(U) = (P; L(Uy), ..., P L(UN)).
2 Compute the sample estimator ﬁ(P{ 1(U)).
3

Compute the expected value of the sample estimator E ﬁ(P{ 1(V))

where V = (V;,...,Vy) is a sample of N independent uniform random variables in the interval (0,1).
This can be computed analytically.

The quantile test statistic by Acerbi and Szekely is defined as

N ES(P ()

Zquanti — L+
quantile = N ElE ES(P ( N

The denominator inside the sum can be computed analytically as
—_ _ N 1 -1
E[ES(P; '(V)] = = o~ | 1 - pN = | Npvar|. |Novar))Pr ' (p)d
t leVaRJ‘E 1-p l pVaRJ [ pVaRJ t (p)ap

where I,(z,w) is the regularized incomplete beta function. For more information, see betainc and
quantile.

Minimally Biased Test by Acerbi and Szekely

The minimally biased test statistic by Acerbi and Szekely is based on the following representation of
the VaR and ES (see Acerbi and Szekely 2017 and 2019 for details and also Rockafellar and Uryasev
2002, and Acerbi and Tasche 2002):

ESq = minyE|v + (X +v)_

VaR, = argmin,E|v + é(X +v)

where

X is the portfolio outcome.

(x)_is the negative part function defined as (x) = max(0,-x).
ais 1-VaR level.

The test statistic has an absolute version and a relative version. The absolute version of the minimally
biased test statistic is given by
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abs 1
Zminbias = N

||Mz

1
ES; — VaRy — ——(X; + VaR
( t t pVaR( t t)_)

where

X, is the portfolio outcome, that is the portfolio return or portfolio profit and loss for period t.
VaR; is the essential VaR for period t.

ES, is the expected shortfall for period t.

Pwar is the probability of Var Failure defined as 1-VaR level.

N is the number of periods in the test window (t = 1,...N).

(x) 1is the negative part function defined as (x) = max(0,-x).

The relative version of the minimally biased test statistic is given by

N
! 1 1
Zminbias = ; ES, (ESt = VaR; - m(xt +VaRy) )

ES backtests are necessarily approximated in that they are sensitive to errors in the predicted VaR.
However, the minimally biased test has only a small sensitivity to VaR errors and the sensitivity is
prudential, in the sense that VaR errors lead to a more punitive ES test. See Acerbi-Szekely (2017 and
2019) for details. When distribution information is available, the minimally biased test is
recommended. For more information, see minBiasRelative and minBiasAbsolute.

ES Backtest Using Du-Escanciano Method

For each day, the Du-Escanciano model assumes a distribution for the returns. For example, if you
have a normal distribution with a conditional variance of 1.5%, there is a corresponding cumulative
distribution function P,. By mapping the returns X; with the distribution P;, you get the “mapped
returns” series U, also known as the "ranks" series, which by construction has values between 0 and
1 (see column 2 in the following table). Let o be the complement of the VaR level — for example, if
the VaR level is 95%, a is 5%. If the mapped return U, is smaller than «, then there is a VaR
“violation” or VaR “failure.” This is equivalent to observing a return X; smaller than the negative of
the VaR value for that day, since, by construction, the negative of the VaR value gets mapped to a.
Therefore, you can compare U, against a without even knowing the VaR value. The series of VaR
failures is denoted by h; and it is a series of 0's and 1's stored in column 3 in the following table.
Finally, column 4 in the following table contains the “cumulative violations” series, denoted by H,.
This is the severity of the mapped VaR violations on days on which the VaR is violated. For example, if
the mapped return U, is 1% and « is 5%, H, is 4%. H, is defined as zero if there are no VaR violations.

X U, = Pi(X;) h=U;<a H.=(a-U)*h,
0.00208 0.5799 0 0

-0.01073 0.1554 0 0

-0.00825 0.2159 0 0

-0.02967 0.0073 1 0.0427

0.01242 0.8745 0 0
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X

U = Py(Xy)

h,=U; <«

Ht=(a'ut)*ht

Given the violations series h; and the cumulative violations series H;, the Du-Escanciano (DE) tests

are summarized as:

Du-Escanciano Test VaR Test ES Test
Unconditional Mean of h; Mean of H,;
Conditional Autocorrelation of h; Autocorrelation of H;

The DE VaR tests assess the mean value and the autocorrelation of the h; series, and the resulting

tests overlap with known VaR tests. For example, the mean of h; is expected to match a. In other

words, the proportion of time the VaR is violated is expected to match the confidence level. This test
is supported in the varbacktest class with the proportion of failures (pof) test (finite sample) and
the binomial (bin) test (large-sample approximation). In turn, the conditional VaR test measures if
there is a time pattern in the sequence of VaR failures (back-to-back failures, and so on). The
conditional coverage independence (cci) test in the varbacktest class tests for one-lag
independence. The time between failures independence (tbfi) test in the varbacktest class also
assesses time independence for VaR models.

The esbacktestbyde class supports the DE ES tests. The DE ES tests assess the mean value and
the autocorrelation of the H, series. For the unconditional test (unconditionalDE), the expected
value is a/2 — for example, the average value in the bottom 5% of a uniform (0,1) distribution is 2.5%.

The conditional test (conditionalDE) assesses not only if a failure occurs but also if the failure

severity is correlated to previous failure occurrences and their severities.

The test statistic for the unconditional DE ES test is

1 <N
UES=NEt=1Ht

If the number of observations is large, the test statistic is distributed as

a a(l/3 -
UES@N(T N

al/4)) _ Py

where N(p,0?) is the normal distribution with mean p and variance o?.

The unconditional DE ES test is a two-sided test that checks if the test statistic is close to the

expected value of a/2. From the limiting distribution, a confidence level is derived. Finite-sample

confidence intervals are estimated through simulation.

The test statistic for the conditional DE ES test is derived in several steps. First, define the

autocovariance for lag j:

V= ﬁzy=j+1(Ht —a/2)(H - j—al2)

The autocorrelation for lag j is then

=Y

Pi= "
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The test statistic for m lags is then

Cs(m) = Ny - 1p5

If the number of observations is large, the test statistic is distributed as a chi-square distribution with

m degrees of freedom:

Ces(m) == x4

The conditional DE ES test is a one-sided test to determine if the conditional DE ES test statistic is
much larger than zero. If so, there is evidence of autocorrelation. The limiting distribution computes
large-sample critical values. Finite-sample critical values are estimated through simulation.

Comparison of ES Backtesting Methods

The backtesting tools supported by Risk Management Toolbox have the following requirements and

features.
Backtest [Portfol |VarData [ESData |VaRLeve [Portfol |Distrib |Supports | Supports
ing Tool |ioData |Required | Required |l ioID and |ution Multiple [Multiple
Required Required [VaRID Informat [Models® |VaRLeve
2 Supporte|ion s
d Required
varback |Yes Yes No Yes Yes No Yes Yes
test
esbackt |Yes Yes Yes Yes Yes No Yes Yes
est
esbackt |Yes Yes Yes Yes Yes Yes No Yes
estbysi
m
esbackt |Yes No No Yes Yes Yes No Yes
estbyde
a VaRLevel is an optional name-value pair argument with a default value of 95%. It is recommended to set the VaRLevel

when creating the backtesting object.
b For example, you can backtest a normal and a t model in the same object with varbacktest, but you need two
separate instances of the esbacktestbyde class to backtest them.

Risk Management Toolbox supports the following backtesting tools and their associated tests.

Test Type

Test Name

Tests for

Risk
Measure

Critical
Value

Computatio

Use Object

Use
Function

Basel

Traffic light

Frequency

VaR

sample
(binomial)

Exact finite-

t

varbacktes

tl
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Test Type |Test Name |Tests for Risk Critical Use Object |Use
Measure Value Function
Computatio
n
Various Binomial Frequency |VaR Large- varbacktes |bin
sample t
normal
approximatio
n
Kupiec Proportion of | Frequency |VaR Exact finite- |varbacktes |pof
failures sample (log |t
likelihood)
Kupiec Time until  |Independenc |VaR Exact finite- |varbacktes|tuff
first failure |e sample (log |t
likelihood)
Christofferse |Conditional |Frequency |[VaR Exact finite- |varbacktes|cc
n coverage, and sample (log |t
mixed independenc likelihood)
e
Christofferse |Conditional |Independenc |VaR Exact finite- |varbacktes|cci
n coverage, e sample (log |t
independenc likelihood)
e
Haas Mixed Frequency |VaR Exact finite- |varbacktes|tbf
Kupiec test |and sample (log |t
independenc likelihood)
e
Haas Independenc [Independenc |VaR Exact finite- |varbacktes|tbfi
e (time e sample (log |t
between likelihood)
failures)
Acerbi- "Test 2" or  |Severity ES Tables of esbacktest|unconditio
Szekely unconditiona presimulated nalNormal
1 critical and
values, unconditio
under nalT
normal and ¢t
distribution
Acerbi- "Test 1" or |Severity ES Finite- esbacktest|conditiona
Szekely conditional sample bysim 1
simulation
Acerbi- "Test 2" or |Severity ES Finite- esbacktest|unconditio
Szekely unconditiona sample bysim nal
1 simulation
Acerbi- "Test 1" or  |Severity ES Finite- esbacktest|quantile
Szekely ranks sample bysim
(quantile) simulation
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Test Type |Test Name |Tests for Risk Critical Use Object |Use
Measure Value Function
Computatio
n
Acerbi- Minimally Severity ES Finite- esbacktest|minBiasRel
Szekely Biased, sample bysim ative
relative simulation
version
Acerbi- Minimally Severity ES Finite- esbacktest|minBiasAbs
Szekely Biased, sample bysim olute
absolute simulation
version
Du- Uncondition |Severity ES Large- esbacktest|unconditio
Escanciano |al sample byde nalDE
approximatio
n and finite-
sample
simulation
Du- Conditional |Independenc |ES Large- esbacktest|conditiona
Escanciano e sample byde 1DE
approximatio
n and finite-
sample
simulation
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Related Examples

“VaR Backtesting Workflow” on page 2-6
“Value-at-Risk Estimation and Backtesting” on page 2-10

“Expected Shortfall (ES) Backtesting Workflow with No Model Distribution Information” on page
2-30

“Expected Shortfall (ES) Backtesting Workflow Using Simulation” on page 2-34
“Expected Shortfall Estimation and Backtesting” on page 2-44
“Workflow for Expected Shortfall (ES) Backtesting by Du and Escanciano” on page 2-64

“Rolling Windows and Multiple Models for Expected Shortfall (ES) Backtesting by Du and
Escanciano” on page 2-73

2-29



2 Market Risk Measurements Using VaR BackTesting Tools

Expected Shortfall (ES) Backtesting Workflow with No Model
Distribution Information

2-30

This example shows an expected shortfall (ES) backtesting workflow and the use of ES backtesting
tools. The esbacktest class supports two tests -- unconditional normal and unconditional t -- which
are based on Acerbi-Szekely's unconditional test statistic (also known as the Acerbi-Szekely second
test). These tests use presimulated critical values for the unconditional test statistic, with an
assumption of normal distribution for the normal case and a t distribution with 3 degrees of freedom
for the t case.

Step 1. Load the ES backtesting data.

Use the ESBacktestData.mat file to load the data into the workspace. This example works with the
Returns numeric array. This array represents the equity returns, VaRModel1, VaRModel2, and
VaRModel3, and the corresponding VaR data at 97.5% confidence levels, generated with three
different models. The expected shortfall data is contained in ESModel1, ESModel2, and ESModel3.
The three model distributions used to generate the expected shortfall data in this example are normal
(model 1), t with 10 degrees of freedom (model 2), and t with 5 degrees of freedom (model 3).
However, this distribution information is not needed in this example because the esbacktest object
does not require it.

load('ESBacktestData')

whos

Name Size Bytes C(lass Attributes
Data 1966x13 223945 timetable
Dates 1966x1 15728 datetime
ESModell 1966x1 15728 double
ESModel2 1966x1 15728 double
ESModel3 1966x1 15728 double
Returns 1966x1 15728 double
VaRLevel 1x1 8 double
VaRModell 1966x1 15728 double
VaRModel2 1966x1 15728 double
VaRModel3 1966x1 15728 double

Step 2. Generate an ES backtesting plot.

Use the plot function to visualize the ES backtesting data. This type of visualization is a common
first step when performing an ES backtesting analysis. For illustration purposes only, visualize the
returns, together with VaR and ES, for a particular model.

The resulting plot shows some large violations in 1997, 1998, and 2000. The violations in 1996 look
smaller in absolute terms, however relative to the volatility of that period, those violations are also
significant. For the unconditional test, the magnitude of the violations and the number of violations
make a difference, because the test statistic averages over the expected number of failures. If the
expected number is small, but there are several violations, the effective severity for the test is larger.
The year 2002 is an example of a year with small, but many VaR failures.

figure;

plot(Dates,Returns,Dates, -VaRModell,Dates, -ESModell)
legend('Returns', 'VaR', 'ES")

title('Test Data, Model 1, VaR level 95%')

grid on
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Test Data, Model 1, VaR level 95%
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Step 3. Create an esbhacktest object.

Create an esbacktest object using esbacktest.

load ESBacktestData

ebt = esbacktest(Returns, [VaRModell VaRModel2 VaRModel3], [ESModell ESModel2 ESModel3],...

'"PortfolioID',"S&P", 'VaRID', ["Modell", "Model2", "Model3"], 'VaRLevel',6 VaRLevel)

ebt =
esbacktest with properties:

PortfolioData: [1966x1 double]
VaRData: [1966x3 double]
ESData: [1966x3 double]
PortfolioID: "S&P"
VaRID: ["Modell" "Model2" "Model3"]
VaRLevel: [0.9750 0.9750 0.9750]

Step 4. Generate the ES summary report.

Generate the ES summary report. The ObservedSeverity column shows the average ratio of loss to
VaR on periods when the VaR is violated. The ExpectedSeverity column shows the average ratio of
ES to VaR for the VaR violation periods.

S = summary(ebt);
disp(S)
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PortfolioID VaRID VaRLevel ObservedLevel ExpectedSeverity ObservedSeverity
"S&P" "Modell" 0.975 0.97101 1.1928 1.4221
"S&P" "Model2" 0.975 0.97202 1.2652 1.4134
"S&P" "Model3" 0.975 0.97202 1.37 1.4146

Step 5. Run a report for all tests.

Run all tests and generate a report only on the accept or reject results.

t = runtests(ebt);

disp(t)
PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT
"S&P" "Modell" 0.975 reject reject
"S&P" "Model2" 0.975 reject accept
"S&P" "Model3" 0.975 accept accept

Step 6. Run the unconditional normal test.

Run the individual test for the unconditional normal test.

t = unconditionalNormal(ebt);

disp(t)
PortfoliolID VaRID VaRLevel UnconditionalNormal PValue TestStatistic
"S&pP "Modell" 0.975 reject 0.0054099 -0.38265
"S&pP "Model2" 0.975 reject 0.044967 -0.25011
"S&P" "Model3" 0.975 accept 0.149 -0.15551

Step 7. Run the unconditional t test.

Run the individual test for the unconditional t test.

t = unconditionalT(ebt);

q

disp(t)
PortfolioID VaRID VaRLevel UnconditionalT PValue TestStatistic Critic
"S&P" "Modell" 0.975 reject 0.018566 -0.38265 -0.2
"S&P" "Model2" 0.975 accept 0.073292 -0.25011 -0. 2
"S&P" "Model3" 0.975 accept 0.17932 -0.15551 -0.2

Step 8. Run ES backtests for a particular year.

Select a particular calendar year and run the tests for that year only by creating an esbacktest
object and passing only the data of interest.

Year = 1996;

Ind = year(Dates)==Year;

PortID = ['S&P, ' num2str(Year)];

PortfolioData = Returns(Ind);

VaRData = [VaRModell(Ind) VaRModel2(Ind) VaRModel3(Ind)];
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ESData = [ESModell(Ind) ESModel2(Ind) ESModel3(Ind)];

ebt = esbacktest(PortfolioData,VaRData,ESData,...
'"PortfolioID',PortID, 'VaRID', ["Modell", "Model2","Model3"], 'VaRLevel',VaRLevel);

disp(ebt)

esbacktest with properties:

PortfolioData: [262x1 double]
VaRData: [262x3 double]
ESData: [262x3 double]
PortfolioID: "S&P, 1996"
VaRID: ["Modell" "Model2" "Model3"]
VaRLevel: [0.9750 0.9750 0.9750]

tt = runtests(ebt);

disp(tt)
PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT
"S&P, 1996" "Modell" 0.975 reject reject
"S&P, 1996" "Model2" 0.975 reject reject
"S&P, 1996" "Model3" 0.975 reject accept
See Also

esbacktest | summary | runtests | unconditionalNormal | unconditionalT

Related Examples

. “Expected Shortfall (ES) Backtesting Workflow Using Simulation” on page 2-34
. “Expected Shortfall Estimation and Backtesting” on page 2-44

More About
. “Overview of Expected Shortfall Backtesting” on page 2-20
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This example shows an expected shortfall (ES) backtesting workflow using the esbacktestbysim
object. The tests supported in the esbacktestbysim object require as inputs not only the test data
(Portfolio, VaR, and ES data), but also the distribution information of the model being tested.

The esbacktestbysim class supports five tests -- conditional, unconditional, quantile, which are
based on Acerbi-Szekely (2014) and minBiasAbsolute and minBiasRelative, which are based on
Acerbi-Szekely (2017 ans 2019). These tests use the distributional assumptions to simulate return
scenarios, assuming the distributional assumptions are correct (null hypothesis). The simulated
scenarios find the distribution of typical values for the test statistics and the significance of the tests.
esbacktestbysim supports normal and t location-scale distributions (with a fixed number of
degrees of freedom throughout the test window).

Step 1. Load the ES backtesting data.

Use the ESBacktestBySimData.mat file to load the data into the workspace. This example works
with the Returns numeric array. This array represents the equity returns. The corresponding VaR
data and VaR confidence levels are in VaR and VaRLevel. The expected shortfall data is contained in
ES.

load ESBacktestBySimData

Step 2. Generate an ES backtesting plot.

Use the plot function to visualize the ES backtesting data. This type of visualization is a common
first step when performing an ES backtesting analysis. This plot displays the returns data against the
VaR and ES data.

VaRInd = 2;

figure;

plot(Dates,Returns,Dates, -VaR(:,VaRInd),Dates, -ES(:,VaRInd))
legend('Returns','VaR', 'ES")

title(['Test Data, ' num2str(VaRLevel(VaRInd)*100) '% Confidence'])
grid on
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Step 3. Create an esbacktestbysim object.

Create an esbacktestbysim object using esbacktestbysim. The Distribution information is
used to simulate returns to estimate the significance of the tests. The simulation to estimate the
significance is run by default when you create the esbacktestbysim object. Therefore, the test
results are available when you create the object. You can set the optional name-value pair input
argument 'Simulate' to false to avoid the simulation, in which case you can use the simulate
function before querying for test results.

rng('default'); % for reproducibility
IDs ["t(dof) 95%","t(dof) 97.5%","t(dof) 99%"];
IDs strrep(IDs,"dof",num2str(DoF));
ebts = esbacktestbysim(Returns,VaR,ES,Distribution,...
'DegreesOfFreedom',DoF, ...
'Location',Mu, ...
'Scale',Sigma, ...
'PortfolioID', "S&P", ...
'VaRID',IDs, ...
'VaRLevel',VaRLevel);
disp(ebts)

esbacktestbysim with properties:

PortfolioData: [1966x1 double]

VaRData: [1966x3 double]

ESData: [1966x3 double]
Distribution: [1x1 struct]
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PortfolioID: "S&P"
VaRID: ["t(10) 95%" "t(10) 97.5%" "t(10) 99%"]
VaRLevel: [0.9500 0.9750 0.9900]

disp(ebts.Distribution) % distribution information stored in the 'Distribution' property

Name: "t"
DegreesOfFreedom: 10
Location: 0O
Scale: [1966x1 double]

Step 4. Generate the ES summary report.

The ES summary report provides information about the severity of the violations, that is, how large
the loss is compared to the VaR on days when the VaR was violated. The ObservedSeverity (or
observed average severity ratio) column is the ratio of loss to VaR over days when the VaR is violated.
The ExpectedSeverity (or expected average severity ratio) column shows the average of the ratio
of ES to VaR on the days when the VaR is violated.

S = summary(ebts);

disp(S)
PortfolioID VaRID VaRLevel ObservedLevel ExpectedSeverity ObservedSev
"S&P" "t(10) 95%" 0.95 0.94812 1.3288 1.4515
"S&P" "t(10) 97.5%" 0.975 0.97202 1.2652 1.4134
"S&P" "t(10) 99%" 0.99 0.98627 1.2169 1.3947

Step 5. Run a report for all tests.

Run all tests and generate a report on only the accept or reject results.

t = runtests(ebts);

disp(t)
PortfolioID VaRID VaRLevel Conditional Unconditional Quantile MinB:
"S&P" "t(10) 95%" 0.95 reject accept reject e
"S&P" "t(10) 97.5%" 0.975 reject reject reject
"S&P" "t(10) 99%" 0.99 reject reject reject

Step 6. Run the conditional test.

Run the individual test for the conditional test (also known as the first Acerbi-Szekely test). The
second output (s) contains simulated test statistic values, assuming the distributional assumptions
are correct. Each row of the s output matches the VaRID in the corresponding row of the t output.
Use these simulated statistics to determine the significance of the tests.

[t,s] = conditional(ebts);

disp(t)
PortfolioID VaRID VaRLevel Conditional ConditionalOnly PValue Test
"S&P" "t(10) 95%" 0.95 reject reject 0 -0
"S&P" "t(10) 97.5%" 0.975 reject reject 0.001 -
"S&P" "t(10) 99%" 0.99 reject reject 0.003 -
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whos s
Name Size Bytes C(lass Attributes
s 3x1000 24000 double

Step 7. Visualize the significance of the conditional test.

Visualize the significance of the conditional test using histograms to show the distribution of typical
values (simulation results). In the histograms, the asterisk shows the value of the test statistic
observed for the actual returns. This is a visualization of the standalone conditional test. The final
conditional test result also depends on a preliminary VaR backtest, as shown in the conditional test
output.

NumVaRs = height(t);

figure;

for VaRInd = 1:NumVaRs
subplot(NumVaRs,1,VaRInd)
histogram(s(VaRInd,:));

hold on;
plot(t.TestStatistic(VaRInd),0, " '*");
hold off;
Title = sprintf('Conditional: %s, p-value: %4.3f',t.VaRID(VaRInd),t.PValue(VaRInd));
title(Title)
end
200 Conditional: t{10) 95%, p-value: 0.000
10071 7
0
=0.08 =006 =0.04 =0.02 0 0.02 0.04 0.06 0.08
150 Conditional: t(10) 97.5%, p-value: 0.001
100
50
0
-0.15 =01 -0.05 0 0.05 01
Conditional: t{10) 99%, p-value: 0.003
Zﬂﬂ T T T T T T T
1001 7
0

-0.2 -0.15 -0.1 -0.05 0 0.05 01
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Step 8. Run the unconditional test.
Run the individual test for the unconditional test (also known as the second Acerbi-Szekely test).

[t,s] = unconditional(ebts);

disp(t)
PortfolioID VaRID VaRLevel Unconditional PValue TestStatistic Crit
"S&P" "t(10) 95%" 0.95 accept 0.093 -0.13342 -0
"S&P" "t(10) 97.5%" 0.975 reject 0.031 -0.25011 -
"S&P" "t(10) 99%" 0.99 reject 0.008 -0.57396 -0

Step 9. Visualize the significance of the unconditional test.

Visualize the significance of the unconditional test using histograms to show the distribution of
typical values (simulation results). In the histograms, the asterisk shows the value of the test statistic
observed for the actual returns.

NumVaRs = height(t);

figure;

for VaRInd = 1:NumVaRs
subplot (NumVaRs,1,VaRInd)
histogram(s(VaRInd,:));

hold on;
plot(t.TestStatistic(VaRInd),0, " '*"');
hold off;
Title = sprintf('Unconditional: %s, p-value: %4.3f',t.VaRID(VaRInd),t.PValue(VaRInd));
title(Title)
end
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Step 10. Run the quantile test.

Run the individual test for the quantile test (also known as the third Acerbi-Szekely test).

[t,s] = quantile(ebts);

disp(t)
PortfoliolID VaRID VaRLevel Quantile Pvalue TestStatistic CriticalV:
"S&P" "t(10) 95%" 0.95 reject 0.002 -0.10602 -0.0557
"S&P" "t(10) 97.5%" 0.975 reject 0 -0.15697 -0.0735:
"S&P" "t(10) 99%" 0.99 reject 0 -0.26561 -0.101:

Step 11. Visualize the significance of the quantile test.

Visualize the significance of the quantile test using histograms to show the distribution of typical
values (simulation results). In the histograms, the asterisk shows the value of the test statistic
observed for the actual returns.

NumVaRs = height(t);

figure;

for VaRInd = 1:NumVaRs
subplot(NumVaRs, 1,VaRInd)
histogram(s(VaRInd,:));
hold on;
plot(t.TestStatistic(VaRInd),0,"'*");
hold off;
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Title = sprintf('Quantile: %s, p-value: %4.3f',t.VaRID(VaRInd),t.PValue(VaRInd));

title(Title)
end

Quantile: t{10) 95%, p-value: 0.002

150 T

100

-0.1 -0.05 0 0.05

100 Quantile: t(10) 97.5%, p-value: 0.000

01

-0.2 -0.15 -0.1 -0.05 0 0.05
Quantile: t(10) 99%, p-value: 0.000

0.1 015

150 T T

1001

0
03 <0325 02 -015 =0.1 -0.05 0 0.05 0.1

0.15 0.2

Step 10. Run the minBiasAbsolute test.

Run the individual test for the minBiasAbsolute test.

[t,s] = minBiasAbsolute(ebts);

disp(t)

PortfolioID VaRID VaRLevel MinBiasAbsolute PValue TestStatistic

"S&P" "t(10) 95%" 0.95 accept 0.062 -0.0014247
"S&P" "t(10) 97.5%" 0.975 reject 0.029 -0.0026674
"S&P" "t(10) 99%" 0.99 reject 0.005 -0.0060982

Step 11. Visualize the significance of the minBiasAbsolute test.

Visualize the significance of the minBiasAbsolute test using histograms to show the distribution of
typical values (simulation results). In the histograms, the asterisk shows the value of the test statistic

observed for the actual returns.

NumVaRs = height(t);

figure;

for VaRInd = 1:NumVaRs
subplot(NumVaRs,1,VaRInd)

Cr:

-
-
-
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histogram(s(VaRInd,:));

hold on;
plot(t.TestStatistic(VaRInd),0,"'*");
hold off;
Title = sprintf('minBiasAbsolute: %s, p-value: %4.3f',t.VaRID(VaRInd),t.PValue(VaRInd));
title(Title)
end

minBiasAbsolute: t(10) 95%, p-value: 0.062

3 2 -1 0 1 2 3

x1072
minBiasAbsolute: t(10) 97.5%, p-value: 0.029

Eﬂﬂ T T T T T T T T T

1001 1
o

4 3 2 -1 0 1 2 3 4

x107%

minBiasAbsolute: £{10) 99%, p

Step 10. Run the minBiasRelative test.

Run the individual test for the minBiasRelative test.

[t,s] = minBiasRelative(ebts);

disp(t)
PortfoliolID VaRID VaRLevel MinBiasRelative PvValue TestStatistic
"S&P" "t(10) 95%" 0.95 reject 0.003 -0.10509
"S&P" "t(10) 97.5%" 0.975 reject 0 -0.15603
"S&P" "t(10) 99%" 0.99 reject 0 -0.26716

Step 11. Visualize the significance of the minBiasAbsolute test.
Visualize the significance of the minBiasRelative test using histograms to show the distribution of

typical values (simulation results). In the histograms, the asterisk shows the value of the test statistic
observed for the actual returns.
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NumVaRs = height(t);

figure;

for VaRInd = 1:NumVaRs
subplot(NumVaRs,1,VaRInd)
histogram(s(VaRInd,:));

hold on;
plot(t.TestStatistic(VaRInd),0,"'*");
hold off;
Title = sprintf('minBiasRelative: %s, p-value: %4.3f',t.VaRID(VaRInd),t.PValue(VaRInd));
title(Title)
end

minBiasRelative: t{10) 95%, p-value: 0.003

=0.1 =0.05 0 0.05 01
minBiasRelative: t(10) 97.5%, p-value: 0.000

100 T

-0.2 -0.15 -0.1 -0.03 0 0.05 0.1
minBiasRelative: t(10) 99%, p-value: 0.000

150 T T
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0 *
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Step 12. Run a new simulation to estimate the significance of the tests.

Run the simulation again using 5000 scenarios to generate a new set of test results. If the initial test
results for one of the tests are borderline, using a larger simulation can help clarify the test results.

ebts = simulate(ebts, 'NumScenarios',5000);
t = unconditional(ebts); % new results for unconditional test

disp(t)
PortfoliolID VaRID VaRLevel Unconditional Pvalue TestStatistic

Crit:

"S&P" "t(10) 95%" 0.95 accept 0.0984 -0.13342

-0
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"S&P" "t(10) 97.5%" 0.975 reject 0.0456 -0.25011
"S&P" "t(10) 99%" 0.99 reject 0.0104 -0.57396
See Also

summary | runtests | conditional | unconditional | quantile | simulate |
minBiasRelative | minBiasAbsolute

Related Examples

. “Expected Shortfall (ES) Backtesting Workflow with No Model Distribution Information” on page
2-30

. “Expected Shortfall Estimation and Backtesting” on page 2-44
. “Workflow for Expected Shortfall (ES) Backtesting by Du and Escanciano” on page 2-64

More About
. “Overview of Expected Shortfall Backtesting” on page 2-20
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This example shows how to perform estimation and backtesting of Expected Shortfall models.

Value-at-Risk (VaR) and Expected Shortfall (ES) must be estimated together because the ES estimate
depends on the VaR estimate. Using historical data, this example estimates VaR and ES over a test
window, using historical and parametric VaR approaches. The parametric VaR is calculated under the
assumption of normal and t distributions.

This example runs the ES back tests supported in the esbacktest, esbacktestbysim, and
esbacktestbyde functionality to assess the performance of the ES models in the test window.

The esbacktest object does not require any distribution information. Like the varbacktest object,
the esbacktest object only takes test data as input. The inputs to esbacktest include portfolio
data, VaR data and corresponding VaR level, and also the ES data, since this is what is back tested.
Like varbacktest, esbacktest runs tests for a single portfolio, but can back test multiple models
and multiple VaR levels at once. The esbacktest object uses precomputed tables of critical values to
determine if the models should be rejected. These table-based tests can be applied as approximate
tests for any VaR model. In this example, they are applied to back test historical and parametric VaR
models. They could be used for other VaR approaches such as Monte-Carlo or Extreme-Value models.

In contrast, the esbacktestbysim and esbacktestbyde objects require the distribution
information, namely, the distribution name (normal or t) and the distribution parameters for each
day in the test window. esbacktestbysim and esbacktestbyde can only back test one model at a
time because they are linked to a particular distribution, although you can still back test multiple VaR
levels at once. The esbacktestbysim object implements simulation-based tests and it uses the
provided distribution information to run simulations to determine critical values. The
esbacktestbyde object implements tests where the critical values are derived from either a large-
sample approximation or a simulation (finite sample). The conditionalDE test in the
esbacktestbyde object tests for independence over time, to assess if there is evidence of
autocorrelation in the series of tail losses. All other tests are severity tests to assess if the magnitude
of the tail losses is consistent with the model predictions. Both the esbacktestbysim and
esbacktestbyde objects support normal and ¢ distributions. These tests can be used for any model
where the underlying distribution of portfolio outcomes is normal or £, such as exponentially weighted
moving average (EWMA), delta-gamma, or generalized autoregressive conditional heteroskedasticity
(GARCH) models.

For additional information on the ES backtesting methodology, see esbacktest, esbacktestbysim,
and esbacktestbyde, also see [1 on page 2-0 ], [2 on page 2-0 ], [3 on page 2-0 ]and [5 on
page 2-0 ]in the References.

Estimate VaR and ES

The data set used in this example contains historical data for the S&P index spanning approximately
10 years, from the middle of 1993 through the middle of 2003. The estimation window size is defined
as 250 days, so that a full year of data is used to estimate both the historical VaR, and the volatility.
The test window in this example runs from the beginning of 1995 through the end of 2002.

Throughout this example, a VaR confidence level of 97.5% is used, as required by the Fundamental
Review of the Trading Book (FRTB) regulation; see [4 on page 2-0 1.

load VaRExampleData.mat
Returns = tick2ret(sp);
DateReturns = dates(2:end);
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SampleSize = length(Returns);

TestWindowStart = find(year(DateReturns)==1995,1);
TestWindowEnd = find(year(DateReturns)==2002,1, 'last');
TestWindow = TestWindowStart:TestWindowEnd;
EstimationWindowSize = 250;

DatesTest = DateReturns(TestWindow);
ReturnsTest = Returns(TestWindow);

VaRLevel = 0.975;

The historical VaR is a non-parametric approach to estimate the VaR and ES from historical data over
an estimation window. The VaR is a percentile, and there are alternative ways to estimate the
percentile of a distribution based on a finite sample. One common approach is to use the prctile
function. An alternative approach is to sort the data and determine a cut point based on the sample
size and VaR confidence level. Similarly, there are alternative approaches to estimate the ES based on
a finite sample.

The hHistoricalVaRES local function on the bottom of this example uses a finite-sample approach
for the estimation of VaR and ES following the methodology described in [7 on page 2-0 ]. In a finite
sample, the number of observations below the VaR may not match the total tail probability
corresponding to the VaR level. For example, for 100 observations and a VaR level of 97.5%, the tail
observations are 2, which is 2% of the sample, however the desired tail probability is 2.5%. It could
be even worse for samples with repeated observed values, for example, if the second and third sorted
values were the same, both equal to the VaR, then only the smallest observed value in the sample
would have a value less than the VaR, and that is 1% of the sample, not the desired 2.5%. The method
implemented in hHistoricalVaRES makes a correction so that the tail probability is always
consistent with the VaR level; see [7 on page 2-0 ] for details.

VaR Hist = zeros(length(TestWindow),1);
ES Hist = zeros(length(TestWindow),1);

for t = TestWindow

i =1t - TestWindowStart + 1;
EstimationWindow = t-EstimationWindowSize:t-1;

[VaR Hist(i),ES Hist(i)] = hHistoricalVaRES(Returns(EstimationWindow),hVaRLevel);
end
The following plot shows the daily returns, and the VaR and ES estimated with the historical method.
figure;
plot(DatesTest,ReturnsTest,DatesTest,-VaR Hist,DatesTest,-ES Hist)
legend('Returns','VaR','ES"', 'Location', 'southeast")

title('Historical VaR and ES')
grid on
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Historical VaR and ES

0.06 T T

0.04

0.02

D M '
0.02f ‘ i ! i | _
| | |
-0.04 1
0.06 - Returns |
WaR
ES
—DDE i i i i i i i

1996 1997 19498 19499 2000 2001 2002

For the parametric models, the volatility of the returns must be computed. Given the volatility, the
VaR, and ES can be computed analytically.

A zero mean is assumed in this example, but can be estimated in a similar way.

For the normal distribution, the estimated volatility is used directly to get the VaR and ES. For the t
location-scale distribution, the scale parameter is computed from the estimated volatility and the
degrees of freedom.

The hNormalVaRES and hTVaRES local functions take as inputs the distribution parameters (which
can be passed as arrays), and return the VaR and ES. These local functions use the analytical
expressions for VaR and ES for normal and ¢ location-scale distributions, respectively; see [6 on page
2-0 ] for details.

% Estimate volatility over the test window
Volatility = zeros(length(TestWindow),1);

for t = TestWindow

i =1t - TestWindowStart + 1;
EstimationWindow = t-EstimationWindowSize:t-1;

Volatility(i) = std(Returns(EstimationWindow));
end

% Mu=0 in this example
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Mu = 0;

% Sigma (standard deviation parameter) for normal distribution = Volatility
SigmaNormal = Volatility;

% Sigma (scale parameter) for t distribution = Volatility * sqrt((DoF-2)/DoF)
SigmaTl0 = Volatility*sqrt((10-2)/10);

SigmaT5 = Volatility*sqrt((5-2)/5);

% Estimate VaR and ES, normal

[VaR Normal,ES Normal] = hNormalVaRES(Mu,SigmaNormal,VaRLevel);
% Estimate VaR and ES, t with 10 and 5 degrees of freedom

[VaR T10,ES T10] = hTVaRES(10,Mu,SigmaT1l0,VaRLevel);

[VaR T5,ES T5] = hTVaRES(5,Mu,SigmaT5,VaRLevel);

The following plot shows the daily returns, and the VaR and ES estimated with the normal method.

figure;

plot(DatesTest,ReturnsTest,DatesTest, -VaR Normal,DatesTest,-ES Normal)
legend('Returns','VaR','ES"', 'Location', 'southeast')

title('Normal VaR and ES'")

grid on

Mormal VaR and ES
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For the parametric approach, the same steps can be used to estimate the VaR and ES for alternative
approaches, such as EWMA, delta-gamma approximations, and GARCH models. In all these
parametric approaches, a volatility is estimated every day, either from an EWMA update, from a
delta-gamma approximation, or as the conditional volatility of a GARCH model. The volatility can then
be used as above to get the VaR and ES estimates for either normal or t location-scale distributions.
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ES Backtest Without Distribution Information

The esbacktest object offers two back tests for ES models. Both tests use the unconditional test
statistic proposed by Acerbi and Szekely in [1 on page 2-0 1, given by

1 N Xilt
Zyncond = mEt = 1E_St +1

where

* N is the number of time periods in the test window.
* X, is the portfolio outcome, that is, the portfolio return or portfolio profit and loss for period t.

* Dvar is the probability of VaR failure defined as 1-VaR level.
* ES;is the estimated expected shortfall for period t.
* [;is the VaR failure indicator on period t with a value of 1 if X; < —VaR;, and 0 otherwise.

The expected value for this test statistic is 0, and it is negative when there is evidence of risk
underestimation. To determine how negative it should be to reject the model, critical values are
needed, and to determine critical values, distributional assumptions are needed for the portfolio
outcomes X;.

The unconditional test statistic turns out to be stable across a range of distributional assumptions for
X, from thin-tailed distributions such as normal, to heavy-tailed distributions such as t with low
degrees of freedom (high single digits). Only the most heavy-tailed t distributions (low single digits)
lead to more noticeable differences in the critical values. See [1 on page 2-0 ] for details.

The esbacktest object takes advantage of the stability of the critical values of the unconditional test
statistic and uses tables of precomputed critical values to run ES back tests. esbacktest has two
sets of critical-value tables. The first set of critical values assumes that the portfolio outcomes X;
follow a standard normal distribution; this is the unconditionalNormal test. The second set of
critical values uses the heaviest possible tails, it assumes that the portfolio outcomes X; follow a t

distribution with 3 degrees of freedom; this is the unconditionalT test.

The unconditional test statistic is sensitive to both the severity of the VaR failures relative to the ES
estimate, and also to the number of VaR failures (how many times the VaR is violated). Therefore, a
single but very large VaR failure relative to the ES (or only very few large losses) may cause the
rejection of a model in a particular time window. A large loss on a day when the ES estimate is also
large may not impact the test results as much as a large loss when the ES is smaller. And a model can
also be rejected in periods with many VaR failures, even if all the VaR violations are relatively small
and only slightly higher than the VaR. Both situations are illustrated in this example.

The esbacktest object takes as input the test data, but no distribution information is provided to
esbacktest. Optionally, you can specify ID's for the portfolio, and for each of the VaR and ES models
being backtested. Although the model ID's in this example do have distribution references (for
example, "normal"” or "t 10"), these are only labels used for reporting purposes. The tests do not
use the fact that the first model is a historical VaR method, or that the other models are alternative
parametric VaR models. The distribution parameters used to estimate the VaR and ES in the previous
section are not passed to esbacktest, and are not used in any way in this section. These
parameters, however, must be provided for the simulation-based tests supported in the
esbacktestbysim object discussed in the Simulation-Based Tests on page 2-0  section, and for the
tests supported in the esbacktestbyde object discussed in the Large-Sample and Simulation Tests
on page 2-0  section.
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ebt = esbacktest(ReturnsTest,[VaR Hist VaR Normal VaR T10 VaR T5],...
[ES Hist ES Normal ES T10 ES T5], 'PortfolioID',"S&P, 1995-2002",...
'VaRID', ["Historical" "Normal","T 10","T 5"], 'VaRLevel',VaRLevel);
disp(ebt)

esbacktest with properties:

PortfolioData: [2087x1 double]
VaRData: [2087x4 double]
ESData: [2087x4 double]
PortfolioID: "S&P, 1995-2002"
VaRID: ["Historical" "Normal" "T 10" "T 5"]
VaRLevel: [0.9750 0.9750 0.9750 0.9750]

Start the analysis by running the summary function.

s = summary(ebt);

disp(s)
PortfolioID VaRID VaRLevel ObservedLevel ExpectedSeverity Observe
"S&P, 1995-2002" "Historical" 0.975 0.96694 1.3711 1.
"S&P, 1995-2002" "Normal" 0.975 0.97077 1.1928
"S&P, 1995-2002" "T 10" 0.975 0.97173 1.2652 1.
"S&P, 1995-2002" "T 5" 0.975 0.97173 1.37 1.

The ObservedSeverity column shows the average ratio of loss to VaR on periods when the VaR was
violated. The ExpectedSeverity column uses the average ratio of ES to VaR for the VaR violation
periods. For the "Historical" and "T 5" models, the observed and expected severities are
comparable. However, for the "Historical" method, the observed number of failures (Failures
column) is considerably higher than the expected number of failures (Expected column), about 32%
higher (see the Ratio column). Both the "Normal" and the "T 10" models have observed
severities much higher than the expected severities.

figure;

subplot(2,1,1)

bar(categorical(s.VaRID), [s.ExpectedSeverity,s.0ObservedSeverity])
ylim([1 1.5])
legend('Expected', 'Observed', 'Location', 'southeast')
title('Average Severity Ratio')

subplot(2,1,2)

bar(categorical(s.VaRID), [s.Expected,s.Failures])
ylim([40 70])

legend('Expected', 'Observed', 'Location', 'southeast')
title('Number of VaR Failures')
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The runtests function runs all tests and reports only the accept or reject result. The unconditional
normal test is more strict. For the 8-year test window here, two models fail both tests
("Historical" and "Normal"), one model fails the unconditional normal test, but passes the
unconditional t test ("T 10"), and one model passes both tests ("T 5").

t = runtests(ebt);

disp(t)
PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT
"S&P, 1995-2002" "Historical" 0.975 reject reject
"S&P, 1995-2002" "Normal" 0.975 reject reject
"S&P, 1995-2002" "T 10" 0.975 reject accept
"S&P, 1995-2002" "T 5" 0.975 accept accept

Additional details on the tests can be obtained by calling the individual test functions. Here are the
details for the unconditionalNormal test.

t = unconditionalNormal(ebt);

disp(t)
PortfolioID VaRID VaRLevel UnconditionalNormal PValue TestStat:
"S&P, 1995-2002" "Historical" 0.975 reject 0.0047612 -0.379:
"S&P, 1995-2002" "Normal" 0.975 reject 0.0043287 -0.387"
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(

"S&P, 1995-2002" “T 10" 0.975 reject 0.037528 -0.25
"S&P, 1995-2002" T 5" 0.975 accept 0.13069 -0.161
Here are the details for the unconditionalT test.
t = unconditionalT(ebt);
disp(t)
PortfolioID VaRID VaRLevel UnconditionalT PValue TestStatistic
"S&P, 1995-2002" "Historical" 0.975 reject 0.017032 -0.37917
"S&P, 1995-2002" "Normal" 0.975 reject 0.015375 -0.38798
"S&P, 1995-2002" “T 10" 0.975 accept 0.062835 -0.2569
"S&P, 1995-2002" T 5" 0.975 accept 0.16414 -0.16179
Using the Tests for More Advanced Analyses
This section shows how to use the esbacktest object to run user-defined traffic-light tests, and also
how to run tests over rolling test windows.
One way to define a traffic-light test is by combining the results from the unconditional normal and
the unconditional t tests. Because the unconditional normal is more strict, one can define a traffic-
light test with these levels:
* Green: The model passes both the unconditional normal and unconditional t tests.
* Yellow: The model fails the unconditional normal test, but passes the unconditional ¢ test.
* Red: The model is rejected by both the unconditional normal and unconditional ¢ tests.
t = runtests(ebt);
TLValue = (t.UnconditionalNormal=='reject')+(t.UnconditionalT=='reject');
t.TrafficLight = categorical(TLValue,0:2,{'green', 'yellow', 'red'},'Ordinal',true);
disp(t)
PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT Tra
"S&P, 1995-2002" "Historical" 0.975 reject reject
"S&P, 1995-2002" "Normal" 0.975 reject reject
"S&P, 1995-2002" "T 10" 0.975 reject accept
"S&P, 1995-2002" "T 5" 0.975 accept accept

An alternative user-defined traffic-light test can use a single test, but at different test confidence
levels:

* Green: The result is to 'accept' with a test level of 95%.

* Yellow: The resultisto 'reject' at a 95% test level, but 'accept' at 99%.

* Red: Theresultis 'reject' at 99% test level.

A similar test is proposed in [1 on page 2-0 ] with a high test level of 99.99%.

t95 = runtests(ebt); % 95% is the default test level value

t99 = runtests(ebt, 'TestLevel',0.99);

TLValue = (t95.UnconditionalNormal=="'reject')+(t99.UnconditionalNormal=="'reject');
tRolling = t95(:,1:3);

tRolling.UnconditionalNormal95 = t95.UnconditionalNormal;
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tRolling.UnconditionalNormal99 = t99.UnconditionalNormal;
tRolling.TrafficLight = categorical(TLValue,0:2,{'green', 'yellow','red'}, 'Ordinal’,true);
disp(tRolling)

PortfolioID VaRID VaRLevel UnconditionalNormal95 UnconditionalNormal
"S&P, 1995-2002" "Historical" 0.975 reject reject
"S&P, 1995-2002" "Normal" 0.975 reject reject
"S&P, 1995-2002" "T 10" 0.975 reject accept
"S&P, 1995-2002" "T 5" 0.975 accept accept

The test results may be different over different test windows. Here, a one-year rolling window is used
to run the ES back tests over the eight individual years spanned by the original test window. The first
user-defined traffic-light described above is added to the test results table. The summary function is

also called for each individual year to view the history of the severity and the number of VaR failures.

sRolling = table;
tRolling = table;
for Year = 1995:2002

Ind = year(DatesTest)==Year;

PortID = ['S&P, ' num2str(Year)];

PortfolioData = ReturnsTest(Ind);

VaRData = [VaR Hist(Ind) VaR Normal(Ind) VaR T10(Ind) VaR T5(Ind)];

ESData = [ES _Hist(Ind) ES Normal(Ind) ES T10(Ind) ES T5(Ind)];

ebt = esbacktest(PortfolioData,VaRData,ESData,...
'"PortfolioID',PortID, 'VaRID', ["Historical" "Normal" "T 10" "T 5"],...
'VaRLevel',VaRLevel);

if Year == 1995

sRolling = summary(ebt);
tRolling = runtests(ebt);
else
sRolling = [sRolling;summary(ebt)]; S#ok<AGROW>
tRolling = [tRolling;runtests(ebt)]; %#ok<AGROW>
end

end

% Optional: Add the first user-defined traffic light test described above
TLValue = (tRolling.UnconditionalNormal=='reject')+(tRolling.UnconditionalT=="'reject');
tRolling.TrafficLight = categorical(TLValue,0:2,{'green', 'yellow','red'}, 'Ordinal’,true);

Display the results, one model at a time. The "T 5" model has the best performance in these tests
(two "yellow"), and the "Normal" model the worst (three "red" and one "yellow").

disp(tRolling(tRolling.VaRID=="Historical",:))

PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT TrafficL.
"S&P, 1995" "Historical" 0.975 accept accept green
"S&P, 1996" "Historical" 0.975 reject accept yello
"S&P, 1997" "Historical" 0.975 reject reject red

"S&P, 1998" "Historical" 0.975 accept accept green
"S&P, 1999" "Historical" 0.975 accept accept green
"S&P, 2000" "Historical" 0.975 accept accept green
"S&P, 2001" "Historical" 0.975 accept accept green
"S&P, 2002" "Historical" 0.975 reject reject red

disp(tRolling(tRolling.VaRID=="Normal",:))
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PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT TrafficLight
"S&P, 1995" "Normal" 0.975 accept accept green
"S&P, 1996" "Normal" 0.975 reject reject red

"S&P, 1997" "Normal" 0.975 reject reject red

"S&P, 1998" "Normal" 0.975 reject accept yellow
"S&P, 1999" "Normal" 0.975 accept accept green
"S&P, 2000" "Normal" 0.975 accept accept green
"S&P, 2001" "Normal" 0.975 accept accept green
"S&P, 2002" "Normal" 0.975 reject reject red

disp(tRolling(tRolling.VaRID=="T 10",:))

PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT TrafficLight
"S&P, 1995" "T 10" 0.975 accept accept green
"S&P, 1996" "T 10" 0.975 reject reject red

"S&P, 1997" "T 10" 0.975 reject accept yellow
"S&P, 1998" "T 10" 0.975 accept accept green
"S&P, 1999" "T 10" 0.975 accept accept green
"S&P, 2000 "T 10" 0.975 accept accept green
"S&P, 2001" "T 10" 0.975 accept accept green
"S&P, 2002" "T 10" 0.975 reject reject red

disp(tRolling(tRolling.VaRID=="T 5",:))

PortfolioID VaRID VaRLevel UnconditionalNormal UnconditionalT TrafficLight

"S&P, 1995" “T 5" 0.975 accept accept green
"S&P, 1996" "T 5" 0.975 reject accept yellow
"S&P, 1997" “T 5" 0.975 accept accept green
"S&P, 1998" “T 5" 0.975 accept accept green
"S&P, 1999" “T 5" 0.975 accept accept green
"S&P, 2000 “T 5" 0.975 accept accept green
"S&P, 2001" “T 5" 0.975 accept accept green
"S&P, 2002" "T 5" 0.975 reject accept yellow

The year 2002 is an example of a year with relatively small severities, yet many VaR failures. All
models perform poorly in 2002, even though the observed severities are low. However, the number of
VaR failures for some models is more than twice the expected number of VaR failures.

disp(summary(ebt))

PortfolioID VaRID VaRLevel ObservedLevel ExpectedSeverity ObservedSeve
"S&P, 2002" "Historical" 0.975 0.94636 1.2022 1.2
"S&P, 2002" "Normal" 0.975 0.94636 1.1928 1.2111
"S&P, 2002" "T 10" 0.975 0.95019 1.2652 1.2066
"S&P, 2002" "T 5" 0.975 0.95019 1.37 1.2077

The following figure shows the data on the entire 8-year window, and severity ratio year by year
(expected and observed) for the "Historical" model. The absolute size of the losses is not as
important as the relative size compared to the ES (or equivalently, compared to the VaR). Both 1997
and 1998 have large losses, comparable in magnitude. However the expected severity in 1998 is
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much higher (larger ES estimates). Overall, the "Historical" method seems to do well with
respect to severity ratios.

sH = sRolling(sRolling.VaRID=="Historical",:);
figure;

subplot(2,1,1)

FailureInd = ReturnsTest<-VaR Hist;
plot(DatesTest,ReturnsTest,DatesTest,-VaR Hist,DatesTest,-ES Hist)
hold on

plot(DatesTest(FailureInd),ReturnsTest(FailureInd),'.")

hold off

legend('Returns','VaR','ES"', 'Location', 'best')

title('Historical VaR and ES')

grid on

subplot(2,1,2)

bar(1995:2002, [sH.ExpectedSeverity,sH.ObservedSeverity])
ylim([1 1.8])
legend('Expected', 'Observed', 'Location', 'best')
title('Yearly Average Severity Ratio, Historical VaR')
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However, a similar visualization with the expected against observed number of VaR failures shows
that the "Historical" method tends to get violated many more times than expected. For example,
even though in 2002 the expected average severity ratio is very close to the observed one, the
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number of VaR failures was more than twice the expected number. This then leads to test failures for
both the unconditional normal and unconditional ¢ tests.

figure;

subplot(2,1,1)

plot(DatesTest,ReturnsTest,DatesTest,-VaR Hist,DatesTest,-ES Hist)
hold on

plot(DatesTest(FailureInd),ReturnsTest(FailureInd),'.")

hold off

legend('Returns','VaR','ES"', 'Location', 'best')

title('Historical VaR and ES')

grid on

subplot(2,1,2)

bar(1995:2002, [sH.Expected,sH.Failures])
legend('Expected', 'Observed', 'Location', 'best')
title('Yearly VaR Failures, Historical VaR')
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Simulation-Based Tests

The esbacktestbysim object supports five simulation-based ES back tests. esbacktestbysim
requires the distribution information for the portfolio outcomes, namely, the distribution name
("normal" or "t") and the distribution parameters for each day in the test window.
esbacktestbysim uses the provided distribution information to run simulations to determine
critical values. The tests supported in esbacktestbysimare conditional, unconditional,
quantile, minBiasAbsolute, and minBiasRelative. These are implementations of the tests

2-55



2 Market Risk Measurements Using VaR BackTesting Tools

2-56

proposed by Acerbi and Szekely in [1 on page 2-0 ], and [2 on page 2-0 ], [3 on page 2-0 ] for
2017 and 2019.

The esbacktestbysim object supports normal and t distributions. These tests can be used for any
model where the underlying distribution of portfolio outcomes is normal or t, such as exponentially
weighted moving average (EWMA), delta-gamma, or generalized autoregressive conditional
heteroskedasticity (GARCH) models.

ES backtests are necessarily approximated in that they are sensitive to errors in the predicted VaR.
However, the minimally biased test has only a small sensitivity to VaR errors and the sensitivity is
prudential, in the sense that VaR errors lead to a more punitive ES test. See Acerbi-Szekely ([2 on
page 2-0 ], [3 on page 2-0 ] for 2017 and 2019) for details. When distribution information is
available, the minimally biased test is recommended (see minBiasAbsolute, minBiasRelative).

The "Normal", "T 10", and "T 5" models can be backtested with the simulation-based tests in
esbacktestbysim. For illustration purposes, only "T 5" is backtested. The distribution name ("t")
and parameters (degrees of freedom, location, and scale) are provided when the esbacktestbysim
object is created.

rng('default'); % for reproducibility; the esbacktestbysim constructor runs a simulation
ebts = esbacktestbysim(ReturnsTest,VaR T5,ES T5,"t", 'DegreesOfFreedom',5, ...
"Location',Mu, 'Scale',SigmaT5, ...
'"PortfolioID',"S&P", 'VaRID',"T 5", 'VaRLevel',VaRLevel);

The recommended workflow is the same: first, run the summary function, then run the runtests
function, and then run the individual test functions.

The summary function provides exactly the same information as the summary function from
esbacktest.

s = summary(ebts);
disp(s)

PortfolioID VaRID VaRLevel ObservedLevel ExpectedSeverity ObservedSeverity

"S&P" “T 5" 0.975 0.97173 1.37 1.4075

The runtests function shows the final accept or reject result.

t = runtests(ebts);
disp(t)

PortfolioID VaRID VaRLevel Conditional Unconditional Quantile MinBiasAbsoli

"S&P" "T 5" 0.975 accept accept accept accept

Additional details on the test results are obtained by calling the individual test functions. For
example, call the minBiasAbsolute test. The first output, t, has the test results and additional
details such as the p-value, test statistic, and so on. The second output, s, contains simulated test
statistic values assuming the distributional assumptions are correct. For example,
esbacktestbysim generated 1000 scenarios of portfolio outcomes in this case, where each scenario
is a series of 2087 observations simulated from t random variables with 5 degrees of freedom and the
given location and scale parameters. The simulated values returned in the optional s output show
typical values of the test statistic if the distributional assumptions are correct. These are the
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simulated statistics used to determine the significance of the tests, that is, the reported critical values
and p-values.

[t,s] = minBiasAbsolute(ebts);
disp(t)

PortfolioID VaRID VaRLevel MinBiasAbsolute PValue TestStatistic CriticalVva

"S&P" "T 5" 0.975 accept 0.299 -0.00080059 -0.003037
whos s
Name Size Bytes C(lass Attributes
s 1x1000 8000 double

Select a test to show the test results and visualize the significance of the tests. The histogram shows
the distribution of simulated test statistics, and the asterisk shows the value of the test statistic for
the actual portfolio returns.

ESTestChoice < |MinBiasAbsolute -

switch ESTestChoice
case 'MinBiasAbsolute’
[t,s] = minBiasAbsolute(ebts);
case 'MinBiasRelative’
[t,s] = minBiasRelative(ebts);
case 'Conditional'
[t,s] = conditional(ebts);
case 'Unconditional’
[t,s] = unconditional(ebts);
case 'Quantile’
[t,s] = quantile(ebts);
end

disp(t)

PortfolioID VaRID VaRLevel MinBiasAbsolute PvValue TestStatistic Criticalva

"S&P" “T 5" 0.975 accept 0.299 -0.00080059 -0.003037

figure;

histogram(s);

hold on;

plot(t.TestStatistic,0,'*");

hold off;

Title = sprintf('%s: %s, p-value: %4.3f',ESTestChoice,t.VaRID,t.PValue);
title(Title)
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The unconditional test statistic reported by esbacktestbysim is exactly the same as the
unconditional test statistic reported by esbacktest. However the critical values reported by
esbacktestbysim are based on a simulation using a t distribution with 5 degrees of freedom and
the given location and scale parameters. The esbacktest object gives approximate test results for
the "T 5" model, whereas the results here are specific for the distribution information provided.
Also, for the conditional test, this is a visualization of the standalone conditional test
(ConditionalOnly result in the table above). The final conditional test result (Conditional
column) depends also on a preliminary VaR backtest (VaRTestResult column).

The "T 5" model is accepted by the five tests.

The esbacktestbysim object provides a simulate function to run a new simulation. For example,
if there is a borderline test result where the test statistic is near the critical value, you might use the
simulate function to simulate new scenarios. In cases where more precision is required, a larger
simulation can be run.

The esbacktestbysim tests can be run over a rolling window, following the same approach
described above for esbacktest. User-defined traffic-light tests can also be defined, for example,
using two different test confidence levels, similar to what was done above for esbacktest.

Large-Sample and Simulation Tests

The esbacktestbyde object supports two ES back tests with critical values determined either with
a large-sample approximation or a simulation (finite sample). esbacktestbyde requires the
distribution information for the portfolio outcomes, namely, the distribution name ("normal" or "t")
and the distribution parameters for each day in the test window. It does not require the VaR of the ES
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data. esbacktestbyde uses the provided distribution information to map the portfolio outcomes into
"ranks", that is, to apply the cumulative distribution function to map returns into values in the unit
interval, where the test statistics are defined. esbacktestbyde can determine critical values by
using a large-sample approximation or a finite-sample simulation.

The tests supported in esbacktestbyde are conditionalDE and unconditionalDE. These are
implementations of the tests proposed by Du and Escanciano in [3 on page 2-0 1. The
unconditionalDE tests and all the tests previously discussed in this example are severity tests that
assess if the magnitude of the tail losses is consistent with the model predictions. The
conditionalDE test, however, is a test for independence over time that assess if there is evidence of
autocorrelation in the series of tail losses.

The esbacktestbyde object supports normal and t distributions. These tests can be used for any
model where the underlying distribution of portfolio outcomes is normal or ¢, such as exponentially
weighted moving average (EWMA), delta-gamma, or generalized autoregressive conditional
heteroskedasticity (GARCH) models.

The "Normal", "T 10", and "T 5" models can be backtested with the tests in esbacktestbyde.
For illustration purposes, only "T 5" is backtested. The distribution name ("t") and parameters
(DegreesOfFreedom, Location, and Scale) are provided when the esbacktestbyde object is
created.

rng('default'); % for reproducibility; the esbacktestbyde constructor runs a simulation
ebtde = esbacktestbyde(ReturnsTest,"t", 'DegreesOfFreedom',5, ...

"Location',Mu, 'Scale',SigmaTs, ...

"PortfolioID',"S&P", 'VaRID',"T 5", 'VaRLevel',VaRLevel);

The recommended workflow is the same: first, run the summary function, then run the runtests
function, and then run the individual test functions. The summary function provides exactly the same
information as the summary function from esbacktest.

s = summary (ebtde);
disp(s)

PortfolioID VaRID VaRLevel ObservedLevel ExpectedSeverity ObservedSeverity

"S&P" “T 5" 0.975 0.97173 1.37 1.4075

The runtests function shows the final accept or reject result.

t = runtests(ebtde);
disp(t)

PortfolioID VaRID VaRLevel ConditionalDE UnconditionalDE

"S&P" “T 5" 0.975 reject accept
Additional details on the test results are obtained by calling the individual test functions.

t = conditionalDE(ebtde);
disp(t)

PortfolioID VaRID VaRLevel ConditionalDE PValue TestStatistic Critical)

"S&P" “T 5" 0.975 reject 0.00034769 12.794 3.841
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By default, the critical values are determined by a large-sample approximation. Critical values based
on a finite-sample distribution estimated by using a simulation are available when using the
'"CriticalValueMethod' optional name-value pair argument.

[t,s] = conditionalDE(ebtde, 'CriticalValueMethod', 'simulation');
disp(t)

PortfolioID VaRID VaRLevel ConditionalDE PvValue TestStatistic CriticalValue

"S&P" “T 5" 0.975 reject 0.01 12.794 3.7961

The second output, s, contains simulated test statistic values. The following visualization is useful for
comparing how well the simulated finite-sample distribution matches the large-sample
approximation. The plot shows that the tail of the distribution of test statistics is slightly heavier for
the simulation-based (finite-sample) distribution. This means the simulation-based version of the tests
are more tolerant and would not reject in some cases where the large-sample approximation results
reject. How closely the large-sample and simulation distributions match depends not only on the
number of observations in the test window, but also on the VaR confidence level (higher VaR levels
lead to heavier tails in the finite-sample distribution).

xLS = 0:0.05:30;

pdfLS = chi2pdf(xLS,t.NumLags);

histogram(s, 'Normalization', "pdf")

hold on

plot (xLS, pdfLS)

hold off

ylim([0 0.1])

legend({'Simulation', 'Large-Sample'})

Title = sprintf('Conditional Test Distribution\nVaR Level: %g%%, Sample Size = %d',VaRLevel*100,"
title(Title)
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Similar steps can be used to see details on the unconditionalDE test, and to compare the large-
sample and simulation based results.

The esbacktestbyde object provides a simulate function to run a new simulation. For example, if
there is a borderline test result where the test statistic is near the critical value, you can use the
simulate function to simulate new scenarios. Also, by default, the simulation stores results for up to

5 lags for the conditional test, so if simulation-based results for a larger number of lags is needed,
you must use the simulate function.

If the large-sample approximation tests are the only tests that you need because they are reliable for
a particular sample size and VaR level, you can turn off simulation when creating an
esbacktestbyde object by using the 'Simulate' optional input.

The esbacktestbyde tests can be run over a rolling window, following the same approach described
above for esbacktest. You can also define traffic-light tests, for example, you could use two
different test confidence levels, similar to what was done above for esbacktest.

Conclusions

To contrast the three ES backtesting objects:

The esbacktest object is used for a wide range of distributional assumptions: historical VaR,
parametric VaR, Monte-Carlo VaR, or extreme-value models. However, esbacktest offers
approximate test results based on two variations of the same test: the unconditional test statistic

with two different sets of precomputed critical values (unconditionalNormal and
unconditionalT).
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* The esbacktestbysim object is used for parametric methods with normal and t distributions
(which includes EWMA, GARCH, and delta-gamma) and requires distribution parameters as
inputs. esbacktestbysim offers five different tests (conditional, unconditional, quantile,
minBiasAbsolute, and minBiasRelative and the critical values for these tests are simulated
using the distribution information that you provide, and therefore, are more accurate. Although all
ES backtests are sensitive to VaR estimation errors, the minimally biased test has only a small
sensitivity and is recommended (see Acerbi-Szekely 2017 and 2019 for details [2 on page 2-0 ],
[3 on page 2-0 ).

» The esbacktestbyde object is also used for parametric methods with normal and t distributions
(which includes EWMA, GARCH, and delta-gamma) and requires distribution parameters as
inputs. esbacktestbyde contains a severity (unconditionalDE) and a time-independence
(conditionalDE) tests and it has the convenience of a large-sample, fast version of the tests. The
conditionalDE test is the only test for independence over time for ES models among all the
tests supported in these three classes.

As shown in this example, all three ES backtesting objects provide functionality to generate reports
on severities, VaR failures, and test results information. The three ES backtest objects provide the
flexibility to build on them. For example, you can create user-defined traffic-light tests and run the ES
backtesting analysis over rolling windows.
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Local Functions

function [VaR,ES] = hHistoricalVaRES(Sample,VaRLevel)
% Compute historical VaR and ES
% See [7] for technical details

% Convert to losses
Sample = -Sample;

length(Sample);
ceil(N*VaRLevel);

N
k

z

sort(Sample);


https://www.bis.org/bcbs/publ/d352.htm

Expected Shortfall Estimation and Backtesting

VaR = z(k);
if k < N
ES = ((k - N*VaRLevel)*z(k) + sum(z(k+1:N)))/(N*(1 - VaRLevel));
else
ES = z(k);
end

end

function [VaR,ES] = hNormalVaRES(Mu,Sigma,VaRLevel)
% Compute VaR and ES for normal distribution
% See [6] for technical details

VaR = -1*(Mu-Sigma*norminv(VaRLevel));
ES = -1*(Mu-Sigma*normpdf(norminv(VaRLevel))./(1-VaRLevel));

end
function [VaR,ES] = hTVaRES(DoF,Mu,Sigma,VaRLevel)
% Compute VaR and ES for t location-scale distribution
% See [6] for technical details
VaR = -1*(Mu-Sigma*tinv(VaRLevel,DoF));
ES StandardT = (tpdf(tinv(VaRLevel,DoF),DoF).*(DoF+tinv(VaRLevel,DoF).”2)./((1-VaRLevel) .* (Dt
ES = -1*(Mu-Sigma*ES StandardT);

end
See Also

Related Examples

. “Expected Shortfall (ES) Backtesting Workflow with No Model Distribution Information” on page
2-30

. “Workflow for Expected Shortfall (ES) Backtesting by Du and Escanciano” on page 2-64

More About
. “Overview of Expected Shortfall Backtesting” on page 2-20
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Workflow for Expected Shortfall (ES) Backtesting by Du and
Escanciano

This example shows the workflow for using the Du-Escanciano (DE) expected shortfall (ES) backtests
and demonstrates a fixed test window for a single DE model with multiple VaR levels.

Load Data

The data in the ESBacktestDistributionData.mat file has returns, VaR and ES data, and
distribution information for three models: normal, and t with 5 degrees of freedom and t with 10
degrees of freedom. The data spans multiple years from January 1996 to July 2003 and includes a
total of 1966 observations.

This example uses a t distribution with 10 degrees of freedom and focuses on one year of data to
show the difference between the critical value methods for large-sample approximation and
simulation supported by the esbacktestbyde class.

load ESBacktestDistributionData.mat

TargetYear = 1998; % Change to test other calendar years
Ind = year(Dates)==TargetYear;

Dates = Dates(Ind);

Returns = Returns(Ind);

VaR = T1l0VaR(Ind,:);

ES = T10ES(Ind,:);

Mu = 0; % Always 0 in this data set

Sigma = T10Scale(Ind);

Plot Data

Plot the data for a VaR level of 0.975.

% Plot data
TargetVaRLevel = 0.975;
VaRInd = VaRLevel==TargetVaRLevel;

FailureInd = Returns<-VaR(:,VaRInd);

bar(Dates,Returns)

hold on

plot(Dates, -VaR(:,VaRInd),Dates,-ES(:,VaRInd))
plot(Dates(FailureInd),Returns(FailureInd),'."
hold off
legend('Returns','VaR','ES', 'Location', 'best")
title(['Test Data, VaR Level ' num2str(TargetVaRLevel*100) '%'])
ylabel('Returns')

grid on

)
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Test Data, VaR Level 97.5%
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Create an esbacktestbyde Object

Create an esbacktestbyde object to run the DE tests. Note that VaR and ES data are not required
inputs because the DE tests work on "mapped returns" or "ranks" and perform mapping by using the
distribution information. However, for convenience, the esbacktestbyde object computes the VaR
and ES data internally using the distribution information and stores the data in the VaRData and
ESData properties of the esbacktestbyde object. The VaR and ES data is used only to estimate the
severity ratios reported by the summary function and are not used for any of the DE tests.

By default, when you create a esbacktestbyde object, a simulation runs and large-sample and
simulation-based critical values are available immediately. Although the simulation processing is
efficient, if you verify that large-sample approximation is appropriate for the sample size and VaR
level under consideration, you can turn the simulation off to increase processing speed. To turn off
the simulation, when using esbacktestbyde to create an esbacktestbtde object, set the name-
value pair argument 'Simulate’ to false.

rng('default'); % For reproducibility
tic;

ebtde = esbacktestbyde(Returns,"t",...
'DegreesOfFreedom', 10, ...
'"Location',Mu,...

‘Scale',Sigma, ...
'"VaRLevel',VaRLevel, ...
'"PortfoliolID', "S&P", ...
'VaRID',"t(10)");

toc;
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Elapsed time is 0.085810 seconds.

disp(ebtde)

esbacktestbyde with properties:

PortfolioData:
VaRData:
ESData:
Distribution:
PortfolioID:
VaRID:
VaRLevel:

"S&P“

disp(ebtde.Distribution)

Name: "t"
DegreesOfFreedom: 10
Location: 0

Scale:

Summary Statistics

[ut(lo)u
[0.9500 0.9750 0.9900]

[261x1 doublel]
[261x3 doublel]
[261x3 doublel]
[1x1 struct]

"t(10)"

[261x1 double]

"1(10)"]

Use summary to return a basic expected shortfall (ES) report on failures and severity. This is the
same summary output as the other ES backtesting classes esbacktest and esbacktestbysim.
When the esbacktestbyde object is created, the VaR and ES data are computed using the
distribution information. This information is stored in the VaRData and ESData properties. The
summary function uses the VaRData and ESData properties to compute the observed severity ratio.

disp(summary(ebtde))

PortfolioID VaRID VaRLevel ObservedLevel ExpectedSeverity ObservedSeverity
"S&P" "t(10)" 0.95 0.94253 1.3288 1.5295
"S&P" "t(10)" 0.975 0.96935 1.2652 1.5269
"S&P" "t(10)" 0.99 0.98467 1.2169 1.5786
Run Tests

Use runtests to run all expected shortfall (ES) backtests for esbacktestbyde object. The default
critical value method is 'large-sample' or asymptotic approximation.

disp(runtests(ebtde))

PortfoliolID VaRID VaRLevel ConditionalDE UnconditionalDE
"S&P" "t(10)" 0.95 accept accept
"S&P" "t(10)" 0.975 accept accept
"S&P" "t(10)" 0.99 accept accept
Run the tests with 'simulation' or finite-sample critical values.
disp(runtests(ebtde, 'CriticalValueMethod', 'simulation'))
PortfolioID VaRID VaRLevel ConditionalDE UnconditionalDE




Workflow for Expected Shortfall (ES) Backtesting by Du and Escanciano

"S&P" "t(10)" 0.95 accept accept
"S&P" "t(10)" 0.975 accept accept
"S&P" "t(10)" 0.99 accept accept

The runtests function accepts the name-value pair argument 'ShowDetails' which includes extra
columns in the output. Specifically, this output includes the critical value method used, number of
lags, and test confidence level.

disp(runtests(ebtde, 'CriticalValueMethod', 'simulation', 'ShowDetails"',true))

PortfolioID VaRID VaRLevel ConditionalDE UnconditionalDE CriticalValueMetho
"S&P "t(10)" 0.95 accept accept "simulation"
"S&P "t(10)" 0.975 accept accept "simulation"
"S&P" "t(10)" 0.99 accept accept "simulation"

Unconditional DE Test Details

The unconditional DE test assesses the severity of the violations based on an evaluation of the
observed average tail loss and determines whether the severity is consistent with the model
assumptions. All the tests supported in the related classes esbacktest and esbacktestbysim are
also severity tests.

To view the unconditional DE test details, use the unconditionalDE function. By default, this
function uses the 'large-sample' critical value method.

disp(unconditionalDE(ebtde))

PortfoliolID VaRID VaRLevel UnconditionalDE PValue TestStatistic Lower
"S&P" "t(10)" 0.95 accept 0.31715 0.032842 0.0096
"S&P" "t(10)" 0.975 accept 0.32497 0.018009 0.0015
"S&P" "t(10)" 0.99 accept 0.076391 0.011309
To compare the results of ' large-sample' to simulation-based critical values, use the name-value
pair argument 'CriticalValueMethod'. In this example, the results of both critical value methods,
including the confidence interval and the p-values, look similar.
disp(unconditionalDE(ebtde, 'CriticalValueMethod', 'simulation'))
PortfolioID VaRID VaRLevel UnconditionalDE PValue TestStatistic LowerCI
"S&P" "t(10)" 0.95 accept 0.326 0.032842 0.01085
"S&P" "t(10)" 0.975 accept 0.336 0.018009 0.003244
"S&P" "t(10)" 0.99 accept 0.126 0.011309 (

You can visualize the 'simulation' and 'large-sample' distributions to assess whether the
'large-sample' approximation is accurate enough for the sample size and VaR level under
consideration. The unconditionalDE function returns the 'simulated’ test statistics as an
optional output.

In this example, higher VaR levels cause a noticeable mismatch between the 'large-sample' and
'simulation’ distributions. However, the confidence intervals and p-values are comparable.

% Choose VaR level
TargetVaRLevel = 0.975;
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VaRInd = VaRLevel==TargetVaRLevel;

[~,s] = unconditionalDE(ebtde, 'CriticalValueMethod', 'simulation');
histogram(s(VaRInd,:), 'Normalization', "pdf")

hold on

t = unconditionalDE(ebtde, 'CriticalValueMethod', 'large-sample');
Mu = t.MeanLS(VaRInd);

Sigma = t.StdLS(VaRInd);

MinValPlot = min(s(VaRInd,:))-0.001;

MaxValPlot = max(s(VaRInd,:))+0.001;

xLS = linspace(MinValPlot,MaxValPlot,101);

pdfLS = normpdf (xLS,Mu,Sigma);

plot (xLS, pdfLS)

hold off

legend({'Simulation', 'Large-Sample'})

Title = sprintf('UnconditionalDE Test Distribution\nVaR Level: %g%%, Sample Size = %d',VaRLevel('
title(Title)

UnconditionalDE Test Distribution
VaR Level: 97.5%, Sample Size = 261

[ simulation
— Large-Sample

80 T T

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035

Conditional DE Test Details
The conditional DE test assesses whether there is evidence of autocorrelation in the tail losses.

Although the names are similar, the conditional DE test and the conditional test supported in
esbacktestbysim are qualitatively different tests. The conditional Acerbi-Szekely test supported in
esbacktestbysim tests the severity of the ES, conditional on whether the model passes a VaR test.
The Acerbi-Szekely conditional test is a severity test, comparable to the tests supported in
esbacktest, esbacktestbysim, and the unconditionalDE test.
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However, the conditional DE test in esbacktestbyde is a test for independence across time periods.

To see the details of the conditional DE test results, use the conditionalDE function. By default,
this function uses the 'large-sample' critical value method and tests for one lag (correlation with
the previous time period).

disp(conditionalDE(ebtde))

PortfolioID VaRID VaRLevel ConditionallDE PvValue TestStatistic CriticalV
"S&P" "t(10)" 0.95 accept 0.45361 0.5616 3.8415
"S&P" "t(10)" 0.975 accept 0.54189 0.37205 3.8415
"S&P" "t(10)" 0.99 accept 0.87949 0.022989 3.8415

The results of the ' large-sample' critical value method, particularly the simulation critical values
and p-values, differ substantially from the results of the 'simulation’ critical value method.

The critical value is similar for a 95% VaR level, but the simulation-based critical value is much larger
for higher VaR levels, especially for a 99% VaR. The autocorrelation is 1 for any sample without VaR
failures. Therefore, the test statistic equals the number of observations for any scenario without VaR
failures. For a 99% VaR level, scenarios without VaR failures are like; consequently, there is a mass
point at the number of observations which appears as a long, heavy tail in the simulated distribution
of the test statistic.

disp(conditionalDE(ebtde, 'CriticalValueMethod', 'simulation'))

PortfolioID VaRID VaRLevel ConditionalDE PValue TestStatistic Criticalva
"S&P" "t(10)" 0.95 accept 0.257 0.5616 3.6876
"S&P" "t(10)" 0.975 accept 0.141 0.37205 5.3504
"S&P" "t(10)" 0.99 accept 0.502 0.022989 261

You can visually compare the 'large-sample' and 'simulation’ distributions. The
conditionalDE function also returns the simulated test statistics as an optional output.

Notice that the tail of the distribution gets heavier as the VaR level increases.

% Choose VaR level

TargetVaRLevel = 0.975;

VaRInd = VaRLevel==TargetVaRLevel;
[t,s] conditionalDE(ebtde, 'CriticalValueMethod', 'simulation');

XLS = 0:0.01:20;

pdfLS chi2pdf (xLS,t.NumLags(1l));

histogram(s(VaRInd,:), 'Normalization', "pdf")

hold on

plot(xLS, pdfLS)

hold off

ylim([0 0.01])

legend({'Simulation', 'Large-Sample'})

Title = sprintf('ConditionalDE Test Distribution\nVaR Level: %Qg%%, Sample Size = %d',VaRLevel(Va
title(Title)

ol
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ConditionalDE Test Distribution
VaR Level: 97.5%, Sample Size = 261
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Because the conditional DE test is based on autocorrelations, you can run the test for differing
numbers of lags.

Run the conditional DE test for 2 lags. At a VaR level of 99%, the 'large-sample' critical value
method rejects the model but the 'simulation' critical value method does not reject the model,
with a p-value close to 10%. This shows that the 'simulation' distribution and the 'large-

sample' approximation can lead to different results, depending on the sample size and VaR level.

disp(conditionalDE(ebtde, 'NumLags',2, 'CriticalValueMethod', 'large-sample'))

PortfolioID VaRID VaRLevel ConditionalDE PValue TestStatistic Criticq
"S&P" "t(10)" 0.95 reject 0.015812 8.294 5.9
"S&P" "t(10)" 0.975 reject 0.00045758 15.379 5.9
"S&P" "t(10)" 0.99 reject 2.5771e-07 30.343 5.9

disp(conditionalDE(ebtde, 'NumLags',2, 'CriticalValueMethod', 'simulation'))

PortfolioID VaRID VaRLevel ConditionalDE PValue TestStatistic Criticalva’
"S&P" "t(10)" 0.95 reject 0.03 8.294 6.1397
"S&P" "t(10)" 0.975 reject 0.019 15.379 9.3364
"S&P" "t(10)" 0.99 accept 0.098 30.343 522
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Running a New Simulation with simulate

If a p-value is near a rejection boundary, you can run a new simulation to request more scenarios to
reduce a simulation error.

You can also run a new simulation to request a higher number of lags. By default, creating an
esbacktestbyde object causes the simulation to run so that the simulation test results are available
immediately. However, to avoid extra storage, only 5 lags are simulated. If you request more than 5
lags with the simulate function, the conditionalDE test function displays the following message:

No simulation results available for the number of lags requested. Call
'simulate' with the desired number of lags.

You first need to run a new simulation using esbacktestbyde and specify the number of lags to use
for that simulation. Displaying the size of the esbacktestbyde object before and after the new
simulation illustrates how simulating with more lags increases the amount of data stored in the
esbacktestbyde object, as more simulated test statistics are stored with more lags.

% See bytes before new simulation, 5 lags stored

whos ebtde
Name Size Bytes C(lass Attributes
ebtde 1x1 164883 esbacktestbyde

% Simulate 6 lags
rng('default'); % for reproducibility
ebtde = simulate(ebtde, 'NumLags',6);

% See bytes after new simulation, 6 lags stored
whos ebtde

Name Size Bytes Class Attributes
ebtde 1x1 188891 esbacktestbyde

After you run a new simulation with esbacktestbyde that increases the number of lags to 6, the
test results for conditionallDE are available for the 'simulation' method using 6 lags.

disp(conditionalDE(ebtde, 'NumLags',6, 'CriticalValueMethod', 'simulation'))

PortfolioID VaRID VaRLevel ConditionalDE PvValue TestStatistic Criticalva’
"S&P" "t(10)" 0.95 accept 0.136 9.5173 16.412
"S&P" "t(10)" 0.975 accept 0.086 15.854 21.299
"S&P" "t(10)" 0.99 accept 0.128 30.438 1566

Alternatively, the conditionalDE test results are always available for the 'large-sample' method
for any number of lags.

disp(conditionalDE(ebtde, 'NumLags',10, 'CriticalValueMethod', 'large-sample'))

PortfolioID VaRID VaRLevel ConditionalDE PValue TestStatistic

Criticq

"S&P" "t(10)" 0.95 reject 0.018711 21.361
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"S&P" "t(10)" 0.975 accept 0.088587 16.406
"S&P" "t(10)" 0.99 reject 0.00070234 30.526
See Also

esbacktestbyde | esbacktest | esbacktestbysim | varbacktest

Related Examples

“VaR Backtesting Workflow” on page 2-6
“Value-at-Risk Estimation and Backtesting” on page 2-10

“Expected Shortfall (ES) Backtesting Workflow with No Model Distribution Information” on page
2-30

“Expected Shortfall (ES) Backtesting Workflow Using Simulation” on page 2-34

“Expected Shortfall Estimation and Backtesting” on page 2-44

“Rolling Windows and Multiple Models for Expected Shortfall (ES) Backtesting by Du and
Escanciano” on page 2-73
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Rolling Windows and Multiple Models for Expected Shortfall
(ES) Backtesting by Du and Escanciano

This example shows the workflow for using the Du-Escanciano (DE) expected shortfall (ES) backtests
for rolling window analyses and testing multiple VaR/ES models.

The rolling window workflow in this example is also used for the value-at-risk (VaR) backtests in
varbacktest and for the Acerbi-Szekely ES backtests in the esbacktest and esbacktestbysim
classes.

The multiple-model workflow in this example is also used for the esbacktestbysim class. For
esbacktest and varbacktest, you can create a single object with multiple models and multiple
VaR levels.

Rolling Window

The data in the ESBacktestDistributionData.mat file has returns, VaR and ES data, and
distribution information for three models: normal, and t with 5 degrees of freedom and t with 10
degrees of freedom. The data spans multiple years from January 1996 to July 2003, for a total of 1966
observations.

To run the test over a rolling window, one esbacktestbyde object must be created for each year (or
time period) of interest. In this example, each year from 1996 through 2002 is tested separately. You
can test all VaR levels together, but to simplify the output, this example uses a single VaR level. You
can also call any test, or the summary report inside the processing loop, but this example calls only
the runtests function.

load ESBacktestDistributionData.mat
rng('default'); % For reproducibility

Years = 1996:2002;
TargetVaRLevel = 0.99;

t = table;
for TargetYear = Years

Ind = year(Dates)==TargetYear;
VaRInd = VaRLevel==TargetVaRLevel;

ebtde = esbacktestbyde(Returns(Ind),"t",...
'DegreesOfFreedom',10, ...

'Location',0,... % Always 0 in this data set
'Scale',T10Scale(Ind), ...
'"VaRLevel',VaRLevel(VaRInd), ...
'PortfolioID',strcat("S&P, ",string(TargetYear)),...
'VaRID',"t(10)");

t = [t; runtests(ebtde)];
end

disp(t)

PortfolioID VaRID VaRLevel ConditionalDE UnconditionalDE
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“S&P, 1996" "t(10)" 0.99 reject
“S&P, 1997" "t(10)" 0.99 accept
"S&P, 1998" "t(10)" 0.99 accept
"S&P, 1999 "t(10)" 0.99 reject
"S&P, 2000" "t(10)" 0.99 accept
“S&P, 2001" "t(10)" 0.99 accept
“S&P, 2002" "t(10)" 0.99 reject

reject
reject
accept
accept
accept
accept
accept

For a more advanced approach, you can use arrays of esbacktestbyde objects and then call
different functions on objects corresponding to different years as needed.

rng('default'); % For reproducibility

NumYears = length(Years);
ebtdeArray(NumYears) = esbacktestbyde;

TargetVaRLevel = 0.99;
for yy = 1:NumYears
TargetYear = Years(yy);

Ind = year(Dates)==TargetYear;
VaRInd = VaRLevel==TargetVaRLevel;

ebtdeArray(yy) = esbacktestbyde(Returns(Ind),"t",...

'DegreesOfFreedom', 10, ...

'Location',0,... % Always 0 in this data set
'Scale',T10Scale(Ind), ...
'VaRLevel',VaRLevel(VaRInd),...

'"PortfolioID',strcat("S&P, ",string(TargetYear)),...

'VaRID',"t(10)");
end

disp(ebtdeArray)

1x7 esbacktestbyde array with properties:

PortfolioData
VaRData
ESData
Distribution
PortfoliolID
VaRID
VaRLevel

Display the summary for the year 2002.
disp(summary(ebtdeArray(Years==2002)))
PortfolioID VaRID VaRLevel ObservedLevel

ExpectedSeverity

ObservedSeverity

"S&P, 2002" "t(10)" 0.99 0.98467

Concatenate the conditional tests for all years.

condDEResults = table;
for yy = 1l:NumYears

1.2169

1.1481
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condDEResults = [condDEResults; conditionalDE(ebtdeArray(yy))];

end

disp(condDEResults)
PortfolioID VaRID VaRLevel ConditionalDE PvValue TestStatistic Criticq
"S&P, 1996" "t(10)" 0.99 reject 0.0084691 6.9315 3.8:
"S&P, 1997" "t(10)" 0.99 accept 0.85691 0.032512 3.8
"S&P, 1998" "t(10)" 0.99 accept 0.87949 0.022989 3.8
"S&P, 1999 "t(10)" 0.99 reject 2.1168e-50 222.89 3.8
"S&P, 2000" "t(10)" 0.99 accept 0.89052 0.018948 3.8
"S&P, 2001" "t(10)" 0.99 accept 0.92088 0.0098664 3.8
"S&P, 2002" "t(10)" 0.99 reject 3.5974e-05 17.073 3.8

Multiple Models

Similar to the esbacktestbysim object, the esbacktestbyde object accepts only one distribution
at a time. If you need to test different models side by side, then you must create different instances of
the class.

In this example you run the test for a normal distribution assumption and t distributions with 5 and
10 degrees of freedom. You then concatenate the test results to generate a single report.

The data in the ESBacktestDistributionData.mat file has returns, VaR and ES data, and
distribution information for three models: normal, and t with 5 and 10 degrees of freedom. The data
spans multiple years from January 1996 to July 2003, for a total of 1966 observations. For simplicity,
this example uses only data from 1998.

load ESBacktestDistributionData.mat

TargetYear = 1998;
Ind = year(Dates)==TargetYear;

rng('default'); % For reproducibility

Create an instance of an esbacktestbyde object for the normal distribution.

ebtdeNormal = esbacktestbyde(Returns(Ind),"normal",...
'Mean',0, ...

'StandardDeviation',NormalStd(Ind), ...
'"VaRLevel',VaRLevel, ...

"PortfolioID',strcat("S&P, ",string(TargetYear)),...
'VaRID',"normal");

disp(ebtdeNormal)
esbacktestbyde with properties:

PortfolioData: [261x1 double]
VaRData: [261x3 double]
ESData: [261x3 double]
Distribution: [1x1 struct]
PortfolioID: "S&P, 1998"
VaRID: ["normal" "normal" "normal"]
VaRLevel: [0.9500 0.9750 0.9900]

disp(ebtdeNormal.Distribution)
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Name: "normal"
Mean: O
StandardDeviation: [261x1 double]

Create an instance of an esbacktestbyde object for the t distribution with 10 degrees of freedom.

ebtdeT1l0 = esbacktestbyde(Returns(Ind),"t",...
'DegreesOfFreedom',10,...

'Location',Q,...

'Scale',T1l0Scale(Ind), ...
'VaRLevel',VaRLevel,...

'"PortfolioID',strcat("S&P, ",string(TargetYear)),...
'VaRID',"t(10)");

disp(ebtdeT10)
esbacktestbyde with properties:

PortfolioData: [261x1 double]
VaRData: [261x3 double]
ESData: [261x3 double]
Distribution: [1x1 struct]
PortfolioID: "S&P, 1998"
VaRID: ["t(10)" "t(10)" "t(10)"]
VaRLevel: [0.9500 0.9750 0.9900]

disp(ebtdeT10.Distribution)

Name: "t"
DegreesOfFreedom: 10
Location: O
Scale: [261x1 double]

Create an instance of an esbacktestbyde object for the t distribution with 5 degrees of freedom.

ebtdeT5 = esbacktestbyde(Returns(Ind),"t",...
'DegreesOfFreedom',5, ...

'Location',Q, ...

'Scale',T5Scale(Ind), ...
'"VaRLevel',VaRLevel, ...

"PortfolioID',strcat("S&P, ",string(TargetYear)),...
'VaRID',"t(5)");

disp(ebtdeT5)
esbacktestbyde with properties:

PortfolioData: [261x1 double]
VaRData: [261x3 double]
ESData: [261x3 double]
Distribution: [1x1 struct]
PortfolioID: "S&P, 1998"
VaRID: ["t(5)" "t(5)" "t(5)"]
VaRLevel: [0.9500 0.9750 0.9900]

disp(ebtdeT5.Distribution)

Name: "t"
DegreesOfFreedom: 5
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Location: O
Scale: [261x1 double]

Run the tests and then concatenate the results.

testResults = [runtests(ebtdeNormal); runtests(ebtdeT10); runtests(ebtdeT5)];
disp(testResults)

PortfolioID VaRID VaRLevel ConditionalDE UnconditionalDE
"S&P, 1998" "normal" 0.95 accept accept
"S&P, 1998" "normal" 0.975 accept accept
"S&P, 1998" "normal" 0.99 accept reject
"S&P, 1998" "t(10)" 0.95 accept accept
"S&P, 1998" "t(10)" 0.975 accept accept
"S&P, 1998" "t(10)" 0.99 accept accept
"S&P, 1998" "t(5)" 0.95 accept accept
"S&P, 1998" "t(5)" 0.975 accept accept
"S&P, 1998" "t(5)" 0.99 accept accept

Display the results for a VaR level of 0.99.

TargetVaRLevel = 0.99;
disp(testResults(testResults.VaRLevel == TargetVaRLevel,:))

PortfoliolID VaRID VaRLevel ConditionalDE UnconditionalDE

"S&P, 1998" "normal" 0.99 accept reject

"S&P, 1998" "t(10)" 0.99 accept accept

"S&P, 1998" "t(5)" 0.99 accept accept
See Also

esbacktestbyde | esbacktest | esbacktestbysim | varbacktest

Related Examples
. “VaR Backtesting Workflow” on page 2-6
. “Value-at-Risk Estimation and Backtesting” on page 2-10

. “Expected Shortfall (ES) Backtesting Workflow with No Model Distribution Information” on page
2-30

. “Expected Shortfall (ES) Backtesting Workflow Using Simulation” on page 2-34
. “Expected Shortfall Estimation and Backtesting” on page 2-44
. “Workflow for Expected Shortfall (ES) Backtesting by Du and Escanciano” on page 2-64
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3 Managing Consumer Credit Risk Using the Binning Explorer for Credit Scorecards

Overview of Binning Explorer

The Binning Explorer app enables you to interactively bin credit scorecard data. Use the Binning
Explorer to:

* Select an automatic binning algorithm with an option to bin missing data. (For more information
on algorithms for automatic binning, see autobinning.)

» Shift bin boundaries.

* Split bins.

* Merge bins.

* Save and export a creditscorecard object.

Binning Explorer complements the overall workflow for developing a credit scorecard model. Use
screenpredictors to pare down a potentially large set of predictors to a subset that is most
predictive of the credit score card response variable. You can then use this subset of predictors when
using Binning Explorer to create the creditscorecard object.

Using Binning Explorer:

1. Open the Binning Explorer app.

* MATLAB® toolstrip: On the Apps tab, under Computational Finance, click the app icon.
* MATLAB command prompt:

* Enter binningExplorer to open the Binning Explorer app.

e Enter binningExplorer(data) or binningExplorer(data,Name,Value) to open
a table in the Binning Explorer app by specifying a table (data) as input.

* Enter binningExplorer(sc) to open a creditscorecard object in the Binning
Explorer app by specifying a creditscorecard object (sc) as input.

2. Import the data into the app.

You can import data into Binning Explorer by either starting directly from a data set or by
loading an existing creditscorecard object from the MATLAB workspace.

3. Use Binning Explorer to work interactively with the binning assignments for a scorecard.

Export the scorecard to a new creditscorecard object.

Continue the workflow from the MATLAB command line using creditscorecard object
functions from Financial Toolbox. For more information, see creditscorecard.

Using creditscorecard Object Functions in Financial Toolbox:

5. Fit a logistic regression model.

6. Review and format the credit scorecard points.

7. Score the data.

8. Calculate the probabilities of default for the data.
9. Validate the quality of the credit scorecard model.

For more detailed information on this workflow, see “Binning Explorer Case Study Example” on page
3-23.
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See Also

Apps
Binning Explorer

Classes
creditscorecard

Related Examples

. “Common Binning Explorer Tasks” on page 3-4

. “Binning Explorer Case Study Example” on page 3-23
. “Case Study for Credit Scorecard Analysis”

More About
. “Credit Scorecard Modeling Workflow”

External Websites
. Credit Scorecard Modeling Using the Binning Explorer App (6 min 17 sec)
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Common Binning Explorer Tasks

3-4

The Binning Explorer app supports the following tasks:

In this section...

“Import Data” on page 3-4

“Change Predictor Type” on page 3-5

“Change Binning Algorithm for One or More Predictors” on page 3-6
“Change Algorithm Options for Binning Algorithms” on page 3-7
“Split Bins for a Numeric Predictor” on page 3-11

“Split Bins for a Categorical Predictor” on page 3-13

“Manual Binning to Merge Bins for a Numeric or Categorical Predictor” on page 3-15
“Change Bin Boundaries for a Single Predictor” on page 3-16
“Change Bin Boundaries for Multiple Predictors” on page 3-17

“Set Options for Display” on page 3-18

“Export and Save the Binning” on page 3-19

“Troubleshoot the Binning” on page 3-19

Import Data

Binning Explorer enables you to import data by either starting directly from the data stored in a
MATLAB table or by loading an existing creditscorecard object.

Clean Start from Data

To start directly from data:

1  Place the credit scorecard data in your MATLAB workspace. The data must be in a MATLAB
table, where each column of data can be any one of the following data types:

¢ Numeric

* Logical

* Cell array of character vectors
* Character array

* Categorical

In addition, the table must contain a binary response variable.

2  Open Binning Explorer from the MATLAB toolstrip: On the Apps tab, under Computational
Finance, click the app icon.

3 Click Import Data and select the data from the Step 1 pane of the Import Data window.

From the Step 2 pane, set the Variable Type for each of the predictors, as needed. If the input
MATLAB table contains a column for weights, from the Step 2 pane, using the Variable Type
column, click the drop-down to select Weights. If the data contains missing values, from the
Step 2 pane, set Bin missing data: to Yes. For more information on working with missing data,
see “Credit Scorecard Modeling with Missing Values”.
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From the Step 3 pane, select an initial binning algorithm and click Import Data. The bins are
plotted and displayed for each predictor. By clicking an individual predictor plot in the Overview
pane, the details for that predictor plot display in the main pane with additional information in
the Bin Information and Predictor Information panes.

Start from an Existing creditscorecard Object

To start using an existing creditscorecard object:

1

Place the creditscorecard object in your MATLAB workspace. Create the creditscorecard
object either by using creditscorecard or by clicking Export in the Binning Explorer to
export and save a creditscorecard object to the MATLAB workspace.

Open Binning Explorer from the MATLAB toolstrip: On the Apps tab, under Computational
Finance, click the app icon.

Click Import Data and from Step 1 pane of the Import Data window, select the
creditscorecard object.

From the Step 3 pane, select a binning algorithm. When using an existing creditscorecard
object, it is recommended to select the No Binning option. To display the predictor plots, click
Import Data.

The bins are plotted and displayed for each predictor. By clicking an individual predictor plot in
the Overview pane, the predictor plot displays in the main pane and associated information
displays in the Bin Information and Predictor Information panes.

Start from MATLAB Command Line Using Data or an Existing creditscorecard Object

To start Binning Explorer from the MATLAB command line:

1

2

Place the credit scorecard data or existing creditscorecard object in your MATLAB
workspace.

At the MATLAB command prompt:

* Enter binningExplorer(data) or binningExplorer(data,Name,Value) to open a
table in the Binning Explorer app by specifying a table (data) as input.

* Enter binningExplorer(sc) to open an existing creditscorecard object in the Binning
Explorer app by specifying a creditscorecard object (sc) as input.

The bins are plotted and displayed for each predictor. By clicking an individual predictor plot in
the Overview pane, the details for that predictor plot display in the main pane and the associated
details display in the Bin Information and Predictor Information panes.

Change Predictor Type

After you import data or a creditscorecard object into Binning Explorer, you can change the
predictor type.

1

Click any predictor plot. The name of the selected predictor displays on the Binning Explorer
toolstrip under Selected Predictor.

On the Binning Explorer toolstrip, the predictor type for the selected predictor displays under
Predictor Type.
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2 To change the predictor type, under Predictor Type, select: Numeric, Categorical, or
Ordinal. The predictor plot is updated and the details in the Bin Information and Predictor
Information panes are also updated.

Change Binning Algorithm for One or More Predictors

After you import data or a creditscorecard object into Binning Explorer, you can change the
binning algorithm for an individual predictor or for multiple predictors.

1 Click any predictor plot in the Overview pane. The selected predictor plot displays in the main

pane.
OVERVIEW
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Tip When you select a predictor plot, a status message appears above Bin Information that
displays the last binning information for that predictor. Use this information to determine which
binning algorithm is most recently applied to an individual predictor plot.

2  On the Binning Explorer toolstrip, click to select Monotone, Split, Merge, Equal Frequency,
or Equal Width. The predictor plot is updated with a change of algorithm. The details in the Bin
Information and Predictor Information panes are also updated.

3 To change the binning algorithm for multiple predictors, multiselect more than one predictor plot
by using Ctrl + click or Shift + click to highlight each predictor plot with a blue outline.

OVERVIEW
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4  Click to select Monotone, Split, Merge, Equal Frequency, or Equal Width. All the selected
predictor plots are updated for a change of algorithm.

Change Algorithm Options for Binning Algorithms

After you import data or a creditscorecard object into Binning Explorer, you can change the
binning algorithm options for an individual predictor or for multiple predictors.

1  Click any predictor plot in the Overview pane. The predictor plot displays with a blue outline and
displays in the main pane.

OVERVIEW
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Tip When you select a predictor plot with the blue outline, a status message appears above Bin
Information that displays the last binning information for that predictor. Use this information to
determine which binning algorithm is most recently applied to an individual predictor plot.

2 On the Binning Explorer toolstrip, click Options to open a list of options for the Monotone,
Split, Merge, Equal Frequency, and Equal Width algorithms. Click an option to open the
associated Algorithm options dialog box. For example, clicking Monotone Options opens the
Algorithm options dialog box for Monotone.
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3

4\ Algorithm options for Monotone - X

Trend

Initial number of bins  (Numeric predictors only)

Category sorting  (Categorical predictors only)

Determines whether the Weight-Of-Evidence (WOE) monotonic trend
is expected to be increasing or decreasing.

®) Auto (default) Increasing Decreasing

Initial number of bins used to start the binning process. 10
Used for numeric predictors only. Default is 10.

Used to determine how the predictor categories
are sorted as a preprocessing step before
applying the algorithm. Used for categorical
predictors only.

Reset

OK Cancel

From the associated Algorithm options dialog box:

Monotone

For Trend, select one of the following:

Auto (default) — Automatically determines if the WOE trend is increasing or
decreasing.

Increasing — Looks for an increasing WOE trend.
Decreasing — Looks for a decreasing WOE trend.

The value of Trend does not necessarily reflect that of the resulting WOE curve. The
Trend option tells the algorithm to look for an increasing or decreasing trend, but the
outcome might not show the desired trend. For example, the algorithm cannot find a
decreasing trend when the data actually has an increasing WOE trend. For more
information on the Trend option, see “Monotone”.

For Initial number of bins, enter an initial number of bins (default is 10). The initial
number of bins must be an integer > 2. Used for numeric predictors only.

For Category Sorting, used for categorical predictors only, select one of the following:

* Odds (default) — The categories are sorted by order of increasing values of odds,
defined as the ratio of “Good” to “Bad” observations, for the given category.

* Goods — The categories are sorted by order of increasing values of “Good.”

* Bads — The categories are sorted by order of increasing values of “Bad.”

* Totals — The categories are sorted by order of increasing values of the total
number of observations (“Good” plus “Bad”).

* None — No sorting is applied. The existing order of the categories is unchanged
before applying the algorithm.

For more information, see Sort Categories
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. Split

For Measure, select one of the following: Gini (default), Chi2, InfoValue, or Entropy.

For Tolerance, specify a tolerance value above which the gain in the information value has
to be for the split to be accepted. The default is 1e-4.

For Significance, only for the Chi2 measure, specify a significance level threshold for the
chi-square statistic, above which splitting happens. Values are in the interval [0, 1].
Default is 0.9 (90% significance level).

For Bin distribution, specify values for
* MinBad — Specifies the minimum number n (n>=0) of Bads per bin. The default value
is 1, to avoid pure bins.

* MaxBad — Specifies the maximum number n (n>=0) of Bads per bin. The default value
is Inf.

* MinGood — Specifies the minimum number n (n>=0) of Goods per bin. The default
value is 1, to avoid pure bins.

* MaxGood — Specifies the maximum number n (n>=0) of Goods per bin. The default
value is Inf.

* MinCount — Specifies the minimum number n (n>=0) of observations per bin. The
default value is 1, to avoid empty bins.

* MaxCount — Specifies the maximum number n (n>=0) of observations per bin. The
default value is Inf.

* MaxNumBins — Specifies the maximum number n (n>=2) of bins resulting from the
splitting. The default value is 5.

For Initial number bins, specify an integer that determines the number (n >0) of bins
that the predictor is initially binned into before splitting. Valid for numeric predictors only.
Default is 50.

For Category sorting, used for categorical predictors only, select a value:

* Goods — The categories are sorted by order of increasing values of “Good.”
* Bads — The categories are sorted by order of increasing values of “Bad.”

* Odds — (default) The categories are sorted by order of increasing values of odds,
defined as the ratio of “Good” to “Bad” observations, for the given category.

+ Totals — The categories are sorted by order of increasing values of total number of
observations (“Good” plus “Bad”).

* None — No sorting is applied. The existing order of the categories is unchanged before
applying the algorithm. (The existing order of the categories can be seen in the
category grouping optional output from bininfo.)

For more information, see Sort Categories

* Merge

For Measure, select one of the following: Chi2 (default), Gini, InfoValue, or Entropy.

For Tolerance, specify the minimum threshold below which merging happens for the
information value and entropy statistics. Valid values are in the interval (0.1). Default is
le-3.
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» For Significance, specify the significance level threshold for the chi-square statistic,
below which merging happens. Values are in the interval [0, 1]. Default is 0.9 (90%
significance level).

* For Bin distribution, specify the following:
* MinNumBins — Specifies the minimum number n (n>=2) of bins that result from
merging. The default value is 2.

* MaxNumBins — Specifies the maximum number n (n>=2) of bins that result from
merging. The default value is 5.

* For Initial number of bins, specify an integer that determines the number (n >0) of bins
that the predictor is initially binned into before merging. Valid for numeric predictors only.
Default is 50.

+ For Category sorting, used for categorical predictors only. Select a value:

* Goods — The categories are sorted by order of increasing values of “Good.”
* Bads — The categories are sorted by order of increasing values of “Bad.”

* 0Odds — (default) The categories are sorted by order of increasing values of odds,
defined as the ratio of “Good” to “Bad” observations, for the given category.

+ Totals — The categories are sorted by order of increasing values of total number of
observations (“Good” plus “Bad”).

* None — No sorting is applied. The existing order of the categories is unchanged before
applying the algorithm. (The existing order of the categories can be seen in the
category grouping optional output from bininfo.)

For more information, see Sort Categories
* Equal Frequency

* For Number of bins, enter the number of bins. The default is 5, and the number of bins
must be a positive number.

* For Category Sorting, select one of the following:
* Odds (default) — The categories are sorted by order of increasing values of odds,

defined as the ratio of “Good” to “Bad” observations, for the given category.

* Goods — The categories are sorted by order of increasing values of “Good.”
* Bads — The categories are sorted by order of increasing values of “Bad.”

+ Totals — The categories are sorted by order of increasing values of the total number of
observations (“Good” plus “Bad”).

* None — No sorting is applied. The existing order of the categories is unchanged before
applying the algorithm.

Note You can use Category Sorting with categorical predictors only.

* Equal Width

¢ For Number of bins, enter the number of bins. The default is 5 and the number of bins
must be a positive number.

» For Category Sorting, select one of the following:
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* Odds (default) — The categories are sorted by order of increasing values of odds,
defined as the ratio of “Good” to “Bad” observations, for the given category.

* Goods — The categories are sorted by order of increasing values of “Good.”
* Bads — The categories are sorted by order of increasing values of “Bad.”

+ Totals — The categories are sorted by order of increasing values of the total number of
observations (“Good” plus “Bad”).

* None — No sorting is applied. The existing order of the categories is unchanged before
applying the algorithm.

Note You can use Category Sorting with categorical predictors only.

Click OK. The selected predictor plot is updated with the change of algorithm options. The
details in the Bin Information and Predictor Information panes are also updated. In addition,
the updated algorithm options apply to any subsequent application of that algorithm to other
predictors as described in “Change Binning Algorithm for One or More Predictors” on page 3-6.

To change the binning algorithm option for multiple predictors, multiselect more than one
predictor plot by using Ctrl+ click or Shift + click to highlight each predictor plot with a blue
outline.

OVERVIEW
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On the Binning Explorer toolstrip, click Options to open a list of options for the Monotone,
Split, Merge, Equal Frequency, and Equal Width algorithms. Click an option to open the
associated Algorithm options dialog box. Make your selection from the respective Algorithm
Options dialog box and click OK. The selected predictor plots are updated for the change of
algorithm.

Split Bins for a Numeric Predictor

After you import data or a creditscorecard object into Binning Explorer, you can split bins for a
numeric predictor.

Click any numeric predictor plot in the Overview pane. The predictor plot displays in the main
pane.
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CustlD CustAge
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2 On the Binning Explorer toolstrip, the Split button is enabled. From the main pane, click a bin
to apply the Split operation. To deselect a bin, use Ctrl+ click.
TmWBank
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o
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[ JGood [__]Bad
3

On the Binning Explorer toolstrip, the Edges text boxes display values for the edges of the
selected bin. Click Split to open the Split dialog box.
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Split bin number 1 for "CustAge"

Number of bins: = 2

Cutpoints:

Bin Count
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Use the Number of bins control to split the selected bin into multiple bins. Click OK to
complete the split operation.

The plot for the selected numeric predictor is updated with the new bin information. The details
in the Bin Information and Predictor Information panes are also updated.

Split Bins for a Categorical Predictor

After you import data or a creditscorecard object into Binning Explorer, you can split bins for a
categorical predictor.

1 Click any categorical predictor plot in the Overview pane. The predictor plot displays in the main
pane.

3-13



3 Managing Consumer Credit Risk Using the Binning Explorer for Credit Scorecards
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2 From the main pane, click a bin to enable the Split button for that bin. To deselect a bin, use
Ctrl+ click.
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On the Binning Explorer toolstrip, click Split to open the Split dialog for the selected bin.

Note The Split button is enabled when the selected bin has more than one unique category in it.
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4\ Split - b

Split Group 1 for "Emp Status”
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Use the Number of bins control to split the selected bin into multiple bins.

Use the arrow controls on the Split dialog box to control the contents for each of the bins that
you are splitting the selected bin into.

Click OK to complete the split operation.

The plot for the selected categorical predictor is updated with the new bin information. The
details in the Bin Information and Predictor Information panes are also updated.

Manual Binning to Merge Bins for a Numeric or Categorical Predictor

After you import data or a creditscorecard object into Binning Explorer, you can split or merge
bins for a predictor.

1

Click any predictor plot in the Overview pane. The selected predictor plot displays in the main
pane.

CustlD CustAge
o |
TmAtAddress ResStatus
=
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2 From the main pane, to merge bins, select two or more bins for merging by using Ctrl + click or
Shift + click to multiselect bins to display with blue outlines. To change your bin selection, use
Ctrl+ click to deselect a bin.

Note The Merge button is active only when more than one bin is selected. Only adjacent bins
can be merged for numeric or ordinal predictors. Nonadjacent bins can be merged for
categorical predictors.
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3 Click Merge to complete the merge operation. The plot for the selected predictor is updated with
the new bin information. The details in the Bin Information and Predictor Information panes
are also updated.

Change Bin Boundaries for a Single Predictor

After you import data or a creditscorecard object into Binning Explorer, you can change the bin
boundaries for a single predictor.

1 Click any numeric predictor plot in the Overview pane. The selected predictor plot displays with
a blue outline and the predictor plot displays in the main pane.

2 From the main pane, click to select a specific bin where you want to change the bin dimensions.
The selected bin displays with a blue outline.
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3 On the Binning Explorer toolstrip, the Edges text boxes display values for the edges of the

selected bin.

4q] 46

Edit the values in the Edges text boxes to change the selected bin’s dimensions.
4  Click the main pane to complete the operation. The plot for the predictor is updated with the

updated bin’s dimension information. The details in the Bin Information and Predictor

Information panes are also updated.

Change Bin Boundaries for Multiple Predictors

After you import data or a creditscorecard object into Binning Explorer, you can change the
algorithm applied to one or more predictors and you can also redefine the number of bins.

1 From the Overview pane, click any predictor plot. The predictor plot displays with a blue outline.
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Alternatively, select two or more predictors by using Ctrl + click or Shift + click to multiselect
predictors to display with blue outlines.

OVERVIEW

CustlD CustAge

TmAtAddress ResStatus

= ]

On the Binning Explorer toolstrip, click Options to open a list of options for the Monotone,
Split, Merge, Equal Frequency, and Equal Width algorithms. Click an option to open the
associated Algorithm options dialog box. Make your selection from the respective Algorithm
Options dialog box and click OK. The selected predictor plots are updated for the change of
algorithm and the plots for the selected predictors are updated with the new bin information. The
details in the Bin Information and Predictor Information panes are also updated.

Set Options for Display

Binning Explorer has options for displaying predictor plots and plot options and the associated
tables displayed in Bin Information.

Plot Options

1

2

From the Binning Explorer toolstrip item for Plot Options, select any of the following
predictor plot options:

* No labels (default)

* Bin count

* % Bin level

* % Data level

* % Total count

The selected label is applied to all predictor plots.

Table Options

You can set the table display options for predictor information displayed in Bin Information.

1

From the Binning Explorer toolstrip item for Table Columns, select any of the following
options:

* Odds
* WOE
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* InfoValue

* Entropy

* Gini

* Chi2

* Members (option is enabled for categorical predictors)

2  When selected, these options are applied to all predictors for the information displayed in Bin
Information.

Export and Save the Binning

Binning Explorer enables you to export and save your credit scorecard binning definitions to a
creditscorecard object.

1 (Click Export and then click Export Scorecard and provide a creditscorecard object name.
The creditscorecard object is saved to the MATLAB workspace.

Note If you export a previously existing creditscorecard object that was fit (using
fitmodel), all fitting settings in the creditscorecard object are lost. You must rerun
fitmodel on the updated creditscorecard object.

2 Toreopen a previously saved creditscorecard object, click Import Data and select the
creditscorecard object from the Step 1 pane of the Import Data window.

Troubleshoot the Binning

* “Numeric Predictor Converted to Categorical Predictor Does Not Display Split Data Properly”
on page 3-19
* “Predictor Plot Appears Distorted” on page 3-20
This topic shows some of the results when using Binning Explorer with credit scorecards that need
troubleshooting. For details on the overall process of creating and developing credit scorecards, see

“Overview of Binning Explorer” on page 3-2 and “Binning Explorer Case Study Example” on page 3-
23.

Numeric Predictor Converted to Categorical Predictor Does Not Display Split Data Properly

When you convert a numeric predictor with hundreds of values (for example, continuous data) to
categorical data, the resulting data has hundreds of categories. The following example illustrates this
scenario.

load CreditCardData

Open the Binning Explorer and select the numeric predictor AMBalance from the Overview pane.
From the Binning Explorer toolstrip, change the predictor type to Categorical.

From the Binning Explorer toolstrip and click Split. The Split dialog box displays as follows:
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4 split f=lle ==
Split Group 1 for "AMBalance"
Humber of bins: =z
Bin1 Bin 2
2
|
|
— 1.5 |
IS
3 |
=]
o1
=
o

0.5

Move C0.58 to: v: ’ ok ”Cancel” Help ]

The predictor has too many categories to display properly.

Solution: If you have a categorical predictor with a large number of categories, use the Algorithm
Options to change the binning algorithm for that predictor to Equal Frequency, with the Number
of bins set to 100 (or another smaller value). The Split dialog box then displays properly.

-
4] split o[ @[ =
Split Group 1 for "AMBalance"

Humber of bins: =z

Bin1 Bin 2

Bin Count

-

Move C0.58 to: v: ’ ok ”Cancel” Help ]

Predictor Plot Appears Distorted

When using the Binning Explorer, if you import data that has not been previously binned and you
select No Binning from the Import Data window, the resulting plots might be distorted. For example,
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if you load the following data set into the MATLAB workspace and use Binning Explorer to import
the data using No Binning, the following plot displays for the TmAtAddress predictor.

load CreditCardData

TmAtAddress

M T T T T T T T e 1S

25+ 14

Bin count

Il | Good | |Bad]

Solution: When you import data that has not been previously binned, select Monotone from the
Import Data window instead. The following plot displays for the TmAtAddress predictor.

TmAtAddress

900 F . I 0.15

800 |

—01

700

600 |
£ sl H0.05 .
8 (o]
= =

B

4 400 -
/ -0
300
200 - —--0.05
100 - /

0 L L L -0.1
[-Inf,23) [23.83) [83.Inf]
[l ] Good | |Bad]
See Also
Apps
Binning Explorer
Classes
creditscorecard

Related Examples
. “Binning Explorer Case Study Example” on page 3-23
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. “Case Study for Credit Scorecard Analysis”

. “Credit Scorecard Modeling with Missing Values”
More About
. “Overview of Binning Explorer” on page 3-2

. “Credit Scorecard Modeling Workflow”

External Websites
. Credit Scorecard Modeling Using the Binning Explorer App (6 min 17 sec)
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Binning Explorer Case Study Example

Binning Explorer Case Study Example

This example shows how to create a credit scorecard using the Binning Explorer app. Use the
Binning Explorer to bin the data, plot the binned data information, and export a creditscorecard
object. Then use the creditscorecard object with functions from Financial Toolbox to fit a logistic
regression model, determine a score for the data, determine the probabilities of default, and validate
the credit scorecard model using three different metrics.

Step 1. Load credit scorecard data into the MATLAB workspace.

Use the CreditCardData.mat file to load the data into the MATLAB workspace (using a dataset
from Refaat 2011).

load CreditCardData
disp(data(1:10,:))

CustID CustAge TmAtAddress ResStatus EmpStatus CustIncome TmWBank OthercCC AMBalance UtilRate status
1 53 62 Tenant Unknown 50000 55 Yes 1055.9 0.22 0
2 61 22 Home Owner Employed 52000 25 Yes 1161.6 0.24 0
3 47 30 Tenant Employed 37000 61 No 877.23 0.29 0
4 50 75 Home Owner Employed 53000 20 Yes 157.37 0.08 0
5 68 56 Home Owner Employed 53000 14 Yes 561.84 0.11 0
6 65 13 Home Owner Employed 48000 59 Yes 968.18 0.15 0
7 34 32 Home Owner Unknown 32000 26 Yes 717.82 0.02 1
8 50 57 Other Employed 51000 33 No 3041.2 0.13 0
9 50 10 Tenant Unknown 52000 25 Yes 115.56 0.02 1

10 49 30 Home Owner Unknown 53000 23 Yes 718.5 0.17 1

Step 2. Import the data into Binning Explorer.

Open Binning Explorer from the MATLAB toolstrip: On the Apps tab, under Computational
Finance, click the app icon. Alternatively, you can enter binningExplorer on the MATLAB
command line. For more information on starting the Binning Explorer from the command line, see
“Start from MATLAB Command Line Using Data or an Existing creditscorecard Object” on page 3-5.

From the Binning Explorer toolstrip, select Import Data to open the Import Data window.
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4\ Import Data — *
Step 1 Step 2 Step 3
Select dataset from MATLAE workspace. Set predictors and response for "data”. Choose initial binning algorithm.
(For tables, double-click on the "Variable Type” cells to show options.) (Hover on each algorithm to read description.)
Variable Class Predictor Type Variable Type
table CustlD MNumeric Predictor * Monotone
dataMissing table CustAge Mumeric Predictor
data\Weights table TmAtAddress Mumeric Predictor
sc100 creditscorecard ResStatus Categorical Predictor Split
EmpStatus Categorical Predictor
Custincome | Numeric Predictor
TmWBank MNumeric Predictor Merge
OtherCC Categorical Predictor
AMBalance | Numeric Predictor
UtilRate Numeric Predictor Equal Frequency
status Mumeric Response -
Bin missing data: No v FLTLRA

Choose to group missing values into a separate bin (YES) or
exclude missing values from the hinning (NO). No Binning

Data: data Responze: status Algorithm: Monotone

Import Data Cancel
Do not include: {none) ‘Weights: (none) P

Under Step 1, select data.

Under Step 2, optionally set the Variable Type for each of the predictors. By default, the last column
in the data ('status' in this example) is set to 'Response’. The response value with the highest
count (0 in this example) is set to 'Good"'. All other variables are considered predictors. However, in
this example, because 'CustID' is not a predictor, set the Variable Type column for 'CustID' to
Do not include.

Note If the input MATLAB table contains a column for weights, from the Step 2 pane, using the
Variable Type column, click the drop-down to select Weights. For more information on using
observation weights with a creditscorecard object, see “Credit Scorecard Modeling Using
Observation Weights”.

If the data contains missing values, from the Step 2 pane, set Bin missing data: to Yes. For more
information on working with missing data, see “Credit Scorecard Modeling with Missing Values”.

Under Step 3, leave Monotone as the default initial binning algorithm.

Click Import Data to complete the import operation. Automatic binning using the selected algorithm
is applied to all predictors as they are imported into Binning Explorer.

The bins are plotted and displayed for each predictor. By clicking to select an individual predictor plot
from the Overview pane, the details for that predictor plot display in the main pane and in the Bin
Information and Predictor Information panes at the bottom of the app.
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sl Binning Explorer — [} X

BINNING EXPLORER

Mo labels =
& Selected Predictor Predictor Type Im @ D‘E’D
Import [ CustiD ~ | Numeric ~ | Menstone T gptions  split Edges:| -Inf || 121 G| gz TABLE COLUMNS | EXPORT
Data - | Datatip
w A
DATA FREDICTOR AUTOMATIC BINNING MANUAL BINNING PLOT OPTIOMS
Overview CustiD
CustiD CustAge CustlD
1000 - T T 0.15
800 - T
== an
S 600 T
TmAtAddress ResStatus 8 g
£ -
D o0 10
200 - —1-0.05
II‘ [ ] [ ]
0 I L I | | ‘ I L 0.1
[-Inf121) [121,241) [241,1081) [1081,Inf]
EmpStatus Custincome
[ Good [ Bad
/ Latest binning: Automatic / Monotone
- Bin Information Predictor Information
EE o L=t Bin Good Bad odds WOE InfoValue Value
[-Inf,121) a4 36 23333 0.1429 0.0020 Min 1
[121,241) a2 38 21579 0.0647 0.0004 Max 1200
[241,1081) 559 281 1.9893 -0.0166 0.0002 Mean 600.5000
[1021,InT] T8 42 1.8571 -0.0854 0.0007 . Std 346.4100
. - — S

Binning Explorer performs automatic binning for every predictor variable, using the default
‘Monotone' algorithm with default algorithm options. A monotonic, ideally linear trend in the
Weight of Evidence (WOE) is often desirable for credit scorecards because this translates into linear
points for a given predictor. WOE trends are visualized on the plots for each predictor in Binning
Explorer.

Perform some initial data exploration. Inquire about predictor statistics for the 'ResStatus'
categorical variable.

Click the ResStatus plot. The Bin Information pane contains the “Good” and “Bad” frequencies and
other bin statistics such as weight of evidence (WOE).

Ein Information

Bin Good Bad Odds WOE InfoValue

Tenant 307 167 1.8383 -0.0956 0.0037
Home Owner 365 177 2.0621 0.0193 0.0002
Other 131 53 24717 0.2005 0.0059

For numeric data, the same statistics are displayed. Click the CustIncome plot. The Bin
Information is updated with the information about CustIncome.
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Ein Information

Bin Good Bad Odds WOE InfoValue |
[-Inf,29000) 53 58 0.9138 -0.7946 0.0636 ~
[29000,33000) 74 49 1.5102 -0.2922 0.0091
[33000,35000) 63 36 1.8889 -0.0684 0.0004
[35000,40000) 193 93 1.9694 -0.0267 0.0002
[40000,42000) 63 34 2.0000 -0.0113 0.0000 .

Step 3. Fine-tune the bins using manual binning in Binning Explorer.

Click the CustAge predictor plot. Notice that bins 1 and 2 have similar WOEs, as do bins 5 and 6.

5_ CustAge [~]
CustAge
450 | | | | | 08
400
350
300
5 250
8
=
m 200
150
100
50
[-Inf,33) [3337) [37.40) [40,45) [46,48) [48,58) [58.Inf]
[ Good [ Bad
Latest binning: Al ic | Monots
Bin Information Predictor Information
Bin Good Bad Odds WOE Infovalue ‘ Value
[Hni,33) 70 53 1.3208 -0.4262 0.0197 ~ Min 21.0000
[33237) 64 47 1.3617 -0.3057 0.0153 Max 74.0000
[37.,40) 73 47 1.5532 -0.2641 0.0073 Mean 451742
[40,46) 174 94 1851 -0.0887 0.0018 Std 9.8302
[46,48) 81 25 2.4400 0.1878 0.0024

To merge bins 1 and 2, from the main pane, click Ctrl + click or Shift + click to multiselect bin 1 and
2 to display with blue outlines for merging.
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450

400

350

WOE

Bin count

[-Inf,33) [3337) [37,40) [40,46) [46,48) [48,58) [58.In]
[ Good [Bad

On the Binning Explorer toolstrip, the Edges text boxes display values for the edges of the selected
bins to merge.

Click Merge to finish merging bins 1 and 2. The CustAge predictor plot is updated for the new bin
information and the details in the Bin Information and Predictor Information panes are also
updated.

CustAge -3
450 = T T T T T T -

Bin count
(=]

8

WOE

[-Inf,37) [37,40) [40,46) [46,48) [48,58) [58.In]
[ Good [Bad

Next, merge bins 4 and 5, because they also have similar WOEs.
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CustAge

CustAge
T T T T T 0.8
< | 06
400 | 04
= / —02
= L L
8 300 0
= / =
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200

Latest binning: Manual

Ein Information
Bin

[37,40)
[40,46)
[46,58)
[58,Inf]
Totals
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_/
100 |-
— | 404
0 | | | | | 06
[-Inf.37) [37.40) [40,46) [46,58) [58.Inf]
I ] Good [ IElad|
Predictor Information
Good Bad Odds WOE InfoValue Value
73 a7 15532 02641 0.0073 © =10 21.0000
174 94 18511 -0.0887 0.0018 =8 0000
324 130 2.4923 0.2088 0.0159 ~30 451742
98 2% 3.7602 0.6225 0.0352 gl S
203 397 2.0227 NaN 0.0951

The CustAge predictor plot is updated with the new bin information. The details in the Bin
Information and Predictor Information panes are also updated.

Repeat this merge operation for the following bins that have similar WOEs:

* For CustIncome, merge bins 3, 4 and 5.
* For TmWBank, merge bins 2 and 3.
» For AMBalance, merge bins 2 and 3.

Now the bins for all predictors have close-to-linear WOE trends.
Step 4. Export the creditscorecard object from Binning Explorer.

After you complete your binning assignments, using Binning Explorer, click Export and then click
Export Scorecard and provide a creditscorecard object name. The creditscorecard object
(sc) is saved to the MATLAB workspace.



Binning Explorer Case Study Example

Step 5. Fit a logistic regression model.

Use the fitmodel function to fit a logistic regression model to the WOE data. fitmodel internally
bins the training data, transforms it into WOE values, maps the response variable so that 'Good"' is

1, and fits a linear logistic regression model. By default, fitmodel uses a stepwise procedure to

determine which predictors belong in the model.

sc = fitmodel(sc);

Adding CustIncome, Deviance = 1490.8954, Chi2Stat = 32.545914, PValue = 1.1640961le-08
Adding TmWBank, Deviance = 1467.3249, Chi2Stat = 23.570535, PValue = 1.2041739%e-06
Adding AMBalance, Deviance = 1455.858, Chi2Stat = 11.466846, PValue = 0.00070848829
Adding EmpStatus, Deviance = 1447.6148, Chi2Stat = 8.2432677, PValue = 0.0040903428
Adding CustAge, Deviance = 1442.06, Chi2Stat = 5.5547849, PValue = 0.018430237

Adding ResStatus, Deviance = 1437.9435, Chi2Stat = 4.1164321, PValue = 0.042468555
Adding OtherCC, Deviance = 1433.7372, Chi2Stat = 4.2063597, PValue = 0.040272676

NOoOuU s WN K

Generalized Linear regression model:
logit(status) ~ 1 + CustAge + ResStatus + EmpStatus + CustIncome + TmWBank + OtherCC + AMBalance
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) 0.7024 0.064 10.975 5.0407e-28
CustAge 0.61562 0.24783 2.4841 0.012988
ResStatus 1.3776 0.65266 2.1107 0.034799
EmpStatus 0.88592 0.29296 3.024 0.0024946
CustIncome 0.69836 0.21715 3.216 0.0013001
TmWBank 1.106 0.23266 4.7538 1.9958e-06
OthercCC 1.0933 0.52911 2.0662 0.038806
AMBalance 1.0437 0.32292 3.2322 0.0012285

1200 observations, 1192 error degrees of freedom
Dispersion: 1
Chi”2-statistic vs. constant model: 89.7, p-value = 1.42e-16

Step 6. Review and format scorecard points.

After fitting the logistic model, the points are unscaled by default and come directly from the

combination of WOE values and model coefficients. Use the displaypoints function to summarize

the scorecard points.

pl = displaypoints(sc);

disp(pl)

Predictors Bin Points

'CustAge’ '[-Inf,37)" -0.15314
'CustAge'’ '[37,40)" -0.062247
'CustAge'’ '[40,46)" 0.045763
'CustAge'’ '[46,58)" 0.22888
'CustAge' '[58,Inf]" 0.48354
'ResStatus’ 'Tenant' -0.031302
'ResStatus’ 'Home Owner' 0.12697
'ResStatus’ 'Other’ 0.37652
'EmpStatus’ 'Unknown' -0.076369
'EmpStatus’ 'Employed’ 0.31456
'CustIncome’ '[-Inf,29000)" -0.45455
'CustIncome’ '[29000,33000) ' -0.1037
'CustIncome’ '[33000,42000) ' 0.077768
'CustIncome’ '[42000,47000) ' 0.24406
'CustIncome’ '[47000,Inf]" 0.43536
'TmwBank' '[-Inf,12)" -0.18221
'TmwWBank' '[12,45)" -0.038279
'TmwBank' '[45,71)" 0.39569
'TmwWBank' "[71,Inf]" 0.95074
'OthercCC!' 'No' -0.193
'OthercCC!' 'Yes' 0.15868
'AMBalance' '[-Inf,558.88)" 0.3552

3-29



3 Managing Consumer Credit Risk Using the Binning Explorer for Credit Scorecards

'AMBalance’
'AMBalance’

'[558.88,1597.44) "'
'[1597.44,Inf]"

-0.026797
-0.21168

Use modifybins to give the bins more descriptive labels.

sc = modifybins(sc, 'CustAge', 'BinLabels’',...
{'Up to 36" '37 to 39' '40 to 45' '46 to 57' '58 and up'});

sc = modifybins(sc, 'CustIncome', 'BinLabels"',...
{'Up to 28999' '29000 to 32999' '33000 to 41999' '42000 to 46999' '47000 and up'});

sc = modifybins(sc, 'TmWBank', 'BinLabels"',...
{'Up to 11' '12 to 44' '45 to 70' '71 and up'});

sc = modifybins(sc, 'AMBalance', 'BinLabels', ...
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{'Up to 558.87' '558.88 to 1597.43'

'1597.44 and up'});

pl = displaypoints(sc);
disp(pl)

Predictors Bin Points

"CustAge’ ‘Up to 36 -0.15314
'CustAge’ '37 to 39 -0.062247
'CustAge’ '40 to 45 0.045763
'CustAge’ '46 to 57 0.22888
'CustAge’ '58 and up' 0.48354
'ResStatus’ 'Tenant' -0.031302
'ResStatus’ ‘Home Owner' 0.12697
'ResStatus’ 'Other' 0.37652
"EmpStatus’ "Unknown' -0.076369
'"EmpStatus’ "Employed'’ 0.31456
"CustIncome’ '‘Up to 28999 -0.45455
"CustIncome’ '29000 to 32999 -0.1037
"CustIncome'’ '33000 to 41999 0.077768
"CustIncome'’ '42000 to 46999 0.24406
"CustIncome’ '47000 and up' 0.43536
'TmWBank' 'Up to 11° -0.18221
'TmWBank' '12 to 44' -0.038279
'"TmWBank' '45 to 70 0.39569
'TmWBank' '71 and up' 0.95074
'OthercCC' "No' -0.193
'OthercCC' 'Yes' 0.15868
'AMBalance’ 'Up to 558.87' 0.3552
'AMBalance’ '558.88 to 1597.43' -0.026797
'AMBalance’ '1597.44 and up' -0.21168

Points are scaled and are also often rounded. To round and scale the points, use the formatpoints
function. For example, you can set a target level of points corresponding to a target odds level and

also set the required points-to-double-the-odds (PDO).

TargetPoints = 500;
TargetOdds = 2;

PDO = 50; % Points to double the odds

SsC

formatpoints(sc, 'Points0ddsAndPDO', [TargetPoints TargetOdds PDO]);

p2 = displaypoints(sc);

disp(p2)
Predictors Bin Points
"CustAge’ '‘Up to 36 53.239
"CustAge’ '37 to 39' 59.796
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"CustAge’ '40 to 45 67.587
'CustAge’ '46 to 57' 80.796
"CustAge’ '58 and up' 99.166
'ResStatus’ ‘Tenant' 62.028
'ResStatus’ ‘Home Owner' 73.445
'ResStatus' 'Other' 91.446
"EmpStatus'’ "Unknown' 58.777
"EmpStatus’ "Employed'’ 86.976
"CustIncome’ 'Up to 28999 31.497
"CustIncome’ '29000 to 32999 56.805
"CustIncome’ '33000 to 41999 69.896
"CustIncome’ '42000 to 46999 81.891
"CustIncome’ '47000 and up' 95.69
'TmWBank' 'Up to 11° 51.142
'TmWBank' '12 to 44' 61.524
'TmWBank' '45 to 70' 92.829
'TmWBank' '71 and up' 132.87
'OthercCC' "No' 50.364
'OthercCC' 'Yes' 75.732
'AMBalance’ '"Up to 558.87' 89.908
'AMBalance’ '558.88 to 1597.43' 62.353
'AMBalance’ '1597.44 and up' 49.016

Step 7. Score the data.

Use the score function to compute the scores for the training data. You can also pass an optional
data input to score, for example, validation data. The points per predictor for each customer are
provided as an optional output.

[Scores,Points] = score(sc);
disp(Scores(1:10))
disp(Points(1:10,:))

528.2044
554.8861
505.2406
564.0717
554.8861
586.1904
441.8755
515.8125
524.4553
508.3169

CustAge ResStatus EmpStatus CustIncome TmWBank OthercCC AMBalance

80.796 62.028 58.777 95.69 92.829 75.732 62.353
99.166 73.445 86.976 95.69 61.524 75.732 62.353
80.796 62.028 86.976 69.896 92.829 50.364 62.353
80.796 73.445 86.976 95.69 61.524 75.732 89.908
99.166 73.445 86.976 95.69 61.524 75.732 62.353
99.166 73.445 86.976 95.69 92.829 75.732 62.353
53.239 73.445 58.777 56.805 61.524 75.732 62.353
80.796 91.446 86.976 95.69 61.524 50.364 49.016
80.796 62.028 58.777 95.69 61.524 75.732 89.908
80.796 73.445 58.777 95.69 61.524 75.732 62.353

Step 8. Calculate the probability of default.

To calculate the probability of default, use the probdefault function.

pd = probdefault(sc);
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Define the probability of being “Good” and plot the predicted odds versus the formatted scores.
Visually analyze that the target points and target odds match and that the points-to-double-the-odds
(PDO) relationship holds.

ProbGood = 1-pd;
Predicted0dds = ProbGood./pd;

figure
scatter(Scores,Predicted0dds)
title('Predicted 0dds vs. Score')
xlabel('Score")

ylabel('Predicted 0Odds"')

hold on
xLimits = xlim;
yLimits = ylim;

% Target points and odds
plot([TargetPoints TargetPoints], [yLimits(1l) TargetOdds], 'k:"')
plot([xLimits(1) TargetPoints],[TargetOdds TargetOdds], 'k:"')

% Target points plus PDO
plot([TargetPoints+PD0 TargetPoints+PDO], [yLimits(1) 2*TargetOdds], 'k:"')
plot([xLimits(1) TargetPoints+PDO], [2*TargetOdds 2*TargetOdds], 'k:")

% Target points minus PDO
plot([TargetPoints-PDO TargetPoints-PDO],[yLimits(1) TargetOdds/2], 'k:"')
plot([xLimits(1) TargetPoints-PDO], [TargetOdds/2 TargetOdds/2], 'k:")

hold off
4] Figure (=[O sl
File Edit View Insert Tools Desktop Window Help L]

DEdse | k| ARRAODEL- S| 0EH DO

Predicted Odds vs. Score
14

127

Predicted Odds

650

Score

Step 9. Validate the credit scorecard model using the CAP, ROC, and Kolmogorov-Smirnov
statistic

The creditscorecard object supports three validation methods, the Cumulative Accuracy Profile
(CAP), the Receiver Operating Characteristic (ROC), and the Kolmogorov-Smirnov (KS) statistic. For
more information on CAP, ROC, and KS, see validatemodel.

[Stats,T] = validatemodel(sc, 'Plot',{'CAP"','ROC"','KS'});

disp(Stats)
disp(T(1:15,:))
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Measure Value

'Accuracy Ratio' 0.32225

'Area under ROC curve' 0.66113

'KS statistic' 0.22324

'KS score' 499.18

Scores ProbDefault TrueBads FalseBads TrueGoods FalseGoods Sensitivity FalseAlarm PctObs
369.4 0.7535 0 1 802 397 0 0.0012453 0.00083333
377.86 0.73107 1 1 802 396 0.0025189 0.0012453 0.0016667
379.78 0.7258 2 1 802 395 0.0050378 0.0012453 0.0025
391.81 0.69139 3 1 802 394 0.0075567 0.0012453 0.0033333
394.77 0.68259 3 2 801 394 0.0075567 0.0024907 0.0041667
395.78 0.67954 4 2 801 393 0.010076 0.0024907 0.005
396.95 0.67598 5 2 801 392 0.012594 0.0024907 0.0058333
398.37 0.67167 6 2 801 391 0.015113 0.0024907 0.0066667
401.26 0.66276 7 2 801 390 0.017632 0.0024907 0.0075
403.23 0.65664 8 2 801 389 0.020151 0.0024907 0.0083333
405.09 0.65081 8 3 800 389 0.020151 0.003736 0.0091667
405.15 0.65062 11 5 798 386 0.027708 0.0062267 0.013333
405.37 0.64991 11 6 797 386 0.027708 0.007472 0.014167
406.18 0.64735 12 6 797 385 0.030227 0.007472 0.015
407.14 0.64433 13 6 797 384 0.032746 0.007472 0.015833

File Edit View

Insert Tools Desktop Window Help
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Related Examples

. “Common Binning Explorer Tasks” on page 3-4

. “Credit Scorecard Modeling with Missing Values”

. “Feature Screening with screenpredictors” on page 3-64
. “Troubleshooting Credit Scorecard Results”

. “Credit Rating by Bagging Decision Trees”
. “Stress Testing of Consumer Credit Default Probabilities Using Panel Data” on page 3-36

More About
. “Overview of Binning Explorer” on page 3-2
. “About Credit Scorecards”

. “Credit Scorecard Modeling Workflow”
. Monotone Adjacent Pooling Algorithm (MAPA)
. “Credit Scorecard Modeling Using Observation Weights”

External Websites
. Credit Scorecard Modeling Using the Binning Explorer App (6 min 17 sec)
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Stress Testing of Consumer Credit Default Probabilities Using
Panel Data

3-36

This example shows how to work with consumer (retail) credit panel data to visualize observed
default rates at different levels. It also shows how to fit a model to predict probabilities of default
(PD) and lifetime PD values, and perform a stress-testing analysis.

The panel data set of consumer loans enables you to identify default rate patterns for loans of
different ages, or years on books. You can use information about a score group to distinguish default
rates for different score levels. In addition, you can use macroeconomic information to assess how the
state of the economy affects consumer loan default rates.

A standard logistic regression model, a type of generalized linear model, is fitted to the retail credit
panel data with and without macroeconomic predictors, using fitLifetimePDModel from Risk
Management Toolbox™ . Although the same model can be fitted using the fitglm function from
Statistics and Machine Learning Toolbox™, the lifetime probability of default (PD) version of the
model is designed for credit applications, and supports lifetime PD prediction and model validation
tools, including the discrimination and accuracy plots shown in this example. The example also
describes how to fit a more advanced model to account for panel data effects, a generalized linear
mixed effects model. However, the panel effects are negligible for the data set in this example and the
standard logistic model is preferred for efficiency.

The logistic regression model predicts probabilities of default for all score levels, years on books, and
macroeconomic variable scenarios. There is a brief discussion on how to predict lifetime PD values,
with pointers to additional functionality. The example shows model discrimination and model
accuracy tools to validate and compare models. In the last section of this example, the logistic model
is used for a stress-testing analysis, the model predicts probabilities of default for a given baseline, as
well as default probabilities for adverse and severely adverse macroeconomic scenarios.

For additional information, refer to “Overview of Lifetime Probability of Default Models” on page 1-
25. See also the example “Modeling Probabilities of Default with Cox Proportional Hazards” on page
4-27, which follows the same workflow but uses Cox regression instead of logistic regression and
also has information on the computation of lifetime PD and lifetime Expected Credit Loss (ECL).

Panel Data Description

The main data set (data) contains the following variables:

e ID: Loan identifier.

* ScoreGroup: Credit score at the beginning of the loan, discretized into three groups: High
Risk, Medium Risk, and Low Risk.

* YOB: Years on books.
» Default: Default indicator. This is the response variable.
* Year: Calendar year.

There is also a small data set (dataMacro) with macroeconomic data for the corresponding calendar
years:

* Year: Calendar year.
* GDP: Gross domestic product growth (year over year).
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* Market: Market return (year over year).

The variables YOB, Year, GDP, and Market are observed at the end of the corresponding calendar
year. The score group is a discretization of the original credit score when the loan started. A value of
1 for Default means that the loan defaulted in the corresponding calendar year.

There is also a third data set (dataMacroStress) with baseline, adverse, and severely adverse
scenarios for the macroeconomic variables. This table is used for the stress-testing analysis.

This example uses simulated data, but the same approach has been successfully applied to real data
sets.

Load the Panel Data

Load the data and view the first 10 and last 10 rows of the table. The panel data is stacked, in the
sense that observations for the same ID are stored in contiguous rows, creating a tall, thin table. The
panel is unbalanced, because not all IDs have the same number of observations.

load RetailCreditPanelData.mat
fprintf('\nFirst ten rows:\n')
First ten rows:

disp(data(1:10,:))

ID ScoreGroup YOB Default Year
1 Low Risk 1 0 1997
1 Low Risk 2 0 1998
1 Low Risk 3 0 1999
1 Low Risk 4 0 2000
1 Low Risk 5 0 2001
1 Low Risk 6 0 2002
1 Low Risk 7 0 2003
1 Low Risk 8 0 2004
2 Medium Risk 1 0 1997
2 Medium Risk 2 0 1998

fprintf('Last ten rows:\n'")

Last ten rows:

disp(data(end-9:end,:))

ID ScoreGroup YOB Default Year
96819 High Risk 6 0 2003
96819 High Risk 7 0 2004
96820 Medium Risk 1 0 1997
96820 Medium Risk 2 0 1998
96820 Medium Risk 3 0 1999
96820 Medium Risk 4 0 2000
96820 Medium Risk 5 0 2001
96820 Medium Risk 6 0 2002
96820 Medium Risk 7 0 2003
96820 Medium Risk 8 0 2004
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nRows = height(data);
UniquelIDs = unique(data.ID);
nIDs = length(UniquelIDs);

fprintf('Total number of IDs: %d\n',nIDs)
Total number of IDs: 96820

fprintf('Total number of rows: %d\n',nRows)
Total number of rows: 646724

Default Rates by Score Groups and Years on Books

Use the credit score group as a grouping variable to compute the observed default rate for each score
group. For this, use the groupsummary function to compute the mean of the Default variable,
grouping by the ScoreGroup variable. Plot the results on a bar chart. As expected, the default rate
goes down as the credit quality improves.

DefRateByScore = groupsummary(data, 'ScoreGroup', 'mean', 'Default');
NumScoreGroups = height(DefRateByScore);
disp(DefRateByScore)

ScoreGroup GroupCount mean Default

High Risk 2.0999e+05 0.017167

Medium Risk 2.1743e+05 0.0086006

Low Risk 2.193e+05 0.0046784

bar(DefRateByScore.ScoreGroup,DefRateByScore.mean Default*100)
title('Default Rate vs. Score Group')

xlabel('Score Group')

ylabel('Observed Default Rate (%)')

grid on
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Default Rate vs. Score Group

Observed Default Rate (%)
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Next, compute default rates grouping by years on books (represented by the YOB variable). The
resulting rates are conditional one-year default rates. For example, the default rate for the third year
on books is the proportion of loans defaulting in the third year, relative to the number of loans that
are in the portfolio past the second year. In other words, the default rate for the third year is the
number of rows with YOB = 3 and Default = 1, divided by the number of rows with YOB = 3.

Plot the results. There is a clear downward trend, with default rates going down as the number of
years on books increases. Years three and four have similar default rates. However, it is unclear from
this plot whether this is a characteristic of the loan product or an effect of the macroeconomic
environment.

DefRateByYOB = groupsummary(data, 'YOB', 'mean', 'Default');
NumYOB = height(DefRateByYOB);

disp(DefRateByYOB)

YOB GroupCount mean Default

1 96820 0.017507
2 94535 0.012704
3 92497 0.011168
4 91068 0.010728
5 89588 0.0085949
6 88570 0.006413
7 61689 0.0033231
8 31957 0.0016272
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plot(double(DefRateByYOB.YOB),DefRateByYOB.mean Default*100,'-*")

title('Default Rate vs. Years on Books')
xlabel('Years on Books')
ylabel('Observed Default Rate (%)')

grid on
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Now, group both by the score group and number of years on books and then plot the results. The plot
shows that all score groups behave similarly as time progresses, with a general downward trend.
Years three and four are an exception to the downward trend: the rates flatten for the High Risk
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group, and go up in year three for the Low Risk group.

DefRateByScoreYOB = groupsummary(data,{'ScoreGroup', 'YOB'}, 'mean', 'Default');

% Display output table to show the way it is structured
% Display only the first 10 rows, for brevity
disp(DefRateByScoreYOB(1:10,:))

ScoreGroup

High
High
High
High
High
High
High
High

Risk
Risk
Risk
Risk
Risk
Risk
Risk
Risk

YOB

co~NOOUT A WN -

GroupCount mean Default
32601 0.029692
31338 0.021252
30138 0.018448
29438 0.018276
28661 0.014794
28117 0.011168
19606 0.0056615
10094 0.0027739
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Medium Risk 1 32373 0.014302
Medium Risk 2 31775 0.011676

DefRateByScoreY0OB2 = reshape(DefRateByScoreYOB.mean Default, ...
NumYOB,NumScoreGroups) ;

plot(DefRateByScoreY0OB2*100, '-*")
title('Default Rate vs. Years on Books')
xlabel('Years on Books')
ylabel('Observed Default Rate (%)')
legend(categories(data.ScoreGroup))

grid on
Default Rate vs. Years on Books
3-)(—\ T T T T T T
AN —#— High Risk
AN —%— Medium Risk
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N,

/
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Years on Books Versus Calendar Years

The data contains three cohorts, or vintages: loans started in 1997, 1998, and 1999. No loan in the
panel data started after 1999.

This section shows how to visualize the default rate for each cohort separately. The default rates for
all cohorts are plotted, both against the number of years on books and against the calendar year.
Patterns in the years on books suggest the loan product characteristics. Patterns in the calendar
years suggest the influence of the macroeconomic environment.

From years two through four on books, the curves show different patterns for the three cohorts.

When plotted against the calendar year, however, the three cohorts show similar behavior from 2000
through 2002. The curves flatten during that period.
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% Get IDs of 1997, 1998, and 1999 cohorts

IDs1997 = data.ID(data.YOB==1&data.Year==1997);
IDs1998 = data.ID(data.YOB==1&data.Year==1998);
IDs1999 = data.ID(data.YOB==1&data.Year==1999);

[)

% IDs2000AndUp is unused, it is only computed to show that this is empty,
% no loans started after 1999
IDs2000AndUp = data.ID(data.YOB==1&data.Year>1999);

% Get default rates for each cohort separately
ObsDefRatel997 = groupsummary(data(ismember(data.ID,IDs1997),:), ...
'YOB', 'mean', 'Default');

ObsDefRatel998 = groupsummary(data(ismember(data.ID,IDs1998),:), ...
'YOB', 'mean', 'Default');

ObsDefRatel999 = groupsummary(data(ismember(data.ID,IDs1999),:),...
'YOB', 'mean', 'Default');

% Plot against the years on books
plot(0ObsDefRatel997.Y0B,0bsDefRatel997.mean Default*100,'-*")
hold on

plot(ObsDefRatel998.Y0B,0bsDefRatel998.mean Default*100,'-*")
plot(ObsDefRatel999.Y0B,0bsDefRatel999.mean Default*100,'-*")
hold off

title('Default Rate vs. Years on Books')

xlabel('Years on Books"')

ylabel('Default Rate (%)")

legend('Cohort 97", 'Cohort 98", 'Cohort 99'")

grid on
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Default Rate vs. Years on Books
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% Plot against the calendar year
Year = unique(data.Year);

plot(Year,0bsDefRatel997.mean Default*100,'-*")

hold on

plot(Year(2:end),ObsDefRatel998.mean Default*100,'-*")
plot(Year(3:end),0ObsDefRatel999.mean Default*100,'-*")
hold off

title('Default Rate vs. Calendar Year')
xlabel('Calendar Year')

ylabel('Default Rate (%)")

legend('Cohort 97", 'Cohort 98', 'Cohort 99')

grid on
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Default Rate vs. Calendar Year
2 T T T T T T

—4%— Cohort 97
18 f —4— Cohort 98 |
Cohart 89

._'L -y
= o
T T
;*_
rd
1 1

=

3
T
!

1

Default Rate {%)
=
oo =i
Vi
—F
| II

=
=]
T

=
B
T

0.2

D i i i i i i
1997 19498 1999 2000 2001 2002 2003 2004

Calendar Year

Model of Default Rates Using Score Group and Years on Books
After you visualize the data, you can build predictive models for the default rates.

Split the panel data into training and testing sets, defining these sets based on ID numbers.

NumTraining = floor(0.6*nIDs);

rng('default'); % for reproducibility

TrainIDInd = randsample(nIDs,NumTraining);
TrainDataInd = ismember(data.ID,UniqueIDs(TrainIDInd));
TestDataInd = ~TrainDatalnd;

The first model uses only score group and number of years on books as predictors of the default rate
p. The odds of defaulting are defined as p/(1-p). The logistic model relates the logarithm of the odds,
or log odds, to the predictors as follows:

10g(1 B P) =ayg +aplpy +aply + byopYOB + €

1M is an indicator with a value 1 for Medium Risk loans and 0 otherwise, and similarly for 1L for
Low Risk loans. This is a standard way of handling a categorical predictor such as ScoreGroup.
There is effectively a different constant for each risk level: aH for High Risk, aH+aM for Medium
Risk, and aH+alL for Low Risk.

ModelNoMacro = fitLifetimePDModel(data(TrainDatalnd,:), 'logistic',...
'ModelID', 'No Macro', 'Description', 'Logistic model with YOB and score group, but no macro var.
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"IDVar','ID', 'LoanVars', 'ScoreGroup', 'AgeVar', 'YOB', 'ResponseVar', 'Default');
disp(ModelNoMacro.Model)

Compact generalized linear regression model:
logit(Default) ~ 1 + ScoreGroup + YOB
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) -3.2453 0.033768 -96.106 0
ScoreGroup Medium Risk -0.7058 0.037103 -19.023 1.1014e-80
ScoreGroup Low Risk -1.2893 0.045635 -28.253 1.3076e-175
YOB -0.22693 0.008437 -26.897 2.3578e-159

388018 observations, 388014 error degrees of freedom
Dispersion: 1
Chi”2-statistic vs. constant model: 1.83e+03, p-value = 0

For any row in the data, the value of p is not observed, only a 0 or 1 default indicator is observed. The
calibration finds model coefficients, and the predicted values of p for individual rows can be
recovered with the predict function.

The Intercept coefficient is the constant for the High Risk level (the aH term), and the
ScoreGroup Medium Risk and ScoreGroup Low Risk coefficients are the adjustments for
Medium Risk and Low Risk levels (the aM and al terms).

The default probability p and the log odds (the left side of the model) move in the same direction
when the predictors change. Therefore, because the adjustments for Medium Risk and Low Risk
are negative, the default rates are lower for better risk levels, as expected. The coefficient for number
of years on books is also negative, consistent with the overall downward trend for number of years on
books observed in the data.

An alternative way to fit the model is using the fitglm function from Statistics and Machine
Learning Toolbox™. The formula above is expressed as

Default ~ 1 + ScoreGroup + YOB

The 1 + ScoreGroup terms account for the baseline constant and the adjustments for risk level. Set
the optional argument Distribution to binomial to indicate that a logistic model is desired (that
is, a model with log odds on the left side), as follows:

ModelNoMacro = fitglm(data(TrainDataInd,:), 'Default ~ 1 + ScoreGroup +
YOB', 'Distribution', 'binomial');

As mentioned in the introduction, the advantage of the lifetime PD version of the model fitted with
fitLifetimePDModel is that it is designed for credit applications, and it can predict lifetime PD and
supports model validation tools, including the discrimination and accuracy plots. For more
information, see “Overview of Lifetime Probability of Default Models” on page 1-25.

To account for panel data effects, a more advanced model using mixed effects can be fitted using the

fitglm function from Statistics and Machine Learning Toolbox™ . Although this model is not fitted in
this example, the code is very similar:
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ModelNoMacro = fitglme(data(TrainDataInd,:), 'Default ~ 1 + ScoreGroup + YOB +
(1]ID)"','Distribution', 'binomial');

The (1]|ID) term in the formula adds a random effect to the model. This effect is a predictor whose
values are not given in the data, but calibrated together with the model coefficients. A random value
is calibrated for each ID. This additional calibration requirement substantially increases the
computational time to fit the model in this case, because of the very large number of IDs. For the
panel data set in this example, the random term has a negligible effect. The variance of the random
effects is very small and the model coefficients barely change when the random effect is introduced.
The simpler logistic regression model is preferred, because it is faster to calibrate and to predict, and
the default rates predicted with both models are essentially the same.

Predict the probability of default for training and testing data. The predict function predicts
conditional PD values, row by row. We store the data to compare the predictions against the macro
model in the next section.

data.PDNoMacro = zeros(height(data),1l);

% Predict in-sample

data.PDNoMacro(TrainDataInd) = predict(ModelNoMacro,data(TrainDatalnd,:));
% Predict out-of-sample

data.PDNoMacro(TestDataInd) = predict(ModelNoMacro,data(TestDatalnd,:));

To make lifetime PD predictions, use the predictLifetime function. For lifetime predictions,
projected values of the predictors are required for each ID value in the prediction data set. For
example, predict the survival probability for the first two IDs in the dataset. See how the conditional
PD (PDNoMacro column) and the lifetime PD (LifetimePD column) match for the first year of each
ID. After that year, the lifetime PD increases because it is a cumulative probability. For more
information, see predictLifetime. See also the “Expected Credit Loss Computation” on page 4-
125 example.

datal = data(1:16,:);
datal.LifetimePD = predictLifetime(ModelNoMacro,datal);

disp(datal)
ID ScoreGroup YOB Default Year PDNoMacro LifetimePD
1 Low Risk 1 0 1997 0.0084797 0.0084797
1 Low Risk 2 0 1998 0.0067697 0.015192
1 Low Risk 3 0 1999 0.0054027 0.020513
1 Low Risk 4 0 2000 0.0043105 0.024735
1 Low Risk 5 0 2001 0.0034384 0.028088
1 Low Risk 6 0 2002 0.0027422 0.030753
1 Low Risk 7 0 2003 0.0021867 0.032873
1 Low Risk 8 0 2004 0.0017435 0.034559
2 Medium Risk 1 0 1997 0.015097 0.015097
2 Medium Risk 2 0 1998 0.012069 0.026984
2 Medium Risk 3 0 1999 0.0096422 0.036366
2 Medium Risk 4 0 2000 0.0076996 0.043785
2 Medium Risk 5 0 2001 0.006146 0.049662
2 Medium Risk 6 0 2002 0.0049043 0.054323
2 Medium Risk 7 0 2003 0.0039125 0.058023
2 Medium Risk 8 0 2004 0.0031207 0.060962
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Visualize the in-sample (training) or out-of-sample (test) fit using modelAccuracyPlot. It requires a
grouping variable to compute default rates and average predicted PD values for each group. Use the
years on books as grouping variable here.

DataSetChoice = |~TESt T |;

if DataSetChoice=="Training"
Ind = TrainDatalnd;
else
Ind = TestDatalnd;
end
modelAccuracyPlot (ModelNoMacro,data(Ind,:), 'YOB', 'DataID',DataSetChoice)

Scatter Grouped by YOB Test
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The score group can be input as a second grouping variable to visualize the fit by score groups.

modelAccuracyPlot (ModelNoMacro,data(Ind,:),{'YOB' 'ScoreGroup'}, 'DataID',DataSetChoice)
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Scatter Grouped by YOB and ScoreGroup Test
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Lifetime PD models also support validation tools for model discrimination. In particular, the
modelDiscriminationPlot function creates the receiver operating characteristic (ROC) curve
plot. Here a separate ROC curve is requested for each score group. For more information, see
modelDiscriminationPlot.

modelDiscriminationPlot (ModelNoMacro,data(Ind,:), 'SegmentBy"', 'ScoreGroup', 'DataID',DataSetChoice
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ROC Test
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decreasing pattern. The data, however, shows some deviations from that trend. To try to account for
those deviations, add the gross domestic product annual growth (represented by the GDP variable)

and stock market annual returns (represented by the Market variable) to the model.

log(1 Bp) =ag+ayly+ag

11 + byogYOB + bgppGDP + bpyjarketMarket + €

Expand the data set to add one column for GDP and one for Market, using the data from the

dataMacro table.

data = join(data,dataMacro);

disp(data(1l:10,:))
ID ScoreGroup YOB
1 Low Risk 1
1 Low Risk 2
1 Low Risk 3
1 Low Risk 4
1 Low Risk 5
1 Low Risk 6
1 Low Risk 7
1 Low Risk 8

Default Year PDNoMacro GDP Market
0 1997 0.0084797 2.72 7.61
0 1998 0.0067697 3.57 26.24
0 1999 0.0054027 2.86 18.1
0 2000 0.0043105 2.43 3.19
0 2001 0.0034384 1.26 -10.51
0 2002 0.0027422 -0.59 -22.95
0 2003 0.0021867 0.63 2.78
0 2004 0.0017435 1.85 9.48
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2 Medium Risk 1 0 1997 0.015097 2.72 7.61
2 Medium Risk 2 0 1998 0.012069 3.57 26.24

Fit the model with the macroeconomic variables, or macro model, by expanding the model formula to
include the GDP and the Market variables.

ModelMacro = fitLifetimePDModel(data(TrainDatalInd,:), 'logistic',...
'ModelID', 'Macro', 'Description', 'Logistic model with YOB, score group and macro variables',..
‘IbvVar','ID', 'LoanVars', 'ScoreGroup', 'AgevVar','YOB', ...
'MacroVars',{'GDP', 'Market'}, 'ResponseVar', 'Default');

disp(ModelMacro.Model)

Compact generalized linear regression model:
logit(Default) ~ 1 + ScoreGroup + YOB + GDP + Market
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) -2.667 0.10146 -26.287 2.6919e-152
ScoreGroup Medium Risk -0.70751 0.037108 -19.066 4.8223e-81
ScoreGroup Low Risk -1.2895 0.045639 -28.253 1.2892e-175
YOB -0.32082 0.013636 -23.528 2.0867e-122
GDP -0.12295 0.039725 -3.095 0.0019681
Market -0.0071812 0.0028298 -2.5377 0.011159

388018 observations, 388012 error degrees of freedom
Dispersion: 1
Chi”2-statistic vs. constant model: 1.97e+03, p-value = 0

Both macroeconomic variables show a negative coefficient, consistent with the intuition that higher
economic growth reduces default rates.

Use the predict function to predict the conditional PD. For illustration, here is how to predict the
conditional PD on training and testing data using the macro model. The results are stored as a new
column in the data table. Lifetime PD prediction is also supported with the predictLifetime
function, as shown in the Model of Default Rates Using Score Group and Years on Books on page 3-
0 section.

data.PDMacro = zeros(height(data),1l);

% Predict in-sample

data.PDMacro(TrainDatalInd) = predict(ModelMacro,data(TrainDatalnd,:));
% Predict out-of-sample

data.PDMacro(TestDataInd) = predict(ModelMacro,data(TestDataInd,:));

The model accuracy and discrimination plots offer readily available comparison tools for the models.

Visualize the in-sample or out of sample fit using modelAccuracyPlot. Pass the predictions from the
model without macroeconomic variables as a reference model. Plot both using years on books as the
single grouping variable first, and then using score group as a second grouping variable.

DataSetChoice = [TESt - |;

if DataSetChoice=="Training"
Ind = TrainDatalnd;
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else
Ind = TestDatalnd;
end
modelAccuracyPlot (ModelMacro,data(Ind,:), 'YOB', 'ReferencePD',data.PDNoMacro(Ind), 'ReferenceID', M

Scatter Grouped by YOB Test
Macro, RMSE = 0.00060724
No Macro, RMSE = 0.001349
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modelAccuracyPlot (ModelMacro,data(Ind,:),{'YOB', 'ScoreGroup'}, 'ReferencePD',data.PDNoMacro(Ind),
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Scatter Grouped by YOB and ScoreGroup Test
Macro, RMSE = 0.00088425
No Macro, RMSE = 0.0016366
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The accuracy of the predictions significantly improves compared to the model with no
macroeconomic variables. The predicted conditional PD values more closely follow the pattern of the
observed default rates and the root mean square error (RMSE) reported is significantly smaller when
the macroeconomic variables are included in the model.

Plot the ROC curve of the macro model and the model without macroeconomic variables to compare
their performance with regards to model discrimination.

modelDiscriminationPlot (ModelMacro,data(Ind, :), 'ReferencePD',data.PDNoMacro(Ind), 'ReferenceID', M

3-52



Stress Testing of Consumer Credit Default Probabilities Using Panel Data

ROC Test
Macro, AUROC = 0.69341
MNo Macro, AUROC = 0.68662
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Discrimination measures the ranking of customers by risk. Both models perform similarly, with only a
slight improvement when the macroeconomic variables are added to the model. This means both
models do a similar job separating low risk, medium risk and high risk customers by assigning higher
PD values to customers with higher risk.

Although the discrimination performance of both models is similar, the predicted PD values are more
accurate for the macro model. Using both discrimination and accuracy tools is important for model
validation and model comparison.

Stress Testing of Probability of Default
Use the fitted macro model to stress-test the predicted probabilities of default.

Assume the following are stress scenarios for the macroeconomic variables provided, for example, by
a regulator.

disp(dataMacroStress)

GDP Market
Baseline 2.27 15.02
Adverse 1.31 4.56
Severe -0.22 -5.64

Set up a basic data table for predicting the probabilities of default. This is a dummy data table, with
one row for each combination of score group and number of years on books.
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dataBaseline = table;

[ScoreGroup,YOB]=meshgrid(1:NumScoreGroups,1:NumYOB);

dataBaseline.ScoreGroup = categorical(ScoreGroup(:),1l:NumScoreGroups, ...
categories(data.ScoreGroup), 'Ordinal’,true);

dataBaseline.YOB = YOB(:);

dataBaseline.ID = ones(height(dataBaseline),1);

dataBaseline.GDP = zeros(height(dataBaseline),1);

dataBaseline.Market = zeros(height(dataBaseline),1);

To make the predictions, set the same macroeconomic conditions (baseline, adverse, or severely
adverse) for all combinations of score groups and number of years on books.

% Predict baseline the probabilities of default
dataBaseline.GDP(:) = dataMacroStress.GDP('Baseline');
dataBaseline.Market(:) = dataMacroStress.Market('Baseline');
dataBaseline.PD = predict(ModelMacro,dataBaseline);

% Predict the probabilities of default in the adverse scenario
dataAdverse = dataBaseline;

dataAdverse.GDP(:) = dataMacroStress.GDP('Adverse');
dataAdverse.Market(:) = dataMacroStress.Market('Adverse');
dataAdverse.PD = predict(ModelMacro,dataAdverse);

% Predict the probabilities of default in the severely adverse scenario
dataSevere = dataBaseline;

dataSevere.GDP(:) = dataMacroStress.GDP('Severe');

dataSevere.Market(:) = dataMacroStress.Market('Severe');

dataSevere.PD = predict(ModelMacro,dataSevere);

Visualize the average predicted probability of default across score groups under the three alternative
regulatory scenarios. Here, all score groups are implicitly weighted equally. However, predictions can
also be made at a loan level for any given portfolio to make the predicted default rates consistent
with the actual distribution of loans in the portfolio. The same visualization can be produced for each
score group separately.

PredPDYOB = zeros(NumYOB,3);

PredPDYOB(:,1) mean(reshape(dataBaseline.PD,NumYOB,NumScoreGroups),2);
PredPDYOB(:,2) mean(reshape(dataAdverse.PD,NumYOB,NumScoreGroups),2);
PredPDYOB(:,3) mean(reshape(dataSevere.PD,NumYOB, NumScoreGroups),2);

figure;

bar(PredPDYOB*100) ;

xlabel('Years on Books')

ylabel('Predicted Default Rate (%)')
legend('Baseline', 'Adverse', 'Severe')
title('Stress Test, Probability of Default')
grid on
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Stress Test, Probability of Default
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References
1 Generalized Linear Models documentation: https://www.mathworks.com/help/stats/generalized-
linear-regression.html

2  Generalized Linear Mixed Effects Models documentation: https://www.mathworks.com/help/stats/
generalized-linear-mixed-effects-models.html

3 Federal Reserve, Comprehensive Capital Analysis and Review (CCAR): https://
www.federalreserve.gov/bankinforeg/ccar.htm

Bank of England, Stress Testing: https://www.bankofengland.co.uk/financial-stability

5 European Banking Authority, EU-Wide Stress Testing: https://www.eba.europa.eu/risk-analysis-
and-data/eu-wide-stress-testing

See Also

fitglm| fitglme | fitLifetimePDModel | predict | predictLifetime |
modelDiscrimination | modelDiscriminationPlot | modelAccuracy | modelAccuracyPlot |
Logistic | Probit

Related Examples

. “Credit Rating by Bagging Decision Trees”

. “Credit Scorecard Modeling with Missing Values”

. “Basic Lifetime PD Model Validation” on page 4-130
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. “Compare Logistic Model for Lifetime PD to Champion Model” on page 4-114
. “Compare Lifetime PD Models Using Cross-Validation” on page 4-122
. “Expected Credit Loss Computation” on page 4-125

More About
. “Overview of Lifetime Probability of Default Models” on page 1-25
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compactCreditScorecard Object Workflow

This example shows a workflow for creating a compactCreditScorecard object from a
creditscorecard object.

Step 1. Create a creditscorecard object

To create a compactCreditScorecard object, you must first create a creditscorecard object.
Create a creditscorecard object with the CreditCardData.mat file, and set the name-value pair
argument 'BinMissingData' to true because the dataMissing data set contains missing data.

load CreditCardData.mat

sc = creditscorecard(dataMissing, 'IDVar', 'CustID', 'BinMissingData',true);
sc = autobinning(sc);

sc = modifybins(sc, 'CustAge', 'MinValue',0);

sc = modifybins(sc, 'CustIncome', 'MinValue',0);

Step 2. Fit a logistic regression model for the creditscorecard object

Use fitmodel to fit a logistic regression model using the Weight of Evidence (WOE) data.

[sc, mdl] = fitmodel(sc);

1. Adding CustIncome, Deviance = 1490.8527, Chi2Stat = 32.588614, PValue = 1.1387992e-08
2. Adding TmWBank, Deviance = 1467.1415, Chi2Stat = 23.711203, PValue = 1.1192909e-06

3. Adding AMBalance, Deviance = 1455.5715, Chi2Stat = 11.569967, PValue = 0.00067025601
4. Adding EmpStatus, Deviance = 1447.3451, Chi2Stat = 8.2264038, PValue = 0.0041285257
5. Adding CustAge, Deviance = 1442.8477, Chi2Stat = 4.4974731, PValue = 0.033944979

6. Adding ResStatus, Deviance = 1438.9783, Chi2Stat = 3.86941, PValue = 0.049173805

7. Adding OtherCC, Deviance = 1434.9751, Chi2Stat = 4.0031966, PValue = 0.045414057

Generalized linear regression model:
status ~ [Linear formula with 8 terms in 7 predictors]
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) 0.70229 0.063959 10.98 4.7498e-28
CustAge 0.57421 0.25708 2.2335 0.025513
ResStatus 1.3629 0.66952 2.0356 0.04179
EmpStatus 0.88373 0.2929 3.0172 0.002551
CustIncome 0.73535 0.2159 3.406 0.00065929
TmWBank 1.1065 0.23267 4.7556 1.9783e-06
OthercCC 1.0648 0.52826 2.0156 0.043841
AMBalance 1.0446 0.32197 3.2443 0.0011775

1200 observations, 1192 error degrees of freedom
Dispersion: 1
Chi”2-statistic vs. constant model: 88.5, p-value = 2.55e-16

Step 3. Create a new data set for scoring the creditscorecard object

Create a new data set that is used for scoring based on the previously created creditscorecard
object.
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tdata = data(1:10, mdl.PredictorNames);

tdata.CustAge(2) = NaN;

tdata.CustAge(5) = -5;

tdata.ResStatus(l) = '<undefined>';

tdata.ResStatus(3) = 'Landlord’;

tdata.EmpStatus(3) = '<undefined>';

tdata.CustIncome(4) = NaN;

tdata.EmpStatus(7) = 'Freelancer’;

tdata.CustIncome(8) = -1;

tdata.CustIncome(4) = NaN;

disp(tdata);

CustAge ResStatus EmpStatus CustIncome TmWBank OthercCC AMBalance

53 <undefined> Unknown 50000 55 Yes 1055.9
NaN Home Owner Employed 52000 25 Yes 1161.6
47 Landlord <undefined> 37000 61 No 877.23
50 Home Owner Employed NaN 20 Yes 157.37
-5 Home Owner Employed 53000 14 Yes 561.84
65 Home Owner Employed 48000 59 Yes 968.18
34 Home Owner Freelancer 32000 26 Yes 717.82
50 Other Employed -1 33 No 3041.2
50 Tenant Unknown 52000 25 Yes 115.56
49 Home Owner Unknown 53000 23 Yes 718.5

Use displaypoints to display the points per predictor. Use score to compute the credit scores

using the new data (tdata). Then use probdefault with the new data (tdata) to calculate

probability of default. When using formatpoints, the 'Missing' name-value pair argument is set
to 'minpoints' because tdata contains missing data.

PointsInfo = displaypoints(sc)

PointsInfo=38x3 table

Predictors Bin Points
{'CustAge' 1} {'[0,33)"' } -0.14173
{'CustAge' 1} {'[33,37)"' } -0.11095
{'CustAge' 1} {'[37,40)" } -0.059244
{'CustAge' 1} {'[40,46)" } 0.074167
{'CustAge' } {'[46,48)"' } 0.1889
{'CustAge' } {'[48,51)"' } 0.20204
{'CustAge' 1} {'[51,58)"' } 0.22935
{'CustAge' 1} {'[58,Inf]"' } 0.45019
{'CustAge' 1} {'<missing>' } 0.0096749
{'ResStatus'} {'Tenant' } -0.029778
{'ResStatus'} {'Home Owner'} 0.12425
{'ResStatus'} {'0Other' } 0.36796
{'ResStatus'} {'<missing>' } 0.1364
{'EmpStatus'} {'Unknown' } -0.075948
{'EmpStatus'} {'Employed' } 0.31401

{'<missing>"' } NaN

{'EmpStatus'}

[Scores, Points] =

score(sc, tdata)
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Scores = 10x1

1.2784
1.0071
NaN
NaN
0.9960
1.8771
NaN
NaN
1.0283
0.8095

Points=10x7 table

CustAge ResStatus EmpStatus CustIncome TmWBank OtherCC AMBalance
0.22935 0.1364 -0.075948 0.45309 0.3958 0.15715 -0.017438
0.0096749 0.12425 0.31401 0.45309 -0.033652 0.15715 -0.017438
0.1889 0.1364 NaN 0.080697 0.3958 -0.18537 -0.017438
0.20204 0.12425 0.31401 NaN -0.044701 0.15715 0.35539
0.0096749 0.12425 0.31401 0.45309 -0.044701 0.15715 -0.017438
0.45019 0.12425 0.31401 0.45309 0.3958 0.15715 -0.017438
-0.11095 0.12425 NaN -0.11452 -0.033652 0.15715 -0.017438
0.20204 0.36796 0.31401 NaN -0.033652 -0.18537 -0.21195
0.20204 -0.029778 -0.075948 0.45309 -0.033652 0.15715 0.35539
0.20204 0.12425 -0.075948 0.45309 -0.033652 0.15715 -0.017438
pd = probdefault(sc, tdata)
pd = 10x1
0.2178
0.2676
NaN
NaN
0.2697
0.1327
NaN
NaN
0.2634
0.3080

sc = formatpoints(sc, 'BasePoints',true, 'Missing', 'minpoints', '‘Round’, 'finalscore', 'Points0ddsAnd

PointsInfol = displaypoints(sc)

PointsInfol=39x3 table

Predictors Bin Points
{'BasePoints'} {'BasePoints'} 500.66
{'CustAge' } {'[0,33)" } -17.461
{'CustAge' } {'[33,37)"' } -15.24
{'CustAge' } {'[37,40)" } -11.511
{'CustAge' } {'[40,46)" } -1.8871
{'CustAge' } {'[46,48)" } 6.3888

3-59



3 Managing Consumer Credit Risk Using the Binning Explorer for Credit Scorecards

3-60

{'CustAge' } {'[48,51)"' } 7.3367
{'CustAge' } {'[51,58)" } 9.3068
{'CustAge' } {'[58,Inf]" } 25.238
{'CustAge' } {'<missing>"' } -6.5392
{'ResStatus"' } {'Tenant' } -9.3852
{'ResStatus"' } {'Home Owner'} 1.7253
{'ResStatus' } {'0Other' } 19.305
{'ResStatus' } {'<missing>"' } 2.6022
{'EmpStatus' } {'Unknown' } -12.716
{'EmpStatus' } {'Employed' } 15.414
[Scoresl, Pointsl] = score(sc, tdata)
Scoresl = 10x1
542
523
488
495
522
585
445
448
524
508
Points1=10x8 table
BasePoints CustAge ResStatus EmpStatus CustIncome TmWBank OtherCC AMBal:
500.66 9.3068 2.6022 -12.716 25.446 21.314 4.,0988 -8.¢
500.66 -6.5392 1.7253 15.414 25.446 -9.6646 4.0988 -8.¢
500.66 6.3888 2.6022 -12.716 -1.4161 21.314 -20.609 -8.¢
500.66 7.3367 1.7253 15.414 -42.148 -10.462 4.,0988 18.:
500.66 -6.5392 1.7253 15.414 25.446 -10.462 4.,0988 -8.¢
500.66 25.238 1.7253 15.414 25.446 21.314 4.0988 -8.¢
500.66 -15.24 1.7253 -12.716 -15.498 -9.6646 4,0988 -8.¢
500.66 7.3367 19.305 15.414 -42.148 -9.6646 -20.609 -22.!
500.66 7.3367 -9.3852 -12.716 25.446 -9.6646 4,0988 18.:
500.66 7.3367 1.7253 -12.716 25.446 -9.6646 4,0988 -8.¢
pdl = probdefault(sc, tdata)
pdl = 10x1
0.2178
0.2676
0.3721
0.3488
0.2697
0.1327
0.5178
0.5077
0.2634
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0.3080

Step 4. Create a compactCreditScorecard object from the creditscorecard object

Create a compactCreditScorecard object using the creditscorecard object as the input.
Alternatively, you can create the compactCreditScorecard object using the compact function in
Financial Toolbox™.

csc = compactCreditScorecard(sc)

csc =
compactCreditScorecard with properties:
Description: "'
GoodLabel: 0
ResponseVar: 'status'
Weightsvar: '
NumericPredictors: {'CustAge' 'CustIncome' 'TmWBank' 'AMBalance'}
CategoricalPredictors: {'ResStatus' 'EmpStatus' 'OtherCC'}
PredictorVars: {1x7 cell}

Step 5. Use associated functions to analyze the compactCreditScorecard object

You can analyze the compactCreditScorecard object with displaypoints, score, and
probdefault from Risk Management Toolbox™.

PointsInfo2 = displaypoints(csc)

PointsInfo2=39x3 table
Predictors Bin Points

{'BasePoints'} {'BasePoints'} 500.66
{'CustAge’ } {'[0,33)" } -17.461
{'CustAge’ } {'[33,37)" } -15.24
{'CustAge’ } {'[37,40)" } -11.511
{'CustAge’ } {'[40,46)" } -1.8871
{'CustAge’ } {'[46,48)" } 6.3888
{'CustAge’ } {'[48,51)" } 7.3367
{'CustAge’ } {'[51,58)" } 9.3068
{'CustAge' } {'[58,Inf]" } 25.238
{'CustAge' } {'<missing>"' } -6.5392
{'ResStatus' } {'Tenant' } -9.3852
{'ResStatus' } {'Home Owner'} 1.7253
{'ResStatus' } {'0Other' } 19.305
{'ResStatus' } {'<missing>"' } 2.6022
{'EmpStatus"' } {'Unknown' } -12.716

} {'Employed' } 15.414

{'EmpStatus’

[Scores2, Points2] = score(csc, tdata)

Scores2 = 10x1

542
523
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488
495
522
585
445
448
524
508

Points2=10x8 table

BasePoints CustAge ResStatus EmpStatus CustIncome TmWBank OtherCC AMBal:
500.66 9.3068 2.6022 -12.716 25.446 21.314 4.0988 -8.¢
500.66 -6.5392 1.7253 15.414 25.446 -9.6646 4.0988 -8.¢
500.66 6.3888 2.6022 -12.716 -1.4161 21.314 -20.609 -8.¢
500.66 7.3367 1.7253 15.414 -42.148 -10.462 4.0988 18.:
500.66 -6.5392 1.7253 15.414 25.446 -10.462 4.0988 -8.¢
500.66 25.238 1.7253 15.414 25.446 21.314 4.0988 -8.¢
500.66 -15.24 1.7253 -12.716 -15.498 -9.6646 4.0988 -8.¢
500.66 7.3367 19.305 15.414 -42.148 -9.6646 -20.609 -22.
500.66 7.3367 -9.3852 -12.716 25.446 -9.6646 4.0988 18.:
500.66 7.3367 1.7253 -12.716 25.446 -9.6646 4.0988 -8.¢

pd2 = probdefault(csc, tdata)
pd2 = 10x1

0.2178

0.2676

0.3721

0.3488

0.2697

0.1327

0.5178

0.5077

0.2634

0.3080

Compare the size of the creditscorecard and compactCreditScorecard objects.
whos ('dataMissing', 'sc', 'csc')
Name Size Bytes C(lass Attributes
csc 1x1 39598 compactCreditScorecard
dataMissing 1200x11 84603 table
sC 1x1 166575 creditscorecard

The size of the compactCreditScorecard object is lightweight compared to the
creditscorecard object. However, the compactCreditScorecard object cannot be directly
modified. If you need to change a compactCreditScorecard object, you must change the starting
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creditscorecard object, and then reconvert that object to create the compactCreditScorecard
object again.

See Also

creditscorecard | screenpredictors | autobinning | bininfo | predictorinfo |
modifypredictor | modifybins | bindata | plotbins | fitmodel | displaypoints |
formatpoints | score | setmodel | probdefault | validatemodel

Related Examples

“Common Binning Explorer Tasks” on page 3-4

“Credit Scorecard Modeling with Missing Values”

“Feature Screening with screenpredictors” on page 3-64

“Troubleshooting Credit Scorecard Results”

“Credit Rating by Bagging Decision Trees”

“Stress Testing of Consumer Credit Default Probabilities Using Panel Data” on page 3-36

More About

“Overview of Binning Explorer” on page 3-2

“About Credit Scorecards”

“Credit Scorecard Modeling Workflow”

Monotone Adjacent Pooling Algorithm (MAPA)

“Credit Scorecard Modeling Using Observation Weights”

External Websites

Credit Scorecard Modeling Using the Binning Explorer App (6 min 17 sec)
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This example shows how to perform predictor screening using screenpredictors and then set
predictor thresholds using the Threshold Predictors live task. Predictor screening using
screenpredictors is a type of univariate analysis performed as an early step in the “Credit
Scorecard Modeling Workflow”. Predictor screening is an important preprocessing step when you
work with credit scorecards, as data sets can be prohibitively large and have dozens or hundreds of
potential predictors.

The goal of screening predictors is to pare down the set of predictors to a subset that is more useful
in predicting the response variable based on the calculated metrics. You can set predictor thresholds
using the Threshold Predictors live task to select the top predictors as ranked by a given metric to
train your credit scorecards.

Load Data

The credit card data table contains a customer ID (CustID), nine predictors, and the response
variable (status). Some of the risk factors are more useful in predicting the probability of a loan
default, whereas others are less useful. The screening process helps you select the best subset of
predictors.

Although the data set in this example contains only a few predictors, in practice, credit scorecard
data sets can be very large. The predictor screening process is important as data sets grow to contain
dozens or hundreds of predictors.

% Load credit card data tables.
matFileName = fullfile(matlabroot, 'toolbox', 'finance', 'findemos', 'CreditCardData');
load(matFileName)

% Use the dataMissing data set, which contains some missing values.
data = dataMissing;

% Identify the ID and response variables.
idvar = 'CustID';
responsevar = 'status’';

% Examine the structure of the table.

disp(head(data));
CustID CustAge TmAtAddress ResStatus EmpStatus CustIncome TmwWBank
1 53 62 <undefined> Unknown 50000 55
2 61 22 Home Owner Employed 52000 25
3 47 30 Tenant Employed 37000 61
4 NaN 75 Home Owner Employed 53000 20
5 68 56 Home Owner Employed 53000 14
6 65 13 Home Owner Employed 48000 59
7 34 32 Home Owner Unknown 32000 26
8 50 57 Other Employed 51000 33

Add Additional Derived Predictors

Often, derivative predictors can capture additional information or produce better metrics results; for
example, the ratio of two predictors or a predictor transformation for predictor x, such as x~2 or
log(x). To demonstrate this, create two derived predictors and add them to the data set.
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data.BalanceUtilRatio = data.AMBalance ./ data.UtilRate;

data.BalanceIncomeRatio = data.AMBalance ./ data.CustIncome;

Compute Metrics

Use screenpredictors to compute several measures of risk factor predictiveness. The columns of
the output table contain the metrics values for the predictors. The table is sorted by the information

value (InfoValue).

T = screenpredictors(data, 'IDVar',idvar, 'ResponseVar', responsevar)

T=11x7 table

InfoValue AccuracyRatio AUROC Entropy Gini Chi2PVa
CustAge 0.17698 0.1672 0.5836 0.88795 0.42645 0.0020
TmWBank 0.15719 0.13612 0.56806 0.89167 0.42864 0.0054
CustIncome 0.15572 0.17758 0.58879 0.891 0.42731 0.0018:
BalanceIncomeRatio 0.097073 0.1278 0.5639 0.90024 0.43303 0.11¢
TmAtAddress 0.094574 0.010421 0.50521 0.90089 0.43377 0.
UtilRate 0.075086 0.035914 0.51796 0.90405 0.43575 0.45
AMBalance 0.07159 0.087142 0.54357 0.90446 0.43592 0.48!
BalanceUtilRatio 0.068955 0.026538 0.51327 0.90486 0.43614 0.52!
EmpStatus 0.048038 0.10886 0.55443 0.90814 0.4381 0.00037
OthercCC 0.014301 0.044459 0.52223 0.91347 0.44132 0.047
ResStatus 0.0095558 0.049855 0.52493 0.91446 0.44198 0.29

Set Threshold Metrics

Set thresholds for the predictors based on one or more metrics. Use the Threshold Predictors live

task to interactively select thresholds for one or more predictors. In the plot displayed for

Predictors, green bars indicate predictors that pass the threshold and red bars indicate predictors
that do not pass the threshold. You can omit predictors that do not "pass" the threshold from the final

data set.

Use the Threshold Predictors live task to select predictors based on their information value

(InfoValue) and accuracy ratio (AccuracyRatio). Additional thresholds can be set by adding the
desired metric using the Select threshold metrics drop-down control.
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Threshold Predictors Q0 :
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Display results
[] Display label table
Screening Summary

Summarize the thresholding results in table form. The lableTable output from the live task
indicates which of the predictors passed each of the threshold tests.

disp(labelTable)
InfoValue AccuracyRatio

CustAge Pass Pass
TmWBank Pass Pass
CustIncome Pass Pass
BalanceIncomeRatio Pass Pass
TmAtAddress Pass Fail
UtilRate Fail Fail
AMBalance Fail Pass
BalanceUtilRatio Fail Fail
EmpStatus Fail Pass
OtherCC Fail Fail
ResStatus Fail Fail

Reduce Table

Create a reduced table that contains only the passing predictors. Select only the predictors that pass
both of the threshold tests and create a reduced data set.

% Select predictors that pass at least 2 metric threshold tests.

all passes = labelTable.Variables == "Pass";

pass both idx = 2 <= sum(all passes,2);

selected predictors = T.Row(pass both idx);

% Trim the data table to contain only the ID, passing predictors, and
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Feature Screening with screenpredictors

% response.
top predictor table = data(:,[idvar; selected predictors; responsevar]);

Use creditscorecard to create a creditscorecard object that uses the reduced data set.

% Create the credit scorecard using the screened predictors.
sc = creditscorecard(top predictor_table, 'IDVar',idvar, 'ResponseVar', responsevar,...
'BinMissingData', true)

sc =
creditscorecard with properties:

GoodLabel: 0
ResponseVar: 'status'
WeightsVar: '
VarNames: {1x6 cell}
NumericPredictors: {1x4 cell}
CategoricalPredictors: {1x0 cell}
BinMissingData: 1
IDVar: 'CustID'
PredictorVars: {1x4 cell}
Data: [1200x6 table]

For more information on developing credit scorecards, see “Create Credit Scorecards”.

See Also

creditscorecard | screenpredictors | autobinning | bininfo | predictorinfo |
modifypredictor | modifybins | bindata | plotbins | fitmodel | displaypoints |
formatpoints | score | setmodel | probdefault | validatemodel

Related Examples

. “Common Binning Explorer Tasks” on page 3-4

. “Credit Scorecard Modeling with Missing Values”

. “Feature Screening with screenpredictors” on page 3-64
. “Troubleshooting Credit Scorecard Results”

. “Credit Rating by Bagging Decision Trees”
. “Stress Testing of Consumer Credit Default Probabilities Using Panel Data” on page 3-36

More About
. “Overview of Binning Explorer” on page 3-2
. “About Credit Scorecards”

. “Credit Scorecard Modeling Workflow”
. Monotone Adjacent Pooling Algorithm (MAPA)
. “Credit Scorecard Modeling Using Observation Weights”

External Websites
. Credit Scorecard Modeling Using the Binning Explorer App (6 min 17 sec)
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Use Reject Inference Techniques with Credit Scorecards

This example demonstrates the hard-cutoff and fuzzy augmentation approaches to reject inference.

Reject inference is a method for improving the quality of a credit scorecard by incorporating data
from rejected loan applications. Bias can result if a credit scorecard model is built only on accepts
and does not account for applications rejected because of past denials for credit or unknown
nondefault status. By using the reject inference method, you can infer the performance of rejects and
include them in your credit scorecard model to remedy this bias.

To develop a credit scorecard, you must identify each borrower as either "good" or "bad". For
rejected applications, information to identify borrowers as "good" or "bad" is not available. You
cannot tell for sure to which group a borrower would have belonged had they been granted a loan.
The reject inference method allows you to infer whether a borrower would likely be "good" or "bad"
enabling you to incorporate the rejected application data into the data set that you use to build a
credit scorecard.

As the diagram shows, reject inference requires that you determine the threshold (cutoff point) below
which rejects are considered as "bad." This example demonstrates the hard-cutoff and the fuzzy
augmentation approaches to calculate this threshold.

Rejects

Low PD, High PD,
° >

-
High Score Low Score
Threshold

Good
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The following diagram shows the typical process for building a scorecard model. The red box
represents the reject inference process, where the performance of the previously rejected
applications is estimated and then used to re-train the credit scorecard model.



Use Reject Inference Techniques with Credit Scorecards

Select
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The workflow for the reject inference process is:

Build a logistic regression model based on the accepts.

Infer the class of rejects using one of the reject inference techniques.

Combine the accepts and rejects into a single data set.

Create a new scorecard, bin the expanded data set, and build a new logistic model.
Validate the final model.

a A W N =

There are two types of reject inference:

» Simple assignment does not use a reject inference process and either ignores rejects or assigns all
rejects to the "bad" class.

* Augmentation uses a reject inference process to handle rejects based on a scoring model by
combining the original data set with the rejects data.

This example focuses on augmentation techniques. The most popular techniques for augmentation
are:

* Simple augmentation — Using a cutoff value, this method assigns rejects with scores below and
above the value to the "bad" or "good" class, respectively. The cutoff value must reflect that the
rate of bads in the rejects is higher than in the accepted population. After the class ("good" or
"bad") is assigned to the rejects, the entire population of accepts and rejects are fitted in the
credit scorecard model and then scored. This approach is also called the hard-cutoff technique.

* Fuzzy augmentation — This method scores the rejects by using a credit scorecard model based
on the accepts. These rejects are duplicated into two observations, where each is assigned a
probability of being "good" or "bad," and then aggregated to the accepts. A new credit scorecard
model is then estimated on the new data set.

In this example, the following workflows are presented:

* Hard-cutoff on page 3-0
* Fuzzy augmentation on page 3-0

Both of these approaches use the binning rules preserved from the original scorecard and apply them
to the new scorecard that is based on the combined data set.

Note: The data sets in this example are technically through-the-door (TTD) observations. That is,

accepts and rejects are lumped together and differentiated based on their accept or reject decision. A
rejects data set is then created from the TTD observations.
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Hard-Cutoff Technique Workflow

The hard-cutoff technique uses a predefined cutoff value and assigns rejects below the cutoff as "bad"
and above the cutoff as "good." The cutoff value must reflect that the rate of "bads" in the rejects is
higher than in the accepts. After each reject is assigned a class ("good" or "bad"), the entire
population of accepts and rejects is fitted in a credit scorecard model, and then that model is scored
and validated. This approach is also called the simple augmentation technique. The main challenge in
this approach is choosing the cutoff value.

First, visualize the data for accepts and rejects for a selected predictor.

% Load the data
load CreditCardData.mat
load RejectsCreditCardData.mat

Predictor = | CustAge - h
figure;

hl = histogram(data. (Predictor));
hold on

h2 = histogram(Rejects. (Predictor));
hl.Normalization = 'probability’;
h2.Normalization = 'probability’;

title(Predictor)

xlabel('Predictor Values')

ylabel('Normalized Count by Probability')

hold off
legend({'Accepts', 'Rejects'}, 'Location', 'best"');
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Create a creditscorecard Object for the Accepts and Score the Data

Use creditscorecard to create a creditscorecard object that you can use to bin, fit, and then

score the accepts.

= 1.1387992e-08
1.1192909e-06
= 0.00067025601
= 0.0041285257

0.020708306

0.042419078

scHC = creditscorecard(data, 'IDVar', 'CustID');

scHC = autobinning(scHC);

scHC = fitmodel(scHC);

1. Adding CustIncome, Deviance = 1490.8527, Chi2Stat = 32.588614, PValue

2. Adding TmWBank, Deviance = 1467.1415, Chi2Stat = 23.711203, PValue =

3. Adding AMBalance, Deviance = 1455.5715, Chi2Stat = 11.569967, PValue

4. Adding EmpStatus, Deviance = 1447.3451, Chi2Stat = 8.2264038, PValue

5. Adding CustAge, Deviance = 1441.994, Chi2Stat = 5.3511754, PValue =

6. Adding ResStatus, Deviance = 1437.8756, Chi2Stat = 4.118404, PValue

7. Adding OtherCC, Deviance = 1433.707, Chi2Stat = 4.1686018, PValue = 0.041179769

Generalized linear regression model:
status ~ [Linear formula with 8 terms in 7 predictors]
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) 0.70239 0.064001 10.975 5.0538e-28
CustAge 0.60833 0.24932 2.44 0.014687
ResStatus 1.377 0.65272 2.1097 0.034888
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EmpStatus 0.88565 0.293 3.0227 0.0025055
CustIncome 0.70164 0.21844 3.2121 0.0013179
TmWBank 1.1074 0.23271 4.7589 1.9464e-06
OthercCC 1.0883 0.52912 2.0569 0.039696
AMBalance 1.045 0.32214 3.2439 0.0011792

1200 observations, 1192 error degrees of freedom
Dispersion: 1
Chin2-statistic vs. constant model: 89.7, p-value = 1.4e-16

ScoreRange = [300 850];
scHC = formatpoints(scHC, 'WorstAndBestScores',ScoreRange);
ScoresAccepts = score(scHC);

Choose a Bad Rate and Score the Rejects

A reject is "good" or "bad" based on the specified bad rate (BR) value. In general, the credit scoring
industry assumes that rejects have a BR of 75%. This is a subjective evaluation that is usually based
on an unknown value. In this example, you can adjust the value of BR.

The CreditCardData.mat input data has 'status' as response. Assume that GoodLabel (which
means a nondefault) is the class that has a higher count in the response. In this example, GoodLabel
is 0, which means that default only happens when the response is equal to 1.

% Define the BR

Br = ©9-75 O ;

% Sort rejects by ascending CustID order
N = height(Rejects);

Rejects = sortrows(Rejects);
ScoresRejects = score(scHC,Rejects);

% Find the lowest quantile based on the BR and set the corresponding observations to bad
BadLabel = setdiff(unique(scHC.Data. (scHC.ResponseVar)),scHC.GoodLabel);

ScoreThres = quantile(ScoresRejects,BR);
ResponseRejects = zeros(N,1);
ResponseRejects(ScoresRejects < ScoreThres)
ResponseRejects(ScoresRejects >= ScoreThres)

BadLabel;
scHC.GoodLabel;

% Create the rejects table
RejectsTable = [Rejects table(ResponseRejects, 'VariableNames', {scHC.ResponseVar})];

Combine Accepts and Rejects Into a New Data Set, Score, and Validate

To draw a more accurate comparison between the accepts and the combined data set, use the same
binning rules from the initial accepts credit scorecard and copy them to the creditscorecard
object built on the combined dataset. This ensures that the binning assignment does not affect the
later comparison of the two credit scorecard models. Also, you can visualize how the rejects are
spread out in the data range of each predictor.

% Create the final combined scorecard
CombinedData = [data(:,2:end);RejectsTable(:,2:end)];
scNewHC = creditscorecard(CombinedData, 'GoodLabel',0);

% Bin using the same binning rules as the base scorecard
Predictors = scHC.PredictorVars;
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Edges = struct();
for i =1 : length(Predictors)
Pred = Predictors{i};
[bi,cp] = bininfo(scHC,Pred);
if ismember(Pred,scHC.NumericPredictors)
scNewHC = modifybins(scNewHC,Pred, 'CutPoints',cp);
else
scNewHC = modifybins(scNewHC,Pred, 'CatGrouping',cp);
end
Edges. (Pred) = bi.Bin(1l:end-1);
end

% Visualize the rejects distribution in each bin
bdl = bindata(scHC,data);
bd2 = bindata(scHC,CombinedData);

Predictor = [Cumﬁge - h

figure;

bar(categorical(Edges. (Predictor)),histcounts(bdl. (Predictor)))
hold on

bar(categorical (Edges. (Predictor)),histcounts(bd2. (Predictor)), 'FaceAlpha',0.25)
hold off

xlabel('Bins')

ylabel('Counts"')

legend({'Accepts Only', 'Combined'}, 'Location', 'best")
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Compare the initial creditscorecard object (scHC) to the new creditscorecard object
(scNewHC) for the distribution of "goods" and "bads" for the selected predictor.

plotbins(scHC,Predictor);
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plotbins(scNewHC,Predictor);
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Fit a logistic regression model for the creditscorecard object scNewHC and then score scNewHC.
scNewHC = fitmodel(scNewHC);

. Adding CustIncome, Deviance = 1693.9882, Chi2Stat = 114.39516, PValue = 1.0676416e-26
. Adding TmWBank, Deviance = 1650.6615, Chi2Stat = 43.326628, PValue = 4.6323638e-11

. Adding AMBalance, Deviance = 1623.0668, Chi2Stat = 27.594773, PValue = 1.4958244e-07
. Adding EmpStatus, Deviance = 1603.603, Chi2Stat = 19.463733, PValue = 1.0252802e-05

. Adding CustAge, Deviance = 1592.3467, Chi2Stat = 11.256272, PValue = 0.00079354409

. Adding ResStatus, Deviance = 1582.0086, Chi2Stat = 10.338134, PValue = 0.0013030966

. Adding OtherCC, Deviance = 1572.1, Chi2Stat = 9.9086387, PValue = 0.0016450476

NoubhWwWNRE

Generalized linear regression model:
status ~ [Linear formula with 8 terms in 7 predictors]
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) 0.48115 0.061301 7.849 4.1925e-15
CustAge 0.50857 0.14449 3.5197 0.00043207
ResStatus 1.151 0.34773 3.3101 0.00093262
EmpStatus 0.78527 0.17826 4.4051 1.0572e-05
CustIncome 0.68743 0.12372 5.5563 2.7555e-08
TmWBank 1.0001 0.16731 5.9779 2.2607e-09
O0thercCC 0.97659 0.30956 3.1548 0.0016062
AMBalance 0.91563 0.19073 4.8006 1.5819e-06
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1361 observations, 1353 error degrees of freedom
Dispersion: 1
Chi~2-statistic vs. constant model: 236, p-value = 2.29e-47

scNewHC = formatpoints(scNewHC, 'WorstAndBestScores',ScoreRange);
Scores = score(scNewHC);

% Visualize the score distribution
histogram(ScoresAccepts)

hold on

histogram(Scores, 'FaceAlpha',0.25)

hold off

ylabel('Counts"')

xlabel('Scores"')

title(sprintf('Score Distribution for a BR = %.2f',BR))
legend({'Accepts Only', 'Combined'}, 'Location', 'best")
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Validate the Model on the Combined Data Set
Before validation, you must adjust the data set. To adjust the data set, you can either:

* Validate the accepts for both scorecards
¢ Validate the combined data set for both scorecards

% Get statistics for the accepts
StatsAl = validatemodel(scHC);
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StatsA2 = validatemodel (scNewHC,data);

% Get the statistics for the combined data set

StatsCl = validatemodel(scHC,CombinedData);
StatsC2 = validatemodel(scNewHC);
sl table(StatsAl.Value,StatsA2.Value, 'VariableNames', {'BaseScorecard', 'CombinedScorecard'});

s2 table(StatsCl.Value,StatsC2.Value, 'VariableNames', {'BaseScorecard', 'CombinedScorecard'});
Stats = table(StatsAl.Measure,sl,s2, 'VariableNames', {'Measure', 'Accepts', 'Combined'});
disp(Stats)

Measure Accepts Combined
BaseScorecard CombinedScorecard BaseScorecard CombinedS
{'Accuracy Ratio' } 0.32258 0.31695 0.47022 0.46!
{'Area under ROC curve'} 0.66129 0.65848 0.73511 0.73
{'KS statistic' } 0.2246 0.22946 0.34528 0.33
{'KS score' } 550.72 576.57 512.44 542

Fuzzy Augmentation Technique Workflow

The Fuzzy augmentation technique starts by building a scorecard using the accepts only and then this
scorecard model is used to score the rejects. Unlike the hard-cutoff technique, the fuzzy
augmentation approach does not assign "good" or "bad" classes. Rather, each reject is duplicated into
two observations and assigned a weighted "good" or "bad" value, based on a probability of being
"good" or "bad." The weighted rejects are then added to the accepts data set and the combined data
set is used to create a scorecard that is then fit and validated.

First, visualize the data for accepts and rejects for a selected predictor.

% Load the data

matFileName = fullfile(matlabroot, 'toolbox', 'finance','findemos', 'CreditCardData');
load (matFileName)

load RejectsCreditCardData.mat

Predictor = LCUHAQE - h
figure;

hl = histogram(data. (Predictor));
hold on

h2 = histogram(Rejects. (Predictor));
hl.Normalization = 'probability’;
h2.Normalization = 'probability’;
title(Predictor)

xlabel('Predictor values')

ylabel('Normalized Count by Probability")

hold off
legend({'Accepts', 'Rejects'}, 'Location', 'best"');
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Create a creditscorecard Object for the Accepts and Score the Data

Use creditscorecard to create a creditscorecard object for the accepts, which you can bin, fit,

and then score.

1.1387992e-08

0.00067025601

0.0041285257
0.020708306
0.042419078

scFA = creditscorecard(data, 'IDVar', 'CustID');

scFA = autobinning(scFA);

scFA = fitmodel(scFA);

1. Adding CustIncome, Deviance = 1490.8527, Chi2Stat = 32.588614, PValue =

2. Adding TmwWBank, Deviance = 1467.1415, Chi2Stat = 23.711203, PValue = 1.1192909e-06
3. Adding AMBalance, Deviance = 1455.5715, Chi2Stat = 11.569967, PValue =

4. Adding EmpStatus, Deviance = 1447.3451, Chi2Stat = 8.2264038, PValue =

5. Adding CustAge, Deviance = 1441.994, Chi2Stat = 5.3511754, PValue =

6. Adding ResStatus, Deviance = 1437.8756, Chi2Stat = 4.118404, PValue =

7. Adding OtherCC, Deviance = 1433.707, Chi2Stat = 4.1686018, PValue = 0.041179769

Generalized linear regression

model:

status ~ [Linear formula with 8 terms in 7 predictors]

Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) 0.70239 0.064001 10.975 5.0538e-28
CustAge 0.60833 0.24932 2.44 0.014687
ResStatus 1.377 0.65272 2.1097 0.034888
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EmpStatus 0.88565 0.293 3.0227 0.0025055
CustIncome 0.70164 0.21844 3.2121 0.0013179
TmWBank 1.1074 0.23271 4.7589 1.9464e-06
OthercCC 1.0883 0.52912 2.0569 0.039696
AMBalance 1.045 0.32214 3.2439 0.0011792

1200 observations, 1192 error degrees of freedom
Dispersion: 1
Chin2-statistic vs. constant model: 89.7, p-value = 1.4e-16

ScoreRange = [300 850];

scFA = formatpoints(scFA, 'WorstAndBestScores',ScoreRange);
ScoresAccepts = score(scFA);

Score the Rejects and Create the Combined Data Set

% Load the rejects dataset and score the observations
load RejectsCreditCardData.mat

ScoresRejects = score(scFA,Rejects);

% Compute the probabilities of default and use as weights
pdRejects = probdefault(scFA,Rejects);

% Assign bad status to pd (probability of default) and good status to 1-pd weights

BadLabel = setdiff(unique(scFA.Data. (scFA.ResponseVar)),scFA.GoodLabel);
Weights = zeros(2*length(pdRejects),1);

Response = zeros(2*length(pdRejects),1);

Weights(1l:2:end) pdRejects;

Response(1l:2:end) BadLabel;

Weights(2:2:end)
Response(2:2:end)

1-pdRejects;
scFA.GoodLabel;

% Rearrange the response so that each two rows correspond to the same
% observation from rejects

RejectsTable = repelem(Rejects(:,2:end),2,1);
RejectsTable = addvars(RejectsTable,Weights,Response, 'NewVariableNames', ...
{'Weights',scFA.ResponseVar});

% Combine accepts and rejects

AcceptsData = addvars(data,ones(height(data),1l), 'Before',scFA.ResponseVar,...
'NewVariableNames', 'Weights');

CombinedData = [AcceptsData(:,2:end);RejectsTable];

Combine Accepts and Rejects into a New Data Set, Score, and Validate

To draw a more accurate comparison between the accepts and the combined data set, use the same
binning rules from the initial accepts credit scorecard and copy them to the creditscorecard
object built on the combined dataset. This ensures that the binning assignments does not affect the
later comparison of the two credit scorecard models. Also, you can visualize how the rejects are
spread out in the data range of each predictor.

scNewFA = creditscorecard(CombinedData, 'GoodLabel',0, 'WeightsVar', 'Weights');
% Bin using the same binning rules as the base scorecard

Predictors = scFA.PredictorVars;
Edges = struct();
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for i =1 : length(Predictors)
Pred = Predictors{i};
[bi,cp] = bininfo(scFA,Pred);
if ismember(Pred,scFA.NumericPredictors)
scNewFA = modifybins(scNewFA,Pred, 'CutPoints',cp);
else
scNewFA = modifybins(scNewFA,Pred, 'CatGrouping',cp);
end
Edges. (Pred) = bi.Bin(1l:end-1);
end

sualize the rejects distribution in each bin
bindata(scFA,data);

bindata(scFA,CombinedData);

Predictor = [Cumﬁge i h

figure;

bar(categorical (Edges. (Predictor)),histcounts(bdl. (Predictor)))
hold on

bar(categorical(Edges. (Predictor)),histcounts(bd2. (Predictor)), 'FaceAlpha',0.25)
hold off

xlabel('Bins"')

ylabel('Counts"')

legend({'Accepts Only', 'Combined'}, 'Location', 'best")
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Compare the initial creditscorecard object (scFA) to the new creditscorecard object
(scNewFA) for the distribution of "goods" and "bads" for the selected predictor.
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plotbins(scFA,Predictor);
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plotbins(scNewFA,Predictor);
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Fit a logistic regression model for the creditscorecard object scNewFA and then score scNewFA.

scNewFA = fitmodel(scNewFA);

1. Adding CustIncome, Deviance = 1711.3102, Chi2Stat = 54.160619, PValue = 1.8475277e-13
2. Adding TmwWBank, Deviance = 1682.5353, Chi2Stat = 28.774866, PValue = 8.1299351e-08

3. Adding AMBalance, Deviance = 1668.2956, Chi2Stat = 14.239727, PValue = 0.00016093686
4. Adding EmpStatus, Deviance = 1658.2944, Chi2Stat = 10.001236, PValue = 0.001564352

5. Adding CustAge, Deviance = 1652.3976, Chi2Stat = 5.8967925, PValue = 0.015168483

6. Adding OtherCC, Deviance = 1647.7632, Chi2Stat = 4.6344022, PValue = 0.031337059

7 — -

. Adding ResStatus, Deviance = 1642.8332, Chi2Stat 4.,9299914, PValue 0.026394448
Generalized linear regression model:
status ~ [Linear formula with 8 terms in 7 predictors]

Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) 0.60838 0.059654 10.198 2.0142e-24
CustAge 0.50755 0.20092 2.5262 0.011532
ResStatus 1.082 0.48919 2.2119 0.026971
EmpStatus 0.74776 0.23526 3.1784 0.0014809
CustIncome 0.6372 0.17519 3.6371 0.00027567
TmWBank 0.96561 0.19664 4.9106 9.0815e-07
O0thercCC 0.90699 0.40476 2.2408 0.025039
AMBalance 0.87642 0.25404 3.4499 0.00056077
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1522 observations, 1514 error degrees of freedom
Dispersion: 1
Chi”2-statistic vs. constant model: 123, p-value = 2.16e-23

scNewFA = formatpoints(scNewFA, 'WorstAndBestScores',ScoreRange);
Scores = score(scNewFA);
pd = probdefault(scNewFA);

% Visualize the score distribution
histogram(ScoresAccepts)

hold on

histogram(Scores, 'FaceAlpha',0.25)

hold off

ylabel('Counts"')

xlabel('Scores"')

title('Score Distribution Using Fuzzy Augmentation')
legend({'Accepts Only', 'Combined'}, 'Location', 'best")

Score Distribution Using Fuzzy Augmentation
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[ |Combined
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Validate the Model on the Combined Data Set

Before validation, you must adjust the data set. To adjust the data set, you can either:

* Validate the accepts for both scorecards
¢ Validate the combined data set for both scorecards
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% Get statistics for the accepts

data.Weights = ones(height(data),1l);

StatsAl = validatemodel(scFA);

StatsA2 = validatemodel(scNewFA,data);

% Get the statistics for the combined data set
StatsCl = validatemodel(scFA,CombinedData);
StatsC2 = validatemodel(scNewFA);

sl able(StatsAl.Value,StatsA2.Value, 'VariableNames', {'BaseScorecard', 'CombinedScorecard'});
s2 = table(StatsCl.Value,StatsC2.Value, 'VariableNames',{'BaseScorecard', 'CombinedScorecard'});
Stats = table(StatsAl.Measure,sl,s2, 'VariableNames', {'Measure', 'Accepts', 'Combined'});
disp(Stats)

~+

Measure Accepts Combined
BaseScorecard CombinedScorecard BaseScorecard CombinedS
{'Accuracy Ratio' } 0.32258 0.32088 0.29419 0.35
{'Area under ROC curve'} 0.66129 0.66044 0.64709 0.67!
{'KS statistic' } 0.2246 0.22799 0.22596 0.25¢
{'KS score' } 550.72 554.84 512.44 520

Summary

This example demonstrates how to use a reject inference process within the framework of the credit
scorecard workflow. The Hard-Cutoff and the Fuzzy Augmentation techniques show how you can bin
the data, fit a model, integrate the rejects with the accepts into a new credit scorecard model, and
then validate the new credit scorecard model.

There is no clear-cut conclusion for which of these reject inference approaches is the best. This
example is intended to illustrate how to use the features of creditscorecard to implement two
different reject inference approaches.

References
1 Baesesn, B., D. Rosch, and H. Scheule. Credit Risk Analytics: Measurement Techniques,

Applications and Examples in SAS. Wiley and SAS Business Series, 2016.
2  Refaat, M. Credit Risk Scorecards: Development and Implementation Using SAS. lulu.com, 2011.

See Also

creditscorecard | screenpredictors | autobinning | bininfo | predictorinfo |
modifypredictor |modifybins | bindata | plotbins | fitmodel | displaypoints |
formatpoints | score | setmodel | probdefault | validatemodel

Related Examples

. “Common Binning Explorer Tasks” on page 3-4

. “Credit Scorecard Modeling with Missing Values”

. “Feature Screening with screenpredictors” on page 3-64

. “Troubleshooting Credit Scorecard Results”

. “Credit Rating by Bagging Decision Trees”

. “Stress Testing of Consumer Credit Default Probabilities Using Panel Data” on page 3-36
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More About
. “Overview of Binning Explorer” on page 3-2
. “About Credit Scorecards”

. “Credit Scorecard Modeling Workflow”
. Monotone Adjacent Pooling Algorithm (MAPA)
. “Credit Scorecard Modeling Using Observation Weights”

External Websites
. Credit Scorecard Modeling Using the Binning Explorer App (6 min 17 sec)
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Comparison of Credit Scoring Using Logistic Regression and
Decision Trees
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This example shows the workflow for creating and comparing two credit scoring models: a credit
scoring model based on logistic regression and a credit scoring model based on decision trees.

Credit rating agencies and banks use challenger models to test the credibility and goodness of a
credit scoring model. In this example, the base model is a logistic regression model and the
challenger model is a decision tree model.

Logistic regression links the score and probability of default (PD) through the logistic regression
function, and is the default fitting and scoring model when you work with creditscorecard objects.
However, decision trees have gained popularity in credit scoring and are now commonly used to fit
data and predict default. The algorithms in decision trees follow a top-down approach where, at each
step, the variable that splits the dataset "best" is chosen. "Best" can be defined by any one of several
metrics, including the Gini index, information value, or entropy. For more information, see “Decision
Trees”.

In this example, you:

» Use both a logistic regression model and a decision tree model to extract PDs.

» Validate the challenger model by comparing the values of key metrics between the challenger
model and the base model.

Compute Probabilities of Default Using Logistic Regression

First, create the base model by using a creditscorecard object and the default logistic regression
function fitmodel. Fit the creditscorecard object by using the full model, which includes all
predictors for the generalized linear regression model fitting algorithm. Then, compute the PDs using
probdefault. For a detailed description of this workflow, see “Case Study for Credit Scorecard
Analysis”.

% Create a creditscorecard object, bin data, and fit a logistic regression model
load CreditCardData.mat

scl = creditscorecard(data, 'IDVar', 'CustID');
scl = autobinning(scl);
scl = fitmodel(scl, 'VariableSelection', 'fullmodel');

Generalized linear regression model:
status ~ [Linear formula with 10 terms in 9 predictors]
Distribution = Binomial

Estimated Coefficients:

Estimate SE tStat pValue
(Intercept) 0.70246 0.064039 10.969 5.3719e-28
CustAge 0.6057 0.24934 2.4292 0.015131
TmAtAddress 1.0381 0.94042 1.1039 0.26963
ResStatus 1.3794 0.6526 2.1137 0.034538
EmpStatus 0.89648 0.29339 3.0556 0.0022458
CustIncome 0.70179 0.21866 3.2095 0.0013295
TmWBank 1.1132 0.23346 4.7683 1.8579¢e-06
OthercCC 1.0598 0.53005 1.9994 0.045568
AMBalance 1.0572 0.36601 2.8884 0.0038718
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UtilRate -0.047597 0.61133 -0.077858 0.93794

1200 observations, 1190 error degrees of freedom
Dispersion: 1
Chi”2-statistic vs. constant model: 91, p-value = 1.05e-15

% Compute the corresponding probabilities of default
pdL = probdefault(scl);

Compute Probabilities of Default Using Decision Trees

Next, create the challenger model. Use the Statistics and Machine Learning Toolbox™ method
fitctree to fit a Decision Tree (DT) to the data. By default, the splitting criterion is Gini's diversity
index. In this example, the model is an input argument to the function, and the response 'status'
comprises all predictors when the algorithm starts. For this example, see the name-value pairs in
fitctree to the maximum number of splits to avoid overfitting and specify the predictors as
categorical.

% Create and view classification tree

CategoricalPreds = {'ResStatus', 'EmpStatus', 'OtherCC'};

dt = fitctree(data, 'status~CustAge+TmAtAddress+ResStatus+EmpStatus+CustIncome+TmWBank+0therCC+Ut
'"MaxNumSplits',30, 'CategoricalPredictors',CategoricalPreds);

disp(dt)

ClassificationTree
PredictorNames: {1x8 cell}
ResponseName: 'status'
CategoricalPredictors: [3 4 7]
ClassNames: [0 1]
ScoreTransform: 'none'
NumObservations: 1200

The decision tree is shown below. You can also use the view function with the name-value pair
argument 'mode’ setto 'graph' to visualize the tree as a graph.

view(dt)

Decision tree for classification

1 if CustIncome<30500 then node 2 elseif CustIncome>=30500 then node 3 else 0

2 if TmWBank<60 then node 4 elseif TmWBank>=60 then node 5 else 1

3 if TmWBank<32.5 then node 6 elseif TmWBank>=32.5 then node 7 else 0

4 if TmAtAddress<13.5 then node 8 elseif TmAtAddress>=13.5 then node 9 else 1

5 if UtilRate<0.255 then node 10 elseif UtilRate>=0.255 then node 11 else 0

6 1if CustAge<60.5 then node 12 elseif CustAge>=60.5 then node 13 else 0

7 1if CustAge<46.5 then node 14 elseif CustAge>=46.5 then node 15 else 0

8 if CustIncome<24500 then node 16 elseif CustIncome>=24500 then node 17 else 1

9 if TmWBank<56.5 then node 18 elseif TmWBank>=56.5 then node 19 else 1

10 if CustAge<2l1.5 then node 20 elseif CustAge>=21.5 then node 21 else 0

11 class =1

12 if EmpStatus=Employed then node 22 elseif EmpStatus=Unknown then node 23 else 0
13 if TmAtAddress<131 then node 24 elseif TmAtAddress>=131 then node 25 else 0

14 if TmAtAddress<97.5 then node 26 elseif TmAtAddress>=97.5 then node 27 else 0
15 class = 0

16 class =0

17 if ResStatus in {Home Owner Tenant} then node 28 elseif ResStatus=0ther then node 29 else 1
18 if TmWBank<52.5 then node 30 elseif TmWBank>=52.5 then node 31 else 0

19 class =1
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20 class 1

21 class 0

22 if UtilRate<0.375 then node 32 elseif UtilRate>=0.375 then node 33 else 0

23 if UtilRate<0.005 then node 34 elseif UtilRate>=0.005 then node 35 else 0

24 if CustIncome<39500 then node 36 elseif CustIncome>=39500 then node 37 else 0
25 class =1

26 if UtilRate<0.595 then node 38 elseif UtilRate>=0.595 then node 39 else 0

27 class =1
28 class =1
29 class =0
30 class =1
31 class =0
32 class =0

33 if UtilRate<0.635 then node 40 elseif UtilRate>=0.635 then node 41 else 0

34 if CustAge<49 then node 42 elseif CustAge>=49 then node 43 else 1

35 if CustIncome<57000 then node 44 elseif CustIncome>=57000 then node 45 else 0
36 class =1

37 class =0
38 class =0
39 if CustIncome<34500 then node 46 elseif CustIncome>=34500 then node 47 else 1
40 <class =1
41 class = 0
42 <class =1
43 class = 0
44 class = 0
45 <class =1
46 class = 0
47 class =1

When you use fitctree, you can adjust the “Name-Value Pair Arguments” depending on your use
case. For example, you can set a small minimum leaf size, which yields a better accuracy ratio (see
Model Validation on page 3-0 ) but can result in an overfitted model.

The decision tree has a predict function that, when used with a second and third output argument,
gives valuable information.

% Extract probabilities of default
[~,0bservationClassProb,Node] = predict(dt,data);
pdDT = ObservationClassProb(:,2);

This syntax has the following outputs:

* ObservationClassProb returns a NumObs-by-2 array with class probability at all observations.
The order of the classes is the same as in dt.ClassName. In this example, the class names are [0
1] and the good label, by choice, based on which class has the highest count in the raw data, is 0.
Therefore, the first column corresponds to nondefaults and the second column to the actual PDs.
The PDs are needed later in the workflow for scoring or validation.

* Node returns a NumObs-by-1 vector containing the node numbers corresponding to the given
observations.

Predictor Importance

In predictor (or variable) selection, the goal is to select as few predictors as possible while retaining
as much information (predictive accuracy) about the data as possible. In the creditscorecard
class, the fitmodel function internally selects predictors and returns p-values for each predictor.
The analyst can then, outside the creditscorecard workflow, set a threshold for these p-values and
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choose the predictors worth keeping and the predictors to discard. This step is useful when the
number of predictors is large.

Typically, training datasets are used to perform predictor selection. The key objective is to find the
best set of predictors for ranking customers based on their likelihood of default and estimating their
PDs.

Using Logistic Regression for Predictor Importance

Predictor importance is related to the notion of predictor weights, since the weight of a predictor
determines how important it is in the assignment of the final score, and therefore, in the PD.
Computing predictor weights is a back-of-the-envelope technique whereby the weights are
determined by dividing the range of points for each predictor by the total range of points for the
entire creditscorecard object. For more information on this workflow, see “Case Study for Credit
Scorecard Analysis”.

For this example, use formatpoints with the option Points0ddsandPDO for scaling. This is not a
necessary step, but it helps ensure that all points fall within a desired range (that is, nonnegative
points). The Points0ddsandPDO scaling means that for a given value of TargetPoints and
Target0dds (usually 2), the odds are "double", and then formatpoints solves for the scaling
parameters such that PDO points are needed to double the odds.

% Choose target points, target odds, and PDO values
TargetPoints = 500;

TargetOdds = 2;

PDO = 50;

% Format points and compute points range

scl = formatpoints(scl, 'Points0ddsAndPDO"', [TargetPoints TargetOdds PDO]);
[PointsTable,MinPts,MaxPts] = displaypoints(scl);

PtsRange = MaxPts - MinPts;

disp(PointsTable(1:10,:))

Predictors Bin Points
{'CustAge' } {'[-Inf,33)"'} 37.008
{'CustAge' } {'[33,37)" } 38.342
{'CustAge' } {'[37,40)" } 44.091
{'CustAge' } {'[40,46)"' } 51.757
{'CustAge' } {'[46,48)"' } 63.826
{'CustAge' } {'[48,58)"' } 64.97
{'CustAge' } {'[58,Inf]"' } 82.826
{'CustAge" } {'<missing>"} NaN
{'TmAtAddress'} {'[-Inf,23)"'} 49,058
{'TmAtAddress'} {'[23,83)' } 57.325

fprintf('Minimum points: %g, Maximum points: %g\n',MinPts,MaxPts)
Minimum points: 348.705, Maximum points: 683.668

The weights are defined as the range of points, for any given predictor, divided by the range of points
for the entire scorecard.

Predictor = unique(PointsTable.Predictors, 'stable');

NumPred = length(Predictor);
Weight = zeros(NumPred,1);
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for ii = 1 : NumPred
Ind = strcmpi(Predictor{ii},PointsTable.Predictors);

MaxPtsPred = max(PointsTable.Points(Ind));

MinPtsPred = min(PointsTable.Points(Ind));

Weight(ii) = 100*(MaxPtsPred-MinPtsPred)/PtsRange;
end

PredictorWeights = table(Predictor,Weight);
PredictorWeights(end+1,:) = PredictorWeights(end,:);
PredictorWeights.Predictor{end} = 'Total"';
PredictorWeights.Weight(end) = sum(Weight);
disp(PredictorWeights)

Predictor Weight
{'CustAge' } 13.679
{'TmAtAddress'} 5.1564
{'ResStatus' } 8.7945
{'EmpStatus' } 8.519
{'CustIncome' } 19.259
{' TmwWBank } 24.557
{'0therCC' } 7.3414
{'AMBalance' } 12.365
{'UtilRate’ } 0.32919
{'Total' } 100

% Plot a histogram of the weights

figure

bar(PredictorWeights.Weight(1l:end-1))
title('Predictor Importance Estimates Using Logit');
ylabel('Estimates (%)');

xlabel('Predictors');
xticklabels(PredictorWeights.Predictor(1l:end-1));
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Predictor Importance Estimates Using Logit
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Using Decision Trees for Predictor Importance

When you use decision trees, you can investigate predictor importance using the
predictorImportance function. On every predictor, the function sums and normalizes changes in
the risks due to splits by using the number of branch nodes. A high value in the output array indicates

a strong predictor.

imp = predictorImportance(dt);

figure;

bar(100*imp/sum(imp)); % to normalize on a 0-100% scale
title('Predictor Importance Estimates Using Decision Trees');
ylabel('Estimates (%)');

xlabel('Predictors');

xticklabels(dt.PredictorNames);
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Predictor Importance Estimates Using Decision Trees
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In this case, 'CustIncome' (parent node) is the most important predictor, followed by 'UtilRate’,
where the second split happens, and so on. The predictor importance step can help in predictor

screening for datasets with a large number of predictors.

Notice that not only are the weights across models different, but the selected predictors in each
model also diverge. The predictors 'AMBalance' and 'OtherCC' are missing from the decision tree
model, and 'UtilRate’ is missing from the logistic regression model.

Normalize the predictor importance for decision trees using a percent from 0 through 100%, then

compare the two models in a combined histogram.

Ind = ismember(Predictor,dt.PredictorNames);
w = zeros(size(Weight));

w(Ind) = 100*imp'/sum(imp);

figure

bar([Weight,w]);

title('Predictor Importance Estimates');
ylabel('Estimates (%)');
xlabel('Predictors');

h = gca;

xticklabels(Predictor)
legend({'logit"', 'DT"'})
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Predictor Importance Estimates
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Note that these results depend on the binning algorithm you choose for the creditscorecard
object and the parameters used in fitctree to build the decision tree.

Model Validation

The creditscorecard function validatemodel attempts to compute scores based on internally
computed points. When you use decision trees, you cannot directly run a validation because the
model coefficients are unknown and cannot be mapped from the PDs.

To validate the creditscorecard object using logistic regression, use the validatemodel
function.

% Model validation for the creditscorecard
[StatsL,tL] = validatemodel(scl);

To validate decision trees, you can directly compute the statistics needed for validation.

% Compute the Area under the ROC

[x,y,t,AUC] = perfcurve(data.status,pdDT,1);
KSValue = max(y - Xx);

AR = 2 * AUC - 1;

% Create Stats table output
Measure = {'Accuracy Ratio', 'Area Under ROC Curve', 'KS Statistic'}"';
Value = [AR;AUC;KSValue];

StatsDT = table(Measure,Value);
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ROC Curve

The area under the receiver operating characteristic (AUROC) curve is a performance metric for
classification problems. AUROC measures the degree of separability — that is, how much the model
can distinguish between classes. In this example, the classes to distinguish are defaulters and
nondefaulters. A high AUROC indicates good predictive capability.

The ROC curve is plotted with the true positive rate (also known as the sensitivity or recall) plotted
against the false positive rate (also known as the fallout or specificity). When AUROC = 0.7, the model
has a 70% chance of correctly distinguishing between the classes. When AUROC = 0.5, th