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Statistical Models for Uncertainty
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Statistical Models for Uncertainty

Issues in Inference and Validation

Prediction of the default probability 6 for a portfolio of loans.
Modeling of uncertainty through probabilities: forecast uncertainty,
parameter uncertainty, etc.

Combination of expert and data information

Result: Posterior distribution for next-period's default rate 671
(in a specified bucket)

Validation: How well can default rates be predicted?

Problem: Overrejection of "good” models using standard tests
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Statistical Models for Uncertainty

Validation: Sources of Forecast Uncertainty

Typically, a model is used to forecast 611, that forecast, 9";“, is
regarded as a fixed number, and the sampling distribution of the
period T + 1 default rate 6?/73 is used to test Hyp : 0741 = 9§-+1.
It is widely thought that this procedure leads to too many
rejections.

There are two different sources of uncertainty about 07141,

1) that generated by the economic model given parameter values,
2) that generated by parameter uncertainty.
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Economic Models for Defaults

Model 1: Binomial

The value of the ith asset in time t is
Vit = €t

Default occurs if vi < T
d; = 1 for default, otherwise d; = 0.
The distribution of djis p(d;|0) = 6% (1 — )*~9, where § = &(T*)
D = {d;,i =1,...,n} is the whole data set; r = r(D) =), d
Then

p(D) = p(r) = 07(1 - 0)""
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Economic Models for Defaults

Extensions: Models 2 & 3

Model 2: Single-Factor Model (B2)

vie = p x4+ (1= p) %€

Xt is a common shock, inducing correlation p across asset values
For p # 0 there is random variation in the default probability over
time and this induces correlation in defaults across assets within a
period.

Model 3 adds temporal correlation in x; so this period’s realized
default rate helps predict next period’s.
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Data and Results

Data and Estimation

Sample: mid-portfolio corporate bonds from S&P-rated firms in
the KMV North American Non-Financial Dataset.

Cohorts of firms starting in September 1993 and running through
September 2004.

2197 asset/years of data and 20 defaults: empirical rate 0.00913.
The binomial model is straightforward using direct calculations
involving numerical integration

Model 2,and Model 3 are analyzed using MCMC.
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Data and Results

Distributions of Forecasts Given Parameters

In Model 1, the default rate is constant over time so the T +1
forecast default rate 6%, is simply E(6|R) =0.0096.

In Model 2, the density of the default rate 81,1 conditional on
n=(6,7) has E(6141|0,p, R) = 0.010 and o6,,, = 0.009

4=0010, r=0096
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Data and Results

Distributions of Forecasts Given Parameters

In Model 3 The period T default rate is useful in predicting 0741
because of the dynamics of x;.E(6741|07 = 0.004,0,p,R) =
0.007 with oy,,, = 0.006, and E(6741|07 = 0.015,0,p, R) =
0.016 with og,,, = 0.013.
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Data and Results

Unconditional Forecast Distribution: Binomial
model
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This density has E(6|R) =0.0096 and oy = 0.0012..
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Data and Results

Unconditional Forecast Distribution: Model 2
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E(07+1|R) =0.010 and 0g,,, =0.010. The variation predicted by
the one-factor model increases the prediction se by a factor of 8.
Unconditioning only adds about 11%
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Data and Results

Unconditional Forecast Distribution: Model 3

E(0741|07 = 0.004,0, p, R) = 0.006 with gp,,, = 0.004, and
E(0741|07 = 0.015,0, p, R) = 0.014 with 0p,,, = 0.010
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Data and Results

Table 1: Highest Posterior Density Intervals

Model

p=.9

p=.75

p=.5

Binomial

0.0096

0.0096

0.0096

2 — parameter

0.0008, 0.0241

0.0008, 0.01506

0.0012, 0.0089

3—p, 07 =0.004

0.0002, 0.0143

0.0007, 0.0093

0.0006, 0.0053

3—p,0r =0.015

0.0009, 0.0346

0.0016, 0.0218

0.0031, 0.0138

Binomial(m)

0.0063, 0.0121

0.0077, 0.0118

0.0089, 0.0111

2 — parameter(m)

0.0002, 0.0217

0.0005, 0.0133

0.0011, 0.0078

3= p,6r = 0.004(m)

0.0006, 0.0109

0.0010, 0.0075

0.0017, 0.0053

3= p, 07 = 0.015(m)

0.0022, 0.0267

0.0038, 0.0194

0.0056, 0.0143

Note: (m) denotes marginal with respect to parameters.
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Data and Results

Forecast default rates are uncertain

1) because the generating model is stochastic and

2) because of uncertainty about the parameters.

1) is a much larger source of uncertainty in the application and
dataset considered in this paper.

The stochastic model generates too much uncertainty: default
rates are not as difficult to predict as the model implies.
Another and more difficult source of forecast uncertainty: model
uncertainty. Solutions?
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