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The Problem

A prediction interval should contain a future observation

with the given probability.

It reflects the uncertainty of the estimated parameters

of the model and the distribution of the error part

of the future observation.

Other wording: Quantile estimation,

equivalent to estim. of exceedance probabilities, “Value at Risk”

The context is assumed to be (linear) regression.

(In a further step, mixed models should be considered.

We stumbled across the problem in the context of geostatistics.)

This relates to Marc Genton’s talk and discussions with Chris Field.
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Applications: Degrading capacitors. Prob. of failure after 15 years?
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• Quality control

• Reliability, financial risk
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Questions

Q1. What is coverage in the context of robustness?

Q2. Approaches to assessing the error distribution?

A. Gross Error Model

Prediction Interval should contain a future observation

only if it comes from the "central model",

−→ gross errors are tolerated outside the interval

without contributing to the non-coverage probability.

−→ Use Prediction Interval produced by robustly fitting

the central model.
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B. Longtailed Distribution

Prediction interval should contain a future observation

which comes from the true, unknown distribution.

Connection to (financial) risk estimation: VAR

B1. Maximum likelihood

Estimation by MLE for a longtailed distribution, M-estimation.

−→ This distribution can be assumed to be the true one.

−→ Determination of the p.i. is straightforward.

This approach differs from usual robustness ideas,

since it assumes a predefined parametric model.
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B2. Empirical Distribution of Residuals

Because the residuals are smaller than the errors,

an adjustment is needed:

• simple scaling factor

• depending on the leverages (if they are markedly different).

B3. Parametric Error Distribution

parametrized by skewness and longtailedness, independently from

the model corresponding to the parameter estimation (see B1).

Parameters estimated from residuals (corrected as in B2)

−→ Prediction Interval.
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My current preference:

• Use quite robust method to estimate the regression parameters

since variance will have a small effect compared to random error

• Use the distribution of appropriately standardized residuals

to find estimates of quantiles qp,

depending on p, number of observations, application.
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Notes

1. Alternatives will differ most for intervals with a high coverage.

Is this still robustness?

2. Application?

– Rejection limits for quality control −→ A (gross error model)

– Safety Boundaries −→ B2 or B3

B3 preferred to B2 if the (training) sample size is too small

to obtain reliable quantiles at the desired confidence level.

3. A prediction interval is a one time shot.

When predictions for several new observations are requested,

"tolerance intervals" are needed.
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