1. Introduction

Frequently, the goal of a forecast verification study 1s to compare the quality
of different forecasts or algorithms. Point estimates of forecast quality are
madequate for determining 1f one type of forecast or algorithm performs
significantly better than another or whether forecasts have been improved.
Confidence mtervals provide an effective way to make these comparisons.
Additionally, confidence intervals explicitly communicate the uncertainty
assoctated with a measure of forecast quality i a way that point estimates
cannot. However, these methods have been infrequently applied in forecast
vertfication studies, due to the characteristics of the verification data and
measures.

2. Verification Situation

* Forecasts for aviation hazard (icing or turbulence). Figure 1 shows a

turbulence forecast from the Intergrated Turbulence Forecasting
Algorithm (ITFA).

* Pilot reports (PIREPS) provide observations to compare with
forecasts. The PIREPs corresponding to the forecast in Figure 1 are
shown in Figure 2.

* PIREPs (observations) are not systematic. The total number of
observations 18 random.

* Forecast/observation pairs are used estimate performance over a time
pertod
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Figure 1:An example of a turbulence forecast produced by ITFA
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Figure 2: The PIREPs corresponding to the forecast in Figure 1

* From the forecast/observation pairs, a 2x2 contingency table 1s produced.

Observed
Forecast ~ 1©S No POD = -
a+cC
Yes a b
No c d - d
POFD = "

* Many verification statistics can be computed from the counts mn the
contingency table, icluding probability of detection (POD), probability
of false detection (POFD), false alarm rate (FAR), critical success
index (CSI), and various skill scores.

* POD and POFD can be mterpreted as binomial proportions under
idependence assumptions.

* X and N are both random.

* Binomial and normal mtervals for POD provide a "goldstandard" to
compare with bootstrap confidence intervals.

* For other verification measures, such as CSI and skill score, may have
no standard of comparison.

3. Confidence Interval Methods

A. Binomial Interval
The (1-2a)100% confidence mterval 1s (p , p ) such that
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B. Normal Approximation
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* Assumes p, the binomial proportion, 1s normally distributed.

C. Nonparametric Bootstrap Confidence Intervals

* Draw B (> 1000) samples (with replacement) from empirical distribution
function.

* Estimate p for each sample.

* Result 1s empirical distribution of estimate of p, callit G (p), an example
of which 15 shown 1 Figure 3.
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Figure 3: An example of bootstrap empirical density function.

From our bootstrap sample we can compute:
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i) Standard Bootstrap Confidence

The (1-2a)100% confidence mnterval 1s:
p£z,0

* This type of nterval 1s not transformation mvariant.

* Additionally, 1t assumes normally distributed statistic.

ii,) Empirical or Percentile Confidence Interval
G (0),6;(1-0)]
* Bias > (0 => confidence interval not centered at estimate of p.

* Assumes there exists some monotone transformation of the
emperical distribution function that results in a normal distribution

iii.) Bias Corrected and accelerated (BCa)
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* Corrects empirical mterval.

* Estimates bias correction constant z .

* Acceleration constant a corrects for non-constant
variance.

POD

4. Results

POD POFD
E stimated Value .56 .70
Binomial (.546, .574) |(.675, .716)
Normal Approx. | (.546, .574) (.675, .716)
Standard (.527, .593) |(.651, .739)
Percentile (.527, .592) |(.649, .737)
BCa (.528, .593) |(.647, .736)

Table 1: Confidence Intervals for ITFA-7.

* Normal and binomial produced narrower intervals than the bootstrap method, as shown
in Table 1, an example of various types of confidence intervals computed for
turbulence forecasts.
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Figure 4: Example of plotted confidence intervals for IIDA 1cing forecasts and
AIRMETS

* Figure 4 shows an application of bootstrap empirical confidence intervals to verification
statistics from icing forecasts.

* The boxes mark the POD and 1 - POFD for the Integrated Icing Diagnostic Algorithm
(IIDA) and the 1cing AIRMETSs forecasts.

* The horizontal and vertical bars indicate the 95% confidence interval for these statistics.

* The lack of overlap in these statistics suggests a significant difference in the performance
of the two types of forecasts.

5. Conclusions

* Confidence mtervals based on the binomial and normal distributions
are shorter than the bootstrap mtervals.

* Bootstrap confidence intervals can always be computed for any
statistic.

* Bootstrap and normal results are approximate and asymptotic. Apply
with caution.
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