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ABSTRACT 

Skill-score decompositions can be used to analyze the effects of bias on forecasting skill. However, since bias 
terms are typically squared, and bias is measured in skill-score units rather than in units of the forecasts, such 
decompositions only partially describe the nature of the bias. They do not describe the direction of bias or 
measure the amount of correction required to remove bias. Simple "debiasing" coefficients can be derived to 
supplement the skill-score decomposition by indicating the direction and amount of bias, relative to unbiased 
forecasts. Calculation of these coefficients is described and an example is provided. 

1. Introduction 

Decompositions of the Brier skill score, such as those 
proposed by Sanders ( l963), Murphy ( 1 972a, l972b, 
1973, 1988), and Yates ( 1982), typically include terms 
that describe the effect of bias on the skill score. Since 
the bias terms are typically squared, and they are nec- 
essarily expressed in skill-score units, they do not fully 
describe the nature of the bias. The purpose of this 
note is to describe a simple procedure intended to aid 
in the interpretation of skill-score decompositions by 
assessing the direction of the bias in a set of weather 
forecasts and producing measures, in the units of the 
original forecast, of the magnitude of bias. The use of 
the method with Murphy's ( 1988) decomposition is 
described, but it can be useful with other decomposi- 
tions as well. 

2. Definitions 

The mean-square-error (MSE) is defined as 

where n is the number of forecasts, & is the ith forecast, 
and Oi is the observed value corresponding to that 
forecast. When Yi represents forecast event probability 
and Oi represents event occurrence (0 or 1 ), MSE be- 
comes the half Brier score (Brier and Allen 195 1 ). 
When the forecast is perfectly accurate, MSE is 0.0. 
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For probabilistic forecasts of binary events, the maxi- 
mum possible MSE is 1.0. 

A skill score can be defined by 

where 

and d is the mean of the observed events in the sample. 
The skill score is 1.0 for perfect forecasts, 0.0 if the 
-forecast is only as accurate as the reference forecast, 
and negative if the forecast is less accurate than the 
reference forecast. 

This skill score is based on a comparison of the set 
of forecasts being evaluated to a reference forecast that 
is a constant forecast of the mean (in the sample) of 
the variable being forecast. This is only one of the pos- 
sible reference forecasts (Murphy 1988). 

3. Murphy's decomposition 

Murphy ( 1988) showed that the skill score defined 
above can be decomposed as follows: 

where ryo is the Pearson product-moment correlation 
between the forecast and the observed event, sy and so 
are the standard deviations of the forecast and the ob- 
served event, respectively, and and d are the means 
of the forecast and the observed event. 

The first term in Murphy's decomposition is the 
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squared correlation coefficient. It is a measure of the 
degree of linear association between the forecast and 
the observed event. For probability forecasts, the cor- 
relation is computed between the probabilities and oc- 
currence (0 or 1 ) of the event. The correlation is equal 
to the skill score only when the second and third terms, 
which measure conditional and unconditional bias, are 
0.0. Murphy (1988) states that since these terms are 
nonnegative the correlation can be considered to be a 
measure of "potential" skill in the forecast, that is, the 
skill that the forecaster could obtain by eliminating 
bias from the forecast. ' 

Murphy called the second term conditional bias. It 
might also be called regression bias because it reflects 
how well the standard deviation of the forecasts reflects 
the lack of perfect correlation. It is related to the slope 
of the regression line relating forecasts to observed 
events. In order to maximize the skill score, human 
forecasters must account for "regression toward the 
mean" by adjusting the variability of their forecasts so 
that 

SY = ryo(s0). (5) 

Murphy called the third term unconditional bias. It 
reflects the match between the mean of the forecasts 
and the mean of the observations. It is related to the 
intercept in the regression model. For probability fore- 
casts, this term could be called base rate bias because 
the mean of the observed events is the base rate, or, in 
weather forecasting, the climatological probability for 
the sample. This term measures how well the average 
forecast matches the base rate. In order to maximize 
the skill score, the mean forecast must equal the mean 
of the observed events: 

f =  0. (6) 

Since the bias components of the decomposition are 
squared, they do not reveal the direction of bias, which 
can be determined by examining the unsquared bias 
terms. 

4. Debiasing formulas 

Forecasts can be debiased by applying the appro- 
priate additive and multiplicative constants based on 
the slope and intercept from the regression model of 
observations on the forecasts: 

Y: = byi + a ,  (7) 

where 

b = ~ Y O ( S O / ~ Y )  

a = O - b f .  

Equation (7) represents a linear transformation of 
the raw forecasts with a and b equal to the intercept 
and slope, respectively, of the regression model of the 
observations on the forecasts. Debiased forecasts Y: 

resulting from the application of this equation are sim- 
ply the set of "predicted scores" from the regression 
analysis. Debiasing will not affect correlations or other 
measures, such as the area under the receiver operating 
characteristic (ROC) curve (A,)  in signal detection 
theory (Mason 1982), that are not sensitive to bias in 
forecasts. 

An alternative debiasing formula is 

Equation (8) differs from Eq. (7) only in the order of 
operations. Equation (7) implies multiplication before 
addition; Eq. ( 8 ) implies addition before multiplica- 
tion. While the end result is the same, different orders 
of operations might be appropriate for different appli- 
cations. In other words, although the operations "add 
a l b  to the forecasts and then multiply by b" and 
"multiply the forecasts by b and then add a" are al- 
gebraically equivalent, they might not be cognitively 
equivalent. 

Note that the multiplicative debiasing coefficient b 
bears a direct relation to the conditional bias term of 
the decomposition Eq. (4) and to Eq. (5). Further- 
more, the multiplicative debiasing coefficient is the 
same whether it is applied before or after addition. 
However, the additive debiasing coefficient that is used 
before multiplication (alb) differs from the one used 
after multiplication (a). The sign of the latter additive 
debiasing coefficient indicates whether the forecasts are 
too high or too low after the multiplicative debiasing 
factor is applied. Therefore, its sign does not indicate 
whether the raw forecasts are too high or too low, and 
it is not necessarily the same as the sign of (8 - f ). 
For example, if b > 1 .O, it might be necessary to adjust 
the forecasts downward (a < 0.0) even if the raw fore- 
casts were too low ( [ a  - f ]  > 0.0). 

5. Example 

Data for this example were gathered as part of a 
larger study of weather forecasting skill. Five experi- 
enced meteorologists made 60-min probability now- 
casts of significant or severe convection using a work- 
station developed by the Program for Regional Ob- 
serving and Forecasting Systems (PROFS) operating 
in displaced real time to simulate operational fore- 
casting conditions. Hourly probability nowcasts were 
made for each of 12 counties along the Colorado front 
range during four summer afternoons. The days were 
representative of the range of summer weather con- 
ditions in the region. A total of 228 usable nowcasts 
were obtained. The nowcasts were verified by 1) hail 
diameter greater than or equal to 0.25 in, 2) surface 
winds greater than or equal to 35 kt, 3) rainfall rate 
greater than or equal to 2 in h-', 4) a funnel cloud 
aloft, or 5) a tornado. Verification data were obtained 
from chase teams, spotter reports, and observations 
recorded by instruments. The nowcasts made by dif- 
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TABLE 1. Analysis of raw forecasts Y from sample A. 

Skill 
Forecaster score 

A 0.340 
B 0.285 
C 0.309 
D 0.297 
E 0.282 

Event 

Skill-score decomposition 

Squared Conditional Unconditional 
correlation bias bias 

0.355 0.001 0.015 
0.356 0.0 12 0.059 
0.320 0.006 0.005 
0.332 0.019 0.0 15 
0.314 0.015 0.0 17 

Mean 

0.203 
0.247 
0.185 
0.203 
0.110 

0.158 

Standard 
deviation 

0.209 
0.259 
0.236 
0.262 
0.161 

0.366 

Debiasing coefficients 

Slope Intercept 
(4 (a) (alb) (0 - 9)  

1.045 -0.054 -0.052 -0.045 
0.844 -0.051 -0.060 -0.089 
0.878 -0.004 -0.005 -0.027 
0.805 -0.006 -0.007 -0.045 
1.275 0.018 0.014 0.048 

ferent meteorologists can be directly compared because 
they were made for identical times and areas, and the 
meteorologists had access to the same information. Full 
details of the forecasting experiment are available from 
the authors. 

In order to examine the stability of debiasing coef- 
ficients across samples, the original sample of 228 fore- 
casts was randomly divided into two subsamples of 
114 forecasts. Table 1 describes skill scores, decom- 
positions, and debiasing coefficients for the first sub- 
sample (sample A). The bias terms of the decompo- 
sition indicate the amount of bias, while the debiasing 
coefficients provide additional information about the 
direction of bias and the adjustment that would be 
necessary to eliminate that bias in the sample. The 
multiplicative debiasing coefficients b indicate that 
forecasts made by B, C, and D were too variable and 
should have been reduced by 80.5%-87.8%. The fore- 
casts made by A and E were not variable enough and 
should have been increased by 4.5% and 27.5%, re- 
spectively. 

Note that the conditional biases for B and E were 
similar (0.012 and 0.015, respectively), but their de- 
biasing coefficients indicate that they were biased in 
opposite directions and would require different 
amounts of adjustment to eliminate the bias. This il- 
lustrates the nature of the additional information pro- 
vided by the debiasing coefficients. 

The negative values of (d - E) for four of the five 
forecasters indicate that their mean forecasts were too 
high. The adjustment necessary to correct for this un- 
conditional bias, however, depends on the correction 
for conditional bias. For A-D, forecasts should have 
been adjusted by subtracting 0.004-0.054 (after mul- 
tiplication by the slope) or 0.005-0.060 (before mul- 
tiplication by the slope). Forecaster E's probability 
forecasts should have been adjusted by adding 0.018 
(after multiplication by the slope) or 0.014 (before 
multiplication by the slope). 

Table 2 describes the debiased forecasts obtained by 
applying the debiasing coefficients described in Table 
1 to the forecasts in sample A. It simply shows that the 
debiasing coefficients do remove all bias from the fore- 
casts when they are applied to the sample that was used 
to compute them. The squared correlation is not af- 
fected, and it is identical to the new skill score because 
the conditional and unconditional bias terms become - 
zero. 

Table 3 describes skill scores, decompositions, and 
debiasing coefficients for the second subsample (sample 
B). Comparison of Tables 1 and 3 shows how the cal- 
culated skill decomposition and debiasing coefficients 
can differ across samples. In general, the direction of 
bias was constant across samples, but there was vari- 
ability in the magnitude of skill scores, correlation, bias, 
and debiasing coefficients. These differences can be 

TABLE 2. Analysis of debiased forecasts Y' from sample A. 

Skill-score decomposition Debiasing coefficients 

Skill Squared Conditional Unconditional Standard Slope Intercept 
Forecaster score correlation bias bias Mean deviation (b) (4 (alb) (0 - P) 
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TABLE 3. Analysis of raw forecasts Y from sample B. 

Skill-score decomposition Debiasing coefficients 

Skill Squared Conditional Unconditional Standard Slope Intercept 
Forecaster score correlation bias bias Mean deviation (b) (a) (alb) (d - P) 

A 0.280 0.296 0.001 0.015 0.153 0.166 1.046 -0.046 -0.044 -0.039 
B 0.199 0.284 0.023 0.06 1 0.193 0.219 0.777 -0.036 -0.046 -0.079 
C 0.258 0.277 0.009 0.010 0.145 0.198 0.847 -0.009 -0.01 1 -0.031 
D 0.327 0.341 0.003 0.01 1 0.147 0.203 0.916 -0.021 -0.023 -0.033 
E 0.189 0.206 0.002 0.0 15 0.075 0.130 1.1 12 0.031 0.028 0.039 

Event 0.114 0.319 

partly attributed to differences in the event means and 
standard deviations. 

Debiasing coefficients vary from sample to sample, 
just as other statistics do. Since debiasing coefficients 
are simply regression coefficients, their standard errors 
can be estimated (see, for example, Draper and Smith 
198 1,23-28). Estimated standard errors are shown in 
Table 4. However, since the estimates are based on 
assumptions (independent, normally distributed re- 
siduals) that are not strictly satisfied for these data, the 
true standard errors may be larger than those reported 
in Table 4. 

Table 5 shows the results of "cross-validating" the 
debiasing coefficients, that is, applying the debiasing 
coefficients computed from sample A to sample B. The 
resulting forecasts are not perfectly unbiased, but they 
are less biased than the raw forecasts described in Table 
3. For three of the five meteorologists, conditional bias 
was improved by applying the debiasing coefficients. 
The other two already had very low conditional bias 
in their raw forecasts. Unconditional bias was improved 
for all five forecasters. This improvement was achieved 
despite the differences between the two samples' event 
means and standard deviations. 

6. Applications of debiasing coefficients 

Since the primary use of debiasing coefficients would 
be as an aid to interpreting the results of skill-score 
decompositions, they would be applied in the same 

TABLE 4. Standard errors estimated from sample A. 

Estimated standard errors 

Forecaster slope (4 Intercept (a) 

situations where such decompositions are applied, i.e., 
evaluating the performance of subjective or objective 
forecasts in research or operational settings. Two ad- 
ditional applications might be considered: 1 ) providing 
feedback to forecasters to help them remove bias in 
their subjective forecasts, and 2) automatic adjustments 
to objective or subjective forecasts for the purpose of 
removing bias. 

These additional uses raise a number of issues that 
cannot be discussed adequately in this brief note, and 
the research necessary to support these uses has not 
been done. There has been no research on the effect 
of feedback of debiasing coefficients on bias in subjec- 
tive weather forecasts. Psychological research on "de- 
biasing," however, suggests that simply telling a fore- 
caster about the bias in his or her forecasts may help 
but will not necessarily result in unbiased forecasts 
(Fischhoff 1982). Lichtenstein and Fischhoff ( 1980) 
did find reduced bias in college students performing 
laboratory tasks after they were given detailed feedback 
about the statistical properties of their judgments. The 
debiasing coefficients described here were not included 
in that feedback. Feedback will not be effective if the 
forecaster ignores it or over- or undercorrects forecasts. 
Feedback based on debiasing coefficients could also 
mislead the forecaster if it were based on a small sample 
of forecasts or one that was not representative of op- 
erational forecasting conditions. 

Automatic debiasing of subjective or objective fore- 
casts requires stability of bias over time and generality 
of biases over a variety of forecasting situations. The 
coefficients described in this paper remove bias in a 
sample of forecasts, but they may not remove bias in 
subsequent forecasts made under different conditions. 
Furthermore, if a linear debiasing formula was applied 
to probability forecasts, it could produce forecasts less 
than 0.0 or greater than 1.0. Automatic debiasing of 
operational probability forecasts would require a non- 
linear correction formula. A linear debiasing formula 
can only approximate the nonlinear function required 
to produce properly bounded unbiased probability 
forecasts. A nonlinear formula, on the other hand, 
would specie different adjustments for different levels 
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TABLE 5. Adjusted forecasts Y from sample B based on debiasing coefficients estimated from sample A. 
- 

Skill-score decomposition Debiasing coefficients 

Skill Squared Conditional Unconditional Standard Slope Intercept 
Forecaster score correlation bias bias Mean deviation (6) ( 4  (alb) (0 - F) 

A 0.295 0.296 0.000 0.001 0.106 0.173 1.005 0.007 0.007 0.008 
B 0.282 0.284 0.002 0.000 0.1 12 0.184 0.924 0.010 0.01 1 0.002 
C 0.276 0.277 0.000 0.001 0.123 0.173 0.969 -0.006 -0.006 -0.009 
D 0.336 0.341 0.005 0.000 0.113 0.163 1.142 -0.015 -0.013 0.001 
E 0.202 0.206 0.004 0.000 0.113 0.165 0.876 0.015 0.017 0.001 

of the forecast and would therefore be more difficult 
to compute and interpret than the linear approxima- 
tion. 

7. Conclusion 

The debiasing coefficients and the bias terms of the 
skill-score decomposition serve different, though re- 
lated and complementary, purposes. The bias terms 
describe the relative impact of bias on the skill score. 
They indicate, for example, how much improvement 
would be expected in the skill score if bias were re- 
moved. The debiasing coefficients, on the other hand, 
indicate how a set of forecasfs differs from an unbiased 
set. They measure both direction of bias and the 
amount of correction needed to debias the forecast. 

The debiasing coefficients are statistics that describe 
a sample of forecasts. Generality across samples and 
across forecasting conditions is an important issue in 
the application of any statistical measure. The tech- 
niques illustrated here (cross-validation and estimation 
of standard errors based on theoretical sampling dis- 
tributions) are important and useful for assessing gen- 
erality. In any application, the generality of the de- 
biasing coefficients obtained will depend heavily on 
the size and representativeness of the sample of fore- \ 
casts being analyzed. 

Acknowledgments. This work was supported in part 
by the National Science Foundation under Grant SES-\ 
8822319. A number of people were involved in the 
collection of the forecast data used in this paper, which 
was part of a larger research program. The participation 
of th'e five meteorologists who volunteered to make 

forecasts is gratefully acknowledged. William Moninger 
and Kenneth Heideman participated in the design and 
data collection for the full experiment, and Scott En- 
trekin assisted in the collection and entry of the data. 
The Program for Regional Observing and Forecasting 
Services of the Environmental Research Laboratories, 
National Oceanic and Atmospheric Administration, 
provided weather data and workstation time. The co- 
operation and support of the Forecast Systems Labo- 
ratory of the Environmental Research Laboratories is 
also gratefully acknowledged. 

REFERENCES 

Brier, G. W., and R. A. Men, 195 1: Verification of weather forecasts. 
Compendium of Meteorology, Amer. Meteor. Soc., 841-848. 

Draper, N., and H. Smith, 198 1: Applied Regression Analysis. Second 
ed. Wiley, 709 pp. 

Fischhoff, B., 1982: Debiasing, Judgment under Uncertainty: Heu- 
ristics and Biases. D. Kahneman, P. Slovic and A. Tversky, 
Eds., Cambridge University Press, 555 pp. 

Lichtenstein, S., and B. Fischhoff, 1980: Training for calibration. 
Organ. Behavior Human Perform., 26, 149- 17 1. 

Mason, I., 1982: A model for assessment of weather forecasts. Aust. 
Meteor. Mag., 2, 29 1-303. 

Murphy, A. H., 1972a: Scalar and vector partitions of the probability 
score. Part I: Two-state situation. J. Appl. Meteor., 11,273-282. 

-, 1972b: Scalar and vector partitions of the probability score. 
Part 11: N-state situation. J. Appl. Meteor., 11, 1183-1 192. 

-, 1973: A new vector partition of the probability score. J. Appl. 
Meteor., 12, 595-600. 

-, 1988: Skill scores based on the mean-square-error and their 
relationships to the correlation coefficient. Mon. Wea. Rat., 116, 
241 7-2424. 

Sanders, F., 1963: On subjective probability forecasting. J. Appl. Me- 
teor., 2, 191-201. 

Yates, J. F., 1982: External correspondence: Decompositions of the 
mean probability score. Organ. Behavior Human Perform., 30, 
132-156. 


