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ABSTRACT 

Estimates of several components of forecasting skill can be obtained by combining a skill-score decomposition 
developed by Allan Murphy with techniques for decomposing correlation coefficients that have been employed 
in research on human judgment. The decomposition of the correlation coefficient requires knowledge of the 
information or "cues" used by the forecaster. When the cues are known, it is possible to estimate the effects of 
uncertainty and the forecaster's consistency and use of the cues. 

1. Introduction 
In any field requiring professional judgment, the 

performance of expert judges depends jointly on (a)  
the environment about which judgments are made, (b) 
the information system that brings data about the en- 
vironment to the judge, and (c) the cognitive system 
of the judge. In weather forecasting, the environment 
includes the atmosphere and the processes that affect 
its behavior. The information system includes the in- 
struments, observations, and algorithms that produce 
information about the weather, and the communica- 
tion and display systems that bring that information 
to the forecaster. The cognitive system consists of the 
perceptual and judgmental processes that the forecaster 
uses to acquire information, aggregate it, and produce 
the forecast. 

This paper describes a technique which may, under 
certain conditions, provide insight into properties of 
the environmental/information system and the cog- 
nitive system in weather forecasting and show how 
those properties interact to influence forecasting skill. 
The next section presents the basic measure of fore- 
casting skill adopted in this paper. Then a decompo- 
sition of that measure recently developed by Allan 
Murphy is described. Finally, a further decomposition 
based on the "lens model equation" is developed and 
an example of its use is described. 

2. Measurement of forecasting skill 

In meteorology, accuracy refers to the match between 
forecasts and observed events, and skill refers to the 
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accuracy ~f~forecasts relative to the accuracy of some 
reference forecast, such as a forecast based on persis- 
tence or climatology (Sanders 1963). A,number of dif- 
ferent measures of accuracy and skill have been pro- 
posed. For recent reviews, see Murphy and Daan 
( 1985) and Poses et al. ( 1988). 

a. Mean square error 

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

MSEy = ( 1 In)  C (Y, - Oi)* 

where n is the number of forecasts, Y, is the ith forecast 
and 0, is the observed value corresponding to that 
forecast. In the example used in this paper, the forecast 
is a probabilistic forecast (ranging from 0.0 to 1 .O) of 
a binary event (hail or no hail). In this case, Yi rep- 
resents forecast event probability and Oi represents 
event occurrence (0  or 1 ), and MSE becomes the half 
Brier score (Brier and Allen 195 1 ). When the forecast 
is perfectly accurate, MSE is 0.0. For probabilistic fore- 
casts of binary events, the maximum possible MSE 
is 1.0. 

The MSE penalizes larger forecast errors more than 
smaller errors, is mathematically tractable, and, for the 
evaluation of probabilistic forecasts, is a "proper scor- 
ing rule." Such a scoring rule cannot be "played," that 
is, a forecaster cannot improve the expected MSE by 
misrepresenting his or her true probabilities (Brier and 
Allen 195 1; Murphy and Epstein 1967; Winkler and 
Murphy 1968). 

b. Skill scores 

The MSE is a measure of forecast accuracy. Forecast 
skill is measured by comparing the accuracy of a fore- 
cast to the accuracy of some reference forecast. This 
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can be done by computing a "skill score" based on the imize MSE, human forecasters must account for 
MSE. One possible reference forecast is a constant "regression toward the mean," by adjusting the vari- 
forecast of the mean of the variable being forecast. The ability of their forecasts so that 
MSE for such a reference forecast would be , . 

SY = ryo(s0). 

Psychological research on regression bias suggests 
where 0 is the mean of the observed events in the Sam- that it is introduced because people tend to make ex- 
ple. A skill score is then defined by treme forecasts when a predictor takes on an extreme 

value, even though the relation between the predictor 
SS = 1 - (MSEy/MSEB). and the variable being forecast is not strong (Hogarth 

This skill score is 1.0 for perfect forecasts, 0.0 if the l980)- 
forecast is only as accurate as the reference forecast, c. Uriconditional bias and negative if the forecast is less accurate than the 
reference forecast. Murphy called the third term "unconditional bias." 

It reflects the match between the mean of the forecasts 
3. Murphy's decomposition and the mean of the observations. For probability fore- 

casts, this term could be called. "base rate bias" because 
Murphy ( 1988) demonstrated that the skill score the mean of the observed events is the base rate, or, in 

defined above can be decomposed as follows: weather forecasting, the climatological probability for 

where ry0 is the correlation between the forecast and 
the observed event, sy and so are the standard devia- 
tions of the forecast and the observed event, respec- 
tively, and 7 and 0 are the means of the forecast and 
the observed event. Each term in the decomposition 
will be discussed briefly. 

a. Correlation 

The first term in Murphy's decomposition is the 
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 (zero or one) of the event. 

The correlation between forecast probabilities and 
event occurrence will be high if the forecasts associated 
with occurrence are generally higher than the forecasts 
associated with nonoccurrence. The correlation mea- 
sures the ability of the forecast to discriminate occur- 
rence of the target event from nonoccurrence; e.g., to 
distinguish between rainy and non-rainy days. Such 
discrimination has been called the "heart of forecasting 
skill" (Yates 1982). 
, 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 because these terms are nonnegative, the corre- 
lation 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. 

b. Conditional bias 

Murphy called the second term "conditional bias." 
It might also be called "regression bias" because it re- 
flects how well the standard deviation of the forecasts 
reflects the lack of perfect correlation. In order to min- 

the sample. This term measures how well the average 
forecast matches the base rate. 

Base rate bias in judgments has been investigated 
extensively by psychologists who have found that peo- 
ple sometimes do not take proper account of base rates 
in making judgments. (See Armstrong 1985 for a sum- 
mary of this research.) 

d. Example 
Skill scores and components of skill for a hail fore- 

casting experiment (Stewart et al. 1989) are presented 
in Table 1. In the experiment, seven meteorologists 
made probability forecasts of hail based on represen- 
tations of 75 radar volume scans. The skill scores in- 
dicate that only three meteorologists did better than a 
forecast of the mean, and the maximum improvement 
was only 8%. Based on the raw skill scores, one Would 
conclude that forecasting skill was very low and that 
the information provided to the meteorologists in this 
experiment was essentially useless. 

When the components of skill are analyzed, however, 
a different view emerges. The correlations are all pos- 
itive (and significantly different from 0.0 at the 0.01 
level) indicating that there is "potential skill" in the 
forecasts. The meteorologists can discriminate, to some 
degree, between hail and non-hail producing storms 

TABLE 1. Decomposition of skill scores for seven forecasters 
based on 75 probabilistic hail forecasts. 

Skill Squared Conditional Unconditional 
Forecaster score correlation bias bias 
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based on the information provided to them. The low 
and negative skill scores are due to conditional and 
unconditional bias in the forecasts. Conditional bias 
resulted because all forecasts were more variable than 
they should have been, given the correlations. The un- 
conditional, or base rate, bias terms reflect the meteo- 
rologists' tendency to produce probabilities that were 
too high. The mean of each meteorologist's forecasts 
was higher than the mean of the observations. 

Note that the rank order of the skill scores in Table 
1 is very similar to the reversed rank order of the un- 
conditional biases (rank order correlation = -0.96). 
The relation between the overall skill score and the 
other terms of the decomposition is much weaker. 
Furthermore, there is little relation among the three 
terms of the decomposition. 

Table 1 indicates that the best way for the meteo- 
rologists to improve their skill scores would be to reduce 
the means and standard deviations of their forecasts 
by producing lower, less variable forecasts. By doing 
this, they could achieve skill scores close to the "po- 
tential skill" indicated by the correlation coefficient. 
However, this information provides little guidance for 
forecasters about how to increase potential skill; that 
is, how to achieve better discrimination between hail 
and non-hail producing storms. 

All seven forecasters in this experiment were given 
the same information for each forecast. They each had 
the same six "cues," which included reflectivity (mid- 
and low-level), rotation, tilt, echo gradient, and ZDR 
(differential reflectivity from polarized radar beams) 
signature. Therefore, those who discriminated better 
between hail and non-hail storms (e.g., Forecaster A )  
were able to do so because they made better use of the 
available cues than did the other forecasters. Their 
ability to make better use of the cues might have re- 
sulted from greater knowledge about storms or from 
more relevant forecasting experience. 

Previous decompositions of skill scores (e.g., Cron- 
bach 1955; Sanders 1963; Murphy l972a, l972b, 1973, 
Yates 1982) use only the information contained in the 
joint distribution of forecasts and events. Murphy and 
Winkler ( 1987) point out that all the information rel- 
evant to forecast quality is contained in this joint dis- 
tribution and that different measures of accuracy and 
skill summarize and emphasize different properties of 
the distribution. This joint distribution does not include 
data on cues, however. By analyzing how forecasters 
use cues, it may be possible to learn more about why 
one forecaster is better able to discriminate than an- 
other, and to provide help that will enable forecasters 
to discriminate better. 

4. Decomposition of the correlation: The lens model 
equation 

Correlation coefficients have been used extensively 
as measures of performance in judgment research. A 

decomposition of the correlation, called the "lens 
model equation" was developed by Hursch, Hammond 
and Hursch ( 1964) and has been revised and extended 
by Tucker ( 1964), Castellan ( 1973), Stewart ( 1976), 
and Cooksey and Freebody ( 1985 ). The lens model 
equation can be used to examine the relation between 
cue utilization and performance. 

The lens model equation is based on Brunswik's 
( 1956) lens model which is depicted in Fig. 1. On the 
left is the observed event, or what actually occurred 
after the forecast was made. On the right is the forecast 
itself. Intervening between the forecast and the event 
are the cues used to make the forecast. Since the event 
has not yet occurred when the forecast is made, it can- 
not be ascertained directly. It must be inferred from 
the cues that are available at the time of the forecast. 
In the case of a hail forecast, the cues might include 
information available in a Doppler radar display such 
as rotation, tilt, and maximum reflectivity in the storm, 
and other data, such as morning soundings and satellite 
images. 

The lines connecting the cues and the observed event 
indicate the relations between the cues and the actual 
weather that eventually occurs. Lines connecting the 
cues and the forecast represent relations between the 
cues and the forecast, that is, how the forecaster uses 
cues. Lines connecting cues indicate that the relations 
among the cues themselves are important (only a few 
representative lines have been drawn). 

Since weather is not fully determined by the cues 
available to the forecaster, it cannot be predicted with 
certainty based on those cues. Similarly, because some 
inconsistency is pervasive in human judgment, fore- 
casts are not perfectly related to the cues. Therefore, 
the relations on both sides of the lens model are prob- 
abilistic, (i.e., there is an element of uncertainty in the 
relation between the cues and both the observed event 
and the forecast ) . 

When the term "consistency" is used in connection 
with human judgment, it refers not to logical consis- 

Observed Forecast 
Event M 
(0) 

X 

FIG. 1. Brunswik's lens model showing the relation between the 
cues (information on which the forecast is based), the observed event, 
and the forecast. 
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tency but to the extent to which identical information 
leads to identical judgments. A weather forecaster who 
was perfectly consistent would, in theory, produce 
identical forecasts if the same weather conditions were 
to occur twice (assuming that he or she has not changed 
or learned in the interval). In psychology, the degree 
of similarity between judgments made under identical 
circumstances is called "reliability." The term consis- 
tency is used here because, in meteorology, reliability 
has a different meaning. 

The probabilistic relations described above can be 
expressed formally by partitioning both the observed 
event and the forecast into two components-one that 
is a function of the cues and another that is unrelated 
to them. This partitioning can be written as: 

Y = M Y I x ( X I , X ~ ,  .. ' , X N ) + E Y I X ,  

0 = Molx (XI, X2, * ,  XN) + Eolx. 

Where the X s are the cues, My and Mo represent 
models that describe the relations between the cues 
and the forecast and the cues and the event, respec- 
tively. The Es represent the residuals or "errors" of the 
models due to uncertainty and inconsistency. The en- 
vironmental model (Mo ) is an objective forecasting 
model based on empirical relations between cues and 
observed events. The forecast model (MylX)  is a sub- 
jective forecasting model. It demonstrates how the 
forecaster processes information, and is based on em- 
pirical relations between cues and forecasts. 

Because the covariance of two variables is the sum 
of the covariances of all possible pairs of their com- 
ponents, this partitioning of the forecast and the ob- 
served event can be used to derive a partitioning of the 
correlation between them (Stewart 1976 ). Tucker 
( 1964) used this principle to develop the following form 
of the lens model equation: 

 YO = GRY~xRoIx + 
2 112 C[1 - (RYIX)~I ' /~  [1 - (ROIX) I 7 

where: 

Ry is the correlation between Y and My l X  

Ro is the correlation between 0 and Mo 
G is the correlation between My 1 and Mol 
C is the correlation between Ey 1 x and Eo x.  

This equation holds exactly in a sample only when 
the correlations between the residuals and the models 
are exactly zero. This will be the case if the models of 
the environment and the forecast are multiple linear 
regression models based on the same cues. The lens 
model equation may not hold exactly when other types 
of models are used or when the multiple linear regres- 
sion models are applied to new samples of data. 

If My l x  captures all the systematic relations between 
the cues and the forecast, then Ey is unrelated to the 

weather and C, which is the correlation between Ey lx  
and Eolx ,  should be low. Consequently, the second 
term in the lens model equation will be small. The 
following relation then holds approximately: 

 YO GRYIXROIX. 

This equation expresses the correlation as the prod- 
uct of three components: 

a. The correspondence between the models of the en- 
vironment and the forecast (G) . This is simply the cor- 
relation between Molx ,  which models the systematic 
relations between the observed event and the cues, and 
MY I X ,  which models the utilization of cues by the fore- 
caster. In other words, it is a measure of how well the 
forecaster's mental model matches the environmental 
model. 

b. The strength of the relation between the forecast 
and the cues (Ry lX).  If MY l X  exhausts all the systematic 
relations between the cues and the forecast, then this 
component can be considered a measure of the con- 
sistency of the forecast. 

c. The strength of the relation between the observed 
event and the cues (Ro x). If Mo 1 is the optimal model 
of the observed event (that is, it exhausts all the sys- 
tematic relations between the cues and the observed 
event), then this component measures the maximum 
predictability of the observed event for the given set of 
cues. It is inversely related to the degree of uncertainty 
in the relations between the cues and future weather 
depicted on the left side of the lens model (Fig. 1 ). 

Although the lens model equation has been used in 
a number of studies of judgment in both laboratory 
and natural settings, its application to weather fore- 
casting can present problems because it may be difficult 
to determine what the cues are and how they are related 
to the observed event and to the forecast (Einhorn 
1974). In weather forecasting, application of the lens 
model equation requires (a) knowledge of the relevant 
cues used by the forecaster, (b) the optimal model for 
predicting the weather, given those cues, and (c) the 
correct model of the forecaster's use of the cues in fore- 
casting. In the absence of these conditions, the lens 
model equation provides only estimates of components 
of forecasting skill. Further research is needed to de- 
termine the quality of those estimates. 

The decomposition of forecasting skill that results 
from combining the lens model equation with Mur- 
phy's decomposition can be written as 

ss $23 (GRYIXROIX>~ -  YO - (sY/so)12 

- [ ( E -  6)/soI2. 

The components of the first term in this formulation 
for the hail forecasting study described above are pre- 
sented in Table 2, along with correlation coefficients 
(the square roots of the "squared correlations" in Table 
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1 ) and Cs for each forecaster. The lens model equation 
estimates will be described below. 

a. Rolx .  As stated above, this is an estimate of the 
predictability in the environment, given the cues used 
in the experiment and the form of the model used to 
describe the relations between the cues and observed 
events. Since it is really a measure of the fit of a model 
to observed data, it is adequate as a measure of envi- 
ronmental certainty only if the correct model has been 
used. If a better model were found, it would provide a 
better fit and therefore indicate a higher level of envi- 
ronmental predictability. 

For this example, the environmental model was 
simply a multiple regression model based on the sample 
data. Because these results are provided for example 
only, it is not necessary to defend the particular envi- 
ronmental model used. The intercorrelations among 
the cues were moderately positive, so the use of different 
models is likely to result in little improvement in Ro lx  
(See Lusk et al. 1989, for a demonstration of this 
point). If the model were the "best" environmental 
model for purposes of lens model analysis, it would 
provide an upper bound on the correlation coefficient. 
In this case, one forecaster exceeded the correlation of 
the environmental model. It is not known whether that 
was due to skill (i.e., the forecaster used a better model 
than the environmental model) or to chance. 

b. G. This term can be considered to be an estimate 
of the correlation the forecaster could achieve if the 
environment were perfectly predictable and the fore- 
casts were perfectly consistent. Thus, it is a more refined 
measure of potential skill than the correlation coeffi- 
cient itself. It is the potential skill that would be ob- 
tained, given the environmental model and the judg- 
ment model, if regression bias, base rate bias, environ- 
mental unpredictability, and forecast inconsistency 
were removed. 

The high values of G in Table 2 indicate that most 
forecasters were making good use of the information 
given them. Some forecasters (e.g., F) could improve 
their skill scores by making better use of information 
to discriminate between hail and non-hail producing 
storms. An examination of the models for forecaster 
F and the other forecasters in the experiment indicated 
that F could have improved his skill score by empha- 

TABLE 2. Lens model equation parameters. 

Forecaster ryo ROix  G R Y I X  C 

sizing a different cue in making his forecasts. This could 
be an important insight for a forecaster-in-training, or 
even for an experienced forecaster. 

c. RY ,x.  The correlation between the forecasts and 
the model of those forecasts is an indicator of consis- 
tency if the model is "correct," (i.e., if it accurately 
describes the true model underlying the forecasts). If 
the model is incorrect, then consistency may be un- 
derestimated. In this example, the forecast model for 
each meteorologist was a multiple regression model 
based on the sample of forecasts. 

Table 2 indicates that the forecasters in this exper- 
iment were generally quite consistent. This may be due, 
in part, to the removal of perceptual inconsistency by 
specifying the cues for the forecasters, rather than their 
perceiving them from a radar display. 

d. C. The values of C are the correlations between 
the residuals ( Eo I and Ey 1 ) from the environmental 
and judgment models. If the environmental and fore- 
cast models are adequate, C should be near 0.0. In the 
hail forecasting experiment, Cs were small and, except 
for forecaster A, differed from zero only by chance (test 
for significance of correlation coefficient, alpha = 0.05). 
The value of 0.34 1 for forecaster A indicates that there 
is a component of his correlation that was not captured 
in the environmental and forecast models. Apparently 
this forecaster used the information in a way that im- 
proved the skill of his forecasts. Further investigation 
would be required to determine the reason for this sta- 
tistically significant value of C. 

In general, the C coefficient provides an important 
check on the adequacy of estimation of the lens model 
equation. A large value of C indicates that either the 
cues, the model, or both, have been mis-specified. A 
small value of C, however, does not necessarily mean 
that the models are correct. Further checks on the va- 
lidity of estimates, involving comparison of indepen- 
dently derived estimates, are required. 

5. Conclusion 

Combining the lens model equation with Murphy's 
decomposition provides a potentially useful method of 
decomposing skill. While Murphy's decomposition is 
a useful way of analyzing the joint distribution of fore- 
casts and events, it tells us little about the perceptual 
and judgmental processes of the forecaster (such as 
how the forecaster uses the available information) or 
about the limitations on forecasting skill imposed by 
uncertainty in the environmental system. The lens 
model equation has been used to decompose judg- 
mental skill based on the properties of cognitive and 
environmental systems (with a strong focus on how 
information is used), but it has ignored biases that 
could have a substantial effect on the value of forecasts. 
By combining the two formulations, it may be possible 
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to do a more complete analysis of forecasting skill than Murphy, A. H., and E. S. Epstein, 1967: A note on probability fore- 

was previously possible. casts and "hedging." J. Appl. Meteor., 6, 1002-1004. 
----, 1972a: Scalar and vector partitions of the probability score: 
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