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ABSTRACT

A variety of measures are used to judge the skill and accuracy with which forecasters predict the weather and
to verify forecasts: Such measures can confound accuracy with decision strategy and sometimes give conflicting
indications of performance. Signal detection theory (SDT) provides a theoretical framework for describing
forecasting behavior and minimizing these problems. We illustrate the utility of signal detection theory in this
context, show how it can be used to understand the effects of time pressure created by frequent weather activity
on forecasting judgments, and illustrate how to achieve a specific social policy.

1. Introduction

In the meteorological literature, at least seven major
concepts are discussed in the context of evaluating
forecasting performance: accuracy, bias, calibration (or
reliability ), refinement, resolution, discrimination, and
skill (Murphy 1985). Each of these concepts has, in
addition, several measures associated with it. The re-
sulting situation was summarized by Murphy and
Winkler:

Verification measures have been formulated with a va-
riety of purposes in mind and for a multitude of dif-
ferent situations. . . . As a result, verification measures
have tended to proliferate, with relatively little effort
being made to develop general concepts and principles,
to investigate the relationships between measures, or
to examine their relative strengths and weaknesses
(Murphy and Winkler 1987, p. 1330).

Not only has there been a proliferation of measures,
there does not seem to be a broad consensus about
which measures and concepts are appropriate to use.
Fildes and Makridakis (1988), for example, noted that
participants in the M competition did not agree on the
meaning, if any, of the average mean-square error
(MSE) as a measure of accuracy. Thompson (1990)
discusses four of the major problems with using MSE
as a measure of overall accuracy. Other examples of
criticism of commonly used measures are found in the
literature (Glahn 1985; Graedel and Kleiner 198S;
Murphy 1985; Murphy and Daan 1985; Winkler and
Murphy 1985).
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Murphy and Winklér (1987) called for the devel-
opment of a general framework within which to de-
velop forecast evaluation:

A need exists for a general framework for forecast ver-
ification. To be useful, such a framework should (inter
alia) (i) unify and impose some structure on the overall
body of verification methodology, (ii) provide insight
into the relationships among verification measures, and
(iii ) create a sound scientific basis for developing and/
or choosing particular verification measures in specific
contexts. Moreover, such a framework should mini-
mize the number of distinct situations that must be
considered (Murphy and Winkler 1987, p. 1330).

The general framework proposed by Murphy and col-
leagues is based on the decomposition (or factorization )
of joint probability distributions combined with per-
formance measures based on the decomposition of
mean-square errors (Clemen and Murphy 1986; Cron-
bach 1955; Hsu and Murphy 1986; Murphy 1988;
Murphy et al. 1988; Murphy and Winkler 1987; Mur-
phy and Winkler 1992).

The factorization of distributions is solidly grounded
in probability theory, and while it provides an empirical
basis for describing forecasting behavior, it does not
provide a model of the forecasting process. A model
of the process would give a framework within which
to understand how the forecasts are generated and to
predict forecasting behavior. We believe that signal de-
tection theory (SDT) provides an appropriate model
of forecasting behavior, achieves the three goals stated
by Murphy and Winkler, is compatible with joint
probability decomposition, and provides a simpler de-
scription of forecasting behavior.

The purpose of this paper, therefore, is threefold: to
illustrate some problems that arise with certain mea-
sures of forecasting performance; to show how signal
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detection theory offers relief from these problems and
leads to an understanding of the effects of time pressure
stress on forecasting; and to show how consumers of
weather forecasts can make optimal use of those fore-
casts.

2. Forecast evaluation

Weather forecasting is one of many human activities
where people make judgments and/or predictions
about events. Therefore, we consider what sort of
models of the judgment process have been developed
and to what degree these models apply to weather fore-
casting. Virtually all models of human judgment have
at least two components: an information-processing
component and a decision-making, response-generat-
ing component (Baird and Noma 1978; Green and
Swets 1974; Hammond and Adelman 1976; Ham-
mond et al. 1980; Krantz 1969; Macmillan and Creel-
man 1991; Swets 1986a,b; Swets and Picket 1982;
Thurstone 1927). Broadly speaking, the information-
processing component builds internal representations
in the mind based on information collected from the
outside world and on knowledge already contained in
memory. The decision-making component examines
these internal representations and makes decisions
about which of the possible responses to give, taking
into account decision goals that might be appropriate
to the situation.

In the model of forecasting to be considered here,
the signal detection model, these two components op-
erate independently of each other. To describe fore-
casting behavior in terms of this model two types of
measures are used: One type of measure reflects the
ability of the information-processing component to
discriminate between the occurrence of the event and
its nonoccurrence, and another type reflects the deci-
sion process that generates responses. Since the two
components of the model are independent of each
other, the two types of measures should also be inde-
pendent of each other. Independent, in this context,
means that the value of one type of measure does not
predict the value of the other. If the model is appro-
priate for observed behavior, than the first type of mea-
sure computed from the data will be independent of a
different decision used in generating responses (Egan
1975; Green and Swets 1974; Macmillan and Creelman
1991).

In the simplest forecasting situation the forecaster
uses two forecast categories (e.g., “yes” and “no’) to
predict that an event will or will not occur [example
A in Murphy and Winkler (1987)]. The four possible
outcomes are illustrated in Table 1 as a 2 X 2 contin-
gency table. There are two types of correct outcomes:
a hit (cell A in Table 1) and a correct rejection (cell
D). There are two types of errors: a false alarm or false
positive (cell B) and a miss (cell C). To properly eval-
uate forecasting performance from such a contingency
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TaBLE 1. A 2 X 2 contingency table used to evaluate weather
forecasting performance. The definition of four meteorological
performance indices (POD, CSI, CAR, FAR), one meteorological
accuracy index (MSE), and two signal detection measures (HR and
FAR) are presented.

Event forecast

Event Will occur Will not occur
Occurs A C
(hit) (miss)
Does not occur B
(false alarm) (Correct rejection)
POD = AT C (Probability of detection)
CAR = A (Correct-al tio)
ATB -alarm ratio
= False-alz :
FAR ALH (False-alarm ratio)
CSI = A (Critical success index)
A+B+C
+
MSE = Fg—:—gﬁ (Mean-square error, Brier score)

SDT HR = p(Y|s) = ﬁ (Hit rate)

SDT FAR = p(Y|n) = (False-alarm rate)

B
B+D

table, the frequencies of all four outcomes must be
known (Swets 1988).

Measures of forecasting performance may be com-
puted from the cells of a 2 X 2 contingency table. Prob-
ability of detection (POD), critical success index (CSI),
correct-alarm ratio (CAR), false-alarm ratio (FAR),
and mean-square error are some of the more common
terms (Brier 1950; Donaldson et al. 1975; Fildes and
Makridakis 1988; Murphy and Winkler 1987;
Thompson 1990). How these indices are computed is
given in Table 1.

Forecasts are often made using more than two fore-
cast categories: for example, rating the probability of
the event occurring [example B in Murphy and Wink-
ler (1987)]. The data from such forecasts form a 2
X nfjoint frequency distribution table as illustrated in
Table 2, where nfis the number of probability response
categories used. The joint.probabilities computed from
these joint frequency distributions may be decomposed
in various ways (Murphy and Winkler 1987; Murphy
and Winkler 1992) that will be discussed later.

The measures indicated in Table 1 are computed
from data in the form of Table 2 by combining the #f
columns into two columns. A cutoff probability rating
is established; the response frequencies below the cutoff
for each row are added together to form one column,
and those at and above the cutoff are added to form
the other column. This procedure is equivalent to in-
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TABLE 2. A joint distribution table used to represent weather forecasting performance. Seven forecast probabilities ranging from 0.00 to
1.00 are shown. The cells of the table, f{f, x), represent frequency of each forecast funder the condition that the event occurs (x = 1) and
does not occur (x = 0). Each of the cells may be converted into a joint probability by dividing each one by the total number of forecasts: N
= Zlo =¥, f{f;, x), where nf’is the number of forecast categories (seven in this example).

Event probability forecast

Event 0.00 0.20 0.40 0.50 0.60 0.80 1.00
Occurs S(0.00, 1) f10.20, 1) f(0.40, 1) J0.50, 1) f(0.60, 1) f10.80, 1) 1100, 1)
Does not occur J10.00, 0) f10.20, 0) f(0.40, 0) J(0.50, 0) £(0.60, 0) S10.80, 0) (1.00, 0)

terpreting all forecast values below the cutoff proba-
bility as a ““no” forecast, and all forecasts at and above
the cutoff as “yes” forecasts (Macmillan and Creelman
1991; Swets et al. 1961). Thus, a 2 X nfjoint frequency
distribution table may be used to compute #f— 1 values
of each of the measures given in Table 1. We now
examine these measures for independence from deci-
sion or response factors using real weather forecasting
data.

Mueller et al. (1987) studied the ability of research
forecasters to forecast severe weather at approaches to
Stapleton International Airport in Denver. Research
forecasters forecast the probability of severe convection
defined as radar reflectivity values greater than 30
dBZ.. At 1-h intervals throughout the afternoon the
forecasters assessed the probability that severe convec-
tion would occur during the following time periods
from the time of the forecast: 0-15, 15-30, 30-45, and
45-60 min. Of the approximately 520 forecasts made,
470 did not result in severe convection, while 50 did.
The actual numbers vary slightly for the four forecast
intervals.

The measures commonly used by meteorologists
(Table 1) were computed by constructing 2 X 2 con-
tingency tables for each of a series of cutoff judgment
probabilities. Forecaster judgments greater than or
equal to each cutoff value were taken as “yes” forecasts
of severe weather; judgments less than each cutoff were
taken as “no” forecasts. The different forecast proba-
bilities are associated with the response-generating
component of the model and correspond to a series of
internal decision criteria. Therefore, a measure of the
information-processing component of the model
should be independent of the forecast category used.
The computed POD, CSI, CAR, and MSE are plotted
in Fig. 1 as a function of cutoff probability for each of
the four forecasting periods.

With increase in the cutoff probability, POD de-
creases, CAR increases, MSE decreases, and CSI first
increases and then decreases. None of these indices is
independent of the probability response used to define
the 2 X 2 contingency table from which the indices are
computed, and therefore, none is a good candidate for
a measure of the information-processing component
of the SDT forecasting judgment model (which requires
independence). These various measures are also dif-

ficult to interpret unambiguously. Using POD or MSE,
for example, one could argue that forecasting “ability”
decreases at higher probability forecast categories but
using CAR one could argue just the opposite, that
““ability” improves. Also, in the case where only positive
(“yes”) forecasts are made, both CSI and CAR become
equal to the event base rate.

The dependence of these indices on the probability
response used to define them makes a meaningful
comparison among forecasters and among forecasting
conditions complicated. Choosing a fixed probability
response (0.50, for example) for the computation of
all indices does not solve the problem, because the same
numerical probability forecast given by different fore-
casters, or even the same forecasters under different
conditions, may be based on different values of an in-
ternal decision criterion. Under these conditions the
actual posterior probabilities would not necessarily be
equal to 0.5, and indeed they often are not, as is illus-
trated below in our discussion of calibration.

3. Signal detection theory

Signal detection theory provides a theoretical
framework within which to understand the forecasting
process. It also provides measures of the information-
processing component of the model and measures of
the decision component of the model. The potential
value of SDT in meteorology has been described both
by Mason (1982) and by Swets (1988), but SDT is
not yet widespread in this field. The dual-Gaussian,
variable-criterion signal detection model was originally
introduced into psychology to describe the behavior of
observers attempting to detect weak sensory signals
(Green and Swets 1974; Swets 1961; Swets et al. 1961).
Since its introduction, however, this model has been
found to provide a good description of a much wider
range of human judgment behavior. In his recent sur-
vey, for example, Swets (1986a) found that the Gauss-
ian signal detection model describes recognition mem-
ory for words, recognition memory for odors, medical
image evaluation, information retrieval, aptitude test-
ing, polygraph lie detection, and weather forecasting.
In addition, SDT is an appropriate model of expert
judgment (Harvey 1992).

A brief description of the signal detection model is
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FIG. 1. Four meteoralogical measures of forecasting performance as a function of cutoff probability used to generate a 2 X 2 contingency
table. “O,” “+,” “X,” and “v” represent data for 15-, 30-, 45-, and 60-min forecasts, respectively.

given here. A fuller treatment is found in Green and
Swets (1974), Egan (1975), Swets and Pickett (1982),
Macmillan and Creelman (1991), and Harvey (1992).
The theory asserts that the weather forecaster takes in
information relevant to a weather event and forms a
quantity that represents the strength of the evidence
concerning the occurrence or nonoccurrence of the
event. Because of uncertainty associated with making
forecasts, the evidence strength fluctuates from occa-
sion to occasion. This fluctuation may be described by

two Gaussian probability distributions: One, the event
(or signal) distribution, represents the probability dis-
tribution of evidence strength associated with the oc-
currence of the event; the other, the no-event (or noise)
distribution, represents the probability distribution of
evidence strength associated with the nonoccurrence
of the event. Forecasters may not generally be con-
sciously aware of these probability distributions and
the process of combining information.

Each of these probability distributions is character-
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ized by a mean u and a standard deviation o. Two
examples of such a model are given in Fig. 2. The hor-
izontal axis, the evidence strength axis or decision axis,
is marked off in units of ¢,. By assumption, the no-
event distribution has a mean of i, = 0.0 and a standard
deviation o, of 1.0. The mean and standard deviation
of the event distribution, u, and g,, are thus two free
parameters and constitute a complete description of
the information-processing component of the model.

When a forecaster has combined information and
has arrived at a single value representing the strength
of evidence about the occurrence or nonoccurrence of
an event, this value is compared with one or more
internal decision criteria X, and decision rules are used
to generate an opinion about the event. In the simplest
case, example A (Murphy and Winkler 1987), a single
decision criterion is used with a single decision rule:
“If the evidence is greater than X., say that the event
will occur, otherwise say that it will not.” The upper
panel of Fig. 2 shows a signal detection model with a
single decision criterion marked by the vertical line.
This criterion partitions the decision axis into two re-
sponse regions: Judgments that the event will not occur
are to the left of X, and judgments the event will occur
lie to the right of X..

MODEL WITH SINGLE DECISION CRITERION

KRN 4
E sl
a
F4
W o4l J
>
r .3l 1
=
@ .21 4
<
-
E At .
N8 \ ]
3 2 8 1 3
DECISION AXIS, {NOISE SD UNITS)
MODEL. WITH TEN DECISION CRITERIA
.6t 4
=
§ S5t /,-\ p
g 4+ E
. /
-3t Y 1
=
g .2¢{ 4
g N
g At \\ p
38 ] ' X $ d

> 4

-2 -1 ] 1 2
DECISION AXIS, (NOISE SD UNITS)
FIG. 2. Two Gaussian signal detection models. The upper model

has a single decision criterion. The lower model has ten decision
criteria.
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Each decision criterion generates two independent
conditional probabilities: p(Y |s), the probability of
predicting an event given that the event occurs (called
the hit rate or HR); and p(Y |n), the probability of
predicting an event given that the event does not occur
(FAR). When a forecaster uses nf probability forecast
categories, 7f — 1 HR and FAR values result. How HR
and FAR are computed is illustrated in Table 1. Note
that the false-alarm ratio computed by meteorologists
(Donaldson et al. 1975) is not the same as the false-
alarm rate computed for signal detection theory, al-
though the abbreviations for these terms are the same—
FAR. The signal detection hit rate (HR ), however, is
the same as the probability of detection (POD) (Don-
aldson et al. 1975).

The hit rate corresponds to the area under the event
probability distribution lying to the right of X.; FAR
corresponds to the area under the no-event probability
distribution lying to the right of X.. The value of X,
corresponding to a particular FAR may therefore be
computed:

X, = —z[p(Y|n)] (1)

where z [ ] is the transformation of probability into
a z score of the unit normal Gaussian distribution. The
value(s) of X, constitute a complete description of the
decision-making component of the model.

The exact value of the decision criterion is usually
not under complete conscious control of the forecaster.
Extensive experimental evidence indicates that three
general factors influence the position of the decision
criterion: instructions to and goals held by forecasters,
beliefs about the base rate of the event being forecast,
and beliefs about the costs and benefits associated with
the various correct and incorrect outcomes of a forecast
(Green and Swets 1974; Healy and Kubovy 1978;
Swets et al. 1961).

Forecasts may be given in terms of probabilities that
the event will occur, example B (Murphy and Winkler
1987). We will later discuss the issue of whether or not
the forecast probabilities correspond to the actual pos-
terior event probabilities (calibration ); it is not relevant
here because they are treated as confidence ratings, with
higher forecast probabilities indicating a higher confi-
dence that a weather event will occur. Although treating
probability forecasts as confidence ratings may seem
strange, this practice has a long history in the detection
literature. The validity of this approach has been con-
firmed hundreds of times and forms one of the sources
of strong empirical validation of the signal detection
model (Egan 1975; Green and Swets 1974; Krantz
1969; Macmillan and Creelman 1991; Swets et al. 1961;
Tanner and Swets 1954). In this case the model states
that the forecaster holds a series of decision criteria
that partition the decision axis into a series of different
response categories. When a forecaster uses »f different
response probabilities the model assumes that nf — 1
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different values of X, are being held simultaneously.
The lower panel of Fig. 2 illustrates a forecaster using
10 different decision criteria resulting in 11 different
response categories.

The hit rate p(Y | s) and the false-alarm rate p(Y | n)
covary as a function of the decision criterion value,
and thus, neither is a suitable measure of the infor-
mation-processing component of the model, as pre-
viously discussed. The relationship between these two
conditional probabilities is called the receiver operating
characteristic (ROC) and represents all the possible hit
rate-false-alarm rate pairs that can be achieved using
different decision criteria. The shape of the ROC de-
pends uniquely on the mean and standard deviation
of the event probability distribution, and thus is a
characteristic of the information-processing compo-
nent. The ROC generated by the model illustrated in
Fig. 2 is shown in the left panel of Fig. 3.

The ten circles on the ROC represent the ten hit
rate—false-alarm rate pairs generated by the ten decision
criteria shown in the lower part of Fig. 2. Because the
model assumes that the two probability density func-
tions are Gaussian, when the hit rate and false-alarm
rate probabilities are converted to z-score deviations
under the unit normal Gaussian distribution, the ROC
becomes a straight line, as is shown in the right panel
of Fig. 3. The degree to which actual data lie along a
straight line in z-score coordinates is a test of the mod-
el’s validity (Swets 1986a,b) and may be evaluated by
standard statistical methods, such as chi square.
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Hit rate~false-alarm rate pairs were calculated from
the forecasting data of Mueller et al. (1987). The best-
fitting Gaussian signal detection models were also
computed from the data using Dorfman’s maximum-
likelihood method (Dorfman and Alf 1969; Dorfman
etal. 1973). A Fortran 77 version of this program may
be obtained from the first author (see Acknowledg-
ments). The ROCs formed by the data, and the ROCs
predicted by the best-fitting Gaussian model, are plot-
ted in Fig. 4 (on probability scales) and in Fig. 5 (on
z-score scales). As the figures illustrate, these forecast-
ing data are extremely well fit by the Gaussian signal.
detection model in agreement with previous reports
(Mason 1982; Swets 1986a,b, 1988).

4. Forecasting accuracy

There are two common ways to express accuracy
and we must take care not to confuse one with the
other. One way is in probability terms. The probability
of making a correct judgment is an example: The higher
the probability the higher the accuracy. The other way
is in terms of a computed difference between a given
response and a desired response. The mean-square er-
ror is an example of this type of accuracy measure. In
the signal detection literature, accuracy is a term used
to describe the ability of the information-processing
component of the SDT model to discriminate the event
from the nonevent, and we use it in that sense here.
Although this component of the model is completely
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FIG. 3. The receiver operating characteristic (ROC) generated by the model shown in Fig. 2. The hit rate and false-alarm rate pairs
correspond to the ten decision criteria shown in the lower panel of Fig. 2. In the left panel, hit rate and false-alarm rates are plotted as
probabilities. In the right panel, these probabilities have been transformed into z scores.
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FIG. 4. Hit rate as a function of false-alarm rate for 15-, 30-, 45-, and 60-min forecast intervals. The solid lines are the predictions of the
best-fitting Gaussian signal detection model. The asterisk represents the persistence forecast.

specified by u, and gy, it can be characterized by a
single measure of accuracy. A widely used measure of
this kind is the area under the ROC, 4., which may
be interpreted as a percent correct score. Chance ac-
curacy corresponds to A, = .5; perfect accuracy to A,
= 1.0. It is independent of the decision criterion used
and of the event base rate. The variable 4, may be
computed from another SDT accuracy measure, d,,
which may in turn be computed from the values of the
best-fitting parameters p; and o, (u, = 0 and o, = 1,
by assumption):

2 2\—1/2
dy= (s — u)(%) 2)
A, = Z_l[%] (3)

where z7! [ ]is the inverse z transform based on the
unit normal Gaussian distribution. The variable 4, is
independent of both the decision criterion and the
event base rate, and thus provides a basis for directly
comparing different forecasters and forecasts made






