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Forecast value: 

descriptive decision studies 
THOMAS R. STEWART 

1. Introduction 

Studies of the value of forecasts necessarily consider - either ex- 
plicitly or implicitly - the decisions made by users of the forecasts. 
Most such studies involve both description (how users actually de- 
cide) and prescription (how they should decide). The purpose of 
this chapter is to present the descriptive approach to studying the 
value of weather forecasts and to compare it with the prescriptive 
approach that is treated in several other chapters of this volume 
(especially Chapter 4). 

Both descriptive and prescriptive approaches are based on the 
belief that the value of weather forecasts is derived primarily from 
their effects on the decisions of individuals engaged in weather- 
sensitive activities (McQuigg, 1971), and both approaches require 
decision-making models to assess those effects. The critical differ- 
ences between the two approaches are the methods used to develop 
the decision-making models and the criteria employed for evalu- 
ating them. Descriptive models are evaluated according to their 
ability to reproduce the behavior of decision makers. Prescrip- 
tive models are evaluated according to their ability to produce 
decisions that are optimal according to some normative theory of 
decision making. 

The descriptive and prescriptive approaches are compared in 
Section 2. In Section 3, a representative sample of descriptive 
studies is classified and reviewed. Selected results from descriptive 
research on judgment and decision making that apply to weather- 
information-sensitive decisions are presented in Section 4. Section 
5 includes a brief overview of two broad classes of methods for 
descriptive decision modeling. 

2. Comparison of descriptive and prescriptive studies 

In this chapter, the value of forecasts is treated from the perspec- 
tive of an individual decision maker or a group of decision makers 
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with common interests. Important issues arise when estimating 
the value of forecasts to an industry composed of individuals who 
all have the same information (e.g., Lave, 1963) or in determin- 
ing the value of forecasts at the national level (Johnson, 1990), 
but these issues are not treated here (also see Chapter 3 of this 
volume). 

2.1. Requirements for  a complete descriptive study 

Davis and Nnaji (1982) list six types of evaluative information 
needed to estimate the value of a forecast (p. 463): (i) a payoff 
function and decision rule based on the information (e.g., a rule 
for issuing a flood warning based on stream gage readings and a 
payoff function specifying the costs of all possible combinations 
of forecasts and events) ; (ii) a conditional probability distribution 
of the state of nature given the information; (iii) a probability 
distribution over the information that might be generated; (iv) 
the average number of information events per unit time; (v) all 
the users of the information, their decision rules, and their payoff 
€unctions; and (vi) the cost of the information. 

These requirements apply to both descriptive and prescriptive 
studies. The key difference is how the user’s decision rules (which 
constitute a decision model) are obtained. In a prescriptive study, 
the decision model is based on a normative theory (e.g., Bayesian 
decision theory) that specifies an “optimal” decision rule (e.g., 
maximize subjective expected utility). In a descriptive study, the 
decision model is determined by the user’s behavior, and the goal 
is to obtain an accurate model of the user’s actual decision pro- 
cess. As a result, a prescriptive study will yield an estimate of the 
expected value of the forecast to an idealized user who behaves 
optimally according to a decision criterion derived from the nor- 
mative theory; a descriptive study will yield an estimate of the 
actual value of the forecast to a real user who may or may not use 
information in an optimal fashion. 

Figure 5.1 outlines the steps required for a complete descriptive 
study that results in an estimate of forecast value. Although a 
literature search described below found no single study that com- 
pleted all steps, every descriptive study provided information rel- 
evant to at least one step. 
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1. Define decision alternatives and determine that the 
decision is weather-information-sensitive 

.L 
2. Identify user’s goals 

3. Identify all decision-relevant information available to 
user 

4. Develop a model describing the relation between 
available information and the decision 

1 

1 
5 .  Evaluate the model. Does it adequately describe user’s 

behawor? 

I 6. Use model to determine imuact of forecast on criteria 1 
Figure 5.1. The steps in a descriptive study. 

The steps in Figure 5.1 are similar to those required for a pre- 
scriptive study. In fact, the results of steps 1 through 3 may be 
similar for both descriptive and prescriptive studies (although in 
practice this may not be likely). The fundamental differences be- 
tween descriptive and prescriptive studies are in steps 4 and 5 - 
model building and evaluation. The standard for evaluating a de- 
scriptive model is the user’s actual behavior; that is, the model is 
valid if it adequately describes the user’s behavior. Models devel- 
oped for prescriptive studies need not be evaluated against actual 
behavior. Discrepancies between prescriptive models and actual 
behavior are expected because people do not necessarily follow 
prescriptive models when they make decisions (see Section 4). 

Different criteria for evaluating the two types of models dictate 
different methods for building them. The prescriptive modeler be- 
gins with a normative theory, develops the appropriate structure, 
and collects the data necessary to apply the theory to the deci- 
sion. The descriptive modeler begins with data obtained from the 
user’s verbal reports and from observations of the user’s behavior 
and, if possible, develops a model that explains the data. Ideally, 
selection of the type of descriptive model and modeling method is 
determined by observations and data. In contrast, the prescrip- 
tive modeler chooses a model to solve the normative version of 
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the decision problem, not necessarily to match the user’s decision 
process. 

To complete step 6, a payoff function must be developed for 
evaluating decision outcomes, and conditional probability distri- 
butions of forecasts and other information must be estimated (or 
a representative set of scenarios based on historical data could be 
used). Using the decision model developed in steps 4 and 5 ,  the net 
payoff of the distribution of possible outcomes is evaluated for dif- 
ferent assumptions about the availability and quality of forecasts. 
Forecast value is computed (assuming the user’s utility function is 
linear in monetary gains and losses) by subtracting the estimate 
of payoff without the forecast from the estimate of payoff with the 
forecast. Although this final step is logically required to estimate 
the value of a forecast, it has rarely been carried out in descriptive 
studies because, as will be shown below, such studies have rarely 
resulted in decision models that are sufficiently complete to sim- 
ulate actual decisions. In contrast, prescriptive studies generally 
include this step. 

2.2. Prescriptive versus descriptive estimates of value 

In order to simplify the following discussion, the term “decision” 
is used to refer to a single action or to a sequential series of ac- 
tions that may be made in response to a forecast. To clarify the 
distinction between the expected value of a decision (or series of 
decisions) and the expected value of information, we will use the 
term “expected payoff’ to refer to the former. The expected value 
of information is determined by comparing the expected payoff of 
the decision that would be made with the information and the 
expected payoff of the decision that would be made without the 
information. For simplicity here, we assume that utility functions 
are linear. Methods for estimating value of information when util- 
ity functions are-nonlinear are described elsewhere in this volume 
(see Chapters 3 and 4). 

If prescriptive and descriptive models are based on the same 
information and assumptions, the descriptive model will never se- 
lect a decision that yields a higher expected payoff than the de- 
cision selected by the prescriptive model (because, by definition, 
the prescriptive model chooses the decision with the optimal ex- 
pected payoff). That does not mean, however, that descriptive 
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Table 5.1. Economic consequences of decisions in a 
hypothetical concrete pouring example 

Decision 

Weather Do not pour Pour 
state 

Rain 4 2 5 0  -$1,000 

Norain 4 2 5 0  $1,700 

studies will necessarily result in lower estimates of forecast value 
than their prescriptive counterparts. Forecast value estimates in 
descriptive studies must be based on a comparison of the expected 
payoffs of decisions selected with and without the information be- 
ing evaluated. Because the decisions without the weather informa- 
tion might result in lower expected payoff in a descriptive study 
than in a prescriptive study, the difference in expected payoff might 
be greater in a descriptive study even though both decisions have 
higher payoff in the prescriptive study. 

Prescriptive models that are based on an ex ante approach to 
information valuation cannot result in a negative value of informa- 
tion (before the cost of information is subtracted). In an optimal 
model, useless information is simply ignored (i.e., does not change 
any decisions) and has zero value. If a descriptive model is used 
to estimate forecast value, however, negative values are possible 
(Davis and Nnaji, 1982). If, for example, the user misinterprets 
a probability forecast, that forecast might turn out to have neg- 
ative value. The following hypothetical example illustrates how 
a descriptive study differs from a prescriptive study and how it 
might result in either a negative value of information or a value of 
information greater than that obtained from a prescriptive study. 

Suppose that Jill is a contractor who needs to pour concrete. 
She does not want to pour if it will rain before the concrete sets. 
The economic consequences of the possible decision outcomes (in 
dollars) are given in Table 5.1. 

The prior (or climatological) probability of rain is 0.26, so with- 
out a forecast Jill’s best choice (assuming she is risk neutral) is to 
pour (expected payoff = $998). Suppose that a perfectly reliable 
probability of precipitation forecast is available to Jill. Its perfor- 
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Table 5.2. Statistical properties of probability forecast 

Probability of 
Forecast Probability rain given 

probability of forecast forecast 

0.05 0.40 0.05 
0.20 0.30 0.20 
0.50 0.20 0.50 
0.70 0.05 0.70 
0.90 0.05 0.90 

mance is described in Table 5.2. With the forecast, evaluation of 
her decision options shows that Jill’s best, strategy is to pour un- 
less the forecast is for 90% probability of rain. Her expected payoff 
will then be $1,022, yielding a forecast value (based on prescriptive 
decision modeling) of $24 per day. 

Suppose further that a descriptive model of Jill’s decision- 
making process was developed by interviewing her. In the in- 
terview, it was learned that if Jill did not have the precipitation 
forecast, she would look at the sky in the morning and she would 
not pour if it were cloudy. This provides a simple descriptive de- 
cision rule for the “without forecast” condition: 

(i) If cloudy, do not pour; 
(ii) If not cloudy, pour. 

The expected payoff obtained using this rule depends on the 
conditional probability of rain when it is cloudy (Table 5.3). Since 
morning cloudiness is a poor predictor of rain, Jill’s decision model 
yields an expected payoff of $596, which is substantially lower than 
the expected payoff of $998 that she would obtain by not looking 
at the sky and always pouring. 

In the interview, Jill also said that, with the forecast, she would 
not pour any time the forecast indicated a 50% probability of rain 
or greater. This rule yields an expected payoff of $899, which is 
$303 higher than her expected payoff based on morning cloudi- 
ness. Therefore, the expected value of the forecast based on the 
descriptive analysis is $303, which is much greater than the $24 
estimate obtained using the prescriptive model. 

Another contractor, Jack, said that he would not pour anytime 
the forecast indicated a 20% chance of rain or greater. Assuming 
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Table 5.3. Statistical properties of cloudiness as predictor of rain 

153 

Conditional probability 
Morning cloud Probability of of rain given 

condition cloud condition cloud condition 

Cloudy 0.40 
Clear 0.60 

0.35 
0.20 

that he also adopts Jill’s “without forecast” approach, his expected 
payoff would be only $476, which is $120 lower than the expected 
payoff based on morning cloudiness. Therefore, for Jack, the fore- 
cast has negative value. 

Because the descriptive value of forecasts is based on the behav- 
ior of individuals, the results vary depending on how the forecasts 
are used. For example, the value of the forecast to Jill and Jack 
could be changed, and their profits improved, by convincing them 
to pour unless there is a forecast of 90% probability of rain. They 
would then have an expected payoff of $1,022, and the estimated 
value of the forecast plus training in how to use it would be $426 
(i.e., $1,022 - $596). Of course, the results of prescriptive studies 
will also vary with characteristics of the individual such as risk 
preferences and the information available to the individual in the 
absence of the forecast (Roebber and Bosart, 1996). Chapter 6 
of this volume includes a more detailed prescriptive treatment of 
decision-making models similar in structure to this example. 

Because estimates of forecast value from descriptive studies are 
sensitive to the user’s knowledge and sophistication in using the 
forecasts, the investigator must decide whether a descriptive study 
will focus on the value of forecasts given current decision-making 
practices or on the potential value given improved practices that 
might be implemented through information or training programs. 
This is also true, at least to some extent, for prescriptive studies 
because, for example, the results are sensitive to assumptions made 
about the information used by the decision maker in the absence of 
forecasts. The effect of such training programs on actual decision- 
making practices would have to be determined empirically. 
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2.3. Differences between descriptive and prescriptive studies 

In practice, descriptive and prescriptive modelers may bring quite 
different perspectives, and usually different types of training and 
experience, to their work. Those perspectives might guide their re- 
search in different directions and produce even greater differences 
in results than the formal differences between their purposes and 
methods would suggest. 

For example, descriptive and prescriptive studies will require dif- 
ferent amounts and types of involvement of the user. It might even 
be possible to do a prescriptive study with no user involvement by 
relying on secondary data (Sonka, Changnon, and Hofing, 1988). 
In a typical prescriptive study, one or more users might be inter- 
viewed to determine what information is available and to ascertain 
decision alternatives, constraints, subjective probabilities and util- 
ities, and other parameters required by the prescriptive model. A 
descriptive study requires more extensive involvement of a repre- 
sentative cross section of users, focusing on the subjective model 
by which they process information and make choices. 

Differences in the results provided by the two approaches can 
be illustrated by comparing the descriptive study of the fruit-frost 
problem by Stewart, Katz, and Murphy (1984, hereafter referred 
to as SKM), based on interviews with fruit growers, the local Na- 
tional Weather Service (NWS) forecast office, and various experts 
in crop protection with the prescriptive study of Katz, Murphy, 
and Winkler (1982, hereafter referred to as KMW), based on a dy- 
namic decision-analytic model. Differences are apparent at every 
step in Figure 5.1. 

First, the fruit growers’ alternatives were defined in different 
ways (step 1). KMW considered two alternatives for each night 
during the frost season: protect or do not protect. SKM found 
that the important nightly decision was when to initiate protec- 
tion and, of less importance, when to stop protection. KMW’s 
choice was limited somewhat by modeling restrictions. Since they 
were developing a model that was dynamic over the frost season, 
their model would have become unmanageably complex if dynamic 
processes during each night were also included. 

Both models recognized that crop protection and minimization 
of heating costs were the primary goals (step 2), but SKM iden- 
tified another goal often mentioned by the growers: psychological 
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comfort. Since they faced substantial financial risk during the 
frost season, growers wanted to have confidence that they could 
anticipate frost hazard and would be ready to react. Thus, a frost 
forecast might provide psychological comfort to fruit growers even 
though their decision to protect their crops might be based on 
other information. It would be difficult or impossible to assign a 
monetary value to such a psychological effect, but that does not 
make it any less important to the user. In a prescriptive model- 
ing approach, such psychological effects could be reflected in the 
utility function. 

The KMW model omitted an item of information (step 3) that 
growers use to decide when to protect their crops. Almost all 
large growers have temperature sensors located in their orchards 
and frost alarms by their beds that are set to wake them when 
temperatures approach the critical range. SKM found that the 
frost alarms initiated a period of vigilance that would result in 
protective measures (usually wind machines) being turned on if 
temperatures dropped close to the critical level. Consequently, 
the evening frost forecast was not the trigger for protective action, 
as assumed in the KMW model. 

KMW were able to develop a dynamic decision-analytic model 
that produced a quantitative estimate of frost-forecast value (steps 
4 through 6). SKM had to be content with a qualitative descrip- 
tion of the process and were unable to estimate a monetary value 
for the frost forecast. Although, in principle, a descriptive model 
could be used to estimate the monetary value of forecasts, this 
process has rarely been completed. If the objective of a study is 
to estimate the value of a forecast in monetary units, a combina- 
tion of prescriptive and descriptive approaches should prove quite 
valuable, as SKM observe. 

Finally, it is important to note that most prescriptive studies 
necessarily involve descriptive elements. For example, both KMW 
and Mjelde, Dixon, and Sonka (1989a) developed dynamic models 
because they recognized that these models better represent the de- 
cision processes under study. In their study of crop management, 
Mjelde et al. assumed that “the farmers are addressing a stochas- 
tic intertemporal optimization problem” (p. 1). They solved the 
crop management problem using stochastic dynamic programming 
to maximize expected profits with respect to historical climato- 
logical probabilities. They found that the static model produced 
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differences in profits ranging from 4% to lo%, relative to the more 
realistic (i.e., descriptive) dynamic model. 

3. Examples of descriptive studies 

The DPA Group, Inc. (1985) searched 10 abstract series and data 
files for studies of forecast value. Their search was updated for this 
chapter using the sources they found most useful (MeteoroZogicaZ 
and Geoastrophysicd Abstracts and the National Technical Infor- 
mation Service). In addition, a bulletin board message was posted 
on OMNET (a computer network used by atmospheric scientists) 
asking for information about descriptive studies, and several peo- 
ple active in the field were contacted directly. An annotated bib- 
liography prepared by Mjelde and Frerich (1987) and a review by 
Mjelde, Sonka, and Peel (1989b) were also examined. This pro- 
cess uncovered only one descriptive study that completed step 6 
and resulted in an estimated economic value of a forecast. The re- 
maining studies addressed one or more steps, but few resulted in a 
complete model that could be used to explain or predict behavior. 

Descriptive studies can be roughly classified into four groups: (i) 
anecdotal reports and case studies, (ii) user surveys, (iii) interviews 
and protocol analysis, and (iv) decision experiments. Studies rep- 
resentative of each group are briefly reviewed and their contribu- 
tion to understanding the economic value of forecasts is discussed. 

3. I .  Anecdotal reports and case studies 

Many anecdotes about the value of weather information have been 
published. For example: 

We interviewed a grain grower who told us how he was able 
to save thousands of dollars by checking the weather forecast 
before beginning his harvest. On one occasion, the farmer was 
about to swath his grain but decided not to do so based on 
the forecast of precipitation for the following day. The pre- 
cipitation occurred as forecast and the poor drying conditions 
persisted for a full three weeks. This farmer figured his grain 
as No. 3 grain rather than feed. The economic value to him 
was almost $30,000. (Aber, 1990, p. 55) 

Because they suggest an activity for which forecasts have value, 
such anecdotes might provide the stimulus for serious descriptive 
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or prescriptive studies, but, by themselves, they are of little use 
for determining the value of forecasts. For example, the value of 
$30,000 assigned to a single forecast in the anecdote above must 
be seriously questioned. How accurate is the grower’s estimate 
of his crop’s value? How many times did a forecast result in such 
gains? How many times did it result in losses? What other factors 
influenced the grower’s decision not to cut? 

Case studies, usually conducted after decisions have been made, 
involve more systematic study of the use of weather or climate 
information than anecdotal reports. For example, Glantz (1982) 
studied the case of a seasonal water supply forecast for the Yakima 
Valley, Washington, that turned out to be inaccurate. Based on 
a forecast of water availability during the irrigation season of less 
than half of normal, the Bureau of Reclamation allocated 6% of 
the normal water allocation to holders of junior water rights and 
98% of normal to holders of senior rights. In preparation for the 
predicted water shortage, some farmers had wells dug, leased wa- 
ter rights from other farmers at high prices, and even physically 
moved their crops to the Columbia River basin where water was 
more plentiful. Cloud seeding activities were carried out in the 
Cascade mountains in an attempt to increase snowpack. Actual 
water availability turned out to be much greater than forecast, 
and many farmers filed legal actions. CIaims for forecast-related 
losses totaled approximately $20 million. 

This case study showed that the forecast clearly did influence 
the actions of farmers; that is, they took actions that they would 
not have taken otherwise. It also showed that significant costs 
could be attributed to the erroneous forecast, and Glantz argued 
that studies of the value of forecasts should account not only for 
the value of a good forecast, but also for the potential costs of an 
erroneous one. In addition to monetary costs associated with the 
forecast, there are nonmonetary costs. For example, the Bureau 
of Reclamation lost much of its credibility with farmers, possibly 
limiting its ability to discharge its responsibilities effectively. 

Glantz also pointed out that it is difficult to “separate the in- 
fluence of the water supply projections from other competing eco- 
nomic influences that might also have been at play in Yakima 
in 1977” (p. 11). He cited the example of the cattle industry, 
which was already in trouble and may have been spurred by the 
forecast to take actions, such as reducing their herds, that they 
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should have taken anyway. It is also possible that actions taken in 
response to the forecast had longer-term benefits that may have 
offset their costs. For example, spraying crops for frost protection 
is more cost-effective than using wind machines, and some of the 
wells that were dug in anticipation of the 1977 water shortage were 
later used to supply water for frost protection. 

Some case studies include general descriptions of classes of de- 
cisions that use weather information. For example, Brand (1992) 
describes several U.S. Navy decisions that are assisted by weather 
and climate information. Ryder (1990) reports several uses of 
weather information in the United Kingdom, and Hawando (1990) 
presents Ethiopian case studies. Del Greco (1983) describes case 
studies involving offshore fishing vessels where substantial costs 
apparently could have been averted if weather forecasts had been 
used. Changnon and Vonnhame (1986) discuss the use of a sea- 
sonal precipitation forecast in a water management problem. 

Although difficulty in determining causation is inherent in the 
case study approach, and the results cannot necessarily be gen- 
eralized beyond the particular situation studied, case studies do 
serve an important function in describing forecast value. In depth 
case studies dramatically show that forecasts are used in complex 
social, economic, political, and cultural contexts, and that context 
is an important factor in determining forecast value. Case studies 
are an important complement to descriptive or prescriptive mod- 
eling studies that sometimes must use simplified representations 
of decision processes in order to develop tractable models. 

3.2. User surveys 

One approach to studying the economic value of forecasts is sim- 
ply to ask (by interview, mail, or telephone survey) a representa- 
tive sample of users how valuable they are. Some surveys (e.g., 
Easterling, 1986; McNew et al., 1991; Del Greco, 1983) have in- 
cluded questions about whether users are aware of weather ser- 
vices, whether they use them, whether they value them, and how 
to make the services more valuable. These are essentially mar- 
keting studies and may yield useful information for providers of 
forecasts, such as suggestions for improving services. Other than 
providing some information about user awareness of weather in- 
formation, however, they are of little use for deriving realistic es- 
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timates of the value of forecasts because they do not reveal how 
forecasts are used. They should be considered studies of “per- 
ceived usefulness” of forecasts rather than their actual value. 

Murphy and Brown (1982) review a number of studies of user re- 
quirements for short-range weather forecasts. They conclude that 
two approaches have been taken to the study of user requirements: 
passive and active. In passive studies, user requests for forecasts 
are analyzed. The active approach involves the use of a survey 
method. Murphy and Brown point out that surveys are inher- 
ently flawed, because they are based on users’ perception of needs 
rather than on either a descriptive or prescriptive decision model. 

Some surveys have asked users to estimate the value of forecasts 
in monetary terms. It is highly unlikely that a user can provide a 
valid estimate of the economic value of a forecast (see the literature 
on contingent valuation studies for a list of reasons why, e.g., Fis- 
chhoff and Furby, 1988; Mitchell and Carson, 1989). For example, 
only 8 of 95 people interviewed in one survey of households (Pro- 
totype Regional Observing and Forecasting Service, 1979) could 
provide estimates of the value of weather forecasts in commut- 
ing, recreation, and shopping. In their survey of four agribusiness 
firms, Hofing, Sonka, and Changnon (1987) found that most re- 
spondents could not quantify the economic value of better climate 
information. 

Brown and Murphy (1987) sent questionnaires to natural gas 
companies. One questionnaire requested estimates of savings to 
the company and willingness to pay for several different types of 
climate forecasts. They found that many respondents were unable 
or unwilling to make these quantitative estimates. The estimates 
that were obtained were highly variable and differed greatly among 
companies. Of course, such differences might reflect different op- 
erating conditions among companies, but it is likely that they 
are also influenced by the subjectivity involved in making difficult 
quantitative judgments of forecast value. 

Surveys can, however, be used to examine the determinants of 
subjective forecast value. Ewalt, Wiersma, and Miller (1973) in- 
corporated information from 6 case studies of farming operations 
in 4 Indiana counties lying in different forecast zones and varying 
in soil type into an interview schedule that was administered to 
145 farm operators. Each operator was asked to rate the value of 
precipitation and field condition forecasts (using a five-point scale) 



160 Thomas R. Stewart 

for different field operations, crops, and seasons. Thus, rather than 
asking users for a quantitative estimate of the monetary value of 
forecasts, the investigators asked users to rate the relative value 
of forecasts under different conditions - a much easier and more 
meaningful task for the user. The rated value of the forecasts 
was heavily dependent on soil region, crop, field activity (plowing, 
planting, seedbed preparation, cultivation), and season. Differ- 
ences in forecast quality across regions were not related to differ- 
ences in rated value. 

The Ewalt et al. (1973) study, like many descriptive and pre- 
scriptive studies, underscores the importance of decision-making 
context in determining forecast value. Although their study was 
not designed to obtain monetary values, it would not be surpris- 
ing if monetary values were sensitive to the same kinds of factors 
that were associated with the operators’ rating of forecast value. 
Both descriptive and prescriptive modeling approaches admit the 
possibility that, across decision contexts, forecast quality may not 
be the most important determinant of forecast value. 

Other surveys do not address value directly but seek information 
about how forecasts are used. For example, Curtis and Sites (1987) 
surveyed 100 recreational anglers along the Strait of Juan de f i c a  
during the peak of salmon season in the summer of 1986. They 
found that one-third of the anglers surveyed did not use the avail- 
able NWS marine warnings and advisories, and 14% were unaware 
of them. They also found that nearly 90% had never cancelled a 
fishing trip as a result of a marine forecast. When asked if they 
ever modified or adjusted NWS forecasts to account for local con- 
ditions, 78% responded that they did so at least half the time. The 
authors speculate that marine warnings make small-boat anglers 
more alert. 

Although it did not produce an estimate of economic value, this 
survey did provide important information about the value of ma- 
rine forecasts. It suggested that the decision to cancel a fishing 
trip is, for many anglers, not weather-information-sensitive. One 
reason may be that many have limited days off, so that a cancelled 
trip is lost because the option of delaying the trip a day or two is 
not available. This result highlights the importance of making a 
thorough analysis of the user’s alternatives before proceeding with 
a study of forecast value. 
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The investigators found that 14% of the anglers were unaware of 
the forecast. For them it had zero value. Apparently, 19% (33% 
minus 14%) were aware of the forecast but claimed not to have 
used it. This is a statement about their subjective model (Figure 
5.1, step 4), which implies that the forecast has no weight. The 
finding that many anglers adjust the forecasts is also relevant to 
step 4. For these people, a descriptive model would have to include 
a component that represents this forecast adjustment process. 

Several user surveys have addressed a critical question that dis- 
tinguishes descriptive from prescriptive studies. These surveys 
(Adams, 1974; Murphy et al., 1980; Murphy and Brown, 1983; and 
Curtis and Murphy, 1985) focused on how forecasts are interpreted 
by the public. They found (i) that forecasts mean different things 
to different people, and (ii) that the interpretation of forecasts by 
the public does not always match what the issuing forecaster had 
in mind. Mroz and Raven (1993) reviewed literature on public un- 
derstanding of weather information and reported that research in 
this area indicates that “weather information in all forms is poorly 
understood, often misinterpreted, and, at times, even manipulated 
by the public” (p. 426). 

For example, based on a survey of 458 beach users, Adams 
(1974) concluded that forecasts were underutilized in planning 
recreational beach trips; he attributed this, in part, to a tendency 
of users to underestimate the reliability of weather forecasts, to 
their beIief that the forecasts were influenced by an optimistic bias, 
and to users’ misinterpretation of the forecasts. He argued that 
forecasters should share responsibility for users’ misunderstanding 
of forecasts and should strive to improve communication with the 
public. Results like these indicate that descriptive models must 
account for users’ interpretations of forecasts. 

Although surveys are generally not appropriate for producing de- 
scriptive models of user decision making, they may provide useful 
information to help guide the modeling process. One inescapable 
conclusion from surveys is that there are important individual dif- 
ferences among users of weather and climate information. As a 
result, it will generally not be possible to develop a single descrip- 
tive (or prescriptive) model that represents all users even in the 
case of a specific application. For example, the model for those 
who are aware of the forecast but don’t use it will differ from the 
model for those who do use the forecast, and that model will differ 
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from the model for those who use the forecast but adjust it first. 
For this reason, descriptive modeling must be idiographic rather 
than nomothetic (Hammond, McClelland, and Mumpower, 1980, 
pp. 117-119); that is, models will have to be developed for indi- 
vidual users rather than for user groups. Any modeling process 
that involves averaging over groups of users without accounting 
for individual differences is likely to produce misleading results. 
This problem also arises in the case of prescriptive models. 

3.3. Interviews and protocol analysis 

In these studies, descriptions of users’ decision-making strategies, 
or “protocols,” are developed from verbal reports obtained from 
interviews or from analysis of other written materials. The SKM 
study of fruit growers described above is an example of this ap- 
proach. 

Another example is a study by Glantz (1980), who interviewed 
60 experts regarding possible responses to a hypothetical El Niiio 
forecast. This study addressed primarily step 1 in Figure 5.1 (al- 
ternatives and weather-information sensitivity). He found that 
political, economic, and other constraints might limit the flexibil- 
ity of decision makers in Peru or elsewhere to respond to an El 
Niiio forecast. Although he did not make a quantitative estimate 
of the value of the forecast, Glantz concluded that, even though an 
El Niiio forecast may be useful in theory, “in practice it appears 
that its value may be quite limited” (p. 449). 

Glantz (1977) analyzed the responses of more than 100 people 
representing “a wide range of fields” in the Sahel regarding what 
they would have done if an accurate forecast of rainfall and tem- 
perature had been available in 1973, a devastating drought year. 
He organized the responses into those describing “what should 
be” and those describing “what is.” He tentatively concluded that 
“given the national structures in the Sahelian states in which a 
potential technological capability would be used, the value of a 
long-range forecast, even a perfect one, would be limited” (p. 156). 
He also argued that the distinction between “what should be” and 
“what is” is particularly useful for analyzing the implications of a 
long-range forecast because it helps to avoid the pitfalls of adopt- 
ing either a utopian standpoint or a reality standpoint, and it 
can be used to “draw attention to the often implicit assumptions 
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concerning the potential benefits for society of new technology” 
(p. 157). 

Changnon (1992) conducted extensive interviews with 27 
agribusiness executives regarding their use of climate predictions. 
He found that climate predictions are seldom used in making major 
decisions, which implies that they have little economic value. The 
study identified major impediments to the use of climate predic- 
tions and potential strategies for improving their usefulness. Sim- 
ilar results were obtained from a mail survey of 114 respondents 
reported by Sonka, Changnon, and Hofing (1992) and from inter- 
views of 56 decision makers in 6 power utilities regarding their use 
of climate forecasts (Changnon, Changnon, and Changnon, 1995). 

Occasionally an agency, business, or individual develops and doc- 
uments an explicit model for the use of weather information. For 
example, the Federal Aviation Administration (FAA) regulations 
for the use of terminal forecasts (Mathews, 1992) require commer- 
cial air carriers to carry extra fuel if the terminal forecast indicates 
any possibility of ceiling height below 2,000 feet or visibility less 
than three miles within one hour of arrival. The FAA regula- 
tions can be translated directly into a simple model for the use 
of the terminal forecast (Figure 5.2). This is an example of one 
form that a descriptive decision model can take. If the necessary 
data about conditional distributions of weather events and costs 
were obtained, the model could be used to estimate the value of 
terminal forecasts. Of course, estimating costs (e.g., passenger 
inconvenience) would be no simple matter. 

Studies by Suchman, Auvine, and Hinton (1979, 1981) involved 
an attempt to develop simple decision models and use them with 
historical data to estimate the economic benefits of forecasts. They 
contacted business and government clients of a private weather ser- 
vice using a questionnaire and, in some cases, a followup phone 
call and personal visits. The responses were used to develop simple 
decision models indicating what the users would do given various 
forecast scenarios. Using the data on forecasts and actual events 
for a year, Suchman et al. were able to estimate (retrospectively) 
yearly “direct economic losses” resulting from incorrect forecasts 
for various user groups. The monetary values computed were not 
measures of forecast value, but estimates of yearly loss resulting 
from imperfect forecasts. The authors pointed out that these val- 
ues did not measure the value of the weather service relative to 
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Figure 5.2. Descriptive model of use of terminal forecasts based on FAA re 
lations. 
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some realistic alternative; at best, they measured the maximum 
additional value that could be obtained by improving forecasts. 
Suchman et al. (1981) attempted to estimate the economic benefit 
of satellite data by comparing costs of imperfect forecasts during 
the two years before satellite data were available to the consulting 
firm with the year after the data became available. The method 
failed, however, because of large differences in weather during the 
two periods. The authors note that a much larger sample size 
would be needed to make a realistic comparison of this type. 

As descriptive studies of the value of weather information, the 
Suchman et al. studies have two major limitations. First, mone- 
tary values were estimated for perfect information relative to  the 
actual forecasts, rather than for the actual forecast relative to 
some alternative such as climatology or publicly available fore- 
casts. Such a procedure is useful for estimating the maximum 
value of forecast improvements, but not for estimating the value 
of the forecast itself. Second, the users' decision models were not 
validated and were almost certainly oversimplified because they 
did not account for the context of decisions. As the authors point 
out, the use of their method assumes that users actually do what 
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they report on the questionnaire. The validity of that assumption 
was not examined. Furthermore, the decision models were based 
only on the forecasts. That is, the investigators assumed that the 
forecast alone determined user action, regardless of other infor- 
mation or circumstances existing at the time. This assumption is 
unlikely to be true for all users. 

3.4. Decision experiments 

Sonka et al. (1988) have proposed the use of “decision experi- 
ments” to assess the value of climate information and provide a 
study illustrating this approach. They interviewed two key man- 
agers responsible for production planning in a major seed corn 
producing firm. The participants were given 8 climate prediction 
scenarios (representative of actual growing season climate condi- 
tions) and asked what actions they would have taken if they had 
received this information when planning decisions had been made 
for the current season. The resulting decision model (Table 5.4) 
provides another example of the form that a descriptive decision 
model can take. 

This decision model is hypothetical because it represents the 
managers’ responses to perfect climate forecasts that are not cur- 
rently available (Sonka et al. modeled responses to imperfect fore- 
casts as well). Hypothetical models pose difficulties because there 
are no objective criteria for validating them; that is, they cannot 
be compared with actual behavior. I t  is often necessary to use 
them in descriptive work, however, because real decisions may not 
be available. If observations of real decisions are not available as 
a basis for modeling, then it is important to obtain the data for 
modeling under conditions that are similar to those present when 
real decisions are made. In other words, the data for descriptive 
decision modeling must be obtained under representative condi- 
tions. The necessity for representative design has been stressed by 
Brunswik (1956) and Hammond et al. (1975). Extensive research 
on descriptive modeling underscores the need for representative de- 
sign and indicates that properly designed experiments can result 
in models that predict actual decisions (see Brehmer and Brehmer, 
1988; Stewart, 1988). 

As in the case of all decision models, the Sonka et al. model 
operates only within a limited range of circumstances. In this case, 



166 Thomas R. Stewart 

Table 5.4. Decision model for seed corn producing firm 

Type of seasonal Implications for 
climate prediction corn production Decision 

Very serious 

Normal to favorable 

Moderately serious 

Very serious 

Somewhat serious 

Somewhat serious 

Moderately serious 

Normal to favorable 

Shift varieties toward irrigated 
areas 
No action 

Move varieties from site in east 
central Corn Belt toward western 
and northern plants sites 
Move midseason varieties away 
from areas in central Corn Belt 
areas 
Move late-season varieties toward 
irrigated and eastern sites 
Move late-season varieties toward 
irrigated areas and other eastern 
sites 
Move early varieties from eastern 
Corn Belt to west central Corn 
Belt and to three irrigated areas 
No action 

Source: Adapted from Sonka et al. (1988), table 1. 

the model applies only to 1987 because, except for the climate 
prediction, all conditions in the experiment were defined by the 
1987 crop season. The model also applies only to the range of 
weather types included in the set of predictions. 

In order to estimate forecast value, Sonka et al. developed an 
empirical model of the firm’s seed corn production process. By 
combining the decision model with the production model, they 
were able to simulate with- and without-information scenarios for 
100 random 10-year scenarios. Information value was then calcu- 
lated, and sensitivity of the estimated value to model parameters 
was investigated. This study demonstrates the feasibility of using 
a descriptive decision model to obtain quantitative estimates of 
forecast value. It is the only such example found in the literature 
search. 

In another decision experiment, Baker (1984) asked citizens to 
respond to hypothetical scenarios describing hurricane threats. 
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For one group of 100 citizens, the scenarios varied on 4 factors: 
(i) severity of storm, (ii) storm track and position, (iii) National 
Hurricane Center “alert” status, and (iv) evacuation notice from 
local officials. A second group received the same scenarios plus 
a forecast specifying the probability that the storm would cause 
hurricane conditions. Baker developed logistic regression models 
to  predict the percentage who would evacuate under each scenario. 
He found that provision of hurricane probabilities (in addition to 
National Hurricane Center alert information and all the other in- 
formation) had a negligible effect on the percentage evacuating 
(around 5%). The most important factor was local officials’ ad- 
vice or orders to evacuate. No payoff function was developed, and 
forecast value was not estimated. 

The descriptive model developed in Baker’s study was intended 
to predict group behavior (i.e., evacuation percentage). As noted 
above, decision models must account for individual differences 
among users. Because such differences were not analyzed, the 
validity of the aggregated model is suspect. 

3.5. Summary 

Most descriptive studies can be classified as case studies or sur- 
veys. Although such studies provide information relevant to fore- 
cast value, they do not produce quantitative estimates of value. 
Studies involving the detailed interviews, protocol analysis, and 
decision experiments that are required to develop descriptive mod- 
els for estimating forecast value are rare. 

Although descriptive studies have rarely produced estimates of 
forecast value, they do suggest that users often do not obtain the 
maximum possible value of forecasts and that the usefulness of 
forecasts may be limited by: (i) constraints that deny the flexi- 
bility to respond to the information, (ii) lack of awareness of the 
information or ability to obtain it, (iii) misunderstanding or mis- 
interpretation of forecasts, (iv) availability and use of locally spe- 
cific information more appropriate to a specific decision than the 
forecast, (v) nonuse or nonoptimal use of forecasts, or (vi) low im- 
portance given to weather information because other nonweather 
factors are judged more important. 

In addition, the studies indicate that there are important indi- 
vidual differences in the use of forecasts. Those individual differ- 
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ences may well translate into differences in the value of forecasts to 
different users, even if they face the same decision with the same 
payoff structure. 

.4. Factors that affect differences between 
descriptive and prescriptive models 

Decisions that are likely to benefit from weather and climate fore- 
casts always involve uncertainty. Also, they are usually complex 
decisions because they involve many interdependent elements, or 
because several different types of information must be considered 
before a decision is made, or both. Often, multiple criteria must 
be satisfied, and trade-offs between competing or conflicting cri- 
teria may be necessary. The decisions are often part of a dy- 
namic process; that is, a sequence of decisions is made in the 
context of a changing environment where each decision depends, 
in part, on the outcomes of earlier decisions. Thus, weather and 
climate forecasts are likely to be used in decisions that involve 
uncertainty, complexity, multiple criteria, trade-offs, and dynamic 
processes. These characteristics are present in most of the kinds 
of decisions that interest judgment and decision researchers. For 
reviews of this research, see Janis and Mann (1977), Kahneman, 
Slovic, and Tversky (1982), Arkes and Hammond (1986), Hogarth 
(1987), Baron (1988), Dawes (1988), Brehmer and Joyce (1988), 
and Payne, Bettman, and Johnson (1992). In this section, a few il- 
lustrative results of descriptive research on judgment and decision 
making that may apply to weather-information-sensitive decisions 
are described. 

Decision making under uncertainty has been a major topic of 
study in judgment and decision research. The major conclusions 
of this research are: (i) that people do not make decisions accord- 
ing to the subjective expected utility model (see Chapter 3 of this 
volume); and (ii) that people often ignore relevant information, are 
unduly influenced by irrelevant information and, consequently, of- 
ten perform poorly in such situations. A series of descriptive stud- 
ies of judgment, inspired by the work of Tversky and Kahneman 
(1974), has identified a number of mental strategies (heuristics) 
that can lead to errors in judgments (biases). Research results 
repeatedly recount numerous biases in judgment, the inconsistent 
and poorly controlled nature of the judgment process, the per- 
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vasiveness of cognitive limitations that can reduce the validity of 
judgments, and the difficulty of overcoming those limitations. 

Although this research clearly demonstrates that prescriptive 
models do not necessarily describe human behavior, its applicabil- 
ity to actual decisions made by users of weather forecasts is difficult 
to determine. The generality of the heuristics and biases research 
conducted by Tversky and Kahneman and many others has been 
seriously challenged by a number of authors (e.g., Ebbesen and 
Konecni, 1980; Nisbett et al., 1983; Kruglanski, Friedland, and 
Farkash, 1984; Gigerenzer and Murray, 1987; Lopes, 1991; Fraser, 
Smith, and Smith, 1992). In this author’s opinion, extreme caution 
should be exercised in making generalizations from this research 
to the behavior of decision makers in field (i.e., “real-world”) set- 
tings. However, the possibility that human cognitive processes 
for coping with uncertainty are, under some circumstances, flawed 
cannot be discounted. 

Complexity of the decision problem has also been studied in 
judgment and decision research. Complexity varies with amount 
of information, interdependence among variables, number of cri- 
teria to be satisfied and trade-offs among them, and whether the 
process is dynamic or static. Not surprisingly, because people 
are limited in their capability to process information, performance 
decreases with complexity. One might expect, therefore, that dif- 
ferences between descriptive and prescriptive models will increase 
as complexity increases. 

Another set of studies has focused on the intuitive versus analytic 
nature of the judgment process. Prescriptive models are highly 
analytic; that is, they imply explicit problem structuring, formal 
reasoning, and solution by calculation. Human judgment processes 
can vary along a continuum from intuitive to analytic (Hammond, 
1990; Hammond et al., 1987). Decision makers who use highly 
analytic processes generally can describe those processes in more 
detail and more accurately than those whose decision making is 
more intuitive. Therefore, we would expect greater differences 
between prescriptive and descriptive models for intuitive decision 
makers than for more analytic ones. 

Although prescriptive studies generally focus on a single criterion 
for decision success (economic losses or gains), multiple (including 
nonmonetary) criteria can be handled within a prescriptive model 
(Keeney and Raiffa, 1976). In descriptive modeling, it is not un- 
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usual to find that a decision maker has more than one goal and 
that decision success is not always easily measured in monetary 
units. Thus, both prescriptive and descriptive studies may involve 
multiple criteria that include nonmonetary considerations. When 
decisions involve multiple criteria that cannot all be satisfied at 
once, trade-offs are necessary. Research suggests that people avoid 
trade-offs and prefer to make decisions based on a single dimension 
(Baron, 1988). In order to do this, they may try to think of reasons 
to ignore or discount other dimensions (Montgomery, 1984). This 
treatment of multiple criteria differs from the usual treatment in 
prescriptive models, which involves some weighted combination of 
criteria. When multiple criteria are involved, descriptive models 
will have to account for the decision maker’s method of combining 
or selecting criteria in different contexts. 

Studies of decision making in dynamic situations are a relatively 
recent development in descriptive decision-making research. Ho- 
garth (1981) argued that many of the results obtained in the study 
of decision making under static situations might not apply to dy- 
namic tasks, and that the heuristics that lead to poor performance 
in static tasks might produce good performance in dynamic tasks. 
Several recent studies have focused on delay of feedback, and found 
that people have difficulty performing well in tasks that involve 
a time interval between the time an event occurs and the time 
that they receive the information that it has occurred (e.g., Ster- 
man, 1989; Brehmer, 1990). Further research is needed in order 
to understand the conditions under which human performance in 
dynamic tasks can approximate those of an optimal mode). 

In summary, the descriptive research on judgment and decision 
making has found important differences between prescriptive and 
descriptive models in decisions that involve uncertainty, complex- 
ity, and multiple criteria. In addition, differences between pre- 
scriptive and descriptive models are likely to be greater when the 
decision process is performed intuitively. The study of dynamic 
decision making is relatively new, and little is known about the 
relation between prescriptive and descriptive models for this type 
of problem. 
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5. Overview of descriptive modeling methods 

Approaches to descriptive modeling of decision processes (step 4 
in Figure 5.1) can be classified into two broad groups: (i) protocol 
analysis (or process tracing), and (ii) judgment analysis. These 
approaches are briefly summarized here. 

Protocol analysis relies on users’ verbal descriptions of their rea- 
soning. Protocols are best obtained by asking individuals to “think 
aloud” while they work through a series of decisions. The proto- 
cols are analyzed to develop a model that consists of a number of 
“if . . . then . . .” relations that can be diagramed in the form of a 
flowchart. Protocol analysis has been used extensively by “knowl- 
edge engineers” to develop computer-based expert systems, and it 
has a long history in psychology as well (Kleinmuntz, 1968; Er- 
icsson and Simon, 1984). Recently, the use of verbal reports to 
derive an “influence diagram,” which can be considered a form 
of protocol, has become popular in decision analysis (Oliver and 
Smith, 1990). 

Traditionally, many psychologists have been suspicious of verbal 
reports, and they have used methods for analyzing judgment that 
do not depend on a person’s ability to provide accurate verbal de- 
scriptions of decision processes. Judgment analysis refers to a class 
of methods for deriving models of decision making by analyzing a 
sample of actual judgments or decisions. The user is required to 
do only what he or she does naturally; that is, to make decisions 
using familiar materials. The analyst develops a model to describe 
the inference process that produced the decisions. 

The data required for the development of such a model are a 
number of cases of a particular type of decision. Each case in- 
cludes the information used to make the decision and the resulting 
decision itself. Cases may be obtained in a natural setting (e.g., a 
fruit grower’s decision to protect crops each night during the frost 
season) or in controlled settings. In the latter situation, the fore- 
cast user would be asked to make judgments based on a sample of 
real situations or hypothetical scenarios designed to represent real 
situations. 

The items of information available to the user, called “cues,” are 
considered independent variables in an analysis, and the decision 
is the dependent variable. Multiple regression analysis is one sta- 
tistical technique that has been used with considerable success to 
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fit a model to the data (Stewart, 1988), but a number of other 
methods have been applied as well, including analysis of variance 
and conjoint measurement. The analysis yields a model of the user 
that expresses the decision as a mathematical function of the cues 
and an index of how well the model fits the judgments (e.g., the 
square of the multiple correlation coefficient). 

Although the use of statistical models of judgment can be found 
as early as 1923 (Wallace, 1923), extensive use of the method began 
in the mid 1950s (Hammond, 1955; Hoffman, 1960). Decision pro- 
cesses of a variety of experts have been modeled, including physi- 
cians, stockbrokers, clinical psychologists, polygraph interpreters, 
and weather forecasters (Stewart et al., 1989; Lusk et al., 1990). 
Descriptions of a theoretical foundation for judgment analysis and 
descriptions of the method itself can be found in Hammond et 
al. (1975) and Brehmer and Joyce (1988). 

Judgment analysis offers one major advantage as a tool for de- 
veloping descriptive models of the use of weather forecasts: It pro- 
vides a modeling method that does not rely on the user’s ability 
to describe his or her thinking process. This is important because 
the ability to make decisions is not always accompanied by the 
ability to describe accurately the process that produced the de- 
cisions, particularly when the process contains intuitive elements. 
Verbal descriptions of reasoning can be incomplete, inaccurate, or 
misleading. Some important aspects of the decision process may 
not be readily accessible and may be difficult to translate into 
words. The description obtained may be unduly influenced by 
the method used to elicit it. Questions posed by the investigator 
impose a “frame” on the problem. Seemingly irrelevant and incon- 
sequential aspects of problem framing can have a powerful effect 
on judgment (Tversky and Kahneman, 1981). For these reasons, 
it is desirable to have a modeling tool that does not depend on the 
expert’s ability to describe the inference process. 

Judgment analysis can be used in combination with verbal pro- 
tocols (Einhorn, Kleinmuntz, and Kleinmuntz, 1979), so that the 
investigator can take advantage of the insights provided by both 
while avoiding their pitfalls. If the investigator relies solely on the 
user’s verbal statements, then both the efficiency of model devel- 
opment and the ultimate accuracy of the model will be limited by 
the user’s ability to describe verbally his or her decision process. 
If, on the other hand, the investigator relies solely on judgment 
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analysis, certain important, but rare, situations that are not rep- 
resented in the sample of cases may be misunderstood. Although 
the two techniques complement each other well, few studies have 
combined them. 

6. Conclusion 

In order to understand fully the value of weather forecasts, both 
prescriptive and descriptive studies are necessary. Prescriptive 
studies provide estimates of the potential value of forecasts under 
the assumption that the decision maker follows an optimal strat- 
egy. They are relevant to the study of forecast value, but do not 
necessarily provide reliable estimates of the actual value to society 
given current decision practices. Descriptive studies can estimate 
the value of information given current users’ decision-making prac- 
tices, but this approach may overlook the possibility of additional 
value resulting from improvement in those practices. 

Because the approaches are complementary, comparison of the 
results of descriptive and prescriptive studies of the economic value 
of the same forecast can be especially enlightening. Assuming 
that the decision maker is risk neutral (see Chapters 3 and 4 of 
this volume for a description of methods for calculating the value 
of information when the decision maker is not risk neutral) and 
that the expected value of information is calculated by comparing 
the expected payoff of decisions made with and without the fore- 
cast, Table 5.5 describes five possible outcomes of a comparison of 
descriptive and prescriptive studies. The implications of each of 
these outcomes are described below. 

(i) Both prescriptive and descriptive studies produce the same 
expected payo8 of the decision made with the forecast. This would 
imply that the decision payoff is not sensitive to the decision mod- 
eling approach, and an increase in payoff through training users 
to make better use of information (making the descriptive model 
more prescriptive) is unlikely. This result would indicate that the 
prescriptive model was actually a good descriptive model as well, 
as was found in a study of Sri Lankan rice farmers by Herath, 
Hardaker, and Anderson (1982). In this case, any differences in 
the value of information could be caused only by differences in the 
expected payoff of the “without-forecast” decision. If this expected 
payoff is lower for the prescriptive study than for the descriptive 
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Table 5.5. Possible results of comparison of prescriptive and descriptive studies 

Expected value of forecast 

D E V > P E V  D E V = P E V  D E V < P E V  

Expected payoff 
of decision DEP = PEP ( 1 4  (1b) Not possible 
with forecast DEP < PEP ( 2 4  (2b) (24  

Expected value of forecast = (Expected payoff with forecast) - (Expected pay- 

DEP represents the expected payoff of the “with forecast” decision estimated 

PEP represents the expected payoff of the “with forecast” decision estimated 

DEV represents the forecast value estimated using descriptive modeling ap- 

PEV represents the forecast value estimated using prescriptive modeling ap- 

off without forecast) 

using descriptive modeling approach. 

using prescriptive modeling approach. 

proach. 

proach. 

study, then the value of information is greater in the descriptive 
study [(la) in Table 5.51. If the expected payoffs are the same, then 
the expected value of information is the same for prescriptive and 
descriptive studies (lb). An example in which the prescriptive and 
descriptive approaches agree for the without-forecast condition is 
a case study of the fallowing/planting problem (Brown, Katz, and 
Murphy, 1986; Katz, Brown, and Murphy, 1987; and Chapter 4 
of this volume). For the case of climatological information alone, 
the normative model prescribes an optimal policy of fallowing in 
alternate years, in agreement with observed behavior. The final 
logical possibility depicted in the first row of Table 5.5 cannot 
occur because it requires an expected payoff from the descriptive 
study to exceed the corresponding expected payoff from the pre- 
scriptive studies. As indicated above, this cannot occur if the two 
models are based on the same information. 

(ii) T h e  prescriptive study yields a lower expected p a y o 8  t h a n  the 
descriptive study f o r  the with-forecast decision. This result would 
suggest that nonoptimal use of information is limiting its value to 
the user. Training or implementation of aids designed to help the 
user optimize information processing could be helpful and might 
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increase the value of the forecast. Depending on the expected 
payoff of the decision without the forecast, the expected value of 
information obtained from the descriptive study could be greater 
than (2a), equal to (Zb), or less than (2c) the corresponding value 
from the prescriptive study (see Table 5.5). Practically speaking, 
however, the important implication would be the same in all three 
cases: The value of information would be greater if users made 
better use of it. 

Davis and Nnaji (1982) discuss the possibility that the descrip- 
tive study yields a negative estimate (before the cost of the forecast 
is subtracted). They state that it is most likely to occur when the 
information is quite uncertain and it is being used nonoptimally. 
They also state that “presently the negative value of information 
is more likely to be detected by observation than by analysis and is 
more likely to be corrected by obtaining more information than by 
utilizing a better decision rule” (p. 469). They provide no support 
for this statement. If both prescriptive and descriptive models are 
available, then it is possible to determine analytically to what ex- 
tent “utilizing a better decision rule” will correct the situation. At 
the least, a better decision rule - that is, ignoring the information 
- can increase the value to zero. 

Of course, differences between descriptive and prescriptive mod- 
els may indicate that either or both of the models are incorrect. 
For example, either model might include incorrect assumptions 
about the constraints and limitations that decision makers face 
or the information that is available to them. Differences between 
models could serve to highlight areas that need further develop- 
ment and study. 

Despite the potential for improved value estimates and insight 
into the use and value of weather forecasts from combined prescrip- 
tive/descriptive studies, no such studies have been conducted. A 
major reason for this is the lack of descriptive studies that have 
produced decision models that are sufficiently well-developed to be 
used to produce a forecast value comparable to that produced by 
prescriptive techniques. Methods for developing such descriptive 
models exist, and their application to the study of the use and 
value of weather forecasts should be encouraged. Such application 
should prove useful to the meteorological community by providing 
a more complete understanding of the factors that determine the 
value of forecasts. 



176 Thomas R. Stewart 

Acknowledgments 

The author is grateful to Joel Curtis and Robert Balfour for pro- 
viding valuable source material for this chapter. Preparation of 
this chapter was supported by the National Science Foundation 
under grant No. SES-9109594. 

References 

Aber, P.G. (1990). Social and economic benefits of weather services: Assess- 
ment methods, results, and applications. In Economic and Social Benefits 
of Meteorological and Hydrological Services, Proceedings of the Technical 
Conference, WMO No. 733, 48-65. Geneva: World Meteorological Orga- 
nization. 

Adams, R.L.A. (1974). The differential use of personal observations and 
weather forecasts in making New England beach trip decisions. Preprints, 
Fifth Conference on Weather Forecasting and Analysis, 40-43. Boston: 
American Meteorological Society. 

Arkes, H.R. & Hammond, K.R., ed. (1986). Judgment and Decision Making: 
An Interdisciplinary Reader. Cambridge: Cambridge University Press. 

Baker, J. (1984). Public response to hurricane probability forecasts. Re- 
port, National Weather Service, Weather Analysis and Prediction Division, 
(NTIS PB84-15868). Silver Spring, MD: National Weather Service. 

Baron, J. (1988). Thinking and Deciding. New York: Cambridge University 
Press. 

Brand, S. (1992). Applying weather analyses and forecasts in the Navy decision- 
making process. Bulletin of the American Meteorological Society, 73, 31- 
33. 

Brehmer, A. & Brehmer, B. (1988). What have we learned about human judg- 
ment from thirty years of policy capturing? In Human Judgment: The 
Social Judgment Theory View, ed. B. Brehmer & C.R.B. Joyce, 75-114. 
Amsterdam: North-Holland. 

Brehmer, B. (1990). Strategies in real-time, dynamic decision making. In 
Insights in Decision Making: A Tribute to Hillel J.  Einhorn, ed. R.M. 
Hogarth, 262-279. Chicago: University of Chicago Press. 

Brehmer, B. & Joyce, C.R.B., ed. (1988). Human Judgment: The Social 
Judgment Theory View. Amsterdam: North-Holland. 

Brown, B.G., Katz, R.W. & Murphy, A.H. (1986). On the economic value of 
seasonal-precipitation forecasts: the fallowing/planting problem. Bulletin 
of the American Meteorological Society, 67, 833-841. 

Brown, B.G. & Murphy, A.H. (1987). The potential value of climate forecasts to 
the natural gas industry in the United States. Final Report. Gas Research 
Institute. Chicago, IL. 

Brunswik, E. (1956). Perception and the Representative Design of Psychological 
Experiments (second edition). Berkeley: University of California Press. 



Forecast value: descriptive decision studies 177 

Changnon, S.A. (1992). Contents of climate predictions desired by agricultural 
decision makers. Journal of Applied Meteorology, 31, 1488-1491. 

Changnon, S.A., Changnon, J.M. & Changnon, D. (1995). Uses and appli- 
cations of climate forecasts for power utilities. Bulletin of the American 
Meteorological Society, 76, 711-720. 

Changnon, S.A. & Vonnhame, D.R. (1986). Use of climate predictions to decide 
a water management problem. Water Resources Bulletin, 22, 649-652. 

Curtis, J.C. & Murphy, A.H. (1985). Public interpretation and understanding 
of forecast terminology: some results of a newspaper survey in Seattle, 
Washington. Bulletin of the American Meteorological Society, 66, 810- 
819. 

Curtis, J.C. & Sites, W.E. (1987). Impact of marine weather warnings on 
the summertime recreational fishery for the Strait of Juan de Fuca. Un- 
published paper presented at the Fifth Symposium on Coastal and Ocean 
Management. Boston: American Meteorological Society. 

Davis, D.R. & Nnaji, S. (1982). The information needed to evaluate the worth 
of uncertain information, predictions and forecasts. Journal of Applied 
Meteorology, 21, 461-470. 

Dawes, R.M. (1988). New York: 
Harcourt, Brace, Jovanovich. 

Del Greco, J. (1983). New Jersey Sea Grant fishing industry study: influence 
of weather and sea state. New Jersey Sea Grant Publication No. NJSG- 
83-119, South Hackensack, NJ. 

DPA Group, Inc. The economic value of weather information in 
Canada. Final report, Atmospheric Environment Service, Environment 
Canada, Montreal. 

Subscribers to the NOAA Monthly and Seasonal 
Weather Outlook. Bulletin of the American Meteorological Society, 67, 

Ebbesen, E.B. & Konecni, V.J. (1980). On the external validity of decision- 
making research: what do we know about decisions in the real world? In 
Cognitive Processes in Choice and Decision Behavior, ed. S. Wallsten, 
21-45. Hillsdale, NJ: Erlbaum. 

Einhorn, H.J., Kleinmuntz, D.N. & Kleinmuntz, B. (1979). Linear regression 
and processing-tracing models of judgment. Psychological Review, 86,465- 
485. 

Ericsson, K.A. & Simon, H.A. (1984). Protocol Analysis: Verbal Reports as 
Data. Cambridge, MA: MIT Press. 

Ewalt, R.E., Wiersma, D. & Miller, W.L. (1973). Operational value of weather 
information in relation to soil management characteristics. Agronomy 
Journal, 65, 437-439. 

Fischhoff, B. & Furby, L. (1988). Measuring values: a conceptual framework for 
interpreting transactions with special reference to contingent valuations of 
visibility. Journal of Risk and Uncertainty, 1, 147-184. 

Fraser, J.M., Smith, P.J. & Smith, J.W. (1992). A catalog of errors. Interna- 
tional Journal of Man-Machine Studies, 37, 265-307. 

Gigerenzer, G. & Murray, D.J. (1987). Cognition as Intuitive Statistics. Hills- 
dale, NJ: Erlbaum. 

Rational Choice in an Uncertain World. 

(1985). 

Easterling, W.E. (1986). 

402-410. 



178 Thomas R. Stewart 

Glantz, M.H. (1977). The value of a long-range weather forecast for the West 
African Sahel. Bulletin of the American Meteorological Society, 58, 150- 
158. 

Glantz, M.H. (1980). Considerations of the societal value of an El Niiio forecast 
and the 1972-1973 El Niiio. In Resource Management and Environmental 
Uncertainty, ed. M.H. Glantz, 449-476. New York: Wiley. 

Glantz, M.H. (1982). Consequences and responsibilities in drought forecasting: 
the case of Yakima, 1977. Water Resources Research, 18, 3-13. 

Hammond, K.R. (1955). Probabilistic functioning and the clinical method. 
Psychological Review, 62, 255-262. 

Hammond, K.R. (1990). Intuitive and analytical cognition: information mod- 
els. In Concise Encyclopedia of Information Processing in Systems and 
Organizations, ed. A. Sage, 306-312. Oxford: Pergamon Press. 

Hammond, K.R., Hamm, R.M., Grassia, J. & Pearson, T. (1987). Direct com- 
parison of the efficacy of intuitive and analytical cognition in expert judg- 
ment. IEEE Transactions on Systems, Man, and Cybernetics, SMC-17, 

Hammond, K.R., McClelland, G.H. & Mumpower, J. (1980). Human Judgment 
and Decision Making: Theories, Methods, and Procedures. New York 
Praeger. 

Hammond, K.R., Stewart, T.R., Brehmer, B. & Steinman, D.O. (1975). Social 
judgment theory. In Human Judgment and Decision Processes, ed. M.F. 
Kaplan & S. Schwartz, 271-312. New York: Academic Press. 

Hawando, T. (1990). Application of climatic data in soil resource management 
for increased and sustainable agricultural production: a case study from 
Ethiopia. In Economic and Social Benefits of Meteorological and Hydro- 
logical Services, Proceedings of the Technical Conference, WMO No. 733, 
171-182. Geneva: World Meteorological Organization. 

Herath, H.M.G., Hardaker, J.B. & Anderson, J.R. (1982). Choice of varieties by 
Sri Lanka rice farmers: comparing alternative decision models. American 
Journal of Agricultural Economics, 64, 87-93. 

Hoffman, P. J. (1960). The paramorphic representation of clinical judgment. 
Psychological Bulletin, 57, 116-131. 

Hofing, S.L., Sonka, S.T. & Changnon, S.A. (1987). Enhancing information use 
in decision making: agribusiness and climate information. Final report, 
NSF IS 86-60497. Champaign, IL: Agricultural Education and Consulting. 

Hogarth, R.M. (1981). Beyond discrete biases: functional and dysfunctional 
aspects of judgmental heuristics. Psychological Bulletin, 90, 197-217. 

Hogarth, R. M. (1987). Judgement and Choice: The Psychology of Decision. 
Chichester, UK: Wiley. 

Janis, I.L. & Mann, L. (1977). Decision Making: A Psychological Analysis of 
Conflict, Choice, and Commitment. New York: Free Press. 

Johnson, S.R. (1990). Practical approaches for uses of economic principles 
in assessing the benefits of meteorological and hydrological services. In 
Economic and Social Benefits of Meteorological and Hydrological Services, 
Proceedings of the Technical Conference, WMO No. 733, 12-33. Geneva: 
World Meteorological Organization. 

753-770. 



Forecast value: descriptive decision studies 179 

Kahneman, D., Slovic, P. & Tversky, A. (1982). Judgment Uncertainty, Heuris- 
tics and Biases. Cambridge: Cambridge University Press. 

Katz, R.W., Brown, B.G. & Murphy, A.H. (1987). Decision-analytic assessment 
of the economic value of weather forecasts: the fallowing/planting problem. 
Journal of Forecasting, 6, 77-89. 

Katz, R.W., Murphy, A.H. & Winkler, R.L. (1982). Assessing the value of frost 
forecasts to orchardists: a dynamic decision-making approach. Journal of 
Applied Meteorology, 21, 518-531. 

Keeney, R.L. & Raiffa, H. (1976). Decisions with Multiple Objectives: Prefer- 
ences and Value Dadeofls. New York: Wiley. 

Kleinmuntz, B., ed. (1968). Formal Representation of Human Judgment. New 
York: Wiley. 

Kruglanski, A.W., Friedland, N. & Farkash, E. (1984). Lay persons’ sensitivity 
to statistical information: the case of high perceived applicability. Journal 
of Personality and Social Psychology, 46, 503-518. 

Lave, L.B. (1963). The value of better weather information to  the raisin indus- 
try. Econometrica, 31, 151-164. 

Lopes, L.L. (1991). The rhetoric of rationality. Theory & Psychology, 1,65-82. 
Lusk, C.M., Stewart, T.R., Hammond, K.R. & Potts, R.J. (1990). Judgment 

and decision making in dynamic tasks: the case of forecasting the mi- 
croburst. Weather and Forecasting, 5, 627-639. 

Mathews, J.H. (1992). The art of terminal forecasting. Air Dafic Bulletin, 

McNew, K.P., Mapp, H.P., Duchon, C.E. & Merritt, E.S. (1991). Sources and 
uses of weather information for agricultural decision makers. Bulletin of 
the American Meteorological Society, 72, 491-498. 

McQuigg, J.D. (1971). Some attempts to estimate the economic response of 
weather information. Weather, 26, 60-68. 

Mitchell, R.C. & Carson, R.T. (1989). Using Surveys to Value Public Goods: 
The Contingent Valuation Method. Washington, D.C.: Resources for the 
Future. 

Mjelde, J.W., Dixon, B.L. & Sonka, S.T. (1989a). Estimating the value of 
sequential updating solutions for intrayear crop management. Western 
Journal of Agricultural Economics, 14, 1-8. 

Mjelde, J.W. & Frerich, S.J. (1987). Selected review of literature concerned 
with socioeconomic issues of climate/weather forecasting with additional 
references. Departmental Information Report DIR 87-1/SP-5, The Texas 
Agricultural Experiment Station, Texas A&M University, College Station, 
TX. 

Mjelde, J.W., Sonka, S.T. & Peel, D.S. (1989b). The socioeconomic value 
of climate and weather forecasting: a review. Research Report 89-01, 
Midwestern Climate Center, Illinois State Water Survey, Champaign, IL. 

Montgomery, H. (1984). Decision rules and the search for dominance structure: 
towards a process model of decision making. In Analyzing and Aiding 
Decision Processes, ed. P.C. Humphreys, 0. Svenson & A. Vari, 343-369. 
Amsterdam: North-Holland. 

FAA, NO. 92-1, 4-7. 



180 Thomas R. Stewart 

Mroz, P.J. & Raven, R.J. (1993). Levels of student understanding and reasoning 
associated with televised weather information. Bulletin of the American 
Meteorological Society, 74, 425-438. 

Murphy, A.H. & Brown, B.G. (1982). User requirements for very-short-range 
weather forecasts. In Nowcasting, ed. K.A. Browning, 3-15. New York: 
Academic Press. 

Murphy, A.H. & Brown, B.G. (1983). Forecast terminology: composition and 
interpretation of public weather forecasts. Bulletin of the American Mete- 
orological Society, 64, 13-22. 

Murphy, A.H., Lichtenstein, S., Fischhoff, B. & Winkler, R.L. (1980). M' isinter- ' 

pretations of precipitation probability forecasts. Bulletin of the American 
Meteorological Society, 61, 695-701. 

Nisbett, R.E., Krantz, D.H., Jepson, C. & Kunda, Z. (1983). The use of statis- 
tical heuristics in everyday inductive reasoning. Psychological Review, 90, 

Oliver, R.M. & Smith, J.Q., ed. (1990). Influence Diagrams, Belief Nets, and 
Decision Analysis. New York: Wiley. 

Payne, J.W., Bettman, J.R. & Johnson, E.J. (1992). Behavioral decision re- 
search: a constructive processing perspective. Annual Review of Psychol- 

Prototype Regional Observing and Forecasting Service (1979). Report of a 
study to estimate economic and convenience benefits of improved local 
weather forecasts. NOAA Technical Memorandum ERL PROFS -1. Boul- 
der, CO: NOAA Environmental Research Laboratory. 

Roebber, P.J. & Bosart, L.F. (1996). The complex relationship between forecast 
skill and forecast value: a real-world analysis. Weather and Forecasting, 
11,544-559. 

Ryder, P. (1990). The assessment and testing of user requirements for specific 
weather and climate services. In Economic and SociaE Benefits of Meteoro- 
logical and Hydrological Services, Proceedings of the Technical Conference, 
WMO No. 733, 103-107. Geneva: World Meteorological Organization. 

Sonka, S.T., Changnon, S.A. & Hofing, S. (1988). Assessing climate information 
use in agribusiness. 11: decision experiments to estimate economic value. 
Journal of Climate, 1, 766-774. 

Sonka, S.T., Changnon, S.A. & Hofing, S. (1992). How agribusinessuses climate 
predictions: implications for climate research and provision of predictions. 
Bulletin of the American Meteorological Society, 73, 1999-2008. 

Sterman, J.D. (1989). Modeling managerial behavior: misperceptions of feed- 
back in a dynamic decision making experiment. Management Science, 35, 

Stewart, T.R. (1988). Judgment analysis: procedures. In Human Judgment: 
The Social Judgment Theory View, ed. B. Brehmer & C.R.B. Joyce, 41-74. 
Amsterdam: North-Holland. 

Stewart, T.R., Katz, R.W. & Murphy, A.H. (1984). Value of weather infor- 
mation: a descriptive study of the fruit-frost problem. Bulletin of the 
American Meteorological Society, 65, 126-137. 

339-363. 

ogy, 43, 87-131. 

321-339. 



Forecast value: descriptive decision studies 181 

Stewart, T.R., Moninger, W.R., Grassia, J., Brady, R.H. & Merrem, F.H. 
(1989). Analysis of expert judgment in a hail forecasting experiment. 
Weather and Forecasting, 4, 24-34. 

Suchman, D., Auvine, B. & Hinton, B. (1979). Some economic effects of pri- 
vate meteorological forecasting. Bulletin of the American Meteorological 
Society, 60, 1148-1156. 

Suchman, D., Auvine, B. & Hinton, B. (1981). Determining the economic ben- 
efits of satellite data in short-range forecasting. Bulletin of the American 
Meteorological Society, 62, 1458-1465. 

Tversky, A. & Kahneman, D. (1974). Judgment under uncertainty: heuristics 
and biases. Science, 185, 1124-1131. 

Tversky, A. & Kahneman, D. (1981). The framing of decisions and the ratio- 
nality of choice. Science, 211, 453-458. 

Wallace, H.A. (1923). What is in the corn judge’s mind? JournaE of the Amer- 
ican Society of Agronomy, 15, 300-304. 




