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Abstract

A forecast is just the set of probabilities attached to a set of future events. In order to understand a forecast, all
one needs to do is to interpret those two bits of information. Unfortunately, there are pitfalls to communicating
each element, 5o that the user of a forecast understands what its producer means. One source of potential problems
is ambiguity regarding the event being predicted and what exactly is being said about it Another is the difficulty of
determining the relevance of the problem that the forecaster has solved for the problem that the user is facing.
Problems can also arise out of epistemological and sociological issues of trust and context. A simple framework is
offered for considering these communication problems and is then illustrated with a mixture of systematic data and
anecdotal observation. The criticality of these different problems is considered, along with procedures that might

reduce them.
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1. Introduction

Several months ago, I was approached by a
producer from the Weather Channel, a 24-hour-
a-day cable television station devoted to weather
forecasting, for help with a forthcoming special
(Superstorm, 1993). The Weather Channel’s staff
had been shaken by the high death toll from the
massive winter storm that hit the Eastern
Seaboard of the United States in March 1993.
From the Channel’s perspective, its experts had
seldom had such clear indicators of a major
weather event, nor expressed themselves with
such confidence. Nonetheless, hundreds of peo-
ple still died, from exposure, heart attacks,
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falling tree limbs, road accidents, and the like.
No one has counted the number of injuries,
illnesses, and close calls. The special was in-
tended to encourage surviving viewers to take
future forecasts more seriously. The production
process seemed designed to help the Channel
itself figure out where it had failed.

Obviously, the value of forecasts comes from
providing needed answers in a usable form.
Somehow or other, the Weather Channel’s
‘superstorm’ forecasts either were not answering
the questions that viewers were asking or were
not being understood as intended (assuming, of
course, that the people who became casualties
had heard the Channel’s warnings or the relayed
messages of others who had). Although the
failures of these forecasts were particularly
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dramatic and tragic, 1 suspect that most fore-
casters believe that they have seen clients suffer
when their forecasts were ignored or misinter-
preted.

Working with the Weather Channel got me to
thinking about the peneral conditions under
which the message of a forecast can get lost in
the transmission. At first glance, the communica-
tion task seems straightforward. All that needs
to be explained is the probability attached to
some future event. That same basic challenge
arises whether one is predicting weather, econ-
omic events, nuclear power plant performance,
surgery outcomes, or market penetration.

There seem to be four basic ways in which one
could fail to communicate either the probability
or the event portion of a forecast. In each case,
the problem may be either that we have nothing
to say about that aspect of the forecast, because
we have not done the needed research, or that
we are not saying it well enough to be under-
stood by our audience.

(1) Ambiguity: not saying clearly what events
we are forecasting or how likely we think that
they are.

(2) Irrelevance: not offering forecasts that
address our clients’ informational needs.

(3) Immodesty: not admitting the limits to our
knowledge.

(4) Impoverishment: not addressing the
broader context within which forecasts (and
contingent decisions) are made.

The following sections examine each of these
possibilities in turn, drawing on research and
anecdotes concerning a variety of forecasting
tasks FEach section looks separately at interpret-
ing probabilities and events. The concluding
section considers the risks and benefits of both
ignoring and acknowledging these issues.

2. Ambiguity

It is hard to follow any news medium for very
long without encountering a health or safety
warning, such as ‘don’t drink and drive,’ ‘prac-
tice safe sex,” ‘don’t do drugs,’ or ‘avoid apples
treated with Alar.’ Each such warning carries an

implicit forecast regarding the occurrence of
some misfortune, should the ill-advised course of
action be pursued Unfortunately, these are
typically not very precise forecasts. They fail to
say exactly which actions should be avoided,
which consequences can follow, or how likely
that connection is. Recipients who hoped to act
on these warning would have to guess what exact
message was intended. Their guess could be
wrong, if, for example, those who issued the
warning had different linguistic norms or thres-
holds of concern (reflecting their aversion to
particular outcomes and the costs of avoidance).

2.1. Probabilities

The ambiguity in qualitative expressions of
probability is well documented, in this journal
(Beyth-Marom, 1982) and elsewhere (Lichten-
stein and Newman, 1967, and Walisten et al.,
1986). A given term such as ‘likely’ or ‘rarely’
can be interpreted as implying different prob-
abilities to different people in a single context
and different probabilities to the same person in
different contexts. Such ambiguity has been
found even within communities of professionals,
such as physicians and intelligence officers (e.g.,
Beyth-Marom, 1982, and Merz et al. 1991). Fig.
1,shows typical results

The criticality of such ambiguity depends, of
course, on how the forecast is used. Sometimes,
an inferred probability of 1% and 10% will lead
to the same choice; sometimes not. The risk of
letting consumers make their own interpretations
presumably increases with the diversity of po-
tential users and contingent decisions—in the
sense of there being a greater chance of people
making wrong guesses and then, as a result,
making wrong choices.

There are some interesting studies examining
the variability in people’s interpretation of differ-
ent verbal labels in circumstances (e.g., Cohen et
al., 1958, Hamm, 1991, Holyoak and Glass,
1978, Poulton, 1989 and Zimmer, 1984). In
theoretical terms, these studies have improved
our understanding of how people extract mean-
ing from context (psycholinguistics) and how
they use numeric scales (psychophysics). In
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Fig. 1. Upper and lower probability limits for probabiity
expressions (Upper bars show mean lower and upper prob-
ability limits provided by subjects for each verbal expression
Lower left- and right-hand bars show the interquartile ranges
provided for the lower and upper limits, respectively)
Source: Wallsten et al. (1986)

practical terms, these studies can show how to
use the least ambiguous terms, making clear
which risks are posed by the residual am-
biguities. However, the sensible solution is just
to be explicit. If one has, in fact, done the work
needed to determine a probability, then give it.
If recipients are uncomfortable with numbers,
then let them substitute the verbal label that
works for them.

2.2. Events

Much less research attention has been given to
potential ambiguity in the events to which these
probabilities (or verbal likelihood labels) are
attached. Imagine, for example, a public service
announcement saying, ‘If you drink and drive,
you will have a 5% chance of getting into an
accident.” The number provides some informa-
tion. However, its practical implications would
be very different if it was referring to the risk
from driving home following a single beer rather
than from a lifetime of trips made by a heavy
drinker.

Some years ago, Allan Murphy, who has
worked hard to institutionalize the use of explicit
probabilities in weather forecasting (e.g., Mur-
phy and Winkler, 1984), found his accomplish-

ments threatened by the claim that such forecasts
confused lay people. Collecting behaviora) data
to discipline these speculations, Murphy et al.
(1980; also Murphy and Brown, 1984) found that
the confusion concerned the event and not the
probability . Thus, participants in the initial study
were divided fairly evenly over whether 70%
referred to the area that would experience rain,
the time that it would rain, or the chance of at
least some rain somewhere.

The converse of this ambiguity emerges in
surveys that ask respondents to estimate the
likelihood of some event, whose exact identity
they must guess. For example, the National
Health Information Survey (1987) is a well-
funded effort which is used, among other things,
to assess the effectiveness of the AIDS infor-
mation programs of the Centers for Disease
Control. It asks questions such as, ‘How likely is
it that you can get AIDS from sharing plates and
other eating utensils? We presented this ques-
tion to a class at an Ivy League college. After
answering, they were asked what they thought
had been meant by ‘sharing plates and other
eating utensils.” Table 1 shows the distribution of
their choices among the options that we offered
for this and a second question from the survey.
Even within this fairly homogeneous sample,
there was considerable disagreement over what
event was meant {Fischhoff, 1989, and Linville et
al., 1993).

Moreover, even if all respondents agreed
about the interpretation of an event, one would
still have to guess what that was. In Table 1, that
guessing requires an understanding of the culin-
ary habits of a population of young adults. Other
bits of cross-cultural knowledge would be needed
for other questions. Presumably, the problems
that we face in interpreting others’ forecasts have
their counterparts in their attempts to interpret
ours. Thus, similar research would be needed to
anticipate what people would infer from the
forecast that, ‘according to the best available
technical knowledge, the probability of HIV
transmission is 3x 107" for sharing plates and
other eating utensils.”

Quadrel (1990) found even greater disagree-
ment, using an open-ended approach to investi-
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Table 1 t
Interpretations of AIDS risk questions d
How did you interpret ‘sharing plates, forks, or glasses with sumeone who has AIDSY’ v
- Sharing wtensils during a meal {e.g., passing them around, eating off one another's plates) {81 8%) 5
- Using the same utensils after they have been washed {10.9%) 1
- I was uncertain about the interpretation (5.8%) t
- Multiple interpretations (1 5%}) .
Did you interpret ‘sharing plates, forks, or glasses with someone who has AIDS’ as C
- QOceurring on a single occasion? (39.1%) 1
- Occurring on several occasions? (19.6%) a
- * Occurring routinely? (27 5%)
- I was uncertain about the interpretation (12 3%)
- Multiple interpretations {1.4%) ;
How did you interpret ‘having sex with a person who has AIDSY v
- Having vaginal intercourse without a condom {72.5%) I
- Having vaginal intercourse with a condom (4 3%) f,
- Having other kinds of sex (6 5%)
- T was uncertain about the interpretation (6.7%) r
- Multiple interpretations (8.0%) n
T
Did you interpret ‘having sex with a person who has AIDS’ as .
- Occurring on a single oceasion? (61 6%) t
- Oceurring on several occasions? (22.5%) A

- QOccurring on many occastons? (7 2%}
- 1 was uncertain about the interpretation (5 1%) v

- Multiple interpretations (3.6%) g
Entries are the percentage of subjects (in a sampte of 135 students at an Ivy League College) who reported having inferred each ¥
definition of the phrase when they had answered a question about the risk that it entailed. a
£
Z
gate the same issue. She asked adolescents to are arguably relevant to an objective determi- ¢
think aloud as they assessed the probability of nation of risk. Each column in Table 2 shows the v
deliberately ambiguous events like ‘getting into number of her subjects who thought that each of €
an accident after drinking and driving’ or ‘getting three aspects of the ‘dose’ of a risky event were f
AIDS as the result of sex ' She found that they relevant to the probability of a risky outcome. .
raised a wide variety of concerns, most of which For seven of these nine events, they felt the need :
(
Table 2

Intuitive interpretations of ambiguous event descriptions”
Pose Drink Smoke Cocaine AIDS Smoke Cocaine Marijuana Alcohol Pregnancy I
and and and and and and 0
drive cancer addiction addiction health addiction 3
Amount 49 52 39 2 40 31 32 41 § n
Potency 15 13 1 0 12 5 7 8 ¢ .
Method 4 3 7 4 1 10 10 1 4 g
* Source: Quadrel {1990); Quadrel et al (1994). w
Entries are the number of subjects {in a sample of 61 adolescents) who spontaneously referred to each aspect of the dose ti
0

involved in nine incompletely described risk events. For example, 49 raised the issue of how much ‘drinking’ or ‘driving’ was

implied in a vague statement about that risk.

i
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to make some assumption about the amount of
expc;_s,ure.E In a sense, these teens (many of
whom came from treatment homes) were more
sophisticated than the investigators who designed
the surveys from which these ambiguous ques-
tions were taken or adopted Presumably, such
teens are similarly confused about the meanings
of the ambiguous risk forecasts communicated to
them in health classes and public service
announcements.

Competent professionals know exactly what
they are talking about when they issue forecasts.
However, they have an obligation to determine
what their clients think they are talking about.
Problems can arise even with commonly issued
forecasts. There may be no natural way for
recipients to realize that they have consistently
misinterpreted a term like unemployment, bank-
ruptcy, viewer, room, GNP, or race. Survey
researchers sometimes call such ostensibly objec-
tive and common terms, guasi-facts (Turner and
Martin, 1984). They have created some useful
worked examples of how to improve the under-
standing of technical terms, and to assess their
residual ambiguity (Bailar and Rothwell, 1984,
and Turner et al, 1992). Other help can be
found in the psychological literature on categori-
zation (Murphy and Medin, 1985) and its appli-
cations to tasks like improving the accessibility of
information in places like the Yellow Pages or
computerized databases (Fischhoff et al. 1987,
and Furnas et al., 1983). One design considera-
tion is to decide when one might sacrifice clarity
in order to use terms whose ambiguities are
more readily apparent (Fischhoff and Mac-
Gregor, 1986; Fischhoff et al., 1987).

" The two exceptions were troubling for quite a different
reason. Her subjects did not see the relevance of the amount
of sex to the probability of AIDS and pregnancy (see also
Linville et al., 1993)

* A minister doing pastoral work with AIDS sufferers
tecently told me about a patient who said, ‘I thought that the
risks to intravenous drug users didn't include me, since I only
skin popped' There is, of course, always some chance of
wilful misinterpretation, as people construe evidence to fit
the actions that they intended to take anyway. However, part
of the expert's job is to be explicit enough to close such
joopholes

An exogenous barrier to communication arises
when the technical community changes its defini-
tions to reflect changes in law, theory, or meth-
odology. As a result, it is now asking about or
telling about a different event, even though the
wording remains the same. For example, over
time, there may be shifts in the meaning of terms
like ‘risk,” ‘unemployed,” ‘privacy,” ‘electronics,’
‘child abuse,” or ‘electorate.” Those changes may
proceed in different directions and at different
paces for different groups. A subsequent section
deals with the false immodesty in a forecast that
fails to reveal that it reflects a best guess at both
how an event should be defined and how likely it
is to happen.

3. Irrelevance

Even if it is well understood, a forecast is of
little use unless it provides information that
potential consumers need. Indeed, it is the desire
to be more relevant that motivates most revi-
sions in the terms, models, and analytical pro-
cedures of forecasts. For example, serious at-
tempts are now being made to include environ-
mental effects in national accounts and, hence,
in forecasts of the effects of various public
policies and natural processes. The results should
be more relevant to those concerned with the
health of nations, even if they will need to be
educated about the nuances of a new set of
measures (Costanza, 1991).

3.1. Probabilities

Whatever the event, users need not only a best
guess at how it will turn out, but also some
indication of the confidence that can be placed in
that estimate. Having more confidence in a
forecast allows one to take more decisive action,
to curtail information collection, to plan for a
narrower range of possible contingencies, and to
invest less in vigilance for surprises.

When forecasters fail to express their uncer-
tainty, then their clients must guess. If clients
guess wrongly, then they risk unduly aggressive
or cautious action. The former might happen if
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they assumed that estimates lacking any qualifi-
cation needed no qualification. The latter might
happen if clients refused to trust experts who
gave unqualified predictions. In either case, the
errors would reflect a failure to provide the kind
of estimate most relevant to the client’s purposes
(Fischhoff et al. 1978, Krysztofowicz, 1983, and
Morgan and Henrion, 1990).

When forecasting continuous events (e.g.,
interest rates, market share), a familiar conven-
tion is*to offer a probability distribution over
possible values (and not just the mean, median,
or mode). A less ambitious expression of uncer-
tainty is that of confidence intervals, bounding
the set of possible values with some degree of
certainty. With discrete events (will/will not
happen), the associated probability is sometimes
held to incorporate all relevant beliefs. The less
the uncertainty, the closer the probability will be
to 0 or 1. Others argue that intermediate prob-
abilities can be held with different degrees of
confidence, the knowledge of which can improve
contingent decisions. Whatever the logical status
of such ‘second-order probabilities,” analysts may
owe clients whatever insight they have about the
stability of their knowledge (Gérdenfors and
Sahlin, 1982 and 1989, Morgan and Henrion,
1990, Shafer, 1975, and von Winterfeldt and
Edwards, 1986).

The definitiveness of an estimate depends on
the extent of the knowledge upon which it is
based. An estimate could, for example, reflect
the data in a single study, the data from all
similar studies, or the data and observations
from all sources available to the forecaster. Such
summaries might be based on classical statistics,
meta-analysis, and Bayesian statistics, respec-
tively. Each strategy can be followed competent-
ly. However, users will be misled if they assume
greater or less comprehensiveness than is war-
ranted.

For example, Fortney (1988) reported the
results of a meta-analysis on all available studies
of the health effects of oral contraceptives. She
concluded, with great confidence, that a non-
smoking woman who used the Pill throughout
her reproductive career would do something
between increasing her life expectancy by 4 days

and decreasing it by 80 days. In addition, she
was able to say that it was highly unlikely that
this forecast would change because the existing
data base was so great that no conceivable study
could materially change the conclusions. The
value of such an explicit expression of uncertain-
ty can be compared to the implicit claims of
definitiveness accompanying the typical news-
paper account of the hot new medical study.

3.2 Events

It is a conversational norm to tell people
things that they need to know (Grice, 1975). As
a result, the issuing of forecasts carries an
implication of relevance. Nonetheless, it is easy
enough to think of processes leading to forecasts
that violate this expectation. For example, gov-
ernment agencies may routinely issue forecasts
of economic variables having great relevance to
some members of its audience, but none to
others (depending on the decisions that each
faces). Sometimes, maintaining continuity in a
time series may mean staying committed to
questions and forecasts of decreasing relevance.
Authorities may present laundry lists of potential
side effects, predicting what might happen as the
result of medical procedures, with little guidance
as to what really matters. Disproportionate ef-
fort may go into refining estimates of the readily
calculable parts of a problem, even when those
constitute a relatively small portion of it. Force-
ful analysts may seize center stage for the results
of whatever it is that they compute.

The work can be competently executed, qual-
ified, and communicated, yet still miss the mark
if it fails to address recipients’ concerns. If this
irrelevance, or marginal relevance, is recognized,
then recipients may resent the misappropriation
of their time and resources. If it is not recog-
nized, then recipients may misidentify the nature
of their concerns, assuming that a result must be
important if an apparent expert brings it to their
attention.

Relevance is defined most clearly within the
context of specific decisions. One can then use
techniques like value-of-information analysis to
determine how much of a practical difference
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knowing a forecast makes. Even posing the
question can be informative. For example, public
health officials in several countries have tried to
promote testing for radon by showing forecasts
of the risks that it poses to individuals and to
society as a whole. A little thought shows that
the homeowners also need an estimate of the
probability that they can reduce the risk for an
investment within their budget (Evans et al.,
1988, and Svenson and Fischhoff, 1985). How-
ever, institutional priorities and inertia have led
to much less being spend on improving estimates
of remediation efficacy.

Merz (1991) and Merz et al. ( 1993) performed
a formal analysis of the relevance of risk esti-
mates for a dozen side effects of carotid en-
darterechtomy, a surgical procedure that reduces
the risk of a stroke by scraping plaque from the
major artery leading to the brain. Unfortunately,
things can go wrong, including the general risks
of surgery. Merz simulated the impact of learn-
ing about the probabilities of these side effects
for a population of hypothetical patients (differ-
ing in their physical states and preferences). He
tound that knowing about a few of these side
effects would change the decisions of a signifi-
cant fraction of patients. Most of the side effects,
however, were relevant to only a minute portion
of patients. He argued that, while nothing should
be hidden from patients, physicians should con-
centrate on communicating the few critical fore-
casts. Between the time that Merz submitted his
dissertation and itg defense, the results of a
major clinical trial were released. Incorporating
them in his model made little difference to its
conclusions. That is, from this perspective, the
trial had little practical importance, whatever it
might have contributed to the understanding of
fundamental physiological processes. It would
take a separate analysis to determine whether,
with foresight, the " trial had any reasonable
chance of producing decision-relevant informa-
tion.

In other cases, it may take a major intellectual
effort to discern the logical structure of the
decisions that forecasts might serve. At present,
the US spends something of the order of $1-2
billion dollars annually to forecast the effects of

the build-up of greenhouse gases (Office of
Technology Assessment, 1993). Much more of
that research is focused on predicting climate,
through large-scale atmospheric and oceano-
graphic models, than on predicting social and
economic effects (or on the impacts of possible
remedial strategies). It is hard to find any
reasoned basis for this allocation, beyond institu-
tional politics. The observer of this research
might reasonably conclude that we need to
understand climate before we can start to think
seriously about related actions. The counterargu-
ment is that, without some serious analysis of the
relevance of forecasts, it is hard to know if
forecasting resources are being invested wisely
and if their conclusions are being given the
proper weight (Dowlatabadi and Morgan, 1993,
and Rubin et al., 1992). Waiting for excellent
information can mean paralysis, in effect denying
the need to face the kinds of gambles being
taken. Figuring out what events to forecast may
be as imeresting and important as actually doing
the forecasting,

4. Immodesty

Unless forecasters say how confident they are
in forecasts, recipients are left to guess. How-
ever, even when confidence or lack of it is
stated, recipients may still be left guessing
whether the forecasters have overstated or un-
derstated how much they know. Like other
possible biases, these, too, can have both moti-
vational and cognitive roots. On the motivational
side, the dominant incentive sometimes leads
one to exagperate one’s confidence, for example,
when business or attention goes to those who
appear most knowledgeable. At other times, it
pays to hedge aggressively, so as to avoid public
commitment and accountability. The research

A problem with anatogous complexity is prioritizing the
testing of chemicals for toxicity from the very large matrix of
possibilities: 50000 or so chemicals, various toxic endpoints
and several tests for each, which could be conducted some
number of times (National Research Council, 1983),
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literature Suggests cognitive processes hampering
people’s ability to evaluate themselves.

4.1. Probabilities

As mentioned, uncertainty about forecasts is
typically expressed in terms of the probabilities
of discrete events occurring or subjective prob-
ability distributions over possible values of con-
tinuous quantities. Many studies, some appear-
ing in this journal, have shown similar patterns:
individuals have some, imperfect, understanding
of how much they know. The most commonly
observed overall tendency has been over-confi-
dence, which increases as people’s knowledge
decreases and shifts to under-confidence when
they know a lot (Lichtenstein and Fischhoff,
1977, Lichtenstein, et al., 1982, and Yates,
1989).

Fig. 2 shows an early representation of this
pattern. It shows the proportion of correct pre-
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Fig 2 Calibration curves for tasks varying in difficulty level
Statements assigned each probability of being correct (0.5,
06, . ,1.0) are grouped. Each point on each curve repre-
sents the proportion of statements assigned the indicated
probability that were, in fact, correct. Source: Lichtenstein
and Fischhoff (1977).

dictions among those statements assigned each
probability of being correct. Over-confidence is
reflected in points below the diagonal. One
interpretation of the overall trend is that people
enter a task expecting some intermediate level of
difficulty and adjust insufficiently when tasks
prove harder or easier. One interpretation of the
flatness of each curve is that people feel that they
can (and, perhaps, should) use the entire re-
sponse scale, but are unable to make the neces-
sary distinctions between different levels of
knowledge '

The critical question for the consumers of
forecasts is whether similar patterns of behavior
will be observed in the kinds of experts who
produce them. Ayton (1992) provides a recent
critical review of this topic, finding, it would
seem, enough evidence of inappropriate expert
confidence (mainly over-confidence) to justify
caution. For practical purposes, as long as there
is some significant and unpredictable tendency
for expert miscalibration, users are left guessing
about how much trust to place in forecasts.

After a review conducted 10 years earlier
(Fischhoff, 1982), I concluded that confidence
assessment could be viewed as a complex skill,
whose acquisition requires the proper conditions
for learning: prompt, unambiguous feedback
with rewards for performance (and not, say, for
bragging or hedging). The excellent performance
of weather forecasters assessing the probability
of precipitation (Murphy and Winkler, 1984) fits
this pattern, as does that of expert bridge players
predicting whether they will make a contract
(Keren, 1987).

Figs. 3-5 present several expressions of these
potential problems. Fig. 3 shows (something akin
to) subjective confidence intervals, used by par-
ticle physicists to express confidence in estimates

* Yates (1980) offers an insightful summary of the research
results and methods. One topic attracting some attention
currently is an apparent discrepancy between the confidence
expressed in a set of forecasts and in the individual members
of a set {Sniczek and Buckley, 1991, Sniezek et al., 1990) As
this topic evolves, the critical question for forecasters is
which task is more pertinent. That is, are decisions made on
the basis of confidence in individual forecasts or in set of
forecasts?
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are adjusted to reflect over confidence in historical projec-
tions Source: Shiyakhter et al. (1994}

of physical constants (Henrion and Fischhoff,
1986). These intervals narrow over time, as
scientific knowledge improves. However, current
best guesses (and the ranges of those guesses} are
typically outside the previous ranges of reason-
able possibilities. Kammen, Shlyakhter, and
their co-workers (Kammen and Marino, 1993,
Shlyakhter and Kammen, 1992 and 1993;
Shlyakhter et al., 1993, 1994) have demonstrated
similar patterns in a reanalysis of these data, as
well as in analyses of other estimates and fore-
casts, drawn from physics, climatology, demo-
graphics, and energy policy. Fig. 4 shows their
evaluation of US government Annual Energy
Qutlook forecasts. In it, forecasts are character-
ized in terms of the absolute value of the
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difference between the forecast value and a
subsequently determined ‘exact value,” divided
by the standard deviation of the forecasts. If
estimates were drawn from a gaussian distribu-
tion, then one would expect these scores to fall
along the leftmost curve in the figure. In three
sets of particle data, these authors found a much
higher rate of large deviations. Fig. 5 translates
these results into revised confidence intervals
(dashed lines) around best-guess forecasts
(squaresy for several major sets of data, by
adjusting forecaster-provided forecasts (solid
lines) in keeping with the over-confidence dem-
onstrated in analyses like that in Fig. 4.

4.2, Events

As noted above, one practical challenge to the
communication of forecasts, or even descriptions
of current and historical situations, is change in
the definition of terms. Because these issues can
apply to analyses of current, historical, or future
states, 1 will use the term ‘analyst’ rather than
‘forecaster’. As mentioned, for theoretical,
politicai,5 or methodological reasons, the con-
sumers of analyses may suddenly find themselves
facing a new definition of ‘money supply’ ‘un-
employment,’ ‘gross domestic product,’ ‘health
effect,” or ‘manslaughter,’ etc. In addition to the
technical problems of ensuring that recipients
understand what the experts are currently talking
about, there is the conceptual problem of
whether the experts know what they are talking
about. Even if a definition is revised because of
indisputable scientific advances in theory or
measurement, the change is an admission that
the preceding definition was flawed. If recipients
of a previous analysis were unaware of that
conceptual instability, then they would have
placed undue confidence in it. They should also
be asking about the stability of the current
definition.

In attempting to assess the confidence that
definitions deserve, it may be useful to distin-

% An example of a politically motivated change would be
tightening the definition of ‘actively seeking employment’ in
order to reduce the apparent unemployment rate

guish between situations in which the analysts
are working with the best definition they can
manage and situations in which the analysts have
chosen one out of a set of competing definitions.
In the former situation, ome needs an epi-
stemological appraisal of the state of the science,
a topic pursued in the following section. In the
latter situation, if the full definition is given and
one has precise informational needs, then one
can assess the relevance of the definition that
was used (the topic of the previous section).
Without that precision, one must guess at how
much confidence to place in analysts’ implicit or
explicit claims of being on the right topic.

One part of that assessment is an examination
of the analysts’ incentive structure. Namely, are
they motivated to exaggerate the pertinence of
their focal variable? Does the nature of their
business require them to sell the same analysis to
multiple users? Do they have a reasoned basis
for defending their chosen definitions (beyond,
say, analytical convenience or convention)? Are
they afraid of challenging their clients to be more
precise about their needs?

For example, there are many ways to define
‘risk”, such as that arising from a new technolo-
gy. Some analysts compute expected changes in
life expectancy, while others compute expected
rate of premature deaths. In addition to the
technical differences in the computation, there
are ethical differences as well (Crouch and
Wilson, 1981, and Fischhoff et al. 1984). The
latter measure treats a death as a death, regard-
less of who experiences it, whereas the former
measure places extra value on deaths among the
young (because more days will be lost with each
death). Unless these issues are explained, the
recipient is confidently being led off target.

Another form of possibly unwitting over-confi-
dence in event definitions occurs when the
analyst is free to try alternative model specifica-
tions until some seemingly reasonable results
arise. For example, regression techniques are
often used to value particular features of goods,
as a function of the preferences ‘revealed’ in
market actions. Analysts often have considerable
freedom to try different models, including differ-
ent versions of the dependent variable, each of
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which has enough intuitive appeal to allow it to
be justified, should it produce acceptable results
(Bentkover et al., 1985, and Fischhoff and
Furby, 1988). Under those circumstances, the
recipient of the analysis does not know how
many degrees of freedom have been ‘used up,’
prior to settling onm the version that was de-
livered.

Finally, predicted events may be so complex
that it is hard to know which parts of them to
take seriously. After the accident at Three Mile
Island, there was some debate over whether that
event sequence had been included in the elabo-
rate probabilistic analyses conducted in the pre-
ceding decade. Under those circumstances, it is
unclear whether the analysts are predicting any-
thing at all.

5. Impoverishment

Many of these issues arise, in part, because of
the attempt to present {and use) forecasts in
isolation. At times, that is a workable arrange-
ment. At other times, though, one needs to
understand the nature of the enterprise that
produced the forecasts. Without such an epi-
stemological background, even explicit state-
ments of uncertainty may represent misplaced
imprecision.

5.1. Probabilities

One fundamental question concerns the kind
of evidence that is allowed. At one extreme,
probabilities are restricted to estimates of the
relative frequency of an event with recurring
opportunities to occur. At the other extreme,
probabilities can summarize evidence from what-
ever (potentially diverse) sources seem relevant.
Many forecasts liec somewhere along this fre-
quentist-subjectivist continuum. Even if re-
stricted to historical data, they incorporate an
element of judgment, at least in the selection
and application of statistical models. There are
(long-standing) arguments for these different
positions. Recipients need to know which view
prevailed. Knowing what kind of probability

they are facing is essential for judging how
inclusive and reliable the analytical process has
been {Gardenfors and Sahlin, 1989, and Shafer
and Tversky, 1985).

Providing such a description is far from trivial,
requiring a thicker description than even second-
order probabilities. In order to meed such needs,
Funtowicz and Ravetz (1990) have developed an
alternative notation, describing what they call
the ‘pedigree’ of numerical estimates. Table 3
shows the three components of pedigree: the
quality of the theoretical model generating the
estimate, the quality of the data used, and the
degree of social acceptance for the procedure.
Funtowicz and Ravetz are philosophers of sci-
ence, who derived the scheme from normative
considerations, regarding what people ought to
know about expert-penerated estimates. Al-
though the scheme has been applied to a variety
of analyses, its interpretation by lay recipients
has yet to be explored.

5.2. Events

Analysts work with abstractions of real-world
situations. They should not be held responsible
for the intrusion of issues outside their domain -
providing they have circumscribed the limits to
analysis. Thus, the consumers of probabilistic
risk analyses need to know if the failure rates are
being predicted on the basis of models that
neglect human sources of error (such as
operator, maintenance, or designer oversight),
or treat these sources of error with procedures
derived from hard-surface engineering. The con-
sumers of flood forecasts need to know whether
an attempt has been made to consider the
cumulative effects of changes in land use (e.g.,
paving, flood control). The consumers of econ-
omic forecasts need to know whether the possi-
bilities of major disruptions (e.g., wars) have
been considered, as well as whether the model
distinguishes between pood and bad expendi-
tures (e.g., waste disposal).

Circumscribing a model in this way requires
self-reflection and candor on the analyst’s part. It
may mean overcoming the cognitive tendency to
view what is customarily modelled as being what
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Table 3
The pedigree of numerical estimates

Score Source of uncertainty

Social
{Degree of acceptance)

Theoretical
{Quatity of model)

4 Established theory
* many validation tests
# causal mechanisms understood

Empirical
{Quality of data)

Total
o all hut cranks

Experimental data
e statistically valid samples
¢ controlled experiments

Historical/ficld data
® some direct measurements
* uncontrolled experiments

3 Theoretical model
& few validation tests
& causal mechanisms hypothesized

High
® ali but rebels

Medium
# competing schools

Calculated data
® indirect measurements
® handbook estimates

2 Computational medel
® engineering approximations
¢ causal mechanisms approximated

1 Statistical processing
& simple correlations
¢ no causal mechanisms

Educated guesses Low

* very indirect approximations # embryonic field
® ‘rule of thumb’ estimates

None

0 Definitions/assertions Pure guesses

Source: Funiowicz and Ravetz (1990},

really matters, as well as the motivational ten-
dency to deny the poverty of one’s reach. How-
ever, it is only by knowing these facts that
consumers can create their own assessment of
pedigree, anticipate the direction of systematic
biases, predict the rate of forecasting progress,
judge the meaning of agreement among fore-
casters, and know where else to go for help. At
this level, we know very little about what people
take away from forecasts. Wagenaar et al. (1985)
and others (Berry, 1986, Hyatt et al., 1978, and
cited in Ayton, 1988) found that people re-
member rather little of broadcast weather fore-
casts, even when unusual steps are taken to

Table 4
Where did the Weather Channel go wrong?

ensure comprehensibility. Perhaps people’s at-
tention and commitment wander when they have
deep guestions regarding the nature of forecasts,
but do not know where to begin asking questions
or getting answers.

6. (Where) did the Weather Channel go wrong?

To be useful, a conceptual scheme should at
least be able to shed some light on past ex-
perience. Table 4 applies one such scheme
heuristically to the experience of the Weather
Channel with the storm of March 1993, although

Threats to communicating Description of

forecasts Probabilities

Events

Ambiguity
Irrelevance

Certain to happen
Certain

Immodesty

Impoverishment

You can really trust us this time

Gave sources of confidence

Clear on weather
Just weather

Ignored resolution (time, space)

Ignored ties of weather

ignored historical record to life
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a more detailed review of the tapes and assess-
ment of viewers' interpretations would be
needed to confirm these speculations.

Ambiguity does not seem to have been the
problem. Both the probability and the event
were clearly stated: a very large storm, with
unusual winds and precipitation, was certain to
occur over a large (and specified) area of the
eastern United States. The probability side of
the forecasts holds up fairly well on the remain-
ing criteria. The Channel said explicitly how
much confidence could be placed in them (total),
as well as giving an indication of whether those
assertions could be trusted. There were even
some efforts to explain the sources of their
confidence, by showing the quality of their
observational data, the strength of the underly-
ing theory, and the convergence of unstoppable
weather phenomena. If this aspect of the fore-
cast is to be faulted, it might be for failing to
reconcile the proclaimed trustworthiness of this
forecast with failures in the past. Thus, the
Weather Channel’s ability to make the case for
this forecast may have been limited by the
absence of a context for understanding the
successes and failures of previous forecasts. Even
if the Weather Channel changed its practices, it
would still have to face the confusion created by
the less enlightened practices of other weather
forecasters.

It is on the event side of the ledger than things
seem to unravel. The Channel predicted aggre-
gate weather, with considerable accuracy. How-
ever, the fate of individuals is determined by
much finer phenomena, such as the weight of
snow on electric lines, the traction on icy roads,
and the melt rate on the sidewalks that they
might be tempted to shovel. Thus, the Weather
Channel was not predicting the event that really
mattered to recipients. Of course, it would be
impossible for a general service forecaster to
make (or deliver) driveway-by-driveway predic-
tions. Indeed, there is money to be made cus-
tomizing weather forecasts for specific clients.
Nonetheless, ordinary recipients may need extra
help to understand the limits to a general fore-
cast’s resolution.

As a matter of enrichment, one could explain

why the details matter, thereby creating the
potential links between weather and life. These
connections would, in effect, be classes of mini-
forecasts, of much greater specificity and much
less confidence than the synoptic forecasts. For
example, one might say, ‘Such storms can
produce uncommonly heavy snow. Shovelling
such snow can, in turn, produce cardiac arrest
among individuals with previously undiagnosed
heart problems’ or ‘Such storms typically
produce scattered collapses of transportation
systems, leaving people stranded for extended
periods of time, possibly without proper protec-
tion against exposure.” The deliberate tentative-
ness of such mini-forecasts may help to convince
recipients of the uncertainties that they face. The
critical general messages may be that ‘storms like
this are so far outside everyday experience that
intuitions cannot be trusted,” and ‘this means
you.’

For such messages to work, recipients need an
understanding not just of the weather, but of its
role in their lives. For example, recipients might
just not be able to imagine how one’s heart could
fail from a little shovelling. Improving people’s
mental model of their own physiology has in-
creased adherence to medical regimes (Leventh-
al and Cameron, 1987). Perhaps the Weather
Channel should team up with the Medicine
Channel, in order to fulfil their mutual commit-
ments to listeners.

Conclusion
An error matrix

Ideally, all forecasts would be entirely trans-
parent, so that they mean (to the forecaster)
what they seem to mean {to the recipient). When
problems remain, the critical question is whether
they are recognized or ignored. Table 5 suggests
the consequences of pitfalls being acknowledged
or ignored by the forecaster, as a function of
whether the recipient is aware or ignorant of the
possibility.

If both are aware of a problem (Cell A), then
they can form a partnership, trying to improve
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Table 5

Risks of {mis)communication

Client Forecaster
Addresses pitfall Ignores pitfall
A B

Recognizes pitfall Partnership; L.ost business;

mutual frustration

with reality {for making

forecasting hard)

C

Education of client;
frustration

with forecasts

Ignorant of pitfall

frustration with forecasters
(for avoiding obvious problems}

D

Folie a deux

frustration with future

(for which one is unprepared)

(for failing to meet needs)

communication and sharing frustration with a
reality that poses complexity, ambiguity, and
uncertainty. If forecasters are aware of problems
that escape the attention of clients (Cell C), then
there is, in principle, an opportunity for
education — assuming that clients are willing to
deal with those problems. If clients are unwil-
ling, then they may find the forecasts quite
frustrating, full of qualifications and explanations
without clear justification. The resulting confu-
sion might, however, at least keep them from
relying too heavily on the forecasts, which they
realize that they do not really understand.

If forecasters fail to deal with problems with
potential clients recognize (Cell B), then they
may lose respect and even business for failing to
level with those clients, The frequency of such
client sophistication might determine how willing
forecasters are to take such gambles ® If no one
recognizes the potential pitfalis (Cell D), then
there is joint folly (or what psychoanalysts some-
times call a folie a deux). When both forecaster
and client exaggerate the quality of forecasts, the
client will often win the race to the poorhouse,
discovering empirically the price of undue faith
in forecasts.

*The legendary, and unacknowiedged, ambiguity and
immodesty of the annual forecasts that appear in supermar-
ket tabloids sugpests a perception of clients who are either
very unsophisticated or very forgiving

A cautionary anecdote

Some years ago, I was invited to a meeting of
academics and senior US military officers, pri-
marily from the Navy. I was eager for the
opportunity to try out a conceptualization of
command and control that I had been developing
with some colleagues (Fischhoff and Johnson,
1990, Lanir et al., 1988). Briefly, it asked how
the strengths and weaknesses of individual deci-
sion making are enhanced or complicated by
being embedded in organizations of increasing
complexity.

The following speaker, a rear admiral, paid
me the great honor of throwing away his pre-
pared talk to see what he could make of our
theory. I was immediately eager to see what he
made of our attempt to integrate individual and
organizational perspectives. He began, ‘Profes-
sor Fischhoff has said that decisions have three
components: options, outcomes, and uncertain-
ties. Let me see if that fits any of the decisions
that I have made.’ At one level, he proceeded to
show the opaqueness of some terms that are at
the center of our enterprise. At another level, he
showed the magnitude of the potential gaps
between the conceptualizations of practitioners
and those who have adopted the analytical turn
of mind. Although he was able to make some
sense out of our basic conceptual scheme, the
particular elaboration that 1 had presented re-
quired an unrealistic degree of fluency.

e e s i e i
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A sketchy workplan

Unless we have the chance to interact directly
with the recipients of our messages, it is hard to
know what they make of what we say. If this

and publicized, thereby calibrating the cong-
dence placed in forecasts, or why think-aloud

many applications. If not, then there is some-
thing to pe learned about the technique by
figuring out how to make this step.

regarding lay epistemology and theoretical work
Tegarding the nature of forecasn'ng It would not
be the first time that taking teaching seriously
helped 10 clarify one’s thinking
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