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Uncertainty, Judgment, and 
Error in Prediction 

Thomas R. Stewart 

Every prediction contains an element of irreducible uncertainty. This fun- 
damental fact is not disputed by scientists or by those who use their pre- 
dictions to inform decisions. However, important implications of 
irreducible uncertainty are rarely discussed and generally not appreciated. 

In this chapter, I revisit an old demonstration that shows how actions 
that are based on predictions lead to two kinds of errors. One is when 
an event that is predicted does not occur, i.e., a false alarm. The second 
is when an event occurs but is not predicted, i.e., a surprise. There is an 
inevitable tradeoff between the two kinds of errors; steps taken to 
reduce one will increase the other. Often, this results in cycles of policy 
adjustments intended to reduce one kind of error, then the other, and 
then the first again, and so on. Reducing both kinds of errors simulta- 
neously, and breaking the back-and-forth cycle of policy change, 
requires improving the accuracy of predictions, where accuracy is sim- 
ply defined as the correlation between that which is predicted and that 
which actually occurs. Since prediction involves human judgment, 
defined in this context as the synthesis of multiple items of information 
to produce a single prediction, understanding the judgment process may 
indicate methods for improving our view of the future. I will briefly 
explore the role of judgment in the accuracy of predictions. 

Uncertainty 

Uncertainty in prediction simply means that, given current knowledge, 
there are multiple possible future states of nature. Within this definition, 
a number of different types of uncertainty can be identified. Probability 
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is the standard measure of uncertainty, and an important distinction is 
made between frequentist and subjectivist views of probabilities (e.g., 
Morgan and Henrion 1990). The frequentist view is the one taught in 
most introductory statistics and probability courses. In this view, proba- 
bilities are determined by long-run observations of the occurrence of an 
event. For example, if it rains 90 days out of 1,000 days, the frequentist 
probability of future rain is 90/1,000 = .09. In order to apply frequentist 
probabilities, events have to be well specified, and there must be an 
empirical record appropriate for estimating probabilities. The data for 
calculating frequentist probabilities are available for many weather 
events, but weather is atypical. In the case of earthquakes, global warm- 
ing, or nuclear waste disposal, because of their relative infrequency, fre- 
quentist probabilities are in various degrees not available. 

Subjective probability is simply someone’s belief that an event will or 
will not occur. Although subjective probabilities range from 0 to 1, they 
do not necessarily follow the standard rules of probability theory. Since 
they are subjective, different people will have different subjective prob- 
abilities for the same event. Subjective probabilities are assessed rou- 
tinely by decision theorists, who have developed elaborate methods for 
eliciting them (e.g., see Clemen 1990). Some argue that all probabilities 
are subjective probabilities, because relative frequencies are only sample 
data of past events that influence subjective probabilities of future 
events. Others object to the use of subjective probabilities because they 
are not “objective.” Because human judgment invariably plays a role in 
prediction, it is difficult to discuss uncertainty in any systematic way 
without considering subjective probabilities. 

Uncertainty can also be classified as aleatory or epistemic. Aleatory 
uncertainty reflects the nature of random processes. For example, even 
though you know a fair die has six sides, you cannot reduce the uncer- 
tainty about what the next roll will show. But you can quantify the 
uncertainty. For the simple case of the die, the odds are 1 in 6 of any par- 
ticular face turning up. 

Epistemic uncertainty is incomplete knowledge of processes that 
influence events. Incomplete knowledge results from the sheer com- 
plexity of the world, particularly with respect to issues at the interface of 
science and society. As a result, models (computer or mental) necessar- 
ily omit factors that may prove to be important. It is possible to judge 
the relative level of epistemic uncertainty, e.g., because of the time 
frames and number of potentially confounding factors, it is higher in 
nuclear waste disposal and climate prediction than in the prediction of 
weather and asteroid impacts. Total uncertainty, either subjective or fre- 
quentist, is the sum of epistemic and aleatory uncertainty. 
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Duality of Error 

When forecasts and events are frequent enough that data are available 
for estimating probabilities, uncertainty can be represented pictorially 
as a scatterplot. The three panels in figure 3.1 illustrate three different 
levels of uncertainty. 

Each point on a scatterplot represents a hypothetical prediction. The 
predicted value is plotted on the X-axis and the actual event that 
occurred is plotted on the Y-axis. The scales on the axes are arbitrary. 
The horizontal scale might represent a forecast of maximum winds in a 
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Fig. 3.1 Scatterplots representing 
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hurricane at a specific location and time. The vertical axis would then 
represent the actual observed wind speed at that point and time. Alter- 
nately, the horizontal axis might represent a forecast of rainfall amounts 
or tornadic potential. The vertical axis would then represent the actual 
observed event. Alternatively, the prediction might be expressed as a 
probability, such as a forecaster’s probability of some magnitude of 
severe weather. The vertical axis would then be the severity observed, as 
measured by some criterion, such as wind speed or hail diameter, or a 
combination of both. Thus, the diagram applies to probabilistic predic- 
tions-e.g., 70 percent chance of rain-as well as categorical ones-e.g., 
tomorrow’s temperature will be 77°F. 

Figure 3.la represents a high level of uncertainty. It is drawn such that 
the correlation coefficient between predictions and events is 0.20. The 
ellipse drawn around the points represents the uncertainty and is very wide. 
Figure 3.lb represents a lower level of uncertainty (the correlation is set to 
.50) and figure 3. lc  an even lower level (correlation = 3 0 ) .  Notice how the 
ellipses become narrower as uncertainty decreases. (In the hypothetical 
case of no uncertainty, the points fall on a straight line, and the coefficient 
of correlation is 1.00.) Because the predictions are more highly correlated 
with the actual event, figure 3. l c  obviouslyrepresents a more accurate, and 
therefore more desirable, set of predictions than does figure 3.la. 

I I *  
True positive . 
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The Taylor-Russell Diagram 
In figure 3.2, I have placed a horizontal line across a scatterplot. This 
line represents an arbitrarily chosen boundary between situations 
requiring action, which are above the line, and situations requiring no 
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? 
action, which are below the line. An example would be hurricane inten- 
sity forecasts. If a particular storm’s intensity has wind speeds of 
100 mph or greater, then the course of action recommended would be 
evacuation, but below that threshold, it would be no evacuation. This 
line is called the criterion. If the actual event exceeds the criterion, then 
some sort of preventative or protective action is required. 

In figure 3.3a, a vertical line is added to the chart. This is the decision 
cutoff. In many instances, evacuation decisions being a prime example, 
because decision makers cannot wait for an event to occur to take 
action, decisions must be made based on a prediction. Given the 
expected outcome, based on the criterion, if the predicted event (or 
probability) is greater than the cutoff, then action is taken (or recom- 
mended). If it is less than the cutoff, then no action is taken or recom- 
mended. Figure 3.3a is known as a Taylor-Russell diagram, after the 
authors of the classic paper that first described it (Taylor and Russell 
1939). Its original formulation was meant to be applied to decisions 
based on testing (e.g., admission to college based on SAT scores), but 
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Kenneth Hammond (1996) has recognized that it applies to virtually any 
policy problem where decisions must be made in the face of uncertainty. 

As shown in figure 3.3a, the two lines divide the scatterplot into four 
regions. The regions have been labeled according to standard decision 
research terminology: 

True positive: Appropriate action is taken. For example, people are 
warned of severe weather, and it actually occurs. 

False positive: Inappropriate action is taken. This is often called 
false alarm. For example, people are warned of severe weather, but 
none occurs. 

False negative: Action should have been taken but wasn't. For 
example, people were not warned of severe weather, but severe 
weather occurred. 
True negative: No action was taken, and that was appropriate. For 
example, no warning was issued, and the storm did not become severe. 

Figure 3.3b shows the 200 data points in figure 3.3a in terms of a 
"standard decision table." A decision table has a row for each possible 
state of nature and a column for each possible decision alternative. The 
cells represent outcomes, that is, combinations of decisions and states of 
nature. Entries in the cells may be the frequencies of the outcomes, their 
probabilities, or their costs and benefits. In the last case, the decision 
table may also be called a payoff matrix. While the decision table clearly 
tallies the frequencies of the various outcomes, the Taylor-Russell dia- 
gram is required to show how those outcomes are determined by (a) 
underlying uncertainty, (b) the criterion, and (c) the decision cutoff. 

The Tradeoff between False Positives and False Negatives 
Suppose figure 3.3b represents the history of 200 decisions to evacuate 
coastal cities based on forecasts of hurricane winds. Policy makers, and 
the citizens they represent, might well complain about the number of 
errors (false negatives and false positives). They might be particularly 
concerned about the number of false negatives because those cases rep- 
resent people who were not warned to evacuate when they should have 
been. That is, the forecast did not reach the decision cutoff required for 
an evacuation order, but the actual wind speeds did reach the level 
required to justify evacuation. The result of such a false negative could 
well be loss of property and life. Consequently, local officials and emer- 
gency managers might implement policies designed to reduce the num- 
ber of false negatives. For example, they might lower their decision 
threshold for issuing evacuation orders. 
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Figure 3.4 shows the likely result of policies designed to address false 
negatives. The decision cutoff is moved to the left, resulting in the outcomes 
shown in the decision table. False negatives have been virtually eliminated, 
but that has been accomplished at the expense of greatly increasing the 
number of false alarms. In our example of evacuation of a city as a hurricane 
approaches, a false alarm results when evacuation proves unnecessary 
because the hurricane force does not reach damaging levels. 

Confronted with the outcomes shown in figure 3.4b, policy makers 
are likely to experience political pressure to reduce the number of false 
alarms, which lead to costly and unnecessary evacuations. Policies 
designed to reduce the number of false alarms will be put in place. The 
effect of such policies will be to increase the decision threshold for evac- 
uation decisions, that is, to demand greater certainty prior to taking 
action, as depicted in figure 3.5. 

Notice that a significant reduction in false alarms has been achieved, 
but at the expense of an increase in the number of false negatives. The 
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consequences are predictable: Those who are most concerned about 
false negatives will mobilize their efforts to have the cutoff moved back 
to the left, and they will succeed, because they will be more motivated 
to be politically active than those who are not adversely affected by false 
negatives. 

Thus, the Taylor-Russell diagram illustrates the duality of error and 
the inevitable tradeoffs between the two kinds of errors. Given a partic- 
ular level of uncertainty, it is not possible to reduce one kind of error 
without increasing the other. This is a key feature of many policy prob- 
lems beyond those involving prediction. For example, many medical 
issues, such as the age at which women should have regular screening 
mammograms and policies regarding screening for prostate cancer, have 
this quality. It can be also found in policies as diverse as affirmative 
action and airline security. The criminal justice system has struggled 
with this problem for centuries. How many guilty should go free (false 
negative) in order to prevent one innocent person from going to prison 
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(false positive)? Of course, all problems involving the use of prediction 
in the earth sciences involve uncertainty and, therefore, tradeoffs 
between false positives and false negatives. 

Reducing the Uncertainty in Prediction 
Hammond (1996) argues that each of the four regions in the Taylor- 
Russell diagram will develop its own political constituency, and that, in 
the presence of irreducible uncertainty, the decision cutoff will cycle 
back and forth over time. Assuming that a prediction is necessary for 
decision, the only way to break the cycle, and reduce both types of error 
at the same time, is to reduce the uncertainty in the forecast. This is 
illustrated in figure 3.6. 

When the amount of uncertainty is reduced greatly (here, the corre- 
lation has been increased to .go), there is a dramatic reduction in both 
false negatives and false positives. Hence, all constituencies are happier, 
conflict is reduced, and there is less pressure for the constant back-and- 
forth cycling of the decision cutoff. Heie is one reason policy makers 
frequently support research to reduce uncertainties. 

An obvious question, then, is how one would go about reducing the 
uncertainty in the forecast? Or, equivalently, how would one go about 
increasing the accuracy of forecasts? A related question is when should pol- 
icy makers seek alternatives to forecasts? Of course, much of the research 
in the earth sciences is focused, directly or indirectly, on improving predic- 
tive accuracy in order to improve the potential for decision making (see 
chapter 1). Better monitoring technologies provide better information, and 
better understanding of physical processes can lead to improved methods 
for combining information to produce predictions. Extensive modeling 
efforts can systematically incorporate both improved information and 
improved science into improved products of prediction. But such efforts, as 
important as they are, can never eliminate all the uncertainty in forecasting, 
for reasons vividly illustrated by the case studies in this book. 

This irreducible uncertainty creates the need for judgment (Hammond 
1996). As indicated above, people must exercise judgment when they 
are confronted with several items of information and have to produce a 
single prediction (in the case of judgments about future events) or diag- 
nosis (in the case of judgments about current events). As Hammond 
argues, judgment involves a combination of intuition and analysis. 
Uncertainty and judgment are, therefore, common elements in all cases 
involving scientific input to complex policy issues. Judgment can be a 
source of inaccuracy in predictions, and a better understanding of the 
judgment process and its role in the prediction enterprise can con- 
tribute to the improvement of predictions, as well as their use by policy 
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makers. The next section provides a brief overview of research on 
judgment. 

Research on Judgment 

A substantial body of research on human judgment has been generated 
by multiple disciplines, including psychology, sociology, and econom- 
ics. The literature is diverse, and any summary of it will reflect the con- 
victions of the summarizer. In my view, the fundamental characteristics 
of human judgment can be summarized as follows: 

1. Humans possess substantial cognitive competence, but human cog- 

2. Poor performance can be traced to the environment in which deci- 

nitive performance is often poor. 

sions are made. 
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3. The best opportunities for improving performance are in improving 

This expresses a view of judgment that is based on the psychological 
theories of Egon Brunswik (1952, 1956) and Kenneth Hammond 
(1996). I will elaborate briefly on each with special emphasis on how 
the decision environment influences judgment. 

the decision environment. 

Human Cognitive Competence Is Substantial, but Human Cognitive 
Performance Is Often Poor 
This requires little elaboration. One needs only to point to the record of 
human accomplishments in the sciences and the arts, as well as every- 
day events, such as solving the complex scheduling problems faced by 
two-career couples with children. All these events point to the potential 
we have for performing impressive mental feats. 

The other side of the coin is that we don’t always perform up to our 
potential. Human error is the cause of many accidents and disasters. 
There is a large body of research in psychology showing that judgments 
about uncertainty are suboptimal (Kahneman, Slovic, and Tversky 
1982; Plous 1993). Furthermore, poor performance is not limited to 
laypeople. It has been observed in highly respected professionals, 
including doctors, accountants, and scientists. 

Poor Performance Can Be Traced to the Environment In Which 
Decisions Are Made 
If cognitive competence is so impressive, why is performance often 
poor? The answer is that we are forced to operate in environments that 
do not foster optimal performance. By the “environment,” I mean the 
context in which people exercise judgment-that is, the situation or 
context in which predictions are made. In other words, the problem of 
poor performance is not completely a problem of limited human ability. 
It results from a combination of human abilities and properties of the 
environment. 

Three elements constitute the environment for making predictions. 
One is the nature of the system that is the object of prediction. In the 
case of weather prediction, that system is the solar/earth/atmos- 
pherelocean system that produces weather. In the case of earthquake 
prediction, it is the geological system that produces earthquakes. Those 
systems are governed by physical laws; scientists have developed various 
representations of the laws that govern the systems, and those represen- 
tations may be useful in predicting behavior of the systems. One charac- 
teristic of all such systems is uncertainty, both aleatory and epistemic. 
That is, even if scientists could have perfect information about current 
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conditions, perfect predictions would be impossible. Remember that 
uncertainty means that, given current knowledge, more than one event 
is possible. The system that is the focus of predictions is called the exter- 
nal environment to distinguish it from the environment for decisions. 

The second element that constitutes the environment for prediction 
is the system that brings information about the external environment to 
the people making predictions. Generally, this is an information system, 
which includes instruments, observers, data links, and various displays 
of data either on paper or computer screens. Information about current 
conditions is never perfect. Instruments are not perfectly precise, and 
observations are not continuous in space or time. Therefore, the infor- 
mation systems introduce further uncertainty into predictions. In com- 
bination, the uncertainty introduced by the external environment and 
the uncertainty introduced by the information system make up the task 
uncertainty. Task uncertainty is that component of prediction uncer- 
tainty that is beyond the immediate control of the person making a pre- 
diction. That is, no matter how intelligent or well trained or experienced 
people are, when asked to make a prediction, their performance is lim- 
ited by uncertainty in the external environment and limitations in the 
information system. 

The third component of the environment for making predictions is 
the procedural, social, and bureaucratic context. Procedures for making 
forecasts may be specified (e.g., the order in which information is gath- 
ered, or the specific calculations or algorithms that are used). The pre- 
diction process may be influenced by various policies (e.g., to reduce the 
number of false alarms). The person making predictions might also be 
operating under various social conventions, restrictions, or incentives. 
For example, predictions may be influenced by praise or criticism 
received for recent successful or unsuccessful predictions. Stress, time 
pressure, and fatigue are other components of the environment that 
might influence the accuracy of predictions. 

Taken together, the three elements of the environment (external envi- 
ronment, information system, context for making predictions) produce 
uncertain predictions. From the perspective of the decision maker using 
predictions, uncertainties reflect the fact that there is more than one 
possible outcome associated with a specific prediction. Uncertainty in 
predictions leads to errors and inaccuracy. Among the environmental 
factors that can affect the uncertainty in predictions, two of the most 
important are feedback and task uncertainty.’ These concepts provide 
powerful tools for explaining why experts working in one domain may 
make more accurate forecasts than equally qualified experts working in 
another domain. Each will be discussed briefly below. 
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Availability of  Feedback. 
The availability of adequate feedback (knowledge of results) is a 
fundamental determinant of the quality of cognitive performance. In 
order to learn from experience, people need sufficient feedback 
about the accuracy and consequences of their judgments. Weather 
forecasters receive such feedback for certain daily routine weather 
events (e.g., temperature and precipitation); they also improve with 
experience (Roebber and Bosart 1996), and, when task uncertainty 
is low, their performance is outstanding (Stewart, Roebber, and 
Bosart 1997). In the case of climate change, by way of contrast, 
there is very little opportunity for feedback and therefore for learn- 
ing from experience. 

Medicine provides many examples of situations that provide poor 
feedback. Often, physicians make a diagnosis, and then the patient goes 
away and gets better. They never find out whether their diagnosis was 
correct or not. This is obviously a poor environment for learning. In 
some medical fields, however, knowledge of results is often acquired. 
One example is anesthesiology, where substantial progress has been 
made in reducing errors (Gawande 1999). 

In the earth sciences, feedback of results is generally acquired for 
those events that occur relatively regularly, such as severe weather, hur- 
ricanes, and floods. For rare events, such as earthquakes, feedback 
occurs (that is, earthquake detection is easy), but the rarity of the phe- 
nomenon limits opportunities for learning. For complex evolutionary 
processes that occur on large temporal and geographic scales, such as 
acid rain and global climate change, little or no feedback is possible. 
Thus, the scale of the event, its familiarity, and the frequency with which 
it occurs determine whether feedback is potentially available. In cases 
where feedback is limited or nonexistent, scientists may be reluctant to 
make predictions, but they will be pressured to do so because policy 
decisions cannot wait, and policy makers need the judgments of 
informed experts. In such cases, scientists must rely on “coherence” to 
make their judgments (Hammond 1996). In other words, the best they 
can do is make logically coherent judgments that are consistent with 
what is known about physical and biological processes. Their judg- 
ments and predictions should not violate any known natural laws. 

Unfortunately, logical coherence and consistency with natural laws 
leave room for a wide range of predictions. This creates ample opportu- 
nities for informed experts to disagree, and such disagreement is com- 
mon (Mumpower and Stewart 1996). Expert disagreement leaves policy 
makers in a quandary and often results in opposing, equally credible 
experts effectively canceling each other out. 
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Task Uncertainty. 
High task uncertainty (resulting from uncertainty in the external envi- 
ronment and uncertainty introduced by the information system) leads 
to poor cognitive performance. Although it is difficult to make quanti- 
tative comparisons of uncertainty among different problem domains, it 
might be reasonably argued that uncertainty is lower in the case of 
floods than in the case of an asteroid impact threat or global climate 
change. In North Dakota, there is experience with floods. There is a his- 
torical record on which to base judgments about the flood events and 
their probabilities as well as their effects. Such is not the case for aster- 
oids or global climate change. 

Task uncertainty is important for two reasons. First, it puts an upper 
bound on the accuracy of forecasts. No forecaster, no matter how wise 
and well informed, can overcome the inherent uncertainty in the deci- 
sion environment. Second, for those tasks for which feedback is avail- 
able, forecasters can learn to cope with the uncertainty in the decision 
environment. They have learned to make decisions in an uncertain 
world, and that experience in turn improves judgment. 

One of the most important effects of uncertainty is on the reliability 
(i.e., repeatability or consistency) of forecasts. Paradoxically, task uncer- 
tainty can make feedback appear at times erratic, unstable, and arbi- 
trary. In such cases, feedback can actually make a person’s judgments 
less reliable, that is, more erratic, unstable, and arbitrary (Stewart in 
press; Stewart et al. 1997). As a result, the person will make even more 
errors than he or she would make without feedback, and the reliability 
of the resulting predictions may decline. 

Assessing Uncertainty. 
Since uncertainty has such profound consequences for those who make 
predictions and for those who use them, the measurement of uncer- 
tainty should play a critical role in the use of predictions in decision 
making. For example, in some cases there is so much uncertainty asso- 
ciated with a particular prediction that the prediction should be 
ignored. Assessing uncertainty can be extremely difficult, however. In 
some situations, assessing the uncertainty associated with a prediction 
will be more technically complex than making the prediction. 

When sufficient feedback is available, it is generally a straightforward 
matter to assess uncertainty. Data on past events and past predictions (if 
a sufficient number of cases is available and the data can be assumed to 
generalize to future predictions) yield quantitative estimates of uncer- 
tainty (see, for example, Murphy and Daan 1985). Weather forecasting 
epitomizes these conditions (see chapter 4 in this volume). 
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When appropriate data are not available, the assessment of uncer- 
tainty becomes a judgment. The information used to make a judgment 
of the amount of uncertainty includes: (a) the amount of disagreement 
among experts, (b) assessment of whether experts have had an opportu- 
nity to learn from experience, (c) the amount of aleatory uncertainty 
(random but statistically characterizable processes), (d) the amount of 
epistemic uncertainty (missing information, incomplete understanding 
of important processes, or even expert convergence on the wrong 
answer; e.g., see chapter 10, this volume). Unfortunately, given the com- 
plexity of these indicators, it would take an expert to make an assess- 
ment of the amount of uncertainty in a prediction, and different experts 
might well, and often do, come to different conclusions. This problem 
suggests, however, an increasingly important role for scientists: estimat- 
ing the amount of uncertainty in predictions. 

The Best Opportunities for Improving Performance 
Are in Improving the Environment 
Changing the decision environment is the best way to improve human 
cognitive performance. This is not to deny the role of training and expe- 
rience, which are obviously critical for performance. But since training 
and experience are so important, they get a lot of attention, and gains 
from more training and more experience are likely to be slight. In many 
cases, however, little attention has been paid to the environment in 
which decisions are made. 

One exception is weather forecasting, where changes to the decision 
environment resulted in dramatic improvements in forecasting skill dur- 
ing the twentieth century. Although weather forecasters certainly know 
more about atmospheric processes at the beginning of this century than 
they did at the beginning of the last, a large portion of the increase in 
prediction skill can be attributed to the availability, in the weather fore- 
casting environment, of both better information from improved instru- 
mentation (e.g., satellites, radar) and aid in using that information 
(guidance from weather forecasting models). 

Determining exactly how to change a particular decision environment 
requires a detailed analysis of that environment. Such an analysis 
addresses questions about the kind and amount of information available, 
how that information is organized, what the rewards or penalties are for 
good and bad decisions, and requirements for justifying decisions, as 
well as many other factors. Analysis of the environment for judgment and 
decision malting is the first step in improving the judgmental component 
of prediction. It can also be useful in identifying potential improvements 
in the judgments and decisions of those who use predictions. 
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Conclusion 

The duality of error, the tradeoffs between different kinds of errors, and 
the resulting conflicts among various political players are major imped- 
iments to the use of scientific predictions in policy decisions. These 
impediments are a result of the uncertainty inherent in any prediction. 
Some of that uncertainty may be reduced through improvement in 
information systems, understanding of physical processes, and models 
for processing information. It may further be reduced by taking action 
that can support the judgment process-especially by improving the 
decision environment. Even so, some uncertainty will remain in every 
prediction. Although uncertainty can never be eliminated, we should 
make use of every available tool for assessing it, reducing it, and coping 
effectively with what remains. 

Notes 

1. Many have been studied, but no coherent, comprehensive “theory of the 
task’ has been developed. Cognitive continuum theory, developed by 
Hammond (1996), is one ambitious attempt. 
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