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At Home on the Range? Lay Interpretations of Numerical
Uncertainty Ranges

Nathan F. Dieckmann,1,2,∗ Ellen Peters,3 and Robin Gregory2

Numerical uncertainty ranges are often used to convey the precision of a forecast. In three
studies, we examined how users perceive the distribution underlying numerical ranges and
test specific hypotheses about the display characteristics that affect these perceptions. We
discuss five primary conclusions from these studies: (1) substantial variation exists in how
people perceive the distribution underlying numerical ranges; (2) distributional perceptions
appear similar whether the uncertain variable is a probability or an outcome; (3) the variation
in distributional perceptions is due in part to individual differences in numeracy, with more
numerate individuals more likely to perceive the distribution as roughly normal; (4) the vari-
ation is also due in part to the presence versus absence of common cues used to convey the
correct interpretation (e.g., including a best estimate increases perceptions that the distribu-
tion is roughly normal); and (5) simple graphical representations can decrease the variance
in distributional perceptions. These results point toward significant opportunities to improve
uncertainty communication in climate change and other domains.
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1. INTRODUCTION

Many forecasts regarding the environment,
sociopolitical events, economics, and health are
characterized by substantial uncertainty. Although
experts are often reluctant to admit uncertainty,
it is important that some representation of what
is and is not known is communicated so that deci-
sionmakers can appropriately weigh the pros and
cons of different actions. How the uncertainty in
these forecasts is communicated to decisionmakers
and the lay public may greatly affect perceptions of
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risk and subsequent policy decisions undertaken by
regulators, citizen groups, or industry.

A common way to express uncertainty in a
forecasted outcome is with a numerical range. For
example, a popular website provides the following
description from a recent report on climate change:(1)

The Intergovernmental Panel on Climate Change
(IPCC), which includes more than 1,300 scientists from
the United States and other countries, forecasts a tem-
perature rise of 2.5°F to 10°F over the next century.

In addition to expressing uncertainty in out-
comes, ranges also can be used to communicate
uncertainty in assessments of numerical proba-
bilities (e.g., the forecasted probability was be-
tween 10% and 30%(2)). In a variety of domains—
including weather forecasting, environmental risk
management, terrorism assessment, and finance—
numerical ranges are commonly recommended as a
method for communicating uncertainty.(3–10) Proba-
bility ranges, in fact, are widely used because they are
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recommended and because they are typically as-
sumed to communicate the precision in an assess-
ment as well as the range of possible future states of
the world. However, what is often not clearly com-
municated is exactly how that range should be in-
terpreted and used as the basis for judgments and
decisions.

Our primary aim in this article is to explore how
users perceive the relative likelihood of values in a
numerical range. Typical users are not necessarily
researchers or statisticians and they have not gen-
erated the subjective uncertainty ranges themselves.
Instead, they are likely to be educated lay people or
domain experts who need to incorporate uncertain
information generated from human experts or sta-
tistical models into their decision-making processes.
The results of the present experiments suggest that
ample room exists for miscommunication and misun-
derstanding when the communicator simply assumes
that users will share his or her interpretation of the
range.

2. PERCEPTIONS OF UNCERTAINTY
DISTRIBUTIONS: THEORY AND
RESEARCH QUESTIONS

One way to draw meaning from an uncertainty
range is to use the width of the range as an in-
dication of confidence in an estimate, with wider
ranges indicating less precision and lower confidence
(assuming a fixed capture probability; e.g., 90%
confidence interval [CI]). Combined with a judgment
about the appropriate level of uncertainty for this
context, these inferences can be used to determine
the importance or weight of a piece of information
in a judgment or decision.(11,12) For example, a
decisionmaker may deem that the uncertainty range
in the IPCC climate change forecast is so wide that
the forecast as a whole should be given little or
no weight when making a climate related decision.
Alternatively, a decisionmaker may perceive the
width of the range to be appropriate given his or her
understanding of the current state of knowledge and
would be willing to incorporate this forecast into a
decision-making process; exactly how it would be
incorporated is not clear.

Decisionmakers may also focus on what the
range reveals about the different possible states of
the world and consider the likelihood of the different
values in the range. For instance, the IPCC tempera-
ture forecast can be viewed as a range of possible fu-
tures. One user may focus on the middle of the range

because she interprets the endpoints as describing
lower probability events (Fig. 1A). Another user
may perceive the range as coming from a uniform
distribution, with all values in the range equally likely
to occur (Fig. 1B); in this case, it may not be clear
where he will focus. Other interpretations are also
possible, for example, with one end of the range per-
ceived as more likely than the other, or with the end-
points perceived as the most likely values (Fig. 1C).

Each interpretation implies different influences
of the forecast on judgments and decisions, par-
ticularly in those contexts where the probability
of extreme events is a critical consideration in
determining action. Take the excerpt from the IPCC
report above that forecasts a 2.5–10 °F increase in
temperature over the next century. A decisionmaker
deliberating about different carbon emission reduc-
tion strategies may feel a different sense of urgency
depending on whether she perceived the likelihood
of a 10° increase as a very low probability event or
as just as likely as any other value in the range.

The correct interpretation of an uncertainty
range will depend on how it was generated. Analysts
working in the frequentist statistical tradition often
use CIs to express precision in parameter estimation
(e.g., 95% CI). Strictly speaking, a 95% CI, because
it is derived from a sampling distribution, provides
the proportion of intervals in the long run that will
include the parameter value (in this case, 95% of
the intervals). Although a frequentist CI does not
provide specific information about the probability
of occurrence for different values in the range, the
true value is still more likely to be captured near the
center of the CI than near the extremes.(13) Credible
intervals (or highest density intervals) generated
with Bayesian statistical methods provide more
information. The credible interval is a summary
representation of the full posterior probability
distribution, which represents the probability of each
possible value for the parameter.(14) Thus, the correct
interpretation of the values in an uncertainty range
generated with these methods is directly related to
the shape of the underlying posterior distribution.
Figs. 1D–1F show three different possible distribu-
tions that could underlie a numerical uncertainty
range based on a formal statistical analysis.

Uncertainty ranges can also be derived outside
of a formal statistical analysis. Ranges derived from
expert judgment(s) are a case in point. In some
applications, an expert may be asked to provide an
interval estimate for a quantity that consists of a best
estimate (highest probability) along with low and
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Fig. 1. Distributions (actual or perceived) underlying numerical ranges.

high values that capture lower probability possible
states of the world.(15) In these cases, the distribution
underlying the range may be best thought of as
roughly normal (Fig. 1F). An uncertainty range may
also be generated through sensitivity analysis (i.e.,
changing starting conditions or inputs in a model to
examine how outcomes change) or from different
predictive models or human experts. Assuming no
one expert or model is more trustworthy than any
other, the distribution underlying this range may be
best interpreted as roughly uniform (Fig. 1D).

The fact that uncertainty ranges can be gen-
erated and interpreted in a variety of ways has
been previously noted. For example, Spiegelhalter
et al.(16) point out that one of the disadvantages of
uncertainty range representations is that “values
within the interval appear equally likely, encourag-
ing users to focus on the extremes of the interval,
which are substantially less likely to occur than
the best estimate” (p. 1397). To our knowledge,
however, only one study has examined how users
perceive the likelihood of different values in

numerical uncertainty ranges. Rinne and
Mazzocco(17) studied perceptions of the uncer-
tainty underlying rainfall forecasts; the uncertainty
was communicated as CIs. They inferred perceived
distributional shape with a series of probability judg-
ments about the likelihood of different values being
captured in the presented interval, and showed that
college students varied in their perceptions of the un-
derlying distribution and this perception depended
on the capture probability. People were more accu-
rate in judging distributional shape (i.e., they judged
the distribution as closer to normal) for intervals with
smaller capture probabilities (e.g., 60%), whereas
higher capture probabilities (e.g., 90%) resulted in
more uniform distributional perceptions. They also
explored the effects of numeracy on distributional
perceptions (discussed in more detail below).

In this article, we build on these earlier findings
by examining whether distributional perceptions dif-
fer by whether the uncertain variable is an outcome
or a probability, whether the addition of particular
statistical cues or simple graphics has an effect, and
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whether numeracy matters (as a main effect or in in-
teraction with our other manipulations). We present
three studies designed to improve understanding of
how different characteristics and formats of the un-
certain variables affect distributional perceptions.

2.1. Will Distributional Perceptions Differ if the
Uncertain Variable is an Outcome
or a Probability?

Lay users are likely to encounter uncertainty
in forecasted outcomes (e.g., the expected number
of fish, global temperature, etc.) and in assessed
probabilities (e.g., the probability of a surgical site
infection). It is unclear whether distributional per-
ceptions associated with outcome ranges versus
probability ranges are similar. To our knowledge,
previous research has not explored possible similar-
ities and differences. We expect these perceptions
to be similar, but differences could arise due to lay
peoples’ difficulties with probabilities,(18) especially
among less numerate individuals. For example,
individuals’ discomfort thinking about probabilities
could mean that it is easier to conceptualize prob-
ability ranges as being a range of equally probable
likelihood assessments obtained from a range of
experts. However, it is also possible that individual
differences and other format characteristics are
the more important contributors to distributional
perceptions and no significant differences between
outcome and probability ranges will be observed.
We examine these competing possibilities in Study 1
and expand on numeracy-related hypotheses below.

2.2. Does the Addition of Statistical Cues to Ranges
Affect Distributional Perceptions?

Ideally, the precise interpretation of any nu-
merical range would be expressed clearly. However,
communicators often do not have the luxury of
presenting a detailed description of the elements in
a display due to time or space constraints. Even if
they did, the added detail might confuse rather than
inform.(19) In these cases, the user is left to interpret
the values in a range as he or she sees fit. A natural
but rarely tested assumption is that the user will
perceive the range in the way that the communicator
intended. Even if that approach is not thought to
be effective, analysts and other communicators may
think that providing statistical cues such as a “best
estimate” will be sufficient; this assumption has not
been tested to the best of our knowledge.

A “best estimate” is typically presented as a sin-
gle number supplemented with high- and low-end
points. It is intended to imply to users that it is also
the most likely value; that is, the value that will oc-
cur with the highest probability. We therefore ex-
pect that the presence of an explicit best estimate will
make it more likely that individuals perceive the dis-
tribution to be roughly normal (Fig. 1F).

A second common cue is the capture probabil-
ity of the numerical range. For example, describing a
range as a “90% CI” may prompt people to believe
that formal statistical methods were used to create
the range, and that the correct distributional inter-
pretation is roughly normal or bell-shaped. In Study
2, we hypothesize that:

H1: People will be more likely to report a
roughly normal distributional interpretation
when a range includes a best estimate and/or
a description of capture probability (e.g.,
90% CI).

2.3. Does Numeracy Influence Distributional
Assumptions?

An individual difference factor that has been
shown to moderate the use and interpretation of nu-
merical information is numeracy. Numeracy refers
to an individual’s ability to evaluate, transform,
and use numerical information in common rea-
soning and decision-making tasks.(18,20,21) Studies
have shown that numeracy affects the basic evalua-
tion of numbers, choice strategies, risk perceptions,
and the relative use of numeric and nonnumeric
information.(4,19,22)

One goal of this work was to explore whether
people who vary in numeracy systematically differ
in their perceptions of the distribution underlying
numerical ranges. We hypothesize that more nu-
merate participants would be more likely to per-
ceive a roughly normal distribution. This expectation
is based on the notion that more numerate people
would be more likely to have been exposed to sta-
tistical concepts (e.g., the classic bell-shaped curve)
and to use statistics.(23,24) Rinne and Mazzocco(17)

found mixed results in the one domain they exam-
ined. In particular, more numerate participants had
more normal distributional perceptions (which were
more accurate), but they were also more likely than
the less numerate to perceive an inaccurate uniform
distribution. In Study 3, we provide further tests of
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the relation between numeracy and distributional
perceptions in two different forecast domains.

H2: More numerate participants will be more
likely than the less numerate to perceive the
distribution underlying a numerical range as
normal as opposed to uniform (or other id-
iosyncratic interpretations).

2.4. Do Simple Graphical Representations
Decrease the Variance in Distributional
Perceptions?

In many contexts, simple graphics can be added
to help decisionmakers interpret uncertainty ranges.
A simplified density plot that shows the rough prob-
ability of each value in the range would be a natural
option. To the extent that people can understand the
density representation, this would be a simple way to
increase the likelihood that people infer the correct
distribution, whether it is roughly normal, uniform,
or some other shape.

Another graphical representation that has been
suggested for communicating uncertainty is the
boxplot.(25) This representation shows the median
and 25th and 75th percentiles, along with the min-
imum and maximum values. Because of this, assum-
ing the distribution is symmetrical, a boxplot does not
allow the user to distinguish between a roughly nor-
mal, uniform, or bimodal distribution. For this rea-
son, we do not expect the boxplot to decrease the
variance in distributional perceptions, at least if par-
ticipants are drawing the appropriate inferences from
this display. Thus, we expect the boxplot to produce
perceptions of distributional shape that are indistin-
guishable from a simple range.

In Study 3, we focus on a simple normal density
graphic for communicating distributional informa-
tion in a sample with a wide range of education
and numeracy skills. However, it is possible that the
mere presence of a statistical graphic would increase
perceptions of a normal distribution because of a
lay assumption that formal statistical methods are
being used. Thus, without a comparison graphic, it
would be difficult to distinguish whether people are
drawing the appropriate meaning from the normal
density plot or just responding to the presence of a
statistical graphic. The boxplot graphic will allow us
to tease apart these explanations because it does not
provide information to distinguish between different
types of symmetric distributions. Thus, if we see
the expected effects for the normal density plot and

not for the boxplot, we can be more confident that
this effect is mediated by an understanding of the
density plot and not just a general statistical graph
effect.

H3: The use of a normal density graphic will
increase perceptions of a normal distribution
underlying the uncertainty range compared to
a nongraphical numerical uncertainty range
or a boxplot graphic.

H4: The boxplot graphic will not significantly
change distributional perceptions as com-
pared to a nongraphical numerical uncer-
tainty range.

3. STUDY 1

In Study 1, we examined how lay people perceive
the distribution underlying numerical ranges and ex-
plored our first research question, namely, whether
people will perceive numerical ranges any differently
if the uncertain variable is a probability as opposed
to an outcome.

This study was conducted in an environmental
risk management decision-making context. As de-
scribed below, participants were presented with a
scenario describing options for reducing the number
and magnitude of wildfires and a consequence table
that summarized the anticipated impact of different
management options.(10) As is often the case in prac-
tice, the attributes that differentiate the management
options are estimated with uncertainty that needs to
be communicated to decisionmakers.

3.1. Sample

Participants (N = 165) were randomly drawn
from the Decision Research web panel subject
pool. The mean age of the sample was 40 years
(range = 19–71 years) and was 58% female. Approxi-
mately 25% had a high school education or less, 32%
had attended some college or vocational school, 33%
were college graduates, and 10% had advanced de-
grees.

3.2. Design and Measures

Participants completed a short tutorial that de-
scribed the nature and purpose of consequence
tables. They then answered several comprehension
questions to confirm that they could interpret the
information in a practice consequence table before
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Fig. 2. Study 1: Scenario and consequence tables.

proceeding with the study. Participants were then
presented with a scenario describing the dangers of
human-caused forest fires and a broad goal for reduc-
ing the number of acres burned per year. Three dif-
ferent environmental management options were then
outlined in a standard consequence table (see Fig. 2).
Note that a “best estimate” for each option is always
provided.

The nature of the uncertain variable was ma-
nipulated in a two-group (outcome vs. probability)
between-subjects design. In the outcome condition,
performance of the different land management
options was communicated through the reduction

in annual average acres burned. In the probability
condition, performance was communicated by ex-
pressing the probability (in % form) of successfully
reducing acres burned by 175K (i.e., the broad goal
outlined in the narrative introduction). Participants
were then asked about their perceptions of the distri-
bution underlying the numerical ranges: “Consider
the confidence ranges shown in the consequence
table. Do you think that all of the values within
these ranges are equally likely, or do you think some
are more likely than others? (a) All are equally
likely, (b) The values closer toward the middle of
the range are more likely than those at the ends of
the range, and (c) The values toward the ends of the
range are more likely than those closer toward the
middle.”

3.3. Results and Discussion

Participants were most likely to interpret the
values within the confidence range as being uniform
(48.8%), with a smaller percentage perceiving a
roughly normal shape (40.2%), and a minority
perceiving values further from the best estimate as
being more likely (U-shaped; 11.0%). That a sizable
minority of participants (11%) perceived the ends
of the range to be more likely in the presence a
“best” estimate is somewhat alarming given that
this is very unlikely to be a correct distributional
interpretation. Multinomial logistic regression was
used to test for differences in perceptions across
conditions (see Fig. 3). Distributional perceptions
did not significantly differ by condition, χ2(2) = 2.45,
p = 0.20, nor were they related to age, gender, or
education level of the participants. Overall, we found
no evidence that distributional perceptions in this
environmental choice task were related to whether
the uncertain variable was a probability or an
outcome.

In Study 2, we attempted to replicate these gen-
eral trends in distributional perceptions and to test
H1—that people will be more likely to report a
roughly normal distributional interpretation when a
range includes a best estimate and/or a description of
capture probability (e.g., 90% CI).

4. STUDY 2

In Study 2, we examined the generalizability of
distributional perceptions, this time in the context
of a climate change forecast. We expected this type
of forecast to be more familiar to many participants
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Fig. 4. Study 2: Climate change fore-
casts shown in each experimental con-
dition.

Fig. 3. Study 1: Distributional perceptions by experimental condi-
tion.
Note: Bars are 95% confidence intervals.

than the earlier forest fire forecast because climate
change forecasts are often presented in media reports
with numerical uncertainty ranges. We also tested
whether lay people would be more likely to perceive
ranges that included a best estimate and/or a descrip-
tion of capture probability (e.g., 90% CI) as roughly
normally distributed (H1).

4.1. Sample

Participants (N = 89; 64% female) were ran-
domly drawn from the Decision Research web panel

subject pool. The mean age of the sample was
40 years (range = 21–66 years). Approximately 20%
had a high school education or less, 30% attended
some college or vocational school, 30% were college
graduates, and 20% had advanced degrees.

4.2. Design and Measures

Participants were presented with climate change
forecasts in a 2 (best estimate or not) × 2 (90% CI
or range format) mixed experimental design. The
presence versus absence of the best estimate was
a within-subjects factor (order counterbalanced)
and the description of the range was manipulated
between subjects (presence vs. absence of a 90% CI;
see the four conditions described in Fig. 4).

Participants were then asked about their per-
ceptions of the distribution underlying the numerical
range with the same question and response options
as in Study 1.

4.3. Analytic Approach

The primary analyses were conducted with a
generalized mixed effects modeling approach imple-
mented in the lme4 package for the R statistical
computing environment.(26) The dependent variable
was binary (uniform vs. normal distributional per-
ception) and the between- and within-subject fac-
tors as well as their interaction were entered as
predictors.
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Fig. 5. Study 2: Distributional perceptions by experimental condition.
Note: Bars are 95% confidence intervals.

4.4. Results and Discussion

Study 2 participants differed in their perceptions
of the distributions underlying numerical ranges
across the conditions (see Fig. 5). A roughly normal
distribution was the modal response as opposed
to a uniform distribution in Study 1. A random
intercepts model adequately described the data
structure (adding a random effect for slope did not
significantly improve fit, p = 0.95). The odds of
perceiving a normal distribution were 2.27 times
greater when the best estimate was present versus
absent, odds ratio = 2.27, p = 0.02. The main effect
of the presence versus absence of the 90% CI was
not significant but was in the expected direction,
odds ratio = 1.80, p = 0.13. Thus, H1 received partial
support.

Two patterns stand out in Fig. 5: (1) participants
in the no-CI and no-best estimate condition were
more likely to perceive the distribution as uniform
than normal, in contrast to the other conditions,
and (2) participants were least likely to perceive
a u-shaped distribution but were more likely to
perceive it when no best estimate was presented.
As expected, the cross-level interaction effect added
predictive power to the model, χ2(1) = 4.50, p =
0.03, confirming what is apparent in Fig. 5 that par-
ticipants were significantly more likely to perceive a
uniform distribution when the range was presented

without a best estimate and without a CI description,
in contrast to the other three conditions.

McNemar’s test for dependent proportions was
used to test whether the u-shaped distributional per-
ception was more likely when no best estimate was
presented (averaging across the between-subjects
condition). Although the effect was relatively small,
people were more likely to perceive the underlying
distribution to be u-shaped when no best estimate
was presented (13.8% vs. 5.8%), Diff (unsigned) =
0.08, p = 0.04.

These results are broadly consistent with H1 and
suggest that people are sensitive to the presence of
specific statistical cues concerning the interpretation
of values in a numerical range. When the fewest
number of statistical cues were present (i.e., when
there was no best estimate or CI description), par-
ticipants were significantly more likely to perceive
the range as uniform. As in Study 1, a sizeable
minority (up to 18% in one condition) perceived a
u-shaped distribution, and this effect was magnified
when a best estimate was not displayed. This is a
compelling result because it would be exceedingly
rare for this to be the correct interpretation of a
numerical uncertainty range. Given that the pres-
ence of a statistical cue (the best estimate) reduced
u-shaped interpretations, the results also suggest
that these nonnormative interpretations were not
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necessarily due to inattention but were, at least in
part, a reaction to the information presented.

However, interpretation of the u-shaped dis-
tributional response is ambiguous. To be classified
as having a u-shaped perception, participants had
to have responded that “the values toward the
ends of the range are more likely than those closer
toward the middle.” This response may mean that
the individual thought the distribution was u-shaped
or it may mean that the distribution was perceived
to be skewed in one direction and not the other.
Equally problematic is that our response options
did not provide a clear choice for someone who
perceived the distribution to be skewed. In Study 3,
we added a fourth “none of the above” option with
an open-response field in an attempt to capture such
perceptions.

5. STUDY 3

In Study 3, we expanded our investigation by
looking at several simple and commonly used graph-
ical representations—namely, simple density plots
and boxplots. We tested H3 (that providing simple
normal density plots would increase the proportion
of the participants that accurately reports a normal
distribution compared to providing numerical range
information only) and H4 (that the boxplot would
not significantly differ from the numerical range).
Using the boxplot as a comparison served two pur-
poses: (1) it acted as a control condition with which
to compare the effects of the simple normal density,
in that we could ascertain whether the simple den-
sity plot is being comprehended as opposed to it just
having a general statistical graphic effect, and (2) the
boxplot has recently been recommended as the best
way to present uncertainty in many domains.(25,27)

We also included both climate change and health sce-
narios to increase the generalizability of these re-
sults. Finally, we included a measure of numeracy
and tested H2 (that the more numerate are more
likely to perceive a normal distribution).

5.1. Sample

Participants (N = 291; 54% female) were ran-
domly drawn from the Decision Research web panel
subject pool. The mean age of the sample was
45 years (range = 21–76 years). Approximately 28%
had a high school education or less, 31% attended

some college or vocational school, 27% were college
graduates, and 14% had advanced degrees.

5.2. Design and Measures

Participants were randomly assigned to one of
the three uncertainty format groups (range, box-
plot, or normal density) in a completely between-
subjects design. Within each condition, participants
examined two forecasts in sequential order. The
first forecast was in the climate change domain
(see Fig. 6) and the second in the health domain
(Human Papillomavirus (HPV) vaccination; see
Fig. 7). After viewing each forecast, participants were
asked about their perceptions of the distribution
underlying the numerical range: “Do you think that
all of the values within this range are equally likely,
or do you think some are more likely than others? (a)
All are equally likely, (b) The values closer toward
the middle of the range are more likely than those at
the ends of the range, (c) The values toward the ends
of the range are more likely than those closer toward
the middle, and (d) None of the above: Please spec-
ify: ______________.” In a prior session (two weeks
prior to the main experiment), participants com-
pleted an eight-item numeracy measure.(28) Alpha
reliability was acceptable and the data were roughly
normally distributed (Mean = 3.79, Md = 4.0,
Skew = 0.10, Kurtosis = –0.55. Alpha = 0.71).

5.3. Results and Discussion

Table I shows the distributional perceptions for
both scenarios averaged across the three experimen-
tal conditions. Overall, participants were most likely
to perceive the distribution to be roughly normal
in both scenarios. Unlike the previous studies, we
included a “none of the above option” and provided
a space for participants to elaborate in writing. Over-
all, only 5.5% (n = 16) and 5.2% (n = 15) chose this
option in the climate change and HPV vaccine sce-
narios, respectively. For the climate change scenario,
of the 13 people who provided written responses,
five of them mentioned that they thought that
values toward the lower end of the range were more
likely (i.e., a positively skewed distribution). The
remaining participants provided comments reflecting
a general lack of trust in the data or forecasters—for
example, “Don’t see how they can predict future,”
“There is no accurate computer model for CC,”
“Global warming is a total farce.” For the HPV sce-
nario, of the 15 people who provided comments, only
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Fig. 6. Study 3: Climate change scenario.

one referred explicitly to the probability of values in
the range and stated that “values below the low-end
of the range are more likely” (i.e., a positively
skewed distribution). The remaining participants,
again, entered comments reflecting distrust of the
forecast or the vaccine in general—for example, “I
think this is a bunch of propaganda generated by
drug companies.” Overall, there is some evidence,
particularly for the climate change scenario, that a

minority of people do perceive skewed distributions.
However, given the small numbers and the fact that
many people appeared to choose this option out of a
general lack of trust in the data/forecast, we did not
analyze these responses further.

Fig. 8 shows the distributional perceptions by
experimental condition for the climate change and
HPV scenarios. Overall, participants most often
perceived that the distribution was roughly normal
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Fig. 7. Study 3: HPV scenario.

across all conditions for both the scenarios. However,
in the normal density condition, participants were
more likely to indicate that they perceived the distri-
bution as normal and they were less likely to indicate
that they perceived it as uniform as compared to the
other conditions. A multinomial logistic regression
model was used to compare the choice proportions
across conditions for each scenario separately.
Participants who responded “none of the above”
were excluded for the purposes of this analysis. A set

Table I. Study 3: Distributional Perceptions for the Climate
Change and HPV Scenarios

Scenario Uniform Normal U-Shaped Other

Climate change 19.0% 67.2% 8.3% 5.5%
HPV vaccine 23.1% 59.7% 12.1% 5.2%

of orthogonal contrasts were used to compare the
experimental conditions and test H3 (one contrast
compared the normal density condition against the
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Fig. 8. Study 3: Distributional percep-
tions for climate change and HPV sce-
narios by experimental condition.
Note: Bars are 95% confidence inter-
vals.

average of the other conditions) and H4 (a second
contrast compared the boxplot against the range con-
dition). Numeracy was also included as a predictor.

In both the scenarios, participants were more
likely to perceive a normal distribution in the nor-
mal density condition as compared to the other
conditions (Climate: χ2[2] 8.65, p = 0.01. HPV:
χ2[2] 13.27, p = 0.001). The odds of perceiving
a normal distribution over a uniform one were
1.4 times greater when people were in the nor-
mal density condition as compared to the other
two conditions (Climate and HPV ps < 0.01).
There were no significant differences in distribu-
tional perceptions between the boxplot and range
conditions (Climate: χ2[2] 1.32, p = 0.52; HPV:
χ2[2] 1.73, p = 0.42). In both scenarios, this
pattern of results remained after adding numeracy as
a predictor. Numeracy was a significant independent

predictor of distributional perceptions, with the more
numerate being more likely to perceive a normal dis-
tribution over a uniform one (Climate: odds ratio =
1.20, p = 0.03; HPV: odds ratio = 1.30, p = 0.001)
and a u-shaped one (Climate: odds ratio = 1.27, p =
0.05; HPV: odds ratio = 1.25, p = 0.03). For both sce-
narios, there were no significant interactions between
numeracy and either contrast.

Overall, these results provide support for H3 and
H4. A simple normal density graphic did increase the
proportion of people who perceived the distribution
to be normal. As expected, the boxplot graphic
did not convey distributional information well and
perceptions of its distribution did not significantly
differ from distributional perceptions when only the
numerical range was presented. These results
demonstrate that simple graphics can be used to
decrease the variance in distributional perceptions
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for people across a range of numeracy. In addition,
we also provide support for H2, in that the more
numerate were more likely than the less numerate
to report a normal distribution across conditions in
both the scenarios.

6. GENERAL DISCUSSION

In this article, we focused on the understudied
topic of how lay people perceive the relative like-
lihood of values in a numerical uncertainty range.
This is important because decisionmakers who dif-
fer in their distributional perceptions could come to
quite different conclusions about the importance of
the forecast as a whole and/or of the plausibility of
extreme events at the ends of a range. Our goal is to
further document how people evaluate and use un-
certainty in expert forecasts, thereby contributing to
an improved understanding of how uncertainty can
be best communicated. The three primary themes
from our findings are summarized below.

First, in four different scenarios ranging from
climate change to HPV vaccination, we found sub-
stantial variation in distributional perceptions. Most
people perceived either a roughly normal or uni-
form distribution, but a substantial minority per-
ceived a u-shaped or other distribution. We did not
find evidence that distributional perceptions were re-
lated to the uncertain variable being a probability or
an outcome. We did, however, find modest effects
of numeracy with respect to distributional percep-
tions. More numerate participants were more likely
than the less numerate to perceive a normal distri-
bution underlying a numerical range and they were
less likely than the less numerate to perceive a uni-
form distribution. Unlike Rinne and Mazzocco,(17)

we found no evidence that the more numerate were
more likely to perceive uniform distributions.

Second, providing statistical cues (90% CI in
Study 2) and including a best estimate tended to
prompt a roughly normal interpretation, whereas
providing a range without this information tended
to prompt a uniform or u-shaped interpretation.
These findings are consistent with participants using
whatever values are available to construct their
interpretation (in this case, only the endpoints were
available; see work by Slovic(29) on the concreteness
principle). Yet even in the presence of a best estimate
that provides a strong cue about the ends of the range
being less likely than the “best” estimate, a substan-
tial proportion of participants nonetheless perceived
the underlying distribution to be uniform. In other

words, these cues explained some, but by no means
all, of the variance in distributional perceptions.

These results highlight the flexibility of inter-
pretations of seemingly “precise” numbers. Experts
are often told to avoid using verbal uncertainty
expressions because people vary in how they inter-
pret these phrases. However, just using numbers
to express uncertainty is not enough to ensure
accurate interpretation. The present results suggest
that additional attention needs to be given to how
uncertainty ranges are displayed and described, so
as to minimize the variance in interpretation and to
help end users make informed decisions.

Third, we demonstrated that a simple normal
density plot accompanying the range decreased the
variance in distributional perceptions for people
varying in numeracy. Of course, many contexts exist
in which it might not be feasible to include a graphic
and the text required to describe the properties of
the graphic. However, even in these cases it might be
possible to include some supplementary information
(e.g., perhaps short verbal descriptions of the distri-
bution underlying the range) that increases the likeli-
hood that users will make distributional perceptions
that are more accurate and/or match the intentions
of the analyst. Future research should focus on com-
paring the usefulness of simple verbal descriptions
(e.g., “values at the ends of the range are less likely
than those towards the middle”) and alternative
graphical displays for communicating distributional
information.

Our results concerning graphical displays also
have bearing on the oft-recommended boxplot dis-
play for communicating uncertainty. Boxplots have
many desirable properties in that particular types of
information are very salient (e.g., the 25th and 75th
percentile and extreme values). Our results, how-
ever, highlight a limitation in their use. We therefore
question the appropriateness of using classic box-
plots without additional information that makes the
underlying distribution salient (e.g., verbal descrip-
tion or some other graphic device). It will be left to
future work to determine whether the advantages of
boxplots as a device for communicating uncertainty
outweigh the limitations they have in communicating
distributional information.

Finally, a host of other factors, including
worldviews(30) and mental models,(31) also may af-
fect distributional perceptions. It may be that when
uncertainty ranges are left ambiguous as to the cor-
rect distributional interpretation, people may be mo-
tivated to choose an interpretation that best fits with
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what they want to believe. For instance, a person
skeptical of climate science may perceive uncertainty
ranges to be roughly uniform or positively skewed
because this interpretation is consistent with temper-
ature increases at the low end of the range being
equally or potentially more probable than moderate
to large increases. In a companion paper, we present
experimental evidence that this motivated processing
of range information does, in fact, occur under some
circumstances and can be lessened by reducing the
interpretational ambiguity of the numerical range.(32)

Several factors limit the strength of the infer-
ences that can be drawn from these experiments. The
multiple choice question format may have prompted
participants to report distributional perceptions that
they otherwise would not have considered when just
evaluating the range or graphical displays. As we
discuss in Section 1, whether the relative likelihood
of values within a range is initially considered is
likely related to the sense-making strategy employed
by the end user. However, even in the presence
of a potentially leading multiple choice question
we still show substantial variance in distributional
perceptions. Although not examined in these studies,
it seems likely that decisionmakers’ distributional
perceptions will affect choices, particularly in con-
texts where the probability of extreme events is
critical to a decision. Future studies should focus on
delineating when and how distributional perceptions
affect choice behavior in a range of representative
tasks.

Another potential limitation of this work is that
the self-report approach to assessing distributional
perceptions only allowed us to get at rough per-
ceptions of the likelihood of different values in the
range (e.g., are values at the ends equally or less
likely than those toward the middle?). In contrast,
the method used by Rinne and Mazzocco(17) was
based on a series of probability judgments about
the likelihood of different values within the range.
This approach allowed a more precise estimation
of the perceived distribution (e.g., t-distribution as
compared to normal). Their approach, however,
relies on lay people being able to make precise and
consistent probability judgments with which they are
most likely unfamiliar. We believe that our more
gist-based approach was appropriate in this context
as it better approximates the level of abstraction
that lay people use when making judgments and
decisions. Regardless, both elicitation methods likely
have advantages and drawbacks and would ideally
be combined in future studies in this area.

7. CONCLUSIONS

The practical implications of this work are
straightforward. To a far greater degree than is typi-
cally done, risk analysts and group facilitators should
provide detailed descriptions about how to interpret
numerical uncertainty ranges. Providing statistical
cues such as best estimates are helpful, but our results
show that there is still a great variance in interpre-
tation even when these cues are provided. In many
applications, we expect that analysts and decision-
makers will be working either with numerical ranges
that constitute a series of equally plausible values
(e.g., estimates from competing computer models
or from multiple human experts), or with roughly
normal ranges that have extreme values (at the high
and low ends) that are less likely than values toward
the middle. Better communication with users about
the interpretation of numerical ranges will minimize
incorrect interpretations and reduce the likelihood of
end users basing interpretations on irrelevant infor-
mation or other potentially biasing preconceptions.

We will, of course, never be able to completely
eliminate interpretational errors concerning uncer-
tainty. However, significant opportunities exist to
improve uncertainty communication and maximize
the likelihood that users will make accurate evalu-
ations of uncertain quantities and then incorporate
this information into their deliberations. In highly
charged domains characterized by substantial uncer-
tainty, such as climate change, any changes that could
be made to help facilitate communication and im-
prove understanding among stakeholders would be
well worth the effort.
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