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Seeing What You Want to See: How Imprecise Uncertainty
Ranges Enhance Motivated Reasoning
Nathan F. Dieckmann,1,2,∗ Robin Gregory,2 Ellen Peters,3 and Robert Hartman4

In this article, we consider a novel criterion for evaluating representations of uncertainty
ranges, namely, the extent to which a representation enhances motivated reasoning. In two
studies, we show that perceptions of the distribution underlying ambiguous numerical ranges
are affected by the motivations and worldviews of end users. This motivated reasoning effect
remained after controlling for objective numeracy and fluid intelligence but was attenuated
when the correct interpretation was made clear. We suggest that analysts and communicators explicitly consider the potential for motivated evaluation when evaluating uncertainty
displays.
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1. INTRODUCTION

are “optimal” for expressing uncertainty. The answer
that emerges depends on the researcher’s definition
of optimal and factors such as the decision context
and the target audience. There are several criteria
that could be used: (1) comprehension—does the audience understand the general meaning of the uncertainty expression and does this understanding match
the intended meaning; (2) salience—does the audience attend to and use the uncertainty information
in the presence of competing information; and (3)
usefulness—does the uncertainty format help users
make decisions or complete other relevant tasks in
the domain. In this article, we also consider a novel
criterion, namely, the extent to which an uncertainty
display leads to the motivated evaluation of information, resulting in biased inferences consistent with individuals’ preconceptions and beliefs.
Any expression of uncertainty implies the presence of imperfect knowledge and, consequently,
that more than one outcome is possible. Experts
sometimes avoid this mere admission of uncertainty
because they fear that end users will use it as an
excuse to interpret the information in a way that
bests suits their goals or desires.(1,2) For example, end
users may be motivated to discount (or underweight)

Many of our most high-impact forecasts are
clouded by substantial uncertainty. This includes
forecasts regarding public and personal health, the
environment, economics, and social and political
events. One important role of the expert community
is to provide assessments of what is and is not known
to policymakers and the lay public. These uncertainty
or confidence assessments are communicated in a variety of formats, including verbal expressions (“low
confidence”), numerical ranges, statistical graphics
(e.g., probability density functions), or a combination
of formats (e.g., numerical range and verbal label).
A substantial research literature has grown
around the question of which uncertainty expressions
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information that is uncertain or potentially only
focus on one possible outcome to the extent that
it supports their a priori goals or general point
of view. To minimize these effects, analysts and
communicators presumably should seek to limit (to
the extent possible) ambiguity as to the correct interpretation of uncertainty representations. Ambiguity
in how to interpret an uncertainty expression may
encourage end users to make biased inferences that
are consistent with their preconceptions and beliefs.
If these preconceptions vary across individuals, then
the differences in how information is interpreted
will lead to miscommunication, with different people
justifying different conclusions on the basis of the
same representation of uncertain information.
Ambiguity in the interpretation of verbal uncertainty expressions is well documented.(3–5) One common reaction is to suggest that numbers be adopted
instead or that quantitative expressions of uncertainty be used in conjunction with verbal labels, with
the expectation that ambiguity with respect to interpretation will be reduced. For example, Budescu
et al.(6) found that interpretations of verbal phrases in
the context of Intergovernmental Panel on Climate
Change (IPCC) reports of climate change were affected by ideological and environmental views, and
that these effects were minimized when numerical
uncertainty ranges were added.
Just using numbers to express uncertainty does
not guarantee that all ambiguities will be eliminated,
however. Consider the use of a simple numerical
range to communicate uncertainty in the examples
below:
(1) The IPCC, which includes more than 1,300 scientists from the United States and other countries, forecasts a temperature rise of 2.5–10 degrees Fahrenheit over the next century.
(2) Our best estimate is that drinking chlorinated
water increases the risk of bladder cancer by
38%—but it could be as low as 1% or as high
as 87%.
One ambiguous element of these representations
is how to interpret the relative likelihood of different
values in the stated ranges. In other words, what is
the shape of the probability distribution underlying
these ranges? Fig. 1 shows several possible distribution interpretations. End users may assume that the
distribution is roughly normal, with values in the middle of the range (or the “best estimate”) being the
most likely and values toward the end points being
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less likely. Alternatively, end users could interpret
the range as uniform (all values are equally likely) or
skewed in one direction or another. Which of these
interpretations is “correct” depends on the situation
and the intended interpretation based on the method
used to generate the range. However, in most applications the “correct” interpretation of the distribution is that it is either roughly normal or uniform.
Not surprisingly, differing interpretations regarding
the underlying distribution could greatly affect judgments and decisions based on the forecast. For example, a decisionmaker reading the IPCC forecast
above who believes that a 10° increase in temperature is just as likely as anything else (i.e., a uniform
interpretation) may have very different perceptions
of risk and weigh this information much differently
than a decisionmaker who interprets the distribution
to be roughly normal so that a 10° increase is a very
low probability event.
How do end users make distribution judgments
when the correct interpretation is not explicitly
stated? One approach is to use any available cues
in the display that may hint at the correct interpretation. In an earlier paper, we showed that people
do vary in their distribution interpretations of simple numerical ranges and that these perceptions are
related to the statistical cues present in the display.(7)
The presence of a “best estimate” or description of
the capture probability (“95% CI”) both increase
the likelihood of a roughly normal distribution interpretation. Alternatively, end users may rely on their
preconceptions about statistics and how they are typically reported. Results presented in this same article showed people who scored higher in numeracy
were also more likely to interpret the distribution to
be roughly normal. However, statistical cues and individual differences in numeracy did not account for
all of the variance in distribution perceptions in these
studies. Another potential contributor to the variance in distribution perceptions is that ambiguity regarding interpretation enhances motivated cognition
by allowing end users to interpret the underlying distribution in a way that is consistent with what they
want to believe.
2. MOTIVATED COGNITION
It is well established that people tend to seek
and interpret information in ways that are consistent with their existing mental models, beliefs, and
worldviews.(8–12) These motivated evaluations can
arise in many different forms, from broad cultural
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Fig. 1. Possible interpretations of the distribution underlying a simple numerical range.

worldviews to context-specific biases related to personal gain or social desirability. Cultural cognition
theories, which state that culturally derived worldviews in part guide the evaluation of information
about societal risks,(10,11) provide an excellent structure for examining how motivated cognitions might
affect the perceptions of numerical uncertainty information in relevant domains. Worldviews are typically described along two dimensions: (1) an individualist versus communitarianism dimension, which
represents the degree to which people feel that individuals should fend for themselves rather than interact and cooperate, and (2) an egalitarian versus
hierarchist dimension, which represents the degree
to which people feel that societal classifications such
as age, sex, and family lineage should be the basis
for receiving status, resources, and opportunities.(13)
These cultural worldviews are also tied to political
liberalism/conservatism, but are better predictors of
risk perceptions than liberalism/conservatism when
examined across a variety of domains.(14)
In general, we would expect an increased influence of worldview-consistent cognitions and perceptions in domains where ideological worldviews
are particularly salient.(14) For instance, recent work
suggests that climate change and gun control are
two areas in which conservatives and liberals will
tend to disagree regarding source credibility and risk
perceptions.(15,16) Thus, studying the effects of worldviews in the context of these types of forecasts may
provide a useful test bed for examining the effects of
motivated cognition on the perceptions of numerical
uncertainty ranges.
Recent work also has suggested that motivated
reasoning, specifically identity-protective reasoning,

may be amplified in participants who have greater
cognitive ability.(14) These findings are important
because they suggest that the causes of motivated
reasoning include effortful processes in addition to
a possible overreliance on heuristic processing.(17)
Thus, it is important to measure and control for cognitive ability when evaluating motivated reasoning
effects.
Note that our interests do not lie in the effects of
worldviews or political orientations, per se. In principle, strong motivations to perceive and process information in biased ways can come from any number of
different factors. Our goal instead is to examine these
basic processes in the context of important but highly
charged forecasts, such as climate and gun control,
and to suggest ways to decrease the likelihood of biased interpretations of the associated numerical uncertainty ranges when such biases exist.

3. RESEARCH AIMS AND HYPOTHESES
Ambiguities regarding interpretation can sneak
into uncertainty displays, particularly when we think
we are presenting “precise” numerical information.
In this article, we focus on distribution interpretations of simple uncertainty ranges because of how
commonly they are used, and as a prototypical
example of the potential for end-user–motivated
cognition.
We propose that people will be motivated to interpret numerical ranges in ways that are consistent
with their worldview orientations and that this effect
will depend on both the decision context, which
influences the strength of an end user’s motivation,
and the individual’s objective numeracy and/or
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fluid intelligence. Although it is possible that any
motivated cognition effects will be strong regardless
of how uncertainty information is presented, we
hypothesize that the precision with which the correct
interpretation of a numerical range is described will
moderate these effects. People may be more likely to
interpret range information in worldview-consistent
ways when the description of the range is less precise
simply because there is more ambiguity concerning
the correct interpretation. In other words, end
users have more room, or can more easily justify,
interpreting the uncertainty information in a way
that allows them to “see what they want to see.” This
prediction is based in part on previous work demonstrating that people are more likely to be affected
by nonnumerical sources of information when they
have difficulty evaluating numerical displays.(18–20)
In this article, we focus on three forecast domains
(climate change, gun control, and agricultural prices)
to test the following hypotheses concerning the motivated evaluation of numerical ranges:
H1: People will interpret the distributions underlying numerical ranges in ways that are
consistent with their cultural worldviews and
topic-specific beliefs.
H2: People will be more likely to interpret
range information in ways that are consistent
with prior beliefs when the ambiguity regarding the correct interpretation of the underlying probability distribution is greater.
H3: People who have greater cognitive ability will be more likely to interpret the distributions underlying numerical ranges in ways
that are consistent with their cultural worldviews and topic-specific beliefs.
3.1. Study 1
In Study 1, we examined the extent to which
people interpret numerical uncertainty ranges in
worldview-consistent ways (H1). We used three different forecasts that were chosen based on their likelihood to activate worldview-consistent cognitions
in predictable ways. The first forecast was a bland
prediction regarding future agricultural prices for
corn for which we expected no worldview-associated
cognitions. The two other forecasts, climate change
and concealed firearm carry, were chosen to activate
worldview-associated cognitions, albeit in opposite
ways. For climate change (concealed carry), we expected that people with stronger hierarchical (egal-

itarian) and individualistic (communitarian) worldviews would hold less favorable attitudes toward
climate science (concealed carry laws) and would
be more likely to say that the distribution underlying a range is positively skewed (i.e., lower values
are more likely) or uniform (i.e., all values equally
likely) as opposed to normal (i.e., middle values are
more likely) or negatively skewed (i.e., higher values
are more likely). The uniform prediction was made
because it signifies in some sense the most uncertainty and lowest source credibility (e.g., “these experts don’t know what they are doing; the real value
could be anywhere from here to there”). We also
explored whether greater numeracy and fluid intelligence would increase the strength of any motivated
cognition effects observed in the climate change and
concealed firearm carry forecasts (H3).
3.1.1. Sample
Participants (N = 421; 54% female) were randomly drawn from the Decision Research web panel
subject pool. The mean age of the sample was 44
years (range = 20–76 years). Approximately 27%
had a high school education or less, 29% attended
some college or vocational school, 29% were college
graduates, and 15% had advanced degrees.
3.1.2. Design and Measures
Participants were randomly assigned to receive
one of three different forecast scenarios (see Fig. 2).
Each scenario began with a description of the forecast context. An initial estimate of the target value
was presented and then, after acknowledging forecast complexity and the uncertainty around this estimate, a range estimate was presented.
After reading the forecast, participants were
then asked about their perceptions of the distribution underlying the numerical range: “Consider the
range of [temperatures/corn prices/prevented sexual
assaults] expressed by the expert. Do you think that
all of the values within this range are equally likely,
or do you think some are more likely than others?” Five choices were presented: (1) All are equally
likely. (2) The values closer toward the middle of the
range are more likely than those at the ends of the
range. (3) The values at the low end of the range are
more likely than those at the high end of the range.
(4) The values at the high end of the range are more
likely than those at the low end of the range. (5)
Other: please specify. These responses correspond to
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Fig. 2. Study 1 forecast scenarios.

uniform, roughly normal, positively skewed, and negatively skewed distribution perceptions, respectively.
Cultural worldviews were assessed with the long
form of the Cultural Cognition Worldview Scale.(14)
The scale has a total of 30 items, with 17 items measuring the individualist–communitarian dimension
and 13 items measuring the hierarchy–egalitarianism
dimension. We also developed two additional scales
to probe specific attitudes toward climate change and
gun control. A belief about climate change scale was
adapted from one used in previous research and consisted of seven items (see the Appendix).(21) A belief
about gun control scale was developed for this study
and consisted of five items. These scales were scored
such that higher values corresponded to more acceptance of human-caused climate change and fewer gun
controls. Summary scores were created for all scales
by averaging the items of that (sub)scale.
In a prior session, participants completed an
eight-item numeracy measure(22) and two fluid reasoning tests that were developed based on commonly

employed number and letter series completion tasks.
Series completion tasks are thought to assess both
working memory and inductive reasoning making
them some of the best single measures of general
fluid intelligence.(23) The number series test had eight
items (e.g., What number comes in the blank: 2, 3, 5,
7, 11, 13, _______) and the letter series test had seven
items (e.g., What letter comes in the blank: A, E, I,
M, Q, U, _______).

3.1.3. Analytic Approach
Analyses were conducted in a structural equation modeling (SEM) framework as implemented in
Mplus computing environment.(24) Each forecast scenario was analyzed separately to test the specific
opposing predictions outlined above. The primary
outcome variable was the multinomial distribution perception response. For the climate and gun
scenarios, H1 was tested in a path model in which the
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Table I. Descriptive Statistics, Reliability, and Correlations between the Cognitive Ability, Worldview and Climate, and Gun Belief Scales

1. Numeracy
2. Number series
3. Letter series
4. WV-H/E
5. WV-I/C
6. Climate accept
7. Gun freedom
Mean
SD
Minimum
Maximum
Cronbach’s alphaa

1

2

3

4

5

6

7

1
0.66**
0.56**
–0.17**
–0.15**
0.06
–0.09
3.88
1.91
0
8
0.71

1
0.63**
–0.13*
–0.13*
0.09
–0.07
3.41
2.25
0
8
0.79

1
–0.11*
–0.11*
0.13*
–0.07
3.62
1.80
0
7
0.65

1
0.74**
–0.50**
0.61**
3.26
1.05
1.00
6.00
0.89

1
–0.46**
0.64**
3.86
0.87
1.35
6.00
0.91

1
–0.43**
5.37
1.32
1.00
7.00
0.95

1
3.94
1.52
1.00
7.00
0.86

Note: *p < 0.05, **p < 0.01.
a The Kuder-Richardson formula was used for scales with binary items.
WV-H/E = egalitarian versus hierarchist; WV-I/C = individualist versus communitarian.

worldview subscale scores predicted scenario-specific
beliefs (i.e., beliefs about climate change or gun control) and these scenario-specific beliefs predicted distribution perceptions. We also included numeracy
and fluid intelligence as predictors and tested exploratory H3 by adding numeracy/fluid intelligence
by scenario-specific belief interaction terms to the
model. For the corn price scenario, we tested the
relation between the worldview subscale scores and
distribution responses directly since we did not measure any scenario-specific beliefs related to corn
prices.
Since the primary outcome is a multinomial variable, standard fit statistics reported in SEM are not
available. Thus, we used Bayesian information criterion (BIC) to compare alternative models where
smaller BICs indicate superior fit after accounting for
sample size and model complexity.(25) The following
rules of thumb were used for comparing models with
respect to the BIC: weak evidence = BIC diff 0–2;
positive evidence = BIC diff 2–6; strong evidence =
BIC diff 6–10; very strong evidence = BIC diff >
10.(25) Thus, any model that has less than a two unit
BIC difference as compared to the best model (approximately) should be considered plausible. Standardized parameter estimates and odds ratios with
95% CIs are reported.

3.1.4. Results and Discussion
Before conducting the formal analysis, we
examined all participants who chose “other” for
the distribution response outcome. For the climate

change scenario, one participant chose the other option and wrote in “junk science is being used . . . I’m
not a believer.” Since no distribution perception was
reported, this case was removed. For the concealed
carry scenario, four participants chose the other option, calling into question the data, results, or analysis
in the free response, but did not indicate information
about distribution. These participants were removed.
For the corn price scenario, four participants responded with the other option but did not indicate
a distribution response or said they “didn’t know”
in the free text response. These participants were
removed. We also examined the response time for
each participant and removed six participants who
spend less than 5 minutes on the entire survey. The
final sample size was n = 133, n = 136, and n = 136
for the climate, gun, and corn scenarios, respectively.
Table I shows the descriptive statistics, reliability statistics, and correlations between the numeracy,
fluid intelligence, worldview, and climate and gun beliefs scales. All of the measures showed adequate reliability. As expected, numeracy scores and the letter and number series tasks were strongly related.
The two worldview subscales were strongly related
such that participants who were more hierarchical
tended to be more individualistic as well. Worldviews
also showed strong associations with climate and gun
beliefs and small associations with cognitive ability,
such that more hierarchical and individualistic individuals tended to score lower, and strong, associations with climate and gun beliefs. All associations
were in the expected direction.
Table II shows the percentage of participants
choosing each distribution option for each forecast
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Table II. Distribution Perceptions for the Climate, Gun, and
Corn Scenarios

Scenario
Climate change
Concealed carry
Corn prices

Uniform

Normal

Lower
Values
More
Likely

26%
24%
24%

53%
39%
57%

14%
29%
12%

Higher
Values
More
Likely
7%
8%
7%

scenario. The most frequent response across scenarios was roughly normal followed by uniform or lower
values more likely.

3.1.4.1. Climate change forecast. We tested a
series of SEMs to evaluate the impact of worldviews,
numeracy, and fluid intelligence on climate change
beliefs and distribution perceptions. Fig. 3 shows the
final SEM for the climate change scenario. Adding
the fluid intelligence variables (number and letter series) as predictors of climate change beliefs and distribution perceptions decreased model fit (BIC =
24.46) and none of the paths were significant. Thus,
they were not included in the climate change model.
Adding direct paths from the worldview variables
to distribution perceptions also resulted in poorer
model fit (BIC = 16.57) and nonsignificant coefficients. The addition of a numeracy x climate change
beliefs interaction also resulted in poorer model fit
(BIC = 11.87) and nonsignificant coefficients.
As expected, worldviews were related to climate change beliefs, with the hierarchy–egalitarian
dimension showing the strongest unique effect. Climate change beliefs were, in turn, significantly
related to distribution perceptions. Although numeracy has been related to distribution perceptions in
past work, it was not a significant predictor after accounting for climate change beliefs.(7)
Since distribution perception was a fourcategory multinomial variable, it was necessary to
test a set of contrasts to evaluate H1. Fig. 3 shows
the odds ratios (with 95% CIs) for each contrast
tested. For each one-unit increase in climate change
acceptance, the odds of perceiving higher values as
more likely as compared to lower values as more
likely increased by a factor of 1.97. The odds of
perceiving a normal distribution as compared to
perceiving either a uniform distribution or lower
values as more likely increased by a factor of 1.43

and 1.65, respectively. Fig. 4 shows the distribution
choice proportions split by less and more climate
change acceptance. Overall, the results are consistent
with predictions in that participants who reported
more (less) climate change acceptance were more
likely to perceive a normal (uniform) distribution or
a distribution in which higher (lower) values were
more likely.

3.1.4.2. Concealed carry forecast. Fig. 5 shows
the final SEM for the concealed carry scenario.
Adding the fluid intelligence measures (number and
letter series) as predictors of gun beliefs and distribution perceptions decreased model fit (BIC =
29.74) and none of the paths were significant. Thus,
fluid intelligence was not included in the concealed
carry model. Adding direct paths from the worldview
variables to distribution perceptions also resulted in
poorer model fit (BIC = 15.65) and nonsignificant
coefficients. The addition of a numeracy x gun beliefs
interaction also resulted in poorer model fit (BIC =
3.66).
As expected, worldviews were related to beliefs
about gun freedom in the opposite direction as compared to climate change acceptance, with both worldview dimensions showing strong unique relations to
gun beliefs. Gun beliefs were, in turn, significantly related to distribution perceptions. As above, numeracy was not a significant predictor after accounting
for gun beliefs.
Fig. 5 shows the odds ratios (with 95% CIs) for
each contrast tested. For each one-unit increase in
pro-gun belief, the odds of perceiving higher values
as more likely or a normal distribution compared to
lower values as more likely increased by a factor of
1.70 and 1.48, respectively. The odds of perceiving
lower values as more likely as compared to a uniform distribution decreased by a factor of 0.67. Fig. 6
shows the distribution choice proportions split by less
and more pro-gun belief. Overall, the results are consistent with predictions in that participants who reported more pro-gun beliefs were more likely to perceive a normal distribution or a distribution in which
higher values were more likely as compared to perceiving lower values as more likely. For participants
with less pro-gun attitudes, the modal response was
that lower values were more likely.
The pattern of results across the climate change
and concealed carry scenarios shows that people
with the same worldview orientation (e.g., more hierarchical) can perceive very different distributions
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Fig. 3. Final SEM model for climate change scenario (n = 133).

Fig. 4. Distributional perception proportions split by less versus more climate change acceptance.

underlying a range depending on the context of the
scenario. In the climate change scenario, participants with more hierarchical worldviews were more
likely to perceive a uniform distribution or one where
lower values are more likely. People with this same
worldview orientation perceived a normal distribu-

tion or one where higher values were more likely
when presented with the concealed carry scenario.
The demonstration that these effects can be reversed
as expected depending on scenario provides strong
evidence of a motivated reasoning process underlying these effects.
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Fig. 5. Final SEM model for concealed carry scenario (n = 136).

3.1.4.3. Corn price forecast. Modeling of responses to the corn price scenario was more straightforward since we did not measure any corn-price–
specific beliefs. The primary prediction was that
worldviews would not relate to distributional perceptions and this was tested in standard multinomial
logistic regression models. Neither the individualist–
communitarian dimension, LRχ 2 (3) = 4.86,
p = 0.18,5 nor the hierarchy–egalitarianism dimension, LRχ 2 (3) = 4.81, p = 0.19, had a significant
independent relation to the multinomial distribution
perception outcome. Numeracy was independently
related to distribution perceptions such that participants higher in numeracy were more likely to
perceive a roughly normal distribution as compared
to one with higher (odds ratio = 1.46, 95% CI =
1.00–2.13, p = 0.05) or lower (odds ratio = 1.32,
95% CI = 0.98–1.78, p = 0.06) values as more likely.
They were also more likely to perceive a uniform
distribution as compared to one with higher values
being more likely (odds ratio = 1.49, 95% CI = 1.00–
2.22, p = 0.05). These findings are consistent with
previous research showing the impact of numeracy
on distribution perceptions.(7)
Overall, these results are consistent with the notion that lay people do make distribution interpretations that are consistent with their worldviews and
topic-specific beliefs, thereby providing support for
H1. These results were not consistent with H3, al-

5 LR

= likelihood ratio.

though we acknowledge potential limitations in our
ability to detect such effects given our sample size.
3.2. Study 2
The results of Study 1 were consistent with our
motivated evaluation hypothesis in that worldview
orientations were related to climate and gun beliefs and these beliefs affected distribution perceptions in expected, albeit opposite, ways. These effects
held after accounting for numeracy and fluid intelligence. In Study 2, we use the concealed carry scenario and experimentally manipulate the specificity
of the range description by adding a graphic and verbal description showing that the distribution underlying the range should be interpreted as roughly normal. In this study, we test H2 that people will show
larger motivated cognition effects in contexts with
greater ambiguity regarding the correct distribution
interpretation even after controlling for numeracy.
We also test H3 again by testing whether any motivated reasoning effects are stronger for people who
are higher in numeracy.
3.2.1. Sample
Participants (N = 216; 64% female) were randomly drawn from the Decision Research web panel
subject pool. Participants did not overlap with the
sample recruited for Study 1. The mean age of the
sample was 45 years (range = 23–79 years). Approximately 23% had a high school education or less, 32%
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Fig. 6. Distributional perception proportions split by less versus more pro-gun belief.

attended some college or vocational school, 33%
were college graduates, and 12% had advanced degrees.
3.2.2. Design and Measures
Participants read the concealed carry scenario
from Study 1 and were randomly assigned to a rangeonly or range plus graphic condition (Fig. 7). In the
range plus graphic condition, additional narrative
was added to explain that the experts thought that
values closer to the best estimate of 4,000 were more
likely than values toward the low or high ends of
the range. A simple histogram showing a symmetric
roughly normal distribution was also added. Participants were then asked the same distribution perception question and completed the numeracy and gun
beliefs measures. In this study, we used the Berlin
Numeracy Scale.(27)
3.2.3. Analytic Approach
We used multinomial logistic regression to
model distribution perceptions as a function of nu-

meracy, gun beliefs, and experimental condition. Our
primary hypothesis (H2) was that experimental condition (range only vs. range plus graphic) would moderate the influence of gun beliefs on distribution perceptions. This was tested by adding an interaction
term between gun beliefs and condition to the model.
We also explored models with numeracy interactions
to test H3.

3.2.4. Results and Discussion
Both the numeracy (mean = 1.29, SD = 0.96,
skew = 0.66) and the gun beliefs measures (mean =
3.99, SD = 1.58, skew = 0.04, α = 0.87) were relatively normally distributed and were not significantly
correlated, r(214) = –0.01, p = 0.84. Ten participants
(5%) chose the “other” option when responding to
the distribution outcome and expressed uncertainty
(e.g., “I don’t know”), or called into question the
data, results, or analysis in the free response, but
did not indicate a shape for the distribution. These
respondents were removed from the analysis. Three
other respondents left this question blank. This left
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Fig. 7. Conditions for Study 2.

Table III. Distributional Perceptions for the Range Only and
Range Plus Graphic Conditions

Condition
Range only
Range plus graphic

Uniform

Normal

Lower
Values
More
Likely

24%
17%

35%
53%

32%
24%

Higher
Values
More
Likely
9%
6%

n = 102 in the range only condition and n = 100 in
the range plus graphic condition.
Table III shows the percentages of each distribution choice for the two experimental conditions. The
experimental manipulation appeared to work as in-

tended in that the added narrative description and
graphic increased the percentage of respondents reporting that the distribution underlying the range was
roughly normal.
Multinomial logistic regression modeling revealed significant condition x gun beliefs, χ 2 (3) =
15.98, p = 0.001, and condition x numeracy, χ 2 (3) =
13.66, p = 0.003, interactions. The numeracy x gun
beliefs and three-way interactions were not significant (ps > 0.15). Given the multinomial distribution
perception outcome, the interpretation of these interaction effects must be made by examining specific
outcome contrasts as in Study 1.
For the condition x gun beliefs interaction, the
relation between gun beliefs and perceptions that
lower values are more likely versus higher values are
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Fig. 8. Distribution perception proportions for each condition split by less versus more pro-gun belief.

more likely (p < 0.001) differed by condition as did
perceptions that lower values are more likely versus a
normal distribution (p = 0.07). The relation between
gun beliefs and perceptions that higher values are

more likely versus a uniform distribution also differed
by condition (p = 0.004). Fig. 8 shows the choice
percentages for each condition split by less versus
more pro-gun beliefs. In the range only condition,

Seeing What You Want to See
the results replicate those of Study 1 in that participants with less pro-gun beliefs were more likely to
perceive lower values as more likely as compared to
higher values more likely or a normal distribution.
They were also more likely to perceive a uniform
distribution as compared to higher values as more
likely. In the range plus graphic condition, there was
virtually no effect of gun beliefs, with participants
perceiving a roughly normal distribution most often
across the range of gun beliefs. This pattern of
results provides support for H2 in that the motivated
reasoning effects were eliminated when the intended
interpretation of the range was made clear.
For the condition x numeracy interaction, the relation between numeracy and perceptions that lower
values are more likely versus a uniform distribution (p
= 0.06) or a normal distribution (p = 0.001) differed
by condition. Fig. 9 shows the choice percentages
for each condition split by less versus more numeracy. For the less numerate, the choice proportions
were relatively stable across the range versus range
plus graphic conditions. For the more numerate, the
proportion of normal distribution responses was substantially greater in the range plus graphic condition.
Overall, these results suggest, not surprisingly, that
more numerate participants were more sensitive to
the addition of the narrative and probability distribution graphic.
4. GENERAL DISCUSSION
In these studies, we show that distribution perceptions of numerical ranges are affected, at least in
part, by the motivations and worldviews of the end
users. This motivated cognition effect remained after
accounting for numeracy and fluid intelligence and
was attenuated when the correct interpretation was
made salient. The effects also generalized across two
different scenarios (climate change and concealed
carry) with the same type of individual (e.g., hierarchs) offering different distributional assumptions depending on a priori beliefs. Consistent with previous
research, we show that numeracy has an effect on
distributional interpretations, with more numerate
participants being more likely to interpret the distribution as roughly normal in scenarios that were not
politically divisive (corn prices of Study 1). However,
in both studies, we did not find evidence of an amplification of motivated cognition effects for people
who were higher in cognitive ability. This is inconsistent with some previous results but may be the result
of insufficient statistical power to detect such effects.
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In general, people will tend to interpret information in the form in which it is presented, thus making them sensitive to the cues present in the decision
context (see work by Slovic(28) on the concreteness
principle). However, our results demonstrate that
people will also use other information to derive
meaning, particularly in those situations when the
display is not sufficiently detailed to allow the
straightforward evaluation of the numerical information that is provided.(18,19) This other information
may be preconceptions or worldviews, our focus in
these studies, or other relevant or irrelevant information that is made available in the display. This general
conclusion is consistent with previous work on elastic
justification,(29,30) although our work demonstrates
this effect with respect to more subtle interpretations
of numerical ranges (i.e., the shape of second-order
probability distributions), which to our knowledge,
have not been explored in previous studies.
These results highlight how flexible interpretations of seemingly “precise” numbers can be. Experts
are often told to avoid using verbal uncertainty expressions because people vary greatly in how they interpret these phrases. However, just using numbers
to express uncertainty is not enough to ensure either
accurate or consistent interpretation, and the complementary use of verbal labels can provide some
benefits (Study 1;(18) but see also Ref. 31). The problem with ambiguities regarding interpretation is not
only that people will vary in their interpretations in
idiosyncratic ways (i.e., increasing the variance), but
also that people may actively (knowingly or unknowingly) see what they want to see.
As long as there are highly motivated end users
of information, it will be impossible to eliminate all
instances of biased information processing. However,
as we show in Study 2, these subjects appeared to interpret the uncertain information in a motivated way
only when given the opportunity; they did not do so
when the correct interpretation of this information
was made clear. In other words, even though they
used (knowingly or unknowingly) their worldviews
to interpret the uncertainty information, they were
not willing, as a group, to ignore the correct interpretation when it was made salient. This implies that,
at least in some decision contexts, people are opportunistic with respect to making motivated evaluations
and may be “nudged” away from biased processing
by reducing ambiguity with respect to interpretation
in a given communication context.
However, the impact of an expert providing the
“correct” interpretation may depend on perceptions
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Fig. 9. Distribution perception proportions for each condition split by less versus more numeracy.

of source credibility, which itself will be affected
by worldviews and other prior beliefs. If people
trust that the experts are not blatantly lying about
how to interpret the range, then we might expect a
reduction of motivated reasoning as we show here.
Alternatively, motivated reasoning effects could be
amplified if a subgroup of people suspects that the
experts are being intentionally deceitful to misdirect

the end user. To our knowledge, this hypothesis has
not been tested and may be a fruitful direction for
future research.
Although we only tested these effects in two domains, and we anticipate that similar effects will be
present in any domain in which people are strongly
motivated to evaluate information in a certain way.
In the present studies, we do not know who was

Seeing What You Want to See
biased. No technically “correct” answer existed concerning the distribution interpretation of a simple numerical range. It is plausible that the values could all
have been equally likely or they could have had some
central tendency (i.e., roughly normal). Therefore,
these observed effects cannot be interpreted as people with one worldview orientation “getting it right”
and the other group as “being biased.”
These findings are intriguing but leave many
unanswered questions to be addressed in future research. For instance, what other ambiguities with respect to interpretation are lurking in common uncertainty displays? We show in a companion paper that
the widely recommended boxplot for displaying uncertainty also suffers from ambiguity about the underlying distribution, as does the simple numerical
range.(7) This has implications for the use of boxplot
formats in some contexts, including a number of important public policy contexts such as that for climate
change.(32) It is also possible that particular uncertainty formats are generally more prone to biased interpretations, regardless of how they are described,
and for this reason should be avoided in most contexts.
It will also be important to demonstrate that
these effects occur in the presence of other biasing
preconceptions beyond cultural worldviews and to
outline the boundary conditions of this effect. For instance, at very high levels of motivation, the information presented may be subject to motivated evaluation regardless of how the information is described.
It may be that these ambiguity effects relate only to
moderate levels of motivated cognition, as was probably present in the bulk of our sample.
Additional research is needed to better understand the interactions among the different
factors—including worldviews, numeracy, and fluid
intelligence—that can affect how an individual interprets uncertain information. Knowing more about
these influences will help researchers, analysts, and
policymakers to better predict how individuals are
likely to respond to various choices under uncertainty. It should also help to better understand how
and why different individuals may come to hold very
different views of a preferred policy choice after having been exposed to the same factual information.
In addition to the common ways of evaluating
the utility of uncertainty displays, we suggest that analysts and communicators explicitly consider the potential for motivated evaluation. This can be done
by asking what interpretations end users are likely
to make and what overt or hidden ambiguities might
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exist in an uncertainty representation. To the extent
possible, addressing any ambiguities with respect to
interpretation at the design phase will increase the
chances that end users will be able to accurately
interpret and use uncertainty information to make
value-consistent choices.
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APPENDIX
Beliefs about Climate Change (1: Very Strongly
Disagree to 7: Very Strongly Agree)
(1) Human activity contributes to climate change.
(2) Human pollution is a major cause of climate
change (aka “global warming”).
(3) Climate change (aka “global warming”) is
happening.
(4) Climate change (aka “global warming”) is going to have a serious negative impact on our
way of life.
(5) Climate change (aka “global warming”) is a serious threat to our planet.
(6) There is a scientific consensus that human activity contributes to global warming.
(7) We are already seeing negative effects of climate change (aka “global warming”).
Beliefs about Gun Control (1: Very Strongly Disagree to 7: Very Strongly Agree)
(1) We should have stronger laws restricting gun
ownership.
(2) There would be less crime if more law abiding
citizens carried guns.
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(3) The number of guns in our country is a major
cause of violent crime.
(4) All U.S. states should allow law abiding citizens to carry concealed firearms.
(5) Gun ownership is a constitutional right.
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