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When decision makers receive multiple uncertain forecasts (as with the COVID-19
pandemic), they need displays that will help them to integrate the competing pre-
dictions. One display option is presenting the full suife of forecasts. A second is
presenting a summary ensemble, reducing cognitive load at the price of obscuring
disagreements. One compromise is presenting both, allowing decision makers to tailor
their usage, with an even greater cognitive load. A second compromise is presenting
one display but allow users to click through to see the other. In two experiments, using a
suite of 10 CDC forecasts and an ensemble based on median values, we compared
users’ performance with displays presenting the (a) suite, then adding the ensemble; (b)
the ensemble, then adding the suite; and (c) the suite and the ensemble combined. Using
diverse, online convenience samples and hypothetic scenarios, we found that parti-
cipants responded similarly to the combined displays, if they saw them initially together
or only after seeing the suite or the ensemble. Participants responded differently if they
saw just the suite or just the ensemble—as would happen if they did not click through
from the single display. Outliers in the suite display appeared responsible for the
difference. The result was robust whether the suite displays were ordered randomly, by
confidence interval widths, or by median prediction. Comprehension was good with all
displays. These results indicate the importance of ensuring that decision makers receive
and understand both the suite and the ensemble perspective when there are multiple
uncertain forecasts.
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With COVID-19, as with other important risks,
machine learning has spurred multiple teams to
estimate the same risks, using somewhat different
methods, data, and assumptions. A practical
question, when displaying those forecasts, is
how to convey both the uncertainty of the indi-
vidual risk estimates and the degree of agreement
among them (Toet et al., 2019). We demonstrate a
general method for evaluating alternative displays,
illustrated with the multiple forecasts that the
Centers for Disease Control and Prevention (CDC)
provided to aid government, health, and general
public decision makers. Each week during the
height of the pandemic, CDC received short-term
(1-,2-,3-, and 4-week) forecasts for county, state,
and national COVID-19 deaths, hospital admis-
sions, and cases from more than 20 modeling
teams. CDC continues these practices with hos-
pitalization forecasts for seasonal influenza and
COVID-19. CDC displays the suite of individual
forecasts, along with an ensemble reflecting the
medians of the individual forecasts. Many meth-
ods have been tested for combining forecast dis-
tributions, including the simple average, the
median, the envelope of the lowest low and highest
high estimate, and various symmetric and asym-
metric (interior and exterior) trimmed sets (Huang
etal., 2024; Park & Budescu, 2015). Among these
methods, the median has proven a robust aggrega-
tor (Gaba et al., 2017; Grushka-Cockayne & Jose,
2020). Indeed, CDC’s median-based ensemble
models have been better calibrated than most
individual models for forecasting COVID-19
deaths, in terms of observations falling within
prediction intervals (Cramer et al., 2022).

CDC relies on visual displays to communicate
its forecasts, as have forecasters of hurricanes
(Broad etal., 2007), weather (Stephens etal., 2019),
and inflation (Aikman et al., 2011). Figure 1 shows
one CDC visualization (from 2021 September).
Like all displays, these reflect many design deci-
sions, whose cumulative effect can only be known
through empirical evaluation (Woloshin et al.,
2023). After briefly reviewing research on com-
municating the uncertainty of individual forecasts,
we evaluate the effects of several design decisions

on conveying uncertainty within and agreement
across forecasts.

Visual Display of Model Uncertainty

One common way of displaying the uncer-
tainty of alternative hurricane forecasts is with a
cone representing some fraction of the pooled
forecasts. Boone et al. (2018) found that residents
express greater intentions to evacuate if they live
inside the cone of hurricane forecasts. Ruginski
et al. (2016) contrasted lay evaluations of suites
of individual hurricane paths and ensembles re-
presented by uncertainty cones. They found that
participants predicted greater, and later, hurricane
damage, when the cones were wider, apparently
inferring intensity from uncertainty. Participants
shown suites of individual forecast paths expected
less damage and saw less uncertainty. Padilla et al.
(2017, 2022) similarly found that people inter-
preted suites of forecasts as limiting the range of
possibility (and uncertainty). Witt and Clegg
(2022) found that participants were less likely to
evacuate when shown dynamic visualizations for
suites of individual hurricane forecast paths.
Demerittet al. (2007) found that experts were more
likely to “wait and see,” before issuing evacuation
orders, when shown suites of individual flooding
forecasts.

Thus, we predict that suites of individual fore-
casts will convey greater uncertainty and impel
more cautious decisions than will aggregated fore-
cast ensembles. When displays induce different
responses, forecasters must decide which to present.
Greis et al. (2017) found that, with weather fore-
casts, participants preferred suites to ensembles and
to receive both side-by-side, rather than receiving
either display separately. That was especially true
for decision scenarios with higher stakes (e.g.,
weddings and travel). However, the displays in that
study were much simpler than uncertain forecasts
like those in Figure 1, which have both intra- and
intermodel uncertainty. Some people might be
overwhelmed by one, much less two, such displays.

Here, we contrasted responses to a suite of
individual forecasts and the associated ensemble,
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Figure 1
Screenshot Example of CDC’s Visualization for National COVID-19 Case Forecasts
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presented simultaneously or sequentially—as
would happen if users landed on a page with one
display and exercised the option to “click through”
and examine the second (Wong-Parodi & Strauss,
2014). Studies of how people revise their judg-
ments after receiving additional expert advice, in
numeric form, typically find that initial informa-
tion receives undue weight (Mannes et al., 2012;
Yaniv, 2004a, 2004b; Yaniv & Kleinberger, 2000;
Yaniv & Milyavsky, 2007). We expected a similar
pattern with visual displays, which we do not
believe have been studied previously.

In research on advice giving and taking,
Harries et al. (2004) found that individuals tend to
focus on the consensus opinion when aggregating
if they are less experienced, but give greater weight
to extreme opinions as they grow more experienced.
Ocean (2024) found that when judging product
quality with numeric ratings, merely flagging sus-
piciously extreme ratings barely affected con-
sumers’ judgments. As Pinker (1990) suggested,
visual salience was an important factor in deter-
mining what information to extract from the graphs,
as abottom-up process. Within suites of COVID-19
forecasts, we predict that outliers will be visually

salient, unlike numerical displays—where they are
“Just numbers.”

Design

Study 1 compares nonexpert judgments and
decisions based on graphic displays of COVID-
19 forecasts that express uncertainty either as a
suite of 10 individual forecasts or as an ensemble
summary of those forecasts, presented either
sequentially or simultaneously (see Figure 2).
Study 2 compares judgments and decisions based
on displays presenting the same suite of 10 indi-
vidual forecasts, either in a random order or
ordered by either the range or the median value of
the forecasts (see Figure 2 Right).

For our task environment, we created a hypo-
thetical situation, asking participants to help friends
decide whether to send their child back to school or
be given the flu vaccine (Study 2). They are asked
to (a) interpret the forecast visualizations for their
friends and (b) suggest what they should do, based
on the forecasts and their friends’ risk tolerance.
Participants then (c) indicate their confidence in
their interpretation and decision advice and (d) rate
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the display’s helpfulness. This design provides a
common risk tolerance for all participants, that of
their (hypothetical) friends. Our stimuli are 10
actual forecasts produced by different CDC
modeling teams, whose names are displayed
but not explained (see Figure 3).

Study 1

We compare responses to the five ways in which
users might encounter these displays: (a) ensemble;
(b) suite; (c) combined (ensemble and suite); (d)
combined-ensemble first, both displays after ini-
tially seeing the ensemble; and (e) combined-suite
first, both displays after initially seeing the suite. We
call any change between responses to the single and
combined display updating.

Initial Judgment and Decisions

We expect outliers to drive differences between
the displays, as with individual storm paths for
hurricane forecasts. We define outliers as forecasts
with unusually high or low values, within a suite.
For the forecasts in our displays, the outliers are
all unusually high values (Karlen, University of
California, Santa Barbara in Figure 3), as the
forecasts have similar lower bounds. Thus, we
predict that participants initially shown the suite
and combined displays will perceive greater
uncertainty and suggest more cautious decisions.
That uncertainty will emerge in three ways.

Hypothesis 1: Suite and combined group
participants will give higher initial estimates
for the midpoint of the 95% confidence
interval for predicted COVID-19 cases than
will ensemble participants.

Hypothesis 2: Suite and combined group
participants will give wider initial confi-
dence intervals for predicted COVID-19
cases than will ensemble group participants.

Hypothesis 3: Suite and combined group
participants will be less likely to suggest
that their friends send their child back to
school (risk avoidant) than will ensemble
group participants.

Updating (Ensemble and Suite Group)

If, as predicted, the suite display creates greater
uncertainty, adding the ensemble in the combined

display should reduce it, unless participants are
firmly anchored in their initial responses. The
opposite should be true for participants who
receive the ensemble first:

Hypothesis 4: Ensemble group participants’
final confidence intervals will be wider than
their initial ones.

Hypothesis 5: Ensemble group participants’
final midpoint estimates will be higher than
their initial ones.

Hypothesis 6. Suite group participants’ final
confidence intervals will be narrower than
their initial ones.

Hypothesis 7: Suite group participants’ final
midpoint estimates will be lower than their
initial ones.

We also hypothesized that adding a second
display will increase the confidence of partici-
pants who initially see just one display.

Hypothesis 8: Suite and ensemble group
participants will have greater confidence in
their judgments and decision advice when
the second display is added and they will rate
the full display as more helpful than the
initial one.

Final Judgments and Decisions

Hullman et al. (2017) found no consistent pat-
tern in whether participants prefer to start with more
or less aggregated displays. As a result, we had
no prediction regarding order effects (Poulton &
Freeman, 1966).

Hypothesis 9: Ensemble, suite, and combined
group participants will respond similarly to
the full display.

Display Evaluations

We predicted that participants would prefer
the suite display’s fuller picture and have greater
confidence in judgments and decisions made with it:

Hypothesis 10: Suite and combined group
participants will be more confident in their
estimates (risk judgments) and decision
advice than will ensemble group participants.
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Hypothesis 11: Suite and combined group
participants will rate their display as more
helpful than will ensemble group partici-
pants.

We explored three possible individual-differ-
ence factors that have been found to influence
other risk judgments and decisions: numeracy
(Fagerlin et al., 2007; Tak et al., 2015), graph
literacy (Garcia-Retamero & Cokely, 2017; Okan
et al., 2012), and decision fluency (Alter &
Oppenheimer, 2009; Sanchez & Dunning, 2020).

Method

Recruitment

The survey was distributed through Dynata, a
survey company widely used for COVID-19-
related studies (Kobayashi et al., 2021; Lazarus
etal., 2021; Lu et al., 2021). Dynata invited U.S.
participants with prevalidated identities in its
online consumer panel to participate. Those who
agreed received a Qualtrics link. Dynata moni-
tored recruitment to create samples matching the
latest U.S. Census percentages for age, gender,
and region (see Supplemental Table 3.1). Our
preregistered power analysis estimated that 300
participants (100 per group) would detect a
medium effect (f = 0.25) for a one-way analysis
of variance (ANOVA) test, with a power of 0.95.
The survey was conducted from April 20-28,
2021, when U.S. COVID-19 cases and deaths
were decreasing and vaccination was becoming
widely available. Five hundred seventy-one in-
dividuals used the link to view the study; 309
completed the full survey and were used in the
data analysis. There were 104, 94, and 101 in the
suite, ensemble, and combined groups, respec-
tively. Carnegie Mellon University’s Institutional
Review Board approved all procedures. All
participants provided informed consent.

Experiment Protocol

As seen in Figure 2, participants first read a
short introduction describing the study’s purpose:
learning how they use multiple forecasts of
COVID-19 cases. They then read a short decision
scenario asking them to help hypothetical friends
interpret COVID-19 forecasts and decide whether
to send their child back to school, given the
forecasts.

The scenario stated that their friends’ child had
not been vaccinated, that only a few school-
teachers were vaccinated, that their friends were
worried about the new strain spreading in the
country, and that their friends’ decision threshold
was 300 new cases per 100,000 people. They
were then randomly assigned to one of the three
groups. Ensemble and suite group participants
completed the tasks twice, while combined group
participants completed them once.

The graphs in Figure 3 reflect county-level
forecasts for COVID-19 cases number per
100,000, to align with the decision scenario.
We selected forecasts from 10 teams in CDC’s
display and created an ensemble using CDC’s
median value procedure. Each forecast has a
95% confidence interval (light color), a 50%
confidence interval (darker color), and a best-guess
(black line). Participants received instructions on
reading the graphs. Suite and ensemble participants
completed the dependent measures in the same
order for both rounds. All participants completed
the same final survey.

Data Analysis Approach

The statistical analysis plan was preregistered
in Open Science Framework (Yang & Wong-
Parodi, 2024). Hypotheses 1-3 on initial judg-
ments and decisions were not preregistered, hence
are exploratory. Supplemental Material Section 2
describes minor deviations from the preregistered
plan. To assess whether participants were suc-
cessfully randomized to three groups, we used one-
way analysis of variance (ANOVAs) to compare
the three groups for participants’ age and a chi-
square test for their gender. As preregistered, we
identified participants who completed the study
in 2 SDs less time than the group meantime and
who failed a validity check. We included all
participants in the reported analyses.

Predictions were elicited as (a) a 95% confi-
dence interval for the next week’s COVID-19
case number, using text-entry boxes for lower and
upper bounds with the display range [0;1,500];
(b) the most likely range, with the options of less
than 300, 300-600, 600-900, 900-1,200, or more
than 1,200; and (c¢) whether the number was more
likely to be above or below 300. The interval
midpoints and widths were calculated using the
upper and lower bounds that participants entered.
Participants rated their confidence in how well
they had interpreted the graph and in their
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decision advice, as well as the helpfulness of
the graph for giving advice, on Likert scales
from 1 = not at all to 5 = extremely. For these
continuous variables, the groups were compared
using nonparametric Kruskal-Wallis rank-sum
tests and Welch one-way ANOVAs (See
Supplemental Table 1.1).

Decision advice was elicited as 1 = yes, they
should send the child to school and 0 = no, they
should not. It was asked after reminding parti-
cipants of their friends’ decision threshold (300
cases). We used chi-square tests to compare
advice across conditions.

To test for within-subject differences for repeated
measures, we used generalized estimating equa-
tions (GEE) for the 95% confidence interval esti-
mates. GEE estimates mean effects for a unit
difference, allowing flexible specification of
the correlation structure for within-unit data
(Hubbard et al., 2010). For continuous vari-
ables of confidence and display evaluations,
we used two-way ANOVAs with repeated
measures. For discrete variables, we used
repeated-measure logistic regression.

Participants’ subjective numeracy was assessed
with the four-item subjective ability subscale of the
subjective numeracy scale (SNS; Fagerlin et al.,
2007; Peters etal., 2019). We used the mean rating
(Cronbach’s o = .93).

The subjective visual literacy was based on a
three-item scale (Yang et al., 2023) that asked
how well participants could use three common
displays (graph, map, and manuals; Tversky
etal.,2000), with 1 =notat all and 6 = extremely
well. We used the mean rating (Cronbach’s
o =.79).

Other individual measures included relevance
of the hypothetical scenario to their own lives
(1 = not at all relevant and 5 = extremely) and
information-seeking frequency (1 = never and
5 = very often).

For exploring associations between partici-
pants’ features and judgments, we used ordinary
least squares regressions (controlling for demo-
graphics) and the Kendall T correlation.

Results

Participants

Participants reported being, on average, 48.1
years old (Mdn = 48, SD = 16.8), with 36.9%
female, 80.6% White, non-Hispanic, 67.6%

having a bachelor’s degree or higher, and 71.2%
having a yearly household income above $50,000.
On average, they reported being ideologically
moderate (M =4.0, SD = 1.9), where 1 = extremely
liberal and 7 = extremely conservative. About
25.9% reported health care work experience. 16.5%
reported having been infected with COVID-19, and
58.3% reported having been vaccinated against
COVID-19.

Validity Check

There was no significant difference across the
three groups in particigants’ age, F(2,306)=1.1,
p > .05, or gender (x° = 3.0, p > .5), indicating
successful randomization. To test comprehension
and attention, we examined the consistency
of participants’ confidence intervals. Fifty-nine
respondents (19.1%) had at least one inappro-
priate answer (e.g., estimating the expected
number of case as < 300, with the most likely
range of [900 to 1,200]). As mentioned, we
included all responses. Repeating analyses with-
out these individuals revealed similar patterns.

Initial Round Responses

Table 1 shows summary statistics.

Hypothesis 1: As predicted, judgments of the
initial interval midpoint were higher for the
suite and combined groups, consistent with
the higher 95% upper bound in the figure.
However, the three groups were not statisti-
cally significant (Kruskal-Wallis: y* = 1.6,
p > .05) nor were the pairwise differences
(post hoc Dunn’s tests; Supplemental
Table 1.2).

Hypothesis 2: Kruskal-Wallis tests found
no significant difference in the three groups’
initial confidence intervals (Kruskal—
Wallis: X2 = 0.14, p > .05). However,
both one-way ANOVA, F(2, 306) = 4.5,
p = .012, and Welch one-way ANOVA,
F(2, 194.7) = 4.1, p = .018, revealed a
significant difference. A post hoc Tukey
test found that, as predicted, suite parti-
cipants had significantly larger confidence
intervals than did ensemble participants
(diff = —157.8, p = .01).
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@ The influence of the high outliers on these
E results is seen in the 95% upper bound estimates
£ being higher for the suite and combined groups,
2l - ESs == compared to the ensemble group. There was no
& % C S eo significant difference in the 95% lower bound
8= 2 :‘5 2 2 i’ estimates, consistent with there being no low
f AR EN outliers (x* = 2.8, p > .05). Nonetheless, as seen in
g Figure 4, some suite participants may have been
§ strongly influenced by the two high outlier fore-
o) casts (University of California, Santa Barbara,
Karlen).

. S Despite their higher upper bounds and mid-
B B points, the suite and combined groups were no
g E more likely to predict an actual value above 300
Tl.| s88 &8 (x> =5.8,p>.05).

S o | ] KNy ¢
g 212 EEE KL . -
g = IS5 I3 Hypothesis 3: The three groups gave signifi-
< = Lo eE cantly different decision advice (> = 6.8, p =
£ = .033), as expected. The suite group, which
2 g saw greater uncertainty (as predicted),
= = was the most cautious and least likely to
3 advise their friends to send their child
E E oo e to school (37.5% vs. 49.0% and 55.4%
&b = a 235 I for the ensemble and combined groups,
g gElg] ccc C9 respectively).

g 3|s| g2z g9
Z g rad e .

o 5 Second-Round Responses and Updating
£ Effects (for Ensemble and Suite Groups)
=) = S~ a
5 - E a % 5 § § § The bottom half of Table 1 and right-hand side
:; 2| =2 :{S 2 Ez of Figure 4 present suite and ensgmble groups’
5 S| e = vyt wd responses, after seeing the added display. Table 2
3 5 = Fate A presents GEE models comparing initial and
S ? updated responses.

2 2 E The 95% upper bound is higher for the
E = I s8¢ § & ensemble group (M =578.5, SD =492.7) than for
E S| 2|18 B88% 32 the suite group (M =468.6, SD =434.2), although
é i 5 E —~% N ©n the difference is not statistically significant
2 "§ © 88 8K (Wilcoxon test: W = 4,813, p > .05). For both
P S E groups, the average interval widths are signifi-
I cantly narrower than in the initial round (B =
S| —117.9, p = .043). However, they are now sig-
§ § c55 oo nificantly wider for the ensemble group (B =
= g 8 w3 5 g = 265.0,p <.001), reversing the pattern in the initial
g E, c ec2 << E judgments. As a result, the intervals are now
2| o = ;EE §§ E significantly narrower for the ensemble group
T = =88 == \g than for the suite group (B = —157.8, p < .01).
% & % These differences are consistent with the outliers
S = 8 influencing revised ensemble judgments, as they
g sle 2 2 § 2t influenced the initial suite judgments.
o S £l 2o § g‘é o § © The interval midpoints remain similar in the
= ~°§0 5 E: 3 S3d |8 two groups. There was no significant change in
=S i 7] Z decision advice. See Supplemental Table 1.3.
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Table 2

GEE Model Results for Interval Midpoints and Widths, With Repeated Measures for Display Rounds (Study 1)

Interval midpoint

Interval width

1

2 1 2

Variable B (SE) )4 B (SE)

P B (SE) P B (SE) 14

Ensemble group
Round 2
Ensemble Group X Round 2

—1.77 (2924) 95 —53.9(42.8) .21
—1.56 (29.24) 96 -—53.7 (44.8) .23
104.4 (58.3) .073

—253(39.4) .52 —157.8(55.0) .0042
14.6 39.4) .71 —117.9 (58.3) .043
265.0 (77.8) 00066

Note. GEE = generalized estimating equations; SE = standard error.

Responses to the Full Display

Hypothesis 4: The combined group’s initial
judgments considered both displays, as did
the suite and ensemble groups’ second judg-
ments. As predicted, one-way ANOVAs
found no significant differences in the three
groups’ risk judgments: interval widths: y* =
2.3, p > .05; midpoints: > = 2.5, p > .05;
95%CI lower bounds: x> = 0.2, p > .05; upper
bounds: y* = 2.7, p > .05. Participants ratings
were also similar for the three groups:
confidence in their interpretation (y> =
1.8, p > .05), confidence in their decision
advice (y*> = 1.8, p > .05), and rated
display helpfulness (3> = 0.8, p > .05).

Their final decisions were, however, signifi-
cantly different (y* = 7.4, p = .025), with the suite
group being more risk averse, as with its initial
responses, contrary to Hypothesis 4, which pre-
dicted no order effects.

Display and Process Evaluations

Table 3 summarizes participants’ evaluations,
on the 5-point scale. All means were above the
scale midpoint, indicating that, generally speaking,

Table 3

participants had moderate confidence in their ability
to interpret the graphs and in their decision advice.
They found the displays moderately helpful. There
were no significant pairwise group differences.
Two-way ANOVAs (with repeated measures for
the display round) found no find significant group
differences between initial and second ratings
(for the suite and ensemble groups).

Respondent Features

We performed ordinary least squares regressions
predicting participants’ confidence interval widths,
as a measure of uncertainty, from individual fea-
tures. We looked at judgments for the full display
so that all three groups were looking at the same
information. Supplemental Material Section 4
has the full results. The width of participants’
confidence intervals was unrelated to their sub-
jective numeracy (B = 1.8, 95% CI [-50.8,
54.3], p > .05) or subjective visual literacy (B =
1.7,95% CI[-58.8, 62.2], p > .05; Supplemental
Table 4.1). Exploratory analyses found that par-
ticipants with wider intervals rated the scenario
as less relevant (B =—35.2,95%CI [-66.9, —3.4],
p = .03) and reported seeking COVID-19-related
information less often (vt = —0.12, p < .0l).

Process and Decision Evaluations, Mean, and Standard Deviation for Study 1

Confidence in interpreting the graph

Confidence in decision

Perceived helpfulness of the graph

Condition M (SD) M (SD) M (SD)
First round
Suite 32(1.2) 3.7 (1.1) 3.3 (1.3)
Ensemble 3.6 (1.2) 39 (1.1) 3.6 (1.3)
Combined 3.6 (1.2) 3.8 (1.1) 3.5(1.2)
Second round
Suite 34 (1.2) 3.7 (1.1) 34 (1.2)
Ensemble 35(1.2) 39 (1.1) 3.5(1.3)
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Interval width was unrelated to scenario relevance
or to having a medical background.

We used Kendall’s t for correlations among
responses pooled across the three groups, given
the skewed distributions. We highlight results
that reflect on the validity of our measures
(Supplemental Table 1.5). Respondents with
higher interval midpoints gave wider intervals
(t=0.73, p <.001), were less confident in their
interpretation of the displays (t = —0.16, p <
.001), and rated the scenario as less relevant (T =
—-0.13, p < .01).

Participants were less likely to advise sending
the child back to school if they rated the decision
as more relevant personally (odds ratio=1.4, B =
0.3,95% CI[0.11, 0.5], p < .01).

Participants who rated the display as more
helpful also rated themselves higher in numeracy
(t=0.27, p <.001) and visual literacy (t = 0.32,
p <.001), and rated the scenario as more relevant
(t =0.56, p < .001).

Study 2

Design and Hypotheses

The results of Study 1 suggest that outliers drove
differences between responses to these displays, as
individual storm paths did for responses to hurri-
cane forecasts. For the CDC COVID-19 forecasts,
the outliers are unusually high values (Karlen,
University of California, Santa Barbara), as the
forecasts have similar lower bounds. If that is the
case, then the visual salience of outliers should
affect their impact. Following a suggestion from a
reviewer, Study 2 examines this possibility by
comparing responses to three versions of the suite
display, varying whether it presents the individual
forecasts in a random order (random), by
increasing width of the prediction range (range), or
by increasing the median estimate (best-guess).
Participants were randomly assigned to receive one
of these suite displays, after which they received the
ensemble forecast (which was the same for all three
groups). Figure 3 (Right pane) shows the three
displays. As COVID-19 had waned by the time of
the study, we replaced it with an influenza decision
scenario, in which participants were asked to advise
their hypothetical friends about vaccinating their
child. Otherwise, we followed the same protocol
and used the same forecasts as in Study 1.

We made the following hypotheses:

Initial Judgment and Decisions

Hypothesis 1: Interval widths: We hypoth-
esized that range group participants will
give wider initial 95% confidence intervals
for predicted new hospital admissions,
compared to the other two groups.

Hypothesis 2: Midpoints: We hypothesized
that best-guesses group participants would
give higher initial estimates for the midpoint
of the 95% confidence interval compared to
the other two groups.

Hypothesis 3: Decision: We hypothesized
that random group participants will be less
likely to suggest vaccination to their friends
compared to the other two groups.

We also explored whether Study 1 results
on updating and individual differences were
replicated in Study 2, with suites of individual
forecasts sorted by different visual features.

Method

Recruitment

The experiment was conducted on Prolific, an
online platform widely used in behavioral decision
research (Douglas et al., 2023). The survey com-
pany invited members of their participant pool
living in the United States. It was conducted in
late April 2024, with 106, 106, and 104 complete
responses in the random, range, and best-guesses
groups, respectively. Carnegie Mellon University’s
Institutional Review Board approved all proce-
dures. All participants provided informed consent.

Data Analysis Approach

We preregistered the data analysis plan' which
was the same as in Study 1, adapted to the dif-
ferences in the two studies.

Results

Participants

Participants reported being, on average, 36.7
years old (Mdn = 34.5, SD = 11.6), with 48.1%
female, 69.0% White, non-Hispanic, 57.9% having

! https://osf.io/cwnme/?view_only=335db739affa45e091
7b3d6f1e0d7d8s.
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a bachelor’s degree or higher, and 68.4% having a
yearly household income above $50,000. On
average, they reported being politically liberal (M =
3.14, SD = 1.67), where 1 = extremely liberal and
7 = extremely conservative. Sixty (19.0%) reported
having health care work experience. 38.3% re-
ported having gotten a flu shot in the 2023-2024
season. They rated their relatively low frequency
of getting flu shots as moderate (M =2.75, with 1 =
never to 5 = often) and our decision scenario
as moderately relevant (M = 2.74, with 1 = not at
all relevant and 5 = extremely relative). There was
no significant difference across three groups in
participants’ age, F(2, 313) = 0.47, p > .05, or
gender (X2 = 1.20, p > .05), suggesting successful
randomization.

Initial Round Responses

Figure 5 shows the upper and lower bound
estimates given by participants in each group after
reading the two rounds of graphs. As predicted in
Hypothesis 1, participants in the range group
gave wider initial 95% confidence intervals (M =
839.0, SD = 428.9) for predicted new hospital
admissions than did participants in the random
group (M = 657.2, SD = 400.0) or the best-
guesses group (M =712.4,5SD =395.2). Kruskal—-
Wallis test revealed a significant difference
(Kruskal-Wallis: x* = 7.24, p = .027). Kruskal—
Wallis tests also found significant difference in
the three groups’ initial midpoint estimates
(Kruskal-Wallis: y* = 23.91, p < .001). However,
contrary to our prediction, participants who saw
the forecasts sorted by prediction range gave the
highest midpoint estimates (M = 660.3, SD =
199.9), compared to the random group (M = 583.2,
SD = 186.6) or the best-guesses group (M =595.0,
SD = 158.1). Contrary to our prediction as well,
there was no significant difference among the
three groups in their initial decision (x* = 4.46,
p > .05), with a majority advising flu vaccination.
Participants rated the three graphs similarly helpful
and had similar levels of confidence in their graph
comprehension and decision.

Responses to the Full Display

Consistent with Study 1 results, there were no
significant differences in judgments or decision
after participants read the full display with CDC’s
ensemble. Participants also rated the three graphs
as similarly helpful and had similar confidence in

their graph comprehension and advice. As in
Study 1, respondents who rated the scenario as
less relevant gave wider intervals (t = —0.088,
p < .05), but just for estimates made after reading
the initial display (Table 4).

Discussion

CDC, like many other organizations, routinely
aggregates forecasts from multiple sources, each
with its associated uncertainty. As an aid to users,
CDC produces an ensemble summary to capture
model uncertainty. We demonstrate an approach
to evaluating the impact of choosing to display the
suite or the ensemble or both and, if the latter,
whether to present the two displays simulta-
neously or sequentially and in what order to sort
the suite forecasts. We ask lay users to interpret
the figures, apply their content to a hypothetical
decision problem, and evaluate their experience.
We used actual forecasts submitted to CDC by 10
competing teams. Participants were U.S. residents
selected to match the population in age and gender
from panels maintained by Dynata and Prolific. A
large majority passed comprehension and atten-
tion checks, indicating that they could understand
the displays. All were included in the analyses
(whose conclusions were unaffected by excluding
those who failed the tests).

In Study 1, the salient outliers led to wider
confidence intervals for the initial judgments
of the suite group than for the ensemble group.
Consistent with these judgments, suite group
members were less likely to recommend that their
friends send their child to school (36.5%) com-
pared to members of the ensemble and combined
groups (49.0%, 55.4%). When the other display
was added, the suite group’s confidence intervals
narrowed, while the ensemble group’s widened—
leaving them similar to one another and to those of
the combined group, which saw both together. The
midpoints of the groups’ distributions showed the
corresponding pattern. Thus, members of each
group might have made different decisions, had
they only seen one display, as might happen on a
website that featured just one display, while offer-
ing the option of clicking through to the second
display, for users who took that extra step. Although
the suite and ensemble groups’ judgments con-
verged when the second display was added, the
suite group’s decisions remained more cautious.

Given the apparent influence of outliers in
Study 1, Study 2 manipulated their salience in the
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ES §88 S8R’ display. It found that they had greater impact
i g § § g g g when forecasts were sorted by prediction range,
3 I35 SoZ which highlighted them. Here, too, judgments
8 g 229 converged when participants saw the combined
] g p P
display.. .
The internal consistency of responses suggests
g construct validity of the measures. Participants
S y p
E with wider confidence intervals were less confi-
] dent in their interpretation of the displays and
2 p play
ii TR ¥R rated the scenario as less relevant. Those who saw
~ —n o [ Sel o}
g LU e the scenario as more relevant also had narrower
5 g confidence intervals, lower midpoints, and greater
= 222 229 undati
= pdating.
= Participants in all groups found the displays
5 moderately helpful and were moderately confi-
= dent in their ability to extract information from
and base advice on them in both Study 1 and 2.
_g PN These evaluations were more positive for parti-
& 2% coa cipants who rated themselves as more numerate
E 222 ZZZ and more visually literate. Otherwise, exploratory
= Qos o analyses, based on the pooled final judgments of
&Z R8A "&7 all groups, found that subjective numeracy and
- visual literacy were largely unrelated to any
judgment.
k= 58 A< The practical advice following from these re-
NG e88 §83 sults is to make the combined (suite and ensemble)
HEIRRTE T T display the default, in order to ensure that users see
“l g nad o8y the full picture. Doing so would avoid the order
~ = O o0~ NN . .
PSS effects seen with the suite and ensemble groups,
5 where initial judgments differed from final ones,
S Judg
3 g for upper bounds, confidence interval widths, and
g 2 55 Sea decision advice. Similar final evaluations with the
= 8 €383 8&s different displays suggest that the added infor-
S = MM o< mation in the combined display compensates for
§| O § Y B3 its added complexity. Showing the combined
2l - display also eliminated differences in judgments
| = play Judg
s < when the suite of individual forecasts was pre-
g sented in different orders on the same page, in
S E Study 2.
= 8 RITCe Sno These results address a previously unstudied
S| & $28& <8< topic: how people interpret uncertainty within
S| g I38 g=S= P peop P y
S| 3 A Qo and across sources, simultaneously and sequen-
S| o cg § S § § tially, in visual displays. They reveal generally
IS o “g orderly responses, with individual differences
g & g related to engagement, but not to self-rated
o ) = competencies.
g - - The generalizability of these results is limited
§ Se & § o 5 % by its convenience sample, whose diversity sug-
Q| 5|52 ¢ 85 3 3|3 gests that the cognitive processes observed here
g 2| 2 cnésamd |t might be generalized to people willing to participate
= . . . . . . .
b gl S| 23 & »S8 & B O in such studies. It is also limited by its suite 10
2 2 5 Sa §§§ g forecasts, taken from CDC, using its median
=3 i & = aggregation method for generating the ensemble,
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and applied to hypothetical decisions reflecting
friends’ risk criteria. Padilla et al. (2022) found that
suites with six or more individual forecasts evoked
greater risk estimates than did ensemble displays. In
qualitative analyses, Greis et al. (2017) found that
some participants reported enjoying more detailed
weather forecasts and the opportunity to compare
them, whereas others did not need or want that
much information.

Public service organizations are increasingly
using suites of predictions and graphical displays
to communicate uncertainty in weather, diseases,
flooding (Stephens et al., 2012), climate change
(Bruine de Bruin et al., 2024; Kause et al., 2020),
and economic issues. Participants here were able
to understand such forecasts, whether presented
simultaneously or sequentially, and apply them to
a hypothetical decision. They also found the
displays moderately helpful and were moderately
confident in their ability to interpret and apply
them. The order effects indicate the value of pre-
senting the combined display despite its greater
complexity. If borne out with a more representative
sample and additional test cases, such results may
encourage scientists to display richer uncertainty
information, including ensembles and summaries,
without fear of scaring or confusing users (van der
Bles et al., 2019, 2020).
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