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Abstract We report results of a series of experiments on decision-making in the

presence of irreducibly imprecise probabilities of negative and undesirable out-

comes. Subjects faced decisions among actions where the payoffs depend on the

probability of drawing balls from an urn whose composition was not fully known.

Consistent with the vagueness avoidance hypothesis, Decision Makers (DMs) dis-

played systematic preferences for safe actions even at a high premium. This ten-

dency grew with increased vagueness, characterized by the width of the interval of

plausible probabilities. We compared two decision aids that portray these imprecise

probabilities in different ways: one aid calculates the expected value of alternative

actions contingent on probability distributions provided by the DMs, and the other

displays graphically the distribution of the conditional expected value of the actions

over the entire range of plausible probabilities. Access to either decision aid reduced

vagueness avoidance and the type of aid used systematically influenced the way

DMs approached the problem. We compared the DMs’ choices with predictions of

decision models for decision under ignorance and under risk. We found support for
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the conservative maxi–min criterion, but a subjective expected value model with

probabilities inferred from the partial information available also performed well,

especially for low levels of vagueness and in the presence of decision aids. These

findings suggest some initial implications for the debate over how to best charac-

terize imprecise probabilistic information for policy-makers when decisions involve

irreducible uncertainties, such as climate change.

Keywords Ambiguity � Deep uncertainty � Decision aids � Imprecise

probabilities � Maxi–min � Subjective expected value � Vague probabilities

Mathematics Subject Classification 91B06 � 91B08 � 91B16 � 91E99

1 Introduction

The presentation of probabilities and other information about risks can have an

important influence on an individual’s choices (e.g., Fiedler and Unkelbach 2011;

Lipkus 2007; Sanfey and Hastie 1998). Decision Makers (DMs for short) face vague or

imprecise probabilities1 in many real-world decisions. In cases where one cannot

specify a proper probability distribution over the possible outcomes, as required for a

traditional decision analysis guided by utility theory, uncertainties can be communi-

cated as approximate probabilities, (e.g., ‘‘around 0.30’’), numerical ranges (e.g.,

‘‘between 0.10 and 0.50’’, or ‘‘not more than 0.40’’), or verbal descriptions (e.g., ‘‘highly

unlikely’’). The effects of various presentation modes of such vague information have

not been studied systematically. We report results of three experiments designed to test

how the treatment of vagueness in decision aids affects individuals’ choices. We use a

simple experimental setup where subjects face a stylized decision where the

information about key probabilities is imprecise and compare the effects of two

decision aids, one that stresses the best guess integrated across all probabilities and the

other which stresses the irreducible imprecision of the probabilities.

This study is motivated in part by a desire to inform the debate over how to best

characterize and present imprecise probabilistic information for policy-makers.

Climate change presents an archetypal example. While the basic physical mechanisms

of anthropogenic climate change are well understood (Arrhenius 1896), the specific

magnitude and potential future impacts are not (e.g., Keller et al. 2008; Morgan and

Keith 1995; Welsch 1995). Estimates of the probability density functions for key

parameters describing both the climate and energy economic systems that affect it vary

considerably across experts (e.g., Morgan and Keith 1995; Zickfeld et al. 2007). Thus,

scientists and economists can provide policy makers only vague information regarding

the likelihood of serious climate change impacts or the likelihood that various response

options will prove cost-effective solutions. Another feature of many decision problems

in the climate and environmental context is that they are driven by undesirable

outcomes (e.g., minimize effects of climate change or pollutants). Consequently, most

of our discussion and our experiments will focus on negative outcomes (losses).

1 We use the terms vague and imprecise probability interchangeably throughout the text.
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The presence of such irreducible forecasts regarding climate change decisions

has spawned extensive debates about how to best communicate this information.

Some embrace the standard Bayesian view and argue that regardless of any

imprecision, experts ought to provide their best-guess estimates of the probabilities

because government officials require such information to properly assess alternative

policy options (Giles 2002; Moss and Schneider 2000; Webster 2003). Others argue

that information about vagueness is crucial to the policy debate and that experts

should describe how various policy options perform over a wide range of deep

uncertainties2 (Casman et al. 1999; Lempert et al. 2004).

1.1 Effects of vagueness on decisions

Ellsberg (1961) gets credit for highlighting the impact of (im)precision in

probabilities on decision making. The ‘‘Ellsberg paradox’’ shows that most people

prefer making decisions based on precise probabilities even at a premium. This

vagueness aversion3 has been demonstrated in numerous laboratory experiments

and generalized to health, environmental, and other contexts (see Becker and

Brownson 1964; Camerer and Weber 1992; Curley and Yates 1985; Du and

Budescu 2005; Fox and Tversky 1995; Hogarth and Kunreuther 1989; Keren and

Gerritsen, 1999; Kramer and Budescu 2005; Kuhn and Budescu 1996; for partial

reviews and illustrative examples).

Much of the literature seeks to establish the boundaries of this empirical

regularity and explain its psychological sources (e.g., Curley et al. 1986). Most of

the work has focused on situations where all the components of the decision, except

the precision of the probabilities, are constant to isolate the net effect of the

vagueness. In fact, one prominent explanation for the observed behavior, the

comparative ignorance hypothesis (Fox and Tversky 1995; Fox and Weber 2002),

suggests that the results are driven by the salience of the direct contrast between

precise and vague states. Specifically, it predicts vagueness aversion in comparative

settings, such as pair-wise choices between precise and imprecise options, but

anticipates smaller (or no) effects in the absence of such explicit comparisons, (e.g.,

pricing, rating, or determining cash equivalents of options, presented in isolation).

Du and Budescu (2005) presented experimental results consistent with this

prediction (see also, Trautmann et al. 2011).

As Camerer and Weber (1992) pointed out in their often-cited review, vagueness

aversion is not universal. Recent papers have documented the differential

distributions of attitudes to vagueness for various elicitation methods (e.g., Du

2 Deep uncertainty has been defined (Lempert et al. 2003) as the condition in which DMs do not know, or

do not agree upon (1) the appropriate models that relate actions to consequences, (2) the probability

distributions over key input parameters to those models, and (3) how to value the desirability of

alternative outcomes. The term thus includes the condition of imprecise or vague probabilities.
3 Ellsberg used the term ambiguity to refer to imprecisely specified probabilities. Budescu et al. (1988)

have argued against this convention and advocated using vagueness or imprecision in this context (see

also Casey and Scholz 1991). According to Budescu and Wallsten’s (1995) taxonomy, an event is

ambiguous if its description is subject to multiple interpretations (e.g., ‘‘in the fall of 2008, the stock

market will increase moderately’’), and a probability distribution is vague if the DM cannot associate all

events in the sample space with unique and precise numerical probabilities.
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and Budescu 2005 for choices and CEs; Trautmann et al. 2011 for choices and

WTP). Several papers have shown that attitudes to vagueness are typically only

secondary considerations in decisions. They are not as important as criteria such as

attitudes towards risk or magnitude of outcomes and are, therefore, malleable (Du

and Budescu 2005; Kuhn and Budescu 1996; Kuhn et al. 1999; Onay et al. 2012).

Nevertheless, aversion to imprecision is prevalent and it is indeed the modal

pattern in choices, (Kramer and Budescu 2005; Trautmann et al. 2011) CEs,

(Budescu et al. 2002) and WTP (Trautmann et al. 2011). This aversion is also

invoked routinely to explain certain empirical regularities in applied settings (e.g.,

Chen and Epstein 2002 for finance, and Kunreuther et al. 1995, for insurance). We

refer to this general tendency as the vagueness aversion hypothesis and we also use

it to derive our global—group level—hypotheses.

1.2 Effects of presentation of probabilistic information on decisions

It is widely recognized that judgments of uncertainty (and subsequent decisions that

rely on them) are sensitive to the form, format, and framing of the presentation of

the sample space and the governing stochastic process. For example, Gigerenzer

et al. (1994) have documented differences between decisions based on probabilities

and on natural frequencies, and argue for the superiority of the latter. In a

compelling illustration Hoffrage et al. (2000) showed that the rate of correct

solution of (Bayesian) diagnostic problems by medical professionals increased

dramatically when the problems were presented in terms of natural frequencies.

Budescu and Fischer (2001) asked subjects to make pair-wise choices between

gambles that were equivalent, but involved different implementations of the chance

apparatus (e.g., choose between: Gamble A: win $X if a fair coin lands on ‘‘Heads’’,

or Gamble B: win $X if a ‘‘Red’’ card is chosen from a complete deck of cards).

Their subjects displayed systematic preferences for presentations involving larger

sample spaces (e.g., 52 possible cards versus 2 possible sides of a coin), and fewer

stages that allow for quick resolution of uncertainty (e.g., Gamble A: win $X if a

fair coin lands on ‘‘Heads’’, over Gamble B: win $X if a coin lands on the same

side—either ‘‘Heads’’ or ‘‘Tails’’—twice in a row). MacGregor and Slovic (1986)

and Sanfey and Hastie (1998) performed experiments in which information about

runners was presented in various ways to subjects who had to predict their time on a

future marathon race. Both studies found that presentation format affected

subsequent predictions. These studies suggest that one can think of various

presentation formats as ‘‘decision aids’’.

There is a large and highly dispersed literature on decision aids and a

comprehensive review is beyond the scope of this paper. Instead, we focus on some

key results that are relevant to our work. The first is, simply, that having access to

decision aids affects both the choices people make and their attitudes about their

decisions. Hung et al. (2007) showed that participants who could use a decision

support system in an investment context performed better and were more confident

than subjects in a Control group who received the same amount of information but

did not have decision aids. Various presentation modes can improve decisions, as
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shown by Keller (1985a, b) who documented reduced rates of violations of certain

tenets of rationality through various graphical representations.

Kleinmuntz and Schkade (1993) claim that various presentation modes can

facilitate certain cognitive decision processes and hinder others. MacGregor and

Slovic (1986) and Sanfey and Hastie (1998) suggest that the key drivers in this

process are the salience/prominence of the information and the similarity/

compatibility between the nature of the data and the displays. Thus, different

decision aids can increase the likelihood that DMs who respond to these cues would

choose differently (see Ibrekk and Morgan 1987; Johnson et al. 1988; Todd and

Benbasat 1994; for some empirical demonstrations). Conversely, poorly designed

aids can mislead DMs into inferior decisions (e.g., Arunachalam et al. 2002).

1.3 The impact of different treatments of vague probabilities on decisions

We combine these two streams of literature by studying how different presentations

of vague uncertainties affect decisions. To achieve this goal we developed and

implemented a new design for the study of vague probabilities. Most previous work

has focused on the effect of different sources of uncertainty (Abdellaoui et al. 2011)

on decisions. Inspired by Ellsberg’s seminal paper people have studied how DMs

choose between, or are willing to pay for, options that involve different source

functions (i.e., various levels of precision) but are otherwise identical. Thus the key

contrast in this work is the presence and, occasionally, the degree of imprecision. In

our study we have a single common source function, and study how people evaluate,

and choose among, several actions that are available to them in the presence of

(identical) irreducible vague probabilities. The key issue is how DMs incorporate a

given level of vagueness in the decision environment into their decision process.

Another way in which our study differs from most previous work is that we invoke a

more complex probabilistic model based on repeated samples from a certain data

generating process (see more details below) to represent uncertainty. Both changes

contribute to making this a more realistic scenario that mimics the types of decisions

people encounter in such cases.

Consider a target event, E, with probability, P. The target probability is unknown

to the DM but it can be narrowed to an interval with two sharp bounds, PL and PU,

such that 0 B PL \ P \ PU B 1. The DM needs to choose one of m possible

actions A1, A2…, Ai, … Am that lead to various outcomes contingent on the

realization of the target event, E. In our experiments we Control the vagueness of

the target probability by manipulating PL and PU, and the outcomes associated with

the various actions, Ai, (i = 1…m). The impact of imprecision declines as (a) the

range of probabilities is reduced, so the decision resembles more a typical decision

under risk with a precise P, and/or (b) the variance of the payoffs for each possible

action is reduced, thus making the uncertainty less relevant. A ‘‘safe’’ action that

offers a fixed payoff, regardless of P and its limits (PL and PU), eliminates the

effects of the underlying imprecision.

We use two decision aids. Both present to the judges expected values of the

various actions but rely on two distinct approaches to dealing with vagueness. One

seeks to minimize (if not totally eliminate) the inherent vagueness through
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integration over the domain of interest, and the other seeks to highlight its effects

by displaying its impacts. The first method provides a single summary in the form

of the expected value of each specific action integrated across the range of

probabilities. The second method provides a display of the expected value of each

specific action as a function of target probability, across the full range of

probabilities. The first aid is an expected value calculator that allows DMs to

specify hypothetical probability distributions over the [PL, PU] range, say Pj, and

uses this distribution to calculate the expectations of each action, E(Ai | Pj)

(i = 1…m). This aid mimics the approach taken by most decision analytic studies

of climate change (e.g., Nordhaus 1994; Kann and Weyant 2000). It provides an

effective way of eliminating imprecision by combining it, subject to the

assumptions encapsulated in Pj, with the outcomes, and allows the DM to rank

order the actions, Ai. We refer to this aid as Summary. The second decision aid

takes a diametrically opposite approach: instead of eliminating the imprecision, it

highlights it and explicitly displays its consequences. This aid, which we labeled

Display, shows the expected outcome of each action for all probabilities in the

relevant range. More specifically, it plots EV(Ai| P) for all PL\P \ PU. It mimics

decision analytic approaches that attempt to identify climate policy as robust

against vague probabilities (Borsuk and Tomassini 2005; Brock and Xepapadeas

2003; Hall et al. 2012; Lempert et al. 1996, 2003; McInerney et al. 2012), as it

helps DMs to identify actions that dominate, or are dominated by, others and to

form impressions about relative advantages of the various actions, i.e., the subset

of the [PL, PU] range where Ai is the best, worst, etc.

Our experiments were designed to test directly four hypotheses. In addition, we

use the data collected in the various studies to test a fifth hypothesis about the nature

of the decisions models used by the DMs. Based on the vagueness aversion

hypothesis, we hypothesize:

H1: DMs will display systematic preferences for the ‘‘safest’’ action. We

predict that this tendency will increase as a function of (a) the degree of

vagueness and (b) the overall probability of the undesirable outcome (as

operationalized by the midrange of the feasible probabilities).

We hypothesize that the attitude to vagueness (and the pattern of revealed

preferences) will be sensitive to the mode of presentation underlying the various

decision aids. In particular,

H2: Access to the decision aids will reduce the level of choice of the safe

action, and will favor more risky actions.

A more specific prediction relates the nature of the decision aid to the principle

used to make the eventual choice. Consistent with literature on input–output

compatibility (e.g., Shafir 1995) we predict,

H3: Access to the various decision aids will trigger different cognitive

processes and can cause people to favor different actions. We predict that the

Summary aid will cause people to focus on the integrated mean value and

induce preferences for actions with higher expected values (under the
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probability distributions studied). On the other hand, exposure to the Display

aid will cause DMs to favor the actions that are perceived as superior for a

large portion of the relevant probability range.

Salvadori et al. (2001) define subjective confidence as the strength of belief in the

goodness, accuracy, and appropriateness of one’s judgments and/or decisions and,

as such, it is an indicator of one’s commitment to and willingness to act upon them

(e.g., Budescu and Rantilla 2000). This leads to,

H4: Confidence in one’s decisions will be higher (lower) in more precise

(vaguer) cases, and access to the decisions aids will boost the DMs’ level of

confidence in their decisions.

Probably the most interesting problem from a behavioral decision theoretical

point of view is what decision process is adopted by the DMs facing these decisions.

This is a particularly intriguing question since the standard taxonomy of decision

models (e.g., French 1986; Luce and Raiffa 1954) distinguishes between, and offers

multiple models for, decisions under ignorance (probabilities unknown) and

decisions under risk (probabilities known or estimable), but there are no

prescriptions for decisions under vagueness with partially known probabilities. In

fact, there is no uniformly accepted normative solution to the problem of decision

with imprecise probabilities (e.g., Etner et al. 2012; Manski 2010; Troffaes 2007).

Recently, this question was raised in the context of climate change (see Kunreuther

et al. 2013). Our experiments provide a unique opportunity to determine how DMs

perceive such problems and test which class of models best fit decisions in this grey

area. We hypothesize,

H5: In the presence of irreducible vagueness decisions will reveal inter-

individual differences, with some people acting in line with models of

decisions under ignorance (ignoring probabilities) and others imputing

estimates of the probabilities and acting in line with a Subjective Expected

Value (SEV) model. As the level of vagueness increases, the rate of reliance

on the SEV will decrease.

1.4 The experimental task

The following task that was designed to test these hypotheses about the effects of

aids on decisions with imprecise probabilities was used in three experiments,

subject to appropriate changes in its parameters. Although our design is

motivated by decisions in the context of climate change we test these two

prototypical decision aids in a context-free setting to reduce the impact of

potential biases related to beliefs and ideological stances with regard to climate

change.

The DM is presented with an urn with 100 balls. A fraction of these balls,

P (0 \ P \ 1), is red; the rest are white. The DM does not know the exact value of

P, but knows its lower and upper bounds (PL and PU, respectively). The DM is

endowed with $e and has to choose between the following actions:
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• Action A1: The DM draws two balls with replacement. If at least one ball is

white the DM keeps the $e; if both are red the DM surrenders $e and is left

with 0.4

• Action A2: The DM surrenders $f (where 0 \ f \ e) and keeps the remaining

$(e - f). No draws from the urn take place.

• Action A3: The DM surrenders a small amount $y (0 \ y \ f \ e) and draws two

balls with replacement. If at least one ball is white the DM keeps the remaining

$(e – y). If both balls are red the DM can draw a third ball from the urn. If it is

white the DM keeps the remaining $(e - y). If the third ball is also red, the DM

loses another $z (z \ (e - y)) and keeps the remaining $(e - y – z).

Figure 1 presents the decision trees corresponding to the three actions. For any

fixed P in the (PL, PU) range the expected value of these actions is given by:

EV A1ð Þ ¼ $e 1� P2ð Þ; EVðA2Þ ¼ $ e� fð Þ; and EVðA3Þ ¼ $ e� yð Þ � zP3. Note

that the Figure and its parameterization reflect the objective structure of the

problem and its normative analysis, and not its subjective representation (which

may involve non-linear transformations to the values) by the various DMs.

The game was designed such that the expected payoffs for the uncertain actions

(A1 and A3) are non-linear in the (imprecise) probability of choosing a red ball, P, to

accentuate any sensitivity to potentially large and poorly characterized risks. In this

sense the game’s design represents a simplified and abstract instantiation of the

abrupt climate change policy problem. Action A1 corresponds to a ‘‘Business as

Usual’’ strategy that imposes no costs for reducing greenhouse gas emissions but

risks substantial adverse impacts from climate change. If one knew P, this would be

a typical risky choice. The safe action, A2, corresponds to an aggressive reduction of

emissions that would greatly reduce the risk of such adverse impacts. Action A3

represents an intermediate alternative with reduced risk through an action that

resembles purchasing insurance. Also, consistent with any analysis of the climate

change problem the outcomes are negative, i.e., departures from the status quo in

the undesirable direction.

2 Experiment 1: access to decision aids affects decisions

This first experiment compares choices among the three actions either with one of

the decision aids (Summary, Display) or without a decision aid.

2.1 Method

2.1.1 Participants

Eighty students at the University of Illinois at Urbana-Champaign (35 men, 43

women, 2 information missing) were recruited by posting advertisements on campus

4 Some researchers let the subjects select the winning/losing color in the urns. Given the context and the

association of Red with potentially undesirable and dangerous outcomes we decided to make red the

losing color for all participants. This choice should have no impact on our experimental manipulations.
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and electronic bulletin boards regarding a decision experiment offering the

possibility of earning cash prizes.

2.1.2 Design and procedure

Participants were randomly assigned to one of six groups defined by crossing 3

decision aids with the possibility of purchasing information. The three decision aids

are labeled Display, Summary and Control. In the Control group participants did not

have access to any decision aid. In the Display group subjects saw a graphical

display of the expected payoffs for each action across the entire range of

probabilities for drawing a red ball. The graph displayed curves of the computed EV

for all actions across all the relevant values of P. If subjects purchased information,

only the restricted range was displayed (see Figure 2). In the Summary condition the

subjects saw an interactive calculator that computed the expected values for each

action. It allowed participants to input a distribution over the vague probability

range to place more (or less) weight on different probabilities in the range. The

default was a uniform distribution over [PL, PU], but subjects could specify as many

as three additional distributions over the range (or the narrower range, if information

was purchased), and the program re-calculated the expected value for each

distribution (see Fig. 3). The relevant probability range was divided into intervals of

length 0.1 (e.g., 0–0.1, 0.1–0.2, etc.). The second factor was the option of

purchasing information to reduce the range of possible values of P before choosing

an action. For a fixed amount $c \ $e the DM could reduce the upper bound, PU, by

0.20. This information purchase reflects the option of investing in research to reduce

the imprecision associated with the likelihood of climate change.

Participants were run individually in a laboratory. The experimental materials

were composed of (a) 18 opaque urns that represented independent choices, (b) two

clear bins that that held large quantities of white and red balls, and (c) a computer.

The 18 opaque urns were prepared prior to the participant’s arrival to the lab by

partially filling each urn with balls in a composition unknown (and not visible) to

the participants.

Each participant was provided with instructions and a consent form. Participants

made 18 independent sets of decisions (one for each of the opaque urns). For each

one, the experimenter described to the participant the parameters of the urn and the

actions using neutral labels (A, B, C) to avoid any connotations associated with

Fig. 1 Decision trees for the
three actions available to the
DMs
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value laden terms (risk, insurance, uncertainty, etc.). Depending on condition, if the

subject decided to purchase information the experimenter took 20 white balls from

the urn, showed them to the subject, and replaced them in the urn prior to adding the

extra balls.5 Participants were then instructed to fill the urn by adding white and red

balls from the two transparent bins so that there was a total of 100 balls in the urn. In

all conditions participants knew how many balls they added so that they could infer

the bounds of the probability of drawing a red ball.

For example, to implement the case where P is between 0.3 and 0.7, the subjects

were told that there were already 40 red and white balls in the urn and the outcomes

associated with the various actions. The participant then counted and added 30

white and 30 red balls so that the urn had exactly 100 balls. Participants who did not

purchase information knew that the number of red balls was at least 30, and at most

70. Information purchase allowed the participant to infer that the number of red

balls in the urn was at least 30 and at most 50 after seeing that there were at least 20

white marbles in the urn.

Next, the participant and the experimenter turned to the computer and the

participant keyed in all the parameters (e, f, c, y, z, PL, PU). In our example,

5 Participants were told that they could see up to 20 white marbles from the urn, and if there were less

than 20, the experimenter would pull out all the white marbles. Participants were not aware that there

would be at least 20 white marbles in each urn.

Fig. 2 Screen for the display condition
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participants would enter e, f, c, y, z and PL (red) = 0.30 and PU (red) = 0.70 (those

who purchased information keyed in PL (red) = 0.30 and PU (red) = 0.50). Each

parameter was double checked by experimenter to ensure that the participant

understood the problem scenario.

Finally, the subjects consulted their aids (depending on condition), rated the

attractiveness of each action on a 1–7 scale, selected one of the actions, and rated

their confidence in the choice (using a 1–7 scale ranging from Not at all confident to

Extremely confident).

We fixed three parameters across all 18 urns: the endowment e was set at $10; the

voluntary fine for the safe action f was set at $4; and the cost of vagueness reduction

information was fixed at c = $2. We manipulated the parameters of action A3, the

cost of ‘‘insurance’’ y and the additional loss z, using two pairs of values with a

constant sum: (y = $2, z = $5) and (y = $3, z = $4). Table A1 in the Appendix

shows the nine ranges of vague probabilities. The table’s entries show the

probability’s lower and upper bounds and display the nine cases as a function of the

range and midrange of the intervals they define.

To recapitulate, we ran six groups of subjects defined by crossing (a) the

possibility of purchasing information and (b) one of three decision aids. Each

subject judged 18 urns defined by crossing: (a) 9 levels of vagueness and (b) two

Fig. 3 Screen for the summary condition
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pairs of (y, z). The dependent variables of interested were ratings of each action, the

action chosen (A1, A2 or A3), and confidence in one’s choice.

One of two urns with the highest level of imprecision was used on the first trial

(see Appendix). After this first decision was made, if necessary (no balls were

selected when the safe action, A2, was selected), the subject picked two balls with

replacement from the urn (if necessary, they picked a third one when the reduced

risk action, A3, was selected) and the earnings were determined and recorded. After

the first choice was completed, the process (with the exception of the actual draws

from the urn) was repeated for each of the remaining 17 urns and the experimenter

recorded the subjects’ ratings and choices. The order of presentation varied as

participants were allowed to choose the next urn.

Participants were paid based on their outcome of 3 of the 18 urns: Trial one and

two additional ones that were randomly chosen and played according to the

participant’s recorded choice at the end of the session. The experiment lasted about

one hour and subjects earned between $8 and $30. The mean payoff was $21

(median = $20, SD = $5.3).

2.2 Results

Various sections of our analysis use different dependent variables. The main

analysis relies on the normalized ratings associated with each of the three actions,

but in some cases we give up the detailed information of these ratings and simply

focus on the action chosen by the DM (A1, A2 or A3). The test of H4 is based on the

DM’s reported confidence levels.

Half the subjects were offered the possibility to purchase information to reduce

the vagueness, but they took advantage of this option on only 18 % of the cases

(24 % in the Control group, 17 % in the Display, and 15 % in the Summary group).

DMs purchased information more frequently in urns with wider ranges of

probabilities. Given the low rate of information purchase we will not use this

factor in the analysis. In cases where vagueness reducing information was purchased

the choices were analyzed according to the reduced vagueness and midrange. For

example, if the probability in the original urn was between 0.3 and 0.7, and the

subject purchased information, the choice was analyzed as having a probability

between 0.3 and 0.5 and a midrange of 0.4. 6

2.2.1 Analysis of normalized ratings

The normalized ratings are obtained by dividing the raw rating (1–7) by the sum of

all the ratings for a given decision:

Normalized rating Aið Þ ¼ 100� Raw rating Aið Þ=R Raw rating Aið Þ½ �;

6 Information purchase was more desirable under conditions where there was a wider range of

probabilities. No participant purchased information for decision problems with the narrowest range of

probabilities = 0.4. This means that the lowest midrange is 0.3 and the narrowest range is 0.4 for all

analyses regardless of information purchase.
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so they are bounded by 0 and 100. The normalization eliminates differences

between the overall attractiveness of the various decision problems.7 The normal-

ized ratings of the three actions were analyzed by a 4-way MANOVA with one

between-subjects factor (the decision aid), and three within-subjects factors (range

of the probability interval, midrange of the probability interval, and the fines

associated with action A3). The mean normalized ratings of A1, A2, and A3 are

presented in Table 1, as a function of each of these factors.

Overall, the DMs in the Control group rated the safe action (A2) as the most

attractive and action A1 as the least attractive, but the rankings of the actions were

reversed with decision aids. Indeed, we found significant differences between the

three decision aids (F(4,152) = 4.27; P \ 0.05).8 Post-hoc tests (Tukey HSD)

confirmed that both decision aids generated ratings that differed significantly from

the Control, but the difference between Summary and Display was not significant.

The mean ratings documented several clear empirical regularities in response to the

parameters of the decisions: as the range and midrange of the probability increase

(making the situation vaguer and less desirable) the safe action (A2) was rated higher

in all groups. On the other hand, as the range and midrange of the probability

interval decrease (making the situation more precise and less aversive) the Action

A1 became more attractive in all groups. These effects of the range and midrange

were additive. Indeed, the most conservative pattern of ratings was obtained in the

combination range = 0.80 and midrange = 0.60 [mean rating (A1) = 25, mean

rating (A2) = 42]. Conversely, the pattern of ratings that was most favorable to

Action A1 was observed when range = 0.40 and midrange = 0.30 [mean rating

(A1) = 43, mean rating (A2) = 25]. As the fine associated with A3 increases (y = 3

versus y = 2) this action was rated as less attractive. All three factors were

significant: range of probabilities (F(6,446) = 8.19; P \ 0.05), Midrange of the

probability intervals (F(6,444) = 26.22; P \ 0.05), and the two fines

(F(2,76) = 11.64; P \ 0.05). The only significant interaction we found was the

3-way interaction between the range of the probabilities, their midrange, and the

fines (F(4,240) = 2.93; P \ 0.05). The interaction did not involve any cross-over and

merely reflects slightly different rates of change in the various cases.

2.2.2 Additional analysis of choices

The MANOVA of normalized ratings reported in the previous section showed that

the subjects in the Control group were most vagueness-averse, and that subjects in

all groups were sensitive to the range and midrange of the probability intervals. This

pattern was also reflected in the modal choices in the 18 cases; Action A1 is the

favorite in cases with low midranges and narrow ranges, and the safe action (A2) is

favored in cases with high midranges and wide intervals. However, we did not find

7 The overall attractiveness of the various problems decreased monotonically as a function of the

midrange of the probabilities—from a mean attractiveness of 11.6 for cases with the highest midrange of

0.60, to a mean attractiveness of 13.5 for the cases with the lowest midrange of 0.30. This difference is

statistically significant (F(3,223) = 18.69; P \ 0.05)
8 The F values reported in the text are those associated with Wilks’ K.
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significant interactions between the decision aids and these features of the vague

probabilities.

To address this issue that is relevant to H3, we re-analyzed the data after

combining the results of the two groups with decision aids (Summary and Display)

and pooling actions A1 and A3. In this analysis we focus on the choices of the best

action (rather than the ratings) to facilitate comparison across the various

conditions. Figures 4 and 5 display the rate of choices of the safe action by DMs

with, and without, access to decision aids, separately for each of the four

distribution ranges (in Fig. 4), and for each of the four midranges (in Fig. 5). The

figures highlight two patterns: (1) choice of the safe option increases monotonically

as a function of the range and midrange of the vague interval and (2) this effect is

reduced in the presence of decision aids. For each of these subsets we calculated the

Odds Ratio (OR) of the 2 (Presence or absence of aid) 9 2 (action) table. All ORs

are greater than 1 and 6 (out of 8) are significant (P \ 0.05) indicating a higher

tendency to select the safe action in the absence of decision aids. The overall OR

(across all cases) is 1.64 (v2(1) = 16.06, P \ 0.05).

Table 1 Mean normalized ratings (and SDs) as a function of the decision aid, features of the probability

interval and fines (Experiment 1)

Classification Action

A1 A2 A3

Decision aid

Control 31 (12.6) 35 (13.4) 34 (9.1)

Display 37 (13.0) 31 (9.9) 32 (8.9)

Summary 38 (10.6) 29 (11.1) 34 (7.7)

Range

40 41 (10.5) 26 (9.1) 33 (8.5)

60 37 (11.6) 29 (10.2) 34 (8.6)

80 39 (12.6) 36 (12.6) 34 (8.7)

100 30 (12.0) 38 (12.9) 33 (8.7)

Mid-range

30 42 (10.9) 25 (8.8) 33 (8.9)

40 37 (11.5) 30 (10.2) 34 (8.3)

50 31 (11.7) 35 (11.9) 34 (8.8)

60 35 (10.9) 42 (13.0) 34 (8.7)

Fines for A3

(2,5) 35 (12.1) 31 (12.1) 35 (8.6)

(3,4) 36 (12.9) 32 (11.6) 32 (8.5)

Overall 35 31 33

All numbers rounded to the nearest integer. Entries in each row add to 100. The highest rated action in

each row in bold face; lowest ranked in italics

Parameters e = $10, f = $4
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2.2.3 Analysis of confidence ratings

We submitted the DMs’ subjective confidence ratings to a 4-way ANOVA with one

between-subjects factor (the decision aid), and three within-subjects factors (range

Fig. 4 Proportion of choices of the safe action as a function of the range of probabilities

Fig. 5 Proportion of choices of the safe action as a function of the midrange of the probabilities
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of the probability interval, midrange of the probability interval; the fines associated

with action A3). The mean confidence was 4.75 and there were significant

differences between the four ranges of probabilities (ranging from 4.6 to 5.1)

(F(3,224) = 9.49; P \ 0.05), and the midranges of the four probability intervals

(ranging from 4.7 to 5.1) (F(3,223) = 13.84; P \ 0.05). The DMs’ confidence

increases as the range and midrange of the probability interval decrease, i.e., when

the information is more precise and less aversive. However, there were no

differences between the groups with the various decision aids.

2.3 Summary and discussion

The results support most of our hypotheses. Consistent with H1, which was derived

from the vagueness avoidance hypothesis, we found considerable support for the

safe action—it was the highest rated action, and the modal choice, in the Control

group as well as in many cases (e.g., highest levels of vagueness and highest

midranges) across all groups. These include decision problems where the other

actions offer superior outcomes. If, for example, one assumes a uniform distribution

over the [PL, PU] range in each urn (see Fox and Rottensterich 2003; Seale et al.

1995) A2 has the highest expected value in only one case (range = 0.8,

midrange = 0.6, y = $3), yet it was the modal choice for 7 of the 18 urns!

Confirming our prediction (and the vagueness avoidance hypothesis) the

tendency to choose the safe action increased monotonically in the range of the

probability interval and its midrange (replicating Kramer and Budescu 2005). When

DMs moved away from the safe action, the beneficiary was, typically, action, A1.

The attractiveness of, and the tendency to choose, this action increased monoton-

ically as we reduced the range and the midrange of the probability interval. The

support for the intermediate action, A3, was relatively stable across all conditions.

The tendency to choose the ‘‘riskier’’ actions, A1 and A3, was considerably higher

when the DM had access to either decision aid, confirming H2, but we did not detect

differences between the two aids. H4 predicted that the DM’s confidence ratings

would, essentially, mimic their attitude to vagueness. This prediction was supported

only partially: Confidence was, indeed, higher as the range and midrange of the

probability interval was reduced (those cases that caused people to choose the

riskier action). Contrary to our expectations, confidence was not affected by the

presence of decision aids although, interestingly, in the Control group confidence

was highest when choosing the safe action, A2, whereas in the presence of the

decision aids the confidence peaked when the action, A1, was chosen.

A somewhat surprising result was the low rate of information purchase. Subjects

used this option in a reasonable fashion (i.e., more often in the absence of decision

aids, and for high levels of vagueness). This observation invalidates the possibility

that they did not understand this option, or the procedure. In retrospect, it appears

that this result is due to the overpricing of the information.

One intriguing result of the first study is that the differences between the two

decision aids (predicted by H3) were not fully confirmed—the results of the DMs

who were exposed to Summary and Display were highly similar in most respects.

The next two studies investigate further the two aids.
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3 Experiment 2: subjects prefer the Display over the Summary aid

We compared the subjects’ performance with two distinct aids that differ along

several dimensions: They use different formats (numerical in Summary versus

graphical in Display), vary with respect to the nature of the user interface with the

aid and the ability to Control it, and one (Summary) offers a clear prescription for

action, while the other (Display) does not. Thus, one cannot attribute differences

between the two conditions to a single attribute that can be easily controlled or

manipulated. The two aids were selected to be best representations of diametrically

opposed approaches to imprecision—one seeks to minimize and (almost suppress) it

and the other highlights its effects. Interestingly, the first experiment revealed little

difference in subjects’ choices using the Summary and Display aids. This second

experiment goes beyond the subjects’ choices and aims to determine whether DMs

prefer using one of the two aids.

To this end we first exposed the DMs to both decision aids and subsequently

offered them an opportunity to choose one of them for additional problems. Recall

that the expected value calculator (Summary) rank orders the actions contingent on

the hypothetical probability distributions over the [PL, PU] range, specified by the

DM. The major advantage of the Summary aid is that it offers an unambiguous

prescription for choice. Its major disadvantage is that it asks DMs to specify

probability distribution(s) over [PL, PU] when there exists little information and

little reason to depart from an ignorance prior. The Display aid highlights the

imprecision. The major advantages of this aid are that (a) it does not require

additional input from the DM and (b) it illuminates the ranking of the actions over

the full range of imprecise probability [PL, PU]. In terms of Sanfey and Hastie’s

(1998) analysis it can be argued that Display is more similar to (and compatible)

with the nature of the data. Its major disadvantage is that it does not offer an

unambiguous prescription for choice. We predict that the salience of the imprecision

and the ease of use will dominate, and the subjects will reveal a general preference

for Display over Summary.

3.1 Method

3.1.1 Participants

Thirty-two students at the University of Illinois at Urbana-Champaign (7 men, 25

women) were recruited using the same procedure as Experiment 1.

3.1.2 Design

The dependent variables of interest were choice of decision aid and consistency in

repeated decisions. Subjects were randomly assigned to one of four groups defined

by crossing the order of presentation of the aids and the sets of urns. After subjects

were exposed to both decision aids, they were allowed to choose which aid to use

for each of the final nine trials. Each subject made decisions regarding 15 total urns.
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In all cases we fixed the endowment parameter, e, at $20. We manipulated the

parameters for actions A2 and A3.

To summarize, we ran four groups defined by counterbalancing (a) the first two

urn sets and (b) the decision aids. Each subject judged 15 urns (with 6 urns

repeated).

3.1.3 Procedure

The procedure was similar to Experiment 1 in most respects. There were 15 opaque

urns that were divided into three different sets. The first two sets consisted of three

urns each. They were matched in terms of the probability intervals and the

($y ? $z) values. The third set consisted of nine urns (duplicates of the original six

and three new ones). Each participant was exposed to all 15 urns but in different

orders and with different aids. The parameters of the urns used are listed in Table

A2 in the Appendix. Each subject used one of the decision aids (Display or

Summary) for the first set and the other decision aid (Summary or Display,

respectively) for the second set. The final set of nine urns offered the subject the

option of choosing one of the decisions aids on each trial. Within each set the order

of presentation of the urns was randomized.

Participants were informed that one of the 15 urns would be selected to determine

their final payoff and advised to make decisions for each urn as if they were going to

play the gamble for cash. DMs were informed about the contents of the urn (PL and

PU), and the monetary parameters (e, f, y, and z) associated with the various actions

(A1, A2, and A3) for each urn (the option to purchase information was excluded in

this study). Then, they turned to the computer and keyed in the parameters to use the

decision aid depending on the condition in which they were. After consulting their

aids the participants rated the attractiveness of each action on a 7-point scale,

selected one of the actions, and rated their confidence in the choice (using a 7-point

scale).

After all decisions were made, one of the urns from the third group was selected

at random and played depending on the action the subject picked for that urn.

Finally, subjects were paid and dismissed. The experiment lasted about one hour

and subjects earned between $8 and $20. The mean payoff was $13.80

(median = $13, SD = $4.18).

3.2 Results

3.2.1 Preferences for decision aids

We focus on the last group of urns where the subjects could choose an aid on nine

separate occasions. The overwhelming majority of these choices (75 %) favored the

Display aid. This preference for the Display was observed for a majority of

individual judges: 23 of them (72 %) select the Display at least 8 times (out of 9),

and only 5 people (16 %) have a 4/5 or 5/4 split indicating relative indifference

between the two aids.
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3.2.2 Consistency of repeated decisions

Recall that six decisions were repeated (once with a prescribed aid and once with

the aid chosen by the DM). Table 2 cross-classifies the repeated choices for these 6

urns across all 32 subjects. The overall level of agreement between the two

replications (i.e., the entries along the diagonal) is 48 %, and the corresponding

Cohen’s j is 0.18. This level may appear low but it is consistent with other studies

(e.g., Loomes et al. 2010; Por and Budescu 2013). The level of agreement was,

practically, identical in the 98 cases where subjects used the same aid twice and in

the 94 cases where they switched on the second presentation. Not surprisingly, the

highest level of consistency of choice was found (in the small number of cases)

when DMs used the Summary twice, because this aid offers an unequivocal

prescription for action (which was almost always followed).

3.3 Summary and discussion

The two decision aids differ along several dimensions such as their format and the

nature of the user interface with the aid. The results indicate a strong preference for

the Display aid, as predicted. This preference suggests that the simplicity of the aid,

its completeness, and the fact that it does not call for any input from the DM were

sufficient to overcome what can be seen as its major drawback, namely the lack of

an explicit and unambiguous recommendation for action. This suggests that,

contrary to the ‘‘common wisdom,’’ DMs do not necessarily prefer precision (see

also Du et al. 2011 for similar results in a financial context).

Given that we used a subset of the same problems twice we were in a position to

test the consistency of the choices (and ratings) across replications. Overall, subjects

achieved a respectable, but not exceptional, level of consistency that was equal for

those who used the same aid twice and for those who switched highlighting, again,

the similarity between the two aids demonstrated in the previous experiment.

4 Experiment 3: the nature of the decision aid influences the ranking of actions

We hypothesized (H3) that exposure to the Summary aid would induce preferences

for the actions with higher expected values, assuming a non-informative prior

distribution over the probability interval [PL, PU], while exposure to the Display aid

Table 2 Cross-classification of choices in the repeated urns (Experiment 2)

Original choice Second (optional aid) choice Total

A1 A2 A3

A1 11 18 22 51 (26 %)

A2 9 54 19 82 (43 %)

A3 7 26 26 59 (31 %)

Total 27 (14 %) 98 (51 %) 67 (35 %) 192
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will cause DMs to favor the actions that are best over the largest segment of the

relevant probability range, but the first experiment did not support this hypothesis.

This study is an additional effort to test this prediction with a different set of

problems designed to highlight the differences between the two. Decision

parameters were chosen so that different actions would be the best when using

the expected value and the interval of dominance criteria. We expect that DMs

would choose in line with the approach to vagueness emphasized by the two aids:

DMs using the Summary (which calculates EVs) would prefer the action with the

best expected value, while DMs with access to the Display (which shows the

relations between the various actions across all probabilities) would favor the action

that is superior to the others in a majority of cases (i.e., for most values of P in the

relevant range). More specifically, we expect that among those DMs using the

Display action A1 (A3) would be rated highest (lowest), with A2 in between.

Conversely, for the DMs using the Summary, the prediction is that action A3 (A1)

would be rated highest (lowest), with A2 in between.

4.1 Method

4.1.1 Participants

Thirty-nine students at the University of Illinois at Urbana-Champaign (16 men, 23

women) were recruited using the same procedure as in the other studies.

4.1.2 Design

Participants were randomly assigned to one of three experimental conditions

(Display, Summary, and Control). For all 12 urns we fixed the endowment

parameter, e, at $20. The voluntary fine for the safe action took two values (f = $8

or $10). We also manipulated the parameters of action A3. We used several pairs of

values for the cost of insurance (y), and the additional loss (z), and three different

levels of vagueness. The parameters for all 12 cases are displayed in the Appendix.

In all 12 cases examined, EV(A3) [ EV(A2) [ EV(A1), but Top(A3) \ Top(A2)

\ Top(A1), where Top(Ai) is the percent of the range for which Ai has the highest

EV.

To summarize, the experiment consisted of three groups of participants defined

by the different decision aids. Each subject judged 12 urns defined by (a) three

levels of vagueness (b) two levels of safe fines, f, and (c) 12 different pairs of y and z.

4.1.3 Procedure

Subjects were run individually. Upon arrival to the laboratory they were randomly

assigned to one of the experimental conditions, were handed the relevant

instructions, signed the informed consent form, and proceeded to make 12

independent decisions regarding urns filled with colored balls.

The procedure and decision tasks were identical in most respects to Experiment

1. For each of the 12 urns the subjects keyed in the parameters of the decision task
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(PL, PU, e, f, y, z), consulted their aids, and then rated the attractiveness of each

action on a 7-point scale, selected one of the actions, and rated their confidence

using a 7-point scale.

The earnings were determined using one urn chosen (at random) at the

conclusion of the study. The participants’ recorded choice determined the

appropriate random draws from the urn. The experiment lasted about one hour.

Subjects earned between $8 and $20. The mean payoff was $12.50 (median = $10,

SD = $4.4).

4.2 Results

Some of the urns used in Experiment 2 are identical to some of the urns used in the

present study (see Table A2 in the Appendix). To increase the power of our analysis

we used these data as well.9 More specifically, we complemented the results of the

39 subjects in Study 3, with all the choices made by the 32 subjects in Study 2 for

the same urns, in the first stage (i.e., in the first 3 trials of the study before the

subjects were exposed to other decision aids).

4.2.1 Analysis of ratings in the presence of decision aids

The safe action, A2, was rated the highest at the group level, and is also the modal

individual pattern (around 40 % of DMs), confirming, again the vagueness

avoidance hypothesis. We predicted that action A1 (A3) will be rated higher

(lower), by those using the Display (Summary) aid and, conversely, we expected

those using Summary (Display) to rate A3 (A1) higher (lower). Table 3 shows how

often A1 was rated higher (lower) than A3 in the presence of the two decision aids

(cases with tied rankings are excluded). There are more cases where A3 is rated

higher than A1, overall (71 %) and in each condition. However, the balance of cases

rating A1 higher or lower than A3 is in line with our prediction: In the Display

condition A1 is rated as more attractive in 60/162 = 0.37 instances, whereas in

Summary the rate is 37/170 = 0.22. The difference is statistically significant

(v2
ð1Þ ¼ 9:36, P \ 0.05).

Finally, we calculated the difference between the mean (normalized) ratings of

A1 and A3 for the various decision problems and regressed this difference (a proxy

for the strength of preference for the risky action) on the various features of the

decision problems and a binary variable indicating which decision aid (Summary or

Display) was used. This binary variable was the single best predictor of the

difference (r = 0.41; t(24) = 2.41, P \ 0.05). Overall, the regression achieved a

good fit (R2
ðadjÞ = 0.45; F(5,20) = 5.02, P \ 0.05). Dominance analysis (Azen and

Budescu 2003) shows that the nature of the decision aid accounts for 31 % of this

fit, making it the second most important predictor (it is surpassed only by $y, the

cost of insurance associated with A3, that accounts for 32 % of the variance).

9 The two studies were ran only a few weeks apart in the same lab, by the same research assistants, and

the subjects were recruited from the same population using identical procedures.
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4.3 Summary and discussion

We predicted a systematic relationship between the nature of the decision aid and

the DM’s choices: We expected exposure to the Summary aid to induce preferences

for the actions with higher expected values, while exposure to the Display aid to

cause DMs to favor the actions that dominated the others for a largest portion of the

relevant probability range. To test this prediction we focused on a subset of cases in

which DMs using the Display aid were expected to rate A1 highest, and A3 lowest

with A2 in between, while those using the Summary were expected to endorse the

opposite rating. In most cases the DMs favored the safe (A2) action, confirming the

vagueness avoidance hypothesis, but not supporting the strong version of our

prediction regarding the two decision aids. Secondary analyses focusing on the

DMs’ ratings of actions A1 and A3 confirmed our hypothesis: Subjects who had

access to different decision aids rated the various actions differently. These subtle

differences are consistent with the predictions of H3.

5 Identifying decision rules for decisions with vague probabilities

In this section we tackle what may be the most interesting problem from a

behavioral decision theoretical point of view, namely identifying what type of

models best describe the DM’s decisions. Since there is no normative model for the

problem of decision with imprecise probabilities (e.g., Etner et al. 2012; Manski

2010; Troffaes 2007), we compared a variety of models proposed for decisions

under ignorance (probabilities unknown) and for decisions under risk (probabilities

known or estimable) (e.g., French 1986; Luce and Raiffa 1954). The question of the

appropriate decision model in the context of climate change was discussed recently

by Kunreuther et al. 2013). The questions we address are (1) which class of models

fits best decisions in this gray area, and (2) how is the fit of the various classes of

models associated with the availability of decision aids. Our hypothesis (H5) is that

we will find groups of DMs that use, primarily, models of decisions under ignorance

that ignore probabilities and others that will act in line with a Subjective Expected

Value (SEV) model with probabilities inferred from the decision.

To keep the comparison fair and relatively simple we avoided any models that

require estimation of individual parameters (e.g., Hurwicz’s optimism–pessimism

criterion). Table 4 lists the nine models we compared. They fit into four

Table 3 Proportion of cases with different patterns of ratings of A1 and A3 as a function of the decision

aid (Experiments 2 and 3)

Display Summary Total

Rating (A1) [ Rating (A3) 60 37 97 (29 %)

Rating (A1) \ Rating (A3) 102 133 235 (71 %)

Total 162 (49 %) 170 (51 %) 332

Indeterminate (tied) cases excluded
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qualitatively distinct classes: The first class involves maximization of the minimal

outcome (maxi–min) and of the maximal outcome (maxi–max) without any

considerations of probabilities. The second class takes a similar approach, but in the

regret metric-minimization10 of the maximal regret (mini–max regret) and of the

minimal regret (mini–min regret), again without any concern for probabilities.

These two classes represent the standard approaches to decisions under ignorance.

The third class involves three versions of a SEV model that vary only in terms of the

(estimate of the) probability they use. They involve probabilities that are

proportional to (a) the lower bound of the range (essentially, disregarding the balls

of unknown color, as if they do not matter), (b) the upper bound of the range

(counting the balls of unknown color twice, as if they provide simultaneous support

to both colors), and (c) the mid-range (assuming a uniform prior over the range).

The last class consists of two methods of finding the action with the highest

expected value across the entire range of probabilities. The first (Laplace) assumes a

uniform prior over the range and computes the posterior expected value, and the

second (Starr) considers an action to be chosen if it has the highest expectation for

the largest fraction of the range of imprecision.

We analyzed 2,346 choices involving 11 distinct probability ranges across all

three experiments.11 Appendix Table A3 shows the decisions being analyzed. We

compared the subjects’ choices with the predictions of the nine models and

evaluated performance by two measures: Pc, the proportion of correct predictions,

and PRE, the Proportional Reduction of Error, which is defined as PRE = [Pc –

E (Pc|Chance)]/[1 - E(Pc|Chance)]. PRE adjusts the observed Pc for the rate of

correct predictions expected by chance alone. In most cases E(Pc|Chance) = 1/3

(since there are three possible actions), but in some instances two actions lead to

identical outcomes, and we set E(Pc|Chance) = 1/2.

Two models dominate the others (see Table 5)—the highly conservative, maxi–

min model that ignores the probabilities altogether and focuses on the worst-case

Table 4 List of decision models being compared and their key characteristics

Model Model Key index Choice criterion

1 Maxi–min Lowest outcome for each action Maximal

2 Maxi–max Highest outcome for each action Maximal

3 Mini–max regret Highest regret for each action Minimal

4 Mini–min regret Lowest regret for each action Minimal

5 P(U) = PU/(1 ? PU - PL) Proportional to the upper bound Maximize EV

6 P(L) = PL/(1 ? PL - PU) Proportion to the lower bound Maximize EV

7 P(M) = (PU ? PL)/2 Mid-range Maximize EV

8 Laplace Expected value for each action Highest EV

9 Starr Expected value for each action Highest EV for most

probabilities

10 Recall that regrets are, by definition, non-positive and the DMs seek to minimize them.
11 We only excluded some of the decisions form Experiment 1 made by subjects who purchased

informations.
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scenario, and a version of SEV that estimates the probability of the target event

using the lower bound of the range, PL. This version of SEV ignores the balls of

unknown colors and is consistent with the notion that the observed balls are a

random sample of all the balls, so one can use them to estimate the total (unknown)

proportion of red balls in the urn.

Both models fit the choices equally well at the aggregate level: each predicts

correctly about half of the choices and jointly they predict about two-thirds of them.

The results hold also at the individual level: 42 % of the subjects are best fit by the

maxi–min model and 29 % are best fit by the SEV with PL, and the average PRE is

the same (0.37) in both subgroups.

The most interesting observation is that the fit of the models is related to the

decision aids used: the conservative maxi–min predicts better than SEV in the

Control group, but the opposite pattern emerges in the presence of either of the

decision aids (Display and Summary) that highlight the probabilities and cause

people to pay more attention to them. In the same spirit, the fit of some of the other

models (not presented in Table 5) is also sensitive to this manipulation. For

example, the Laplace model fits considerably better in the presence of either

decision aid than in the Control group.

Figure 6 presents the performance of the two best models as a function of the

vagueness (the range of probability interval) of the decision problem. The left panel

is based on all the data and the right one is based on the Control group alone. The

figure illustrates clearly that whereas the prediction validity of the maxi–min model

is relatively constant across all cases, the fit of the SEV model is inversely related to

the level of vagueness. In other words, as the level of inherent vagueness in the

decision problem increases, the less likely are DMs to approach the problem as one

of decisions under risk (see also Hey et al. 2010, for a similar pattern).

6 Summary and general discussion

6.1 Summary of the results

We reported results from three experiments designed to study how DMs evaluate

and choose among actions involving imprecise probabilities. If one knew the actual

probability, P, of the undesirable event (two red balls) the actions would be

Table 5 Fit measures of the best two models (individually and jointly) (Experiments 1, 2 and 3)

Proportion of correct predictions (and PRE)

Model Group (decision aid)

Control Display Summary Total

Maxi–Min 51 (26) 49 (23) 46 (19) 48 (22)

Probability = P(L) 44 (17) 51 (27) 53 (29) 50 (25)

Maxi–Min OR probability = P(L) 66 (49) 64 (46) 64 (46) 64 (46)

54 D. V. Budescu et al.

123



described as ‘‘risky’’, ‘‘safe’’, and ‘‘reduced risk’’. In this case, however, all

decisions were made in the presence of irreducible vague probabilities which were

presented in various ways. The probabilities were characterized by specifying their

(sharp) lower and upper bounds. Our design was as ‘‘hands on’’ as possible, as the

subjects literally counted and filled the urns with balls of different colors to assure

that they understood the level of imprecision. The probability ranges and the various

payoffs were selected such that each of the three actions was superior to the other

two for some subset of the relevant range so the DMs had to invoke and apply rules

that trade off the specific outcomes and the vague probabilities. The second goal of

the work was to test the effects of various presentation modes (decision aids) on the

DMs’ responses.

There is a voluminous theoretical and empirical literature on the effects of

vagueness (imprecision) on decisions, but the design of our study is quite unique.

The vast majority of the existing literature that was inspired by Ellsberg’s (1961)

paper has followed his lead by focusing on the direct effect of different sources of

uncertainty (Abdellaoui et al. 2011). Researchers have studied how DMs choose

between options or actions that are identical in all respects but involve different

source functions (i.e., one precise and one imprecise). In a sharp departure from this

tradition, we consider the case of single source function which is, invariably,

imprecise. We study how people evaluate, and choose among, several actions that

are available to them in the presence of (identical) irreducible vague probabilities.

There are cases where one needs to choose between various sources (e.g., choosing

between two advisors who vary in their precision: adviser A forecasts that the

probability of the market gaining X % in the next 6 months is 0.05, while Advisor B

estimates this probability to be between 0.02 and 0.09), but our setup captures the

much more common problem of having to choose one action in an environment

characterized by irreducible imprecision.

More specifically, our thinking was guided by the climate change dilemma:

Given incomplete and imperfect information available, the estimates of the

probability of the effects of climate change are often imprecise. In this context

would DMs choose to do nothing (A1), reduce emissions drastically at a high cost

(A2), or take intermediate (less effective but also less costly) actions? Another

implication of the climate change motivation is that we focused on the domain of

Fig. 6 PRE of the best two models as a function of the level of imprecision
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losses. We realize that there are locations with local circumstances where some may

benefit from the effects of climate change (e.g., it may be easier and cheaper to mine

for, and transport, minerals in Siberia in warmer temperatures), but at the global

level, the consequences of climate change are undesirable and are typically encoded

and treated as losses. There is some experimental evidence that loss aversion may

affect attitudes to, and reaction to, vagueness (Trautmann et al. 2011), but this

observation does not affect our key findings which, as mentioned earlier, apply to

fixed levels of vagueness and are all in the domain of losses. Thus, all the

comparisons between the groups are valid. We do caution, however, against

generalizing these findings to the domain of gains without additional empirical

studies.

The results confirmed most of our predictions: (a) consistent with the vagueness

avoidance hypothesis, the DMs displayed systematic preferences—as measured by

both the normalized ratings and the choices—for the safe action. In some cases this

choice came at a clear premium. The preference for the safe action increased as a

function of the level of vagueness and the probability of the undesirable outcomes.

(b) Decisions were affected by access to decision aids. The aids significantly

increased the DMs’ preference for the riskier actions. Although the choices made in

the presence of the two decision aids were similar in many respects, we found in

Experiment 3 evidence for a subtle interaction between the nature of the decision

aid used and the DMs’ decisions. More specifically, exposure to the expected value

calculator in the Summary aid induced higher preferences for the actions with higher

expected values, and the Display aid caused DMs to favor more actions that were

superior for the largest portion of the relevant range of the probabilities, confirming

that the salience of the entire range of probabilities affected the way the problem

was processed (Fiedler and Unkelbach 2011; Kleinmuntz and Schkade 1993; Sanfey

and Hastie 1998). This can also be associated, at least in part, with the level of

compatibility between the decision aids and the decision (e.g., the EV calculator

inducing the choice of the action with the highest EV).

In the second experiment the DMs were exposed to both aids and were allowed to

choose the one they preferred. A clear majority expressed a preference for the

Display aid which shows the expected values of all actions for all probabilities and

explicitly identifies the regions where each of the actions is superior. This

preference is quite striking since, unlike the Summary, the Display does not provide

a direct guide to action and does not resolve the vagueness (if anything, it highlights

it). As such, it flies in the face of the common wisdom, based in part on Ellsberg’s

paradox, that DMs always prefer precise information. The recent paper by Du et al.

(2011) showed a similar pattern in the DMs’ preferences for vague forecasts over

more precise ones when evaluating financial forecasts. Du et al. (2011) found that

the vague forecasts were perceived as more informative, reliable, and credible.

More importantly, they showed that DMs have clear expectations about the level of

precisions that make sense in various domains (e.g., high precision in medicine and

lower in financial and political forecasts) and they seem to favor forecasts whose

precision is congruent with their expectations.

We analyzed almost 2,500 choices made in the three experiments to evaluate

whether decisions under vagueness—so prevalent in real life (e.g., medical,
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environmental, political, and insurance decisions)—are best modeled by rules

developed for decisions under ignorance or those for decisions under risk. We

found that DMs are as puzzled by these choices as decision theorists and do not

favor one class of models consistently. We found support for the conservative

maxi–min criterion that ignores probabilities but, interestingly, a version of SEV

with probabilities inferred from the partial information available (the visible balls)

also performed well, especially for lower levels of vagueness, suggesting that these

cases are perceived as closer to classical decisions under risk. The fact that the best

fitting models for the DMs’ choices also varied as a function of the decision aids

lends further support to our claim about the DMs’ sensitivity to the presentation

format.

6.2 Some implications of the results

One major motivation of this work is to contribute to ongoing discussions about

how to best characterize and present scientific and economic information for policy

makers addressing climate change and other policy areas where probabilistic

information is irreducibly imprecise. We conclude with some insights that our work

might offer towards these questions.

We found decision aids made a significant difference in subjects’ choices.

Without such aids, subjects were far more likely to choose the safe action, but with

them subjects exhibited greater willingness to trade-off imprecision and risks.

Subjects displayed a stronger inclination towards actions that accept increased risks

in return for potentially larger gains. This effect varied across the levels of

vagueness suggesting that the more vague the underlying information, the greater

the impact well-crafted, formal decision aids may have on the willingness of policy

makers to take a more nuanced view of the best balance among the risks they face.

Our two aids represent different views about the appropriate presentation of

information about irreducible uncertainty to decision-makers. The Summary aid

focused on comparing expected values of alternative decisions contingent on best-

estimates of the imprecise probability distributions while the Display aid compares

the performance of options over the entire range of plausible probabilities. Exposure

to the graphical displays caused more subjects to favor the action that was perceived

as superior for larger portions of the probability range, compared with subjects who

had access to an expected value calculator. This supports the thesis of Kleinmuntz

and Schkade (1993) that various presentation modes can trigger different decision

processes, and Sanfey and Hastie’s (1998) observation that such triggering occurs

though highlighting, or increasing the salience of, various aspects of the

information. These two results—that alternative aids highlight alternative attributes

of a decision and that aids which summarize the entire range of plausible

probabilities can affect (albeit slightly in our experiments) the decision rules used—

illustrate how the design of decision aids may affect the risks on which users focus

and the level of risk they accept. When presenting forecasts to decision makers, it is

important to convey the level of (im)precision that warranted by the evidence used

to generate those forecasts (e.g., Budescu and Wallsten 1987). Analogously, our

results suggest that future research might usefully examine proper design principles
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for decision aids in situations with significant imprecision and potentially different

views on the most appropriate ways to balance among various risks.

When offered a choice between the two displays, most participants opted for the

visual display that presents the performance of the various actions for all

probabilities. Although the precise source of the preference is not fully explained,

this pattern supports Sanfey and Hastie’s (1998) claims that the key factors are the

salience/prominence of the information and the similarity/compatibility between the

nature of the data and the displays. Our findings also support Du et al. (2011)

emphasis on the congruence between the underlying nature and sources of

uncertainty and its communication, and are also consistent with the effort-accuracy

tradeoff underlying the ‘‘adaptive DM’’ view (e.g., Payne et al. 1993). The Display

involves minimal input and effort on the part of the DM and, because of its

completeness, it also conveys the impression of allowing one to achieve maximal

accuracy. On the other hand, the Summary calls for active involvement (and a higher

effort) on the part of the DM, in the form of specification of the basic distribution(s) to

be considered. And, unless one is highly confident that he/she has specified the right

distribution(s), there will always be lingering doubts about the accuracy of the

prescriptions. In terms of the recent analysis of Abdellaoui et al. (2011) one could

also speculate that various presentation modes encourage people to analyze the

problem differently in terms of the sources of uncertainty.

Our results also have implications for ongoing debates on the appropriate

decision criteria to use in climate policy analyses. While most such analyses employ

an expected utility or cost effectiveness criterion [America’s Climate Choices

(Liverman and Raven 2010)], the debate regarding the most appropriate criteria for

comparing alternative policies is not settled in the literature (Hof et al. 2010;

Kunreuther et al. 2013). Some studies have investigated the benefits of the mini–

max regret decision criteria for abatement decisions because it only requires

estimates of worst case outcomes (Froyn 2005; Hof et al. 2010; Loulou and Kanudia

1999; Van den Bergh, 2004). Other studies examine various robustness criteria

(Dessai and Hulme 2007; Wilby and Dessai 2010; Brown 2011; Reeder and Ranger

2011; Hall et al. 2012), some of which balance between mini–max regret and

expected utility (Lempert and Collins 2007). Many of these studies aim to supply

trade-off curves and other information that may aid in decision making, rather than

suggest specific choices that should be made.

The choice of decision criteria in climate policy analysis depends on many

factors, but it is nonetheless useful to understand the types of criteria decision

makers might actually use when faced with various types of uncertainty. While they

lack much of the specific context of actual policy decisions, our studies can provide

insight into such questions because their decision problems do mimic some of the

same tradeoffs faced by policy makers employing economic cost–benefit analysis to

make decisions about carbon abatement (Lange and Treich 2008). Our results

suggest that it is the most conservative maxi–min, rather than the mini–max regret

criterion, that accounts for individual choice when faced with deep uncertainties and

a similar set of actions in a context free setting. More broadly, our results support

the value of non-standard decision criteria (i.e., not SEU) in the modeling of

economic policy under deep uncertainty.
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These laboratory experiments also provide a useful complement to field

evaluations examining how alternative decision aids affect policy-makers faced

with deeply uncertain conditions. For example, these experiments helped inform the

design and interpretation of evaluations used in a series of workshops held with

managers, local elected officials, and constituents of Southern California’s Inland

Empire Utilities Agency, a water wholesaler serving about one million residents.

The workshops presented analyses examining whether and how potential impacts

from climate change should cause the agency to modify their then current long-

range water management plans (Groves et al. 2007). Uncertain forecasts from

climate, water management, and economic models were summarized in alternative

decision aids—one set analogous to the Display aid, and another set analogous to

the Summary aid—and survey instruments used to determine the extent to which the

alternative aids affected the participants’ judgments and preferences among

alternative policy choices, and the participants’ preferences among the aids. These

workshops are not directly comparable with the experiments, for reasons including

small sample sizes and the political necessity for the hosting agency to invite all

participants to view all the information from all the available decision aids.

Nonetheless, the workshop findings proved roughly consistent with the experiments.

Workshop participants reported that the aids analogous to the Display contained

more valuable information for planning purposes, but seemed more difficult to

understand and explain to others than the aids analogous to the Summary.12

These workshops and experiments only begin to inform any judgments about the

extent to which one presentation mode is superior to the other in any particular

decision context. But the results do provide important guidance for future research

about effective presentation of deeply uncertain information to decision makers. For

instance, our study suggests it may be useful to consider decision aids that combine

the desirable features of the two formats compared here. More extensive sensitivity

analysis might improve confidence in the Summary aid, allowing DMs to test the

invariance of the recommendations across a range of distributions. An optional

Summary calculator might accompany the Display aid, the former using the DM’s,

or outside experts’, specifications of probability distributions over the [PL, PU]

range. More broadly, future studies should examine how alternative decision aids

affect choices embedded in content specific contexts, as opposed to abstract

contexts. Nonetheless, this study does suggest that unavoidable and irreducible

imprecision may enhance the relevance and importance of effective decision aids

and poses unique challenges that should be considered in their design.
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