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Here Csym is a symmetric prior probability interval (of unknown length d), while [0,1] 

denotes the prior interval where the decision-maker considers all possible probabilities, and 

Cδ the asymmetric prior probability set where the decision-maker has confidence (1−δ) in 

the reference probability π. Tests of restrictions (11a–h) allow us to see which specification 

of α-MaxMin best describes the general pattern of ambiguity attitudes in the U.S. 

population.

To loosen the restrictive assumption of one representative decision-maker and to take into 

account heterogeneity in ambiguity preferences (see, e.g., Stahl 2014), we include a random 

effect in the model: mik=c+sπk+εik+ui, where ui is a random effect that is independent of the 

error term (εik) and uncorrelated between individuals, with . The random effect 

captures unobserved heterogeneity in the ambiguity aversion parameter αi across individuals 

i, with αi=1−(c+ui)/δ. Finally, we use clustered standard errors to correct for 

heteroskedasticity between individuals, and correlation of the error terms within.

4.2 Main results

Table 2 displays our estimates of the constant c and the slope coefficient s. Additionally, the 

table shows estimates for the α-MaxMin model parameters α, (1−α), and δ, to facilitate 

interpretation and testing of hypotheses. Column (1) reports estimates for our baseline 

sample consisting of 2991 respondents who answered all ambiguity questions and who spent 

at least two minutes answering the ambiguity questions.22 The dependent variables are the 

matching probabilities, mik for the first three ambiguity questions (k=1, 2, 3), involving only 

gains and implemented with real incentives. We discuss the results for losses in a later 

22Out of the 3258 original respondents, 3 did not answer any questions, 85 did not complete all of our ambiguity questions, and 179 
spent less than two minutes on answering the ambiguity questions. After excluding these 267 respondents, we have a final sample of 
2991 respondents.
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section. The estimates shown in Table 2 are for a random effects model specification; 

estimates for the model without random effects in (10) are similar and therefore not 

reported.23

Our baseline results show that, overall, the U.S. population is ambiguity averse. Column (1) 

of Table 2 reports α=0.56, combined with 60% confidence in the reference probability 

(δ=0.40).24 The extent of ambiguity aversion is modest, with only a slight overweighting of 

the worst outcome (α>1/2). Nevertheless, it is statistically significant as we can reject α≤1/2 

(t=8.47 and p-value<0.01). Together, these estimates (α=0.56, δ=0.40) imply ambiguity-

seeking behavior for the low likelihood ambiguous event of winning if one of 10 possible 

colors is chosen. Here, our model predicts a matching probability of 0.24. The estimates also 

imply relatively strong ambiguity-averse behavior for the high likelihood ambiguous event 

of winning if any of nine of 10 possible colors is selected; the model predicts a matching 

probability of 0.71. Hence, the α-MaxMin model with prior set Cδ describes the typical 

pattern of ambiguity attitudes in the population well, including a-insensitivity.

We use the model estimates in Column (1) to test the alternative multiple prior models in 

hypotheses (11a–h) in subsequent steps. First, the data do not support subjective expected 

utility with reference probability measure π (11a): a joint test rejects the restrictions c=0 and 

δ=0. Second, the use of a pessimistic prior probability set [0,1] for the α-MaxMin model is 

not supported: hypotheses (11c–e) impose the restriction δ=1, which is rejected.25 Third, the 

symmetric prior probability set Csym for the α-MaxMin model is also inconsistent with the 

data: the restriction δ=0 in (11b) is rejected. Among the models based on the prior set Cδ, the 

pessimistic MaxMin-Cδ model (11f) and the optimistic MaxMax-Cδ (11g) are also both 

rejected, as they imply α=1 and α=0. Only the α-MaxMin model with prior set Cδ (0<δ<1) 

and 0<α<1) is consistent with the pattern of ambiguity attitudes in the U.S. population.

In sum, we find support for ambiguity preferences where not all the weight is put on the 

worst case (α=1) nor on the best case (α=0), and the prior probability set reflecting 

ambiguity perceptions is asymmetric for all π≠0.5.

4.3 Robustness checks

As a robustness check, we next exclude respondents who gave incorrect answers to the two 

check questions: Column (2) limits the sample to respondents who answered both check 

questions correctly. Interestingly, the coefficient estimates change hardly at all, and our 

conclusions remain the same. For example, ambiguity aversion and confidence in the 

reference probability are both slightly lower among respondents who answered both check 

questions correctly (α=0.55, δ=0.45), but the difference is small compared to the full sample 

results.

23Pooled OLS estimates are consistent in the presence of random effects, but the standard errors may be inefficient. As we use 
clustered (robust) standard errors, the results of pooled OLS are similar to a random effects model.
24Our estimate of α is similar to values of α=0.515 reported in Ahn et al. (2014) for a small sample of students and α=0.556 in 
Potamites and Zhang (2012) for Chinese investors. Baillon et al. (2015) estimate α=0.61 and δ=0.51 in a sample of 64 students, with 
the source of ambiguity being the returns of an unknown stock.
25We test the single restriction δ=1, implied by all three models with [0,1] as the prior set. Joint tests of δ=1, α=1 for MaxMin-[0,1], 
or δ=1, α=0 for MaxMax-[0,1] give the same result.
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Statistical tests (available on request) confirm that a random effects model fits our data 

better than pooled OLS or fixed effects models. The row labeled “Error correlation (ρ)” in 

Table 2 shows the estimated within-individual correlation of the overall error term (εik+ui, 

including the random effect ui): ρ=0.30. The significance of ρ indicates unobserved 

heterogeneity in ambiguity aversion at the individual level; the variance of the errors 

drops by 30% after accounting for this unobserved heterogeneity.

In additional results (available on request), we estimate a model with a random effect added 

to the slope coefficient (s+vi), to capture unobserved heterogeneity in ambiguity perceptions 

(δ). The main coefficient estimates are unchanged (α=0.56, δ=0.40), as random effects only 

alter the covariance matrix of the errors. But, the variance of the errors  drops 

by another 23% after taking into account unobserved heterogeneity in perceived ambiguity. 

Further, posterior estimates of α and δ show a positive correlation between ambiguity 

aversion and perceived ambiguity, ranging from 0.2 to 0.4. Hence, those who perceive more 

ambiguity also tend to be more ambiguity averse.

4.4 Ambiguity attitudes for losses

Next we include the matching probability for the ambiguity question involving losses; our 

aim is to test whether ambiguity aversion differs for gains and losses. Recall that the 

matching probability for the ambiguity gains questions is mik=(1−α)δ+(1−δ)πk, for k=1, 2, 3. 

By contrast, the matching probability for the loss question is: , for k=4 

(see Online Appendix B). We introduce a separate ambiguity aversion parameter for losses, 

αL, distinct from α, the ambiguity aversion parameter for gains.26 The adapted regression 

model specification below allows us to test whether α=αL:

(12)

where Lk is a dummy variable for the loss question (Lk=0 for k=1, 2, 3, and Lk=1 for k=4), 

and dL is the corresponding regression coefficient. The parameters of the α-MaxMin model 

are identified as follows: δ=1−s and α=1−c/δ, and αL=(c+dL)/δ.

Table 3 displays estimation results for Equation (12). The row labeled “Test α=αL ” in Table 

3 shows that the data reject the hypothesis that ambiguity aversion for losses and gains are 

equal. Instead, we find ambiguity aversion for gains (α=0.56) and ambiguity seeking for 

losses (αL=0.46).27 We note that the restriction dL=0 corresponds to the special case of 

αL=(1-α), or reflection of ambiguity aversion for gains (α>½) into ambiguity seeking for 

losses (αL<½). In both columns in Table 3, we cannot reject dL=0 at the five percent 

significance level.

26The equations for mik and  have different constant terms, (1–α)δ and αLδ, so the model in Equation (11) is no longer applicable 
(it would imply the restriction 1–α=αL). Introducing a dummy variable for the loss question permits us to separately estimate and 
identify α and αL.
27A drawback of the model in Equation (12) is that the random effect ui has opposite effects on ambiguity aversion for gains and 
losses, an assumption inconsistent with the positive correlation between AA50 and AA−50. As a result the estimated correlation of the 
random effect (ρ) is relatively low in Table 3. We have also estimated a model with two separate random effects for the constant c and 
loss dummy dL, but we find no difference in the main results concerning α, αL and δ. Results are available on request.
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Reflection implies that the ambiguity attitude for losses is the opposite of that toward gains. 

Reflection is often found for decisions under risk, and it is part of prospect theory (Tversky 

and Kahneman 1992): a common finding is of risk aversion for gains and risk seeking 

attitudes for losses. To the best of our knowledge, the results in Table 3 are the first 

confirmation of reflection as the typical pattern for decision-making under ambiguity in the 

general population. In line with our results, Kothiyal et al. (2014) find evidence of reflection 

in an experiment with students.

The results in Table 3 are subject to two caveats. First, as explained above, the ambiguity 

question for losses was implemented without real incentives to avoid house money effects. 

Second, in Equation (12) we assume that the perceived level of ambiguity δ is equal for 

gains and losses.28 This is equivalent to assuming that a-insensitivity is equal for gains and 

losses, which is supported by experimental evidence in Baillon and Bleichrodt (2015).

4.5 Ambiguity aversion and observed individual characteristics

Little is known about how ambiguity preferences vary with individual characteristics such as 

gender, age and income. Even less is known regarding individual characteristics and 

perceptions about ambiguity levels: in this section we are the first to investigate this relation.
29 Let xih denote the value of individual control variable h=1, 2,…,H, for person i=1,2,…,I. 

We estimate the following model:

(13)

where c0 is a constant and ch is a coefficient for the effect of variable h=1, 2,…,H on the 

constant part of the model. The set of coefficients sh allow the model’s slope coefficient to 

depend on the individual attributes, while s0 is the constant part of the slope. The parameters 

of the α-MaxMin model are identified as: , and 

.

The individual characteristics available from the ALP include indicators for male; White; 

Hispanic; married; education (highest degree: high school or college); employment; (ln) 

family income; (ln) number of children; a financial literacy index; an indicator of trust in 

others30; risk aversion; and question order. Online Appendix C provides variable definitions 

and descriptive statistics. The risk aversion metric is the coefficient of relative risk aversion 

of a power utility function estimated using questions similar to those in Tanaka et al. (2010).
31 We randomized the order of the ambiguity and risk questions in the ALP survey, with 

half of the respondents getting the risk questions first, and the other half the ambiguity 

28If we could measure more matching probabilities for ambiguous events involving loss outcomes with other likelihoods (e.g., similar 
to the 10 % and 90 % gains questions), we could also estimate δ separately in the loss domain. We leave to future research additional 
refinements of ambiguity surveys and tests for reference dependence.
29Borghans et al. (2009) find that men are more ambiguity averse than women in a sample of 347 high school students. In a study of 
the Dutch population, Dimmock et al. (2015b) estimate the relation between ambiguity attitudes and control variables; there, however, 
few effects are statistically significant (sample size: N=666). Using our ALP Module, Dimmock et al. (2015a) show in a web appendix 
that the non-parametric ambiguity aversion measure AA50 is higher for men than for women, and positively related to risk aversion.
30This is measured on a reversed scale from 0 to 5, with higher values indicating lower trust.
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questions first. For this reason, we include an indicator equal to one if the subject answered 

the risk questions first, and zero otherwise.

Table 4 reports the effects of the individual characteristics on ambiguity aversion α and the 

perceived level of ambiguity δ, with standard errors derived using the delta method. 

Columns (1) and (2) in Table 4 display marginal effects for ambiguity aversion α.32 

Columns (3) and (4) show the effect of the variables on perceived ambiguity δ.

Turning first to ambiguity aversion (α), we find that men are more ambiguity averse than 

women, consistent with the experimental results in Borghans et al. (2009). Ambiguity 

aversion is positively related to risk aversion, but the correlation is low and ambiguity 

aversion is not subsumed by it. Older people tend to be less ambiguity averse, which may 

capture the effect of life experiences, or a cohort effect. College-educated respondents have 

higher ambiguity aversion than the less educated. This latter finding is inconsistent with a 

potential alternative explanation for ambiguity aversion: that it is driven by low cognitive 

ability. Rather, the positive relation with college education suggests that ambiguity aversion 

measures preferences rather than cognitive errors.

We also find that ambiguity aversion is higher when the risk aversion questions are 

presented to respondents prior to the ambiguity questions. The comparative ignorance 

hypothesis of Fox and Tversky (1995), which states that ambiguity aversion is magnified by 

a comparison to less ambiguous events, predicts such an order effect. In our survey, the 

comparison is relative to the preceding risk questions involving only known probabilities 

and no ambiguity. For this reason we randomized the survey order of the risk and ambiguity 

questions.

Turning to perceived ambiguity (δ), we find that males, whites, and people with more 

children tend to perceive higher levels of ambiguity. Further, college-educated respondents 

perceive more ambiguity than high school educated respondents. Receiving the risk aversion 

questions first also is associated with higher perceptions of ambiguity. Interestingly, age and 

risk aversion do not influence perceptions about ambiguity levels, but only ambiguity 

aversion. Vice versa, having (more) children is associated with perceiving more ambiguity, 

but not with higher ambiguity aversion.

We also investigated how individual attributes are related to ambiguity aversion for losses, 

and in results not detailed here, we found that the dependent variable is positively related to 

risk aversion but not significantly associated with the other variables. Thus risk aversion is 

positively related to both ambiguity aversion for gains and ambiguity aversion for losses, but 

not related to the perceived level of ambiguity. A potential explanation is that preferences 

towards risk and ambiguity are related (although weakly) as both are preferences, while 

perceptions about the level of ambiguity are formed independently from risk preferences.

31As in Tanaka et al. (2010), utility is defined over the payoffs of the gambles (not integrated with total wealth), and the power 
coefficient is limited to the range from 0 to 1.5. Risk aversion, defined as ‘1 – power function coefficient’, varies from −0.5 (risk 
seeking) to +1 (strongest level of risk aversion), and a value of zero implies risk neutrality.

32The derivative of αi with of respect to xih is: , which we evaluate at the mean values of 
xih and δi.
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5 Conclusion

This paper develops a method for estimating and testing multiple prior models of ambiguity. 

Using a nationally representative sample of almost 3000 U.S. respondents, we use matching 

probabilities to estimate a measure of ambiguity preferences, α, as well as perceptions about 

the level of ambiguity, δ. Using our simple and tractable method, we estimate α to be equal 

to 0.56 in the gain domain, consistent with mild ambiguity aversion (α>½). We estimate δ to 

be 0.40, meaning that the typical respondent has a degree of confidence of 60% in the 

reference probability.

In the loss domain, our estimate of the ambiguity aversion parameter, αL, is equal to 0.46, 

implying ambiguity-seeking behavior (αL<1/2). Not only are ambiguity attitudes for gains 

and losses significantly different, they are of opposite sign on average, with ambiguity 

aversion for gains being reflected into ambiguity seeking for losses. This implies that the 

ambiguity models applied in economics need to be extended beyond the common 

assumption of universal ambiguity aversion. One such alternative is the α-MaxMin model 

with separate ambiguity aversion parameters for gains and for losses.

Furthermore, our estimates of the α-MaxMin model confirm that most Americans are 

ambiguity averse for uncertain events of moderate to high likelihood, but ambiguity seeking 

for unlikely events. For example, when faced with a chance to win if one of 10 colors is 

selected, 60% of the people are ambiguity seeking. Our α-MaxMin model can explain these 

choices because the prior probability set is asymmetric for low and high likelihood events. 

For example, when winning for one out of 10 colors, the set of prior probabilities in the 

calibrated model ranges from 6 to 46%.

For future work, our evidence of non-universal ambiguity aversion, especially ambiguity 

seeking choices for low likelihood events and losses, implies that understanding the 

economic implications of such preferences is important. The model developed in this paper 

offers a good starting point, as it is analytically simple, yet it can describe actual choices 

under uncertainty observed in the field.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. 
First ambiguity question: winning for one of two ball colors. Notes: This figure shows the 

first round in the ambiguity question sequence with two ball colors. The respondent can win 

a prize of $15 if a purple ball is drawn from the box of his preference. Box K contains 50 

purple and 50 orange balls, offering 50% initial known probability of winning. Box U also 

contains purple and orange balls, but with the proportions unknown. If the respondent 

selects “Box K” or “Box U”, a second question round follows, similar to the one shown 

above. If the response is “Box K”, in the second round the probability of winning for Box K 

is decreased (fewer purple balls). Vice versa, when the respondent selects “Box U”, in the 

second round Box K offers a higher probability of winning (more purple balls). Selecting the 

“Indifferent” button takes the respondent to the next ambiguity sequence, shown in Fig. 2
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Fig. 2. 
Second ambiguity question: winning for one of ten ball colors. Notes: This figure shows the 

first round in the second ambiguity question sequence, with 10 ball colors. Here the 

respondent wins if a purple ball, 1 out of 10 colors, is drawn from the box of his preference. 

Box K contains 10 balls of each color and offers a 10% probability of winning. Box U also 

contains balls with 10 different colors, but with the proportions unknown. If the respondent 

selects “Box K” or “Box U”, a second question round follows, similar to the one shown 

above. If the response is “Box K”, in the second round the probability of winning for Box K 

is decreased (fewer purple balls). Vice versa, when the respondent selects “Box U”, in the 

second round Box K offers a higher probability of winning (more purple balls). Selecting the 

“Indifferent” button takes the respondent to the next ambiguity sequence: wining for nine 

out of ten ball colors
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Table 2

Alpha-MaxMin model estimates

(1) (2)

Constant c 0.177*** 0.200***

[42.56] [32.03]

Slope s 0.596*** 0.555***

[88.97] [55.46]

Alpha-Min α 0.562*** 0.549***

[77.13] [59.53]

Alpha-Max (1-α) 0.438*** 0.451***

[60.19] [48.90]

Delta δ 0.404*** 0.445***

[60.40] [44.39]

Restriction on checks No 2 correct

I individuals 2991 1232

R2 0.431 0.449

Error st. dev. (σε) 0.187 0.171

Random effect st. dev.(σu) 0.123 0.106

Error correlation (ρ) 0.302 0.280

Notes: The table shows estimation results for the α-MaxMin model, derived from matching probabilities mik for the three ambiguity gain questions 

(k=1, 2, 3). We estimate Equation (10) using a random effects model, which gives estimates of the slope coefficient s and constant c. Estimates of 
ambiguity aversion parameter α and perceived ambiguity δ are then derived from c and s, with standard errors based on the delta method. Column 
(1): full sample results. The full sample consists of respondents who answered all ambiguity questions and spent at least two minutes of time. 
Column (2): same model, but further limited to 1232 respondents who answered both check questions correctly. Standard errors are shown in 
brackets (robust, clustered by individual).

Statistical significance:

*
p<0.1,

**
p<0.05,

***
p<0.01
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Table 3

Testing reference dependence: alpha for gains and losses

(1) (2)

Constant c 0.177*** 0.200***

[43.51] [32.02]

Slope s 0.596*** 0.555***

[88.97] [55.46]

Loss dummy dL 0.010* −0.008

[1.87] [1.13]

Delta δ 0.404*** 0.445***

[60.40] [44.39]

Gains

Alpha-Min α 0.562*** 0.549***

[77.13] [59.53]

Alpha-Max (1-α) 0.438*** 0.451***

[60.19] [48.89]

Losses

Alpha-Min αL 0.463*** 0.433***

[52.73] [39.27]

Alpha-Max (1-αL) 0.537*** 0.567***

[61.21] [51.49]

Restriction on checks No 2 correct

I individuals 2991 1232

R2 0.377 0.397

Test α=αL 108.2*** 91.4***

Error st. dev. (σε) 0.210 0.188

Random effect st. dev. (σu) 0.052 0.041

Error correlation (ρ) 0.058 0.056

Notes: The table shows estimation results for the α-MaxMin model, derived from matching probabilities mik for all four ambiguity questions (k=1, 

2, 3, 4), including the question involving losses as outcomes. We estimate Equation (12), which gives estimates of the slope coefficient s, constant 

c and the coefficient for the loss question dummy dL. Using these estimates, we then derive values for δ (perceived ambiguity), α (ambiguity 

aversion for gains), and αL (ambiguity aversion for losses), with standard errors based on the delta-method. The row “Test α=αL” displays a chi-

square statistic for the null hypothesis α=αL ambiguity aversion for gains and losses are equal. Column (1): full sample estimates. Column (2): 
same model, but limited to 1232 respondents who answered both check questions correctly. Standard errors are shown in brackets (robust, clustered 
by individual).

Statistical significance:

*
p<0.1,

**
p<0.05,

***
p<0.01
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Table 4

Ambiguity aversion and beliefs explained by individual characteristics

(1) (2) (3) (4)

Alpha-Min α Perceived ambiguity δ

Age −0.002*** −0.002*** −0.001 −0.001

Male 0.072*** 0.083*** 0.065*** 0.063***

White −0.057*** −0.028 0.068*** 0.060**

Hispanic 0.018 0.053* −0.018 0.004

Married 0.017 −0.014 −0.004 −0.043*

Num. of kids (ln) −0.015 −0.013 0.031** 0.050***

High school −0.003 0.042 −0.038 0.015

College 0.083* 0.145** −0.005 0.063

  College–High school 0.087*** 0.103*** 0.033** 0.047**

Employed −0.022 −0.030 0.002 0.009

Income (ln) 0.004 0.016 0.003 0.007

Risk questions first 0.125*** 0.072*** 0.046*** 0.048**

Financial literacy −0.003 0.012 0.016* 0.027*

Risk aversion 0.147*** 0.090*** 0.009 −0.009

Trust 0.007 −0.003 −0.007 −0.008

Restriction on checks No 2 correct No 2 correct

I individuals 2934 1215

R2 0.458 0.483

Error st. dev. (σε) 0.185 0.169

Random effect st. dev. (σu) 0.045 0.116

Error correlation (ρ) 0.280 0.250

Notes: The table shows estimation results for the α-MaxMin model, including a set of individual-level explanatory variables for both ambiguity 
preferences and beliefs. The dependent variable is the matching probability mik for all three ambiguity gains questions (k=1, 2, 3). We estimate 

Equation (13), including the 14 explanatory variables shown in the table (Age, Male,…, Trust). See Online Appendix C for definitions of the 
explanatory variables. Columns (1) and (2) show marginal effects of the explanatory variables on ambiguity aversion (α), and model statistics such 

as R2. Columns (3) and (4) display the effects of the explanatory variables on perceived ambiguity (δ). Estimates of the constant (c) and slope 
coefficient (s) are not shown to save space. The model includes two dummies for the highest education level achieved: completing high school, or 
completing college. The base category for education consists of respondents not completing high school. The row “College–High school” tests for 
differences in the groups with college education and high school education. Columns (1) and (3): full sample results. Columns (2) and (4): same 
model, but limited to respondents who answered both check questions correctly.

Statistical significance:

*
p<0.1,

**
p<0.05,

***
p<0.01
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