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A Additional Design Details (for Section 2)

As described in Section 2, we collect valuations for 189 different (p, r) combinations, specifically, by

considering nine values of p and 21 values of r:

p ∈ {0.1, 0.2, 0.3, ..., 0.9} and r ∈ {0.01, 0.05, 0.10, 0.15, ..., 0.95, 1}.

Each subject provides valuations for 25 different (p, r) combinations. Here is the algorithm used to

select those 25 different (p, r) combinations:

1. Select 5 values of p: We divide the 9 values of p into three groups: the bottom 3, the middle 3,

and the top 3. We then select one randomly from each group. Next, we divide the remaining

6 values into two groups: the 3 smaller and the 3 larger ones. We then select one randomly

from each group.

2. Select 5 values of r for each of those p: We divide the 21 values of r into three groups: the

bottom 7, the middle 7, and the top 7. We then select one randomly from each group, and

use these three r values for all five values of p. Next, we divide the remaining 18 values into

two groups: the 9 smaller and the 9 larger ones. For each value of p independently, we choose

another 2 values of r, one from each of these groups.

With this algorithm, each subject will face five p values, and for each of these p values they

will face five r values—thus permitting variation at the individual-level to investigate how RPi(p, r)

depends on r while holding p constant. Analogously, each subject will face three r values for which

they also face all five p values—thus permitting variation at the individual-level to investigate how

RPi(p, r) depends on p while holding r constant.

Of the 25 valuations described above, five are collected twice. These are selected randomly

without replacement. Thus, each subject provides a total of 30 valuations. These 30 tasks are

presented in random order subject to the constraint that two elicitations of the same valuation

cannot occur within three tasks of each other.

Figure A.1 shows a simulation of this selection process, where the yellow dots represent valuations

that are elicited once, and the blue dots represent valuations that are elicited twice.
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Figure A.1: Simulated Selection of Parameters for One Subject
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Notes: Figure depicts simulated selection of parameters for one subject. In this simulation, the five selected values for

p are p ∈ {0.1, 0.3, 0.5, 0.7, 0.9}, and the three values of r that are selected to be used for all p are r ∈ {0.10, 0.50, 0.90}.
For each p, two additional values of r are chosen independent of what is chosen for other p. Yellow dots represent

valuations elicited once, and blue dots represent valuations elicited twice.
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B Additional Aggregate-Level Tables and Figures (for Section 3)

Table B.1 reports the mean valuation m(p, r) for each of the 189 combinations of (p, r). Overall, we

collect 24,000 valuations, and thus each of these is based on roughly 127 observations. In parentheses

below each mean, we report standard errors clustered at the participant level (the clustering is

needed for instances where one subject contributes two mi(p, r) for the same (p, r) due to repeats).

Table B.2 reports the mean normalized risk premium RP (p, r) for each of the 189 combinations

of (p, r), where again each of these is based on roughly 127 observations. Again, in parentheses

below each mean, we report standard errors clustered at the participant level. Note that because

RP (p, r) ≡ pH −m(p, r), each entry in Table B.2 is equal to pH minus the corresponding entry in

Table B.1. Moreover, for each (p, r) combination, the standard errors are the same in Tables B.1

and B.2.

Figure B.1 provides a summary of the aggregate-level results on risk aversion versus risk tolerance

by (p, r). In both panels, each point corresponds to a (p, r) combination and is based on roughly

127 observations. Panel (a) reproduces Figure 1 from Section 3; we repeat it here to facilitate a

side-by-side comparison with panel (b). It presents the mean normalized risk premia RP (p, r)—this

panel provides a visual depiction of the entries in Table B.2 and also indicates when those entries

are statistically different from zero. In panel (a), color corresponds to sign of mean RP (p, r), with

red indicating risk aversion and green indicating risk tolerance; size corresponds to magnitude of

deviation from risk neutrality; and filled points correspond to locations whereH0 : mean RP (p, r) = 0

is rejected at the 5% level based on a two-sided z-test using a participant-clustered standard error.

In contrast, panel (b) presents the proportion of observations with RPi(p, r) > 0 minus the

proportion with RPi(p, r) < 0. Color corresponds to the sign of the difference, with red indicating

risk aversion and green indicating risk tolerance; size corresponds to the absolute value of the

difference; and filled points correspond to locations where the null hypothesis of equal proportions

is rejected at the 5% level based on a two-sided sign test. We note that, unlike panel (a), this

procedure does not naturally accommodate participant-level clustering, so the reported significance

should be interpreted cautiously.
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Figure B.1: Risk Aversion and Risk Tolerance by (p, r)
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(a) Mean Normalized RP (p, r)
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(b) Proportion Positive vs. Negative RPi(p, r)

Notes: Both panels depict the extent of risk aversion versus risk tolerance for each of the 189 locations in the (p, r)

parameter space, based on 24,000 total observations and thus roughly 127 for each (p, r). Panel (a) repeats Figure 1

and presents mean normalized risk premia RP (p, r). Color corresponds to sign of mean RP (p, r), with red indicating

risk aversion and green indicating risk tolerance; size corresponds to magnitude of deviation from risk neutrality; and

filled points correspond to locations where H0 : mean RP (p, r) = 0 is rejected at the 5% level. Panel (b) presents the

proportion of observations with RPi(p, r) > 0 minus the proportion with RPi(p, r) < 0. Color corresponds to the sign

of the difference, with red indicating risk aversion and green indicating risk tolerance; size corresponds to the absolute

value of the difference; and filled points correspond to locations where the null hypothesis of equal proportions is

rejected at the 5% level. Tests in each panel are two-sided.
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Table B.1: Mean Valuation m(p, r) with Clustered Standard Error

p

r 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.01
8.69
(0.97)

8.58
(0.81)

11.44
(0.98)

13.61
(0.99)

14.98
(0.93)

13.41
(1.04)

15.88
(1.07)

18.23
(1.14)

20.46
(1.14)

0.05
7.61
(0.95)

10.10
(0.87)

9.20
(0.69)

13.93
(0.83)

13.48
(0.75)

15.20
(0.98)

16.57
(0.98)

19.98
(0.97)

22.39
(0.87)

0.10
6.68
(0.82)

7.87
(0.67)

9.44
(0.75)

10.94
(0.75)

12.20
(0.84)

14.11
(0.87)

15.10
(0.91)

16.18
(1.06)

19.46
(1.02)

0.15
6.97
(0.84)

8.45
(0.83)

9.59
(0.66)

10.87
(0.73)

12.53
(0.76)

14.91
(0.76)

17.51
(0.74)

20.09
(0.83)

21.53
(0.79)

0.20
6.51
(0.66)

7.07
(0.69)

8.35
(0.52)

9.79
(0.74)

13.86
(0.69)

14.13
(0.77)

15.88
(0.84)

17.68
(0.92)

20.09
(0.93)

0.25
6.11
(0.70)

7.95
(0.70)

9.19
(0.62)

10.70
(0.86)

12.05
(0.64)

14.56
(0.70)

13.95
(0.81)

18.19
(0.88)

21.41
(0.89)

0.30
6.43
(0.70)

7.69
(0.64)

9.81
(0.68)

10.41
(0.73)

11.40
(0.63)

10.87
(0.66)

15.49
(0.70)

18.11
(0.91)

19.06
(0.88)

0.35
7.07
(0.80)

8.11
(0.65)

9.95
(0.71)

10.04
(0.78)

11.40
(0.66)

14.45
(0.78)

15.43
(0.81)

16.92
(0.88)

19.71
(0.92)

0.40
7.76
(0.81)

7.22
(0.68)

8.47
(0.63)

10.18
(0.63)

11.77
(0.60)

11.94
(0.65)

12.57
(0.78)

16.49
(0.92)

18.42
(0.84)

0.45
6.84
(0.70)

7.86
(0.68)

9.40
(0.71)

9.06
(0.67)

10.65
(0.70)

10.96
(0.73)

14.41
(0.62)

14.66
(0.74)

20.29
(0.77)

0.50
6.86
(0.56)

7.53
(0.58)

8.27
(0.60)

9.15
(0.57)

11.46
(0.65)

13.26
(0.77)

13.39
(0.72)

16.23
(0.79)

20.90
(0.76)

0.55
6.88
(0.72)

7.81
(0.69)

8.04
(0.59)

9.78
(0.56)

10.46
(0.70)

12.68
(0.76)

13.54
(0.66)

17.01
(0.77)

19.17
(0.79)

0.60
6.10
(0.62)

7.66
(0.63)

8.20
(0.58)

9.31
(0.60)

12.27
(0.63)

10.61
(0.68)

12.91
(0.78)

15.05
(0.77)

19.11
(0.82)

0.65
7.24
(0.64)

7.86
(0.72)

9.39
(0.57)

10.21
(0.63)

11.14
(0.62)

12.84
(0.72)

14.97
(0.73)

17.41
(0.73)

19.31
(0.78)

0.70
7.01
(0.68)

7.81
(0.61)

9.57
(0.63)

10.66
(0.72)

10.88
(0.59)

12.67
(0.71)

14.58
(0.68)

15.72
(0.75)

20.79
(0.72)

0.75
6.70
(0.68)

8.25
(0.65)

8.46
(0.63)

9.71
(0.67)

9.97
(0.64)

13.06
(0.71)

15.63
(0.79)

17.05
(0.63)

18.33
(0.73)

0.80
6.65
(0.73)

7.94
(0.66)

8.60
(0.63)

9.58
(0.67)

11.06
(0.63)

12.36
(0.74)

14.28
(0.71)

16.18
(0.75)

22.95
(0.66)

0.85
5.35
(0.46)

7.29
(0.50)

8.34
(0.58)

10.51
(0.65)

12.38
(0.57)

12.86
(0.61)

15.11
(0.64)

15.16
(0.66)

20.64
(0.66)

0.90
7.41
(0.73)

8.19
(0.71)

8.36
(0.64)

10.19
(0.70)

11.86
(0.80)

12.71
(0.70)

13.24
(0.73)

16.34
(0.81)

19.61
(0.77)

0.95
7.66
(0.72)

8.47
(0.84)

8.20
(0.60)

9.81
(0.65)

11.79
(0.76)

11.42
(0.71)

13.79
(0.87)

15.88
(0.83)

18.94
(0.94)

1.00
6.33
(0.79)

7.23
(0.87)

8.14
(0.69)

9.51
(0.70)

12.74
(0.71)

12.49
(0.65)

15.50
(0.95)

15.86
(0.91)

20.77
(0.78)
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Table B.2: Mean Normalized Risk Premium RP (p, r) with Clustered Standard Error

p

r 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.01
-5.69
(0.97)

-2.58
(0.81)

-2.44
(0.98)

-1.61
(0.99)

0.02
(0.93)

4.59
(1.04)

5.12
(1.07)

5.77
(1.14)

6.54
(1.14)

0.05
-4.61
(0.95)

-4.10
(0.87)

-0.20
(0.69)

-1.93
(0.83)

1.52
(0.75)

2.80
(0.98)

4.43
(0.98)

4.02
(0.97)

4.61
(0.87)

0.10
-3.68
(0.82)

-1.87
(0.67)

-0.44
(0.75)

1.06
(0.75)

2.80
(0.84)

3.89
(0.87)

5.90
(0.91)

7.82
(1.06)

7.54
(1.02)

0.15
-3.97
(0.84)

-2.45
(0.83)

-0.59
(0.66)

1.13
(0.73)

2.47
(0.76)

3.09
(0.76)

3.49
(0.74)

3.91
(0.83)

5.47
(0.79)

0.20
-3.51
(0.66)

-1.07
(0.69)

0.65
(0.52)

2.21
(0.74)

1.14
(0.69)

3.87
(0.77)

5.12
(0.84)

6.32
(0.92)

6.91
(0.93)

0.25
-3.11
(0.70)

-1.95
(0.70)

-0.19
(0.62)

1.30
(0.86)

2.95
(0.64)

3.44
(0.70)

7.05
(0.81)

5.81
(0.88)

5.59
(0.89)

0.30
-3.43
(0.70)

-1.69
(0.64)

-0.81
(0.68)

1.59
(0.73)

3.60
(0.63)

7.13
(0.66)

5.51
(0.70)

5.89
(0.91)

7.94
(0.88)

0.35
-4.07
(0.80)

-2.11
(0.65)

-0.95
(0.71)

1.96
(0.78)

3.60
(0.66)

3.55
(0.78)

5.57
(0.81)

7.08
(0.88)

7.29
(0.92)

0.40
-4.76
(0.81)

-1.22
(0.68)

0.53
(0.63)

1.82
(0.63)

3.23
(0.60)

6.06
(0.65)

8.43
(0.78)

7.51
(0.92)

8.58
(0.84)

0.45
-3.84
(0.70)

-1.86
(0.68)

-0.40
(0.71)

2.94
(0.67)

4.35
(0.70)

7.04
(0.73)

6.59
(0.62)

9.34
(0.74)

6.71
(0.77)

0.50
-3.86
(0.56)

-1.53
(0.58)

0.73
(0.60)

2.85
(0.57)

3.54
(0.65)

4.74
(0.77)

7.61
(0.72)

7.77
(0.79)

6.10
(0.76)

0.55
-3.88
(0.72)

-1.81
(0.69)

0.96
(0.59)

2.22
(0.56)

4.54
(0.70)

5.32
(0.76)

7.46
(0.66)

6.99
(0.77)

7.83
(0.79)

0.60
-3.10
(0.62)

-1.66
(0.63)

0.80
(0.58)

2.69
(0.60)

2.73
(0.63)

7.39
(0.68)

8.09
(0.78)

8.95
(0.77)

7.89
(0.82)

0.65
-4.24
(0.64)

-1.86
(0.72)

-0.39
(0.57)

1.79
(0.63)

3.86
(0.62)

5.16
(0.72)

6.03
(0.73)

6.59
(0.73)

7.69
(0.78)

0.70
-4.01
(0.68)

-1.81
(0.61)

-0.57
(0.63)

1.34
(0.72)

4.12
(0.59)

5.33
(0.71)

6.42
(0.68)

8.28
(0.75)

6.21
(0.72)

0.75
-3.70
(0.68)

-2.25
(0.65)

0.54
(0.63)

2.29
(0.67)

5.03
(0.64)

4.94
(0.71)

5.37
(0.79)

6.95
(0.63)

8.67
(0.73)

0.80
-3.65
(0.73)

-1.94
(0.66)

0.40
(0.63)

2.42
(0.67)

3.94
(0.63)

5.64
(0.74)

6.72
(0.71)

7.82
(0.75)

4.05
(0.66)

0.85
-2.35
(0.46)

-1.29
(0.50)

0.66
(0.58)

1.49
(0.65)

2.62
(0.57)

5.14
(0.61)

5.89
(0.64)

8.84
(0.66)

6.36
(0.66)

0.90
-4.41
(0.73)

-2.19
(0.71)

0.63
(0.64)

1.81
(0.70)

3.14
(0.80)

5.29
(0.70)

7.76
(0.73)

7.66
(0.81)

7.39
(0.77)

0.95
-4.66
(0.72)

-2.47
(0.84)

0.80
(0.60)

2.19
(0.65)

3.21
(0.76)

6.58
(0.71)

7.21
(0.87)

8.13
(0.83)

8.06
(0.94)

1.00
-3.33
(0.79)

-1.23
(0.87)

0.86
(0.69)

2.49
(0.70)

2.26
(0.71)

5.51
(0.65)

5.50
(0.95)

8.14
(0.91)

6.23
(0.78)
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C Data Quality

C.1 Assessment of Data Quality

Our pre-analysis plan outlined five data checks and thresholds for evaluating data quality. Our data

met all thresholds outlined in the pre-analysis plan for data quality and so we proceed by analyzing

the entire data set. We describe the five checks below.

First, we checked for observations that are censored at the boundaries of our price lists, which

would reflect violations of dominance; in our data, only 4.4% of all observations are censored, and

only 2.9% of subjects have more than 40% of their observations censored.

Second, we checked for participants with little or no variation across their 30 valuations, which

would make no sense for someone who was attending to the experiment; in our data, only 1% of

subjects have no variation in their responses, and only 5% of subjects have fewer than 10 responses

different from their modal response.

Third, we checked for appropriate responsiveness to the probabilities. Specifically, we reorganized

our data to define qM = r, qH = pr, and m̂i(qM , qH) such that (m̂i(qM , qH), qM ) ∼i (H, qH). With

these objects, monotonicity implies that a person’s m̂i(qM , qH) should be decreasing in qM and

increasing in qH . We regress m̂i on qM and qH , and assess what proportion of subjects have incorrect

signs for these coefficients (i.e., they react in the wrong direction). In our data, only 6.9% of

participants have the wrong sign for qH , and only 10.8% of participants have the wrong sign for

qM .24

Fourth, we evaluated whether there is excessive noise in responses. For each subject, our data

contain multiple observations of the same valuations, separated by at least three other valuations.

Using the formulation from the prior paragraph, we regress repetitions of the same valuation on each

other with (qM , qH) fixed effects and standard errors clustered at the individual-level, and estimate a

regression coefficient of 0.571 (s.e. = 0.022).25 This highly significant relationship between repeated

elicitations of the same valuation indicates that though noise plays a role (i.e., the coefficient is not

one), valuations exhibit substantial regularities suggestive of a common preference component.

Finally, we included a check to ensure the participant was not a robot; anyone who failed this

check was not permitted into the study.

24As discussed in our pre-analysis plan, our data are less well designed to estimate the qM coefficient. Recall that
our design creates random variation in p and r. Variation in p generates variation in qH = pr holding qM = r constant,
and thus provides exactly the type of variation we need to identify the coefficient on qH . In contrast, variation in
r generates positively correlated variation in both qM = r and qH = pr, and thus is not ideal for identifying the
coefficient on qM .

25Our labeling of a valuation and its “repeat” is done randomly, so a repeat might be seen first or second. Because
it is natural to assume that the variance of a valuation and its repeat are the same, the regression coefficient can be
interpreted as a correlation coefficient.
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C.2 Robustness I: High-Quality Subsample

In our pre-analysis plan, we specified that as long as our data looked reasonable in terms of the

data-quality checks described in Section C.1, we would conduct our primary analysis on the entire

dataset. In Section C.1, we concluded that the data do look reasonable, and thus our primary

analysis in the main paper uses the entire dataset.

Our pre-analysis plan also specified that, even if we did our primary analysis using the entire

dataset, as a robustness check we would re-do our main results using a high-quality subsample

based on three criteria. These criteria were specified at the participant level, where a participant

must pass all three criteria to be selected into our high-quality subsample. The three criteria are

related to the checks on data quality reported in Section C.1. Applying these criteria, participants

are selected out as follows:

1. Participants are excluded for excess censoring, specifically if more than 40% of their valuations

are at the boundaries of our price lists. In our data, 23 participants (2.88%) fail this criterion.

2. Participants are excluded for low within-subject variation, specifically if fewer than 10 of

their valuations differ from their modal response. In our data, 40 participants (5%) fail this

criterion.

3. Participants are excluded for failing monotonicity, specifically, if when running the participant-

level regression described in Section C.1 of m̂(qM , qH) on qM and qH the sign of the coefficient

on qH is negative. In our data, 55 participants (6.88%) fail this criterion.

Combining all three criteria, in total 95 participants (11.88%) fail at least one criterion and are

excluded, leaving 705 participants (88.12%) in our high-quality subsample.

We take our main results to be our aggregate results in Figures 1 and 2 and Table 2. Appendix

Figures C.1 and C.2 and Appendix Table C.1 replicate those results in the high-quality subsample.

The main message is essentially unchanged—and in particular, Results 1 and 2 also emerge from

the high-quality data.
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Figure C.1: Mean Normalized Risk Premium RP (p, r) by (p, r) (High-Quality Subsample)
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Significance:

Significant at 5%
Not significant at 5%

Notes: Figure construction follows Figure 1. Figure presents mean normalized risk premium RP (p, r) for each of

the 189 (p, r) combinations. For each (p, r), RP (p, r) is the mean of RPi(p, r) across all observations for that (p, r),

including repeats. For each (p, r), color of circle captures sign of RP (p, r), with red indicating risk aversion and green

indicating risk tolerance, while size of circle captures the magnitude of RP (p, r). Filled points correspond to (p, r) for

which H0 : RP (p, r) = 0 is rejected at the 5% level. Based on 21,150 observations from the 705 participants in our

high-quality subsample, or roughly 112 observations for each circle.

Figure C.2: RP (p, r) Variation Across p and r (High-Quality Subsample)
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(b) RP (p, r) vs. r by p

Notes: Figure construction follows Figure 2. Panel (a) presents mean normalized risk premium RP (p, r) against p,

showing a separate line for each value of r. Panel (b) plots RP (p, r) against r, showing a separate line for each value

of p. Lines in both panels correspond to LOESS fits. Based on 21,150 observations from the 705 participants in our

high-quality subsample, or roughly 112 observations for each (p, r).
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Table C.1: Parametric and Non-Parametric p and r Comparative Statics (High-Quality Subsample)

p Comparative Statics When r̄ = s̄ r Comparative Statics When p̄ = s̄

s̄ βp (SE) τap (SE) N Slope βr (SE) τar (SE) N

0.01 14.416 (1.312) 0.377 (0.046) 966

0.05 10.579 (1.085) 0.258 (0.044) 975

0.10 12.706 (1.041) 0.377 (0.042) 1005 0.552 (0.432) -0.069 (0.021) 2228

0.15 9.807 (0.929) 0.316 (0.032) 1040

0.20 11.122 (0.920) 0.280 (0.041) 1013 1.031 (0.417) -0.022 (0.021) 2325

0.25 10.001 (0.853) 0.279 (0.038) 1088

0.30 12.809 (0.917) 0.445 (0.039) 985 1.981 (0.424) 0.030 (0.021) 2466

0.35 12.178 (0.838) 0.419 (0.039) 967

0.40 14.688 (0.792) 0.480 (0.039) 1006 2.843 (0.466) 0.073 (0.022) 2269

0.45 14.337 (0.799) 0.461 (0.033) 1001

0.50 12.367 (0.776) 0.383 (0.038) 1067 2.471 (0.456) 0.083 (0.021) 2419

0.55 12.842 (0.766) 0.462 (0.037) 998

0.60 14.573 (0.809) 0.507 (0.034) 949 2.665 (0.508) 0.076 (0.021) 2366

0.65 12.580 (0.763) 0.434 (0.034) 1081

0.70 12.972 (0.771) 0.480 (0.032) 1073 1.591 (0.540) 0.041 (0.023) 2324

0.75 12.793 (0.746) 0.461 (0.037) 1026

0.80 11.453 (0.775) 0.433 (0.035) 1001 2.917 (0.569) 0.141 (0.024) 2305

0.85 11.940 (0.698) 0.421 (0.033) 1099

0.90 12.707 (0.819) 0.440 (0.035) 1013 0.786 (0.560) 0.077 (0.022) 2448

0.95 14.400 (0.880) 0.477 (0.034) 934

1.00 10.220 (0.864) 0.327 (0.046) 863

Total 21150 21150

Notes: Entries reflect separate comparative-static measures using observations from 705 participants in high-quality
subsample. In each row, column (2) reports estimated coefficient βp from regression specification in equation 3
using all observations in high-quality subsample with r̄ = s̄ (number of observations N reported in column (3));
standard error reported in parentheses is clustered by participant using CR2. In each row, column (4) reports weighted
mean τa

p of individual τa
p,i calculated from equation 5 using all individuals in high-quality subsample who saw at

least two distinct values of p for r̄ = s̄ (number of individuals m reported in column (5)); weight for individual i is
wi = Np,i/

∑
j Np,j ; standard error in parentheses is corresponding weighted empirical standard error σ̂w ·

√∑
i w

2
i ,

where σ̂2
w = (1/(1−

∑
j w

2
j )

∑
i wi(τ̂

a
p,i − τa

p )
2. Columns (6) and (7) are analogous to columns (2) and (3), reporting

estimated coefficient βr from regression specification in equation 4 using all observations in high-quality subsample
with p̄ = s̄. Columns (8) and (9) are analogous to columns (4) and (5), reporting calculated τa

r using all individuals in
high-quality subsample who saw at least two distinct values of r for p̄ = s̄.

11



C.3 Robustness II: Subsample Based on Quiz Questions

Our experiment includes two incentivized quiz questions. In our pre-analysis plan, we specified that

we would not use them in our overall data assessment, but that as an additional robustness check

we would re-run our main analysis while restricting the data to participants who got at least one

quiz question correct.

In our data, 696 participants (87%) got at least one quiz question correct (and 575 participants

(71.9%) got both quiz questions correct).

Much as for our high-quality data, Appendix Figures C.3 and C.4 and Appendix Table C.2

replicate the aggregate results in Figures 1 and 2 and Table 2 using only the data on the 696

participants who got at least one quiz question correct. Again, the main message is essentially

unchanged—and in particular, Results 1 and 2 also emerge from the subsample based on quiz

questions.
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Figure C.3: Mean Normalized Risk Premium RP (p, r) by (p, r) (Quiz Subsample)
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Significance:

Significant at 5%
Not significant at 5%

Notes: Figure construction follows Figure 1. Figure presents mean normalized risk premium RP (p, r) for each of

the 189 (p, r) combinations. For each (p, r), RP (p, r) is the mean of RPi(p, r) across all observations for that (p, r),

including repeats. For each (p, r), color of circle captures sign of RP (p, r), with red indicating risk aversion and green

indicating risk tolerance, while size of circle captures the magnitude of RP (p, r). Filled points correspond to (p, r) for

which H0 : RP (p, r) = 0 is rejected at the 5% level. Based on 20,880 observations from the 696 participants who got

at least one quiz question correct, or roughly 110 observations for each circle.

Figure C.4: RP (p, r) Variation Across p and r (Quiz Subsample)
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(a) RP (p, r) vs. p by r
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(b) RP (p, r) vs. r by p

Notes: Figure construction follows Figure 2. Panel (a) presents mean normalized risk premium RP (p, r) against p,

showing a separate line for each value of r. Panel (b) plots RP (p, r) against r, showing a separate line for each value

of p. Lines in both panels correspond to LOESS fits. Based on 20,880 observations from the 696 participants who got

at least one quiz question correct, or roughly 110 observations for each (p, r).

13



Table C.2: Parametric and Non-Parametric p and r Comparative Statics (Quiz Subsample)

p Comparative Statics When r̄ = s̄ r Comparative Statics When p̄ = s̄

s̄ βp (SE) τap (SE) N βr (SE) τar (SE) N

0.01 13.759 (1.340) 0.405 (0.046) 940

0.05 11.055 (1.133) 0.272 (0.047) 939

0.10 13.588 (1.069) 0.380 (0.041) 1019 0.304 (0.491) -0.075 (0.020) 2172

0.15 10.243 (0.967) 0.345 (0.032) 1033

0.20 10.467 (0.938) 0.261 (0.042) 959 0.672 (0.466) -0.029 (0.021) 2287

0.25 10.735 (0.882) 0.309 (0.038) 1119

0.30 12.781 (0.942) 0.428 (0.039) 955 1.685 (0.450) 0.022 (0.020) 2469

0.35 13.261 (0.921) 0.435 (0.041) 944

0.40 15.088 (0.871) 0.509 (0.040) 985 2.595 (0.496) 0.070 (0.022) 2198

0.45 14.714 (0.872) 0.489 (0.035) 986

0.50 12.841 (0.820) 0.402 (0.040) 1057 2.144 (0.481) 0.080 (0.021) 2416

0.55 13.482 (0.824) 0.479 (0.035) 1013

0.60 14.232 (0.854) 0.486 (0.035) 907 2.271 (0.531) 0.064 (0.021) 2359

0.65 13.348 (0.825) 0.433 (0.035) 1067

0.70 13.405 (0.820) 0.488 (0.034) 1052 1.870 (0.557) 0.052 (0.024) 2257

0.75 14.702 (0.834) 0.481 (0.037) 1000

0.80 11.631 (0.827) 0.450 (0.036) 977 3.612 (0.586) 0.150 (0.024) 2291

0.85 12.575 (0.779) 0.445 (0.033) 1107

0.90 14.357 (0.883) 0.467 (0.034) 1017 1.312 (0.571) 0.095 (0.022) 2431

0.95 15.036 (0.915) 0.499 (0.034) 942

1.00 12.493 (0.943) 0.358 (0.047) 862

Total 20880 20880

Notes: Entries reflect separate comparative-static measures using observations from 696 participants in quiz subsample.
In each row, column (2) reports estimated coefficient βp from regression specification in equation 3 using all observations
in quiz subsample with r̄ = s̄ (number of observations N reported in column (3)); standard error reported in parentheses
is clustered by participant using CR2. In each row, column (4) reports weighted mean τa

p of individual τa
p,i calculated

from equation 5 using all individuals in quiz subsample who saw at least two distinct values of p for r̄ = s̄ (number of
individuals m reported in column (5)); weight for individual i is wi = Np,i/

∑
j Np,j ; standard error in parentheses is

corresponding weighted empirical standard error σ̂w ·
√∑

i w
2
i , where σ̂

2
w = (1/(1−

∑
j w

2
j )

∑
i wi(τ̂

a
p,i−τa

p )
2. Columns

(6) and (7) are analogous to columns (2) and (3), reporting estimated coefficient βr from regression specification in
equation 4 using all observations in quiz subsample with p̄ = s̄. Columns (8) and (9) are analogous to columns (4) and
(5), reporting calculated τa

r using all individuals in quiz subsample who saw at least two distinct values of r for p̄ = s̄.
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D Additional Details for Model Implications (for Section 4)

D.1 Model-Implied Risk-Premium Maps for PT, PPW, and SSV

In Section 4, we describe the implications of six models: (i) expected utility with global risk aversion

(EU); (ii) probability weighting (PW); (iii) prospect theory (PT); (iv) proportional probability

weighting (PPW); (v) S-shaped value function (SSV); and (vi) upside potential (UP). In the text,

we provide the model-implied risk premium maps for EU, PW, and UP (in Figures 3, 4, and 5). In

this section, we provide the model-implied risk-premium maps for PT, PPW, and SSV.

Because the text provides a less complete coverage of these three models, we provide a little

more detail for each.

Prospect Theory (PT): Under PT, a person evaluates gambles using both a probability weighting

function π(q) and a value function v(x). Specifically, the indifference valuation m∗(p, r) is given by

π(r)v(m∗(p, r)) = π(pr)v(H) ⇐⇒ m∗(p, r) = v−1

(
π(pr)

π(r)
v(H)

)
.

Here, we consider the case where v(x) = xα, in which case the indifference valuation m∗(p, r) is

given by

π(r)(m∗(p, r))α = π(pr)(H)α ⇐⇒ m∗(p, r) =

(
π(pr)

π(r)

)1/α

H,

and the normalized risk premium is given by

RP ∗(p, r) = pH −m∗(p, r) = pH −
(
π(pr)

π(r)

)1/α

H =

(
p−

(
π(pr)

π(r)

)1/α
)
H.

Appendix Figure D.1 depicts how RP ∗(p, r) depends on (p, r) using both the functional forms and

parameter values suggested by Tversky and Kahneman (1992).

Proportional Probability Weighting (PPW): PPW is a post-hoc variant of prospect theory

that can be applied when comparing two binary lotteries wherein a person applies probability

weighting to the ratio of the winning probabilities. Under PPW, the indifference valuation m∗(p, r)

is given by

m∗(p, r) = π
(pr
r

)
H = π(p)H,

and the normalized risk premium is given by

RP ∗(p, r) = pH −m∗(p, r) = (p− π(p))H.

Note that, under PPW, m∗(p, r) and RP ∗(p, r) are both independent of r. Appendix Figure D.2

depicts how RP ∗(p, r) depends on (p, r) using the functional form and parameter value suggested

by Tversky and Kahneman (1992).
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S-Shaped Value Function (SSV): SSV is another post-hoc variant of prospect theory wherein a

person applies a linear probability weighting function but uses a value function v(x) that is S-shaped

in the gain domain. Under SSV, the indifference valuation m∗(p, r) is given by

rv(m∗(p, r)) = prv(H) ⇐⇒ m∗(p, r) = v−1(pH),

and the normalized risk premium is given by

RP ∗(p, r) = pH −m∗(p, r) = pH − v−1(pH).

Note that, under SSV, m∗(p, r) and RP ∗(p, r) are both independent of r. Appendix Figure D.3

depicts how RP ∗(p, r) depends on (p, r). Since there is no focal S-shaped value function in the

literature, Appendix Figure D.3 uses the function that we estimate in Section 5 when using the full

sample.
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Figure D.1: Predictions of Prospect Theory (PT)
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Notes: Figure depicts risk-premium map under PT assuming functional forms and parameter values suggested by

Tversky and Kahneman (1992)—specifically, assuming value function v(x) = xα with α = 0.88 and probability

weighting function π(q) = qγ/[qγ + (1− q)γ ]1/γ with γ = 0.61. Under PT with these functional forms, RP ∗(p, r) =(
p−

(
π(pr)
π(r)

)1/α
)
H, and figure assumes H = 30. For each (p, r), circle characterizes predicted RP ∗(p, r), where color

of circle captures sign (green is positive, red is negative), and size of circle capture magnitude.

Figure D.2: Predictions of Proportional Probability Weighting (PPW)
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Notes: Figure depicts risk-premium map under PPW assuming functional form and parameter value suggested by

Tversky and Kahneman (1992)—specifically, assuming probability weighting function π(q) = qγ/[qγ + (1− q)γ ]1/γ

with γ = 0.61. Under PPW, RP ∗(p, r) = (p− π(p))H, and figure assumes H = 30. Panel (a) plots π(q). In panel (b),

for each (p, r), circle characterizes predicted RP ∗(p, r), where color of circle captures sign (green is positive, red is

negative), and size of circle capture magnitude.
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Figure D.3: Predictions of S-shaped Value Function (SSV)
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Notes: Figure depicts risk-premium map under SSV assuming functional form and parameter values from full-sample

estimation reported in Table 3 in Section 5—specifically, assuming v(x) = γ(x/H)δ/[γ(x/H)δ + (1 − x/H)δ] with

γ = 2.375 and δ = 2.166. Under SSV, RP ∗(p, r) = pH − v−1(pH), and figure assumes H = 30. Panel (a) plots v(x).

In panel (b), for each (p, r), circle characterizes predicted RP ∗(p, r), where color of circle captures sign (green is

positive, red is negative), and size of circle capture magnitude.
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D.2 Details of the Upside Potential (UP) Model

This section provides a more detailed description of the UP model and derives the results described

in Section 4.3.

McGranaghan et al. (2025) propose the following psychology: A person first identifies a set

of outcomes that they consider to be “winning” outcomes, and then trades off (i) the total

probability of winning versus (ii) an expected valuation of those winnings. Formally, McGranaghan

et al. assume that if W denotes the set of winning outcomes, then the person evaluates a lottery

Y ≡ (x1, q1; ...;xN , qN ) as

U(Y ) =

(
N∑
i=1

qiu(xi)

)
︸ ︷︷ ︸

EU

+

 N∑
j=1

qjI(xj ∈ W )


︸ ︷︷ ︸

probability of
winning something

(
N∑
k=1

qkI(xk ∈ W )κ(xk)

)
.︸ ︷︷ ︸

expected valuation
of winnings

(D.10)

The first term is standard expected utility. The second term captures preferences for UP as the

total probability of winning multiplied by an expected valuation of those winnings. The function

κ is assumed to be weakly increasing with κ(x) ≥ 0 for all x. As discussed in more detail by

McGranaghan et al., the UP model falls within the broader class of “quadratic utility” models

(Machina, 1982; Chew et al., 1991).

Applied to the binary lotteries that are the focus of this paper, the UP model says that a person

evaluates a lottery Y ≡ (x, q) as

U(Y ) = qu(x) + (q)(qκ(x)).

McGranaghan et al. further suggest the simplification of assuming the EU term is linear, so that

the person cares about the expected value of a lottery and also its upside potential, yielding the

equation

U(Y ) = qx+ (q)(qκ(x)) (D.11)

that appears in the Section 4.3.

Using equation D.11, the valuation m∗(p, r) is the M that satisfies the equation

rM + r2κ(M) = prH + (pr)2κ(H).

We can write this as F (m∗(p, r), p, r) = 0 where

F (M,p, r) ≡ [M − pH] + r[κ(M)− p2κ(H)]. (D.12)

Because F is strictly increasing inM , there is a uniquem∗(p, r) ∈ (0, H) that satisfies F (m∗(p, r), p, r)

= 0. Under the minimal assumption that κ is differentiable for all x > 0, we can now prove the

result that is stated in Section 4.3:
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Result: If m∗(p, r) is derived from F (m∗(p, r), p, r) = 0, then:

κ(pH) > p2κ(H) ⇐⇒ RP ∗(p, r) > 0 ⇐⇒ ∂RP ∗(p, r)

∂r
> 0 and

κ(pH) < p2κ(H) ⇐⇒ RP ∗(p, r) < 0 ⇐⇒ ∂RP ∗(p, r)

∂r
< 0.

Proof: Consider first the results regarding RP ∗(p, r). If κ(pH) > p2κ(H), it follows from equation

D.12 that F (pH, p, r) > 0. Because F is strictly increasing in M , we must have m∗(p, r) < pH

to obtain F (m∗(p, r), p, r) = 0, and thus RP ∗(p, r) ≡ pH − m∗(p, r) > 0. For the converse, if

RP ∗(p, r) ≡ pH − m∗(p, r) > 0, it follows from F (m∗(p, r), p, r) = 0 that κ(m∗(p, r)) > p2κ(H).

Given pH > m∗(p, r) and κ strictly increasing, we must have κ(pH) > p2κ(H).

An analogous argument yields κ(pH) < p2κ(H) if and only if RP ∗(p, r) < 0. Also note that these

arguments imply κ(pH) > p2κ(H) if and only if κ(m∗(p, r)) > p2κ(H), and also κ(pH) < p2κ(H) if

and only if κ(m∗(p, r)) < p2κ(H); we use these below.

Now consider the results regarding ∂RP ∗

∂r . Because F (m∗(p, r), p, r) = 0, the implicit function

theorem implies
∂m∗

∂r
=

−Fr(m
∗(p, r), p, r)

Fm(m∗(p, r), p, r)
=

−[κ(m∗(p, r))− p2κ(H)]

1 + rκ′(m∗(p, r))
.

Because κ is increasing, the denominator is positive. Hence, it follows that

κ(pH) > p2κ(H) ⇐⇒ κ(m∗(p, r))− p2κ(H) > 0 ⇐⇒ ∂RP ∗(p, r)

∂r
> 0 and

κ(pH) < p2κ(H) ⇐⇒ κ(m∗(p, r))− p2κ(H) < 0 ⇐⇒ ∂RP ∗(p, r)

∂r
< 0.

That completes the proof.
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E Additional Estimation Details (for Section 5)

This section provides additional details on the aggregate-level estimation reported in Table 3 in

Section 5, and also provides the model-fit figures referenced in Section 5.

As described in Section 5, for each model, we conduct two exercises:

Exercise 1: We estimate the model using only the aggregate means when r = 1 (i.e., off 9

aggregate means). For these estimates, we compare models based on both their in-sample

performance as well as their out-of-sample performance when we use the estimates to predict

behavior throughout the remainder of the parameter space (i.e., for the 180 other aggregate

means when r < 1).

Exercise 2: We estimate the model using all 189 aggregate means, in which case we compare

models using in-sample performance.

For both exercises, our two performance measures are the root mean-squared error (RMSE) and

correlation between predicted and observed mean RP (p, r).

Data and Estimation Sample

For each (p, r), we define the mean valuation m(p, r) to be the mean of mi(p, r) across all observations

for that (p, r), including repeats. All estimators target the m(p, r)’s directly.

We let S denote the estimation sample. For Exercise 1, S = {(p, r) : r = 1}; note that this

includes nine observations. For Exercise 2, S includes all 189 observations.

Estimator

For each model M with parameter vector θ, we let mM(p, r; θ) denote the model-implied valuation.

We then estimate θ by nonlinear least squares. In other words, given an estimation sample S and

model M with parameter vector θ, the estimator is

θ̂ = argmin
θ

∑
(p,r)∈S

(
m(p, r)−mM(p, r; θ)

)2
.

Each optimization uses the Levenberg–Marquardt algorithm (minpack.lm::nlsLM) with convergence

tolerances of 10−10 on both the parameter and function norms.

Functional Forms

The PW, PT, and PPW models require an inverse-S-shaped probability weighting function. The

SSV and UP models require an S-shaped value or upside potential function. It turns out that the

two-parameter family from Lattimore et al. (1992) has the flexibility to capture both, and thus to

put the models on equal footing, we use that functional form throughout. Specifically, we use the
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functional form from equation 7:

f(z; γ, δ) ≡ γzδ

γzδ + (1− z)δ
.

To ensure that f is increasing for each model, δ and γ must be positive; in our estimation, we

restrict them both to be at least 0.01.

For PW, PT, and PPW, we assume the probability weighting function is

π(q; γ, δ) = f(q; γ, δ) =
γ qδ

γ qδ + (1− q)δ
.

For SSV and UP, we assume the value or upside-potential function is

v(x; γ, δ, B) = κ(x; γ, δ, B) = B · f(x/H; γ, δ) = B · γ (x/H)δ

γ (x/H)δ + (1− x/H)δ
.

Note that this specification implies v(0; γ, δ,B) = κ(0; γ, δ,B) = 0 and v(H; γ, δ,B) = κ(H; γ, δ,B) =

B for all (γ, δ). We discuss the role of B in the specific models below.

Formulas for Model-Predicted mM(p, r; θ)

Each model’s predicted valuation mM(p, r; θ) is obtained from the indifference condition stated

below; where no closed form exists, we solve for m numerically on [0,H].

Probability Weighting (PW): From Section 4.2, the closed-form solution for the model-predicted

valuation is:

mPW(p, r; θ) =
π(pr; γ, δ)

π(r; γ, δ)
H,

and thus the parameter vector is θ = (γ, δ).

Prospect Theory (PT): From Section D.1, the closed-form solution for the model-predicted valuation

is:

mPT(p, r; θ) =

(
π(pr; γ, δ)

π(r; γ, δ)

)1/α

H,

and thus the parameter vector is θ = (γ, δ, α).

Proportional Probability Weighting (PPW): From Section D.1, the closed-form solution for the

model-predicted valuation is:

mPPW(p, r; θ) = π(p; γ, δ)H,

and thus the parameter vector is θ = (γ, δ).

S-Shaped Value Function (SSV): From Section D.1, mSSV(p, r; θ) satisfies the equation:

v(mSSV(p, r; θ); γ, δ) = p v(H; γ, δ).
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In this equation, the B in v cancels, and thus we suppress it (and it is of course not identified).

Hence, the parameter vector is θ = (γ, δ). There is no closed-form solution for mSSV(p, r; θ), and

thus we solve for it using numerical methods.

Upside Potential (UP): From Section 4.3, mUP(p, r; θ) satisfies the equation:

rmUP(p, r; θ) + r2 κ(mUP(p, r; θ); γ, δ, B) = prH + (pr)2 κ(H; γ, δ, B).

There is no closed-form solution for mUP(p, r; θ), and thus we solve for it using numerical methods.

In principle, the parameter vector is θ = (γ, δ,B). However, for any set B ≡ [BL, BH ] to which we

constrain B, we estimate B̂ = BH . Hence, we instead choose a value for B and take the parameter

vector to be θ = (γ, δ). Appendix Table E.1 reports estimates for both Exercise 1 and Exercise 2 for

B ∈ {100, 200, 300, 400, 500}. By the time that B = 300, the estimates and RMSE’s change very

little; hence, we chose to report the estimates for B = 300 in Table 3 in Section 5.

Figures for Each Model

Figures E.1-E.5 illustrate the estimations for each model. For each model, there are two estimations,

one for Exercise 1 and one for Exercise 2. For each estimation, there is a panel for each estimated

nonlinear function and also a panel to illustrate the model fit. The latter requires explanation, and

the explanation differs for Exercise 1 and Exercise 2.

For Exercise 1 : Here, we estimate θ̂ using only the nine (p, r) combinations with r = 1. Using

θ̂, we generate predicted valuations m̂M(p, r) = mM(p, r; θ̂) for all 189 (p, r) combinations, and

map them to predicted risk premia using R̂P
M
(p, r) = pH − m̂M(p, r). We then plot the observed

risk premium RP (p, r) against the predicted risk premium R̂P
M
(p, r), with the 45-degree line for

reference. Finally, we use black points to mark the r = 1 cells used for the estimation, and red

points to mark the remaining r < 1 cells.

For Exercise 2 : Here, we estimate θ̂ using all 189 (p, r) combinations. Using θ̂, we generate

predicted valuations m̂M(p, r) = mM(p, r; θ̂) for all 189 (p, r) combinations, and map them to

predicted risk premia using R̂P
M
(p, r) = pH − m̂M(p, r). We then plot the observed risk premium

RP (p, r) against the predicted risk premium R̂P
M
(p, r), with the 45-degree line for reference. All

points are black since there is no distinction between in-sample and out-of-sample cells.

Observational Equivalence of PPW and SSV (Given Our Functional Forms)

In Section 5, we claim that, given our functional-form assumptions, PPW and SSV are observationally

equivalent. Specifically, one can show for any (p, r) and θ ≡ (γ, δ), there exists θ′ ≡ (γ′, δ′) such

that mSSV(p, r; θ′) = mPPW(p, r; θ). We now prove this claim.

Recall equation 7:

f(z; γ, δ) ≡ γzδ

γzδ + (1− z)δ
.
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We first derive that

f−1(y; γ, δ) = f(y; γ−1/δ, 1/δ)

Proof: Let y = f(z; γ, δ) and then solve for z:

y =
γzδ

γzδ + (1− z)δ

⇐⇒ γzδy + (1− z)δy = γzδ

⇐⇒ (1− z)δy = γzδ(1− y)

⇐⇒ (1− z)y1/δ = γ1/δz(1− y)1/δ

⇐⇒ z =
γ−1/δy1/δ

γ−1/δy1/δ + (1− y)1/δ

⇐⇒ z = f(y; γ−1/δ, 1/δ)

Next, recall that in general under PPW:

mPPW(p, r; θ) = π(p; γ, δ)H.

Given our functional-form assumption of π(p; γ, δ) = f(p; γ, δ), this becomes

mPPW(p, r; θ)

H
= f(p; γ, δ)

Finally, recall that in general under SSV:

v(mSSV(p, r; θ); γ, δ) = p v(H; γ, δ).

Given our functional-form assumption of v(x; γ, δ) = f(x/H; γ, δ)H, and noting v(H; γ, δ) = H for

all (γ, δ), this becomes

f

(
mSSV(p, r; θ)

H
; γ, δ

)
H = pH

or
mSSV(p, r; θ)

H
= f−1(p; γ, δ) = f(p; γ−1/δ, 1/δ).

Hence, for any (p, r) and θ ≡ (γ, δ), if θ′ = (γ−1/δ, 1/δ), then mSSV(p, r; θ′) = mPPW(p, r; θ). The

claim follows.
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Figure E.1: Probability Weighting (PW): Estimated π(q) and Model Fit
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(b) PW Model Fit: Exercise 1
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(d) PW Model Fit: Exercise 2

Notes: Figure depicts estimated π(q) and model fit for PW model. Functional form is π(q) = γqδ/[γqδ + (1− q)δ],

where we estimate (γ, δ) using nonlinear least squares. For panels (a) and (b), parameters estimated using the nine

observations of m(p, r) with r = 1. Panel (a) depicts π(q) given estimated parameters γ = 0.641 and δ = 0.506. Panel

(b) depicts model fit by plotting, for each of the 189 (p, r) combinations, the observed RP (p, r) against the model

implied R̂P
PW

(p, r) given the π(q) from panel (a); panel (b) also shows the 45-degree line for reference. In panel

(b), black points correspond to the nine in-sample observations with r = 1, while red points correspond to the 180

out-of-sample observations with r < 1. For panels (c) and (d), parameters estimated using all 189 observations of

m(p, r). Panel (c) depicts π(q) given estimated parameters γ = 0.357 and δ = 1.025. Panel (d) again depicts model

fit by plotting, for each of the 189 (p, r) combinations, the observed RP (p, r) against the model implied R̂P
PW

(p, r)

given the π(q) from panel (c). Since all 189 observations are in sample, all points are black.
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Figure E.2: Prospect Theory (PT): Estimated π(q) and v(x) and Model Fit

0.00

0.25

0.50

0.75

1.00

0 10 20 30
Outcome (x)

N
or

m
al

iz
ed

 v
al

ue
 v

(x
)

(a) PT Estimated v(x): Exercise 1

0.00

0.25

0.50

0.75

1.00

0.00 0.25 0.50 0.75 1.00
Probability q

π(
q)

(b) PT Estimated π(q): Exercise 1

−5

0

5

10

−10 −5 0 5
Predicted RP(p,r)

O
bs

er
ve

d 
R

P
(p

,r
)

(c) PT Model Fit: Exercise 1
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(d) PT Estimated v(x): Exercise 2
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(f) PT Model Fit: Exercise 2

Notes: Figure depicts estimated v(x) and π(q) and model fit for PT model. Functional forms are v(x) = xα and

π(q) = γqδ/[γqδ + (1− q)δ], where we estimate (γ, δ, α) using nonlinear least squares. For panels (a), (b), and (c),

parameters estimated using the nine observations of m(p, r) with r = 1. Panel (a) depicts v(x) given estimated

parameter α = 3.153, and panel (b) depicts π(q) given estimated parameters γ = 0.050 and δ = 0.983. Panel (c)

depicts model fit by plotting, for each of the 189 (p, r) combinations, the observed RP (p, r) against the model implied

R̂P
PT

(p, r) given the functions from panels (a) and (b); panel (c) also shows the 45-degree line for reference. In

panel (c), black points correspond to the nine in-sample observations with r = 1, while red points correspond to

the 180 out-of-sample observations with r < 1. For panels (d), (e), and (f), parameters estimated using all 189

observations of m(p, r). Panel (d) depicts v(x) given estimated parameter α = 1.156, and panel (e) depicts π(q) given

estimated parameters γ = 0.283 and δ = 1.143. Panel (f) again depicts model fit by plotting, for each of the 189 (p, r)

combinations, the observed RP (p, r) against the model implied R̂P
PT

(p, r) given the functions in panels (d) and (e).

Since all 189 observations are in sample, all points are black.
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Figure E.3: Upside Potential (UP): Estimated κ(x) and Model Fit
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(b) UP Model Fit: Exercise 1
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(d) UP Model Fit: Exercise 2

Notes: Figure depicts estimated κ(x) and model fit for UP model. Functional form is κ(x) = Bγ(x/H)δ/[γ(x/H)δ +

(1− x/H)δ], where we set H = 30 and B = 300 and then estimate (γ, δ) using nonlinear least squares. For panels (a)

and (b), parameters estimated using the nine observations of m(p, r) with r = 1. Panel (a) depicts κ(x) given estimated

parameters γ = 1.035 and δ = 2.699. Panel (b) depicts model fit by plotting, for each of the 189 (p, r) combinations,

the observed RP (p, r) against the model implied R̂P
UP

(p, r) given the κ(x) from panel (a); panel (b) also shows the

45-degree line for reference. In panel (b), black points correspond to the nine in-sample observations with r = 1, while

red points correspond to the 180 out-of-sample observations with r < 1. For panels (c) and (d), parameters estimated

using all 189 observations of m(p, r). Panel (c) depicts κ(x) given estimated parameters γ = 1.310 and δ = 3.145.

Panel (d) again depicts model fit by plotting, for each of the 189 (p, r) combinations, the observed RP (p, r) against

the model implied R̂P
UP

(p, r) given the κ(x) from panel (c). Since all 189 observations are in sample, all points are

black.
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Figure E.4: Proportional Probability Weighting (PPW): Estimated π(q) and Model Fit
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(b) PPW Model Fit: Exercise 1
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(c) PPW Estimated π(q): Exercise 2
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(d) PPW Model Fit: Exercise 2

Notes: Figure depicts estimated π(q) and model fit for PPW model. Functional form is π(q) = γqδ/[γqδ + (1− q)δ],

where we estimate (γ, δ) using nonlinear least squares. For panels (a) and (b), parameters estimated using the nine

observations of m(p, r) with r = 1. Panel (a) depicts π(q) given estimated parameters γ = 0.641 and δ = 0.506. Panel

(b) depicts model fit by plotting, for each of the 189 (p, r) combinations, the observed RP (p, r) against the model

implied R̂P
PPW

(p, r) given the π(q) from panel (a); panel (b) also shows the 45-degree line for reference. In panel

(b), black points correspond to the nine in-sample observations with r = 1, while red points correspond to the 180

out-of-sample observations with r < 1. For panels (c) and (d), parameters estimated using all 189 observations of

m(p, r). Panel (c) depicts π(q) given estimated parameters γ = 0.671 and δ = 0.462. Panel (d) again depicts model fit

by plotting, for each of the 189 (p, r) combinations, the observed RP (p, r) against the model implied R̂P
PPW

(p, r)

given the π(q) from panel (c). Since all 189 observations are in sample, all points are black. Note that PPW and SSV

are observationally equivalent given the functional forms that we use, and this equivalence is reflected in panels (b)

and (d) here being identical to panels (b) and (d) in Appendix Figure E.5.
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Figure E.5: S-shaped Value Function (SSV): Estimated v(x) and Model Fit
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(b) SSV Model Fit: Exercise 1
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(d) SSV Model Fit: Exercise 2

Notes: Figure depicts estimated v(x) and model fit for SSV model. Functional form is v(x) = γ(x/H)δ/[γ(x/H)δ +

(1 − x/H)δ], where we set H = 30 and then estimate (γ, δ) using nonlinear least squares. For panels (a) and (b),

parameters estimated using the nine observations of m(p, r) with r = 1. Panel (a) depicts v(x) given estimated

parameters γ = 2.404 and δ = 1.975. Panel (b) depicts model fit by plotting, for each of the 189 (p, r) combinations,

the observed RP (p, r) against the model implied R̂P
SSV

(p, r) given the v(x) from panel (a); panel (b) also shows the

45-degree line for reference. In panel (b), black points correspond to the nine in-sample observations with r = 1, while

red points correspond to the 180 out-of-sample observations with r < 1. For panels (c) and (d), parameters estimated

using all 189 observations of m(p, r). Panel (c) depicts v(x) given estimated parameters γ = 2.375 and δ = 2.166.

Panel (d) again depicts model fit by plotting, for each of the 189 (p, r) combinations, the observed RP (p, r) against

the model implied R̂P
SSV

(p, r) given the v(x) from panel (c). Since all 189 observations are in sample, all points

are black. Note that SSV and PPW are observationally equivalent given the functional forms that we use, and this

equivalence is reflected in panels (b) and (d) here being identical to panels (b) and (d) in Appendix Figure E.4.
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Table E.1: UP Model Estimates and Predictive Performance for Different Values of B

Estimated Using Nine Observations with r = 1 Estimated Using All 189 Observations

B γ̂ δ̂
In-Sample
RMSE

Out-of-Sample
RMSE

γ̂ δ̂ RMSE

100 1.265 2.823 1.212 2.069 2.154 3.600 1.900
200 1.086 2.722 1.175 1.859 1.487 3.245 1.740
300 1.035 2.699 1.149 1.766 1.310 3.145 1.669
400 1.012 2.687 1.132 1.712 1.227 3.098 1.627
500 0.998 2.680 1.120 1.676 1.177 3.069 1.597

Notes: Entries reflect estimated parameters (γ̂, δ̂) and measure of model performance for the UP model described in
Section 4. Using the function f from equation 7, functional form for κ function is κ(x) = B · f(x/H; γ, δ); each row

reflects a different assumed value for B. Parameters (γ̂, δ̂) estimated via non-linear least squares by minimizing the
squared distance between model-implied m∗(p, r) and observed mean response m(p, r). In left panel, model estimated
using only nine aggregate means when r = 1; in right panel, model estimated using all 189 aggregate means. Model
performance measure is root mean-squared error (RMSE); left panel reports both in-sample performance across nine
observations with r = 1 and out-of-sample performance across 180 observations with r < 1; right panel reports
(in-sample) performance across all 189 observations.

30



F Additional Individual-Level Tables and Figures (for Section 6)

Figure 6 in Section 6 provides an overview of the heterogeneity in our data by depicting the

distributions of βp,i and βr,i, where these are estimated at the individual-r̄ or individual-p̄ level

using equations 8 and 9. To improve readability, both panels of Figure 6 are truncated. Appendix

Figure F.1 presents untruncated versions of each panel.

We can similarly calculate τap,i at the individual-r̄ level and τar,i at the individual-p̄ level; Appendix

Figure F.2 is analogous to Figure F.1, and yields much the same message. On one hand, the feature

of having normalized risk premia that increase with p appears to be a robust phenomena exhibited

by most individuals—indeed, 91.5% of subjects have an average τap,i that is positive, and 59.2%

have an average τap,i that is larger than 0.4. On the other hand, the evidence on sub- versus

superproportionality is more mixed—roughly half of subjects (54.9%) have an average τar,i that

is positive (on average subproportional), 44% have an average τar,i that is negative (on average

superproportional), and the remaining 1.1% average exactly zero.

Table 4 in Section 6 provides a subject-level look at whether people exhibit the tendency to show

both the PB-TK effect and the connection between risk attitudes and sub- vs. superproportionality.

In Table 4, each subject appears only once, and for each we use the largest and smallest values

for p that they saw. As a robustness check, we repeat this exercise using all ordered pairs for

each subject—that is, for all (p, p′) with p < p′ where the subject saw both p and p′. Since each

subject saw five values for p, each participant contributes
(
5
2

)
= 10 pairwise comparisons. Appendix

Table F.1 reports this alternative classification. The same key pattern emerges: the table is organized

such that the UP model predicts observations to be on the main diagonal, and indeed within each

row, the cell on the main diagonal is the modal outcome.

At the end of Section 6, we summarize results from when we conduct individual-level estimates for

probability weighting (PW) and upside potential (UP), following exactly the estimation procedures

of our aggregate approach. Table F.2 presents these results.
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Table F.1: Classification of All Subject-p-p′ Combinations (with p < p′)

Sub- versus Superproportionality for p and p′ > p

Risk Aversion

at r = 1

for p and p′ > p

βp
r,i ≥ 0

βp′

r,i ≥ 0

βp
r,i ≥ 0

βp′

r,i < 0

βp
r,i < 0

βp′

r,i ≥ 0

βp
r,i < 0

βp′

r,i < 0
Total

αp
r,i ≥ 0

αp′

r,i ≥ 0

2098

(51.9% of Row)

(26.2% of Total)

727

(18.0% of Row)

(9.1% of Total)

559

(13.8% of Row)

(7.0% of Total)

654

(16.2% of Row)

(8.2% of Total)

4039

(50.5%)

αp
r,i ≥ 0

αp′

r,i < 0

101

(18.9% of Row)

(1.3% of Total)

292

(54.8% of Row)

(3.6% of Total)

11

(2.1% of Row)

(0.1% of Total)

127

(23.8% of Row)

(1.6% of Total)

533

(6.7%)

αp
r,i < 0

αp′

r,i ≥ 0

541

(23.2% of Row)

(6.8% of Total)

170

(7.3% of Row)

(2.1% of Total)

1100

(47.3% of Row)

(13.8% of Total)

514

(22.1% of Row)

(6.4% of Total)

2328

(29.1%)

αp
r,i < 0

αp′

r,i < 0

142

(12.8% of Row)

(1.8% of Total)

221

(19.9% of Row)

(2.8% of Total)

164

(14.8% of Row)

(2.1% of Total)

579

(52.2% of Row)

(7.2% of Total)

1110

(13.9%)

Total
2882

(36.0%)

1410

(17.6%)

1834

(22.9%)

1874

(23.4%)

8000

(100%)

Notes: For each subject, we consider all pairs of distinct probabilities p < p′ that they saw; since each subject saw

five values of p, each contributes
(
5
2

)
= 10 pairwise comparisons, yielding N = 8,000 comparisons across 800 subjects.

For each probability in a pair, (αr,i, βr,i) is estimated from the regression RPi(p, r) = αr,i − βr,i(1− r) + εr,i. Rows

classify each pair by risk aversion at r = 1 for p and p′ (positive αr,i is risk averse, negative αr,i is risk tolerant).

Columns classify each pair by sub- versus superproportionality for p and p′ (positive βr,i is subproportional, negative

βr,i is superproportional). Cells report the count, the within-row percentage (% of Row), and the overall percentage

(% of Total). The last row and column report marginal totals. Based on 8,000 pairwise comparisons from 800 subjects.
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Figure F.1: Distributions of Individual-Level Sensitivities to p and r (Full Range)
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Notes: Panel (a) depicts kernel density estimates of distribution of βp,i, where βp,i estimated from RPi(p, r̄) =

αp,i − βp,i(1 − p) + εp,i. Colored curves correspond to the 21 values of r̄; solid black curve overlays density of

subject-level averages (each subject’s mean βp,i across their three values of r̄). Panel (b) analogously shows kernel

density estimates of distribution of βr,i, where βr,i estimated from RPi(p̄, r) = αr,i − βr,i(1− r) + εr,i. Colored curves

correspond to the 9 values of p̄; solid black curve overlays the density of subject-level averages (each subject’s mean

βr,i across their five values of p̄). This version uses the full horizontal range; a truncated version that zooms in on the

middle of each distribution appears as Figure 6 in the main text.

Figure F.2: Distributions of Individual-Level Kendall’s τa Measures
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(a) Distribution of τap,i.
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(b) Distribution of τar,i.

Notes: Panel (a) depicts kernel density estimates of distribution of τa
p,i, where individual τa

p,i calculated from equation
5. Colored curves correspond to the 21 values of r̄; solid black curve overlays density of subject-level averages (each
subject’s mean τa

p,i across their three values of r̄). Panel (b) analogously shows kernel density estimates of distribution
of τa

r,i, where individual τa
r,i calculated from analogue of equation 5. Colored curves correspond to the 9 values of p̄;

solid black curve overlays the density of subject-level averages (each subject’s mean τa
r,i across their five values of p̄).
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Table F.2: Model Comparison from Individual-Level Estimates: PW vs UP

PW UP

Panel A: RMSE summary statistics

N (converged) 800 798
Median 5.56 5.21
IQR [Q1, Q3] [4.17, 7.37] [3.92, 6.88]

Panel B1: Winner classification (all comparisons), N=800

N %
UP wins (RMSE diff ≥ 0.1) 403 50.4
PW wins (RMSE diff ≥ 0.1) 295 36.9
Tied (RMSE diff < 0.1) 100 12.5
UP did not converge 2 0.2

Panel B2: Winner classification (compare if at least one RMSE ≤ 7), N=800

N %
UP wins (RMSE diff ≥ 0.1) 324 40.5
PW wins (RMSE diff ≥ 0.1) 246 30.8
Tied (RMSE diff < 0.1) 85 10.6
No model good enough (both RMSE > 7) 143 17.9
UP did not converge 2 0.2

Panel C: Best-fitting shape distribution under each model

PW π(q) UP κ(z)
Convex 23 2
Concave 1 2
Concave-to-convex (inverse S) 348 55
Convex-to-concave (S-shaped) 412 739
Linear 16 0
Fit failed 0 2

Notes: Table summarizes individual-level estimates from non-linear least squares on each subject’s 30 observations,
analogous to the aggregate estimation in Table 3. PW assumes two-parameter probability-weighting function;
UP assumes two-parameter kappa function with scale fixed so that κ(30) = 300. Both models estimated with
the level (γ) and curvature (δ) parameters constrained to be at least 0.01. Panel A reports for each model
the number of converging fits, the median RMSE, and the interquartile range [Q1, Q3] of the RMSE. Panel B1
classifies every converging pair by which model attains the lower RMSE; a win requires the RMSE gap to exceed
0.1, and smaller gaps are counted as ties. Panel B2 repeats this classification on the subset of individuals for
whom at least one model is good enough (RMSE ≤ 7), labelling the rest “No model good enough.” While for
17.9% of individuals the winning model in panel B1 has an RMSE larger than 7, Panel B2 reveals that even
among individuals where the winning RMSE is less than 7, the proportion of UP-winning to PW-winning is
roughly the same. Panel C reports for each model the distribution of best-fitting curve shapes. No fitted curve
changes curvature more than once (each has at most one inflection). For PW, 121 fits rest on the γ bound
(73 S-shaped, 41 inverse-S, 7 convex) and 2 on the δ bound (2 inverse-S); for UP, 55 rest on the γ bound (54
S-shaped, 1 convex) and 11 on the δ bound (11 inverse-S).
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G Experiment Instructions Screenshots
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